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Active safety systems that operate alongside a higher-level autonomy stack and perform autonomous braking

require reliable obstacle detection within the vehicle’s motion corridor. Many runtime-constrained monitoring
approaches simplify road geometry, producing blind spots on high-curvature roads where obstacles could not
be detected. In this paper, we eliminate these blind spots by aligning the monitoring region with a locally
framed, predicted motion corridor. We compute a predicted corridor boundary and filter incoming lidar point
clouds in real time using an azimuth-sorted visible boundary and a moving window. In a case study, our
method avoids curvature-induced blind spots while maintaining performance on straight segments.

1 INTRODUCTION

Recent advances in (Artificial Intelligence (AI)-
enhanced) autonomous driving have greatly im-
proved perception, prediction, and decision-making
(Muhammad et al., 2020; Alahmed et al., 2024).
However, hardware limitations, Advanced Driver As-
sistance System (ADAS) software stack complexity,
or the black box nature of AI components create chal-
lenges for functional safety and verifiability. A com-
plementary, traditionally implemented active safety
layer — designed to operate largely independently
of a High-Level Autonomy System (HLAS) — pro-
vides transparent, verifiable behavior and supports the
HLAS in handling complex driving scenarios, thereby
increasing overall reliability and safety.

Near-field active safety systems on embedded
hardware can detect and respond to hazards inside
the vehicle’s predicted motion corridor even when
the HLAS is late or fails to act. However, to meet
computational and latency constraints, they often sim-
plify road geometry, which can leave certain obstacles
within the motion corridor undetected.
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In this work, we propose Predictive Motion Cor-
ridor Monitoring (PMCM) that ensures reliable ob-
stacle detection and reaction on curved roads. Our
contributions are:

1. Proposing a driving corridor boundary in the
Frenet frame that accurately covers roads with
high curvatures;

2. Developing a lightweight filter using an azimuth-
ordered visible boundary and a triangle-window;

3. Evaluating the approach in a case study showing
reduced False Negative (FN) compared to base-
lines.

2 RELATED WORK

Active safety systems such as Autonomous Emer-
gency Braking System (AEBS) use sensors to per-
ceive the environment of the vehicle, evaluate risks,
and apply braking action preemptively (Yang et al.,
2022). Modern AEBS account for road slope and fric-
tion coefficients (Hwang and Choi, 2018; Sevil et al.,
2019), potential rear-end collisions (Shin et al., 2019),
or employ machine learning techniques such as a
fuzzy neural network trained on experienced driver
braking data to adaptively assess collision risk and
determine warning and braking actions(Yang et al.,
2019). However, most of these systems assume that
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Figure 1: System architecture.

a driver is present and focus on longitudinal-motion-
related reaction. This results in suboptimal perfor-
mance on sharp curves, emphasizing the need for pre-
cise motion corridor modeling.

Motion corridor modeling typically relies on an
overapproximation of the drivable areas using reach-
able sets (Sontges and Althoff, 2017; Manzinger
et al., 2020). Recent approaches derive curvature-
bounded corridor envelopes for refinement in optimal
control, ensuring collision avoidance through sequen-
tial convex programming (Schéfer et al., 2021). How-
ever, reachability-based approaches often suffer from
an overly conservative overapproximation in high-
curvature scenarios and high computational costs for
real-time use.

Light Detection and Ranging Sensor (LiDAR)-
based perception typically uses iterative segmentation
filtering to extract background from organized scans
(Zermas et al., 2017) or applying octree and ray cast-
ing (Wu et al., 2024). Other adaptive methods em-
ploy k-d trees and PCA but suffer from high latency
(Zheng et al., 2022). For near-field monitoring, BEV
representations are handy in enabling low-latency 3D
detection via efficient 2D convolutions (Mohapatra
et al., 2021), and boundary detection although they
struggle with occlusions (Sun et al., 2019). Such
methods often suffer from high computational burden
due to repeated traversals or variable runtime, limiting
their use in embedded systems.

