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Abstract

Multispectral imaging systems extend the capabilities of traditional sensor payloads on small

tactical reconnaissance drones beyond the visual spectrum, enabling the collection of information

that is inaccessible to human perception. This capability could be a significant advantage in

camouflage detection, as camouflage typically relies on visual deception but may be ineffective

in other spectral ranges. However, this valuable information comes at the cost of an increased

processing workload that operating personnel would have to manage. Therefore, deploying

multispectral sensors on tactical reconnaissance UAVs could prove more effective when paired

with advanced methods to streamline information processing and support operators. In order to

investigate this potential, the Institute of Flight Systems at the University of the Bundeswehr

Munich conducted four studies in recent years that examine the capabilities and limitations of

multispectral imaging systems for camouflage detection in tactical reconnaissance scenarios. In

addition to exploring computer-aided detection methods, the studies focus on managing the

large numbers of sensor bands in order to improve detection rates and minimize the associated

workload. More specifically, sensor performance modelling techniques that identify the most

valuable sensor bands under varying environmental conditions are conceptualized, implemented,

and evaluated for their effectiveness in enhancing camouflage detection. This thesis organizes

these studies into a cumulative body of research by summarizing and linking their major

motivations, methodologies, experiments, and key results.

Throughout the conducted studies, several novel approaches have been proposed, and a variety

of methodologies have been explored. The first study addresses the problem of camouflage

detection in general. It shows that spectral anomaly detection is an effective and efficient

method for identifying camouflaged targets in multispectral imagery. In order to manage

the increased complexity inherent to multispectral sensors, the second study proposes and

evaluates a lightweight sensor performance modelling approach. Using this novel method, the

performance of each sensor band in terms of camouflage detection can be predicted based on

current environmental conditions, allowing the generation of a subset of only the most valuable

sensor bands. By considering only this subset in any subsequent application, the complexity

associated with the multispectral imaging system can be substantially reduced. The third study

builds on the first two studies by investigating a combination of their methodologies, called

sensor-managed anomaly detection. In this novel approach, only the most valuable sensor bands
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are processed with the detection algorithms instead of all available sensor bands. Although

this method does not significantly improve detection rates, it offers considerable potential

for conserving resources by reducing the amount of data to be processed while maintaining

performance, which could be particularly useful given the constrained resources on small tactical

drones. The final study expands upon the second study by integrating sensor performance

modelling into an optimization approach that generates novel spectral indices specifically

designed to expose camouflaged targets. Combined with the spectral anomaly detection

methods explored in the first study, these optimized indices provide significant improvements

in camouflage detection performance. Furthermore, given the inherently low computational

overhead associated with such indices, the proposed approach could prove particularly valuable

in tactical reconnaissance scenarios. In summary, the presented approaches demonstrate the

high utility of multispectral imaging systems aboard tactical drones for camouflage detection

while considering the constraints imposed by the limited computational resources.

However, while the results show the effectiveness and indicate promising future applications

of the proposed methods, it is important to note that they are based on relatively limited data

sources, which might affect their generalizability and reliability. Therefore, further validation

in a broader context and with additional data is advised to ensure their validity in different

settings. Future research directions could include exploring faster and more efficient spectral

anomaly detection methods, exploiting sophisticated and compact hardware for incorporating

deep neural networks, and considering hyperspectral imaging systems as sensor technology

evolves.
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Kurzfassung

Multispektrale Bildgebungssysteme erweitern herkömmliche Sensornutzlasten auf taktischen

Aufklärungsdrohnen über das sichtbare Spektrum hinaus und ermöglichen die Erfassung von Infor-

mationen, die für das menschliche Auge nicht zugänglich sind. Diese zusätzlichen Informationen

könnten erhebliche Vorteile bei der Detektion von Tarnmitteln mit sich bringen, da Tarnmittel

typischerweise nur auf visueller Täuschung beruhen und daher in anderen Spektralbereichen

möglicherweise ihre Wirkung verlieren. Allerdings ist mit der Zunahme verfügbarer Daten auch

ein erhöhter Verarbeitungsaufwand verbunden, den das Betriebspersonal zu bewältigen hätte.

Daher könnte sich der Einsatz von Multispektralsensoren in taktischen Aufklärungsdrohnen als

effektiver erweisen, wenn sie mit fortschrittlichen Methoden zur Aufbereitung von Informationen

und zur Unterstützung der Operateure kombiniert werden. Um dieses Potenzial zu untersuchen,

hat das Institut für Flugsysteme an der Universität der Bundeswehr München in den letzten

Jahren vier Studien durchgeführt, in denen die Fähigkeiten und Grenzen multispektraler Bildge-

bungssysteme zur Tarnungserkennung in taktischen Aufklärungsszenarien untersucht wurden.

Neben der Erforschung computergestützter Detektionsmethoden konzentrieren sich die Studien

auf das Management der hohen Anzahl von Spektralbändern, um die Erkennungsraten zu ver-

bessern und die damit verbundene Arbeitsbelastung zu minimieren. Im Detail werden Methoden

zur Modellierung von Sensorleistung, die die geeignetsten Spektralbänder unter verschiedenen

Umgebungsbedingungen identifizieren, konzipiert, implementiert und auf ihre Effektivität bei

der Detektion von Tarnmitteln untersucht. Diese Arbeit ordnet die Studien in einen kumulativen

Forschungsrahmen ein, indem sie ihre grundlegenden Motivationen, Methoden, Experimente

und wichtigsten Ergebnisse zusammenfasst und miteinander verknüpft.

Im Rahmen der durchgeführten Studien wurden mehrere neue Lösungsansätze entwickelt

und eine Vielzahl von Methoden ausgewertet. Die erste Untersuchung beschäftigt sich mit der

Detektion von Tarnmitteln im Allgemeinen. Sie zeigt auf, dass die spektrale Anomaliedetektion

eine effiziente Methode zur Aufklärung getarnter Objekte in multispektralen Daten darstellt.

Um die erhöhte Komplexität multispektraler Sensoren zu bewältigen, wird in der zweiten Studie

ein effizienter Ansatz zur Modellierung der Sensorleistung entwickelt und evaluiert. Konkret

ermöglicht diese Methode die Vorhersage der Leistung jedes Spektralbandes in Bezug auf die

Detektion von Tarnmitteln und in Abhängigkeit aktueller Umgebungsbedingungen. Dadurch

kann die Menge aller Spektralbänder in nachfolgenden Verarbeitungsinstanzen auf diejenigen
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reduziert werden, die die höchste Leistung oder den größten Nutzen erbringen, was die Komple-

xität in der Verarbeitung multispektraler Daten erheblich verringern kann. Die dritte Studie

baut auf den ersten beiden Studien auf und untersucht eine Kombination ihrer Methoden.

Dabei werden nicht alle verfügbaren Spektralbänder von den Anomaliedetektoren verarbeitet,

sondern nur die Spektralbänder mit der höchsten vorhergesagten Leistung. Dieser Ansatz führt

zwar nicht zu einer signifikanten Verbesserung der Detektionsleistung von Tarnmitteln, bietet

aber ein erhebliches Potenzial zur Ressourcenschonung. Denn durch die geringere Anzahl an

Spektralbändern reduziert sich auch die zu verarbeitende Datenmenge, was insbesondere bei

den begrenzten Ressourcen auf taktischen Aufklärungsdrohnen von Vorteil sein kann. Die vierte

Studie entwickelt und untersucht eine Methode, die zur Optimierung von Spektralindizes dient.

Dazu werden Konzepte aus der Leistungsmodellierung aus der zweiten Studie adaptiert, um

neue Spektralindizes speziell für die Detektion von Tarnmitteln zu bestimmen. In Kombination

mit den Methoden zur spektralen Anomaliedetektion aus der ersten Studie führen diese Indizes

zu signifikanten Verbesserungen bei der Detektion getarnter Objekte. Darüber hinaus sind solche

Indizes mit einem äußerst geringen Rechenaufwand verbunden, was den Optimierungsansatz

besonders attraktiv für die taktische Aufklärung macht. Zusammenfassend zeigen die vorgestell-

ten Ansätze deutliche Vorteile für den Einsatz multispektraler Bildsysteme zur Detektion von

Tarnmitteln auf taktischen Aufklärungsdrohnen. Zudem berücksichtigen sie die Einschränkungen

durch begrenzte Rechenressourcen mit dem Einsatz effizienter Algorithmen.

Allerdings ist darauf hinzuweisen, dass die erzielten Ergebnisse auf einer relativ begrenzten

Datenmenge beruhen, was ihre Generalisierbarkeit einschränken kann. Um die Zuverlässigkeit

der Methoden in anderen Szenarien zu gewährleisten, sollten daher weitere Experimente mit

anderen oder zusätzlichen Daten durchgeführt werden. Zukünftige Forschungsarbeiten könnten

sich mit der Untersuchung schnellerer und effizienterer Verfahren zur Anomalieerkennung, der

Integration tiefer neuronaler Netze durch moderne Hardware oder der Erprobung miniaturisierter

hyperspektraler Bildgebungssysteme befassen.
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1 Introduction

Unmanned aerial vehicles (UAVs) paired with advanced imaging systems have revolutionized

remote sensing operations over the past decade. Their low operational requirements compared

to manned aircraft, ability to cover large areas in a short time, and high utility have opened

up a variety of new research opportunities and led to unprecedented amounts of data [28, 53].

One of the key technologies that is driving this research is multispectral imaging. Multispectral

sensors are sensitive to multiple different spectral regions that can be within or beyond the visual

spectrum, thereby producing an image with great spectral depth. Unlike visual sensors, these

spectral regions do not necessarily correspond to human perception, but to the requirements

of the application for which they are designed. Therefore, when used in conjunction with

UAVs, multispectral sensors allow insights into surface properties on a large scale that are

inaccessible to conventional visual sensors and otherwise only accessible through tedious and

potentially destructive on-site probing. For example, healthy green vegetation reflects much of

the incoming light in the near-infrared spectrum between 700 nm and 900 nm, while it shows

comparatively strong absorption in the blue spectrum at 450 nm and in the red spectrum at

670 nm [43]. As a result, these spectral regions are widely used in precision agriculture or

vegetation monitoring applications. Figure 1.1 shows a UAV weighing about six kilograms with

several multispectral sensor payloads that can be used for data collection in such use cases. It

can be operated without extensive or specialized training and typically requires only an online

test for a civil piloting license.

Recent research has explored the potential of multispectral imaging in a wide range of remote

sensing applications, including pest [50] and invasive species detection [7], water body extraction

[27], land cover classification [16, 29, 2], as well as crop yield [14, 54], chlorophyll content [14,

1], leaf area index [14, 52], and water quality [51] estimation. In these scenarios, it is common

practice to combine the individual spectral regions captured by multispectral sensors using

spectral indices to create images derived from multiple raw images. The resulting index images

typically provide a direct indication of certain surface properties and are therefore immediately

interpretable, which can also improve the prediction of more complex surface properties by

machine learning models, such as canopy nitrogen content [48]. For example, the near-infrared

spectrum at about 850 nm and the red spectrum at about 700 nm are used to calculate the

normalized difference vegetation index (NDVI) [36], which is a common indicator of plant
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1 Introduction

(a) airborne (b) on ground

Figure 1.1: UAV with multispectral sensor payloads. The left image shows an airborne UAV
equipped with multiple multispectral sensors, while the right image shows the same
UAV on the ground with a single downward-facing multispectral sensor, providing
six different spectral bands (annotated with an orange circle).

(a) VIS (b) NIR (c) red (d) NDVI

Figure 1.2: Multispectral capture with visual, red and NIR spectral bands of a sample scene.
The NDVI indicates healthy green vegetation with green areas, while red areas most
likely represent non-vegetation.

health. Figure 1.2 shows a multispectral capture consisting of the visual, red and NIR spectral

bands along with the corresponding NDVI image. Note that the NDVI image is color-coded

with green for high values and red for low values, indicating healthy green vegetation and other

surface types, respectively. As can be observed, the green vegetation reflects much of the

incoming light in the near-infrared band and much less in the red band. In addition, the NDVI

shows high values for the dense green canopy of the trees and significantly lower values for the

asphalt of the road and other regions with less developed green vegetation.

With the ability to capture spectra beyond the range of human perception, multispectral

imaging systems may prove to be of great value in military reconnaissance scenarios. In particular,

they can provide information that mitigates the effects of camouflage materials, which are

typically designed to deceive the human eye. Camouflage materials are commonly employed to

conceal military vehicles, personnel or positions by mimicking their immediate surroundings

2



(a) 2D camouflage net (b) 3D camouflage net

Figure 1.3: Two different camouflage nets that blend into their surroundings. They are com-
monly used to hide objects that would otherwise be easily visible.

with similar-looking but different materials, such as green camouflage nets deployed in forest

areas. Examples of such materials are shown in Figure 1.3. Here, two different camouflage nets

are placed in an environment where they blend in very well.

Considering currently operated small tactical UAVs in military reconnaissance missions, such

as ALADIN or MIKADO of the German Armed Forces, sensor payloads usually consist of

conventional visual (VIS) or long-wave infrared (LWIR) imaging systems. Although the LWIR

spectrum is beyond the visual spectrum like the spectra provided by multispectral sensors, the

information captured is typically limited to a single channel integrating the electromagnetic

spectrum from 8 µm to 14 µm. This is the spectral region where materials emit the most

radiation at regular ambient temperatures, therefore providing substantial information about

the temperature of objects and materials. However, multispectral sensors extend or exceed

these capabilities by capturing multiple spectral regions simultaneously, while maintaining a

similar low size, weight, power and cost (SWaP-C) footprint. As a result, their use on small

tactical UAVs could significantly improve the success of reconnaissance missions by exposing

camouflaged targets more effectively than conventional VIS and LWIR imaging systems. For

example, Figure 1.4 shows the VIS, LWIR and NIR spectral regions of the same scene with an

additional label mask identifying two different camouflaged targets. While the VIS band is of

little help for detection, the target in the lower left can be easily detected in the LWIR band,

but not the other one. However, in the NIR band, both targets are clearly visible as very dark

spots, which demonstrates the enormous potential of multispectral imaging for camouflage

detection.

Published research also suggests that multispectral imaging is particularly effective in detecting

camouflaged targets. For instance, successful detection has been achieved using satellite imagery

[4] as well as specially designed ground-based military sensor systems [3, 12]. Furthermore,

advanced camouflage detection algorithms based on transformers [46] or constrained energy

3
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(a) VIS (b) LWIR (c) NIR (d) label

Figure 1.4: Multispectral capture with visual, LWIR and NIR spectral bands of a sample scene.
The last image identifies two different camouflaged targets in the scene. Both
targets are easily detected in the NIR band (two very dark spots), while the LWIR
band only helps with the lower left target (one bright spot). Naturally, the visual
band is of limited use for either target.

minimization combined with adaptive thresholding [39] have been explored. In the context

of airborne multispectral imagery with a typical nadir perspective, camouflage detection has

been investigated using anomaly detection [26] and target detection [30]. Moreover, there

are indications that the incorporation of spectral indices specifically designed for camouflage

detection can further enhance the performance of anomaly detection methods [26].

Although multispectral sensors promise great benefits in military reconnaissance scenarios by

providing additional spectral information, their exploitation also imposes a significant workload

on the operating personnel, specifically for small tactical UAVs, where the sensor operator and

the drone pilot are usually the same person. Compared to single-image visual or thermal sensor

streams, multispectral sensor streams are composed of multiple image streams and are therefore

inherently more difficult to process, potentially overwhelming operators. Consequently, the use

of multispectral sensors on tactical reconnaissance UAVs may be more effective if accompanied

by higher levels of automation that can optimize the flow of information, assist operators,

and prevent unmanageable workloads. As a first step, these concerns can be addressed by

automating the process of detecting camouflaged targets using computer-aided detection

algorithms. More advanced approaches may involve the integration of performance models

that help determine the relevant and irrelevant sensor bands of a multispectral imaging system.

In general, performance models represent the capabilities of particular components, such as

hardware components or software algorithms, by relating current situational or environmental

conditions to a measure of the performance provided by these components with respect to a

specific task. In the context of tactical reconnaissance scenarios using multispectral sensors,

4



these models would continuously evaluate the capabilities of each sensor band. With such an

approach, relevant information can be emphasized, while irrelevant information can be omitted.

This may improve camouflage detection rates and reduce workload at the same time.

Over the past few years, the concept of performance modelling has been extensively studied

by the Institute of Flight Systems at the University of the Bundeswehr Munich in various

contexts. For example, Bayesian networks [37] and artificial neural networks [17] have been

successfully explored to predict the most appropriate object detector onboard a UAV under

varying environmental circumstances, thereby increasing overall detection performance over a

single detector. Similarly, sensor performance models have been combined with optimal control

to generate optimized UAV trajectories that maximize the performance of object detection

algorithms [55]. In another application dealing with multi-target tracking using visual sensors

on UAVs [23, 24], performance models estimate the probability of successful object detections

given a context consisting of sensor parameters and environmental as well as aircraft conditions.

This novel approach maximizes the observation times of all targets compared to traditional

techniques. Furthermore, random forests have been effectively applied to predict the most

appropriate sensor bands of an airborne hyperspectral sensor given an environmental context,

improving the detection of camouflaged targets and unexploded ordnance [10, 9].

In view of the potential benefits as well as the significant challenges, the Institute is also

researching the utility of multispectral sensors onboard small tactical UAVs for camouflage

detection in reconnaissance scenarios, with a strong focus on sensor performance modelling

techniques. As part of this effort, several complementary studies [18, 19, 21, 20] have been

conducted in recent years. This thesis builds a framework around these studies by connecting

and highlighting their motivations, methodologies, and findings.

The following chapters of this thesis are organized as follows. First, Chapter 2 presents the

individual areas of research, derived research questions, and interrelationships of all studies,

forming the cumulative research scope of this work. Then, Chapter 3 summarizes the conducted

experiments addressing the research questions and the obtained results across all studies,

including a brief introduction to the employed materials and methods. Conclusions and future

prospects are subsequently presented in Chapter 4. Finally, Chapter 5 contains the list of

publications forming the foundation of this thesis.
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2 Research Scope

This thesis explores the utility of multispectral imaging onboard small tactical UAVs for

camouflage detection in military reconnaissance scenarios through four complementary studies.

Compared to current VIS and LWIR sensor payloads, these imaging systems provide much

more spectral information in the form of additional sensor bands, which increases their general

utility but also the associated processing workload. This increased workload risks exceeding

the capacity of the operating personnel, especially in the dynamics of military reconnaissance

scenarios. Therefore, the studies explore approaches that automate the camouflage detection

process by incorporating detection algorithms and advanced methods for managing the additional

information while exploiting it to the fullest extent possible.

Considering that all materials have unique transmission, reflection, and absorption rates across

the electromagnetic spectrum, it can be assumed that camouflage materials cannot completely

mimic the spectral characteristics of their surroundings. As a result, these materials may appear

as anomalous spectral signatures that can be captured by multispectral imaging systems, which

sample the electromagnetic spectrum at many different wavelengths. Consequently, the use of

spectral anomaly detection methods has strong potential for detecting camouflaged targets

in multispectral imagery. Although target detection could be a more accurate approach than

anomaly detection, given the distinctive and unique signatures of camouflage materials, it

requires known target signatures in the detection process. Since knowledge of target signatures

cannot be guaranteed and should not be assumed in military reconnaissance scenarios, anomaly

detection appears to be more appropriate than target detection in such use cases. Therefore,

the first study addresses the elementary problem of camouflage detection using multispectral

imaging by investigating the following research question.

Research Question 1: How effective is spectral anomaly detection for camouflage detection in

multispectral imagery?

Although the information provided by multispectral imaging systems offers significant value

through the large and diverse set of captured spectral regions, it also imposes an inherently high

workload for any subsequent processing instance. For example, sensor operators of small tactical

UAVs are usually confronted with a single VIS or LWIR image stream, whereas multispectral

image streams introduce many more sensor bands and thereby image streams to evaluate.
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2 Research Scope

This workload may drive operators beyond their processing capabilities, ultimately rendering

the additional information useless if it cannot be utilized. In addition, camouflage detection

algorithms stand to benefit if the underlying sensor data to be processed is composed of sensor

bands that are actually beneficial for the detection task. Since sensor bands correspond to

specific spectral regions, each with its own unique physical characteristics, some are likely

more useful for camouflage detection than others. Similarly, some sensor bands may even be

disadvantageous, given the right environmental circumstances, which are constantly changing

in the course of military reconnaissance scenarios. Consequently, there appears to be a strong

and learnable relationship between the suitability of a sensor band for camouflage detection

and the current environmental conditions. Therefore, an approach that determines the most

suitable set of sensor bands for camouflage detection by modelling this relationship may reduce

workload and increase detection performance at the same time.

This problem is specifically addressed by the concept of sensor performance modelling. Here,

sensor performance models continuously evaluate the value, suitability, or performance of each

sensor band of a multispectral imaging system with respect to camouflage detection. This

evaluation is based on a context state that describes current environmental conditions, like

landscape or lighting conditions, as these influence the spectral information that is captured by

each sensor band. With a rating of performance for each sensor band, a subset can be generated

that contains only the most suitable sensor bands for camouflage detection. Naturally, such an

approach requires methods for describing sensor performance, the environmental context itself,

and methods for modelling the relationship between these two, i.e. performance models. An

implementation of such methods is evaluated in the second study, which explores the concept of

sensor performance modelling in the context of this thesis by addressing the following research

question.

Research Question 2: How effective is sensor performance modelling for identifying the most

suitable sensor bands for camouflage detection in multispectral imagery?

Assuming that sensor performance modelling enables the identification of the most suitable

sensor bands for camouflage detection, it remains unclear how these bands affect the actual

performance of detection algorithms. In particular, processing only this subset rather than all

available sensor bands may improve their detection and false alarm rates, since less suitable and

possibly confusing bands are ignored. This can be particularly useful on resource-constrained

platforms, such as small tactical reconnaissance UAVs, as there are fewer bands to process,

which reduces computational complexity. Given these potential benefits, the third study explores

such an approach by combining sensor performance modelling and spectral anomaly detection,
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called sensor-managed anomaly detection. In this approach, the sensor bands to be processed

are dynamically selected or managed by performance models. Consequently, the third study

investigates the following research question.

Research Question 3: How effective is sensor-managed anomaly detection for camouflage

detection in multispectral imagery?

Using the concept of sensor performance, the suitability of any sensor band for camouflage

detection can be evaluated. This applies to any available raw sensor band, as well as to any

derived or processed sensor band. Common types of derived sensor bands are spectral indices.

They are widely studied and used in various remote sensing applications, and combine multiple

raw sensor bands in a particular predefined way. Therefore, there may also be a spectral

index that is particularly beneficial in detecting camouflaged targets. With sensor performance

modelling, the actual utility of any spectral index can be measured, allowing the determination

of the most suitable one. As a result, a spectral index specifically designed for camouflage

detection should be generated in such a way that it maximizes sensor performance.

In tactical reconnaissance scenarios, a spectral index geared towards camouflage detection

offers clear advantages, especially in view of the typical minimal computational burden. For

example, operators can focus on evaluating a single-image stream, the spectral index, thereby

drastically reducing workload while benefiting from more spectral information than is available

in any raw sensor band. In addition, processing such an index together with all other sensor

bands may improve the performance of detection algorithms. Therefore, the fourth study of this

thesis explores an approach that employs sensor performance modelling to find and optimize

spectral indices specifically tailored for camouflage detection. Thus, it addresses the following

fourth and final research question of this thesis.

Research Question 4: How effective is spectral index optimization in combination with sensor

performance modelling for camouflage detection in multispectral imagery?

9





3 Experiments

In this section, the studies encompassing the experiments that address the four research

questions of this thesis are summarized. This includes their general approach, the materials

and methods used, the evaluation metrics employed, the results obtained, and a discussion

of their significance in relation to the research questions. All experiments and computations

were conducted on a system running Ubuntu, equipped with an AMD Ryzen 9 3950X processor

(16C/32T) and 128 GB of RAM.

3.1 Anomaly Detection for Camouflage Detection

This section summarizes the study [18] addressing the research question ”How effective is

spectral anomaly detection for camouflage detection in multispectral imagery?”. The approach

is outlined in Section 3.1.1 while the results are shown and discussed in Section 3.1.4. In

addition, the employed dataset and anomaly detection methods are introduced in Section 3.1.2

and Section 3.1.3, respectively. A full reprint of the corresponding publication can be found in

Section 5.1.

3.1.1 Approach

Spectral anomaly detection is a highly active field of research, especially in the hyperspectral

domain, which is similar to multispectral imaging but with many more spectral bands [34, 42,

31]. Compared to multispectral sensors, hyperspectral sensors are much more expensive in terms

of money and required computing power, making them a less suitable payload for small tactical

UAVs. However, methods designed for hyperspectral data may also be effective for multispectral

data given the strong similarities. Therefore, this study employs hyperspectral anomaly detection

to investigate the effectiveness of anomaly detection for camouflage detection in multispectral

imagery. For this purpose, the following detectors are implemented: the Reed-Xiaoli detector

(RX) [35], local Reed-Xiaoli detector (LRX) [35], the local point density detector (LPD) [18],

the attribute and edge-preserving filter detector (AED) [22], the AED with additional filtering

detector (AED-F) [18] and the collaborative-representation-based detector (CRD) [25]. Each

relies on completely different detection mechanisms, which minimizes anomalous results due
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to method-specific biases or errors, thereby increasing the robustness of this investigation. In

order to evaluate them for camouflage detection in multispectral imagery, they are applied to a

custom multispectral dataset specifically created for this study, the Multispectral Dataset for

Camouflage Detection (MUCAD). It consists of multiple different scenes, each containing at

least a single camouflaged target. The effectiveness of the detection algorithms is assessed over

the entire dataset using receiver operating characteristic (ROC) and area under curve (AUC).

These metrics are often used to measure detection performance, as they allow evaluation of

detection maps without a specific binarization threshold.

Since hyperspectral anomaly detection methods are not necessarily designed to be resource-

efficient, they could be very slow given the limited computing capabilities of small tactical

UAVs. Therefore, the detectors are also evaluated for their runtimes to get an indication of

their computational efficiency.

In addition to the evaluation based on MUCAD, the detectors are also evaluated based

on MUCAD-VI, which is an extended version of MUCAD and contains some extra bands

derived from the original raw bands. These bands are the blue normalized difference vegetation

index (BNDVI), the green normalized difference vegetation index (GNDVI) and the normalized

difference red edge index (NDRE). During preliminary and exploratory experiments, these indices

appeared to enhance the perceived visibility of the camouflaged targets contained in MUCAD.

Therefore, they may also improve the performance of the detection algorithms compared to

the plain MUCAD. Consequently, this additional evaluation provides an initial indication of

the utility of spectral indices for camouflage detection, which is investigated in more detail

in the fourth study of this thesis. The selected indices are calculated using the blue, green,

edge-infrared (EIR) and near-infrared (NIR) bands, as shown below.

BNDVI =
NIR − blue
NIR + blue

GNDVI =
NIR − green
NIR + green

NDRE =
NIR − EIR
NIR + EIR

(3.1)

3.1.2 Dataset: MUCAD

The Multispectral Dataset for Camouflage Detection (MUCAD) is intended to closely resemble

footage that could have been captured by an actual small tactical reconnaissance drone equipped

with a multispectral imaging system. Therefore, its collection was carried out with two modern

multispectral cameras, a MicaSense Altum and a Zenmuse XT2, mounted on a DJI Matrice 210

RTK V2, a UAV whose size is close to that of the actual tactical reconnaissance UAVs, such as

ALADIN or MIKADO. The data acquisition flights for MUCAD were conducted at the test site

of the University of the Bundeswehr Munich. It features multiple terrain types with varying

vegetation and characteristics, enabling the integration of many different camouflaged targets.

Figure 3.1 shows the areas of the test site that were captured during the acquisition flights. As
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3.1 Anomaly Detection for Camouflage Detection

can be seen, there are a number of different environments, such as grassland, woodland, gravel,

concrete and roads, providing excellent conditions for creating extensive and versatile datasets.

This allowed for the placement and eventual capture of multiple different camouflaged targets

in areas where they blended in almost seamlessly.

In total, MUCAD features 23 different scenes and 8 different camouflaged targets. Each

scene has a resolution of 512 px by 512 px, corresponding to a ground sample distance (GSD)

of 10 cm px−1. Additional properties of the dataset, such as the target classes it contains, are

shown in the middle column of Table 3.1. Note that the right column shows the properties

of another dataset, MUDCAD-X, which was compiled in a subsequent study but has much in

common with MUCAD.

Each sample of MUCAD consists of a multispectral capture and an accompanying label

mask that identifies all camouflaged targets in the scene. An example is given in Figure 3.2,

where Figures 3.2a to 3.2g show the individual spectral bands and Figure 3.2h shows the label

mask. The spectral properties of each band are given in Table 3.2. As can be observed, there

are three single-channel bands in the visual spectrum and three single-channel bands in the

infrared spectrum. In addition, there is a visual band, which captures the scene close to the

human eye and is technically composed of three individual bands. However, since these bands

are generally considered as a single unit, they are also treated as such in this thesis.

Although a comparatively small dataset, MUCAD contains a variety of camouflaged targets

in many different environments. Considering that hyperspectral anomaly detection methods

are typically evaluated using a few single-scene datasets [44, 45, 49, 8], these conditions should

provide a sufficient basis for evaluating the effectiveness of spectral anomaly detection methods

for camouflage detection.

3.1.3 Spectral Anomaly Detectors

The selection of hyperspectral anomaly detection methods is primarily motivated by their

expected computational requirements and their prominence in the public literature, resulting

in the implementation of six different algorithms: the RX [35], LRX [35], LPD [18], AED

[22], AED-F [18] and CRD [25] detector. Each of them uses entirely different principles to

characterize anomalous and non-anomalous pixels in an image. Therefore, the following brief

introductions to these algorithms focus on their unique detection mechanisms. All algorithms

are implemented and parallelized in C/C++ to ensure maximum runtime performance.

As one of the most dominant and classic algorithms, the RX detector assumes that background

pixels originate from a normal distribution. Consequently, pixels with very low likelihood under

that distribution are considered anomalous. Based on this principle, the anomaly score of a

single pixel x in an image is equal to its Mahalanobis distance dM, calculated according to
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Figure 3.1: The areas of the test site of University of the Bundeswehr Munich captured in the
data collection campaigns for MUCAD and MUDCAD-X.

(a) VIS (b) blue (c) green (d) red

(e) EIR (f) NIR (g) LWIR (h) label

Figure 3.2: All bands from VIS (a) to LWIR (g) contained in a single sample, either from
MUCAD or MUDCAD-X. The last image shows the label mask (h) of the scene,
identifying four different camouflaged targets in this case.

14



3.1 Anomaly Detection for Camouflage Detection

Table 3.1: Basic properties and camouflaged targets of MUCAD and MUDCAD-X.

MUCAD MUDCAD-X

Properties

# camouflaged target classes 8 10

# samples 23 853

seasons summer spring, summer, fall

bands VIS, blue, green, red, EIR, NIR, LWIR

resolution 512 px × 512 px

ground sample distance (GSD) 10 cm
px

Camouflaged Target Classes

gray car ✓ ✗

anthracite fleece ✗ ✓

artificial turf ✓ ✓

artificial hedge ✓ ✓

gray tarp ✓ ✓

green tarp ✓ ✓

green 2D camouflage net ✓ ✓

green 3D camouflage net ✓ ✓

gray 3D camouflage net ✗ ✓

yellow 3D camouflage net ✗ ✓

person in green uniform ✓ ✓

person in yellow uniform ✗ ✓

Table 3.2: Spectral characteristics of the bands contained in each sample of MUCAD and
MUDCAD-X.

band center bandwidth

visual (VIS) - -

blue 475 nm 32 nm

green 560 nm 27 nm

red 668 nm 14 nm

edge-infrared (EIR) 717 nm 12 nm

near-infrared (NIR) 842 nm 57 nm

long-wave infrared (LWIR) 10.5 µm 6 µm
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the formula given in Equation (3.2). Here, µ is the average value over all pixels and Σ is the

corresponding covariance matrix.

dM =
√

(x − µ)T Σ−1 (x − µ) (3.2)

Following the same idea, the LRX detector computes the Mahalanobis distance using an

average value and a covariance matrix based only on the local neighborhood of a pixel under

test. A dual window centered on the pixel under test defines this neighborhood. It is composed

of an inner and an outer square window, where the neighborhood consists of all pixels that are

inside the outer window but outside the inner window. This way, the background estimation

is unique to each pixel and considers only its immediate surroundings, usually resulting in a

more accurate estimation and thus better detection results than the RX detector. However,

the potential improvements come at the cost of increased computational complexity, since the

background estimation must be performed separately for each pixel.

Similar to the LRX detector, the LPD detector uses a local neighborhood based on a dual

window to calculate anomaly scores. But instead of relying on the Mahalanobis distance, it

defines anomalies in terms of density. The lower the density of a pixel, the higher its abnormality

and vice versa. Here, the density ρ of a pixel x is computed as shown in Equation (3.3), where

mi is the i-th element of the set M containing the pixel under test and all pixels in the dual

window neighborhood. sM is the size of M and µM is the average value of all pixels in M .

After applying this algorithm to an image, the resulting density map is easily converted to an

anomaly map by negating each element and then adding the lowest value of all elements.

ρ =
1

sM

sM
∑

i=1

exp

(

−
∥x − mi∥

2

2

d2
c

)

(3.3)

dc =
1

sM

sM
∑

i=1

∥mi − µM ∥2

2
(3.4)

In contrast to statistical approaches, CRD works on the assumption that non-anomalous

pixels can be represented by a linear sum of their neighbors, while anomalous pixels cannot. As

with the LRX and LPD detectors, the neighborhood of a pixel is defined by a dual window.

Fortunately, the problem of collaboratively representing a pixel by its neighborhood has a

closed-form solution. Therefore, the anomaly score a, which is equal to the reconstruction

error, of a pixel x is calculated as given in Equation (3.5). Here, N is a matrix containing

all pixels of the dual window neighborhood, I is an identity matrix of fitting size and λ is a

regularization parameter that penalizes high contributions of individual neighboring pixels to
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the reconstruction.

a = ∥x − Nα̂∥
2

(3.5)

α̂ =
(

NTN + λI
)

−1

NTx (3.6)

AED uses neither statistical nor representational approaches. Instead, it is based on the

assumption that anomalous areas in an image are generally small and have significantly different

intensity values compared to their surroundings. This is implemented by morphological attribute

filters that decompose each channel of an image under test into two morphological attribute

profiles (APs). The first has all bright connected components removed and the second has all

dark connected components removed that are smaller than a predefined constant κ. Subtracting

these two APs produces a difference map that highlights all areas of very low or high intensity

areas smaller than κ. The difference map is additionally filtered by a special operation to retain

only large differences. Finally, all difference maps are summed to generate an overall anomaly

map, which is further smoothed using an edge-preserving filter. With additional filtering of

each difference map, AED-F is a minor modification of AED that aims to suppress further false

positives while maintaining correct detections.

3.1.4 Results

The detection algorithms are evaluated by applying them to each capture of MUCAD and

MUDCAD-VI with multiple different parameter configurations. For the final results, only

those parameter configurations are considered that yield the best detection result in terms of

area under curve (AUC) per camouflaged target over all captures. This leaves one parameter

configuration per detector, camouflaged target and dataset. For each of these configurations,

the final receiver operating characteristic (ROC) and corresponding AUC are determined by

threshold averaging [11] over all occurrences of the respective camouflaged target in the dataset.

The obtained AUCs for each detector are shown in the upper and lower halves of Table 3.3

for MUCAD and MUCAD-VI, respectively. Here, the rows represent the detectors with their

respective parameter configuration and the columns represent the camouflaged targets. Note

that values below 0.9 are not displayed because the algorithm is considered to be unable to

detect the corresponding camouflaged target. As the results reveal, most targets are found

by all detectors, with some AUCs even close to perfect detection, such as those for the green

and gray tarp. However, certain targets seem to be difficult to detect for any algorithm, such

as the hedge and the green persons. This may be due to the inability of the sensor data to
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Table 3.3: Detection results in terms of Area under Curve (AUC) of hyperspectral anomaly
detectors applied to MUCAD and MUCAD-VI. Columns and rows represent cam-
ouflaged targets and detectors, respectively. The upper half of the table shows
the achieved AUC for MUCAD and the lower half for MUCAD-VI. Top results per
camouflaged target are highlighted in bold.

Hedge Turf Grn. Tarp Gry. Tarp Grn. 2D Gry. 3D Grn. Per. Gry. Car

MUCAD

RX - 0.968 0.977 0.995 0.954 - - 0.957

LRX 0.906 0.996 0.993 1.000 0.990 0.960 0.963 0.961

AED - 0.991 0.995 0.998 0.966 - - 0.923

AED-F - 0.997 0.997 0.999 0.973 - - 0.936

LPD 0.947 0.998 0.988 0.980 0.973 - 0.989 0.902

CRD - 0.997 0.998 1.000 0.989 0.955 - 0.978

MUCAD-VI

RX 0.943 0.995 0.980 0.993 0.959 0.906 - 0.984

LRX 0.989 1.000 0.995 1.000 0.991 0.972 0.966 0.975

AED - 0.999 0.999 0.998 0.976 - - 0.923

AED-F - 1.000 1.000 0.999 0.982 - - 0.939

LPD 0.956 0.999 0.988 0.978 0.976 0.946 0.991 -

CRD - 1.000 0.997 1.000 0.985 0.975 0.903 0.985

highlight these targets as anomalous as required to be detected. The additional vegetation

indices in MUCAD-VI help to counteract this problem and result in increased detection rates

over all camouflaged targets and detectors.

