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Abstract. Reliable localization of non-line-of-sight (NLOS) pedestrians
is critical for safe urban autonomous driving, yet it remains highly chal-
lenging in ego-dynamic outdoor environments, where ego-vehicle motion
makes radar multipath propagation complex and noisy. In this paper, we
present a reflection-aware framework for NLOS pedestrian localization
with a moving ego-vehicle in outdoor testbed scenarios. Our framework
fuses front-view camera images and 2D radar point clouds to infer reflec-
tion orders and reflective surface distributions in bird’s-eye-view space.
It then uses physics-guided ray tracing to reconstruct distorted reflec-
tion paths and localize the hidden pedestrian. We validate the frame-
work in outdoor testbed scenarios under ego-dynamic conditions. The re-
sults demonstrate the effectiveness of the proposed framework for NLOS
pedestrian localization with a moving ego-vehicle.

Keywords: NLOS perception, mmWave radar, multipath reflections,
multimodal perception, pedestrian localization, collision avoidance

1 Introduction

Urban driving environments contain dense structural occlusions caused by build-
ings, walls, and noise barriers. Such structures create non-line-of-sight (NLOS)
regions where pedestrians are fully hidden from direct observation. In urban
environments, sudden pedestrian emergence from occluded areas poses a per-
sistent safety challenge. In 2023, approximately 84% of pedestrian fatalities in
the United States occurred in urban areas, and pedestrian deaths accounted for
about 18% of all traffic fatalities [22|26]. The prevalence of fatalities in struc-
turally complex urban settings underscores the need for perception beyond direct
line-of-sight (LOS), as illustrated in Fig.

To prevent accidents caused by pedestrians emerging from occluded regions,
recent studies have explored methods for detecting objects in NLOS areas. Rep-
resentative approaches include vehicle-to-everything (V2X) systems [12,[13}[18],
reflective wave-based sensing modalities such as acoustic sensing [9}[28] and
mmWave radar [5,[10L[11]. V2X-based methods can provide information about
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Fig. 1: Illustration of an NLOS pedestrian scenario from the ego-vehicle
perspective. (a) While driving through a narrow alley, regions between buildings fall
outside the LOS, making direct detection of pedestrians difficult. (b) By leveraging
reflective wave propagation, indirect spatial evidence can be obtained even when the
target is occluded. (c) Based on reflection-aware reasoning, the position of the NLOS
object can be inferred despite the absence of direct visibility.

hidden objects through communication, but require prior infrastructure deploy-
ment . Sound-based NLOS perception leverages diffraction and reflection prop-
erties of acoustic waves , yet often assumes predefined spatial layouts
and remains sensitive to environmental noise, making robust localization in ur-
ban driving environments challenging. mmWave radar-based methods exploit
multipath reflections to estimate occluded objects . These approaches
typically rely on predefined geometric assumptions or rule-based modeling to
interpret reflection paths and are commonly validated in controlled in-
door environments [1736]. Consequently, most existing NLOS perception meth-

ods @ assume static sensing setups and stable propagation

patterns, which limits their applicability in outdoor ego-dynamic scenarios.

Achieving reliable NLOS perception with radar point cloud data (PCD) in
driving environments presents several challenges. Under ego-dynamic conditions,
radar observations vary across frames due to vehicle motion and are often cor-
rupted by measurement noise and clutter. Therefore, identifying radar points
that originate from NLOS pedestrians becomes challenging. In addition, obser-
vations of NLOS pedestrians appear spatially distorted because radar signals
propagate through multi-bounce reflection paths. As a result, accurate estima-
tion of reflective surfaces is required to reconstruct reflection paths and localize
occluded objects.

To address these challenges, we propose a practical reflection-aware learning
framework. The proposed framework consists of two stages: Reflection-aware
representation learning and Physics-guided ray tracing. In the reflection-aware
representation learning stage, feature-level fusion is performed between front-
view camera images providing visual cues and semantic information in the LOS
region and 2D radar PCD containing quantitative range measurements and re-
flection characteristics. Based on the fused representations, the model performs
reflection-type point segmentation to classify radar points according to their re-
flection mechanisms. In addition, reflective surface distributions are estimated
as heatmaps in bird’s-eye-view (BEV) space. In the physics-guided ray tracing
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Table 1: Comparison of representative NLOS perception and localization
studies. Existing approaches often rely on predefined geometry or rule-based reason-
ing and are mostly evaluated in static or controlled settings. In contrast, the proposed
method performs learning-based NLOS point extraction and reflective surface estima-
tion, and is validated under ego-dynamic conditions.