Using contracts and model checking, longitudinal
(Nenchev et al., 2025a) and lateral (Nenchev et al.,
2025b) controllers can be verified offline, offering
code-level guarantees for safe automated driving ve-
hicle operation. A lightweight monitor (Nenchev and
Sotiriadis, 2025) can detect navigation failures early
with low false alarms, motivating our real-time, low-
overhead failure detection for near-field emergency
braking scenarios.

(a) Pedestrian (b) Parallelo- (c) Corridor-based
dart-out. gram-based monitoring in
monitoring in curve.
curve.

Figure 2: Typical driving scenarios with different monitor-
ing corridors (marked in red).

3 PROBLEM STATEMENT

3.1 System Description

To improve vehicle safety, a Near-Field Monitoring
System MORE (NeFiMMORE) has been developed
to monitor a vehicle’s immediate surroundings using
dedicated 3D LiDAR sensors as part of the Munich
Mobility Research Campus (MORE) project.

The primary challenge is to design an embedded
solution that operates within limited computational
resources while maintaining the required level of ac-
tive safety and enabling seamless integration with the
LiDAR hardware. An extented hardware description
of NeFiMMORE system is provided in our previous
work (Pan et al., 2023).

The NeFiIMMORE forms part of a broader au-
tonomous vehicle platform, within the framework of
the MORE project. The complete system architec-
ture is illustrated in Figure 1. As this figure shows,
NeFiMMORE operates with the HLAS, which has
been engineered to ensure that the vehicle adheres
to a collision-free trajectory, enabling safe naviga-
tion along the designated route. The HLAS relies
on a high-performance computing platform as its core
component; however, in certain situations, it may fail
to respond promptly enough to avoid a collision. Such
cases may arise due to blind spots, computational
overload, or unexpected events, such as a pedestrian
suddenly appearing from behind an obstacle.

Our Fail-Safe stack uses dedicated sensors and
microcontrollers. Guaranteeing collision avoidance
by the HLAS can be hindered by sensor blind spots,
computational overload, or faulty functionality. To
mitigate these cases, the embedded safety system pro-
vides streamlined functions: monitoring, emergency
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braking, and collision avoidance/mitigation. The sys-
tem uses low-mounted 3D LiDAR sensors positioned
around the vehicle to monitor the near-field environ-
ment, complementing the often roof-mounted sensors
used by the HLAS. It consumes the HLAS-provided
trajectory and computes a predicted motion corridor
that depends on the trajectory geometry and vehicle
speed. When a collision is detected by the system
within the corridor, the system automatically triggers
emergency braking. Representative scenario is shown
in Figure 2a.

3.2 Problem Formulation

Although the existing parallelogram-based monitor-
ing approach in Figure 2b offers notable benefits for
deeply embedded systems by reducing computational
cost, the under-approximation yields coverage gaps
that may leave obstacles undetected. Therefore, we
have to compute a predicted motion corridor or mon-
itoring that conforms to the planned trajectory and
covers as much of the drivable area as possible while
remaining feasible for deeply embedded implementa-
tion.

Specifically, given a trajectory and the current
speed and curvature profiles, we determine a pre-
dicted motion corridor that (i) provides contiguous
coverage of the motion corridor across curvature
regimes, (ii) enables efficient geometrical and win-
dow filtering.

4 METHODOLOGY

The proposed safety monitoring approach employs a
corridor-based LiDAR point filtering along the vehi-
cle’s planned motion trajectory, provided by a HLAS.
The methodology consists of two core stages: (i) con-
structing a motion corridor using sliding-window ex-
trema of the vehicle’s corner tracks, and (ii) filtering
LiDAR points in real time through an azimuth-sorted
visible boundary and triangle window. This pipeline
ensures accurate near-field coverage with a low com-
putational cost, making it suitable for real-time de-
ployment on embedded microcontrollers.

4.1 Motion Corridor Construction

Urban maneuvers often involve smaller turning radii
than highway driving. Accordingly, a curvature-
aware mathematical representation is required to
model the geometric boundary of the feasible driving
corridor.
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Figure 3: A predictive motion curve Y, (s) with a bold black
line segment on a Curvilinear coordinate has a beginning
point v, (0) and an ending point 7, (L).