In terms of runtime, the majority of algorithms returns in less than a second for any parameter

configuration. Although they are executed on a very capable machine, these results suggest

sufficient runtimes on the limited hardware of a small tactical reconnaissance drone. With

the exception of the CRD detector, which can take up to several minutes, making it virtually

impossible to use in real-world scenarios.

Overall, the obtained results demonstrate that spectral anomaly detection algorithms are able

to effectively detect camouflaged targets in a multispectral context. However, it should be noted

that there may be camouflaged targets that are harder to detect than others, depending on the

degree of abnormality provided by the imagery. This suggests that successful detections depend

more on the underlying sensor data than on the actual detection algorithm, as the detectors

collectively tend to work either well or poorly for a specific camouflaged target. Additional

bands derived from the original data, such as vegetation indices, may help address this issue,

as the results indicate.
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3.2 Sensor Performance Modelling for Camouflage Detection

In this section, the study [19] addressing the research question ”How effective is sensor

performance modelling for identifying the most suitable sensor bands for camouflage detection

in multispectral imagery?” is summarized. The approach and achieved results are described in

Section 3.2.1 and Section 3.2.4, respectively. In addition, Section 3.2 introduces the utilized

dataset and Section 3.2.3 explains the novel sensor performance modelling approach. For a full

reprint of the corresponding publication, see Section 5.2.

3.2.1 Approach

Exploring the concept of sensor performance modelling to identify the most suitable sensor

band in multispectral imagery requires a proper implementation first. For this purpose, this

study introduces a novel approach for measuring and predicting sensor performance in the

context of camouflage detection. In particular, for each sensor band of a multispectral imaging

system, a performance model continuously predicts its performance by evaluating the current

environmental context. The context is represented by a context state, a feature vector extracted

from the visual band by texture and image descriptors. For measuring sensor performance, a

new metric is introduced, the Target Visibility Index (TVI). It provides a simplified but efficient

description of the visibility of an object in a nadir image. With the context state as input and

the TVI as output, practically any machine learning model with a compatible interface can be

trained to predict the performance for a particular sensor band. Consequently, the resulting

machine learning models form the performance models that dynamically provide the value of

each sensor band of a multispectral imaging system.

The proposed approach is evaluated using a new dataset specifically created for this purpose,

the eXtended Multispectral Dataset for Camouflage Detection (MUDCAD-X). This dataset is

very similar to MUCAD, but with many more samples and diversity. It is divided into a training

and a test dataset, which consist of approximately 80 % and 20 % of all samples, respectively.

For the performance models, several different machine learning algorithms are employed and

evaluated: ϵ-Support Vector Regression (ϵ-SVR) using LIBSVM [5], Random Forests (RF) using

DecisionTree.jl [38] and Gradient Boosted Trees using eXtreme Gradient Boosting (XGBoost)

[6]. They are based on entirely different modelling approaches and are generally characterized

by relatively fast inference times, which can be critical for small tactical UAVs with limited

resources. In order to fit these models to data, the context state is first extracted from the

grayscale visual band of each sample in the training dataset. Then, it is mapped to the TVIs

resulting from all other bands of the same sample, leading to six different mappings per sample.

As a result, six separate performance models per algorithm are trained to learn these mappings

19



3 Experiments

for each band over the entire training dataset. Once trained, the predictions of the models

are evaluated using the test dataset. Note that if multiple camouflaged targets are present in

the same sample, the calculated TVI per band used for training and testing results from an

average over the individual TVIs resulting from each camouflaged target.

The evaluation on the test dataset is based on a comparison of the predicted and actual

best-performing band order, rather than evaluating the performance models separately for their

TVI predictions. This allows for an evaluation based on rank accuracy, which is a more suitable

perspective on the predictions for addressing the research question. In addition, best-performing

band orders are easier to comprehend and interpret than TVI predictions. The predicted

best-performing band order is determined by ranking the bands according to their predicted

TVIs provided by the performance models, while the actual best-performing band order is based

on the calculated TVIs using the label masks.

3.2.2 Dataset: MUDCAD-X

Although MUCAD offers sufficient diversity for evaluating detection algorithms, training per-

formance models requires a more extensive and versatile data foundation. Therefore, the

acquisition of the eXtended Multispectral Dataset for Camouflage Detection (MUDCAD-X) was

spread over an entire year including multiple different seasons. This resulted in a much larger

and diverse dataset, which is more suitable for evaluating the proposed sensor performance

modelling approach than MUCAD. Otherwise, MUDCAD-X and MUDCAD are closely related.

Both were captured at the University of the Bundeswehr Munich test site using the exact

same setup. Table 3.1 shows the properties of each dataset, with MUCAD in the middle

column and MUDCAD-X in the right column. As can be observed, the main differences are the

number of samples and the captured seasons. In addition, both feature a slightly different set

of camouflaged targets. However, everything else is identical, including the structure of the

samples, shown in Figure 3.2, and the characteristics of each spectral band, shown in Table 3.2.

3.2.3 Measuring and Predicting Sensor Performance

In this thesis, sensor performance modelling aims to estimate the relationship between an

environmental or situational context and the performance or value of a specific sensor band

with respect to a particular task. Since this research is about camouflage detection, the

degree to which a sensor band exposes camouflaged targets defines its performance. For the

quantification of this degree, this thesis introduces the Target Visibility Index (TVI). The TVI is

an efficient metric that relies solely on simple statistics to describe the visibility of an object in a

single-channel nadir image. It is computed as given in Equation (3.7), where µT is the average

over all target pixels T , µB is the average over all background pixels B, σT is the standard
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(a) VIS (7.1 × 10−6) (b) EIR (0.0042) (c) NIR (0.013) (d) best (1.0) (e) worst (0.0)

Figure 3.3: Demonstration of the TVI, shown in parentheses, for different sensor bands of the
same capture. The more a band exposes the camouflaged target in the scene, the
higher the resulting TVI and vice versa.

deviation over all target pixels T , and σB is the standard deviation over all background pixels

B.

TVI = (µT − µB)2 (1 − 2σT )2 (1 − 2σB)2 (3.7)

Note that the TVI is defined for images with a range of values between zero and one, for which

it also ranges between zero and one, defining minimum and maximum visibility of the target,

respectively. Figure 3.3 demonstrates the TVI for multiple different sensor bands of the same

scene containing a camouflaged target. For each sensor band, the TVI is shown in parentheses.

Ideal conditions are provided by a hypothetical band in Figure 3.3d, which perfectly highlights

the target. The worst conditions are provided by a hypothetical band in Figure 3.3e, which

shows a uniform color. Real sensor bands of the scene are given in Figures 3.3a to 3.3c. As can

be seen, the TVI and therefore the performance is higher for the EIR and NIR bands, which

expose the target more than the visual band, which is converted to a grayscale image before

TVI calculation. Consequently, the TVI constitutes an appropriate metric for describing sensor

performance in the context of camouflage detection, assuming that more exposed camouflaged

targets are also easier to detect.

In addition to expressing sensor performance using the TVI, sensor performance modelling

requires an approach to quantify the environmental context. Since the current environment

is captured in the image produced by the sensor itself, the environmental context is derived

directly from the image data. For this purpose, multiple efficient image or texture descriptors

are employed, which are able to extract global features from an image: local binary patterns

[32] and Haralick features [15]. Given an image, these descriptors generate a feature vector,

representing an abstract encoding of the information contained in the scene, such as the

structure of the depicted landscape. Although this encoding changes in different environments

or scenes, it is designed to remain consistent in similar ones. In this thesis, this feature vector is

extracted from the grayscale converted visual band, as these methods were originally developed

for this kind of data. Consequently, the visual band and the corresponding feature vector are
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Figure 3.4: Sensor performance modelling approach. Each performance model predicts the
performance from the context state for its associated sensor band. These predictions
rank the sensor bands from best to worst for the current environmental conditions.

also referred to as the context band and the context state, respectively. Although there are

more powerful and advanced feature descriptors, such as convolutional neural networks, the

selected ones require very few resources and do not depend on a graphics processor. Considering

the limited resources of tactical UAVs, computational efficiency takes therefore precedence over

potential performance gains.

With environmental conditions captured as context state and sensor performance expressed as

TVI, the problem of modelling sensor performance is transformed into a band-wise regression task,

which can principally be resolved by any suitable machine learning algorithm. In particular, each

band of a multispectral imaging system is associated with a regression model, i.e. performance

model, that takes the context state extracted from the visual band and predicts the TVI for

its associated band. As a result, the number of models scales with the number of sensor

bands for which the performance is to be predicted. This concept is illustrated in general

in Figure 3.4. Here, the performances of four different sensor bands are predicted by four

individual performance models from a context state extracted from a separate context band.

The resulting predictions are then used to rank the bands from best- to worst-performing. With

this information, the most valuable bands for the current conditions can be easily determined.

3.2.4 Results

Comparing predicted and calculated best-performing band orders over the entire test dataset

allows the evaluation of the predictions in terms of rank accuracy. These accuracies are

shown in Table 3.4, where each quarter corresponds to one of the utilized machine learning

algorithms. In each cell of the quarters, the value shows the accuracy that the #column

predicted best-performing bands are among the #row calculated or actual best-performing

bands. Consequently, the first row provides the classic Top-1-Accuracy in the first column to
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the Top-5-Accuracy in the last column. The lower right quarter of the table contains a special

static baseline, where the predicted best-performing band order is constant over all samples of

the test dataset, regardless of the context state. It is determined by calculating the band order

that performs best on average over all samples of the training dataset. As can be seen, the

performance models based on machine learning algorithms consistently outperform the static

baseline in all accuracy categories. However, most of the top results are achieved using ϵ-SVR

with 8 out of 15 top results, while the Random Forest Regression and XGBoost account for 5

and 2 of the remaining top results, respectively. Overall, the machine learning algorithms are

able to identify the best-performing band among the actual top three best-performing bands

with over 80 % accuracy, which is significantly better than the static baseline, which does not

even reach 70 % in this category. As a result, if only the three predicted performing bands are

considered in an actual application of the sensor performance modelling approach, the true

best-performing band is most likely among them, but the amount of information or bands is

halved.

Overall, the performance models show robust predictions for the samples in the test dataset,

indicating a strong and learnable relationship between context state and TVI. Consequently, this

demonstrates that the environmental conditions have a strong influence on the performance

of the sensor bands, which supports the core idea of the proposed approach. This is further

supported by the poor baseline results, which are independent of the environmental context

and perform consistently worse than any of the performance models. Therefore, in terms of

rank accuracy, it can be concluded that the proposed sensor performance modelling approach

can effectively identify the most suitable sensor band for camouflage detection. Furthermore,

the approach is well-suited to the dynamic and resource-limited environments of tactical

reconnaissance scenarios due to the simplicity and efficiency of its methods. However, it should

be noted that this evaluation assumes that a high TVI is actually beneficial for camouflage

detection, while a low TVI is not. Although this might be trivial to assess for the minimum

and maximum values of zero and one, the extent of support for camouflage detection for any

value in between remains difficult to determine. As a result, there could be circumstances,

where sensor bands with high TVIs are not necessarily more suitable for camouflage detection

than sensor bands with lower TVIs. This limitation should be considered in any subsequent

application of the proposed approach.
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Table 3.4: Rank accuracies of all performance models in percent based on MUDCAD-X. Each
individual table shows the predictions of the respective model, where the first row
corresponds to Top-1 accuracy in the first column to Top-5 accuracy in the last
column. This principle continues throughout the remaining rows. For example, the
value in the fourth column of the third row represents the accuracy with which the
three (row number) predicted best-performing bands are among the four (column
number) actual best-performing bands. The highest accuracies per column and row
are highlighted in bold.

ϵ-SVR Random Forest

56.1 71.9 83.6 88.9 95.3 51.5 67.8 84.2 88.3 97.1

35.7 59.1 71.3 88.9 33.3 59.6 70.8 87.7

37.4 53.8 72.5 35.7 53.2 75.4

23.4 55.0 22.2 59.6

34.5 35.7

XGBoost Baseline

50.9 68.4 83.6 92.4 97.7 47.4 56.1 69.6 75.4 82.5

29.8 57.9 70.8 87.1 24.6 48.0 57.9 71.9

31.0 46.8 68.4 33.9 46.2 60.2

18.1 53.8 19.9 48.5

34.5 28.7
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3.3 Sensor-Managed Anomaly Detection for Camouflage Detection

3.3 Sensor-Managed Anomaly Detection for Camouflage

Detection

This section summarizes the study [21] addressing the research question ”How effective is

sensor-managed anomaly detection for camouflage detection in multispectral imagery?”. The

approach is outlined in Section 3.3.1 and the obtained results are reviewed in Section 3.3.2. A

full reprint of the corresponding publication can be found in Section 5.3.

3.3.1 Approach

Sensor-managed anomaly detection combines sensor performance modelling with spectral

anomaly detection. In particular, as in the previous study, performance models predict the value

of each single-channel sensor band, defining the best-performing band order. Then, instead

of processing all available sensor bands, as in the first study, only the best-performing bands

are concatenated with the visual band and processed by anomaly detection algorithms. This

reduces the number of bands to process, which reduces the processing times of the anomaly

detectors. In addition, since the considered bands are the ones that most effectively expose

camouflaged targets, their detection and false alarm rates may improve, as well.

The proposed approach is evaluated using the best performance models from the previous

study, the ϵ-SVR models, as well as the same test dataset split from MUDCAD-X. For each

sample of the test dataset, the three best-performing single-channel bands are selected for

detection, which halves the number of single-channel bands from six to three. These three

bands are then concatenated with the visual band, forming the managed band stack. As in

the first study, this band stack is processed by multiple anomaly detectors to ensure a certain

degree of meaningfulness of the generated results. These are the RX, LRX, LPD and AED

detectors. AED-F and CRD are excluded this time, since AED-F does not provide significantly

higher detection rates than plain AED and CRD is too slow even on a powerful machine. In

addition to processing the managed band stack, the unmanaged band stack containing all

available bands is also processed for comparison. Again, the detections are evaluated based

on a threshold averaged ROC and corresponding AUC per camouflaged target and detector

configuration. Furthermore, the detections are assessed using intersection over union (IOU),

which is also a very popular metric but requires a binarization threshold. As binarization is

usually required in an actual application of detection algorithms, this metric provides a more

practical perspective on the detection results. The binarization threshold can be considered as

part of the detector configuration. Consequently, as with the AUCs, there is also an IOU for

each camouflaged target and detector configuration.
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3.3.2 Results

The results of the sensor-managed anomaly detection approach are shown in Table 3.5, where

the first and second halves display the resulting AUC and IOU values, respectively. Each of these

halves is divided into results obtained from the unmanaged approach and results obtained from

the managed approach. The individual values show the AUC or IOU per camouflaged target

and detection algorithm for the respective approach. As can be seen, unmanaged detection

produces more top results in terms of AUC than sensor-managed detection. However, in terms

of IOU, the pattern is quite the opposite, with more top results for the managed approach.

Overall, the differences between the approaches are rather small, with no clear superiority in

terms of detection performance. Nevertheless, sensor-managed anomaly detection generally

achieves higher IOU, which could be considered a more practical metric than AUC. Therefore,

from a strictly practical perspective, the managed approach slightly outperforms the unmanaged

counterpart.

The very similar results of both approaches could be caused by too little differences in the

information contained in the final sensor band stacks, even though there are half as many

single-channel bands with managed detection as with unmanaged detection. However, the

results could also indicate that more information, even if it is not helpful for camouflage

detection, does not necessarily confuse the detection algorithms. Consequently, there is no

significant difference to observe whether this irrelevant information is processed or not.

In summary, sensor-managed anomaly detection cannot generally be considered superior to

unmanaged anomaly detection for camouflage detection, based on the specific sensor data

and setting evaluated in this study. However, it achieves comparable results, but with fewer

sensor bands and thus less computational overhead. This also suggests that a high TVI is

actually beneficial for camouflage detection, as only the bands with the highest TVI predictions

are processed. As a result, sensor-managed anomaly detection provides similar effectiveness

for camouflage detection as unmanaged anomaly detection. In view of the limited resources

on small tactical UAVs, the managed approach may be regarded as more efficient, as the

computational complexity for the anomaly detectors is significantly reduced, while detection

performance is maintained.

3.4 Sensor Performance Modelling for Spectral Index

Optimization

In this section, the study [20] investigating the research question ”How effective is spectral

index optimization in combination with sensor performance modelling for camouflage detection

in multispectral imagery?” is summarized. The approach is introduced in Section 3.4.1, for
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3.4 Sensor Performance Modelling for Spectral Index Optimization

Table 3.5: Detection results in terms of Area under Curve (AUC) and Intersection over Union
(IOU) of sensor-managed anomaly detection compared to unmanaged anomaly
detection based on MUDCAD-X. Rows and columns correspond to anomaly detection
algorithms and camouflaged targets, respectively. Top results per camouflaged target
are highlighted in bold.

Hedge Turf Grn. Tarp Grn. 2D Grn. 3D Grn. Per. Fleece Gry. Tarp Gry. 3D Yew. 3D Yew. Per.

Area under Curve (AUC)

Unmanaged

RX 0.972 0.988 0.984 0.892 0.893 0.909 0.979 0.999 0.987 0.949 0.930

LRX 0.993 0.996 0.995 0.960 0.969 0.948 0.989 1.000 0.990 0.976 0.991

LPD 0.943 0.985 0.987 0.882 0.970 0.896 0.982 0.992 0.932 0.946 0.965

AED 0.880 0.955 0.970 0.918 0.935 0.886 0.946 0.994 0.921 0.967 0.975

Managed

RX 0.960 0.987 0.979 0.888 0.889 0.895 0.986 0.999 0.983 0.917 0.890

LRX 0.990 0.997 0.993 0.955 0.965 0.955 0.994 1.000 0.980 0.954 0.985

LPD 0.880 0.976 0.984 0.856 0.935 0.879 0.979 0.990 0.905 0.942 0.956

AED 0.875 0.956 0.967 0.898 0.905 0.892 0.955 0.993 0.921 0.962 0.975

Intersection over Union (IOU)

Unmanaged

RX 0.255 0.167 0.188 0.065 0.017 0.060 0.014 0.758 0.085 0.103 0.037

LRX 0.297 0.248 0.325 0.106 0.078 0.233 0.113 0.748 0.152 0.226 0.207

LPD 0.042 0.168 0.231 0.050 0.078 0.228 0.094 0.509 0.024 0.307 0.212

AED 0.009 0.031 0.095 0.035 0.027 0.085 0.004 0.340 0.007 0.207 0.181

Managed

RX 0.164 0.299 0.296 0.076 0.020 0.049 0.057 0.754 0.098 0.077 0.038

LRX 0.227 0.296 0.330 0.124 0.105 0.217 0.180 0.761 0.188 0.209 0.174

LPD 0.071 0.202 0.202 0.056 0.106 0.219 0.195 0.588 0.026 0.283 0.186

AED 0.009 0.112 0.161 0.045 0.061 0.123 0.005 0.543 0.009 0.151 0.167
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which the results are shown and discussed in Section 3.4.3. Section 3.4.2 briefly explains the

novel index optimization approach. A full reprint of the corresponding publication can be found

in Section 5.4.

3.4.1 Approach

Building on the previous experiments, where sensor performance modelling was used to determine

a set of the most suitable sensor bands, this study explores how that concept can be partially

adopted to derive a single most suitable sensor band. Deriving sensor bands from multiple raw

bands is common practice in remote sensing and is typically referred to as the creation of spectral

indices. Although many spectral indices exist, most are designed for highly specific purposes,

such as indicating canopy nitrogen concentration [13, 33]. Given the limited published research

on camouflage detection using airborne multispectral imagery, a spectral index specifically

designed for this use case has yet to be proposed. In order to address this shortcoming, this

study introduces a novel spectral index, the Linear Ratio Index (LRI). The LRI is a generalization

of the well-known normalized difference, ratio and difference indices commonly employed in

various remote sensing applications. It is composed of a ratio of two linear functions. These

functions are essentially weighted sums of all available raw bands plus a bias, where the weights

and the biases are the adjustable parameters. Along with the LRI, an optimization approach is

introduced for determining its optimal parameters with respect to a given criterion. Since the

index is intended to provide as much sensor performance as possible, this criterion is sensor

performance itself, which corresponds to the TVI in the context of this thesis. However, the

optimization approach is designed in such a way, that the criterion can be easily replaced,

allowing it to be applied to other use cases as well. Furthermore, it incorporates a technique

that enables the optimization of Linear Ratio Indices (LRIs) that rely only on a subset of all

available bands, resulting in indices with reduced complexity.

The LRI and its optimization approach are evaluated for camouflage detection using training

and test datasets split from MUDCAD-X. In particular, a two-band LRI, called LRI2, and a six-

band LRI, called LRI6, are determined with the average TVI over all samples and camouflaged

targets in the training dataset as optimization criterion. Using the same criterion, an optimized

normalized difference index, called LRInd, and an optimized ratio index, called LRIr, are also

determined by permuting all possible band combinations. Due to their generic nature, these

indices are often optimized for specific use cases where predefined indices are not available,

thereby providing a solid baseline for the presented novel approach. After optimization, there

are a total of four different indices: LRI6, LRI2, LRInd and LRIr. All optimized indices are

evaluated using the test dataset for their effectiveness in terms of sensor performance, i.e. TVI.

In addition, their effectiveness for camouflage detection is evaluated by separately concatenating
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all indices with all available raw bands, resulting in one individual band stack per optimized

index. These band stacks are then processed by several spectral anomaly detectors, which

are the RX, LRX, LPD and AED detectors, as in the previous study. Again, the detections

are assessed based on threshold averaged ROCs, corresponding AUCs and IOUs for a fixed

binarization threshold.

3.4.2 Spectral Index Optimization

The novel approach to optimizing spectral indices is based on a generalized formulation of the

normalized difference, ratio and difference indices. Compared to these indices, this reformulation,

the linear ratio index (LRI), is capable of modelling much more complex relationships between

raw bands at the cost of a higher number of parameters. Given a multispectral capture

C = {c1, . . . , cn} with n bands, the LRI is calculated as given in Equation (3.8).

Ilr(C, W α, W β, bα, bβ) =

∑n
i=1 wα

i ci + bα

∑n
i=1 w

β
i ci + bβ

(3.8)

Here, W α = {wα
1 , . . . , wα

n} and W β = {w
β
1
, . . . , wβ

n} are the weight parameters that determine

the contributions of each band in the numerator and denominator, respectively. In addition,

there is a bias parameter bα for the numerator and bβ for the denominator. While normalized

difference, ratio and difference indices are optimized by testing different raw band combinations,

the LRI is optimized by finding the best-fitting parameters for W α, W β, bα and bβ. With an

objective function f that takes a single spectral index image and returns a cost, the optimization

problem of the LRI can be formulated as given in Equation (3.9). If the LRI is to be optimized

for N multispectral captures D = {d1, . . . , dN }, the costs of the individual index images are

summed as shown in Equation (3.10).

arg min
W α,W β ,bα,bβ

f

(

Ilr

(

C, W α, W β , bα, bβ
)

=

∑n
i=1 wα

i ci + bα

∑n
i=1 w

β
i ci + bβ

)

(3.9)

arg min
W α,W β ,bα,bβ

N
∑

i=1

f
(

Ilr

(

di, W α, W β, bα, bβ
))

(3.10)

The search for optimal parameters for the LRI is performed by an algorithm based on differential

evolution [41] with some general improvements in parameter selection [47] and population

updates [40]. Since this optimizer can principally deal with any kind of problem, it leaves much

room for an arbitrarily formulated objective function that fits a specific use case.
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Using the proposed approach to find optimal linear ratio indices (LRIs) for camouflage

detection also requires an appropriate objective function f . Since the sensor performance

modelling approach already provides a measure of the performance of a sensor band in this

context, the objective is maximizing the TVI. Naturally, this also requires label masks in the

optimization procedure that identify all camouflaged targets in a multispectral capture, such as

those available with MUCAD or MUDCAD-X. Given a set A = {a1, . . . , aM } with M label

masks and a function fTVI that takes an image and a label mask and returns the corresponding

TVI, the optimization in Equation (3.9) can be adapted for camouflage detection as shown in

Equation (3.11). Note that the function fnorm normalizes its input image to ensure a range of

values between zero and one, which is the only range for which the TVI is defined. Furthermore,

the result is negated to transform the maximization problem into a minimization problem.

arg min
W α,W β ,bα,bβ

−
M
∑

i=1

fTVI

(

fnorm

(

Ilr

(

C, W α, W β, bα, bβ
))

, ai

)

(3.11)

In addition to being able to optimize the LRI for arbitrary applications, such as camouflage

detection based on the TVI, the optimization approach incorporates a parameter complexity

reduction technique. It allows limiting the precision of the parameters and the number of bands

actually utilized for the LRI. This is achieved by rounding the parameters and adaptively setting

some of them to zero directly during the optimization procedure. As a result, human readability

of the parameters is enforced and dependence on available raw bands is reduced, while ensuring

as maximum performance as possible.

3.4.3 Results

The average TVIs over all samples of the test dataset for each raw band, optimized index and

camouflaged target are shown in Table 3.6. Top results are marked bold, while italics show

TVIs of optimized indices that are higher than all the TVIs provided by the raw bands for

the respective camouflaged target. Also, the last row shows an average over all camouflaged

targets, representing an overall performance of respective sensor band or optimized index. As

can be observed, the optimized indices provide the highest average TVI and the most top

results over all camouflaged targets. Moreover, the LRI6 and the LRI2 clearly stand out by

outperforming all the raw bands and all the optimized baseline indices (LRInd and LRIr) in

terms of both average TVI and top TVI count.

Table 3.7 shows the detection results of all band stack configurations featuring optimized

indices in terms of AUC and IOU per camouflaged target averaged over all samples in the

test dataset. Note that the columns represent band stack configurations rather than anomaly

detectors, as opposed to Table 3.3 and Table 3.5. The displayed values are averages over all
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employed detection algorithms. In addition to the band stack configurations with optimized

indices, the last row of each sub-table shows the results of the raw band stack configuration

without any additional band or index. As can be seen, the band stack configurations with

optimized indices consistently outperform the raw configuration, with very few exceptions for

some specific camouflaged targets. Considering the average over all camouflaged targets shown

in the last column of each sub-table, the LRI6 band stack configuration clearly demonstrates

superior performance to all other configurations. However, the LRI2 band stack configuration

practically matches the average detection performance of the LRI6 band stack configuration

in terms of AUC, but uses only two out of six possible bands. Similarly, the LRIr band stack

configuration achieves almost comparable results to the LRI6 band stack configuration in terms

of IOU, also using only two of the six available bands. In summary, the bank stack configurations

with optimized LRIs significantly increase the detection performance compared to the raw band

stack configuration.

Overall, the presented approach can effectively provide spectral indices that are more suitable

for camouflage detection than raw sensor bands or traditionally optimized spectral indices with

respect to the optimization criterion, which is sensor performance or the TVI. In addition,

combining the resulting indices with the raw sensor bands leads to superior detection performance

compared to all other band stack configurations using spectral anomaly detection in terms

of AUC and IOU. This also suggests that incorporating sensor bands with high TVIs actually

improves detection performance, which in turn supports the TVI as an appropriate optimization

criterion for spectral indices designed for camouflage detection. As a result, the proposed

approach could be particularly valuable in resource-constrained tactical reconnaissance scenarios,

as the LRI is very easy to compute, once the parameters are found. Furthermore, processing

a single additional band adds only minor computational overhead to an anomaly detector

[18]. Given the demonstrated effectiveness of the LRI for camouflage detection, this additional

overhead can be considered almost negligible.
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Table 3.6: Average TVI for each camouflaged target of all optimized indices and all single-
channel bands over the test dataset. An average over all targets is shown in the last
row. Bold values indicate target top results per camouflaged target and italic values
show where indices resulted in higher values than any raw band.

blue green red EIR NIR LWIR LRI6 LRI2 LRInd LRIr

anthracite fleece 0.010 0.023 0.014 0.046 0.058 0.061 0.113 0.051 0.097 0.144

artificial turf 0.004 0.002 0.005 0.024 0.024 0.025 0.067 0.058 0.041 0.041

artificial hedge 0.005 0.012 0.006 0.011 0.009 0.006 0.025 0.043 0.008 0.004

gray tarp 0.017 0.008 0.027 0.085 0.061 0.004 0.060 0.089 0.023 0.007

green tarp 0.003 0.003 0.003 0.019 0.031 0.018 0.065 0.038 0.052 0.056

green 2D camouflage net 0.007 0.009 0.007 0.007 0.005 0.009 0.003 0.003 0.006 0.004

green 3D camouflage net 0.001 0.005 0.001 0.024 0.026 0.004 0.044 0.044 0.029 0.025

gray 3D camouflage net 0.026 0.004 0.004 0.010 0.021 0.011 0.060 0.038 0.030 0.027

yellow 3D camouflage net 0.021 0.025 0.030 0.010 0.001 0.006 0.004 0.003 0.002 0.002

person in green uniform 0.009 0.005 0.008 0.009 0.011 0.021 0.005 0.009 0.005 0.002

person in yellow uniform 0.019 0.012 0.023 0.008 0.001 0.026 0.003 0.002 0.007 0.005

average 0.011 0.010 0.012 0.023 0.023 0.017 0.041 0.034 0.027 0.029

Table 3.7: Average detection results in terms of Area under Curve (AUC) and Intersection over
Union (IOU) for all optimized indices based on MUDCAD-X. Rows and columns
correspond to band stack configurations and camouflaged targets, respectively.
The last column shows the average over all camouflaged targets. Top results per
camouflaged target are highlighted in bold.

Hedge Turf Grn. Tarp Grn. 2D Grn. 3D Grn. Per. Fleece Gry. Tarp Gry. 3D Yew. 3D Yew. Per. Avg.

Area under Curve (AUC)

LRI6 0.963 0.994 0.993 0.929 0.976 0.925 0.993 0.998 0.970 0.966 0.968 0.970

LRI2 0.976 0.993 0.991 0.934 0.970 0.920 0.987 0.999 0.966 0.962 0.968 0.970

LRInd 0.949 0.990 0.991 0.919 0.963 0.933 0.980 0.997 0.959 0.962 0.968 0.965

LRIr 0.953 0.991 0.993 0.919 0.966 0.932 0.996 0.997 0.964 0.966 0.969 0.968

raw 0.956 0.985 0.987 0.916 0.933 0.916 0.974 0.997 0.957 0.963 0.970 0.959

Intersection over Union (IOU)

LRI6 0.181 0.377 0.456 0.109 0.213 0.157 0.218 0.666 0.151 0.213 0.182 0.266

LRI2 0.208 0.350 0.352 0.097 0.170 0.162 0.091 0.706 0.103 0.222 0.173 0.240

LRInd 0.174 0.227 0.347 0.095 0.139 0.165 0.054 0.610 0.102 0.210 0.183 0.210

LRIr 0.165 0.293 0.487 0.112 0.167 0.162 0.344 0.570 0.111 0.203 0.185 0.255

raw 0.199 0.221 0.287 0.078 0.063 0.177 0.059 0.624 0.091 0.245 0.193 0.203
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Considering the obtained results in the described studies, multispectral imaging systems show

generally robust capabilities for camouflage detection in reconnaissance scenarios with tactical

UAVs. Using relatively fast and efficient spectral anomaly detection methods, camouflaged

targets are reliably detected if they appear sufficiently anomalous in the sensor data. In

addition, the potentially overwhelming flood of information provided by multispectral sensors

can be managed by employing lightweight sensor modelling techniques that allow only the

most valuable sensor bands to be considered even under changing environmental conditions.

Although the combination of these two approaches does not provide significant advantages

for camouflage detection under the specific conditions and sensor data used in this thesis,

it may help conserve valuable resources, as the amount of data processed by the detection

algorithms can be substantially reduced while performance is maintained. The experiments

also demonstrated that sensor performance modelling, combined with a novel optimization

approach, enables the derivation of spectral indices that significantly improve camouflage

detection rates using spectral anomaly detection. Given the low computational overhead of

these indices, their application is particularly beneficial for resource-constrained tactical UAVs.

In summary, the proposed methods and approaches demonstrate sufficient effectiveness and

efficiency for potential application in real-world reconnaissance scenarios, highlighting the value

of this research.

The key scientific contributions of this thesis can be summarized as follows:

• first systematic evaluation of spectral anomaly detection for camouflage detection in

tactical reconnaissance scenarios using airborne multispectral imagery

• introduction and evaluation of a novel sensor performance modelling approach to measure

and predict the suitability of individual sensor bands based on environmental conditions

• development and evaluation of a sensor-managed anomaly detection method that adap-

tively processes the most suitable bands, reducing computational complexity while main-

taining performance

• proposal and evaluation of a novel spectral index optimization approach that significantly

improves camouflage detection rates with minimal processing overhead

33



4 Conclusions and Future Prospects

• compilation and publication of two dedicated multispectral datasets for airborne camou-

flage detection (MUCAD and MUDCAD-X)

Despite the promising results, several limitations should be considered. For instance, all

studies are based on relatively limited data sources, MUCAD and MUDCAD-X, as this type of

data is rare and difficult to obtain. However, this may affect the degree to which they can be

generalized and relied upon. In particular, the number of camouflaged targets in each dataset is

comparatively small, making it difficult to infer the performance of the proposed methods when

applied to different camouflaged targets. This is particularly relevant to the sensor performance

prediction approach, since it is based on models fitted to data. In addition, the choice of

methods for spectral anomaly detection and sensor performance modelling is inherently limited.

Although they cover a wide range of different operating principles, alternative methods may

produce different or possibly conflicting results even when applied to the same data. As a

result, the transferability of the proposed approaches to other environments and scenarios may

be limited and must be considered in any prospective real-world application. Additional studies

would be necessary to address these potential limitations and to validate the proposed methods

in a broader context.

In light of the findings of this thesis, multiple promising areas for future research emerge.

For example, since spectral anomaly detection is a very active area of research, with new

methods published frequently, faster and more resource-efficient algorithms for camouflage

detection could be explored. This may further increase the utility of multispectral imaging

systems on tactical UAVs through potentially faster data processing and higher detection rates.

Moreover, as technology advances and embedded computing platforms become more powerful

and efficient, more advanced methods such as deep neural networks may be particularly well

suited for camouflage detection, context state extraction and sensor performance prediction.

Especially for context state extraction, where rich semantic information must be encoded in a

relatively small vector, such sophisticated methods can offer significant advantages, possibly

leading to more accurate sensor performance predictions. As a result, predictions of the most

valuable sensor bands may become even more reliable and thus more useful to operators in

tactical reconnaissance scenarios. With sensors becoming cheaper, smaller and more powerful,

the proposed approaches can also be applied to tactical UAVs equipped with hyperspectral

imaging systems, which provide far more bands than multispectral imaging systems. In particular,

the sensor performance modelling approach may be worth investigating in this context, as

it theoretically scales with the number of bands, regardless of their origin. Combined with

spectral anomaly detection, the benefit can be much greater due to the significantly larger set

of sensor bands available for selective processing. Consequently, the relative runtime reduction

of spectral anomaly detectors compared to multispectral sensors may also increase significantly,
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potentially allowing processing speeds as fast as those required in tactical reconnaissance

scenarios. Ultimately, regardless of the direction of future research, this thesis provides a solid

foundation for further investigation and exploration.
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Abstract: Tactical reconnaissance using small unmanned aerial vehicles has become a common
military scenario. However, since their sensor systems are usually limited to rudimentary visual or
thermal imaging, the detection of camouflaged objects can be a particularly hard challenge. With
respect to SWaP-C criteria, multispectral sensors represent a promising solution to increase the
spectral information that could lead to unveiling camouflage. Therefore, this paper investigates
and evaluates the applicability of four well-known hyperspectral anomaly detection methods (RX,
LRX, CRD, and AED) and a method developed by the authors called local point density (LPD) for
near real-time camouflage detection in multispectral imagery based on a specially created dataset.
Results show that all targets in the dataset could successfully be detected with an AUC greater
than 0.9 by multiple methods, with some methods even reaching an AUC relatively close to 1.0 for
certain targets. Yet, great variations in detection performance over all targets and methods were
observed. The dataset was additionally enhanced by multiple vegetation indices (BNDVI, GNDVI,
and NDRE), which resulted in generally higher detection performances of all methods. Overall, the
results demonstrated the general applicability of the hyperspectral anomaly detection methods for
camouflage detection in multispectral imagery.