Method ‘ Sensors ‘ Methodology ‘ Validation Setting
‘ ‘ Learned Points Learned Surface ‘ Outdoor Vehicle Val. Multi-Target Ego Motion
9] Mic Array v v
37) Radar v v
10] Radar v v v
16 Radar v v v
31132] Radar v
27) Radar, LiDAR v v v
11/24] Radar, Camera v v v v
Proposed ‘ Radar, Camera v v v v v v

stage, the estimated reflective structures and the identified radar points are used
to interpret reflection paths and physically reconstruct propagation trajectories.

To evaluate the effectiveness of the proposed method, experiments are con-
ducted in a constructed outdoor T-junction intersection testbed. The evaluation
is performed under both ego-static and ego-dynamic conditions using the av-
erage Euclidean localization error. The proposed method achieves localization
errors of 0.44m and 1.01m for LOS and NLOS pedestrians under ego-static
conditions, and 0.54m and 1.23m under ego-dynamic conditions, outperform-
ing existing approaches [24,127]. The results demonstrate reliable localization of
NLOS pedestrians even under ego-dynamic driving conditions.

The main contributions of this paper are as follows:

— We propose a practical reflection-aware framework for NLOS pedestrian lo-
calization with a moving ego-vehicle in outdoor testbed scenarios.

— We develop a reflection-aware method that combines multimodal represen-
tation learning and physics-guided ray tracing to recover distorted radar
propagation and localize hidden pedestrians.

— We present experimental validation of the proposed method with a moving
ego-vehicle in an outdoor testbed intersection.

Code, data, and models are available at https://bingurrr.github.io/reflection-
aware-nlos.

2 Related Work

Acoustic-based NLOS perception. Several approaches have leveraged acoustic
waves for non-line-of-sight perception by exploiting their reflection and diffrac-
tion properties [1}2/211/28]. Prior work has estimated object directions using mi-
crophone arrays [2] or inferred positions by analyzing acoustic reflection paths [1}-
3]. However, these approaches are primarily evaluated in indoor or static envi-
ronments with limited noise, restricting applicability to urban driving scenarios.
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In outdoor settings, sound-based methods have been explored for vehicle
state classification [9] and NLOS vehicle localization using particle filters |7].
Nevertheless, these approaches either focus on coarse state inference or rely
on predefined geometric maps, limiting their ability to infer spatial structure
directly from acoustic observations in dynamic environments.

Radar-based NLOS perception. Unlike acoustic waves, mmWave radar provides
accurate range measurements, enabling indirect observation of occluded objects
through multipath reflections [29,/32,[37]. Early studies explored around-the-
corner radar sensing using geometric reflection modeling and multipath exploita-
tion [31132]. Later works further investigated localization methods based on mul-
tipath radar signals and joint estimation of propagation parameters |37]. While
effective in controlled settings, such approaches often rely on predefined wall or
corner geometry and prior scene knowledge, limiting their applicability to un-
known or dynamic urban environments. Learning-based methods have also been
introduced to analyze radar point clouds for NLOS perception. These approaches
classify radar points into reflection categories or detect NLOS-associated points
using data-driven models [15/27]. More recent studies have explored high-resolution
mmWave imaging and RF sensing techniques to reconstruct occluded objects
behind reflectors [5}/17]. However, such systems are typically limited to indoor
or short-range scenarios with static targets. Recent radar localization studies
continue to exploit multipath propagation for NLOS target positioning [4,[33].
Nevertheless, many of these methods rely on auxiliary structural information or
controlled environments, limiting their applicability to outdoor driving scenarios.

Camera—radar fusion for NLOS perception. To compensate for sparse and noisy
radar measurements, several studies have explored camera-radar fusion for ob-
ject detection and scene understanding, where visual semantic cues complement
radar observations [6420,/35]. However, these approaches are primarily designed
for LOS perception and do not explicitly address multipath effects in NLOS
scenarios. For NLOS settings, prior work has applied particle filtering to detect
occluded pedestrians [23] or leveraged camera-derived structural cues, such as
road layout and reflective surfaces, to guide radar interpretation [11}24]. Never-
theless, radar point interpretation remains largely based on predefined heuristics
rather than data-driven modeling of multipath propagation.

Table [I| summarizes representative NLOS perception and localization studies
with respect to their methodological components and validation settings. Prior
studies have made substantial progress in around-corner sensing, target localiza-
tion, and radar-based reconstruction; however, they are predominantly evaluated
in static, controlled, or ego-static scenarios. In contrast, our paper addresses out-
door ego-dynamic NLOS pedestrian localization using a moving vehicle-mounted
radar-camera platform, including multi-target localization scenarios.