We introduce the Frenet coordinate system along
the driving corridor to better represent the morpho-
logical corridor’s coordinates in this paper. As shown
in Figure 3, the curve 7,,(s) represents the predicted
reference track of the vehicle, which is based on the
global coordinate system (x;,y;). Let the reference
track (in our case, it is the track of the middle point
of the rear axle) be a C? planar curve ¥, : [0,L] — R?
parametrized with respect to its arclength s with

o (:6)

Let the vector n,(s) denote the normal (to the left)

vector , )
_ | T Iml\S
)= (7))

which is perpendicular to the unit tangent vector
tm(s) = ¥, (s) at ¥, (s). Then, any point in Carte-
sian coordinate system is given by p(x,y) = Y (s) +
nm(s)r, using coordinates s € [0,L] and r € R.

The vehicle is modeled as a rectangle. The body
set on the vehicle is represented as

ﬂ{:{(a,b)eRZ:—l,gang,—ggbg%},

where (a,b) is the local vehicle Cartesian coordinate
on the point 7,,(s) (forward longitudinal and left lat-
eral taken as positive), and [,/ denote the rearward
and forward overhang from the baselink and w de-
notes the outer width of the vehicle. At the baselink
pose sp, a body point (a,b) € R maps to world coor-
dinates via peqr(50,%,Y) = Y (50) + atu (s0) -+ bry (s0).
Then, the corridor set is S = Uy, c(o,) (Ym(50) + Ry )-
The goal is to seek outer boundary rz(s) and rg(s)
such that

S CH{(s,r) s rr(s) <r<rp(s)}.

In practice,we use the tracks of the four corner points
of the vehicle to build the corridor:

{6 DA AT AT

where the superscripts If, Ir, rf, and rr denote the cor-
ner points of the rectangular vehicle (left front, left
rear, right front, right rear).
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At a reference position sg, the vehicle spans the
arclength interval [so — [.,s0 + [s]. Therefore, the
left/right boundary point at arc length s = sg can be
either the left-front/right-front corner at some sop <
s < so +If or the left-rear/right-rear corner at some
so — I, < s <s9. On this given reference track ¥, (s),
we define a sliding window with the forward window
interval [s,s + /7] and the backward window interval
[s — I, s]. The sliding extrema lie within this window.

We sample a common grid sz = kAs, where the As
is the sample step length. The forward window length
in the sampled grid is F = [l;/As|. The backward
window length in the sampled grid is R = [l,/As].
Compute

rpls = max max r o . max 7rj,.(c. s
L(5%) { jeleirr) T iR lr“l)}

R (Sk) = min {]Efgllcl-&l-F] rrf(sj)’jel[?irfg,’k] rrr(s]-) } .

Each sliding max/min has time complexity O(N).
The overall complexity scales linearly with the num-
ber of grid points. An example for the final corridor
boundary result along the reference track is illustrated
with the red line in Figure 3.

4.2 Corridor Filtering

To enable a resource-limited, deeply embedded im-
plementation, the initial monitoring boundary should
be further optimized to reduce unnecessary monitor-
ing. Our monitoring boundary filtering is based on the
following two stages.

4.2.1 Safety Corridor Construction

An effective monitoring boundary is defined to satisfy
three conditions: (1) compliance with the braking-
distance constraint, (2) absence of occluded discrete
points within the given corridor, (3) and full utiliza-
tion of the sensor’s Field-of-View (FOV), in this case,
a LiDAR.