Keywords: camouflage detection; anomaly detection; multispectral; hyperspectral; infrared;
image processing

1. Introduction

Small unmanned aerial vehicles (UAVs) equipped with imaging sensor systems such
as ALADIN or MIKADO of the German Armed Forces operate at relatively low altitudes
(ca. 30–150 m) and are commonly utilized for reconnaissance tasks in tactical environments,
as they are quickly deployed and allow to monitor very large areas without directly risking
human lives. However, military forces generally attempt to conceal themselves and their
equipment in their respective environments by using camouflage, making tactical recon-
naissance a particularly demanding challenge. Additionally, small tactical reconnaissance
drones are usually equipped with rudimentary visual or thermal sensor systems, which
do not necessarily provide enough information in order to distinguish between camou-
flaged objects and their surroundings. Deploying a sensor payload that provides spectral
information beyond visual or thermal range could therefore be crucial for the detection of
camouflaged objects, as camouflage might lose its effectiveness in certain spectral regions.

Hyperspectral imaging systems, for instance, are capable of capturing a unique and
distinctive spectral signature of every physical material, which can be successfully exploited
for camouflage detection [1,2]. However, considering a tactical environment with small
reconnaissance drones, the size, weight, power, and cost criteria (SWaP-C) of any payload
must be taken into account. As powerful as hyperspectral sensors can be, as expensive is
their acquisition. In addition, raw hyperspectral sensor data requires extensive postprocess-
ing in order to obtain a hyperspectral data cube, rendering online hyperspectral sensor data
evaluation nearly impossible. Compared to hyperspectral sensor systems, multispectral
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sensor systems generally come at a more favorable price, are lower in size and weight
and require much less postprocessing, making them considerably more relevant for any
airborne remote sensing application. Yet, their spectral resolution is significantly lower
and their spectral sensitivity per band is significantly higher, which could diminish their
practical value in other ways.

Nevertheless, multispectral imagery has found many applications in recent years,
ranging from precision farming [3–6], vegetational monitoring [7–12] and disturbance de-
tection [13–15] to biomass estimation [16], aquatic plant detection [17,18], bathymetry [19],
and even camouflage detection [20]. In [20], constrained energy minimization (CEM) in
combination with a customized version of the well-known OTSU thresholding algorithm
is applied to detect multiple camouflages in complex outdoor scenes of different perspec-
tives. In addition to the effectiveness of the proposed method, it requires prior spectral
knowledge about the camouflage, which might not be available in real-world tactical
reconnaissance scenarios.

Since multispectral imagery has already been proven for various applications, even
camouflage detection, the Institute of Flight Systems of the Universität der Bundeswehr
München is actively researching the possibilities of multispectral imaging systems in
tactical reconnaissance scenarios for computer-aided near real-time camouflage detection.
For this purpose, a multispectral sensor setup was composed, mounted on a commercial
drone, and utilized to collect a multispectral dataset containing multiple camouflaged
targets of different materials and sizes. Moreover, a set of four well-known methods for
hyperspectral anomaly detection (RX [21], LRX [21], CRD [22], and AED [23]) and one new
density-based method developed by the authors called local point density (LPD) were
adopted and applied on the specially created multispectral dataset. In addition to the raw
dataset, the methods were also applied on an extension with multiple vegetation indices
(BNDVI, GNDVI, and NDRE) of it, as they appeared to have increased contrast between
the targets and their surroundings. The performance of these methods for detecting the
camouflaged targets in the data were evaluated using the well-known metrics receiver
operating characteristic (ROC) and area under the curve (AUC) and are presented and
discussed in this paper. Since detection results should be available almost immediately
in a real-world tactical reconnaissance scenario, the algorithms were also assessed with
respect to the imposed near real-time requirement, which corresponds to a processing time
of less than one second in this paper. The specific time constraint of one second results
from a trade-off between the required availability of the detection results and the high
computational complexity of the detection algorithms.

Hyperspectral anomaly detection is a very active field of research in which targets are
characterized by spectral signatures that appear anomalous with respect to their current
context. Consequently, successful target detections do not require prior knowledge about
target signatures but a general approach for separating the target from background sig-
natures. The Reed–Xiaoli detector (RX) [21] is one of the most prominent algorithms. It
estimates the global covariance and the mean value per channel in a hyperspectral image to
calculate the Mahalanobis distance for each pixel, which serves as a measure of its anomaly.
As RX assumes that every background pixel follows a global Gaussian distribution, which
might be a very simplified assumption in some cases, several techniques built upon the
original RX detector have been introduced. For example, the local RX detector (LRX) consid-
ers only a window-based neighborhood for calculating the Mahalanobis distance, allowing
more accurate background estimations for each pixel. Further developments are the kernel
RX (KRX) [24], the cluster kernel RX (CKRX) [25], or the weighted RX (W-RXD) [26] detector,
for instance. In contrast to distribution-based background modeling, representation-based
detectors [22,27–29] assume that background pixels can be represented by certain or derived
parts of the original hyperspectral image such as background dictionaries or local regions
while anomalous pixels cannot. Furthermore, density-based [30,31], cluster-based [32], or
morphological attribute filtering-based [23] detectors have also been proposed.
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As it is assumed that camouflage spectrally differentiates from its surroundings in
multiple bands, although it does logically not in visual, camouflage could be treated as
a target for methods of hyperspectral anomaly detection. Moreover, the methods do not
require prior knowledge about spectral target signatures, which fits the needs of real-world
tactical reconnaissance scenarios where spectral characteristics of hostile camouflage should
generally be considered unknown. However, since the selected methods were developed
for hyperspectral imagery and for detecting spectral anomalies in general, they might
not necessarily work for multispectral imagery containing camouflaged targets. Hence,
the research work provided by this paper by compiling the dataset and evaluating the
applicability of the aforementioned methods.

In the following sections, the dataset, the extension of it, and the selected methods
are introduced in detail. Subsequently, the detection performances and runtimes of the
methods are presented and discussed, and possible future research focuses are pointed out.

The contributions of this work can be summarized as follows:

• Compilation of a multispectral dataset for camouflage detection (MUCAD);
• Development of a density-based hyperspectral/multispectral anomaly detector;
• Evaluation of five different methods adopted for near real-time camouflage detection

in multispectral imagery.

2. Materials and Methods

2.1. Dataset: MUCAD

The multispectral dataset for camouflage detection (MUCAD) consists of 23 samples,
each featuring 7 images with a resolution of 512 × 512 pixels and a corresponding ground
truth mask containing target annotations. All images have a color depth of 8 bits and a
ground sample distance (GSD) of 10 cm/px. Each kind of target is labeled with a different
but consistent color across all samples. An example of a single sample is shown in Figure 1.
(a) shows the visual band (which is technically not a single band but is treated as such in
this paper), (b–g) show the blue to LWIR bands, respectively, and are ordered by ascending
wavelength and (h) shows the ground truth mask with annotations for a grey tarpaulin
(dark blue), a green tarpaulin (light blue) and a 2D camouflage net (red).

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 1. Single sample of MUCAD containing three different targets (grey tarpaulin, green tarpaulin,
and 2D camouflage net). (a) VIS; (b) blue; (c) green; (d) red; (e) EIR; (f) NIR; (g) LWIR; (h) ground
truth. The grey tarpaulin, green tarpaulin, and 2D camouflage net are labeled as dark blue, light blue,
and red, respectively.
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The samples of the dataset were not natively captured but cut out of a set of geograph-
ically referenced and aligned orthophotos (one for each band). In addition, the samples
were pixel aligned based on the ECC criterion [33] using the implementation provided by
OpenCV [34] and rescaled to fit a resolution of 512 × 512 pixels and a GSD of 10 cm/px.

The orthophotos were generated using the aerial image mapping software Open-
DroneMap [35], where the raw sensor data were captured in 50 m height with 70% side and
front overlap using a MicaSense Altum and a DJI Zenmuse XT2 mounted on a DJI Matrice
210 RTK V2. The complete setup, as well as a the generated visual orthophoto, are depicted
in Figure 2. Visual and LWIR images were provided by the Zenmuse XT2 and blue to NIR
images were provided by the MicaSense Altum. Table 1 shows further details about the
captured spectral information of each band. Since both cameras capture images with 16-bit
color depth except for the visual band, the intensities of all images were resampled from
16-bit to 8-bit color depth. Moreover, LWIR images were rescaled between their min and
max values across all LWIR images before they were resampled down to 8-bit color depth.
In contrast to common practices, the spectral bands provided by the MicaSense Altum were
not converted to reflectance maps but kept in their raw form as reflectance values only
matter for actual vegetational measurements which were not intended to be conducted.

 

μ μ

Figure 2. The visual orthophoto that was used to generate the visual bands of MUCAD. The setup
utilized for taking the raw images was composed of a DJI Zenmuse XT2 and a MicaSense Altum
mounted on a Matrice 210 RTK V2.

The procedure for the dataset creation was chosen as it simplifies synchronization of
both camera systems and allows the generation of images with arbitrary resolutions and
ground sample distances only limited by the raw footage’s ground sample distance. The
downside of this method is the inability to capture dynamic scenes.
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Table 1. Characteristics and associated sensor of each band.

Band Sensor Center Wavelength Bandwidth

Visual (VIS) XT2 - -
Blue Altum 475 nm 32 nm

Green Altum 560 nm 27 nm
Red Altum 668 nm 14 nm

Edge-infrared (EIR) Altum 717 nm 12 nm
Near-infrared (NIR) Altum 842 nm 57 nm

Long-wave infrared (LWIR) XT2 10.5 µm 6 µm

Although this paper is about near real-time camouflage detection, the sensor–drone
system in Figure 2 itself does not allow near real-time image processing, as both camera
systems only provide simple storage interfaces (USB stick and SD card), meaning that
image processing must be performed offline. An on-board system capable of online image
processing would have to be composed of sensor systems that provide a proper high-speed
interface. Furthermore, setting up such a system would have required a different hardware
platform and additional on-board processing capabilities. However, in creating the dataset,
which theoretically could have been produced by a system with online capabilities, main
concerns were fast and reliable raw data generation without excessive preliminary work,
hence the hardware configuration described above. In addition, this paper only considers
the near real-time capabilities (processing time less than one second) of the detection
algorithms and not those of an entire system.

In total, MUCAD contains 8 different kinds of targets, whose placement is shown in
Figure 3. Each target was placed in a visually similar appearing environment. The first
three target classes are depicted in Figure 3a: (1) a green tarpaulin that was shaped to
appear like a bush instead of a simple green rectangular, (2) a 2D camouflage net that was
placed near the woods to appear like an extension of it and (3) a gray tarpaulin that was
placed in a concrete area and additionally shaped to avoid sharp rectangular appearing
transitions between the target and its environment. The fourth target is shown in Figure 3b:
(4) an artificial grass mat that was placed in very similar appearing high grass. Figure 3c
contains the fifth and sixth target classes: (5) a 3D camouflage net that was placed and
shaped to appear like a tree crown or a bush and (6) an artificial hedge that was placed in a
shadowed area and thrown over a bush to adapt its shape.

The last two target classes are shown in Figure 3d: (7) two lying persons in a tree’s
shadow wearing a battle dress uniform and a German field dress, respectively, and
(8) two gray cars which were initially not considered targets but became targets as their
color is close to that of the road but their heat signature is completely different. Figure 4
exemplarily shows the green tarpaulin, the grey tarpaulin, and the 2D camouflage net from
the ground perspective just before they were captured by the multispectral camera system.

The targets were acquired from multiple different sources. The green tarpaulin, the gray
tarpaulin, the artificial grass mat, and the artificial hedge were bought at a local hardware
store to cover the use case of utilizing relatively simple means and easily acquirable materials
to conceal objects in a suitable environment without having to shop online. To cover a classic
military use case, additional camouflage equipment was bought online. According to the
store pages, the 2D camouflage net and the 3D camouflage net were supposedly original
equipment of the Bundeswehr (German Armed Forces) and the Armed Forces of the Crown
(British Armed Forces), respectively. The German field dress and the battle dress uniform
were also authentic original military equipment, according to the store pages.

In the dataset, every target is almost evenly distributed across all samples to keep a
potential target class distribution bias as small as possible. Furthermore, to obtain more
meaningful detection results, the samples were cropped from the orthophotos in such a
way that each target is located in different parts of the captured area and that the same
target has different backgrounds considering the whole area captured by the sample. For
this reason, there are more samples than targets in the dataset.
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(a) (b) 

  
(c) (d) 

Figure 3. All camouflaged targets of MUCAD in their visual band. (a) Green tarpaulin (1), 2D
camouflage net (2), and gray tarpaulin (3); (b) artificial grass mat (4); (c) 3D camouflage net (5),
and artificial hedge (6); (d) two persons wearing a battle dress uniform and a German field dress,
respectively, (7) and two gray cars (8).

   
(a) (b) (c) 

Figure 4. Three targets of MUCAD from ground perspective. (a) Green tarpaulin (1); (b) grey
tarpaulin (3); (c) 2D camouflage net (2). Numbers refer to Figure 3.
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The entire dataset was captured at the end of May 2021 at the test site of the Universität
der Bundeswehr München and is publicly available (See the Data Availability Statement at
the end of the article).

2.2. Camouflage Detectors

For the detection of camouflage in multispectral imagery, four well-known hyperspec-
tral anomaly detection methods were adopted: the classic Reed–Xiaoli detector (RX) and
local RX detector (LRX) [21], the collaborative representation-based detector (CRD) [22]
and the attribute and edge-preserving filter detector (AED) [23]. In addition to those four
existing methods, this work introduces a new target detection method: local point density
(LDP), which was inspired by dual window density (DWD) [31].

While there are a lot of powerful options available, the methods were primarily
selected by their prominence, expected implementation effort, and expected computational
requirements, although covering a great variety of distinct approaches was also a major
concern. For this reason, all methods are based on entirely different target and background
modeling techniques. The methods and their implementations are briefly discussed in the
following sections. For a deeper understanding of the algorithms’ theoretical foundations,
versed readers may look up the provided references to the original publications.

2.2.1. RX and LRX

The RX detector [21] is based on the assumption that spectral target and background
signatures in an image can be modeled by a single gaussian distribution, respectively.
Leading to the Mahalanobis distance for calculating an anomaly score for a single pixel:

dM =

√

(x − µ)T
∑

−1
(x − µ) (1)

where dM is the resulting Mahalanobis distance for the pixel of interest, x is the correspond-
ing pixel value vector, µ is the mean vector consisting of the mean values for each band
and ∑ is the covariance matrix for the image’s bands. The higher the Mahalanobis distance
for a single pixel the higher its anomality.

Instead of calculating the mean and covariance for the whole image, the LRX detector
operates in a small local neighborhood for each pixel, defined by an inclusion and exclusion
window size (Winc and Wexc). Considering that every image possesses an arbitrary GSD
and resolution and therefore also covers an arbitrary area in real-world space, it can make
sense to restrict the region where mean and covariance estimation is performed to improve
detection performance, as the whole image might cover multiple but entirely different
backgrounds and targets. Figure 5 shows the process of local neighborhood selection for a
single pixel under test (marked yellow). The outer blue window describes the inclusion
area, and the orange window describes the exclusion area, meaning that the mean and
covariance for calculating the anomaly score (Mahalanobis distance) of the yellow pixel
are estimated with all values that are contained in the blue window but are outside of the
orange window. Conclusively, the LRX detector is computational more expensive than the
plain RX detector but might achieve higher detection rates because of its local nature.

Both algorithms were implemented in C++ using Eigen 3 [36], parallelized using
OpenMP [37] and not modified in any way they work. Additionally, the algorithms were
interfaced for the us in Python 3 using Cython [38].
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d୑ = ඥ(x − μ)୘Σିଵ(x − μ)d୑ xμΣ
W୧୬ୡ Wୣ୶ୡ

 

Figure 5. Dual window neighborhood principle for anomaly detection. For the pixel under test
(marked yellow), only pixels that are inside the blue window but outside the orange area are
considered for estimating its anomaly score.

2.2.2. CRD

Collaborative representation-based detection [22] operates like the LRX detector in a
local neighborhood (see Figure 5), but works entirely different in calculating a pixelwise
anomaly score. In general, it is assumed that a non-anomalous pixel can be collaboratively
represented by a weighted sum of its neighboring pixels. The neighboring pixels are
the pixels in the local neighborhood defined by the exclusion and inclusion area of the
pixel under test. Consequently, it is also assumed that an anomalous pixel cannot be
collaboratively represented by its neighboring pixels. The problem can be described as an
optimization problem for a pixel vector under test x and its dual window neighborhood N:

arg min
α

‖x − Nα‖2
2 + λ‖α‖2

2 (2)

where N = {ni}
sN
i=1 is a 2D Matrix of size sN = W2

inc − W2
exc containing all pixel values in

the dual window neighborhood of the pixel under test. x is the value of the pixel under test,
α is the weight vector whose elements describe the individual contribution of each pixel
in the neighborhood and λ is a regularization parameter that controls the weight of the
penalty of the weight vector’s squared second norm. Fortunately, the optimization problem
has a closed form solution and must not be solved iteratively (I is the identity matrix):

α̂ =
(

NTN + λI
)−1

NTx (3)

After obtaining the weight vector α̂ for a pixel under test, its anomaly score a can be
calculated, which is its reconstruction error at the same time:

a = ‖x − Nα̂‖2 (4)

The authors of CRD introduced an additional distance-based regularization method
and a sum to one constraint for the weight vector. Details can be found in the original
publication [22]. For the implementation in this work, both concepts were applied.

Although CRD is a rather slow method, it was initially thought that it can be greatly
accelerated by parallelizing it with a graphics card. Unfortunately, the matrix inversion
in Equation (3) turned out to be too complex for a single graphics card core, leading to
an even slower solution than a parallelized C++ implementation using Eigen 3 [36] and
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OpenMP [37] that was used for the results in this paper (additionally interfaced with
Cython [38] for the use in Python 3).

2.2.3. AED

In attribute and edge-preserving filtering-based anomaly detection (AED) [23], it is
assumed that anomalous objects are generally small and characterized by a significantly
different intensity in a lot of bands compared to their backgrounds. In order to transfer
that assumption into an algorithm, the authors utilized morphological attribute filters [39]
to decompose the image under test into morphological attribute profiles (APs). In detail,
for each band two versions (the APs) are generated. One where all bright connected
components that have an area (number of pixels) lower than κ have been removed and one
where all dark connected components that have an area lower than κ have been removed.
These two versions are subtracted from each other to obtain a difference map that has very
large values where very bright or very dark connected components have been removed.
All difference maps undergo a special binary filtering step where only the pixels with
large values are retained and all others are set to zero. The filtered difference maps are
finally accumulated into a single anomaly map, which is processed by an edge-preserving
filter. Consequently, the final anomaly map has high values where a lot of connected
components have been removed that had much lower or higher intensities compared to
their backgrounds, thus indicating anomalous objects. It should be noted that the original
AED algorithm performs a dimensionality reduction step on the image before it is further
processed. This step was not deployed in this work, since it deals with multispectral
imagery, which is of low dimensionality by nature.

In addition to the originally proposed algorithm, a version with an extra filtering step
right after the binary filtering step that removes every bright connected component with
an area lower than ν or a compactness (area divided by the square of its perimeter length)
lower than υ was implemented. This additional filtering step is supposed to eliminate false
positive detections in each individual band before they are combined into a single anomaly
map. The customized version of AED is called AED-F (F for the additional filtering).

To reduce implementation effort, the edge-preserving filtering step for the final
anomaly map in both algorithms was achieved by a common bilateral filter [40] instead of
a domain transform recursive filter [41] utilized in the original publication [23].

AED and AED-F were implemented in Python 3 using sap [42] and OpenCV [34].

2.2.4. LPD

Inspired by DWD [31], a density-based [43] algorithm was developed that encom-
passes a comparatively less memory intensive and more equally weighted pixelwise density
computation, called local point density (LPD). LPD operates like LRX and CRD in a local
neighborhood that is defined by an inclusion and exclusion area, as it is shown in Figure 5.

For a pixel under test, its density is calculated according to:

ρ =
1

sM

sM

∑
i=1

exp

(

−
‖x − mi‖

2
2

d2
c

)

(5)

where x is the pixel value vector, mi is the i-th element of M = N ∪ {x} and sM is the
size of M (sM = sN + 1). N =

{

nj
}sN

j=1 is the pixel’s dual window neighborhood of size

sN = W2
inc − W2

exc. dc is the cut-off distance, which in contrast to DWD is not determined
by calculating a distance matrix containing all distances between all pixel values but by
computing the average distance between all pixel values and the average pixel value:

dc =
1

sM

sM

∑
i=1

‖mi − µM‖2 (6)
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µM =
1

sM

sM

∑
j=1

mj (7)

Compared to calculating a distance matrix, this method is much less memory expen-
sive, as it is purely iterative and no matrix must be stored at all, which can prove useful in
large scale parallelized implementations and on memory limited platforms.

The density calculated per pixel is additionally more evenly weighted compared to
DWD, as pixel density is calculated pixel-wise with respect to a local neighborhood which
is not the case in DWD, where pixel density is calculated window-wise with respect to a
local neighborhood, meaning that the local neighborhood is not centered around every
pixel under test as it is in LPD.

In the final density map, anomalous and background pixels have a low and high
density, respectively. The density map is converted into an anomaly map by negating it
and adding the lowest value to all pixels afterwards to avoid negative values.

LPD was implemented using C++ and Eigen 3 [36], parallelized using OpenMP [37],
and interfaced for use in Python 3 using Cython [38].

2.3. Vegetation Indices

As stated in the introduction, the methods described in Section 2.2 were applied to two
different configurations of MUCAD. First, on raw MUCAD, and second, on MUCAD-VI,
which is an extension of MUCAD with the vegetation indices BNDVI, GNDVI, and NDRE,
as it is described in Table 2. The indices were chosen as they appeared to be increasing the
visibility of some targets with respect to their environments (see Figure 6), which could
support successful target detections. All indices were computed online, meaning that
they were not statically saved as files but calculated right before the detection algorithms
were applied.

Table 2. Vegetation indices for online extension of MUCAD.

Index Formula

BNDVI
NIR−blue
NIR+blue

GNDVI
NIR−green
NIR+green

NDRE NIR−EIR
NIR+EIR

   
(a) (b) (c) 

NIR − blueNIR + blueNIR − greenNIR + greenNIR − EIRNIR + EIR

9 × 400 cmଶ = 0.36 mଶ
W୧୬ୡWୣ୶ୡ {(5, 15), (11, 31), (21, 61), (31, 91), (41, 121)}{(5, 15), (11, 21), (21, 31), (31, 41), (41, 51)} κ

Figure 6. The vegetation index BNDVI calculated with NIR and blue bands increases visibility of 3D
camouflage net in its environment compared to both raw bands. (a) blue; (b) NIR; (c) BNDVI.
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3. Results

For the evaluation of each target detector with MUCAD, an image resolution of
256 × 256 pixels was chosen to conserve computing capabilities, resulting in an effective
ground sample distance of 20 cm/px for each sample. It is the lowest resolution that
still allows for visually detecting the smallest targets of the dataset (persons in uniforms).
Before the samples were processed by the algorithms, every band was z-normalized (mean
of zero and standard deviation of one). Additionally, the visual band was weighted by
one-third, since it was treated as a single band but technically consists of three individual
bands. As a postprocessing step, all bright connected components that had an area smaller
than nine pixels were removed in the final binarized anomaly map of each target detector,
as it was assumed that anomalous objects occupy an area of at least a third square meter
(9 × 400 cm2 = 0.36 m2).

To find a near to optimal configuration for each target detector, multiple parameters
sets were applied (except for RX, which is parameterless). For LRX and LPD, Winc and Wexc
were set to: {(5, 15), (11, 31), (21, 61), (31, 91), (41, 121)}. Because of its expensive
computational requirements, the window sizes of CRD were selected slightly differently:
{(5, 15), (11, 21), (21, 31), (31, 41), (41, 51)}. As for the AED-based methods, κ was
set to: {25, 50, 100, 200, 300}. For AED-F, ν was also set to nine and υ (compactness
threshold) was set to 0.15.

The target detectors were applied on two different dataset configurations: the raw
version of MUCAD and an extended version with three additional bands: BNDVI, GNDVI,
and NDRE. The evaluation of each method was performed based on its receiver operating
characteristic (ROC) and the corresponding area under the curve (AUC). ROCs were
calculated for each target class and each capture individually, which were then combined
by threshold averaging [44] afterward to obtain a single ROC for each target class over
the whole dataset. ROCs with an AUC lower than 0.9 had such bad detection rates (true
positive rate) and high false alarm rates (false positive rate), that they were considered to
have not detected the target at all. Therefore, those weak results are not included in the
following tables and graphs for better clarity of the remaining results.

All experiments were conducted on a machine running Ubuntu 20.04 LTS with an
AMD Ryzen 9 3950X (16C/32T) and 128 GB Memory.

3.1. MUCAD

First, all target detectors were applied on the raw version of MUCAD. The resulting
receiver operating characteristics are displayed in Figure 7. Note that for each method
only the parameter configuration that achieved the highest AUC over all parameter con-
figurations of the method is shown. All other parameter configurations are not further
considered in the following evaluation. Each tile shows the results for a specific target class
and contains a color-coded ROC for every successful algorithm (note that each plot has
individual limits for the abscissa). The legend of every tile shows AUCs for each ROC
in parentheses.

As it can be seen, detection performances vary greatly across target detectors and
classes. The artificial hedge could only be detected by LRX and LPD. Still, their AUCs
are relatively low, and ROCs show that false alarm rates are already considerably high
before detection rates even reach 50%, which signalizes high difficulty for the methods
to detect the target. In contrast to that, the artificial grass mat, the green tarpaulin and
the gray tarpaulin were detected by all algorithms with high detection rates at low false
alarm rates. The 2D camouflage net, as well as the cars, were also detected by all methods
but with significantly lower performance, although LRX and CRD stand clearly out in
AUC and ROC. For the 3D camouflage net, only LRX and CRD could achieve considerable
results. Yet, the detection performances are almost as bad as for the artificial hedge, making
it the second target that could barely be detected. The persons were also detected only
by two algorithms: LRX and LPD. Only this time, LPD achieved a comparatively strong
performance with high detection rates at low false alarm rates.
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Figure 7. Receiver operating characteristics (ROCs) and areas under the curve (AUCs) for individual
target classes of every method applied on the raw version of MUCAD. Algorithms that achieved an
AUC less than 0.9 are not included. Note that each plot has individual limits for the abscissa.
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Table 3 contains the AUCs, parameter configurations, and runtimes for the ROCs
in Figure 7. The upper third of the table shows the AUC values of each algorithm for
every target class where the highest values are marked bold. As mentioned before, AUC
values lower than 0.9 are not included and were replaced by a “-”. Top scores are almost
evenly spread across LRX, LPD and CRD, showing that the detection task benefits from
local target and background assumptions, while the plain RX detector stays noticeably
behind the top performances in all target classes except for the gray tarpaulin. AED-based
methods fail in as many target class detections as RX but achieve close to best performance
for the artificial grass mat, the green tarpaulin and the gray tarpaulin. Moreover, AED-F
achieves consistently higher AUCs compared to its unmodified counterpart AED, showing
the effectiveness of the additional filtering. As already pointed out based on the ROCs,
the artificial hedge, the 3D camouflage net and the persons cannot be detected by a lot
of algorithms, though LPD achieves a strong detection performance for the person target
class. Those bad detection performances are likely due to weak spectral differences of the
artificial hedge (which even lies in the shadows) and the 3D camouflage net, and the small
spatial size of the persons, making them particularly hard to differentiate from normal
background clutter.

Table 3. Class-wise detection performances, parameter configurations and runtimes of each method
applied on the raw version of MUCAD. Detection results with an AUC less than 0.9 were replaced
with a “-” for better clarity.

Art. Hedg. Art. Gr. Mat Green Tarp Gray Tarp 2D Net 3D Net Person Car

Detection Performance (AUC)

RX - 0.9681 0.9768 0.9947 0.9543 - - 0.9566
LRX 0.9064 0.9961 0.9934 0.9998 0.9904 0.9598 0.9630 0.9605
AED - 0.9914 0.9953 0.9983 0.9656 - - 0.9226

AED-F - 0.9971 0.9970 0.9991 0.9732 - - 0.9359
LPD 0.9469 0.9976 0.9877 0.9797 0.9725 - 0.9889 0.9015
CRD - 0.9969 0.9977 0.9997 0.9886 0.9550 - 0.9782

Parameter Configuration (Winc and Wexc or κ)

RX - - - - - - - -
LRX (41, 121) (11, 31) (21, 61) (21, 61) (31, 91) (41, 121) (5, 15) (21, 61)
AED - 100 200 100 300 - - 300

AED-F - 100 200 100 300 - - 300
LPD (41, 121) (11, 31) (11, 31) (11, 31) (21, 61) - (5, 15) (21, 61)
CRD - (21, 31) (21, 31) (21, 31) (31, 41) (31, 41) - (41, 51)

Runtime

RX 6 ms
LRX 3700 ms 114 ms 350 ms 350 ms 894 ms 3700 ms 43 ms 350 ms
AED 295 ms

AED-F 525 ms
LPD 953 ms 74 ms 74 ms 74 ms 268 ms - 24 ms 268 ms
CRD - 2.8 min 2.8 min 2.8 min 8.2 min 8.2 min 0.5 min 17 min

The middle third of the table describes the parameter configuration for each detector
whose AUC is given in the first third. Depending on the algorithm, values stand either
for the inclusion and exclusion window (Winc and Wexc) or for the area of connected
components to be removed (κ). RX is parameterless. For the local neighborhood-based al-
gorithms, window sizes logically rise and fall with the targets’ sizes. As does the connected
component area for the AED-based methods.

The runtimes of the algorithms are outlined in the lower third of the table. The RX
detector does not have any parameters which results in a consistent runtime for each
target class. LRX, LPD and CRD depend heavily on their parameters, which translates into
increasing runtimes for larger window sizes. The runtimes of the AED-based methods
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are not influenced by their parameters and are therefore constant for each target class,
although the additional filtering in AED-F almost doubles its time consumption. CRD
has striking high runtimes due to its computational complexity, making it unsuitable for
any near real-time application regardless of its strong detection performance. All other
methods keep their time consumption below one second except LRX, which exceeds it
when window sizes are comparatively large. Note that the runtimes only contain the raw
method execution time and no time consumption caused by pre- or postprocessing.

Figure 8 shows the detection maps of all methods for an exemplary capture of MUCAD
containing the green tarpaulin, the grey tarpaulin, and the 2D camouflage net. The first
two images show the visual band (a) and the associated ground truth (b) of the capture,
followed by the detection maps (c–h) of RX, LRX, AED, AED-F, LPD, and CRD, respectively.
The parameter configurations of each method correspond to the second column in Table 3.
As it can be qualitatively observed, AED-F (f) produced much fewer false positives in the
detection map compared to AED (e). LRX (d) also generated much fewer false positive
detections than RX (c), which is consistent with their corresponding ROCs in Figure 7 and
AUCs in Table 3. LPD (g) produced a significantly different detection map with generally
higher anomaly scores compared to all other methods, but with no apparent negative
impact on its ROC or AUC. The detection map of CRD (h) appears to be very similar to the
detection map of LRX (d), although there are generally considerable differences in detection
performance, as indicated by their ROCs and AUCs.

    

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

Figure 8. Detection maps of all evaluated methods applied on an exemplary capture of the raw
version of MUCAD. (a) VIS; (b) ground truth; (c) RX; (d) LRX (21, 61); (e) AED (200); (f) AED-F (200);
(g) LPD (11, 31); (h) CRD (21, 31). The parameter configurations (in parentheses) correspond either to
the inclusion and exclusion window or to the area of connected components to be removed.

3.2. MUCAD-VI

For the extended version of MUCAD (MUCAD-VI), receiver operating characteristics
for every target class are shown in Figure 9. The tiles and their contents follow the same
pattern as in Figure 7. For the artificial hedge, only a subset of algorithms (RX, LRX, and
LPD) could achieve more than 0.9 AUC, but LRX obtained much higher detection rates
at equal false alarm rates compared to RX and LPD. The artificial grass mat, the green
tarpaulin, and the grey tarpaulin were detected by all algorithms, with LRX, CRD, AED,
and AED-F being close to an ideal detector for certain targets. All methods could detect
the 2D camouflage net, although LRX clearly outperformed all other detectors. For the 3D
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camouflage net, only LRX and CRD could achieve comparatively high detection rates at
low false alarm rates. LPD and RX obtained indeed more than 0.9 AUC but performed
significantly lower than their competitors. The persons were detected solely by LRX, LPD,
and CRD, with LPD clearly dominating in high detection rates at low false alarm rates. For
the detection of the cars, RX, LRX, and CRD obtained very similar results and outperformed
all other methods, with LPD not even reaching 0.9 AUC.

Figure 9. Receiver operating characteristics (ROCs) and areas under the curve (AUCs) for individual
target classes of every method applied on MUCAD-VI. Algorithms that achieved an AUC less than
0.9 are not included. Note that each plot has individual limits for the abscissa.
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Compared to the ROCs in Figure 7 (raw MUCAD), detection rates at low false alarms
generally improved across all methods and target classes. Most noticeable, the artificial
hedge (which was barely detected by LRX applied on the raw version of MUCAD) could
be detected with much higher detection rates at much lower false alarm rates. Additionally,
targets that were detected only by two methods in MUCAD, were detected by three to
four methods in MUCAD-VI. Although LPD previously managed to achieve more than
0.9 AUC for the cars, its detection performance fell below that threshold in its application
on MUCAD-VI.

Table 4 contains AUCs, parameter configurations, and runtimes for the methods and
ROCs in Figure 9. In the first third of the table, the detection performances in AUC are
displayed, with the highest value per target class marked in bold. LRX and CRD are clearly
dominating in terms of the number of highest AUC per class. AED-F and LPD achieved a
single top result, respectively, while RX and AED did not achieve any of the top results.
Additionally, LRX is the only algorithm that detected all targets (more than 0.9 AUC for all
targets). RX, LPD, and CRD could not detect the persons, the cars, and the artificial hedge,
respectively. In addition, not having accomplished top results in each class, it is notable
that AED-F achieved results relatively close to an ideal detector for the artificial grass mat,
the green tarpaulin, and the gray tarpaulin.

Table 4. Class-wise detection performances, parameter configurations, and runtimes of each method
applied on MUCAD extended by vegetation indices (MUCAD-VI). Detection results with an AUC
less than 0.9 were replaced with a “-” for better clarity.

Art. Hedg. Art. Gr. Mat Green Tarp Gray Tarp 2D Net 3D Net Person Car

Detection Performance (AUC)

RX 0.9426 0.9952 0.9795 0.9931 0.9591 0.9062 - 0.9842
LRX 0.9885 0.9997 0.9954 0.9997 0.9905 0.9721 0.9657 0.9754
AED - 0.9987 0.9992 0.9984 0.9756 - - 0.9233

AED-F - 0.9995 0.9995 0.9992 0.9815 - - 0.9385
LPD 0.9559 0.9989 0.9875 0.9778 0.9764 0.9460 0.9908 -
CRD - 0.9995 0.9971 0.9997 0.9853 0.9754 0.9025 0.9845

Parameter Configuration (Winc and Wexc or κ)

RX - - - - - - - -
LRX (41, 121) (21, 61) (11, 31) (21, 61) (31, 91) (31, 91) (5, 15) (21, 61)
AED - 100 100 100 300 - - 300

AED-F - 100 100 100 300 - - 200
LPD (41, 121) (11, 31) (11, 31) (11, 31) (21, 61) (21, 61) (5, 15) -
CRD - (21, 31) (21, 31) (21, 31) (31, 41) (31, 41) (5, 15) (41, 51)

Runtime

RX 6 ms
LRX 7300 ms 476 ms 148 ms 476 ms 2000 ms 2000 ms 53 ms 476 ms
AED 397 ms

AED-F 691 ms
LPD 1000 ms 78 ms 78 ms 78 ms 282 ms 282 ms 24 ms -
CRD - 2.8 min 2.8 min 2.8 min 8.2 min 8.2 min 0.1 min 17 min

As it has already been pointed out in the evaluation of the ROCs in Figure 9, com-
pared to the results obtained with raw MUCAD, detection performances for MUCAD-VI
consistently increased or were at least equally high. This is most noticeable for the artificial
hedge and the 3D camouflage net, which were most difficult to detect by all algorithms
(lowest AUC values). Furthermore, targets that were detected only by a small subset of
methods before, were detected by one to two methods more.

The parameter configurations in the middle third of table, indicating either the inclu-
sion and exclusion window sizes or the area of connected components to be removed, do
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not show any significant changes compared to the parameter configurations of the methods
when applied on raw MUCAD.

The opposite situation prevails for the runtimes in the lower third of the table. While
RX and CRD seem to be almost unaffected by the increased number of bands in MUCAD-VI,
all other methods show considerable higher runtimes. LRX needs roughly twice as much
time and the AED-based methods apparently scale linearly with the number of bands to
process. LPD is less sensitive to the number of bands, resulting only in a marginally higher
time consumption for the same parameter configurations.

Figure 10 shows the detection maps of all methods for an exemplary capture of
MUCAD-VI containing the green tarpaulin, the grey tarpaulin and the 2D camouflage
net. The images (a–h) follow the same structure as the images in Figure 8. The parameter
configurations of each method correspond to the second column in Table 4. Compared
to the detection maps in Figure 8, the anomaly scores in the target areas are considerably
higher, particularly in the detection maps of AED (e) and AED-F (f), which qualitatively
confirms the generally higher detection performance of all methods observed in the ROCs
of Figure 9 and the AUCs of Table 4. AED-F (f) again generated much fewer false positives
than AED (e), as did LRX (d) compared to RX (c). In contrast to Figure 8, CRD (h) produced
a detection map with significantly fewer false positives compared to LRX (d).