Reflection-Aware Reasoning for NLOS Pedestrian Localization 5

(a) 2D Radar PCD @ Static point (b) 1% bounce
@ Dynamic point

(c) 27 bounce
%

.

|
8

Y “
- oF \,\
s
(d) 37 bounce

.
-

R R,
'.'.'_ ‘ij- . %l. ‘ L1
N 4 ’-

Fig. 2: Reflection path diversity in mmWave radar observations. (a) mmWave
2D Radar PCD is observed in BEV and appears sparse and noisy, making informative
observations difficult to identify. (b)—(d) illustrate representative multipath propaga-
tion cases (1st, 2nd, and 3rd bounce), where the geometric strategy for object local-
ization varies depending on the reflection order. Although higher-order reflections may
exist in practice, we model up to third-order reflections considering mmWave attenua-
tion characteristics. (e) shows structurally inconsistent noise that further complicates
reflection path interpretation.

3 Problem Definition

To formally describe the reflection reasoning problem addressed in this work, we
first define the radar reflection path representation used for NLOS interpretation.

Reflection Path Definition. Each radar point corresponds to a propagation path
characterized by the number of reflections the signal undergoes before return-
ing to the sensor. In this work, we consider up to third-order reflections, taking
into account the attenuation characteristics of mmWave signals. Accordingly,
each radar point is categorized into first, second, or third-order reflection paths.
Furthermore, depending on whether a dynamic object is involved along the prop-
agation path, each point is additionally classified as either object-originated or
surface-originated reflection, as shown in Fig. This labeling scheme jointly
encodes the reflection order and the physical origin of the signal, resulting in a
structured reflection-path representation.

Input Representation. We consider a time-discrete sequence of synchronized sen-
sor measurements indexed by ¢t € {1,...,T} where T denotes the total number
of time steps in the sequence. At each time step ¢, the ego-vehicle observes a
front-view RGB image I; and a 2D Radar PCD Ry = {r;;}",.

Each radar point is represented as

ry; = (It,iayt,i)7vt,iapt,ia

where (z;,y:,;) denotes planar coordinates in the ego-centric BEV frame, v;;
is the Doppler velocity, and p;; represents the radar cross section (RCS). The
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index ¢ identifies an individual radar point at time ¢, and V; denotes the number
of radar points in R;, which varies across frames.

Problem Formulation. Given synchronized inputs (I, R;) at time ¢, the proposed
model predicts two complementary intermediate representations: (i) point-wise
reflection-path labels Y; = {§;}¥*, and (ii) a reflective surface probability map
in BEV space S; € [0, 1]Hvev X Woev,

Let fy denote the proposed reflection-aware model parameterized by 6. The
model is formally defined as

fo: (InRy) — (Y4, S0). (1)
Y, and S, are combined through a physics-guided NLOS inference operator 7 (-):

X, =T (Y, Sy). (2)

The final objective is to minimize the localization error e; between the pre-
dicted object position X; and the ground-truth position X, ;:

€t =

X; X - 3)

4 Method

4.1 Overview

To achieve this, we develop a learning-based framework that performs feature-
level fusion between front-view camera images, which provide structural and
semantic cues in LOS regions, and radar point clouds containing quantitative
range measurements and reflection characteristics, as shown in Fig. [3] The model
predicts reflection-type labels for radar points and estimates reflective surface
distributions in BEV space, which are then integrated into a physics-guided ray
tracing module to interpret reflection paths and infer the final NLOS pedestrian
location.

4.2 Reflection-Aware Representation Learning

While cameras provide geometric and visual layout of the scene, radar offers
physical observations of NLOS objects through multipath propagation. To pre-
serve the complementary properties of both modalities, we perform feature-level
fusion to learn reflection-aware representations for NLOS pedestrian localization.

The input front-view image I; is transformed into BEV space using a Lift-
Splat-Shoot (LSS)-based image encoder feam [25]. The LSS encoder predicts
per-pixel depth distributions and projects image features onto the BEV plane,
generating a spatially structured visual representation:

Feam = fcam (It)7 Feam € RCXHbeVXWbeV. (4)
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Fig. 3: Overall framework of the proposed reflection-aware NLOS localiza-
tion method. (a) Input. A temporal stack of radar point clouds {R;—,}% ' and
a synchronized front-view image I. (b) Reflection-aware representation learn-
ing. Radar point features Fi.q and BEV-aligned visual features Fram are extracted
and fused via cross-attention to obtain Frysed, from which reflection-type point labels
and a reflective surface heatmap are predicted. (c) Physics-guided ray tracing.
Reflection-consistent clusters are formed, candidate reflectors are identified, and the
NLOS pedestrian position is recovered via geometric mirroring.