The first step in this stage is boundary precon-
struction, where the effective monitoring boundary is
derived from the previously established motion corri-
dor described in Section 4.1. The LiDAR used on our
experimental vehicle is mounted at the vehicle’s front
center; therefore, only the boundary points located in
the forward region need to be considered:

S={B x>0, icNo}U{P}[x>0, jeNo},

where P/ and ! denote the discrete point sets along
the right and left corridor boundaries, respectively.
The employed reference Cartesian coordinate sys-
tem, illustrated in Figure 4, corresponds to the Li-
DAR’s local coordinate frame, which differs from

both the global and Frenet coordinate systems. Us-
ing the local coordinate system can facilitate bound-
ary construction. From the LiDAR’s perspective,
the portion of the corridor boundary behind it, i.e.,
x < 0, can be ignored. When no discrete points in
P’ and P! exist at x = 0, points are linearly inter-
polated at x = 0 on both sides to ensure a closed
boundary. The segment distance is defined as Ay :=
| (X1, Yk+1) — (ks vi) ||, &k € No, which represents
the length of each segment along the predicted path
of the front LIDAR. The cumulative path length un-
til the stopping distance is Ly = Zi;%) Ay, where s is
the number of points up to the stopping point. If the
braking distance dj, lies within the driving corridor, it
satisfies Ly > dj. The stopping point v,, is interpolated
between v, and v, 1 such that Ly = dj,. By projecting
the stopping point vj, onto the right and left bound-
aries P/, EPJI-, the corresponding stopping points v; and
v are obtained, as illustrated in Figure 4a. Hence,
the prefinding process outputs the following bound-
ary set:
SP=8"US' ={® |x>0,i€{0,1,2,....s—1}}
U{P} x>0, j€{0,1,2,....s—1}}.
An example for this step is illustrated in Figure 4a.

The next step is Visible reduction. The objec-
tive in this step is to identify all visible points from
the sensor’s viewpoint on the boundary established in
the previous step. As the boundary points in §” and
S! are discretely ordered along the corridor with in-
dices i EAO, 1,2,...,5s— 1, two initial sets are defined:
Sr=0,8" =0, which store the current extreme points
Vi |a;—atan2(yj,x;)+n/2, Where @ is the azimuth of the
current point v = (x,y) on the boundary referring to
the viewpoint at the LiDAR. For the right boundary
S”, it is the point with the current maximum azimuth
in the set f’, and for the left boundary S, it is the
point with the current minimum azimuth in the set
S'. In our example Figure 4b, v{,, v/, and points be-
hind vl13 are occluded by other boundary points on its
boundary. Hence, those points are excluded from the
3r, S,

In addition to the self-occlusion within each corri-
dor, there could also exist points that are occluded by
points on the opposite boundary. Consequently, we
need to remove those points from the visible bound-
ary extraction. This step is referred to as Occlusion
filtering. In our example Figure 4c, v} is occluded
by the point v113. Those points are invalid within an
effective monitoring boundary and are trimmed from
S and S'. The visible sets after the trim are

Stim = {V] €8 | Va; > i},
Stim = {v; € 8" | Vo, > o}
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Figure 4: Boundary computation: (a) Boundary preconstruction: The discrete black boundary construction is computed from
the motion corridor. The monitoring boundary is limited to the braking distance, illustrated by green circles connected by
line segments. Points located behind the ego LiDAR are ignored. (b) Visible reduction: All visible points from the LiDAR
viewpoint are selected along both left and right discrete corridor boundaries (denoted by gray squares). The dotted lines
indicate the azimuthal rays from the ego LiDAR to boundary point candidates, used in the visibility check. Points located
behind vll3, or points like v} |, v}, are occluded by preceding points and are excluded from the current boundary. (¢) Occlusion

filtering: Boundary points occluded by the opposite corridor are removed. For example, v}, is occluded by v[1 3 and is therefore
excluded from the final boundary, shown in red circles connected by line segments.

Define the global visible boundary sequence
(Vi,v2,...vy) as the elements of the union,
which is the azimuth-sorted enumeration

~

(VI,V2,... V) = sorta(j{rimugl >7 such that

trim
o(vy) <ovy) <o < ouvy).
4.2.2 Window Points Filter

In the previous process, a global visible boundary
sequence with monotonically increasing azimuth is
computed. This boundary constrains further filtering
LiDAR points within the effective monitoring range.
We form an open polygonal chain by connecting suc-
cessive vertices v;viy 1, 1 =0,1,....M — 1. All ver-
tices (vo,Vi,...vy—1) of this polygon are visible to
the LiDAR. The edge of this open-polygon v;v;y|
serves as a local filtering window to filter out-of-range
LiDAR points.