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

Figure 10. Detection maps of all evaluated methods applied on an exemplary capture of the extended
version of MUCAD (MUCAD-VI). (a) VIS; (b) ground truth; (c) RX; (d) LRX (21, 61); (e) AED (200);
(f) AED-F (200); (g) LPD (11, 31); (h) CRD (21, 31). The parameter configurations (in parentheses)
corresponds either to the inclusion and exclusion window or to the area of connected components to
be removed.

4. Discussions

The results showed that all adopted anomaly detection methods were principally
capable of detecting multiple targets in MUCAD and MUCAD-VI, clearly indicating the
applicability of hyperspectral anomaly detection methods for camouflage detection in mul-
tispectral imagery. However, none of the detectors could achieve strong and stable results
over all targets, although LRX was the only method that obtained more than 0.9 AUC for
all targets. Yet, the detection performances of all methods including LRX heavily fluctuated
across all targets. For instance, LPD outperformed all other methods for the relatively
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small person targets but achieved considerably worse results than LRX for all other targets,
which indeed works entirely different but operates in a local neighborhood very similar
to LPD. In addition, the AED-based methods achieved top detection performances for
the artificial grass mat, the green tarpaulin, and the gray tarpaulin but far worse results
for all other targets. The high detection rates for those specific targets might be induced
by the very homogenous surfaces and strong spectral distinctiveness compared to the
other targets. These observations indicate that each algorithm heavily depends on the
target’s properties for successful detections. As already indicated in the introduction, it
is the nature of camouflage that its spatial and spectral properties are usually unknown
in real-world reconnaissance scenarios, which makes it very difficult to account for these
strong dependencies. Fusing anomaly maps of different (or differently configured) target
detectors that were empirically evaluated to work for targets featuring specific properties
with very low false alarm rates could be an applicable approach to mitigate that issue to
some extent.

It must also be noted that all detectors generally depend on strong spectral differences
between targets and their surroundings, which is a logical requirement for the detectors to
work but must be considered for the evaluation of each detector. For example, the artificial
hedge lacks strong spectral distinctiveness in its environment as it is occluded by shadows,
but all bands except LWIR of MUCAD and MUCAD-VI depend on the target’s reflectance
properties which are naturally less prominent in low light environments. Therefore, the
algorithms had to detect targets with very little anomalous spectral characteristics, which
is of course more difficult than the detection of targets with strong anomalous properties.
The artificial grass mat, the green tarpaulin, and the grey tarpaulin possess very distinctive
and unique spectral signatures, which resulted in significantly high detection rates at low
false alarm rates for all algorithms compared to all other targets. In this context, it becomes
apparent that the successful detection of certain targets in certain environments depends
not only on the detection algorithms but on the underlying multispectral sensor setup
or dataset, as well. Since the environments and targets captured in MUCAD are limited,
the results account only for a very limited scope of possibilities. For different targets and
different environments, the multispectral sensor setup might be not suitable to provide
distinctive spectral signatures for each target, which in turn might then not be detected by
any algorithm.

Although the selection of vegetation indices added to MUCAD in MUCAD-VI may
seem arbitrary, the results indicate that a combination of the existing bands can have a
positive effect on the performance of the target detectors. Since the sensor setup or the
dataset is usually fixed in terms of bands and spectral raw information, an extension of
more deliberately chosen combinations of bands might even further improve the detection
performances compared to a selection of already predefined vegetation indices.

In terms of computational complexity and runtimes, all target detectors except CRD
were able to work at near real-time conditions under most circumstances. Only a few
parameter configurations led to runtimes slower than one second, although the number of
bands to process had some influence, as well. In real-world applications with near real-time
requirements, parameter configurations and the number of bands under consideration must
be properly selected to avoid excessive runtimes of sensitive algorithms. However, it must
also be noted that all runtimes were measured on a currently very powerful CPU, which
might not be available in real-world scenarios. Despite its strong detection performance, the
implementation of CRD in this work always requires much more time than a single second
and does therefore not fulfill near real-time requirements, making it currently unsuitable
for any real-world application.

Future research will focus on further improving the detection results by collecting
more multispectral data at different seasons and by investigating how multispectral raw
bands can be effectively enhanced, (i.e., by combining them) and selected in order to
maximize the visibility of camouflage in different environments.
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5. Conclusions

From the evaluation of the detection performances, it can be concluded that the
hyperspectral anomaly detection methods investigated in this paper can principally be
used for camouflage detection in multispectral imagery. However, since all methods
already showed strong variations in detection performance for the limited number of
different targets and environments in MUCAD, it must be assumed that even the best
detection algorithm could miss some targets in real-world applications. As failing to
detect a camouflaged hostile unit could prove fatal in a real-world reconnaissance scenario,
additional research must be conducted to further improve detection results.

In addition to the individual detector performances, the limited spectral information
provided by any multispectral sensor setup or dataset must also be taken into account. Some
spectral bands may not contain enough information for certain targets and environments
in order to lead to successful target detections. As shown in the results, enhancing the data
with carefully selected derived bands, such as vegetation indices, can successfully mitigate
that issue and result in higher detection rates of the algorithms.

Since multispectral imagery is not as complex as its hyperspectral counterpart, nearly
all detectors except CRD performed at near real-time requirements. However, some al-
gorithms quickly slowed down as the number of bands to process increased or their
parameters changed, which must be considered in a tactical reconnaissance scenario where
time is of the essence. The number of bands to process should therefore be kept as low as
possible and the parameter configuration carefully selected to minimize computation time.
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Abstract: To improve the management of multispectral sensor systems on small reconnaissance
drones, this paper proposes an approach to predict the performance of a sensor band with respect to
its ability to expose camouflaged targets under a given environmental context. As a reference for
sensor performance, a new metric is introduced that quantifies the visibility of camouflaged targets
in a particular sensor band: the Target Visibility Index (TVI). For the sensor performance prediction,
several machine learning models are trained to learn the relationship between the TVI for a specific
sensor band and an environmental context state extracted from the visual band by multiple image
descriptors. Using a predicted measure of performance, the sensor bands are ranked according to
their significance. For the training and evaluation of the performance prediction approach, a dataset
featuring 853 multispectral captures and numerous camouflaged targets in different environments
was created and has been made publicly available for download. The results show that the proposed
approach can successfully determine the most informative sensor bands in most cases. Therefore, this
performance prediction approach has great potential to improve camouflage detection performance
in real-world reconnaissance scenarios by increasing the utility of each sensor band and reducing the
associated workload of complex multispectral sensor systems.

Keywords: multispectral; infrared; camouflage detection; target visibility; sensor performance; sensor
management; performance modelling

1. Introduction

Multispectral sensor systems have become quite popular for various remote sensing
applications, ranging from precision agriculture [1–3], land cover classification [4,5], de-
tection of weeds [6], and plant disease monitoring [7–9] to shoreline extraction [10], water
body detection [11], bathymetry [12], and disaster evaluation [13]. Their relatively low
cost, size, weight, and power consumption make them suitable for use even on small
reconnaissance drones, where the rich spectral information they provide can be utilized
to detect camouflaged targets [14]. However, compared to the visual or thermal infrared
sensors commonly used in reconnaissance scenarios, multispectral sensors provide a much
larger number of bands, including derivatives such as vegetation indices (e.g., NDVI and
NDRE). This additional information introduces a substantially heavier workload that must
be managed by a sensor operator and possibly by any subsequent computer-aided pro-
cessing system. For this reason, the Institute of Flight Systems at the University of the
Bundeswehr, Munich, Germany is actively researching the use of multispectral sensor
systems on small tactical drones in military reconnaissance scenarios.

Because each material has unique spectral characteristics, sensor bands that expose
camouflaged targets in one environment, such as grassland, may not expose camouflaged
targets in another environment, such as gravel. Knowing when to utilize which sensor
band under given environmental conditions is usually based on experience and empirical
experimentation. The large number of possible bands provided by multispectral sensor
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systems makes the selection of the most useful sensor bands an even more complex task,
especially in time-critical military reconnaissance scenarios. Therefore, this work presents
an approach to address this issue by predicting the performance of a sensor band with
respect to its ability to expose camouflaged targets. More specifically, each sensor band
is linked to a performance model that predicts its performance by assessing the current
environmental situation. Having a measure of performance for each sensor band of a
multispectral sensor system at flight time, the sensor bands can be ranked from those
providing the most performance to those providing the least performance. Moreover, the
sensor bands can be reduced to the most meaningful ones, leaving the sensor operator or
any subsequent processing instance with a mere subset of all sensor bands. This subset
is processed more quickly and is more likely to contain the information needed to detect
camouflaged targets.

In order to quantify the performance of a sensor band, this work introduces the Target
Visibility Index (TVI). The TVI is a metric that provides a measure of the extent to which a
given sensor band exposes a camouflaged target. Using the TVI as a reference for sensor
performance, machine learning models can be trained to learn the relationship between
the current environmental situation and the corresponding performance of a given sensor
band. After training, these machine learning models can be employed as performance
models for the sensor bands of a multispectral sensor system, where they dynamically
assess the environmental situation and predict the performance of their associated sensor
band. Here, the environmental situation is represented in an abstract way by a so-called
context state. The context state is a feature vector extracted by multiple feature descriptors
from a preselected sensor band of the multispectral sensor system. In conclusion, the
performance models technically learn the relationship between the context state and the
TVI of their associated sensor band.

For the training of the performance models and the evaluation of their predictions,
a custom dataset featuring 853 multispectral captures containing several different cam-
ouflaged targets in various environments at different seasons was compiled. To support
reproducibility and enable further research, the dataset has been made publicly available
for download (see the Data Availability Statement at the end of this manuscript).

In summary, this work makes the following scientific contributions:

• Proposition and evaluation of a method for predicting sensor performance with respect
to the exposure of camouflaged targets.

• Introduction of a metric for measuring sensor performance with respect to the exposure
of camouflaged targets.

• Provision of an extensive multispectral dataset containing multiple camouflaged
targets: the eXtended Multispectral Dataset for Camouflage Detection (MUDCAD-X).

1.1. Related Work

Although research related to sensor performance modeling and prediction is scarce,
there have been a number of recently conducted relevant studies. In [15], sensor perfor-
mance models were used to map selected environmental states to the detection performance
of object detection algorithms for flight trajectory optimization using an optimal control
approach. Incorporating these sensor performance models into the optimization procedure
allowed the computation of flight trajectories that maximized the detection performance of
the object detection algorithms. In [16], object detection models were used to support the
sensor scheduling algorithm by predicting the probability of successful object detections
given the current environmental and UAV conditions for UAV-based multi-object tracking
applications with limited sensor capabilities, leading to significantly improved object obser-
vation times. In other research, the most suitable detection algorithm has been dynamically
selected aboard a sensor-equipped UAV under given environmental conditions through
modelling and predicting the performance of several object detection algorithms using
Bayesian Networks [17] or artificial neural networks and fuzzy inference [18]. Both of
these approaches were able to substantially increase overall object detection performance.
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However, the prediction of sensor performance with respect to the exposure of camouflaged
targets has not yet been explored, motivating the work presented in this manuscript.

The measurement of visibility or exposure of targets in a dynamic environment is
a highly active field of research, especially in the automotive area, where traffic lights
and signs have to be designed in such way that they cannot be overlooked by any road
user. Visibility metrics based on luminance measurements and psychological behavior,
such as the target visibility level [19] and the relative visual performance [20], have been
proposed and evaluated in various scenarios [21–24]. The determination of visibility
in terms of the distance at which objects can be identified from visual [25,26] and near-
infrared [25] camera footage has been studied as well. For detecting the most salient
regions and objects in an image according to human perception, a number of approaches
have been introduced [27–29]. These methods generate a saliency map from an input
image, highlighting those regions that the human eye would naturally focus on first.
However, visibility metrics based on human perception in real-world scenes or laboratory
environments are not applicable to the use case considered in this work, nor are visibility
metrics in the form of viewing distances. Furthermore, saliency maps are expensive to
compute and difficult to translate into a single sensor performance score. Therefore, in
this paper we introduce a computationally inexpensive metric based on contrast [30] and
statistical properties that have already been used for other image metrics [31,32].

1.2. Outline

In the following section (Section 2), the dataset, Target Visibility Index, and sensor
performance prediction approach are introduced and explained in detail. The next section
(Section 3) covers the evaluation and comparison of the machine learning models and their
different training procedures with respect to their ability to determine the most informative
bands given the context state. Finally, the results and their significance are discussed in
Section 4, and summarized conclusions are drawn in Section 5.

2. Methods and Materials

This section introduces the dataset used to train and evaluate the proposed sensor
performance prediction method in Section 2.1, the metric for target visibility in Section 2.2,
and the proposed method itself in Section 2.3.

2.1. Dataset

The data used to train and evaluate the proposed sensor performance prediction
approach were collected in two different areas of the test site at the University of the
Bundeswehr, Munich. The areas shown in Figure 1 provided a variety of different envi-
ronments, such as grassland, gravel and graveled soil, various bushes and trees, and both
concrete and asphalt roads. This diversity constitutes an excellent foundation for a rich and
comprehensive dataset. For the camouflaged targets, thirteen different objects were placed
in visually similar environments in each of these areas: a piece of artificial turf, an artificial
hedge, a green tarp, a green 2D camouflage net, a green 3D camouflage net, a gray tarp, an
anthracite fleece, a gray 3D camouflage net, a yellow 3D camouflage net, and four persons,
two wearing green uniforms and two wearing yellow uniforms. All targets are listed in
Table 1 along with the corresponding target group indicating the type of environment in
which the target was placed (i.e., green targets in green environments). In addition, the
table shows the percentage distribution of the targets and target groups. As can be seen, the
green targets dominate the data, making up almost two thirds, while the gray and yellow
targets occupy about one and two ninths, respectively. This is due to the greater number of
green targets compared to the number of yellow and gray targets as well as to the nature
of the captured areas, which are dominated by green environments. Figure 2 shows the
artificial hedge, the green 2D camouflage net, the gray 3D camouflage net, the green 3D
camouflage net, the yellow 3D camouflage net, and the artificial turf in their corresponding
environments from the ground perspective. Note that 3D camouflage nets have a more
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irregularly structured surface than 2D camouflage nets, which are mostly flat and similar
to a tarp.

(a) (b)
Figure 1. The two areas of the test site at the University of the Bundeswehr Munich (in May) where
the camouflaged targets were placed: (a) area A; (b) area B.

(a) (b) (c)

(d) (e) (f)
Figure 2. Multiple different camouflaged targets of the dataset from the ground perspective; all
targets were placed in environments where they easily integrate: (a) artificial hedge, (b) green 2D
camouflage net, (c) gray 3D camouflage net, (d) green 3D camouflage net, (e) yellow 3D camouflage
net, (f) artificial turf.

For acquisition of the multispectral data, the camouflaged targets were placed in one
of the areas and captured from the nadir perspective by an unmanned aerial vehicle (UAV).
The UAV was equipped with a multispectral sensor system providing the bands described
in Table 2. After each capture flight, the objects were placed in a different environment of the
same area and captured again, resulting in seven different locations for each target in both
areas (the battery life of the UAV limited the number of capture flights per area to seven).
When the first area had been captured seven times, the same process was repeated for the
second area. The entire capture process was conducted on three different days in three
different seasons: spring in May, summer in August, and autumn in November. This was
done to provide variety in the data in order to make the results as meaningful as possible.
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Consequently, all camouflaged targets were captured in fourteen different environments
(seven locations in two areas) in three different seasons, with only a few exceptions:

• The yellow 3D camouflage net was not used in area A in summer or autumn, as the
environment was all green and no appropriate spot could be found for it.

• Only four capture flights over area B were conducted in summer, as the UAV broke
during the experiments and could not be repaired in time.

• The yellow 3D camouflage net was left in the same place on all four summer cap-
ture flights in area B, as it had been overlooked when the camouflaged targets
were rearranged.

Table 1. All thirteen camouflaged targets and their corresponding target group captured in the
dataset. The percentages show the proportion of each target or target group among the annotations
in the dataset.

Camouflaged Target Group

artificial turf 9.3%

green 65.8%

artificial hedge 9.4%
green tarp 9.2%

green 2D camouflage net 9.9%
green 3D camouflage net 9.6%

2 persons in green uniforms 18.4%

gray tarp 3.1%
gray 11.4%anthracite fleece 2.2%

gray 3D camouflage net 6.2%

yellow 3D camouflage net 5.9% yellow 22.8%
2 persons in yellow uniforms 16.9%

Table 2. The bands and their associated properties provided by each capture of the dataset.

Band Center Wavelength Bandwidth

visual (VIS) - -
blue 475 nm 32 nm

green 560 nm 27 nm
red 668 nm 14 nm

edge-infrared (EIR) 717 nm 12 nm
near-infrared (NIR) 842 nm 57 nm

long-wave infrared (LWIR) 10.5 µm 6 µm

The final dataset, called eXtended Multispectral Dataset for Camouflage Detection
(MUDCAD-X), was not derived directly from the acquired data, instead being derived from
orthophotos generated separately for each sensor band. Two of these orthophotos, com-
puted from the visual band images, have already been shown in Figure 1. The orthophotos
were generated with a ground sample distance (GSD) of 10 cm

px using the command line
toolkit Open Drone Map [33]. Using a sliding window with a resolution of 512 by 512 pix-
els, the captures of the final dataset were cropped from the orthophotos to ensure that
each capture contained at least a single camouflaged target. In addition, the individual
sensor bands of each capture were pixel-aligned using Enhanced Correlation Coefficient
Maximization [34] provided by the computer vision library OpenCV [35]. Figure 3 shows a
sample capture of the dataset with all bands from VIS to LWIR (Figure 3a–g) and multiple
different camouflaged targets in the scene that are identified by the ground truth mask in
Figure 3h. In total, the final dataset contained 853 annotated and pixel aligned multispectral
captures, each with a resolution of 512 by 512 pixels, a GSD of 10 cm

px , and containing at least
a single camouflaged target. The ground truth masks were created using the Computer
Vision Annotation Tool v2.3.0 [36].
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(a) VIS (b) blue (c) green (d) red

(e) EIR (f) NIR (g) LWIR (h) label
Figure 3. Sample capture of the dataset, with bands from VIS (a) to LWIR (g) and a ground truth
mask (h) identifying all captured camouflaged targets. Note that each camouflaged target is denoted
in a different color, making for five different targets in the scene.

2.2. Measuring Sensor Performance

In order to train a machine learning model to predict the extent to which camouflaged
targets are exposed in a given sensor band, a metric describing that extent is first required.
Because the prediction is made for the entire sensor band as a single unit, this metric must
consider the entire sensor band. For this purpose, in this paper we introduce the Target
Visibility Index (TVI), provided in Equation (1), where µT is the mean over all pixel values
belonging to the camouflaged target, µB is the mean over all pixel values belonging to the
background, σT is the standard deviation of all pixel values belonging to the camouflaged
target, and σB is the standard deviation of all pixel values belonging to the background. The
mean and standard deviation are computationally efficient and commonly used statistical
properties in well-established image metrics for a wide range of problems [31,32]. As such,
they were employed for the TVI.

TVI = (µT − µB)
2(1 − 2σT)

2(1 − 2σB)
2 (1)

In general, the TVI is based on the idea that an ideal sensor band exposes a camou-
flaged target as much as possible, which is illustrated in Figure 4. The visual image in
Figure 4a shows a scene containing a single camouflaged target, the green 3D camouflage
net. According to the TVI, the corresponding ideal sensor band for that exact same scene
is depicted in Figure 4b. All pixel values belonging to the camouflaged target differ as
much as possible from all pixel values belonging to the background, resulting in the highest
possible value of the TVI (1.0). The first factor of the TVI ((µT − µB)

2) serves as an approxi-
mate measure of fulfillment of that property. It is zero when the difference between the
camouflaged target pixel values and the background pixel values is zero and one when the
difference between the camouflaged target pixel values and the background pixel values is
maximal. Thus, it can be interpreted as a measure of contrast [30] between the target and
the background. However, the difference between the mean values does not sufficiently
describe the extent to which the target is exposed, as can be seen in Figure 4c,d. In both
bands, the respective means over all pixel values belonging to the camouflaged target are
identical, as are the respective means over all pixel values belonging to the background.
Consequently, the first factor of the TVI ((µT − µB)

2) yields the same result (0.04) in both
cases. However, the difference in means in Figure 4d results from two different distributions
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of two pixel values, while in Figure 4c it results from a difference of two constant pixel
values. Considering the exemplary case that the difference of mean values is already at its
maximum, a band such as that in Figure 4c would most likely be preferable over the one in
Figure 4d in an actual reconnaissance scenario. Therefore, the metric must take into account
the distribution of the pixel values belonging to the background and the distribution of
the pixel values belonging to the camouflaged target. To ensure that small spreads in the
pixel value distributions are preferable over large spreads, the TVI implements the second
((1 − 2σT)

2) and third ((1 − 2σB)
2) factors, which penalize large spreads of pixel values and

favor small spreads. In essence, the greater the TVI, the closer the camouflaged target pixel
values and the background pixel values are to each other, respectively. Each factor equals
zero if the spread of the respective pixel values is maximal and one if there is no spread
at all. Because there is no spread in both distributions in Figure 4c, both factors are one
and the first factor determines the final TVI. In contrast, the spread in both distributions
in Figure 4d is close to the maximum, resulting in a TVI close to zero. However, there
are limits, as shown in Figure 4e. Although the standard deviations for the target and
background pixels are zero, their means are equal. As a result, the first factor of the TVI
equals zero, leading to a TVI of zero as well. Eventually, the TVI can only be maximal when
there is minimal spread in both camouflaged target pixel values and background pixel
values, and when the difference between their mean values is maximal.

(a) VIS (b) ideal (1.0) (c) good (0.04) (d) bad (≈0.0) (e) bad (0.0)

Figure 4. Demonstration of camouflaged target visibility, where (b) corresponds to an ideal band for
the scene depicted in (a). Likewise, (c) corresponds to a band with good visibility of the target, while
(d,e) correspond to a band with poor or no visibility of the target. The associated TVIs are shown
in parentheses.

The TVI is designed for single-channel images and a range of values from zero to
one. Other ranges must be normalized, or the TVI will produce inconclusive results. Each
individual factor of the TVI ranges between zero and one. If one of the means is zero
and the other is one, then the first factor of the TVI is one. If the means are equal, then
the first factor is zero regardless of their actual values. Because the theoretical maximum
of the standard deviation is 0.5 for a range of values from zero to one [37], the second
and third factors of the TVI are zero for the maximum standard deviation and one for
zero standard deviation. With all factors ranging between one and zero, the TVI range
is between zero and one. The factors are multiplicatively combined to prevent a strong
individual factor from outweighing a weak individual factor, which would be possible
in an additive combination, for instance. Additionally, each factor is squared to avoid
negative values and retain the differentiability of the TVI, which might be useful if the TVI
is used for numerical optimization problems.

Figure 5 shows real-world examples of the TVI. As can be observed, the TVI is very
low for the blue band (Figure 5a) and relatively high for the EIR band (Figure 5b) and NIR
band (Figure 5c). This is consistent with the expected behavior of the metric, as the target
appears to be much more exposed in the EIR and NIR bands than in the blue band. It can
be seen that the TVI generally produces relatively low values for real-world images, even
when the camouflaged target is easily distinguishable from its surroundings. At this point,
it is important to note that the design of the TVI is based on those edge cases where it is
equal to either one, as shown in Figure 4b, or zero, as shown in Figure 4d,e. The closer
the sensor band is to one of these edge cases, the closer the TVI is to zero or one, where
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closer is mathematically defined by the factors provided in Equation (1). For any TVI value
in between these edge cases, its true meaning in terms of target visibility is difficult to
determine and does not necessarily correspond to human perception. For example, if the
target in Figure 5c were placed in the shadows of the tree line immediately next to it, it
would be much less visible to the human eye; however, in terms of the TVI, the visibility of
the target would be roughly the same in both cases, as the change in the mean and standard
deviation of the background pixels would be negligible. Notably, actual human perception
of visibility is currently the subject of active research, which is beyond the scope of this
work except for those trivial edge cases in which the TVI generates predefined values of
zero and one. The TVI quantifies target visibility as a single value in a computationally
efficient and comparable way, which naturally involves approximation; ultimately, this
is necessary in order to measure and compare the extent to which a target is exposed in
different sensor bands.

(a) blue (≈0.0) (b) EIR (0.013) (c) NIR (0.025) (d) ideal (1.0)
Figure 5. Demonstration of the Target Visibility Index (TVI), producing relatively low values for bad
visibility of the target in (a) and relatively high values for good target visibility in (b,c). The ideal
band in (d) results in a TVI of 1.

2.3. Predicting Sensor Performance

To predict sensor performance, in this paper we introduce the concept illustrated
in Figure 6. Considering a multispectral sensor system with multiple different bands, a
preselected context band is used to extract a context state that provides abstract information
about the current environment and scenery. From the context state, the individual perfor-
mance models predict the performance of their associated sensor bands. In the illustrated
example, the predicted performance is high for band D, medium for bands A and C, and
low for band B. Finally, the sensor bands are ranked by their performance predictions
in order to obtain the subset of sensor bands that is most likely to provide the highest
visibility of camouflaged targets. This greatly reduces the amount of information that must
be processed in any subsequent evaluation instance.

In this work, the context state is extracted from the gray-level converted visual band
using 16 bit rotation-invariant uniform local binary patterns (LBPriu2

16 operator) [38] and
the fourteen Haralick features [39]. Both are computationally inexpensive and common
choices for feature extractors in image classification problems [40–42], where an abstract
representation of the scene to be classified is required as well. Table 3 shows the final
composition of the context state. The LBPs were extracted with a radius of 2 px and a
resolution of 16 using the implementation of the ImageFeatures.jl package of the Julia
Programming Language [43]. To obtain the first eighteen values of the context state, the
histogram over the extracted rotation-invariant uniform patterns was computed. Each
value of the histogram represents the number of occurrences of each individual pattern.
Because there are exactly seventeen rotation-invariant uniform patterns for a bit size of
16, the resulting histogram holds eighteen values, where the last one accounts for the
occurrences of all non-uniform patterns. In the last step, the histogram is normalized to
ensure that the values of the histogram sum to one. The remaining Haralick features of the
context state were computed using the Python package Mahotas [44]. Each value of the
first fourteen Haralick features is an average of four individual features values produced
by four different gray-level co-occurrence matrices, each generated for a radius of 1 px and
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the directions left, right, up, and down. The second fourteen Haralick features contain
the differences between the maximum and minimum values generated by each of the
four individual gray-level co-occurrence matrices. In total, the context state consists of
46 features that abstractly describe the environmental situation based on the preselected
context band.

Performance
Model

Performance
Model

Performance
Model

Performance
Model

Predict Performance (Target Visibility)

Band C Band DBand BBand A D-A-C-B

Feature Extraction

Context Band

Context State

Most Informative Band Order

Figure 6. Conceptual basis of sensor performance prediction (target visibility). First, the context state
is extracted by image descriptors from a preselected context band. Based on the context state, each
performance model then predicts the target visibility for its associated band. The bands can be sorted
after the predictions are made, allowing them to be ordered from the most informative to the least
informative band. The green, yellow, and red prediction arrows indicate good, medium, and bad
performance, respectively.

Table 3. The structure of the context state extracted from the context band (VIS) using local binary
patterns and Haralick features. The numbers correspond to the feature value positions of the
context state.

LBP Haralick

uniform non-uniform mean min-max
1–17 18 19–32 33–46

For the performance models that predict the sensor band performance from the context
state, three machine learning methods for regression tasks were applied: ε-Support Vector
Regression (ε-SVR), Random Forests (RFs), and Gradient Boosted Trees (GBTs). All are
based on different concepts, have been thoroughly studied, and are commonly used for
complex regression tasks. In addition, their training is efficient and a robust implementation
is usually available for the most popular programming languages. Therefore, they were
chosen for the regression task in this work. The ε-SVR, RFs, and GBTs were trained and
evaluated using the common interface of the Machine Learning Framework for Julia [45],
where the models relied on the LIBSVM [46], DecisionTree.jl [47], and XGBoost [48] back-
ends, respectively. The parameter selections used to train the models are introduced in
Section 3.1.

3. Experiments and Results

This section first introduces the parameters and data used to train the machine learn-
ing models (i.e., performance models) in Section 3.1. Afterwards, the evaluation of the
prediction performances of all models is presented in Section 3.2.

3.1. Training

In order to divide the dataset introduced in Section 2.1 into training and test data,
80% of the captures were randomly selected as training data and the remaining 20% were
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used to evaluate the models. In each capture, for each band except VIS the context state
was extracted from the gray-level converted visual band as described in Section 2.3 and
mapped to a single TVI. Because there are six bands (blue, green, red, EIR, NIR and
LWIR), each context state maps to six different TVIs per capture. In the case of multiple
camouflaged targets in the capture, the resulting TVIs had to be reduced to a single value.
This was achieved by averaging all of the individual TVIs calculated separately for each
camouflaged target. Thus, a camouflaged target belongs to the background of every other
camouflaged target in the scene. Although averaging could dilute the mappings from the
context state to the TVI, it is able to consider all targets in the scene equally for the single
sensor performance value. The context states were additionally z-normalized, leading to a
mean value of zero and a standard deviation of one for each feature value over all context
states. The means and standard deviations required for the normalization were calculated
for the training data only, then applied to both the training and test data.

Considering a reconnaissance scenario in which a priori knowledge on the camou-
flaged targets is available, it could be beneficial to employ performance models that are
able to account for this additional knowledge. For example, if the camouflaged targets
are known to be located in green environments such as woods, bushes, and grass, a
performance model trained only on targets commonly used in these environments may
outperform a model trained on additional kinds of targets. Therefore, the models were
additionally trained on data for which the resulting TVI for each sensor band was not
calculated over all camouflaged targets in the scene, only over those belonging to specific
target group, as has been already introduced above in Table 1. This reduces the potential
dilution caused by averaging over the TVIs of targets in different target groups. Because
not every capture in the dataset contains a camouflaged target of each target group,
the training and testing splits and feature normalization for the specialized models
were performed only on the number of captures that actually contained a target of the
respective target group. With three different target groups, the models were trained on
a total of four different data variations: one for each of the target groups, and one in
which the target groups were ignored. With six bands for each capture, three different
machine learning models, and four different data variations, a total of 72 models were
trained. After training, the models use a normalized feature vector extracted from a
gray-level converted visual band to predict the TVI for their associated sensor band.
For the models trained on data where the TVI was calculated only for a specific target
group, their predictions consider only the targets belonging to that specific target group.
In contrast, the predictions of the models trained on data containing all camouflaged
targets consider all target groups.

The optimal parameters for each model were searched by a simple grid scan based on
cross-validation over the training data with five folds and utilizing the root mean square
error (RSME). The four-part Table 4 shows the final training parameter configurations for
the models considering all target groups, only targets belonging to the green target group,
only targets belonging to the gray target group, and only targets belonging to the yellow
target group, respectively. Note that the predictions of the individual models were not
evaluated further; instead, the evaluation of the models is based on comparisons of the
predicted most informative band orders with the actual most informative band orders,
which is explained in detail in Section 3.2.
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Table 4. The final training parameter configurations for each machine learning model (i.e., perfor-
mance model), including the models that considered targets of any target group and the models that
considering only targets belonging to one of the green, gray, or yellow target group. Unmentioned
parameters were retained at the default values provided by their respective implementations. The
trees, leaves, split, features, and fraction parameters of the Random Forest model specify the number
of trees, minimum number of samples belonging to a single leaf node, minimum number of samples
required for further splitting, number of random subfeatures for each tree, and fraction of random
training samples for each tree, respectively. The rounds and depth parameters of the XGBoost model
represent the maximum depth of each tree and the number of boosting rounds, respectively.

ε-SVR Random Forest XGBoost

ε C Trees Leaves Split Features Fraction Rounds η Depth λ

any target models

blue 0.00412 0.044 46 3 15
√

46 1.0 200 0.05 6 2.5
green 0.00162 0.06 46 3 7

√
46 1.0 400 0.025 2 0.001

red 0.0041 0.041 28 2 16
√

46 0.8 450 0.1 2 30
EIR 0.0018 0.022 14 1 8

√
46 0.9 275 0.04 6 0.1

NIR 0.00112 0.026 28 1 4
√

46 1.0 125 0.05 4 0.001
LWIR 0.00747 0.1 23 1 3

√
46 0.8 475 0.1 2 25

green target models

blue 0.00068 0.038 41 3 5
√

46 1.0 125 0.065 4 0.1
green 0.00202 0.038 14 1 5

√
46 0.8 100 0.075 4 0.25

red 0.00163 0.1 28 1 2 46 1.0 150 0.06 4 0.001
EIR 0.00538 0.041 23 2 16

√
46 0.6 75 0.08 2 0.001

NIR 0.00748 0.014 10 13 19 46 0.5 75 0.095 2 0.001
LWIR 0.00835 0.089 10 4 11

√
46 0.8 300 0.1 2 27.5

gray target models

blue 0.01 0.093 32 5 8 46 0.9 200 0.1 2 1.0
green 0.00689 0.03 23 4 6

√
46 1.0 150 0.05 4 0.5

red 0.00996 0.018 19 11 2 46 0.5 100 0.095 2 50
EIR 0.00989 0.086 23 2 2 46 0.6 100 0.06 2 5.0
NIR 0.00985 0.028 19 9 11

√
46 0.9 125 0.045 2 0.5

LWIR 0.00428 0.021 10 14 7 46 0.5 375 0.1 2 27.5

yellow target models

blue 0.00144 0.08 14 5 9
√

46 1.0 100 0.1 6 0.1
green 0.00705 0.081 14 4 14

√
46 0.5 225 0.075 8 0.25

red 0.00847 0.096 41 3 2
√

46 0.8 75 0.095 6 0.1
EIR 0.00299 0.006 10 1 7 46 1.0 125 0.06 4 0.1
NIR 0.00138 0.001 28 2 2

√
46 0.6 125 0.095 2 50

LWIR 0.00668 0.1 37 4 12 46 1.0 200 0.09 12 0.1

3.2. Evaluation

With the models were already trained on 80% randomly selected data, their evaluation
was performed on the remaining 20%. For each capture of the test data, the models had
to predict the TVI for their associated sensor band. Afterwards, the bands were sorted
from the band with the highest TVI prediction to the band with the lowest TVI prediction.
The result of this sorting is called the predicted most informative band order. Because the
targets in the test data were known, the actual TVI for each sensor band could be calculated,
as was done for the training data during the training procedure. From the calculated TVIs
for each sensor band, the bands were then sorted from the band with the highest calculated
TVI to the band with the lowest calculated TVI. The result of this sorting is called the actual
most informative band order. With the actual and predicted most informative band for
each capture in the dataset, the band orders could then be compared for accuracy. For
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example, the Top-1 accuracy is the proportion of captures in the test data where the first
band of the predicted most informative band order is the same as the first band of the
actual most informative band order. The same principle applies to the Top-3 accuracy,
which is the proportion of captures in the test data in which the first band of the predicted
most informative band order is one of the first three bands of the actual most informative
band order.

Tp compare the predicted most informative band orders generated by the perfor-
mance models using a static approach, a static baseline was introduced. The static baseline
provides only the single most informative band order over all captures (the static most in-
formative band order). It is motivated by the idea that it is not worth utilizing performance
models if a simple static most informative band order already performs better than the
predicted most informative band orders over all captures in the test data. The static most
informative band order was obtained by penalizing each band using its position in the
actual most informative band order over all captures in the training data. For example, as
there are six bands, the most informative band is penalized by one and the least informative
band is penalized by six. By accumulating the penalties of each band over all captures, the
bands can be sorted from the band with the lowest accumulated penalty to the band with
the highest accumulated penalty. This sorting results in the static most informative band
order. Because the models were trained on four different sets of training data (one with all
target groups, one with only green targets, one with only gray targets, and one with only
yellow targets), there are four separate static most informative band orders:

• LWIR, NIR, EIR, red, blue, and green for any camouflaged target.
• NIR, LWIR, EIR, green, blue, and red for green camouflaged targets.
• NIR, blue, EIR, red, green, and LWIR for gray camouflaged targets.
• Red, blue, LWIR, green, EIR, and NIR for yellow camouflaged targets.

Table 5 shows the prediction accuracies of each model as a percentage. The individual
quarters of the table contain the results of the general models trained on any camouflaged
target and the specialized models trained only on green, gray, and yellow camouflaged
targets, respectively. Each individual quarter provides four tables showing the prediction
accuracies of the different machine learning models along with the prediction accuracies of
the static baselines. Here, each cell contains the proportion of captures in the test data where
the <row number> predicted most informative bands were among the <column number>

actual most informative bands. For example, the value of the second column in the first
row is the proportion of captures in which the first band of the predicted most informative
band order was among the first two bands of the actual most informative band order
(Top-2 accuracy). Likewise, the value of the third column and the second row represents
the proportion of captures in which the first two bands of the predicted most informative
band order were among the first three bands of the actual most informative band order.
Therefore, the value of the first column and first row stands for the proportion in which the
predicted most informative band was the actual most informative band (Top-1 accuracy).
Although there are six different bands, the individual tables consist of only five columns
and rows. This is for better clarity, as the last column would contain ones for each model
and for the baseline. In all of the results for the different training procedures, the best
predictions for each accuracy category are shown in bold.