At the beginning of each traversal in the v;v;y |,
we project a candidate 3D LiDAR point onto the x-y
plane. The point p; is retained if there exists i such
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that
a(vi) < o(p)) < ovis),
pj € A(0,Vi,Vit1), (D

where A(o0,v;,viy1) denotes the closed triangle.
Membership in (1) is tested by cross-product sign
consistency:

s1=(Vit1—0) X (p; —0),

52 = (Vis1 — Vi) X (pj — Vi),

53 =(0—=Vi+1) X (Pj = Vit1)-
The condition

(51 >0As2>0As53>0) V (51 <O0As2 <0As3<0)
@)
is necessary for (1). In 2D, all oriented areas must
have the same sign. For the example in Figure 5, the
LiDAR point p; is within the triangle A(0,v;,Vit1)
and thus, (2) is satisfied.
Checking (2) can be expensive for large point
clouds. Thus, we apply pre-filtering by checking only
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LiDAR

Figure 5: Schematic for window points filter with point p;
inside and point p’j outside the boundary range.

points that satisfy

Ip; —oll> < max { [|vi — 0|2, [[vis1 —oll2 },

which implies that the candidate point’s distance on
the x-y plane must be within the maximum distance
between the two adjacent edges with vertex o. For the
point p/; in Figure 5, the distance ||p’; — ol|> does not
satisfy the above requirement for the successive ver-
tices V;v/ 1~ In this work, we evaluate the proposed
filtering algorithm on preprocessed point-cloud data
to assess its effectiveness; however, it can also oper-
ate directly on raw LiDAR measurements, i.e., on the

ordered packet stream.

S CASE STUDY

This section presents the evaluation of monitoring
coverage and detection reliability of the proposed
PMCM method. The experiments were conducted in
a simulation environment consistent with our prior
validation work, focusing on near-field obstacle-
detection performance across varying road curva-
tures.

Inspired by prior studies on near-field monitor-
ing in a validated simulation environment (Pan et al.,
2025), we employ Gazebo to simulate the proposed
approach with a validated sensor model of the real
Velodyne VLP-16. We conducted various controlled
collision-driving scenarios to evaluate the monitor-
ing performance enhancement of the proposed ap-
proaches in the current research work.

A cylinder obstacle with a radius of 0.35 m and
a height of 0.6 m was positioned at the edge of
the driving corridor. The vehicle maintained a con-
stant velocity on a circular or a straight road in
each scenario, ranging from 1 km/h to 30 km/h
in increments of 2 km/h. The designed road ra-
dius in the simulation experiments was as follows:

. obstacle corridor
monitoring
left, c;rri(l()r

lidar track

parallelogram
monitoring

v, track

right
corridor

Figure 6: Bird’s eye view of the collision-driving in the sim-
ulation.

{6,8,10,12,14,16,18,20,22,24,26,0} m. The last
parameter with an infinite radius indicated a straight
road. Figure 6 presents one of the simulated colli-
sion cases. We applied the same vehicle geometry
dimensions as our experimental vehicle to the simula-
tion vehicle. The position of the detected obstacle in
the simulations was also recorded to verify whether
the applied braking could avoid the collision. In some
cases, when the obstacles were too late to be discov-
ered, the emergency braking maneuver could not pre-
vent the collision.

The parallelogram monitoring strategy developed
in (Pan et al., 2025) was used as a baseline in the ex-
periments. We also calculated the ratio of the parallel-
ogram’s area to the motion corridor monitoring area
for each case, which is not presented in the compari-
son table. This parameter provides a quantitative rep-
resentation of the parallelogram’s loss area for each
driving radius. In addition, a simplified variant for
corridor filtering, named two-point corridor filtering,
was implemented for comparison. This method con-
structs the monitoring boundary using only the two
rear corner points of the vehicle as lateral references
along the predicted path, forming a simplified corri-
dor that approximates the vehicle’s motion corridor.

The result of this simulation comparison in Fig-
ure 1 suggests that both the parallelogram and PMCM
strategy achieve 0% False Negative Rate (FNR).
However, a notable difference was observed in the
resulting Collision Rate (CR). The CR indicates the
number of collisions, even when braking is applied.
The parallelogram monitoring approach had a signif-
icantly higher CR than the PMCM approach. This
suggests that certain obstacles were detected too late
for the vehicle to brake successfully. It was observed
in the metadata, by recording the detected position of
the obstacle, that the obstacle was observed when it
reached the pos. A in Figure 6, which is within the
braking distance dj,.

Both the two-point corridor filter and PMCM at-
tained a low CR in the conducted experiment series,
as outlined in Table 1. This finding indicates that both
monitoring strategies can successfully detect all ob-
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Table 1: Comparison of FNR, True Positive Rate (TPR),
and CR between different monitoring filtering strategies.

Measures Parallelogram Two-point PMCM
Filtering Corridor
Filtering
FNR 0% 57.74% 0% |
TPR 100% 42.26% 100% *
CR 36.1% 1.03% 0% |

stacles within the monitored region across all test sce-
narios. However, the two-point approach has a higher
FNR compared to the PMCM approach. It was ob-
served that most negative cases occur at smaller road
radii (radius within 16 m). This tendency arises be-
cause, as the road curvature increases, the effective
monitoring area of the parallelogram filtering shrinks
relative to the motion corridor. Therefore, an obstacle
near the outer edge of the vehicle corridor may not
fall within the parallelogram region. This leads to a
missed detection. In contrast, for larger road radii, the
parallelogram approximation provides a sufficiently
accurate representation of the driving corridor. As the
curvature decreases, the geometric deviation between
the parallelogram and the true path corridor becomes
marginal, and the monitoring coverage remains sta-
ble. The calculated area ratio between the parallel-
ogram and the corridor regions increases with road
radius. It approaches unity in straight-road scenar-
ios, confirming that the parallelogram strategy main-
tains good approximation performance under low-
curvature conditions. The reason for this discrep-
ancy lies again in the difference in monitoring cov-
erage. The two-point corridor filtering method uses
only two lateral constraint points to define the mon-
itoring region, limiting its ability to precisely track
the vehicle’s path geometry. As a result, its adequate
coverage is smaller than that of the PMCM, leaving
unmonitored areas along the outer boundaries. Con-
versely, the PMCM method determines the monitor-
ing area directly from the vehicle geometry, thereby
ensuring comprehensive spatial coverage of the driv-
ing corridor. This extensive coverage enables earlier
obstacle detection and effectively eliminates collision
cases across all test scenarios.

To further verify the robustness and stability of the
proposed algorithm, we tested the corridor monitor-
ing on recorded campus driving data. A test driving
snippet is represented in Figure 7. The dataset con-
tains multiple urban-like driving scenarios. Unlike
the controlled simulation cases, this reflects realistic
sensor noise, ego-motion fluctuations, and localiza-
tion drift. The result demonstrates stable, continuous
updates to the monitoring boundaries along the pre-
dicted path. The monitoring area has been shown
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Figure 7: Monitoring corridor based on the autonomous
driving data.

to adapt effectively to varying turning radii and to
maintain consistent spatial alignment with the vehi-
cle corridor. These findings confirm the reliability
of the proposed method when applied to real-world
data, thereby validating its suitability for deployment
in embedded near-field active safety systems.

6 CONCLUSION

In this work, we present a predictive motion corri-
dor monitoring approach for emergency braking of
an autonomous vehicle. We model the vehicle’s mo-
tion corridor in a Frenet coordinate frame and use
an azimuth-ordered boundary filter with a triangle-
window filter for effective corridor filtering on curved
roads. Our case study confirms that the method
reliably identifies obstacles within the whole pre-
dicted motion corridor. The method performs well on
recorded real-world LiDAR data. Future work will
involve evaluating the performance of the method in
more challenging driving conditions.
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