As can be seen for the general models, the ε-SVR and Random Forest models are
superior to the XGBoost models in terms of prediction accuracy. The ε-SVR models provide
slightly higher prediction accuracy than the Random Forest models, with eight top results
compared to six top results. While the XGBoost model achieves only two top results, the
static baseline is inferior to all machine learning models, without a single top result. In
addition, all models reach over 50% Top-1 accuracy and over 80% Top-3 accuracy. This
means that the predicted most informative band is the actual most informative band more
than half of the time, while most of the time the predicted most informative band is at
least one of the three actual most informative bands. Similar results are shown by the
models specializing in targets belonging to the green target group. However, the ε-SVR
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model significantly outperforms all other models, achieving ten of the top fifteen results.
In addition, the prediction accuracies are generally slightly higher than for the general
case. The same applies to the results of the specialized gray target models, where only the
number of top results is evenly split between the ε-SVR and the Random Forest models.
In contrast, the specialized yellow target models are inferior to the static baseline in terms
of the number of best results. Nonetheless, the first row, which represents the prediction
accuracy of the single most informative band, is dominated by the top results of the ε-SVR
model. Overall, the ε-SVR models perform the best, with the Random Forest and XGBoost
models performing only slightly worse.

Table 5. The prediction accuracies of all models (in percentages). The upper left quarter contains the
results of the general models, while the others contain the results of the specialized models. Each
individual table shows the prediction accuracy of the respective model, where first row of the table
corresponds to the Top-1 accuracy in the first column and the Top-5 accuracy in last column. In
the second row, the value in the second column represents the accuracy of predicting the two most
informative bands, regardless of their order. Similarly, the third column represents the accuracy of
predicting two bands out of the three actual most informative bands. The same pattern applies to all
other cells as well. The best results within each target group are shown in bold.

Any Target Models Green Target Models

ε-SVR Random Forest ε-SVR Random Forest

56.1 71.9 83.6 88.9 95.3 51.5 67.8 84.2 88.3 97.1 57.3 74.5 86.0 93.0 98.7 58.0 72.6 84.7 91.7 97.5
35.7 59.1 71.3 88.9 33.3 59.6 70.8 87.7 42.7 73.2 84.7 93.0 36.9 67.5 79.6 91.1

37.4 53.8 72.5 35.7 53.2 75.4 47.8 68.2 86.0 49.7 69.4 84.7
23.4 55.0 22.2 59.6 47.1 71.3 38.9 68.8

34.5 35.7 38.9 42.0

XGBoost Baseline XGBoost Baseline

50.9 68.4 83.6 92.4 97.7 47.4 56.1 69.6 75.4 82.5 58.6 70.1 86.6 91.7 96.8 31.2 68.2 81.5 89.2 96.8
29.8 57.9 70.8 87.1 24.6 48.0 57.9 71.9 35.7 68.8 82.8 90.4 28.7 60.5 73.2 83.4

31.0 46.8 68.4 33.9 46.2 60.2 51.0 68.8 83.4 47.8 65.0 80.3
18.1 53.8 19.9 48.5 44.6 65.6 35.0 54.1

34.5 28.7 39.5 25.5

Gray Target Models Yellow Target Models

ε-SVR Random Forest ε-SVR Random Forest

57.4 77.0 86.9 93.4 98.4 59.0 77.0 86.9 91.8 98.4 49.5 75.7 91.3 95.1 99.0 47.6 74.8 85.4 94.2 100.0
34.4 59.0 82.0 93.4 44.3 72.1 77.0 90.2 35.9 66.0 82.5 93.2 37.9 66.0 83.5 93.2

24.6 57.4 72.1 29.5 52.5 78.7 39.8 74.8 90.3 34.0 72.8 90.3
34.4 62.3 24.6 63.9 51.5 84.5 54.4 80.6

29.5 34.4 74.8 72.8

XGBoost Baseline XGBoost Baseline

50.8 77.0 85.2 88.5 96.7 24.6 63.9 83.6 91.8 98.4 43.7 69.9 83.5 91.3 99.0 31.1 71.8 92.2 94.2 96.1
36.1 65.6 77.0 88.5 24.6 44.3 70.5 88.5 36.9 69.9 84.5 96.1 31.1 75.7 89.3 95.1

34.4 60.7 82.0 18.0 41.0 59.0 45.6 71.8 90.3 38.8 65.0 92.2
26.2 62.3 24.6 47.5 57.3 84.5 53.4 84.5

39.3 34.4 74.8 75.7

To highlight the effectiveness of the performance models, Table 6 shows the relative
accuracy improvements of each model compared to the static baseline, for which the
prediction results are shown in the lower right of each quarter in Table 5. Apart from
this, Table 6 has the same structure as Table 5. As can be seen, the general models achieve
significant improvements over the static baseline, peaking at 45.2%, 35.7%, and 22.5% for
the ε-SVR, Random Forest, and XGBoost models, respectively. Although the XGBoost
model is slightly worse in one of the accuracy categories, it generally achieves much higher
accuracy than the static baseline. Nonetheless, its improvements are not as great as those of
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the ε-SVR and Random Forest models. The green target models achieve similar, though
slightly lower overall improvements over the static baseline, with a notable very high
increase in Top-1 accuracy. Likewise, the gray target models significantly outperform the
static baseline, especially in Top-1 accuracy, where the prediction accuracy is more than
doubled with improvements of up to 140%. Despite strong improvements in Top-1 accuracy,
the yellow target models fail to improve in many of the accuracy categories. However, as
noted above, the single most informative band is predicted the best by the ε-SVR model.
In general, when considering both general and specialized models, all of the models are
superior to the static baseline.

Table 7 shows the benefits of the performance models trained only on camouflaged
targets belonging to a specific target group. Again, the structure of the table is the same
as Table 5. The cells show the relative improvements in each accuracy category of the
specialized models compared to the general models for only that target group on which
the models were specialized. For example, the improvement of the green target models
was obtained by comparing their prediction accuracy with that of the general models,
while, the prediction accuracy of the general models was obtained by considering only
green targets rather than of all targets. The same approach was applied to obtain the
improvements of the gray and yellow target models. In this way, the benefits of the
specialized models were quantified in an objective manner. As can be seen for the green
target models, specialization leads to an overall improvement in prediction accuracy. The
ε-SVR model achieves the most significant improvements, peaking at nearly three times
the accuracy, a 191.9% improvement. The improvements are even greater for the gray
target models, with the Random Forest model achieving nine top improvements and a
270% increase in Top-1 accuracy. Similar improvements can be observed for the yellow
target models, with the XGBoost model showing the greatest improvements (a maximum
increase in accuracy of 767.4%). Overall, the specialized models clearly outperform the
general models within their respective target groups.

Table 6. The relative prediction accuracy improvements in each category of all models compared to
their respective statically computed baselines (in percentages). The best results are shown in bold,
even if all models predicted worse than the static baseline. This table follows the same structure as
Table 5.

Any Target Models Green Target Models

ε-SVR Random Forest ε-SVR Random Forest

18.5 28.1 20.2 17.8 15.6 8.6 20.8 21.0 17.1 17.7 83.7 9.3 5.5 4.3 2.0 85.7 6.5 3.9 2.9 0.7
45.2 23.2 23.2 23.6 35.7 24.4 22.2 22.0 48.9 21.1 15.7 11.5 28.9 11.6 8.7 9.2

10.3 16.5 20.4 5.2 15.2 25.2 0.0 4.9 7.1 4.0 6.9 5.6
17.6 13.3 11.8 22.9 34.5 31.8 10.9 27.1

20.4 24.5 52.5 65.0

XGBoost XGBoost

7.4 21.9 20.2 22.5 18.4 87.8 2.8 6.3 2.9 0.0
21.4 20.7 22.2 21.1 24.4 13.7 13.0 8.4

−8.6 1.3 13.6 6.7 5.9 4.0
−8.8 10.8 27.3 21.2

20.4 55.0
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Table 6. Cont.

Gray Target Models Yellow Target Models

ε-SVR Random Forest ε-SVR Random Forest

133.3 20.5 3.9 1.8 0.0 140.0 20.5 3.9 0.0 0.0 59.4 5.4 −1.1 1.0 3.0 53.1 4.1 −7.4 0.0 4.0
40.0 33.3 16.3 5.6 80.0 63.0 9.3 1.9 15.6 −12.8 −7.6 −2.0 21.9 −12.8 −6.5 −2.0

36.4 40.0 22.2 63.6 28.0 33.3 2.5 14.9 −2.1 −12.5 11.9 −2.1
40.0 31.0 0.0 34.5 −3.6 0.0 1.8 −4.6

−14.3 0.0 −1.3 −3.8

XGBoost XGBoost

106.7 20.5 2.0 −3.6 −1.7 40.6 −2.7 −9.5 −3.1 3.0
46.7 48.1 9.3 0.0 18.8 −7.7 −5.4 1.0

90.9 48.0 38.9 17.5 10.4 −2.1
6.7 31.0 7.3 0.0

14.3 −1.3

Table 7. The relative prediction accuracy improvements of the specialized models compared to the
general models. Note that the improvements are based on the prediction accuracy of the general
models that results when considering only those targets considered for the prediction accuracy of
the respective specialized model, and not on the prediction accuracy of the general models shown in
Table 5. This table follows the same structure as Table 5.

Green Target Models

ε-SVR Random Forest

−0.8 1.7 1.8 3.3 3.9 4.9 −0.9 1.0 4.0 2.5
22.7 35.6 20.7 9.3 8.1 23.5 14.5 9.4

47.9 35.5 28.2 50.9 34.7 20.7
191.9 57.3 172.0 38.4

69.1 50.4

XGBoost

7.2 −3.6 2.5 2.5 3.2
4.4 21.7 14.9 7.9

54.8 33.4 16.8
111.1 32.0

44.5

Gray Target Models Yellow Target Models

ε-SVR Random Forest ε-SVR Random Forest

182.8 77.2 53.7 40.2 19.1 270.2 112.7 71.3 54.5 19.1 38.1 63.8 72.7 36.3 19.3 48.3 65.1 48.5 21.7 10.4
13.1 40.4 66.3 21.7 45.4 55.5 47.7 24.4 246.2 133.3 98.8 62.0 301.4 191.6 96.7 47.5

−0.2 80.0 42.2 45.4 72.4 59.7 122.1 147.6 108.1 260.2 175.7 117.5
375.1 79.1 112.1 76.5 319.6 198.4 343.3 205.1

85.1 137.5 366.1 328.8

XGBoost XGBoost

150.5 96.9 59.0 35.7 15.1 25.2 57.7 50.0 19.4 16.6
38.3 46.0 51.9 17.5 334.5 208.7 108.2 61.7

58.4 109.3 52.9 706.1 231.1 139.3
158.5 71.9 767.4 258.1

146.8 560.4

4. Discussion

This section first discusses the possible implications of the proposed sensor prediction
approach in Section 4.1, followed by a discussion of its limitations in Section 4.2. Finally,
future research prospects are reviewed in Section 4.3.
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4.1. Implications

Altogether, our results demonstrate the effectiveness of the sensor performance pre-
diction approach presented in this paper, with the ε-SVR models showing the most robust
performance. While not perfect, the performance models were able to learn a meaningful
relationship between the context state and the corresponding TVI, which supports the
utility of the extracted features and the expressiveness of the TVI. In the general case,
when only the three predicted most informative bands were considered, the actual most
informative band was most likely among them (around 84%), while the associated work-
load was reduced by a half compared to processing all six bands. Although a reduction
from six to three sensor bands may seem small in absolute terms, the sensor performance
prediction approach is adaptable to any number of bands. For the sake of simplicity and
clarity, however, our evaluation of the proposed performance prediction approach focuses
on the raw bands of the multispectral sensor system employed in this study. While not
explicitly explored here, the nature of the proposed methodology suggests similar results
for a smaller or larger number of bands. Therefore, the proposed method could significantly
increase the utility of multispectral sensor systems in real-world applications. For exam-
ple, reconnaissance drones could be equipped with much more powerful multispectral
sensor systems, as the increased number of sensor bands would not result in an equally
increased workload. In this case, the sensor performance prediction approach would de-
termine the most informative bands and ignore the least informative bands. The resulting
increased meaningfulness of each sensor band and the additional spectral information due
to the larger number of bands could greatly improve camouflage detection performance in
reconnaissance scenarios.

In addition, our evaluation shows that specializing the performance models for certain
target groups can significantly increase prediction performance. This could potentially
increase reconnaissance performance for scenarios in which camouflaged targets are known
to be present in a specific kind of environment, as the specialized models are able to focus on
the environment associated with their specific target group even when the reconnaissance
area consists of different kinds of environments. In contrast, the general models consider
all relevant environments even when camouflaged targets are known to be present in only
one environment. Thus, the predictions of the specialized models are more closely tailored
to the environment in which the camouflaged targets are located, resulting in greater
camouflage detection performance. Naturally, the specialized models cannot generalize to
environments that are not associated with their specific target group. For this reason, they
can only be of use if this specific kind of prior knowledge is available.

Comparing the performance models to a static baseline further highlights the benefits
of their application. Although the use of static most informative band orders is computa-
tionally less expensive than the use of performance models, the former approach is not
able to achieve the same level of prediction accuracy. Therefore, the comparatively low
computational overhead of the performance models is preferable to the lower performance
of the static baselines. However, it should be noted that the yellow target models did
not significantly outperform their associated static baselines. This could be due to the
relatively small amount of training data, as yellow targets were not as common as green
targets in our dataset. A lack of training data may have prevented the performance models
from sufficiently learning the complex relationship between the context state and the TVI,
resulting in more limited generalization capabilities. On the other hand, even though the
dominance of gray targets in the dataset was even lower than that of yellow targets, the
performance models for gray targets were far superior to the static baseline. This could
be due to the relationship between the context state and the TVI being less complex for
the gray target models than for the yellow target models. Unfortunately, the causes of the
relatively poor performance of the yellow target models could not be further explored in
this study.

Because the idea behind the performance prediction approach is not strictly bound
to the camouflage detection task, it can be generalized and applied to other multispectral
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sensing problems. In the present work, sensor performance corresponds to the TVI; how-
ever, this particular metric could be replaced with any other metric that fits the problem
at hand. For example, such a metric could describe the ability of a sensor band to detect
invasive species. In this case, the performance models simply had to learn the relationship
between the context state and the new metric instead of the TVI. Even the context state is not
specifically tailored to camouflage detection, as it is generated by general image descriptors.
Therefore, it could be of equal utility in other use cases. Considering the positive results we
obtained when applying the proposed concept to multispectral camouflage detection, it
could be equally successful when applied to other tasks.

4.2. Limitations

Although the value of the proposed performance prediction approach has been con-
firmed, it should be noted that all of our results are based on the Target Visibility Index
metric introduced in this paper. As has already been discussed in Section 2.2, the TVI
defines visibility using its mathematical formula, which does not necessarily correspond to
human perception. Therefore, certain targets that may actually have poor visibility to the
human eye can result in a relatively high TVI, and vice versa. This behavior may have led
to predictions of the performance models that were correct with respect to the TVI and in-
correct with respect to the human eye. As a result, the benefits of the proposed performance
prediction approach may be limited in a real-world application involving humans.

Furthermore, because each camouflaged target possesses unique spectral character-
istics, the mappings from the context state to the TVI may have been diluted in the data.
This may have limited the achieved prediction accuracy of the performance models. For
example, while a target in one environment will result in a different TVI than another
target in the same environment, the context state will not have changed in either case, as
the context state is mainly determined by the scenery and not by the targets. This leads
to mappings from one context state being applied to different TVIs for the same sensor
band, which could have confused the training of the performance models. The averaging
of all TVIs in the same capture could have further amplified this potential issue, as already
mentioned in Section 3.1. However, the environment, and consequently the context state,
already provide an indication of the properties of the camouflaged targets, as green targets,
for example, are usually found in green environments. Therefore, the TVI may follow
a certain distribution for a given environment, which could have limited the potential
negative effects on the training of the performance models.

In addition, it is important to note that the performance models were not evaluated for
their ability to generalize to unknown camouflaged targets. Although the data were split
into training and test data, all of the camouflaged targets were part of both datasets. How-
ever, the test data contained captures that were completely unknown to the performance
models, on which they showed high prediction accuracy. This suggests that the proposed
sensor prediction approach has great potential for generalization.

Another limiting factor on the prediction accuracy could have been the meaningfulness
of the context state extracted from the visual band. Because the context state results from
relatively simple feature extractors, the performance models may not have learned every
aspect of the complex relationship between the environmental situation and the TVI.
More sophisticated and computationally expensive feature extraction methods, such as
convolutional neural networks, might have provided even more meaningful context states.
With more information about the environmental situation available in the context state, the
performance models may have achieved even higher prediction accuracy. However, the
computational resources on a small reconnaissance drone in a real-world application are
usually limited. This requires computationally inexpensive methods for both the feature
extraction process and the performance models, which have been successfully implemented
and demonstrated in this paper.
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4.3. Future Research

Our future research will primarily focus on predicting sensor performance for mul-
tispectral sensor systems with an even higher number of bands. In addition, the sensor
performance prediction approach proposed in this paper will be included in a larger frame-
work in which the most informative bands will be incorporated into a computer-aided
camouflage detection system. As noted above, richer features in the context state may
improve the prediction accuracy of the performance models, which will be another subject
of future research.

5. Conclusions

The sensor performance prediction approach presented in this paper has been shown
to be a successful method for obtaining those sensor bands that best expose camouflaged
targets. This increases the meaningfulness of each individual sensor band, allowing for
the use of more powerful multispectral sensor systems. As a result, camouflage detection
performance may be significantly increased in real-world reconnaissance scenarios.

In addition, specialized training of the performance models showed promising im-
provements in prediction accuracy. This may further increase camouflage detection perfor-
mance in real-world reconnaissance scenarios, provided that the necessary prior knowledge
of the camouflaged targets to be exposed is available.

Moreover, it has been shown that the performance models are superior to the statically
computed most informative band order. This indicates the existence of a complex relation-
ship between the environmental situation and the TVI that can be successfully exploited
and learned by performance models. Therefore, the benefits of the proposed performance
prediction approach outweigh its computational overhead compared to a static baseline
and motivate its application in real-world reconnaissance scenarios.

However, it should be noted that all results are based on the TVI, which is an ex-
perimental metric of sensor performance in the context of camouflaged target detection.
Because the TVI does not necessarily correspond to human perception and is difficult to
apply to multiple targets in the same scene, the range of applications of the proposed sensor
performance prediction approach may be limited. In addition, the context state may not be
as informative as it might have been with more sophisticated feature extraction methods,
which in turn may have limited the prediction accuracy of the performance models.

Future research will address the integration of the proposed sensor prediction ap-
proach into an automated camouflaged target detection system and the generation of a
richer context state.
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Abbreviations

The following abbreviations are used in this manuscript:

EIR Edge Infra-red/Red-edge
GBT Gradient Boosted Tree
LBP Local Binary Pattern
LWIR Long-Wave Infra-Red
MUDCAD-X eXtendend Multispectral Dataset for Camouflage Detection
NDRE Normalized Difference Red-Edge index
NDVI Normalized Difference Vegetation Index
NIR Near Infra-Red
RF Random Forest
RMSE Root Mean Square Error
TVI Target Visibility Index
UAV Unmanned Aerial Vehicle
UniBwM University of the Bundeswehr Munich
VIS Visual
XGBoost eXtreme Gradient Boosting
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Abstract—Multispectral sensors provide valuable spectral in-
formation suitable for a variety of remote sensing applications,
especially when cost-effectiveness, portability, and energy effi-
ciency are essential, such as on small tactical drones. Since
all materials have unique spectral signatures, this spectral in-
formation can be utilized to detect camouflaged targets in mili-
tary reconnaissance scenarios. However, varying environmental
conditions like vegetation and weather in real-world reconnais-
sance scenarios, and the computational complexity introduced
by the large number of bands, make successful camouflage
detections difficult. To address these issues, a novel sensor-
managed anomaly detection method is proposed. This approach
determines a subset of sensor bands of a multispectral imaging
system based on current environmental conditions and their
ability to expose camouflaged targets. Instead of processing all
available bands, a spectral anomaly detector then processes only
this subset of bands. To evaluate the robustness of the proposed
approach, four different spectral anomaly detection methods are
employed and compared: the RX detector, LRX detector, AED
detector, and LPD detector. Experiments on an extensive multi-
spectral dataset for camouflage detection show nearly equivalent
detection performance when spectral anomaly detectors are
applied to the managed subset compared to all sensor bands.
This demonstrates the effectiveness of the proposed approach in
reducing computational complexity while maintaining detection
performance, which is particularly important for small tactical
drones in military reconnaissance scenarios.
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1. INTRODUCTION

Small drones such as MIKADO and ALADIN of the Bun-
deswehr are commonly deployed in close-range reconnais-
sance scenarios. Although their imaging systems typically
cover only visual or thermal spectral ranges, technological
advances already allow the use of sophisticated multispectral
imaging systems. Compared to visual or thermal sensors,
multispectral sensors provide a much larger number of bands
and therefore much more valuable spectral information. The
high utility and comparatively low cost, size, weight and
power consumption of multispectral imaging systems has led
to immense research interest in recent years. Applications

979-8-3503-0462-6/24/$31.00 ©2024 IEEE

range from vegetational monitoring [1, 2], precision agri-
culture [3–5] and land cover classification [6, 7] to biomass
estimation [8,9], bathymetry [10,11], disaster evaluation [12]
and urban heat vulnerability determination [13]. In addition,
multispectral sensors proved to be sufficient for computer-
aided detection of camouflaged targets [14]. The detection
of camouflaged targets in complex military reconnaissance
scenarios is an inherently challenging and time-consuming
task. Therefore, computer-aided camouflage detection sys-
tem are of great use by reducing the workload of the operating
personnel while increasing the successful detection rates of
camouflaged targets.

Although multispectral imagery is suitable for detecting
camouflaged targets through spectral anomaly detection, the
targets do not consistently appear anomalous in all sensor
bands. For example, a sensor band may expose camouflaged
targets in a certain environment, but it may not expose
camouflaged targets in other environments. In addition, the
high number of bands to be processed introduces an increased
computational complexity. Therefore, this paper proposes a
novel sensor-managed anomaly detection approach to detect
camouflaged targets in multispectral imagery. In this ap-
proach, only the bands most likely to expose camouflaged
targets are processed by a spectral anomaly detector. These
sensor bands are determined by a performance prediction
method [15] that evaluates the current environmental con-
ditions and predicts the performance of each sensor band.
In this context, performance refers to the extent to which
the particular sensor band exposes camouflaged targets. The
predicted performance measure dynamically ranks the sensor
bands from those performing best to those performing worst.
After ranking the sensor bands based on their current per-
formance, the spectral anomaly detector processes only the
best-performing subset of all bands, ignoring all others. This
is intended to make camouflaged targets more susceptible
to detection, on the assumption that more exposed targets
will also appear more anomalous to an anomaly detector.
At the same time, the smaller number of bands to process
reduces the computational complexity associated with the
spectral anomaly detector. The evaluation of the proposed
approach is based on the eXtended Multispectral Dataset
for Camouflage Detection (MUDCAD-X) and four different
anomaly detectors: the Reed-Xiaoli detector (RX), the Local
Reed-Xiaoli detector (LRX), the Local Point Density detector
(LPD) and the Attribute and Edge-preserving Filter detector
(AED). In addition, the evaluation primarily focuses on a
comparison with an unmanaged approach, where all bands
are processed by a spectral anomaly detector instead of the
most performant ones.
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Overall, this paper makes the following scientific contribu-
tions:

• Proposition of a sensor-managed anomaly detection
method for camouflage detection in multispectral imagery
• Evaluation of the proposed approach using multiple differ-
ent anomaly detection methods

The following sections are organized as follows. Related
work is discussed in Section 2, while the proposed approach
is introduced in detail in Section 3. The obtained results are
presented and discussed in Section 5. Final conclusion of the
presented work are drawn in Section 6.

2. RELATED WORK

The management of sensors and algorithms using perfor-
mance models has been investigated primarily in the context
of object detection [16–18]. In [16], artificial neural net-
works and fuzzy inference are utilized to predict a perfor-
mance index of perception chains (sensor combined with data
processing algorithms) using an environmental state vector.
Similarly, in [17], the performance of perception chains is
predicted using Bayesian Networks. The performance pre-
diction enables dynamic selection of the most suitable per-
ception chain based on environmental conditions, resulting in
improved overall object detection performance. In [18], the
performance models are incorporated into a flight trajectory
optimization approach using optimal control algorithms. This
allows flight paths to be determined that maximize the utility
of the available sensors and object detection algorithms. In
addition to object detection, [19] applies performance mod-
elling in the context of sensor scheduling and object tracking.
Here, the performance models support the sensor scheduling
algorithm by predicting the probability of successful object
observations, resulting in increased object observation times.
In [15], sensor performance models predict the visibility of
camouflaged targets in all sensor bands of a multispectral
camera system given an environmental context state. With
this information, the most informative bands for camouflage
detection are dynamically determined, while all other bands
can be ignored. Under the assumption that high visibility of
camouflaged targets benefits their detection by an anomaly
detection algorithm, this approach is also used in this work.

Anomaly detection in hyperspectral and multispectral im-
agery is a very active area of research. The Reed-Xiaoli
(RX) detector [20] is one of the most prominent approaches,
followed by further developments such as the Kernel RX
detector [21], the Weighted RX detector [22] and the Cluster
Kernel RX detector [23]. While these methods are based
on pixel representation by statistical distributions, other suc-
cessful approaches rely on collaborative [24, 25] or sparse
[26–28] pixel representation. In addition, methods using
clustering [29], morphological filtering [30], isolation forests
[31] or pixel density analysis [14, 32, 33] have also been
proposed. Deep learning based detectors [34] mostly exploit
the reconstruction error of autoencoders [35–37] for anomaly
detection. Since the RX [20], LRX [20], AED [30] and LPD
[14] detectors have already been used for camouflage detec-
tion in multispectral imagery [14], they are also employed in
this work.

3. METHODOLOGY

This section first shortly reviews the dataset on which this
work is based. Then, the general concept, the sensor per-

Table 1: The bands and their associated properties
provided by each capture of MUDCAD-X.

band center width

visual (VIS) - -

blue 475nm 32nm

green 560nm 27nm

red 668nm 14nm

edge-infrared (EIR) 717nm 12nm

near-infrared (NIR) 842nm 57nm

long-wave infrared (LWIR) 10.5µm 6µm

Table 2: The structure of the context state extracted from
the gray-level converted visual band.

LBP Haralick

uniform non-uniform mean min-max

1 - 17 18 19 - 32 33 - 46

formance prediction method, and the anomaly detectors are
briefly introduced.

MUDCAD-X

The work presented in this paper relies on MUDCAD-X [15],
an extensive and comprehensive multispectral dataset for
camouflage detection. It features 853 multispectral captures,
each containing at least one of the following camouflaged
targets: artificial hedge, artificial turf, green tarp, green
2D camouflage net, green 3D camouflage net, person in
green military uniform, anthracite fleece, gray tarp, gray
3D camouflage net, yellow 3D camouflage net and person
in yellow military uniform. In addition, the footage was
acquired at three different seasons: Spring, Summer and Fall.
A sample capture along with the corresponding label mask
is shown in Figure 1. As can be seen, the bands included in
each capture are visual (VIS), blue, green, red, edge-infrared
(EIR), near-infrared and long-wave infrared (LWIR). Their
center wavelengths and bandwidths are shown in Table 1.
More details about the dataset can be found in the original
publication [15].

Sensor-Managed Anomaly Detection

The concept of sensor-managed anomaly detection for cam-
ouflage detection is illustrated in Figure 2. First, the con-
text state is extracted by multiple image descriptors from
the visual band. The performance models use the context
state to predict the performance for each of the other bands.
Next, the bands are sorted from the band with the highest
predicted performance to the band with the lowest predicted
performance. This is the predicted most informative band
order. The first N bands of the predicted most informative
band order and the visual band are concatenated to form the
detection base, where N is a predefined constant. Finally, an
anomaly detector processes the detection base and generates
a detection map showing the most anomalous regions in the
capture. In this case, these regions correspond to camouflaged
target detections. The sensor performance prediction method
and the anomaly detection process are described in more
detail below.
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(a) VIS (b) blue (c) green (d) red

(e) EIR (f) NIR (g) LWIR (h) label

Figure 1: A sample capture of MUDCAD-X with bands from VIS (a) to LWIR (g) and the label mask (h).

Sensor Performance Prediction

The entire sensor performance prediction method is adopted
from [15] and is based on machine learning models, i.e. per-
formance models, that learn the relationship between environ-
mental context and sensor performance. Each performance
model is linked to a single sensor band of a multispectral
sensor or capture and uses an abstract representation of
the environmental context to predict the performance of its
associated sensor band. The predicted performances rank
the sensor bands from the best performing band to the worst
performing band. Note that the following explanations cover
only the basic methodology of the performance prediction
approach. For more insights, see the original publication [15].

Context State Extraction—In order to efficiently obtain in-
formation about the current environmental situation, local
binary patterns (LBPs) [38] and Haralick’s image statistics
[39] are utilized to extract global features from the gray-
level converted visual band, as shown in Figure 2. These
features provide an abstract description of the visual band and
thus an abstract representation of the environmental context.
Therefore, the extracted features are called context state. Its
structure is shown in Table 2.

The LBP features are generated using the LBP riu2

16
operator

[38], which extracts uniform rotation-invariant patterns with
a radius of 2px and size of 16 for each pixel. For the LBP
feature values in the context state, the histogram over all

patterns is computed. Since the LBP riu2

16
operator produces

exactly 17 different uniform rotation-invariant patterns, the
histogram consists of 18 values. The first 17 feature values
are the number of occurrences of each individual uniform
rotation-invariant pattern and the last value is the number
of occurrences of all non-uniform patterns. Finally, the
histogram is normalized so that all values sum up to one.
The implementation for extracting the LBPs is provided

by the ImageFeatures.jl package of the Julia Programming
Language [40].

The remaining 28 feature values of the context state corre-
spond to the Haralick image statistics [39]. Here, four gray-
level co-occurrence matrices with a radius of 1px and the di-
rections left, up, right and down are generated from the gray-
level converted visual band. Each of the four co-occurrence
matrices produces a separate set of Haralick features, each
consisting of 14 different statistical properties. The first 14
values of the Haralick feature values of the context state
correspond to the average of each statistical property over
these four sets. Similarly, the last 14 values correspond to
the difference between the maximum and minimum of each
statistical property across these four sets. The implementa-
tion for extracting the Haralick features is provided by the
Mahotas Python package [41].

Performance Prediction— For the prediction of the perfor-
mances of each sensor band, machine learning models are
utilized. They are trained to learn the relationship between the
context state and the performance of their associated sensor
band. Here, sensor performance refers to the Target Visibility
Index (TVI) [15], a metric that quantifies the extent to which
a camouflaged target is exposed in a given sensor band. It is
given in Equation (1).

TVI = (µT − µB)
2(1− 2σT )

2(1− 2σB)
2 (1)

µT is the mean of all camouflaged target pixel values, µB is
the mean of all background pixel values, σT is the standard
deviation of all camouflaged target pixel values, and σB is
the standard deviation of all background pixel values. The
more a camouflaged target is exposed in a sensor band, the
closer the TVI is to one. Likewise, the less a camouflaged
target is exposed in a sensor band, the closer the TVI is to
zero. A demonstration of the TVI is shown in Figure 3. The
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Figure 2: The concept of sensor-managed anomaly detection for camouflage detection using the bands provided by the
captures of MUDCAD-X.

corresponding TVI values for each sensor band are shown in
parentheses. As can be seen, the camouflaged target in the
scene is barely visible in the visual and blue bands, resulting
in a comparatively low TVI. In contrast, it is much exposed
in the EIR and NIR bands, where the TVI gives much higher
values. According to the TVI, the last image shows ideal
visibility of the target. Note that the TVI is not based on
human perception, but on predefined edge cases where it is
either zero or one. Using the TVI as a quantification of sensor
performance, the performance models are trained to learn the
mapping from context state to TVI for their respective sensor
band. After training, the models use the context state to
predict the TVI for their associated sensor band. Ranking the
sensor bands by their TVI, i.e. performance, prediction results
in the predicted most informative band order. The detailed
training procedures, machine learning model selection and
parameter configurations are introduced in Section 4.

Anomaly Detection

As shown in Figure 2, the visual band is concatenated with the
first N predicted most informative bands and then processed
by an anomaly detector. N is a predefined constant that is set
to three in the example illustrated in Figure 2. Since cam-
ouflaged targets are usually minimally exposed in the visual
band, but ideally are the only objects maximally exposed in
the N predicted most informative bands, the concatenation is
intended to support their detection by the anomaly detector.
The generated detection map constitutes the end result of the
sensor-managed anomaly detection. In order to investigate
the robustness of the sensor performance prediction approach
for camouflage detection using anomaly detection, multiple
detectors are employed in this work: the RX [20], the LRX
[20], the LPD [14] and the AED [30] detector. They are
compared to each other in Section 5 and briefly introduced
below. For more details on the anomaly detection algorithms,
see their original publications.

For the RX detector [20], the anomaly score for each pixel
corresponds to its Mahalanobis distance. The larger the
Mahalanobis distance, the higher the abnormality of the pixel
of interest. It is calculated as stated in Equation (2), where
dM is the Mahalanobis distance of the pixel, x is the value
vector of the pixel, µ is the mean vector over all bands, and Σ

is the covariance matrix over all bands.

dM =

√

(x− µ)
T
Σ−1 (x− µ) (2)

The LRX detector [20] works similar to the RX detector by
calculating the Mahalanobis distance for each pixel according
to Equation (2). But instead of considering all pixels in the
capture, only a comparatively small neighborhood of pixels is
considered for the calculation of µ and Σ. The neighborhood
is defined by a dual window that spans around the pixel of
interest with the inner window size wi and the outer window
size wo. For the calculation of µ and Σ, only pixel value
vectors inside the outer window but outside the inner window
are considered. Compared to the RX detector, this allows for
more accurate background estimates and therefore typically
higher detection rates.

The LPD detector [14] uses local background estimation
based on a sliding dual window similar to the LRX detector.
But instead of calculating the Mahalanobis distance for each
pixel as a measure of its abnormality, its density is computed
as in Equation (3).

ρ =
1

sM

sM
∑

i=1

exp

(

−
∥x−mi∥

2

2

d2
c

)

(3)

ρ is the density of the pixel of interest, x is its value vector, mi

is the ith element of M , sm is the size of M , and dc is the cut-
off distance. M = N ∪ x is the neighborhood N = {ni}

sN

i=1

of the pixel of interest defined by the dual window appended
by x. The cut-off distance is calculated as in Equation (4)
where µM is calculated as in Equation (5).

dc =
1

sM

sM
∑

i=1

∥mi − µM∥
2

2
(4)

µM =
1

sM

sM
∑

i=1

mi (5)

In the final density map, the low density pixels are more
anomalous than the high density pixels.
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Figure 3: Demonstration of the Target Visibility Index (TVI).

In AED [30] based detection, each band of the capture
of interest is morphologically filtered using morphological
attribute profiles. The filter removes bright and dark con-
nected components that are smaller than a predefined area
size defined by κ. In the final detection map, the areas
where many connected components were removed are more
anomalous than areas where no or few connected components
were removed. This is motivated by the idea that anomalous
objects result in many either bright or dark small continuous
regions across all bands. As a post-processing step, the
detection map is refined by an edge-preserving filter.

4. EXPERIMENTS

This section introduces the performance models, their train-
ing procedure, as well as the configurations of the anomaly
detectors and the sensor-managed anomaly detection ap-
proach.

First, the captures of MUDCAD-X are split into training and
test data. Since the dataset is divided into three different
days, two different areas, and seven groups of captures, the
fourth group of captures of each area and day is selected as
test data, while the remaining observations are selected as
training data. This leaves 724 captures for training and 129
captures for testing. The training data is used to train the
performance models, while the test data is used to evaluate
sensor-managed anomaly prediction approach.

Performance Model Training

For the training of the performance models, the context state
is extracted from each gray-level converted visual band in
the training data as described in Section 3. Furthermore, the
feature values of the extracted context states are z-normalized
over all training samples. This prevents features with rel-
atively large value ranges from dominating feature values
with relatively small value ranges during performance model

Table 3: The training parameters of the ϵ-SVR
performance models.

Model ϵ C

blue 0.00383 0.054

green 0.00221 0.099

red 0.00481 0.065

EIR 0.00373 0.010

NIR 0.00682 0.012

LWIR 0.00533 0.076

training. In addition, the Target Visibility Index for each band
is calculated for each capture in the training data. Since the
TVI can only be calculated for a single camouflaged target,
it is calculated separately for each camouflaged target in the
scene. The resulting TVIs for each sensor band are then av-
eraged to produce a single index value for each sensor band.
With six managed sensor bands per capture, six separate per-
formance models are trained. After training, the performance
models predict the TVI for their respective sensor band given
a z-normalized extracted context state. Since the ϵ-SVR
models provided the most robust predictions in [15], they
are also used as the performance models in this work. The
optimal parameters of the models are obtained using a simple
grid search with cross-validation over five folds and the root-
mean-square error. Table 3 shows the final parameters for
each performance model. Parameters not mentioned are left
at their default values. The performance models and their
training is implemented using Machine Learning Framework
for Julia [42] in conjunction with the backend LIBSVM
[43]. Note that the actual performance of the ϵ-SVR model
predictions is not further evaluated. Instead, the evaluation is
based solely on the anomaly detection results.

Sensor-Managed Anomaly Detection Evaluation

With a successfully trained performance model for each
sensor band, the sensor-managed anomaly detection approach
can be evaluated. For each capture of the test data, the
performance models predict the TVI of their respective sensor
band. This results in the predicted most informative band
order. The best N bands of the predicted most informative
band order are concatenated with the visual band, forming
the detection base. Each band of the detection base is z-
normalized to avoid the influence of the value range of each
band. In addition, the three bands of the visual band are
weighted by one-third, since it is treated as a single band
but actually consists of three individual bands. Finally, the
detection base is reduced to a resolution of 256px x 256px
(20cmpx−1 ground sample distance) to lower the computa-
tional complexity. The detection base is then processed by
several anomaly detectors: RX, LRX and LDP with inner and
outer window sizes (wi, wo) of (5, 15), (11, 31), (21, 61), (31,
91) and (41, 121), and AED with a maximum area size κ of
connected components to be removed of 25, 50, 100, 200 and
300. As a post-processing step, the binarized detection map
is morphologically filtered to remove all detections with an
area smaller than 10px, which is about one-third of a square
meter.

For the evaluation of the proposed approach, N is set to
three, which corresponds to half the number of possible
bands. In addition, N is also set to six, which corresponds to
the unmanaged reference, where performance predictions are
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ignored. Higher values than three of N are not investigated
because the sensor-managed anomaly detection approach is
intended to reduce computational complexity by reducing the
number of bands to process. Similarly, lower values of N are
not examined to avoid overly complex results. The following
evaluation is based on a comparison of the sensor-manged
anomaly detection results with the unmanaged anomaly de-
tection results.

5. RESULTS

This section evaluates and discusses the anomaly detection
results of the proposed sensor-managed approach and the
unmanaged reference.

The evaluation of the detection maps of the different anomaly
detection methods is based on the receiver operating charac-
teristic (ROC), the area under curve (AUC) and intersection
over union (IoU). It focuses primarily on the comparison
of the managed and unmanaged approaches, as anomaly
detection for camouflage detection in general has already
been investigated in [14].

Evaluation

Figure 4 shows the ROCs of the detection methods for each
camouflaged target in the test data. UM stands for unman-
aged anomaly detection while M3 stands for sensor-managed
anomaly detection with an N set to 3. Each colored curve
shows the ROC of a single anomaly detector. The unmanaged
curves are solid and the managed curves are dashed. In
addition, the AUC is shown in parentheses for each ROC.
Since each target occurs multiple times in the test data, the
ROC for each anomaly detection method is calculated by
threshold-based averaging [44] over all target occurrences in
the test data. Also, since there is more than one configuration
for each anomaly detector, only the one that results in the
highest AUC for the respective target is shown. Note that
there are different ranges for the abscissa for all camouflaged
targets.

Although the sensor-managed anomaly detectors perform
generally slightly worse than their unmanaged counterparts,
they outperform them for some targets, such as the artifi-
cial turf or the anthracite fleece. In addition, even though
their AUCs are lower, the managed detectors often achieve
higher detection rates with lower false alarm rates at high
thresholds than the unmanaged detectors, as can be seen for
the green 2D camouflage net and the green 3D camouflage
net. The managed curves initially rise more steeply than the
unmanaged curves, but they eventually intersect, resulting in
a lower AUC. Even if this is not the case, the managed and
unmanaged curves of each anomaly detector tend to be very
close at higher thresholds. Overall, the anomaly detectors
show mostly high detection rates with relatively low false
alarm rates in both cases. However, it is worth noting that the
LRX detector significantly outperforms all other detectors,
while the AED detector performs the worst.

The AUCs and the parameter configurations of the anomaly
detector in Figure 4 are additionally shown in Table 4. Here,
the highest AUC per camouflaged target is marked bold. As
already observed in Figure 4, the managed detectors perform
slightly worse than the unmanaged detectors, with only three
out of eleven top results. However, their AUCs are close to
those of the unmanaged detectors. As can be seen from the
parameters, the window sizes rise and fall mostly with the
camouflaged target sizes, as does the area of the connected

components to be removed. Note that the configurations
are primarily affected by the camouflaged target, not the
managed or unmanaged detection approach.

For a different perspective on the detection performances,
Table 5 shows the highest achievable average IoU over all
samples in the test data, given a fixed binarization threshold
of the detection maps for each anomaly detector. The first part
of the table shows the average IoUs that could be obtained
by applying the thresholds given in percent in the middle
part of the table. Parameter configurations of each anomaly
detector are shown in the last part of the table, similar to
Table 4. Again, the highest IoU per camouflaged target is
marked bold. Compared to the results in Table 4, where the
managed detectors are inferior to the unmanaged detectors,
the managed detectors outperform the unmanaged detectors
in terms of average IoU with seven out of eleven top results.
This indicates that the managed detectors work more accu-
rately at higher binarization thresholds than the unmanaged
counterparts, as IoU tends to decrease rapidly with decreasing
binarization thresholds, supporting the same observations
already found in the ROCs in Figure 4. Although the IoU
values may seem small in general, camouflage detection is an
inherently difficult task, which naturally results in relatively
low detection accuracies, especially when the camouflaged
targets are not sufficiently exposed in any sensor band, as
discussed in [14]. Similar to Table 4, the optimal parameter
configurations of the detectors change primarily with the size
of the camouflaged targets.

Discussion

The results show that the sensor-managed anomaly detection
approach is generally slightly inferior to the unmanaged
approach in terms of ROC and AUC. Although the bands
processed by the managed detectors are more informative and
expose the camouflaged targets more than the other bands, the
detection rates are not significantly increased. This indicates
that the increased spectral information in the unmanaged
case does not confuse the anomaly detectors, but actually
supports the detection of the camouflaged targets. However,
the managed detectors outperform the unmanaged detectors
in some cases. In addition, for the targets where they achieve
lower AUCs, they tend to have higher detection rates with
lower false alarm rates at higher thresholds. This is further
confirmed by evaluating the highest achievable average IoU,
given a fixed binarization threshold, where the managed
detectors outperform the unmanaged detectors. Since higher
thresholds are more practical in real-world applications to
avoid too many false positive detections, the managed de-
tectors are more appropriate in actual reconnaissance scenar-
ios. Furthermore, the managed detectors generally produce
comparable results to the unmanaged detectors, but with
fewer bands to process, which is an improvement in terms
of computational complexity. This is also an indication that
more exposed camouflaged targets according to the Target
Visibility Index support their detection, as processing fewer
bands with high performance predictions yields very similar
results as processing all bands. For a quantification of the
actual reduction in computational complexity in terms of
processing time, see [14], which shows the runtimes of all
applied anomaly detectors for two different band stack sizes.
Overall, the sensor-managed anomaly detection approach
does not outperform the unmanaged reference in all respects.
Yet, it appears to be more valuable in real-world applications
and thus has great potential worthy of further investigation.

6



Figure 4: Receiver operating characteristics (ROCs) of all detection methods for each camouflaged target. Managed
detectors are dashed and unmanaged detectors are solid. Area under curves (AUCs) are shown in parentheses
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Table 4: The area under curves (AUCs) and the parameter configurations for each anomaly detector and target. The
results correspond to those shown in Figure 4. Top results for each target are bold. The parameters show wi, wo for

LRX and LPD, and κ for AED. RX is parameterless.

Area Under Curve (AUC)

Hedge Turf Grn. Tarp Grn. 2D Grn. 3D Grn. Per. Fleece Gry. Tarp Gry. 3D Yew. 3D Yew. Per.

Unmanaged

RX 0.972 0.988 0.984 0.892 0.893 0.909 0.979 0.999 0.987 0.949 0.930

LRX 0.993 0.996 0.995 0.960 0.969 0.948 0.989 1.000 0.990 0.976 0.991

LPD 0.943 0.985 0.987 0.882 0.970 0.896 0.982 0.992 0.932 0.946 0.965

AED 0.880 0.955 0.970 0.918 0.935 0.886 0.946 0.994 0.921 0.967 0.975

Managed (N=3)

RX 0.960 0.987 0.979 0.888 0.889 0.895 0.986 0.999 0.983 0.917 0.890

LRX 0.990 0.997 0.993 0.955 0.965 0.955 0.994 1.000 0.980 0.954 0.985

LPD 0.880 0.976 0.984 0.856 0.935 0.879 0.979 0.990 0.905 0.942 0.956

AED 0.875 0.956 0.967 0.898 0.905 0.892 0.955 0.993 0.921 0.962 0.975

Parameters

Hedge Turf Grn. Tarp Grn. 2D Grn. 3D Grn. Per. Fleece Gry. Tarp Gry. 3D Yew. 3D Yew. Per.

Unmanaged

RX −−

LRX 21, 61 21, 61 21, 61 21, 61 21, 61 5, 15 31, 91 41, 121 21, 61 21, 61 11, 31

LPD 11, 31 11, 31 11, 31 11, 31 21, 61 31, 91 41, 121 21, 61 11, 31 21, 61 11, 31

AED 200 100 200 50 300 50 50 200 300 200 100

Managed (N=3)

RX −−

LRX 21, 61 21, 61 21, 61 21, 61 21, 61 5, 15 31, 91 41, 121 11, 31 11, 31 11, 31

LPD 11, 31 11, 31 11, 31 11, 31 21, 61 31, 91 41, 121 21, 61 41, 121 21, 61 11, 31

AED 200 100 200 50 300 50 50 200 300 200 100

6. CONCLUSIONS

In this paper, a sensor-managed anomaly detection approach
for camouflage detection is proposed. It is based on per-
formance models that determine the bands that most expose
camouflaged targets, which are then processed by an anomaly
detector to produce the final detection map. While the results
show that the approach does not generally outperform its
unmanaged counterpart, which simply processes all bands,
the difference is almost negligible. In addition, the proposed
method provides more precise detections at higher binariza-
tion thresholds, making it more suitable for real-world recon-
naissance scenarios. Furthermore, the performance achieved
requires fewer bands to be processed by an anomaly detector,
reducing computational complexity. Therefore, the sensor-
managed anomaly detection approach has great potential for
practical applications. In order to gain further insight into the
benefits of the sensor-managed anomaly detection approach,
future research will focus on applications with multispectral
data containing many more bands.
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Optimized spectral indices for camou�age detection in multispectral imagery

Tobias Hupel and Peter Stütz
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ABSTRACT

Unmanned aerial vehicles, equipped with multispectral imaging systems, as well as publicly 
available datasets, have fueled various research in remote sensing applications, including precision 
agriculture, land cover mapping or even camou age detection. Many of these applications make 
use of spectral indices, such as normalized di$erence or ratio indices, created by merging multiple 
raw bands. These indices typically provide a direct indication of certain physical surface properties, 
like plant health, nitrogen content or leaf area index, and are determined by studying spectral 
re ectance properties or using optimization techniques. Given the heavy use and utility of such 
indices, this work introduces a novel generalization of the normalized di$erence, ratio and 
di$erence indices, the linear ratio index (LRI), a ratio of two linear functions of all available 
bands. In addition, an optimization approach for the LRI is presented, which incorporates complex-
ity reduction strategies that enable optimization using only a subset of all available bands and 
reduced parameter precision, thereby ensuring parameter readability. The LRI and its optimization 
are thoroughly investigated in the context of camou age detection in tactical reconnaissance 
scenarios by optimizing a six-band and a two-band LRI using the eXtended Multispectral Dataset 
for Camou age Detection (MUDCAD-X). For comparison with traditional spectral index optimiza-
tion approaches, the resulting linear ratio indices (LRIs) are evaluated against all raw bands and an 
optimized normalized di$erence index and an optimized ratio index. The evaluation shows that 
the optimized LRIs provide the best overall results in terms of visibility and detectability of 
camou aged targets. This could indicate a general superiority of the LRI over established indices 
optimized by testing band permutations, making the LRI a promising candidate for further 
investigation in other remote sensing applications where it could also outperform traditional 
index optimization approaches. Therefore, the software code for optimizing the LRI has been 
made publicly available for further exploitation, requiring only an adapted optimization criterion to 
support any other use case. Furthermore, as with most spectral indices, the LRIs obtained in this 
study have negligible computational overhead and, under the right conditions, can be directly 
integrated into any existing camou age detection system.
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1. Introduction

Multispectral remote sensing has become a heavily stu-
died 2eld of research in recent years. Commercially avail-
able unmanned aerial vehicles (UAVs) and multispectral 
imaging systems, as well as public multispectral satellite 
imagery, provide easy access to valuable spectral data and 
have paved the way for numerous applications. Current 
advancements range from crop-type classi2cation (Akbari 
et al. 2020; X. Wang et al. 2023; Wijayanto, Wahyu 
Triscowati, and Marsuhandi 2020), crop yield estimation 
(Anastasiou et al. 2018; Camenzind and Yu 2024; Psiroukis 
et al. 2022) and vineyard zoning (Gavrilovic et al. 2024) to 
ship detection (Wang, Ren et al. 2021), surface water 
mapping (Albertini et al. 2022; Cordeiro, Martinez, and 
Peña-Luque 2021; S. Wang et al. 2022), oil spill detection 
(Pérez-García et al. 2024) and rock classi2cation (Ghrefat et 
al. 2021; Karimzadeh and Tangestani 2021; Li et al. 2024). 

In addition, recent research has shown the e$ectiveness 
of multispectral imagery for camou age detection, using 
spectral anomaly (Hupel and Stütz 2022, 2024; Luo, Wang, 
and Deng 2023; Nandibewoor et al. 2024) or target 
(Nandibewoor et al. 2024, Shen et al. 2021; S. Wang et al.  
2024) detection. Considering the relatively low size, 
weight, power and cost (SWaP-C) drawbacks of multispec-
tral imaging systems, their use on small UAVs could pro-
vide superior performance in reconnaissance scenarios 
compared to traditional visual or thermal imaging sys-
tems. For this reason, the Institute of Flight Systems of 
the University of the Bundeswehr Munich investigates the 
possibilities and bene2ts of multispectral imaging systems 
on small tactical UAVs for reconnaissance applications.

Since spectral properties correspond directly to phy-
sical properties, multispectral imaging provides a non-
destructive way to analyze surface conditions compared 
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to traditional destructive sampling. This typically 
involves the use of spectral indices that give explicit 
insight into a predetermined physical surface condition. 
They are calculated from di$erent spectral bands pro-
vided by the sensor or dataset. Over the years, a myriad 
of indices have been proposed for a wide variety of 
applications. For example, the normalized di$erence 
vegetation index (NDVI) (Rouse et al. 1974) is a measure 
of plant health, while the analytical burned area index 
(ABAI) (Wu et al. 2022) makes it easy to distinguish 
between burned and healthy forest areas. In most 
cases, these indices are either directly derived from 
spectral re ectance properties or determined through 
extensive 2eld studies, experiments and numerical opti-
mization techniques. Once an appropriate index has 
been found, it yields straightforward information about 
a particular surface property with negligible computa-
tional overhead, which is especially bene2cial on 
resource-limited platforms, such as small tactical UAVs.

In view of the heavy use of spectral indices in multi-
spectral remote sensing applications (Huang et al. 2021; 
Moua2k et al. 2024; Tran, Reef, and Zhu 2022; Zeng et al.  
2020), this work introduces a novel index, the linear ratio 
index (LRI), a generalization of the popular normalized 
di$erence, ratio and di$erence indices (Jordan 1969; 
Rouse et al. 1974; Tucker 1979). Speci2cally, the general-
ization is achieved by extending the normalized di$er-
ence index to a weighted linear sum of all available 
spectral bands in both the numerator and denominator. 
In this way, all bands can contribute to the index and 
normalized di$erence, ratio or di$erence indices can be 
considered as special instances of linear ratio indices 
(LRIs). Furthermore, a weighted sum of bands allows 
for di$erent contributions and thus more complex rela-
tionships between spectral bands. However, taking 
advantage of the additional capabilities of the LRI also 
requires an appropriate approach to 2nding its para-
meters. For this purpose, this work employs an optimiza-
tion algorithm based on di$erential evolution (Feldt and 
Stukalov 2018) that determines optimal parameters for 
the LRI with respect to an application-speci2c optimiza-
tion criterion. In addition, the optimization algorithm is 
enhanced by complexity reduction strategies that allow 
certain parameters to be optimized to zero, resulting in 
LRIs that use fewer than all available bands. This could 
be useful in scenarios where the set of utilized bands 
needs to be reduced or the bands that contribute most 
to the spectral index need to be determined.

Building on previous research (Hupel and Stütz  
2022, 2023, 2024), this study investigates the use of 
spectral indices speci2cally tailored to support camou-
 age detection using multispectral imaging in tactical 
reconnaissance scenarios. For this purpose, the LRI is 

optimized to increase the visibility and detectability of 
camou aged targets in multispectral imagery using 
the Taget Visibility Index (TVI) (Hupel and Stütz  
2023), a fast and eJcient measure of the visibility of 
an object in a nadir image. Here, the eXtended 
Multispectral Dataset for Camou age Detection 
(MUDCAD-X) (Hupel and Stütz 2023) serves as a data 
basis for optimization and evaluation by splitting it 
into dedicated training and test datasets. With the 
training dataset, two di$erent parameter sets for the 
LRI are determined, one that uses all available bands 
and another that uses only two bands, since two-band 
indices are the most dominant form of spectral 
indices. As a baseline for these indices, a normalized 
di$erence and a ratio index are also optimized using 
the training dataset. Although there are countless 
other indices, most are designed for very speci2c 
applications that do not include camou age detection. 
As a result, generic normalized di$erence and ratio 
indices are commonly optimized for other use cases 
(Feng et al. 2015; Guo et al. 2023; Rivera et al. 2014; 
Fang et al. 2015; Z. Wang et al. 2018; Y. Zhang et al.  
2023; W. Zhang et al. 2023; Z. Zhang et al. 2023) and 
therefore provide a solid basis for comparison with the 
LRI. The test dataset is used to evaluate the optimized 
indices with respect to their ability to increase the 
visibility and detectability of camou aged targets. For 
the evaluation of the impact on visibility, the average 
TVI for each index over all samples is calculated. In 
order to investigate the in uence on detection perfor-
mance, the optimized indices are incorporated into a 
camou age detection pipeline based on several di$er-
ent spectral anomaly detection methods. The detec-
tion results are then evaluated and compared using 
receiver operating characteristic (ROC), area under 
curve (AUC) and intersection over union (IOU).

While this study focuses speci2cally on the applica-
tion of the LRI to camou age detection, the LRI is gen-
erally not bound to any speci2c application. Instead, the 
application of the LRI is determined by the criterion for 
which it is optimized, which is the TVI in this work. 
However, the optimization approach generally allows 
any optimization criterion, since it is based on di$eren-
tial evolution, a very versatile metaheuristic. 
Consequently, the LRI can be optimized and applied to 
any other use case, given an appropriate optimization 
criterion. Therefore, the software code to optimize the 
LRI has been made publicly available on GitHub to 
encourage and motivate other researchers to experi-
ment with the proposed approach in di$erent contexts 
or to replicate the results of this study. See the data 
availability statement at the end of this document for 
the speci2c repository URL.
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Overall, this work provides the following scienti2c 
contributions:

● a novel generalization of the normalized di$erence, 
ratio and di$erence indices, the linear ratio index, 
along with an optimization approach that allows 
for di$erent index complexities

● a comprehensive evaluation of the LRI and its opti-
mization for camou age detection using multispec-
tral imaging in tactical reconnaissance scenarios

● application-ready linear ratio indices of di$erent 
complexities improving the visibility and detect-
ability of camou aged targets

The remaining paper is structured as follows. Section 
2 highlights previous work on spectral index optimiza-
tion and camou age detection. Then, Section 3 intro-
duces the proposed index along with the approach for 
2nding its optimized parameters. In addition, it provides 
a detailed explanation of the dataset and methods used 
in this work. Section 4 presents the conducted experi-
ments and their results. The main 2ndings, possible 
implications and limitations of this study as well as 
future prospects are subsequently discussed in Section 
5. Finally, Section 6 summarizes and concludes this 
paper.

2. Related work

This section provides an overview of the work related to 
this study. First, research on spectral index optimization 
for various use cases is discussed in Section 2.1. Then, 
Section 2.2 outlines work related to camou age detec-
tion using spectral imaging.

2.1. Spectral index optimization

Most spectral indices are based on the early normalized 
di$erence, ratio and di$erence indices (Jordan 1969; 
Rouse et al. 1974; Tucker 1979), which are calculated as 
shown in Equation 1-Equation 3. 

ca 2 R
m�l and cb 2 R

m�l are the spectral input bands 
where m denotes the height and l denotes the width of 
the bands. Ind , Ir and Id correspond to the normalized 
di$erence, ratio and di$erence index, respectively. Note 

that the division operations are performed on a per- 
element basis, so that all resulting index images have 
the same size as the original input bands. Additionally, 
the input bands are often converted to re ectance maps 
before the index image is calculated. This theoretically 
ensures consistency of the index images regardless of 
lighting conditions.

Determining the appropriate spectral regions for the 
input bands is one of the most important tasks in devel-
oping and optimizing a spectral index. This is typically 
accomplished through spectral behavior analysis, exten-
sive 2eld studies and empirical evaluation. For example, 
the normalized di$erence vegetation index (NDVI) 
(Rouse et al. 1974), the most popular indicator of plant 
health, was developed by studying the re ectance prop-
erties of chlorophyll and general vegetation. Further 
developments include the soil-adjusted vegetation 
index (SAVI) (Huete 1988), which minimizes the in u-
ence of high soil re ectance, and the enhanced vegeta-
tion index (EVI) (Huete, Justice, and van Leeuwen 1999), 
which accounts for areas of high biomass and some 
atmospheric disturbances. Other research has led to 
the anthocyanin context index (ACI) (Berg and Perkins  
2005) or the modi2ed chlorophyll absorption in re ec-
tance index (MCARI) (Daughtry et al. 2000), which pro-
vide an indicator of anthocyanin and chlorophyll 
content, respectively.

In contrast to tedious studies of re ectance behavior, 
recent research focuses on numerical optimization tech-
niques to 2nd optimal spectral indices. Common methods 
include testing all possible band combinations or testing 
di$erent parameter sets for existing index formulations, 
followed by evaluation against a speci2c optimization 
criterion. Given the indices de2ned in Equation 1- 
Equation 3, this procedure would require testing all pos-
sible band combinations for ca and cb. The set of possible 
band combinations results naturally from the available 
sensor or dataset. For instance, normalized di$erence, 
ratio and di$erence indices have been optimized with all 
available bands to estimate leaf area index (Rivera et al.  
2014; Wang, Sun et al. 2018), as well as anthocyanin (Z. 
Zhang et al. 2023), chlorophyll (Rivera et al. 2014), nitro-
gen (Feng et al. 2015; Guo et al. 2023; Zhang et al. 2023) 
and phosphorus (Y. Zhang et al. 2023) content. In addition 
(Feng et al. 2015), incorporated a third band and an 
additional scalar parameter, both of which were opti-
mized by testing all values of a prede2ned set. This 
resulted in an even stronger indicator of nitrogen content 
than any of the optimized two-band indices, the modi2ed 
reg-edge ratio (mRER). Furthermore (Gerstmann, Möller, 
and Gläßer 2016), optimized the EVI for cereal crop classi-
2cation by permuting the set of possible input bands and 
the scalar parameters. In order to estimate the brown leaf 
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area index (Delegido et al. 2015), optimized a normalized 
di$erence index and proposed the Green Brown 
Vegetation Index (GBVI) to separate green from brown 
vegetation. Moreover, optimized input band selections 
for complex two- and three-band indices have been suc-
cessfully determined to estimate biomass (Yang, Li, Wang, 
et al. 2021), as well as phosphorus (Wang, Shi et al. 2016), 
chlorophyll (Jiang et al. 2022) and nitrogen (Yang et al.  
2023; Yang, Li, Hu, et al. 2021) content in various crops.

Apart from testing possible band and parameter com-
binations, more sophisticated optimization techniques 
have also been explored. For example, the analytical- 
burned area index (ABAI) (Wu et al. 2022) was obtained 
by solving an optimization problem consisting of multi-
ple objective functions, each designed to maximize the 
average spectral di$erences between burned areas and 
other types of land cover. The optimization also included 
a sparsity constraint that allowed to control the resulting 
index complexity. In addition (Sameen and Pradhan  
2016), developed a novel index for the mapping of 
built-up areas using a two-stage particle swarm optimi-
zation technique. First, the two most sensitive bands 
were determined using a multi-objective extension for 
particle swarm optimization. Then, these bands were 
incorporated into an index formulation similar to the 
normalized di$erence, but with an individual coeJcient 
for each band variable. Finally, the coeJcients were 
optimized again using particle swarm optimization.

However, all of these indices are limited either by the 
number of bands that can be considered simultaneously 
or by the way these bands are combined into a single 
index image. Therefore, this paper proposes the linear 
ratio index, which captures a multitude of possible index 
formulations mentioned in any of the previous studies in 
a single equation. It is introduced in detail in 
Section 3.2.1.

2.2. Camou�age detection

Camou age detection is an inherently diJcult task and 
has not been widely studied in the public literature. Most 
research is based on multi- and hyperspectral imagery, 
as it possesses the potential to break the camou age 
e$ect. For example Brouant et al. (2023) designed and 
constructed a versatile ground-based multispectral ima-
ging prototype that successfully increased the contrast 
between multiple camou aged targets and their sur-
roundings. In addition, Shen et al. (2021) presented a 
novel camou age detection algorithm based on multi-
spectral imaging using constrained energy minimiza-
tion, adaptive thresholding and object region 
extraction. Moreover, hyperspectral imaging systems 
have demonstrated the ability to reveal camou age 

materials in the visible Chen et al. 2017, Krivánek, 
Motsch, and Bergeon 2023, Zhao et al. 2022) near-infra-
red (Krivánek, Motsch, and Bergeon 2023; Zhao et al.  
2022) and mid-wave infrared (Kumar and Ghosh 2017) 
spectrums. Although it provides limited spectral infor-
mation, the detection of camou aged targets based on 
traditional RGB images could also be achieved using a 
novel Search and Identi2cation Network (Kumar and 
Singh 2024).

With the advent of UAVs and their combination with 
spectral imaging systems, there has also been a growing 
research interest in camou age detection based on air-
borne spectral imagery. For instance, airborne hyperspec-
tral imagery has been successfully combined with spectral 
target detection algorithms to detect dummy soldiers 
(Vögtli et al. 2023) and objects under camou age materi-
als (Gross et al. 2023). Another study (Eckel and Stütz  
2024) used random forest regression on an environmental 
context state extracted by clustering methods to deter-
mine the most suitable bands of an airborne hyperspec-
tral imaging system for camou age and explosive device 
detection. Furthermore, Wang, Xu et al. (2024) recon-
structed multispectral images from airborne RGB images 
to save expensive imaging equipment using a novel trans-
former-based network (Vaswani et al. 2017), the Spatial 
and Spectral Hybrid Reconstruction Transformer 
(S2HFormer). The reconstructed images were then pro-
cessed by spectral target detection algorithms, providing 
detection performance comparable to processing the real 
multispectral images. In another study (Khangarot et al.  
2023), a deep learning-based object detector was success-
fully investigated for camou age detection in pure air-
borne RGB imagery using a limited dataset extended with 
data augmentation techniques.

Since camou aged targets can be viewed as spectral 
anomalies, current research also focuses on their detec-
tion using anomaly detection methods (Hupel and Stütz  
2022, 2024; Luo, Wang, and Deng 2023) or a combination 
of these with other target detection methods 
(Nandibewoor et al. 2024). In addition, it has been 
shown that the detection performance of anomaly detec-
tion methods can be improved by augmenting the origi-
nal data with spectral indices (Hupel and Stütz 2022; Luo, 
Wang, and Deng 2023). Therefore, this study investigates 
the use of spectral indices speci2cally tailored for camou-
 age detection in combination with spectral anomaly 
detection methods to gain further insight into their utility 
in tactical reconnaissance scenarios.

Although deep learning has gained tremendous inter-
est over the past decade in numerous applications, includ-
ing spectral anomaly detection (Wang, Wang et al. 2022) 
and camou age detection in airborne multispectral ima-
gery (Khangarot et al. 2023; S. Wang et al. 2024), such 

4 T. HUPEL AND P. STÜTZ



models typically require a signi2cant amount of data for 
training and a powerful graphics processing unit for infer-
ence. Since the context of this study is tactical reconnais-
sance using small UAVs, where resources are generally 
scarce, these approaches are currently diJcult to incor-
porate due to their resource-intensive nature. 
Furthermore, the multispectral data needed to study 
camou age detection in tactical reconnaissance scenarios 
is diJcult to obtain, as publicly available datasets are rare 
and therefore have to be generated from cumbersome 
data collection campaigns. As a result, the applicability of 
deep learning models in this study may generally be 
limited by the scarcity of relevant data. Considering 
these limitations, this study focuses on fast and eJcient 
anomaly detection methods for camou age detection, as 
presented in Section 3.3 and employed in previous 
research (Hupel and Stütz 2022, 2024).

3. Materials and methods

In this section, the proposed linear ratio index (LRI), its 
optimization problem as well as the dataset and meth-
ods used in this work are introduced. The 2rst section, 
Section 3.1, presents the dataset on which all further 
work is based. Then, the LRI and the approach to 2nd 
its optimized parameters are explained in detail in 
Section 3.2. Finally, Section 3.3 describes the anomaly 
detection methods used to evaluate the optimized 
indices for actual camou age detection.

3.1. MUDCAD-X

The eXtended Multispectral Dataset for Camou age 
Detection (MUDCAD-X) (Hupel and Stütz 2023) is a 

public dataset for training or testing camou age detec-
tion methods based on airborne multispectral nadir 
imagery. It was captured at the test site of the 
University of the Bundeswehr Munich, which provides 
a diverse set of environments, such as concrete areas, 
graveled soil, roads and small grass- and woodland 
areas. Therefore, the dataset features a variety of di$er-
ent camou aged targets that integrate very well into at 
least one of these environments. In addition, the multi-
spectral imagery was prepared to approximate the ima-
gery that would have been generated in a real-world 
reconnaissance scenario with small airborne sensor plat-
forms, such as the MIKADO or ALADIN of the 
Bundeswehr.

Figure 1 shows a single sample from MUDCAD-X. Each 
sample contains a visual, blue, green, red, edge-infrared 
(EIR), near-infrared (NIR) and long-wave infrared (LWIR) 
band as shown in Figure 1(a–g). In addition, all samples 
include a label mask, as shown in Figure 1h, which marks 
the locations and classes for each camou aged target 
with a unique color throughout the whole dataset. For 
example, there are 2ve di$erent camou aged targets in 
the scene shown in Figure 1. The spectral characteristics 
of each band in a sample are provided in Table 1. As can 
be seen, each sample comes with three single-channel 
bands in the visual region, two single-channel bands in 
the near-infrared region and one single-channel band in 
the long-wave infrared region. Along with these single- 
channel bands, there is also a visual band that provides an 
impression of the scene as it is seen by the human eye.

All captures of MUDCAD-X were collected in two 
di$erent areas of the test site on three di$erent days in 
three di$erent seasons, spring, summer and fall. On each 
of these days, seven capture  ights were conducted per 

Figure 1. All bands from VIS (a) to LWIR (g) contained in a single sample from MUDCAD-X. The last image shows the label mask (h) of 
the scene, identifying five different camouflaged targets in this case.
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area. After each capture  ight, all camou aged targets 
were moved to a new but similar location in the same 
area. This procedure resulted in a total of 853 samples, 
each containing at least one of the 10 di$erent camou-
 aged target classes. The camou aged target classes 
together with other basic properties of the dataset are 
listed in Table 2. Note that the number of targets in 
parentheses shows the actual number of di$erent tar-
gets, as there were always two people in di$erent uni-
forms for each person-in-uniform class. However, in the 
annotation process, there was no way to distinguish 
between these two people, so they were merged into a 
single class. As shown in the last two rows, all samples 
have a resolution of 512 by 512 and a ground sampling 
distance (GSD) of 10. More details about MUDCAD-X 
(Hupel and Stütz 2023) can be found in its original 
publication.

3.2. Linear ratio index

This section presents the proposed linear ratio index 
(LRI) and its optimization strategy. First, Section 3.2.1 
introduces the formulation of the LRI, which is a general-
ization of the normalized di$erence, ratio and di$erence 
indices. Then, the optimization of the LRI and the com-
plexity reduction strategies are explained in Section 
3.2.2 and Section 3.2.3, respectively. Finally, Section 
3.2.4 describes how the LRI is optimized for camou age 
detection.

3.2.1. Formulation

Generalizing the normalized di$erence, ratio and di$er-
ence indices, which are calculated as already shown in 

Equation 1-Equation 3, this paper introduces the linear 
ratio index. It is computed as shown in Equation 4. 

Here, C ¼ fc1; . . . ; cn j ci 2 R
m�l

"i 2 f1; . . . ; ngg is the 
set of n available bands, each with a height of m 

and a width of l. Wα ¼ fwα
1 ; . . . ;wα

n j wα
i 2 R "i 2

f1; . . . ngg is the set of numerator band weights, 

Wβ ¼ fw
β
1 ; . . . ;w

β
n j w

β
i 2 R "i 2 f1; . . . ; ngg is the set 

of denominator band weights, bα 2 R is the numerator 

bias and bβ 2 R is the denominator bias. In essence, all 
bands are multiplied by an individual weight and added 
together. Then, an additional bias is added to the sum of 
the weighted bands. This is done twice, once in the 
numerator and once in the denominator, using di$erent 
weights and biases, leaving a single band in the numera-
tor and in the denominator. Both the numerator and the 
denominator can be interpreted as linear or aJne func-
tions of C, which is why the index is referred to as linear 
ratio index. As with the traditional normalized di$erence, 
ratio and di$erence indices, the 2nal division of the two 
bands in the numerator and denominator is performed 
element by element. Optimizing the LRI for a speci2c 
application does not require testing band combinations, 
as is typical with other indices, but rather 2nding the 

optimal values for Wα, Wβ, bα and bβ. Also, while normal-
ized di$erence, ratio and di$erence indices are restricted 
to a range of values determined by the input bands, the 
LRI introduces an arbitrary range of values determined 
not only by the pixel values but also by the weights and 
biases. Furthermore, the normalized di$erence, ratio and 

Table 1. Bands included in each capture of the dataset MUDCAD-X.

band center bandwidth

visual (VIS) – –
blue 475 nm 32 nm
green 560 nm 27 nm
red 668 nm 14 nm
edge-infrared (EIR) 717 nm 12 nm
near-infrared (NIR) 842 nm 57 nm
long-wave infrared (LWIR) 10.5 μm 6 μm

Table 2. Basic properties of the dataset MUDCAD-X.

Property Value

# samples 853
# targets 10 (12)
targets anthracite fleece, artificial turf, artificial hedge, gray tarp, green tarp, green 2D camouflage net, green 3D camouflage net, 

gray 3D camouflage net, yellow 3D camouflage net, person in green uniform, person in yellow uniform
seasons spring, summer, fall
bands VIS, blue, green, red, EIR, NIR, LWIR
perspective nadir
resolution 512px � 512px
GSD 10 cm

px
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di$erences indices can be considered special cases of 
the LRI. For example, if there are n ¼ 3 bands, the nor-
malized di$erence between the 2rst band and the third 

band can be expressed with wα
1 ¼ w

β
1 ¼ w

β
3 ¼ 1, 

wα
3 ¼ �1, wα

2 ¼ w
β
2 ¼ 0 and bα ¼ bβ ¼ 0. Likewise, the 

ratio between the 2rst band and the third band can be 

expressed with wα
1 ¼ w

β
3 ¼ 1, wα

2 ¼ wα
3 ¼ w

β
1 ¼ w

β
2 ¼ 0 

and bα ¼ bβ ¼ 0. The di$erence index between the 
2rst band and the third band can be formulated equally 

simple with wα
1 ¼ 1, wα

3 ¼ �1, wα
2 ¼ w

β
1 ¼ w

β
2 ¼ w

β
3 ¼ 0, 

bα ¼ 0 and bβ ¼ 1.

3.2.2. Optimization

As already mentioned in Section 3.2.1, the LRI is opti-
mized by adjusting its weights Wα ¼ fwα

1 ; . . . ;wα
ng and 

Wβ ¼ fw
β
1 ; . . . ;w

β
ng and biases bα and bβ. Given a single 

capture C ¼ fc1; . . . ; cng with n bands and an objective 
function f that takes and index image and returns a cost, 
the LRI optimization problem can be written as in 
Equation 5. 

For a given dataset D ¼ fd1; . . . ; dNjdi ¼ fci;1; . . . ;

ci;njci;j 2 R
m�l

"j 2 1; . . . ; nf gg"i 2 1; . . . ;Nf gg with N 

captures, each consisting of n bands with a resolution 
of l by m pixels, the cost determined by the objective 
function f over all captures must be reduced to a single 
value. For the sake of simplicity, the reduction is per-
formed by summing over all costs per capture, as shown 
in Equation 6. 

For the optimization of the problem described in 
Equation 6, this work employs an adaptive version of 
di$erential evolution (Storn and Price 1997) with mod-
i2cations for choosing the parameters (Wang et al. 2014) 
and updating the population (Spector and Klein 2006). 
The concrete implementation details are given by the 
adaptive_de_rand_1_bin_radiuslimited optimizer pro-
vided by the BlackBoxOptim.jl package (Feldt and 
Stukalov 2018) of the Julia Programming Language 
(Bezanson et al. 2017). Di$erential evolution is a global 
optimization technique that does not rely on a di$eren-
tiable objective function. Both of these properties are 
desirable in the speci2c application of this work. 
Speci2cally, the use of a global optimizer eliminates 
batching strategies as required for global optimization 

using gradient descent. Thus, the optimization problem 
de2ned in Equation 6 can be optimized directly without 
any further modi2cations. In addition, this work intro-
duces complexity reduction strategies for the optimiza-
tion of the LRI that lead to non-di$erentiable behavior 
for any objective function f , making di$erential evolu-
tion an excellent choice for the optimizer. These com-
plexity reduction strategies are explained in the 
following section.

3.2.3. Optimization with complexity reduction

In principle, the LRI is designed to make use of all the 
available bands for the resulting index image. However, 
there may be use cases where this behavior is not desir-
able. For example, when computational resources are 
extremely limited or when a multispectral imaging sys-
tem needs to be designed with a minimal number of 
bands to cut production costs. It may also be desirable 
just for the sake of reducing dependencies and complex-
ity, since most spectral indices, including normalized 
di$erence, ratio and di$erence indices, depend on only 
two to three bands. Whatever the reason, in order to 
support a reduced number of bands during the optimi-
zation of the LRI, a proper strategy must be found that 
works well with the optimizer.

Experiments have shown that the adaptive di$eren-
tial evolution optimizer used in this work is very robust 
against the following modi2cations of Wα and Wβ, which 
limit the number of utilized bands to a prede2ned con-
stant k 2 N. The 2rst step is to calculate the sum of the 
absolute weights for each band, as shown in the equa-
tion below. 

Note that wα
i and wβ

i are both weights of the i th band, so 
their absolute sum can be interpreted as a measure of 
the contribution of the i th band to the resulting index 
image. In the next step, the function ϕ maps the posi-
tions of Wγ so that it returns the position of the largest 
element in Wγ 2rst and the smallest last. As shown by the 
following equations, the set Φk containing the indices of 
the 2rst largest k elements in Wγ can be obtained with 
the function ϕ. 

Finally, all weights whose positions are not contained in 
Φk are set to zero, leading to the new weight parameters 

Wα0
and Wβ0

. 
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This way, only the largest k absolute weights are 
retained, since they contribute the most to the resulting 
index image. All others are set to zero, e$ectively nullify-
ing the in uence of the bands by which they are multi-

plied. The bias parameters, bα and bβ, are not a$ected by 
this technique, as they add constant but minimal com-
plexity to the LRI regardless of the number of bands 
available. It should be noted that these modi2cations 
are made each time the objective function is called, so 
from the optimizer’s point of view, this behavior is part 
of the objective function. Therefore, the optimizer still 

tweaks the original weights Wα and Wβ, which are then 
modi2ed according to the equations above and passed 
to the objective function. This allows the optimizer to 
determine which bands to ignore and which bands to 
keep because they are important for minimizing the 
objective function. The following equation shows the 
optimization problem of Equation 5, adjusted with the 

weight parameters Wα0
and Wβ0

. 

Another property often found in spectral index de2ni-
tions is the low precision of the weights and other para-
meters. For example, all normalized di$erence, ratio and 
di$erence indices have weights only in f�1; 1g. This 
may a$ect the accuracy of the spectral index, but it 
also makes it easier to remember and therefore more 
transferable and practical. In order to incorporate this 
property into the optimization of the LRI, the function r 

is introduced in the following Equation. 

It takes a value x 2 R and a number d 2 N and returns 
the value x rounded to the last d digits. For example, 
rð1:8351; 2Þ ¼ 1:84. With this function, the weights and 
biases of the LRI can be kept at a certain precision 
de2ned by d. The following equations show how the 

weights Wα0
and Wβ0

and biases bα and bβ are modi2ed 

in order to obtain the weights Wα�
and Wβ�

and biases 

bα�
and bβ�. 

Again, these modi2cations are made before the para-
meters are passed to the objective function, so the 
optimizer still adjusts the original parameters Wα, Wβ, 

bα ,and bβ. At this point, the versed reader may notice 
that the parameters could grow arbitrarily large instead 
(e.g. 1.8351 becomes 183.51), since the index is, after all, 
a ratio where only relative di$erence matters. However, 
the optimizer of the BlackBoxOptim.jl package requires 
upper and lower bounds on all parameters, which miti-
gates this issue. Applying the two complexity reduction 
strategies described above, the optimization problem in 
Equation 5: 

3.2.4. Optimization for camouflage detection

In order to optimize the LRI for any application, an 
appropriate objective function must 2rst be de2ned. 
Since the index is intended to support the visibility and 
detectability of camou aged targets in this study, the 
Target Visibility Index (TVI) (Hupel and Stütz 2023) is 
employed as the optimization criterion, which has 
been introduced and already applied in previous 
research (Hupel and Stütz 2023, 2024). The TVI is a con-
ceptually and computationally eJcient metric that 
describes the discriminability of an object from its back-
ground in a single-channel nadir image. Although it is an 
experimental metric, the simple and eJcient nature of 
the TVI adds minimal computational overhead to the 
optimization problem. Alternative optimization criteria, 
such as an evaluation of detection maps or saliency 
maps, are much more expensive to compute as they 
require the use of sophisticated algorithms. 
Conclusively, they make the optimization problem 
much more complex than the TVI. In addition, using 
the TVI as an optimization criterion provides even further 
valuable insight into this metric and its utility in camou-
 age detection.
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Given an image channel cx 2 ½0; 1�m�l and an annota-

tion mask ax 2 f0; 1gm�l denoting the camou aged tar-
get, the TVI is calculated according to the following 
formula. 

Here, μT and μB are the average values over all pixels 
belonging to the target and all pixels belonging to the 
background, respectively. Similarly, σT is the standard 
deviation over all target pixels and σB is the standard 
deviation over all background pixels. The TVI ranges 
from 0 to 1, where 0 means no visibility and 1 means 
maximum visibility of the target. However, these values 
do not necessarily correspond to human perception and 
should rather be interpreted as a simpli2ed measure of 
contrast between target and background. Figure 2 shows 
the visual (VIS), blue, edge-infrared (EIR) and near-infrared 
(NIR) channels of a multispectral capture for which the 
TVIs were calculated. As can be observed, the TVI is much 
lower in the VIS and blue channels compared to the EIR 
and NIR channels. This is due to the greater di$erence 
between the target pixels and the background pixels in 
the infrared channels, where the target is much darker 
than the rest of the scene. As a result, the target is much 
easier to see in the infrared channels than in the visual 
channels. Therefore, the LRI optimized for maximum TVI 

should provide even higher discriminability between 
camou aged targets and their backgrounds than any of 
the original bands. In addition, since most pixels in an 
image are background, a high TVI should also make the 
target appear more anomalous and thus more susceptible 
to anomaly detection algorithms. Readers interested in 
learning more about the TVI are encouraged to read the 
original publication (Hupel and Stütz 2023).

With the TVI as the criterion to be maximized, the 
optimization problem with complexity reduction of the 
LRI in Equation 20 can be adapted as follows. Let fTVI be a 
function that, given an image channel and an annotation 
mask, returns the TVI computed as in Equation 21 and let 

A ¼ fa1; . . . ; aM j ai 2 f0; 1gm�l
"i 2 f1; . . . ; Mgg be a 

set of annotation masks, the optimization problem can 
be formulated as shown in the following equation. 

Note that the LRI can produce a range of values beyond 

the de2nition of the TVI. Thus, the function fnorm nor-

malizes the resulting index image between 0 and 1 

before passing it to the function fTVI. This should not 

cause any complications, since all that matters is the 

relative di$erence between camou aged targets and 

their backgrounds, which is the property measured by 

the TVI. The absolute values of the resulting index image 

are of no concern, as they are not intended to relate to 

any physical property, such as plant or crop health. In 

addition, the TVI is negated because the optimizer mini-

mizes the objective function by default.

3.3. Anomaly detection methods

This section brie y introduces the implemented spectral 
anomaly detection methods, RX (Reed and Yu 1990), LRX 
(Reed and Yu 1990), LPD (Hupel and Stütz 2022) and AED 
(Kang et al. 2017), which are used to automatically 
detect camou aged targets. Using spectral anomaly 

Figure 2. Demonstration of the Target Visibility Index (TVI). Resulting values for each channel are shown in parentheses. Note that the 
visual channel has been converted to a gray-level image prior to the calculation of the TVI.
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detection for camou age detection is a common 
approach, as camou aged targets are expected to 
show anomalous spectral behavior relative to their sur-
roundings (Hupel and Stütz 2022, 2024; Luo, Wang, and 
Deng 2023; Nandibewoor et al. 2024). In addition, these 
methods are comparatively fast and have low resource 
requirements, as shown in (Hupel and Stütz 2022). This is 
particularly important, since this paper focuses on recon-
naissance applications using small tactical drones, which 
by design have limited computational capabilities. 
Detailed information about the algorithms can be 
found in their original publications.

3.3.1. RX and LRX detectors

The Reed-Xiaoli (RX) (Reed and Yu 1990) detector is one 
of the most classic anomaly detection algorithms. It 
works on the hypothesis that the target pixels and the 
background pixels originate from two di$erent normal 
distributions. Following this hypothesis, the 
Mahalanobis distance between a pixel and the back-
ground distribution becomes the measure of the pixel’s 
degree of abnormality. The background distribution in a 
single capture with n channels is estimated by calculat-

ing its average pixel value μ 2 R
n and the covariance 

matrix Σ 2 R
n�n j Σ � 0; Σ ¼ ΣT . As a result, the anom-

aly score dM 2 R of a pixel under test x 2 R
n is calcu-

lated as shown in Equation 27. 

As with the RX detector, the local RX (LRX) detector 
determines the abnormality score of a pixel by calculat-
ing its Mahalanobis distance to the background distribu-
tion. However, in contrast to the RX detector, the 
background estimation is only based on a local neigh-
borhood of the pixel under test. The neighborhood is 
determined by a sliding dual-window, which consists of 
an inner window and an outer window centered around 
the pixel under test. Only pixels that are inside the outer 
window but outside the inner window are considered 
for the background estimation. This way, the back-
ground statistics are closer to the actual vicinity of the 
pixel under test without too much contamination of 
target pixels, which is suppressed by the inner window. 
In general, the LRX detector achieves higher detection 
rates traded for the introduction of additional para-
meters, wi 2 N and wo2 N jwo >wi, de2ning the inner 
and outer window sizes, respectively. Figure 3 shows an 
example of a dual window drawn into the visual band of 
a scene. The pixel under test is marked in blue, while the 
inner and outer windows are marked in red and green, 
respectively. As can be observed, the background esti-
mation would only be based on the pixels immediate 

surroundings, ignoring pixels much further away or 
included in the inner window.

3.3.2. LPD detector

Local point density (LPD) (Hupel and Stütz 2022) is an 
anomaly detection method that relies on the soft-den-
sity of pixels (Tu, Yang, Li, et al. 2020; Tu, Yang, Zhou, et 
al. 2020). Unlike the RX and LRX detectors, it makes no 
assumptions about the distribution of background and 
target pixels. Instead, it estimates the density of each 
pixel based on its Euclidean distance from other pixels. It 
should be noted that this distance is based on the values 
of the pixels, not their locations. The higher the density 
of a pixel, the more pixels have similar values and are not 
considered anomalous. Similarly, the lower the density 
of a pixel, the fewer the number of pixels with similar 
values, and therefore the higher the abnormality of that 
pixel.

Like the LRX detector, the density estimation consid-
ers only a local neighborhood de2ned by an inner and 
outer window centered on the pixel under test, as illu-
strated in Figure 3. Consequently, the density of each 
pixel in a capture can be calculated as de2ned in 
Equation 28. Where ρ 2 R is the resulting density for a 

pixel value x 2 R
n with n bands and its neighborhood 

M ¼ fmi; . . . ; msM
j mi 2 R

ng consisting of sM 2 N pixels. 
dc 2 R is the cut-o$ distance, which is equal to the 
average Euclidean distance between all pixels in the 

Figure 3. The dual window defining the neighborhood of pixels 
for the pixel under test (blue). The neighborhood consists only of 
pixels that are inside the outer window (green) but outside the 
inner window (red).
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neighborhood and the average pixel value μM 2 R
n of all 

pixels in the neighborhood. 

Once the densities for all pixels are calculated, they are 
negated to create an anomaly map where higher values 
indicate more anomalous pixels and lower values indi-
cate less anomalous pixels.

3.3.3. AED detector

Anomaly detection using Attribute and Edge-Preserving 
Filters (AED) (Kang et al. 2017) builds on the idea that 
anomalous objects are relatively small and either much 
brighter or darker than their surroundings in many 
bands. This idea is translated into an algorithm that 
generates morphological attribute pro2les for each 
band, which are fused into a 2nal detection map.

First, each band undergoes two morphological area 
2ltering operations, which remove all bright and dark-con-
nected components smaller than a prede2ned size κ 2 N. 

Given a capture fc1; . . . ; cnjci 2 ½0; 1�m�l
"i 2 1; . . . ; nf gg

with n bands of height m and width l, this leaves a set area 

pro2le tuples fðγκ
1;ϕ

κ
1Þ; . . . ; ðγκ

n;ϕ
κ
nÞ j γκ

i ;ϕ
κ
i 2 ½0; 1�

m � l "i 2 f1; . . . ; ngg; where γκ
i , and ϕκ

i are the area 

pro2les of the ith band where all bright and dark connected 
components smaller than κ have been removed. Following 
the original idea that anomalous objects are small and 
either bright or dark, most anomalous objects should 
have been removed in at least one of these pro2les. The 
detection map of the ith band is given by the di$erence 

ψκ
i ¼ ϕκ

i � γκ
i of the pro2les, highlighting the regions 

removed after at least one of the 2ltering operations. 
These detection maps are then combined into a single 
detection map using a special binary fusion operation, 
which includes additional morphological and thresholding 
operations. Finally, the detection map is post-processed 
with an edge-preserving smoothing 2lter. For the sake of 
simplicity, this is implemented by a bilateral 2lter in this 
work. The original publication used a domain transform 
recursive 2lter (Gastal and Oliveira 2011), which is compu-
tationally more eJcient than a bilateral 2lter.

4. Experiments and results

This section presents the experiments conducted with 
the LRI, the obtained results and their evaluation. First, 
the training and test datasets used for optimization and 
evaluation are introduced in Section 4.1. Then, Section 
4.2 describes the optimization con2gurations as well as 
the resulting LRI parameters. Finally, the obtained LRIs 
are evaluated for their impact on the visibility and 
detectability camou aged targets in Section 4.3.

4.1. Training and test datasets

In order to optimize and evaluate the LRI for camou age 
detection using the approach presented in Section 3.2, 
the dataset MUDCAD-X introduced in Section 3.1 must 
2rst be split into training and test datasets. For a ratio 
close to 80:20, MUDCAD-X is split by selecting all data of 
the 4th capture  ight of each day as test data and the 
remaining data as training data, as done in (Hupel and 
Stütz 2024). After the split, the test dataset contains 129 
samples and the training dataset contains the remaining 
724 samples.

As a pre-processing step, the datasets are globally 
min-max normalized on a band-wise basis, resulting in 
an equal and comparable range of values for each band. 
This step is necessary because there are no re ectance 
maps available, as is usually the case with multispectral 
datasets. The normalization statistics are obtained only 
from the training dataset, but are applied to both train-
ing and test datasets. Once the minimum and maximum 
values for each band in the training dataset have been 
obtained, both datasets can be normalized. Given a pixel 
value x 2 R of the ith band with a minimum value of 
mini 2 R and maximum value of maxi 2 R, the normal-
ized pixel value x̂ 2 ½0; 1� is determined as shown below. 

This leads to a range of values from 0 to 1 for each band 
in the training dataset. Although the bands of the raw 
captures already fall within this range, they do not 
necessarily use it to the full extent, but they do after 
normalization. Since the minimum and maximum values 
of the training dataset may not match those of the test 
dataset, their range of values may also be slightly di$er-
ent after normalization. However, this is unavoidable 
because the statistics of the test dataset should not 
in uence the optimization procedure, as it is used only 
for evaluation. The minimum and maximum values for 
each band of the training dataset can be found in Table 
3. As can be observed, the normalization has no e$ect on 
the blue, green and red bands. For the EIR and NIR 
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bands, the normalization e$ect is rather small, while it is 
comparatively large for the LWIR band. It should also be 
noted that there are no statistics for the visual band as it 
is not used for the optimization of the LRI.

In addition to normalizing all bands in both datasets, 
they are also scaled down to a resolution of 256 by 256, 
which corresponds to a GSD of 20 cm per pixel. This 
greatly reduces the computational cost of the optimiza-
tion procedure while keeping the resolution high 
enough to detect all camou aged targets, as explained 
in (Hupel and Stütz 2022). Furthermore, all annotations 
with an area of 2ve pixels or less are removed from both 
datasets. This ensures numerical stability for any statis-
tical calculation without removing valuable information, 
as it is a very small area. Finally, both datasets consist of 
band-wise normalized samples with a resolution of 256 
by 256 pixels and no annotations smaller than 5 pixels.

4.2. Optimization

With the training dataset de2ned in Section 4.1, the LRI 
can be optimized as explained in Section 3.2.4. However, 
as with most datasets, there are class imbalances that 
need to be considered. For example, in MUDCAD-X, and 
therefore in the training dataset, there are many more 
annotations for persons in green uniforms than for the 
gray tarp (Hupel and Stütz 2023). This is not surprising, 
since there are many more environments suitable for a 
person in a green uniform than for a gray tarp. However, 
an optimized LRI should work equally well for all targets, 
regardless of their prevalence in the data. For this rea-
son, the classes in the data are balanced in the optimiza-
tion using the training dataset as follows. First, the 
equalization weight for each camou aged target class 
in the training dataset is obtained according to the 
following equation. 

Where H is the set of equalization weights, P is the total 

number of annotations in the training dataset, Pi is the 
number of annotations in the training dataset that belong 
to the ith camou aged target class and nH is the number of 
camou aged target classes in the training dataset. The 
resulting equalization weights are listed in Table 4. As can 
be seen, the number of annotations for the anthracite 
 eece is relatively small, hence the large weight. Likewise, 

the weights for the persons in uniforms are relatively small 
because they make up a large portion of the total annota-
tions in the training dataset. Given a set of M 2 N tuples 

A0 ¼ fðt1; a1; ht1Þ; . . . ; ðtM; aM; htM
Þ j ai 2 f0; 1gm�l

; ti 2

f1; . . . ; nHg "i 2 f1; . . . ; Mgg containing the camou-
 aged target class membership ti together with the anno-
tation mask ai and the corresponding equalization weight 
hti

, the optimization problem in Equation 26 can be refor-
mulated as follows. 

By summing over all samples in the training dataset as 
de2ned in Equation 6, the LRI can 2nally be optimized, 
taking into account all data in the dataset in a single 
function evaluation and the imbalance of the camou-
 aged target classes.

For a detailed analysis of the proposed index and its 
optimization strategy, two di$erent LRIs are optimized. One 
that uses all six single-channel bands, called LRI6, and one 
that uses only two single-channel bands, called LRI2. Both 
make use of the complexity reduction strategies introduced 
in Section 3.2.3, as their parameters are rounded to the last 
two digits, allowing the optimizer to directly consider their 
human readability. In addition, LRI2 is optimized with only 
two bands, which are also determined by the optimizer. As 
mentioned in Section 3.2, the optimizer requires search 
range limits, so the allowed minimum and maximum values 
of each parameter of the LRI are set to −10 and 10, respec-
tively. Also, the population size is set to 100 and the termi-
nation criterion is set to a maximum of 75,000 function 
evaluations. All other parameters of the optimizer are left 
at their default values de2ned by the BlackBoxOptim.jl 
package (Feldt and Stukalov 2018). The optimization runs 
of both indices are shown in Figure 4. As can be seen, both 
indices converge after about 40,000 iterations, which took 
about 24 hours on an AMD Ryzen 9 3950X with 128 mem-
ory using Julia 1.10 on Ubuntu 22.04. The total number of 
iterations took about 48 hours, leading to a 2nal average TVI 
of 0.04045 for the LRI6 and 0.03120 for the LRI2.

In order to compare the LRI and the proposed optimi-
zation approach with common optimization techniques 
that test all possible band combinations of normalized 
di$erence and ratio indices, an optimal normalized di$er-
ence and ratio are also determined. These are optimized 

Table 3. Minimum and maximum values of each band over the training dataset, excluding the visual band, which is not used for index 
optimization. These values are used for min-max normalization of the training and test datasets.

blue green red EIR NIR LWIR

min 0 0 0 0.0196 0.0039 0.0118
max 1 1 1 1.0000 0.9961 0.9412
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using the same objective function, but with an optimizer 
that simply tests all possible input band combinations for 
the best result. The resulting normalized di$erence and 
ratio indices are called LRInd and LRIr, respectively. 
Compared to the optimization times of the LRI6 and 
LRI2, which were about 2 days, the optimization times of 
the LRInd and LRIr are a matter of seconds. Table 5 shows 
the 2nal optimized indices, ready to be incorporated into 
any camou age detection process. It is worth noting that 
the LRInd and the LRIr are both based on the same bands, 
the NIR and LWIR bands. In contrast, the LRI2, which is also 
based on two bands, relies on the green and EIR bands.

4.3. Evaluation

In this section, the determined optimized LRIs in Section 
4.1 are 2rst evaluated for impact on the visibility of 
camou aged targets in Section 4.3.1. Then, they are 
evaluated for their impact on actual camou age 

detection using spectral anomaly detection methods in 
Section 4.3.2. Both evaluations are based on the test 
dataset.

4.3.1. Target visibility

Since the LRIs were optimized with respect to the TVI on 
the training dataset, the evaluation is based on the test 
dataset, which was not used to optimize the LRIs. An 
exemplary impression of the optimized indices is given 
in Figure 5, which shows a scene arbitrarily selected from 
the test dataset. Speci2cally, Figure 5(a–h) show the raw 
bands along with the label mask and Figure 5(i–h) show 
the optimized LRIs. As can be observed, the LRI6 pro-
duces much higher contrast between many camou-
 aged targets and the background than any of the raw 
bands or the other optimized indices. Although all opti-
mized indices except the LRIr appear to achieve signi2-
cantly higher contrast than the raw bands. This applies 
especially to the targets marked with red circles in Figure 
5(h), which are particularly prominent in the index 
images in Figure 5(i–k) compared to the raw bands in 
Figure 5(a–g). However, it is also worth noting that some 
camou aged targets already have high visibility in the 
raw bands, which does not seem to be further improved 
by the optimized indices. These targets are marked with 
blue circles in Figure 5. In addition, there seem to be 
camou aged targets that have higher contrast in the 
raw bands than in any of the optimized LRIs. For exam-
ple, the targets marked with purple circles Figure 5h 
appear to have the highest visibility in the red band 
shown in Figure 5d. Nevertheless, since there are too 

Table 4. Equalization weights for each camouflaged target class 
in the training dataset.

i name weight (hi)

1 anthracite fleece 5.14
2 artificial turf 0.99
3 artificial hedge 0.99
4 gray tarp 3.11
5 green tarp 0.94
6 green 2D camouflage net 0.92
7 green 3D camouflage net 0.93
8 gray 3D camouflage net 1.46
9 yellow 3D camouflage net 1.55
10 person in green uniform 0.49
11 person in yellow uniform 0.53

Figure 4. Optimization runs of LRI2 and LRI6. The graphs show the weighted average TVI over the training dataset at each iteration.

Table 5. Final parameters of the optimized LRIs. LRI6 and LRI2 were optimized using six and two bands, respectively. LRInd and LRIr are 
the optimized normalized difference and ratio found by testing all band combinations.

wα
blue wα

green wα
red wα

EIR wα
NIR w

β
LWIR bα w

β
blue w

β
green w

β
red wα

EIR w
β
NIR wα

LWIR bβ

LRI6 1.80 9.57 −4.15 −8.33 −4.59 3.41 0.69 −0.06 2.67 −3.69 7.46 9.86 1.79 1.34
LRI2 −9.74 8.97 −2.63 9.60
LRInd 1.00 −1.00 2.10 1.00 1.00
LRIr 1.00 1.00
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many captures in the test dataset for an overall qualita-
tive evaluation, this is further analyzed in the following 
statistical evaluation. For that purpose, the TVI is calcu-
lated separately for each LRI and for each annotation in 
the test dataset. The resulting TVIs are then grouped and 
averaged for each camou aged target class. This pro-
vides insight into the performance of each index for each 
individual camou aged target class, which may not be 
the same for all target classes. In addition, the average 
TVI over all camou aged targets is calculated, indicating 
the overall performance of each optimized LRI. Note that 
there is no need for equalization weights as in the train-
ing procedure, since the TVI is calculated separately for 
each camou aged target class.

Table 6 shows the resulting TVIs for each of the 
optimized LRIs and the raw single-channel bands over 
the test dataset. Each row corresponds to a single 
camou aged target class and shows the average TVIs 
of the individual bands and indices. In addition, the last 
column shows the average TVI over all classes. The best 
results per class are shown in bold and the TVIs of the 
indices that are greater than any of the TVIs of the raw 
bands are shown in italics. As can be seen in the last row, 

all optimized LRIs achieve higher TVIs on average com-
pared to the raw single-channel bands. However, the 
highest average TVIs are obtained by the LRI6 with 
0.041 and LRI2 with 0.034. The best raw bands are the 
EIR and LWIR band sharing an average TVI of 0.023. 
Regarding the number of best results, the LRI6 and the 
LRI2 rank highest with four and three top results, respec-
tively. Only one top result can be found in the results of 
the LRInd and LRIr, while the remaining four top results 
are achieved by the raw bands. Two of these four top 
results are achieved by the LWIR band for the persons in 
uniforms. This is not surprising as the LWIR band is very 
sensitive to this kind of thermal activity. The other two 
top results are achieved by the green band for the green 
2D camou age net and the yellow 3D camou age net.

Regarding the camou aged target classes that do not 
lead to higher TVIs in the optimized indices than in the 
raw bands, it can be observed that all optimized indices 
have a relatively low TVI. This is the case, for example, for 
the yellow 3D camou age net and the persons in uni-
forms, where the TVI in the optimized indices does not 
even exceed 0.01, while it does for many other camou-
 aged target classes. However, it can also be seen that 

Figure 5. The optimized LRIs for a sample from the test dataset. The raw bands are shown from VIS (a) to LWIR (g) along with the 
corresponding label mask (h) The last row shows the LRI6 (i), LRI2 (j), LRInd (k) and LRIr (l). The circle markers in the label mask (h) are 
explained in the text.
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this is not due to missing information in the raw data, as 
the green band produces a TVI of 0.025 for the yellow 3D 
camou age net. On the contrary, the optimized indices 
can achieve relatively high TVIs even when the TVI pro-
vided by the raw bands is low, as can be seen with the 
arti2cial hedge. Here, the LRI2 provides an average TVI of 
0.043, which is more than three times higher than the 
highest average TVI of the raw bands, which is 0.012 
provided by the green band. Therefore, low TVIs in the 
raw bands do not necessarily lead to low TVIs in the 
optimized LRIs, but the same is true for high TVIs in the 
raw bands. This shows the ability of the LRI to emphasize 
certain information in the raw bands that can only be 
extracted by relating them to each other using its tun-
able parameters. However, it also shows that the opti-
mization algorithm prioritizes certain targets more than 
others, which may not be a desirable outcome depend-
ing on the actual application of the optimized LRI. 
Section 5 discusses this issue in more detail and how it 
could be addressed. Overall, the optimized indices pro-
vide much higher TVIs than the raw bands for many 
camou aged target classes, resulting in superior average 
performance. This demonstrates the general e$ective-
ness of the LRI and the proposed optimization approach 
as well as the ability of the indices to generalize from the 
training dataset to the test dataset.

4.3.2. Camouflage detection

For the evaluation of the optimized indices on actual 
camou age detection performance, each LRI is incorpo-
rated into a computer-aided camou age detection pipe-
line, similar to (Hupel and Stütz 2022, 2024). In detail, the 
original bands of each capture in the test dataset are 
extended with the optimized indices, resulting in an 
individual band stack per index. Furthermore, the 
bands of each capture are individually normalized to 
an average value of zero and a standard deviation of 
one. Since the visual band is treated as a single band, but 
technically consists of three bands, each of its bands is 

additionally multiplied by one-third. This normalization 
ensures that each band is given equal weight in the 
detection process, regardless of its actual range of 
values. To evaluate the impact of the index extensions 
on detection performance, each band stack is processed 
by multiple spectral anomaly detection algorithms. 
These algorithms are the RX (Reed and Yu 1990), LRX 
(Reed and Yu 1990), LPD (Hupel and Stütz 2022) and AED 
(Kang et al. 2017) anomaly detectors, introduced in 
Section 3.3. Note that each detector is based on a di$er-
ent operating principle, which makes this evaluation 
particularly robust. In order to 2nd the most optimal 
detector con2guration, multiple con2gurations are 
tested for each detector. For the LRX and LPD detectors, 
the inner and outer window sizes (wi, wo) are set to (5, 
15), (11, 31), (21, 61), (31, 91) and (41, 121). For the AED 
detector, the connected component size κ is set to 25, 
50, 100, 200 and 300. The RX detector works without any 
parameters. As a result, there are 2ve di$erent band 
stack con2gurations per capture of the test dataset, 
one for each optimized LRI and one with only the raw 
bands. Each of these band stacks is processed by four 
di$erent detection algorithms, each with multiple di$er-
ent con2gurations.

An exemplary impression of the detection results is 

given in Figure 6. It shows the detection maps of each 

detector and band stack con2guration of the same 

sample from the test dataset as in Figure 5. The sepa-

rate column on the right shows the label mask of the 

sample and the corresponding index images added to 

the raw band stack. For the LRX, LPD and AED detec-

tors, the detection maps that result from the con2g-

uration that provides the highest possible average IOU 

over all camou aged targets in the scene are shown. 

As can be observed, the detectors generally give very 

di$erent detection results, highlighting certain camou-

 aged targets more than others. For example, the LRX 

detector detects the targets marked with red circles in 

Figure 6e more than any other targets, while the RX 

Table 6. Evaluation results in terms of TVI of all single-channel bands and optimized indices.

blue green red EIR NIR LWIR LRI6 LRI2 LRInd LRIr

anthracite fleece 0.010 0.023 0.014 0.046 0.058 0.061 0.113 0.051 0.097 0.144

artificial turf 0.004 0.002 0.005 0.024 0.024 0.025 0.067 0.058 0.041 0.041
artificial hedge 0.005 0.012 0.006 0.011 0.009 0.006 0.025 0.043 0.008 0.004
gray tar 0.017 0.008 0.027 0.085 0.061 0.004 0.060 0.089 0.023 0.007
green tarp 0.003 0.003 0.003 0.019 0.031 0.018 0.065 0.038 0.052 0.056
green 2D camouflage net 0.007 0.009 0.007 0.007 0.005 0.009 0.003 0.003 0.006 0.004
green 3D camouflage net 0.001 0.005 0.001 0.024 0.026 0.004 0.044 0.044 0.029 0.025
gray 3D camouflage net 0.026 0.004 0.004 0.010 0.021 0.011 0.060 0.038 0.030 0.027
yellow 3D camouflage net 0.021 0.025 0.030 0.010 0.001 0.006 0.004 0.003 0.002 0.002
person in green uniform 0.009 0.005 0.008 0.009 0.011 0.021 0.005 0.009 0.005 0.002
person in yellow uniform 0.019 0.012 0.023 0.008 0.001 0.026 0.003 0.002 0.007 0.005
average 0.011 0.010 0.012 0.023 0.023 0.017 0.041 0.034 0.027 0.029

Values show the average TVI over all annotations of the respective camouflaged target in the test dataset. The last row shows the average of these values. Best 
results per camouflaged target are in bold, while optimized indices that achieve a higher TVI than any of the raw bands are in italics.
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and AED detectors show the same pattern for the 

target marked with a purple circle. In addition, the 

detection maps vary between the di$erent band 

stack con2gurations, but this may also be due to the 

di$erent detector con2gurations. For instance, the LRX 

detector achieves higher detection rates for the targets 

marked with blue circles in Figure 6e with the LRI6 

band stack con2guration than with any other band 

stack con2guration, as shown in Figure 6g. However, 

due to the shear amount of the detection maps and 

the diJculty of their objective interpretation, a quali-

tative evaluation is virtually impossible. Therefore, the 

following evaluation focuses on statistics.
The 2rst part of the evaluation is based on the recei-

ver operating characteristic (ROC) and the area under 

curve (AUC). For this purpose, all band stacks of each 

capture are 2rst processed by all anomaly detectors and 

with all di$erent detector con2gurations. Then, for each 

detector, detector con2guration and camou aged tar-

get class, the ROC over the entire test dataset is deter-

mined by threshold averaging (Fawcett 2006). This 

leaves one ROC for each camou aged target class, 

band stack con2guration and detector with its con2g-

uration. In order to obtain a single representative ROC 

for each detector for each camou aged target class, only 

the detector con2guration that yields the highest AUC 

for the respective camou aged target class is further 

considered. The con2gurations of these detectors can 

be found in Appendix A. As a result, there is only one 

ROC and AUC for each detector, band stack 

Figure 6. Detection maps of all detectors and band stack configurations for a single sample from the test dataset. From the first row to 
the last row, the detection maps of the raw (a - d), LRI6 (f - i), LRI2 (k - n), LRInd (p - s) and LRIr (u - x) band stack configurations are 
shown. The separate column on the right shows the label mask (e) of the sample in the first row, while the remaining rows (j, o, t and 
y) show the index images added to the raw band stack of the sample. The circle markers in the label mask (e) are explained in the text.
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con2guration and camou aged target class. It should 

also be noted that there is an additional post-processing 

step after the thresholding of the detection maps in the 

ROC generation procedure. After each thresholding of 

the detection maps, the resulting binary detection maps 

are processed by a morphological area 2lter that 

removes all bright connected components smaller than 

10 pixels. 10 pixels correspond to an area of 0.4 square 

meters, which is much smaller than any of the camou-

 aged targets in the dataset. Therefore, this post-proces-

sing step does not negatively a$ect detection 

performance. Instead, it reduces false alarms.
Since it would reduce clarity to show the ROCs of 

each detector and band stack con2guration in a single 

graph, the ROCs are generated separately for each 

detector. In addition, an average ROC is obtained by 

applying threshold averaging across all detectors for 

each band stack con2guration. As a result, there is a 

single average ROC for each detector, camou aged tar-

get class and band stack con2guration, providing an 

indicator of the resulting overall performance of a spe-

ci2c band stack con2guration for a camou aged target 

class. These average ROCs are shown in Figure 7, while 

the ROCs for each individual detector are listed in 

Appendix B for better clarity of this section. Each graph 

shows the ROCs of all band stack con2gurations for a 

single camou aged target class, except the graph in the 

bottom right, which shows the threshold averaged ROCs 

of each band stack con2guration across all camou aged 

target classes. The ROCs marked as raw show the results 

of the band stack con2guration, where only the raw 

bands without any additional spectral index where pro-

cessed by the anomaly detection algorithms. LRI6, LRI2, 

LRInd and LRIr denote the band stack con2gurations 

where the raw band stack has been extended by the 

respective optimized index. Note that there are di$erent 

limits for the abscissa and ordinate for each di$erent 

graph.
As can be observed, detection performance varies 

greatly between targets, with no band stack con2gura-
tion being signi2cantly superior. Even the number of 
steepest curves is almost evenly distributed among the 
di$erent band stack con2gurations. For example, the 
arti2cial turf, green 3D camou age net and gray 3D 
camou age net are best detected by the LRI6 band 
stack con2guration, while the green tarp and anthracite 
 eece are best detected by the LRIr band stack con2g-
uration. In addition, the raw band stack con2guration 
performs better than any of the other band stack con-
2gurations for the yellow 3D camou age net and per-
sons in yellow uniforms. It is also worth noting that the 
LRInd band stack con2guration never performs best, 

except for the persons in green uniforms, but the LRIr 

band stack con2guration performs just as well for that 
target. There are also targets where all band stack con-
2gurations produce very similar results, such as the arti-
2cial hedge and the green 2D camou age net. In these 
cases, a single best band stack con2guration cannot be 
easily determined. Reviewing the average results in the 
bottom right, it becomes clear that the LRI6 and LRIr 

band stack con2gurations lead to the highest detection 
rates at low false alarm rates. The LRI2 band stack con-
2guration performs slightly worse than these two and 
the raw band stack con2guration performs the worst, 
while the LRInd band stack con2guration provides a 
result somewhere in between.

For the evaluation of the receiver operating character-
istics (ROCs) for their area under curves (AUCs), the detec-
tors can be assessed separately without leading to overly 
complex results. Table 7 shows the AUC for each detector, 
band stack con2guration and camou aged target class. 
Again, these AUCs result from the best detector con2g-
urations for each camou aged target class, which is why 
there is only a single AUC per detector, even though there 
are multiple con2gurations for most detectors. The AUCs 
are organized into 2ve di$erent subtables, one for each 
detector and another showing the averages over all 
detectors. In each of these subtables, there are 2ve rows 
representing the di$erent band stack con2gurations, one 
for each optimized index and one for the band stack 
without any index extensions, called raw. The columns 
represent the camou aged target classes. Conclusively, 
each cell of each subtable shows the AUC for a particular 
camou aged target class given by the column and for a 
band stack con2guration given by the row. The last col-
umn of each subtable shows the average AUC value in the 
row, indicating the average performance of the band 
stack con2guration across all camou aged target classes. 
In the last subtable, labeled Average, the average AUC 
over all detectors is shown, providing an overall perfor-
mance measure of the corresponding band stack con2g-
uration. As a result, the last column of the last subtable 
shows the average AUC of each band stack con2guration 
over all detectors and camou aged target classes. 
Therefore, this column provides a 2nal single overall per-
formance score for each band stack con2guration. As with 
the results in the previous section, the top results among 
the di$erent band stack con2gurations are shown in bold.

Considering the average results in the last subtable, it 
can be concluded that the LRI6 and LRI2 band stack 
con2gurations achieve the highest AUCs on average. In 
addition, the top most average AUCs per camou aged 
target class can be found in the results of the LRI6 and 
LRI2 band stack con2gurations, with 2ve and three top 
results, respectively. The LRIr band stack con2guration 
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Figure 7. Averaged receiver operating characteristics (ROC) for each camouflaged target class and band stack configuration.
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results in two top average AUCs, while the LRInd and raw 
band stack con2gurations both result in a single top 
average AUC. However, the last column shows that all 
index-based band stack con2gurations outperform the 
raw band stack con2guration on average. The LRI6 and 
LRI2 band stack con2gurations are virtually equal with 
0.970 AUC, followed by LRIr with 0.968 AUC and LRInd 

with 0.965 AUC. With an average AUC of 0.959, the raw 
band stack con2guration performs signi2cantly worse 
than all others. The AUCs of the individual detectors 
shown in the other subtables mostly follow the pattern 
of the averaged results. In general, the LRI6 and LRI2 

band stack con2gurations lead to the highest AUC on 
average and many top AUCs per camou aged target 
class, while the LRIr and LRInd band stack con2gurations 
perform slightly worse and the raw band stack con2g-
uration performs worst. Nevertheless, the results of the 
LRIr band stack con2guration are mostly very close to 
those of the LRI6 and LRI2 band stack con2gurations. For 
example, the number of top results per camou aged 
target class of the RX detector is the same of the LRI6 

and LRIr band stack con2gurations. In addition, the aver-
age AUC over all camou aged target classes is highest 
for the LRIr band stack con2guration in the results of the 
LRX detector. It is also worth noting that there are many 
top results in the results of the LRX detector obtained 
with the raw band stack con2guration. Yet, the 

advantage over the other band stack con2gurations is 
very small in these cases, resulting in a lower average 
AUC compared to all other band stack con2gurations. As 
with the average results, the results of the LPD and AED 
detectors are dominated by the LRI6 and LRI2 band stack 
con2gurations. It is also important to note that the LRInd 

band stack con2guration does not achieve a single top 
AUC for these and the LRX detector. The only top result 
of this band stack con2guration in any of the results can 
be achieved for the persons in green uniforms using the 
RX detector. In summary, the LRI6 and LRI2 band stack 
con2gurations produce the best overall results, as indi-
cated by the average results in the lower subtable.

Another perspective on the performance of the dif-
ferent band stack con2gurations is o$ered by the results 
in Table 8, which constitute the second part of this 
evaluation. In contrast to the receiver operating charac-
teristic and its area under curve, which are threshold 
independent performance measures, the following eva-
luation is based on intersection over union, which 
requires a binary detection map. This binary detection 
map is obtained by thresholding the raw detection map. 
Again, this evaluation considers each camou aged tar-
get class, detector and band stack con2guration indivi-
dually. In order to achieve this, a single threshold must 
2rst be determined for each detector. This threshold is 
the one that produces the highest average IOU across all 

Table 7. Area under curve (AUC) results of each detector and band stack configuration.

Hedge Turf Gn. Trp Gn. 2D Gn. 3D Gn. Per. Fleece Gy. Trp. Gy. 3D Yw. 3D Yw. Per. Avg

RX
LRI6 0.972 0.991 0.991 0.914 0.955 0.917 0.997 0.999 0.991 0.954 0.933 0.965

LRI2 0.972 0.990 0.988 0.916 0.944 0.919 0.992 0.999 0.988 0.950 0.934 0.963
LRInd 0.967 0.991 0.990 0.911 0.945 0.921 0.992 0.999 0.988 0.951 0.934 0.963
LRIr 0.973 0.990 0.992 0.910 0.935 0.912 0.999 0.999 0.988 0.956 0.934 0.962
raw 0.973 0.989 0.985 0.903 0.895 0.911 0.982 0.999 0.988 0.955 0.940 0.956

LRX
LRI6 0.993 0.999 0.998 0.964 0.993 0.952 0.998 1.000 0.991 0.979 0.991 0.987
LRI2 0.993 0.998 0.997 0.964 0.989 0.950 0.996 1.000 0.990 0.977 0.991 0.986
LRInd 0.992 0.997 0.997 0.964 0.989 0.958 0.993 1.000 0.989 0.977 0.991 0.986
LRIr 0.992 0.998 0.998 0.963 0.991 0.959 1.000 1.000 0.990 0.979 0.991 0.987

raw 0.994 0.997 0.996 0.963 0.972 0.949 0.992 1.000 0.991 0.980 0.992 0.984

LPD
LRI6 0.960 0.995 0.991 0.885 0.989 0.908 0.993 0.996 0.952 0.956 0.970 0.963
LRI2 0.974 0.994 0.990 0.904 0.987 0.907 0.990 0.998 0.947 0.951 0.971 0.965

LRInd 0.937 0.989 0.991 0.871 0.980 0.915 0.990 0.992 0.937 0.951 0.971 0.957
LRIr 0.940 0.991 0.991 0.869 0.984 0.916 0.997 0.992 0.942 0.955 0.973 0.959
raw 0.945 0.986 0.988 0.882 0.973 0.896 0.984 0.993 0.933 0.951 0.971 0.955

AED
LRI6 0.927 0.991 0.991 0.950 0.965 0.921 0.983 0.997 0.948 0.974 0.977 0.966

LRI2 0.964 0.988 0.988 0.954 0.958 0.906 0.970 0.998 0.941 0.970 0.974 0.965
LRInd 0.899 0.982 0.987 0.929 0.936 0.939 0.942 0.996 0.922 0.970 0.978 0.953
LRIr 0.904 0.985 0.991 0.936 0.952 0.943 0.989 0.997 0.936 0.973 0.980 0.962
raw 0.912 0.967 0.979 0.917 0.893 0.907 0.939 0.997 0.915 0.968 0.975 0.943

Average
LRI6 0.963 0.994 0.993 0.929 0.976 0.925 0.993 0.998 0.970 0.966 0.968 0.970

LRI2 0.976 0.993 0.991 0.934 0.970 0.920 0.987 0.999 0.966 0.962 0.968 0.970
LRInd 0.949 0.990 0.991 0.919 0.963 0.933 0.980 0.997 0.959 0.962 0.968 0.965
LRIr 0.953 0.991 0.993 0.919 0.966 0.932 0.996 0.997 0.964 0.966 0.969 0.968
raw 0.956 0.985 0.987 0.916 0.933 0.916 0.974 0.997 0.957 0.963 0.970 0.959
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camou aged targets of the same class in the test data-
set. As a result, there is a threshold for each detector 
con2guration, camou aged target class and band stack 
con2guration. Similar to the evaluation based on ROCs 
and AUCs, a single representative detector con2guration 
per camou aged target class and band stack con2gura-
tion is determined by selecting the one that results in 
the highest average IOU. Only this time, this con2gura-
tion also includes a threshold. The tested detector con-
2gurations are the same as before, but the best 
con2gurations per detector may of course be di$erent 
from those resulting from the evaluation using AUCs. 
See Appendix A for the optimal con2gurations and 
thresholds for each detector, camou aged target class 
and band stack con2guration. Before calculating the 
IOU, the binary detection map is post-processed by 
removing all bright connected components smaller 
than 10 pixels, as in the evaluation using ROCs and 
AUCs. Again, this reduces false positives and therefore 
increases IOU. The table is structured in the same way as 
Table 7 with a subtable for each detector and a subtable 
containing the averages over all detectors. Rows repre-
sent camou aged target classes and columns represent 
band stack con2gurations, as well. In the far right col-
umn of the last subtable are the averages of all the 
averages, providing a single IOU for each band stack 

con2guration. The best results per camou aged target 
and detector are shown in bold again.

As with the results in Table 7, the averages of all the 
averages show that the LRI6 band stack con2guration 
leads to the highest average IOU of 0.27. The perfor-
mances of the LRI2 and LRIr band stack con2gurations 
are a little worse with an average IOU of 0.24 and 0.25, 
respectively. With average IOUs of 0.21 and 0.20, the 
LRInd and raw band stack con2gurations achieve the 
worst average performances of all. As can be observed 
in the last subtable, the number of top average results is 
dominated by the LRI6 band stack con2guration with 
four top results, followed by the LRIr and raw band 
stack con2gurations with three top results, and the LRI2 

band stack con2guration with two top results. No best 
result is achieved by the LRInd band stack con2guration. 
Compared to the results in Table 7, the performances of 
the individual detectors show a strong and noticeable 
spread. For example, the best average result of 0.39 IOU 
of the LRX detector is more than two times higher than 
the best average result of 0.15 of the AED detector. The 
best average results of the other two detectors fall in 
between, with 0.25 IOU for the RX detector and 0.28 IOU 
for the LPD detector. But this may also be due to the 
di$erent nature of AUC and IOU. However, this time the 
LRI6 band stack con2guration consistently results in the 

Table 8. Intersection over union (IOU) for each detector and band stack configuration.

Hedge Turf Gn. Trp Gn. 2D Gn. 3D Gn. Per. Fleece Gy. Trp Gy. 3D Yw. 3D Yw. Per. Avg.

RX
LRI6 0.26 0.34 0.48 0.09 0.12 0.05 0.15 0.80 0.23 0.07 0.05 0.24
LRI2 0.27 0.33 0.32 0.09 0.09 0.04 0.09 0.78 0.14 0.07 0.05 0.21
LRInd 0.28 0.25 0.35 0.09 0.06 0.04 0.03 0.74 0.20 0.09 0.06 0.20
LRIr 0.25 0.26 0.59 0.10 0.07 0.04 0.44 0.71 0.14 0.06 0.05 0.25

raw 0.31 0.23 0.28 0.08 0.02 0.07 0.02 0.77 0.13 0.13 0.07 0.19

LRX
LRI6 0.35 0.56 0.66 0.16 0.39 0.23 0.50 0.78 0.22 0.23 0.23 0.39

LRI2 0.36 0.51 0.50 0.15 0.30 0.25 0.18 0.79 0.18 0.26 0.24 0.34
LRInd 0.36 0.36 0.52 0.15 0.30 0.26 0.08 0.79 0.16 0.22 0.24 0.31
LRIr 0.35 0.46 0.69 0.16 0.32 0.25 0.49 0.74 0.20 0.22 0.23 0.37
raw 0.42 0.41 0.48 0.14 0.11 0.30 0.12 0.78 0.20 0.28 0.28 0.32

LPD
LRI6 0.09 0.44 0.43 0.10 0.26 0.24 0.18 0.57 0.14 0.35 0.27 0.28

LRI2 0.16 0.44 0.39 0.08 0.23 0.26 0.09 0.68 0.07 0.33 0.25 0.27
LRInd 0.05 0.22 0.34 0.09 0.15 0.24 0.10 0.50 0.04 0.34 0.27 0.21
LRIr 0.05 0.30 0.42 0.11 0.21 0.25 0.36 0.46 0.09 0.33 0.28 0.26
raw 0.05 0.20 0.29 0.06 0.09 0.24 0.09 0.53 0.03 0.34 0.26 0.20

AED
LRI6 0.03 0.16 0.26 0.08 0.07 0.10 0.04 0.51 0.02 0.21 0.18 0.15

LRI2 0.04 0.11 0.19 0.08 0.07 0.10 0.01 0.58 0.01 0.22 0.16 0.14
LRInd 0.01 0.07 0.18 0.06 0.05 0.11 0.01 0.41 0.01 0.20 0.16 0.11
LRIr 0.01 0.15 0.26 0.08 0.07 0.12 0.09 0.37 0.01 0.20 0.18 0.14
raw 0.01 0.04 0.10 0.04 0.03 0.10 0.01 0.42 0.01 0.23 0.17 0.10

Average
LRI6 0.18 0.38 0.46 0.11 0.21 0.16 0.22 0.67 0.15 0.21 0.18 0.27

LRI2 0.21 0.35 0.35 0.10 0.17 0.16 0.09 0.71 0.10 0.22 0.17 0.24
LRInd 0.17 0.23 0.35 0.10 0.14 0.16 0.05 0.61 0.10 0.21 0.18 0.21
LRIr 0.17 0.29 0.49 0.11 0.17 0.16 0.34 0.57 0.11 0.20 0.19 0.25
raw 0.20 0.22 0.29 0.08 0.06 0.18 0.06 0.62 0.09 0.24 0.19 0.20
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best average IOU, except for the RX detector, but the 
di$erence of 0.01 is marginal. In terms of the number of 
best results, the LRI6 produces the highest amount, 
except for the RX detector, where the LRIr band stack 
con2guration produces the same amount with four best 
results. The LRI2 band stack con2guration achieves 
nearly the same overall performance as the LRIr band 
stack con2guration, except for the LRX detector, result-
ing in a slightly lower average performance of 0.01 IOU 
less. Similar to the results in Table 7, the performances of 
the LRInd and raw band stack con2gurations are consis-
tently worse than all others, leading to a signi2cantly 
worse overall performance, as well. However, it is worth 
noting that the raw band stack con2guration results in 
three top average results in the lower subtable, as well as 
in the results of the RX and LRX detectors. Nevertheless, 
the di$erences in these cases are comparatively small, 
resulting in average performances that do not even 
exceed the average performances of the LRInd band 
stack con2guration, which achieves either fewer or the 
same number of best results. Overall, the LRI6 band stack 
con2guration produces the highest average IOU and 
number of best results by a signi2cant margin, outper-
forming all other band stack con2gurations, supporting 
the evaluation using ROCs and AUCs. Although the LRI2 

band stack con2guration achieves a lower average IOU 
than the LRIr band stack con2guration, while the oppo-
site is true for the average AUCs, the results are not far 
apart. This is also consistent with the ROCs in Figure 7, as 
well as the results of the raw and LRInd band stack 
con2gurations, which are the worst across all evaluation 
perspectives.

5. Discussion

This section discusses the implications and limitations of 
the 2ndings of this study in Section 5.1 and Section 5.2, 
respectively. Section 5.3 then identi2es potential future 
prospects.

5.1. Implications

The results presented in Section 4.3.1 demonstrate that 
the LRI can be successfully optimized to improve the 
visibility, i.e. TVI, of camou aged targets using the 
proposed approach. As described, the visibility pro-
vided by the optimized indices for the camou aged 
targets is signi2cantly higher than the visibility pro-
vided by any of the raw bands, with few exceptions. 
Furthermore, the LRI6 and LRI2 achieve higher average 
visibility than the LRInd and LRIr as well as all the raw 
bands. On the one hand, this shows that optimized 
LRIs can generally produce index images that perform 

better than any raw band, which is the primary moti-
vation for using a spectral index in the 2rst place. On 
the other hand, it shows that an optimized LRI can 
yield better results than an optimized normalized dif-
ference or ratio index, challenging these approaches. 
The higher number of parameters in the LRI, which 
allows more information to be encoded in the index 
itself, may be the reason for its superior performance. 
This is also supported by the fact that the LRI2 per-
forms worse and has fewer parameters than the LRI6, 
but performs better and has more parameters than the 
LRInd and LRIr.

The generally higher visibility provided by the LRI2 

compared to the LRInd and LRIr, all of which use only two 
bands, also indicates that the optimization approach can 
be successfully applied to reduce the number of bands 
required for a spectral index while maintaining as much 
performance as possible. In addition, limiting parameter 
precision directly during optimization has no observable 
negative impact on optimization runtime or visibility 
results. Therefore, the complexity reduction strategies 
of the optimization approach may be suitable techni-
ques to optimize LRIs that preserve the human read-
ability of their parameters and limit the number of 
utilized spectral bands.

However, as mentioned in Section 4.3.1, it should be 
noted that even the LRI6 and LRI2 do not provide super-
ior visibility than the raw bands for all camou aged 
targets. This could be caused by the optimizer focusing 
on camou aged targets that have very similar spectral 
characteristics, so that optimizing for one target simul-
taneously optimizes for other targets. Consequently, 
some camou aged targets with completely di$erent 
spectral properties may be partially ignored by the opti-
mizer. This is supported by the fact that the optimized 
indices provide relatively low visibility for the persons in 
uniforms. These camou aged targets are the only ones 
that are thermally active, making them spectrally very 
distinct. Optimizing the LRI for this particular kind of 
camou aged target may result in low visibilities for 
many other targets, resulting in a lower average visibility 
than optimizing for all the other targets instead. Since 
the indices are optimized for average visibility, the opti-
mizer does not di$erentiate between an average coming 
from high and low values or from evenly distributed 
values. As a result, a higher average value is preferred 
regardless of its origin, which may be the cause of the 
highly unbalanced visibility values. In addition, this 
could indicate that it is generally diJcult, if not impos-
sible, to 2nd a single LRI that increases the visibility of all 
camou aged targets in general.

Regarding the detection results in Section 4.3.2, it can 
be concluded that the strong improvements in visibility 
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can be successfully translated into improvements in 

detection performance. Overall, the LRI6 band stack con-

2guration provides the highest detection performance, 

while the LRI2 band stack con2guration provides similar 

or slightly lower detection performance, consistent with 

their visibility performance in Section 4.3.1. It should be 

noted, however, that the LRIr band stack con2guration 

provides comparable performance to the LRI2 band 

stack con2guration, despite providing inferior visibility. 

This could be due to the range of values of the ratio 

index, which quickly goes to in2nity when the denomi-

nator is small and therefore can tremendously increase 

the abnormality of some targets. Further support for this 

is provided by the worst results produced by the LRInd 

band stack con2guration, since the LRInd is based on the 

same bands as the LRIr only as a normalized di$erence, 

whose range of values does not behave as extreme as 

that of a ratio index. Nevertheless, the LRInd band stack 

con2guration still provides higher detection perfor-

mance than using only the raw bands, which gives the 

worst results on average. Regardless of the underlying 

causes for the high detection performance of the LRIr 

band stack con2guration, this shows that an increased 

TVI does not necessarily translate into increased detec-

tion performance. Conclusively, the TVI may not be an 

ideal optimization criterion for simultaneously maximiz-

ing the visibility and detectability of camou aged 

targets.
As mentioned before, some camou aged targets 

have higher visibility in the raw bands than in any of 
the optimized indices. Interestingly, this also results in a 
slight decrease in detection performance for those tar-
gets, such as the persons in yellow uniforms. This sug-
gests that an optimized index may have a negative 
impact on detection performance for camou aged tar-
gets whose visibility is not improved by it. However, the 
observed performance degradation is very small and 
may be negligible given the strong improvements for 
the other targets when using an optimized LRI band 
stack con2guration.

Overall, the LRI and the proposed optimization 
approach are suitable methods for producing index 
images that improve the visibility and detectability of 
camou aged targets. In addition, the LRI6 and LRI2 gen-
erally outperform the LRInd and LRIr. This demonstrates 
the superiority of the LRI and the optimization approach 
over traditional band permutation searches, making it 
the preferred choice for spectral index optimization if 
the higher computational e$ort to obtain the para-
meters is acceptable.

Besides the positive results obtained in this study, it 
could prove equally bene2cial with di$erent data or 

even in other use cases. Since the optimization criterion 
de2nes the application of the LRI, the optimization pro-
cedure remains the same even if the criterion changes. 
Therefore, the LRI and the optimization approach could 
be adapted to other applications and provide similar 
improvements. Moreover, the formulation of the LRI 
could be changed to a more complex equation to 2t 
even more complicated relationships. For example, the 
linear function in the numerator and denominator could 
be replaced by a second-order polynomial. Substituting 
the optimization criterion or index formulation is princi-
pally unproblematic, since the di$erential evolution 
optimizer can generally handle any type of problem. 
However, increasing the complexity of the objective 
function also introduces a much higher computational 
overhead into the optimization procedure itself, which 
can slow down experiments with the proposed 
approach tremendously. Given the novelty of the LRI, 
even though it consists of a simple ratio of linear func-
tions, it is advisable to experiment with its raw formula-
tion 2rst.

5.2. Limitations

Although the proposed approach could be successfully 
applied to increase the visibility and detectability of 
camou aged targets, it should be noted that all results 
are based on MUDCAD-X, a single dataset speci2cally 
tailored for camou age detection in reconnaissance sce-
narios with small tactical drones. For example, all images 
in the dataset were acquired at an altitude that is com-
mon for tactical reconnaissance scenarios, but low 
enough to make any atmospheric disturbances irrele-
vant. Conclusively, such e$ects are not examined in 
this study and do not in uence it in any way. In addition, 
MUDCAD-X is a comparatively small dataset with 853 
samples, leading to equally small training and test data-
sets. Given the small number of di$erent target classes, a 
class-based split is also virtually impossible. As a result, 
the generalizability of this study and the reliability of the 
LRI may be limited. For instance, it is diJcult to infer how 
well the resulting LRIs work for unknown camou aged 
targets not included in MUDCAD-X, especially consider-
ing that they already provide less visibility than the raw 
bands for some targets. The same applies to the optimi-
zation approach of the LRI, since it has been investigated 
under the same constraints and may yield di$erent 
results for other datasets and camou aged targets. 
Compiling a greater dataset with many more targets 
and re-running the experiments on a class-based split 
may shed some light on the impact of these limitations. 
Unfortunately, due to the general scarcity of this kind of 
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data and the e$ort required to generate it, this investi-
gation is beyond the scope of this study.

Another limitation of this study results from the rela-
tively small number of applied detection algorithms. 
Although the selected methods all work on di$erent 
principles, the results may be di$erent if other detection 
methods are employed. In addition, using the TVI as 
optimization criterion for the LRIs may not be an ideal 
choice for improving detection performance. As a result, 
other methods may not yield better detection results 
and di$erent optimization criteria may result in greater 
improvements than the TVI. Nevertheless, all the meth-
ods used in this work provide better detection results on 
average when using a band stack con2guration with an 
LRI optimized with the TVI. This suggests similar results 
for any other spectral anomaly detection method.

Given the numerical nature of the proposed approach, 
it should also be noted that it does not necessarily reveal 
information about the spectral relationships between the 
target and background materials. As can be seen from the 
parameters found for the LRI6 and LRI2, which range 
between −10 and 10, there is no observable pattern to 
explain the obtained results. Whereas the bands for the 
LRInd and LRIr are physically plausible, since the NIR band 
is very sensitive to green vegetation and the LWIR band is 
particularly sensitive to thermally active targets. 
Therefore, the potential use of the LRI to derive spectral 
properties of materials that result in high visibility or 
detectability is limited. However, the LRI and its optimiza-
tion approach are speci2cally designed to work without 
any knowledge of spectral properties, making it unlikely 
to provide much insight into these aspects.

5.3. Future prospects

Since the optimized LRIs do not provide higher visibility, i. 
e. TVI, for all camou aged targets than the raw bands, 
future research could focus on the following improve-
ments to the proposed approach. One strategy may be 
to add an optimization criterion that penalizes a large 
spread of TVI values among the targets, alongside the 
existing optimization criterion. While this could reduce 
the TVI for some targets, it could also increase the TVI 
for those targets that currently result in a higher TVI with 
the raw bands. However, this would also complicate the 
optimization procedure to a multi-objective problem, 
which may introduce new problems that need to be 
addressed. Alternatively, this could be implemented by 
merging these two optimization criteria using a weighted 
sum. While this would require 2ne-tuning the weights, the 
existing optimization procedure can be left mostly 
untouched, as only the objective function changes. 
Besides these approaches, an entirely new optimization 

criterion could also be introduced as an alternative to the 
TVI. Naturally, this would also establish a new reference 
for visibility, which may limit comparisons with this study.

Another approach to obtain spectral indices with 
even greater utility could be to optimize multiple LRIs 
at the same time. Speci2cally, given multiple LRIs in the 
optimization procedure, the TVI for a single annotation is 
determined by taking the TVI of the LRI that provides the 
highest TVI. As a result, the TVI for each annotation can 
come from any of the given LRIs. The average TVI over 
the entire dataset is calculated in the same way as 
before, which has the advantage that the existing opti-
mization implementation can be left mostly untouched 
again. With this optimization strategy, each LRI can 
prioritize and ignore camou aged targets without 
being penalized as a single LRI would be. In addition, 
the optimizer could automatically determine which 
index is optimized for which target simply by adjusting 
the parameters of each LRI, since this also changes, 
which LRI provides the highest TVI for which target. 
Naturally, this ultimately adds complexity, as there are 
multiple 2nal index images to consider in any subse-
quent application. Furthermore, all resulting index 
images must be treated as equally valuable, as there is 
no way to know which one provides the highest TVI for a 
particular target or scene. Considering the camou age 
detection application using spectral anomaly detection, 
as in this study, this would introduce additional bands to 
process, which typically increases processing time. 
However, since the optimized LRIs could improve the 
visibility and thus the abnormality of more targets than a 
single optimized LRI, this optimization strategy could 
also signi2cantly improve detection performance.

In contrast to the pure numerical optimization 
approach in this study, future research could focus 
on investigating actual spectral relationships of 
camou aged targets and their ennvironment. 
Incorporating this knowledge into the optimization 
procedure could provide even better LRIs or speed 
up the optimization runs. Furthermore, a deeper 
insight into the underlying physical mechanisms 
may lead to a more appropriate index formulation 
than the linear function ratio of the LRI. Depending 
on the resulting structure, this could also speed up 
optimization runs and provide better results, since 
the spectral index would have an actual physical 
basis.

6. Conclusions

This paper introduces a novel spectral index, the lin-
ear ratio index, along with an optimization approach 
that incorporates complexity reduction strategies to 
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allow variable raw band utilization and parameter 
precision. Using the eXtended Multispectral Dataset 
for Camou age Detection, featuring ten di$erent tar-
get classes and seven bands per sample, a six-band 
and a two-band linear ratio index are optimized to 
maximize the visibility of camou aged targets. These 
indices are compared to commonly optimized normal-
ized di$erence and ratio indices in terms of increased 
visibility and detectability of camou aged targets. The 
results show that the best performance is provided by 
the six-band LRI and slightly worse performance is 
provided by the two-band LRI, both of which outper-
form the optimized normalized di$erence and ratio 
indices. This suggests the superiority of the LRI and 
its optimization approach over conventional index 
optimization strategies and the e$ectiveness of the 
complexity reduction strategies while maintaining 
performance. The obtained LRIs are application-ready 
and can be easily integrated into any existing camou-
 age detection process if the required raw bands are 
available and the potential limitations due to the 
limited data basis are considered. Apart from its suc-
cessful application to camou age detection, the LRI 
and its optimization approach can be adapted to any 
use case by substituting the objective function, mak-
ing it worth investigating for other applications where 
it could also outperform conventional index optimiza-
tion techniques. However, since this study focuses on 
optimizing spectral indices for camou age detection 
in reconnaissance scenarios using small tactical 
drones, the generalizability of its 2ndings may be 
limited by the speci2c investigated use case and the 
availability of data. Therefore, further research is 
required to fully explore the applicability of these 
2ndings and reliability of the proposed methods to 
di$erent contexts.
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Appendix

A. Detector con+gurations

This section provides the con2gurations of the detectors that produced the results given in Section 4.3. Table A1 shows 
the detector con2gurations that produced the AUCs in Table 7. Each cell corresponds to a ROC in Figures B1– B4 and an 
AUC in Table 7, which in turn corresponds to a detector, band stack con2guration and camou aged target class. The 
same applies to Table A1, which shows the con2gurations of the detectors that produced the results in Table 8. In 
addition, the thresholds of each detector, band stack con2guration and camou aged target class required for the IOU 
results are given in the same manner in Table A3.

Table A2. Configurations that produced the IOU results for each detector, band stack configuration and camouflaged target class. The 
configurations show the inner and outer window sizes (wi, wo) for the LRX and LPD detectors, and the area size κ of the connected 
components to be removed for the AED detector.

Hedge Turf Gn. Trp. Gn. 2D Gn. 3D Gn. Per. Fleece Gy. Trp. Gy. 3D Yw. 3D Yw. Per.

LRX
LRI6 (21, 61) (21, 61) (21, 61) (31, 91) (31, 91) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRI2 (21, 61) (21, 61) (21, 61) (31, 91) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRInd (21, 61) (21, 61) (21, 61) (31, 91) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRIr (21, 61) (21, 61) (21, 61) (31, 91) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (5, 15) (11, 31)
raw (21, 61) (21, 61) (21, 61) (31, 91) (21, 61) (11, 31) (5, 15) (41, 121) (11, 31) (11, 31) (11, 31)

LPD
LRI6 (21, 61) (21, 61) (21, 61) (21, 61) (21, 61) (5, 15) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRI2 (21, 61) (21, 61) (21, 61) (21, 61) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRInd (11, 31) (21, 61) (21, 61) (21, 61) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
LRIr (11, 31) (11, 31) (21, 61) (21, 61) (21, 61) (5, 15) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)
raw (21, 61) (21, 61) (21, 61) (21, 61) (21, 61) (11, 31) (41, 121) (41, 121) (11, 31) (11, 31) (11, 31)

AED
LRI6 200 100 200 50 200 25 25 200 300 50 25
LRI2 200 100 200 50 300 25 25 200 300 100 25
LRInd 200 100 200 50 300 25 300 200 300 50 25
LRIr 200 100 200 50 200 25 25 200 100 50 25
raw 200 100 200 50 300 25 300 200 300 100 25

Table A1. Configurations that produced the ROC and AUC results for each detector, band stack configuration and camouflaged target 
class. The configurations show the inner and outer window sizes (wi, wo) for the LRX and LPD detectors, and the area size κ of the 
connected components to be removed for the AED detector.

Hedge Turf Gn. Trp. Gn. 2D Gn. 3D Gn. Per. Fleece Gy. Trp. Gy. 3D Yw. 3D Yw. Per.

LRX
LRI6 (21, 61) (21, 61) (21, 61) (21, 61) (31, 91) (31, 91) (31, 91) (41, 121) (21, 61) (21, 61) (11, 31)
LRI2 (21, 61) (21, 61) (21, 61) (21, 61) (21, 61) (31, 91) (31, 91) (41, 121) (21, 61) (21, 61) (11, 31)
LRInd (21, 61) (21, 61) (21, 61) (21, 61) (31, 91) (11, 31) (41, 121) (41, 121) (21, 61) (21, 61) (11, 31)
LRIr (21, 61) (21, 61) (21, 61) (21, 61) (31, 91) (11, 31) (31, 91) (41, 121) (21, 61) (21, 61) (11, 31)
raw (21, 61) (21, 61) (21, 61) (21, 61) (21, 61) (5, 15) (31, 91) (41, 121) (21, 61) (21, 61) (11, 31)

LPD
LRI6 (11, 31) (11, 31) (11, 31) (21, 61) (21, 61) (31, 91) (41, 121) (21, 61) (11, 31) (21, 61) (11, 31)
LRI2 (11, 31) (11, 31) (11, 31) (11, 31) (21, 61) (31, 91) (41, 121) (31, 91) (11, 31) (21, 61) (11, 31)
LRInd (11, 31) (11, 31) (11, 31) (11, 31) (21, 61) (5, 15) (41, 121) (21, 61) (11, 31) (21, 61) (11, 31)
LRIr (11, 31) (11, 31) (11, 31) (21, 61) (21, 61) (5, 15) (41, 121) (21, 61) (11, 31) (21, 61) (11, 31)
raw (11, 31) (11, 31) (11, 31) (11, 31) (21, 61) (31, 91) (41, 121) (21, 61) (11, 31) (21, 61) (11, 31)

AED
LRI6 200 100 200 50 300 50 50 200 300 200 100
LRI2 200 100 200 50 300 50 100 200 200 200 100
LRInd 200 100 200 50 300 50 50 200 300 200 100
LRIr 200 100 200 50 300 50 100 200 300 200 100
raw 200 100 200 50 200 50 100 200 300 200 100
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B. Detector Receiver operating characteristics

This section shows the ROCs of all detectors for each band stack con2guration and camou aged target class. These are obtained by 
threshold averaging over the entire test dataset as described in Section 4.3.2. The ROCs shown in Figure 7 in the Evaluation section 
are generated by threshold averaging all the ROCs in Figures B1– B4. Each of these 2gures shows the ROCs for each band stack 
con2guration and camou aged target class of a single detector, whose con2gurations are shown in Table A3 in the previous 
section.

Table A3. Thresholds that produced the IOU results for each detector, band stack configuration and camouflaged target class.

Hedge Turf Gn. Trp. Gn. 2D Gn. 3D Gn. Per. Fleece Gy. Trp. Gy. 3D Yw. 3D Yw. Per.

RX
LRI6 99.6875 99.8750 99.7500 98.6250 99.2500 99.8125 99.8750 99.8125 99.8125 99.8125 99.7500
LRI2 99.6875 99.8750 99.6875 98.2500 99.3125 99.8125 99.9375 99.8125 99.6250 99.6250 99.6875
LRInd 99.7500 99.8750 99.7500 98.1250 99.1875 99.8125 99.7500 99.8125 99.6875 99.8750 99.7500
LRIr 99.6875 99.8750 99.7500 98.6875 98.9375 99.8750 99.9375 99.8125 99.7500 99.5625 99.6875
raw 99.6875 99.6875 99.6875 97.9375 96.6875 99.8750 99.1250 99.8125 99.7500 99.8125 99.8125

LRX
LRI6 99.5625 99.8750 99.8125 99.0625 99.6875 99.8750 99.9375 99.8125 99.7500 99.8125 99.8125
LRI2 99.5625 99.8750 99.7500 98.8750 99.5000 99.8125 99.7500 99.8125 99.5625 99.6875 99.7500
LRInd 99.6250 99.8750 99.7500 98.8125 99.5000 99.8125 99.6250 99.8125 99.5000 99.9375 99.8125
LRIr 99.6875 99.8750 99.8125 99.0000 99.6250 99.8750 99.9375 99.8750 99.6875 99.6875 99.8125
raw 99.6875 99.8750 99.7500 98.8125 99.2500 99.8750 99.3125 99.8125 99.4375 99.8750 99.8125

LPD
LRI6 99.6250 99.8750 99.8125 99.1875 99.3125 99.5625 99.8750 99.8125 99.5000 99.8750 99.8750
LRI2 99.7500 99.8750 99.7500 99.0000 99.5000 99.8750 99.9375 99.8125 98.6250 99.8750 99.8125
LRInd 98.6250 99.8750 99.7500 99.1250 99.3125 99.8750 99.8125 99.8125 98.5625 99.8750 99.8750
LRIr 98.8750 99.7500 99.8125 99.4375 99.6250 99.5625 99.9375 99.8125 99.3125 99.8750 99.8750
raw 99.5625 99.8750 99.7500 98.8750 99.3125 99.8750 99.8750 99.8125 97.2500 99.8750 99.8125

AED
LRI6 96.8750 99.8125 99.8125 98.5000 98.6875 99.5625 99.8125 99.8125 97.1250 99.8750 99.7500
LRI2 98.1875 99.8125 99.7500 98.1875 98.4375 99.5625 99.4375 99.8125 95.7500 99.8750 99.6875
LRInd 93.0000 99.6875 99.8125 97.8750 98.8125 99.5625 98.6875 99.8125 93.0000 99.8750 99.5625
LRIr 93.0000 99.8750 99.8750 99.0000 98.8750 99.5625 99.9375 99.8125 97.0000 99.8750 99.6875
raw 94.0000 98.9375 99.6875 96.9375 98.9375 99.5000 98.5000 99.8125 93.0000 99.8750 99.6875

GISCIENCE & REMOTE SENSING 29



Figure A1. Receiver operating characteristics of the RX detector for each band stack configuration and camouflaged target class.
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Figure A2. Receiver operating characteristics of the LRX detector for each band stack configuration and camouflaged target class.
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Figure A3. Receiver operating characteristics of the LPD detector for each band stack configuration and camouflaged target class.
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Figure A4. Receiver operating characteristics of the AED detector for each band stack configuration and camouflaged target class.
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