Here, C' denotes the feature channel dimension, and Hpey, Whey denote the
spatial resolution of the BEV feature map.

To stabilize semantic feature learning, an auxiliary semantic segmentation
head is attached to the image encoder during training. The auxiliary loss is
defined as a cross-entropy term L. This head is used only during training and
discarded at inference time.

For radar, the PCD observed at a single time step t is extremely sparse and
noisy. To mitigate this limitation, we aggregate radar observations from the past
K frames. Specifically, {Rt,T}f;Ol are ego-motion compensated and aligned to
the current coordinate frame before accumulation. The aggregated radar points
are encoded in BEV space using a radar encoder f.q:

Frad = frad ({Rtf‘r}-,l—{:iol) ) Frad S RCXHbeVXWbeV' (5)

The radar BEV feature F,,q and camera BEV feature F ., are fused via
a transformer-based cross-attention module. To allow sparse radar features to
reference dense spatial structures, we set radar features as queries and camera
features as keys and values:

Q = WQFrad> K= WKFcama V= WVFcam- (6)
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The fused representation is then obtained as

-
Frused = Softmax (QZ ) V. (7)

The resulting fused representation Fpueeq jointly encodes the physical reflec-
tion characteristics captured by radar and the structured spatial cues provided
by the camera. This reflection-aware feature representation serves as the shared
input for both the reflection-type point segmentation and reflective surface esti-
mation modules.

4.3 Reflection-Type Point Segmentation

To interpret multipath propagation, we classify the reflection order of each radar
point in R; at the point level. Specifically, the BEV feature vector corresponding
to the spatial location of ry; is sampled from Fygys.q and passed through a point
segmentation head gg to predict the reflection-type logits p: ;:

Pt,i = 96 (Frusea(T,i)) Pt € Rl (8)

where C denotes the set of reflection-type classes corresponding to different
reflection orders. The predicted reflection label is obtained as

A (c) 9
Jei = argMAX Py ;. 9)

The point segmentation head is applied independently to each radar point
and trained as a multi-class classification problem using a point-wise cross-
entropy loss £cg:

Ny
Lyt = Nit ;50E (Ptis Yt,i) » (10)

where y;; is the ground-truth reflection-type label for point r;;, and N
denotes the number of radar points at time t¢.

Through this process, informative observations associated with NLOS pedes-
trians are identified from sparse and noisy R; at the reflection-order level. This
decomposition separates mixed multipath signals into physically interpretable
reflection paths, which subsequently serve as inputs to reflective surface estima-
tion and physics-based NLOS reconstruction.

4.4 Reflective Surface Estimation

Although point segmentation identifies higher-order reflection points, recover-
ing the true location of an NLOS pedestrian requires additional geometric con-
straints that describe the structures responsible for the observed reflections.
Since NLOS observations arise from reflections on surrounding environmental
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structures rather than direct object returns, the location and shape of reflective
surfaces must be estimated to interpret the underlying propagation paths.

To estimate reflective structures responsible for multipath propagation, the
fused BEV representation Fpyseq,+ is used to predict a reflective surface proba-
bility map at time step ¢:

St = h¢(FfUSGd,t)a St € [Oa l]HbCVXWbcvv (11)

where hy denotes the reflective surface prediction head parameterized by ¢. Let
(u,v) denote a grid coordinate in BEV space. Each element St(u, v) represents
the probability that a reflective surface exists at location (u,v).

To supervise reflective surface estimation, we construct a pseudo ground-
truth surface map S;. Because radar PCD from a single frame are highly sparse,
radar observations from temporally adjacent frames are aggregated after ego-
motion compensation. Specifically, radar PCD from Kj past frames and Ky
future frames relative to time step ¢ are aligned to the coordinate frame at time
t. The aggregated radar point set Ry is defined as

Ky
Rt == U Rt+7—. (12)
T=—Kp,

Among the aggregated radar points, only those classified as first-order surface
reflections are retained to form a candidate reflective surface set R;™!. Each
selected point is then projected onto the BEV grid using anisotropic Gaussian
splatting to generate the pseudo surface map:

s a2
S a L (13)
I -

where (u,v) denotes a BEV grid location. The terms dj ; and d ; represent
the distances from grid cell (u,v) to point r; along the estimated tangent and
normal directions of the reflective surface, respectively. The parameters o) and
o control anisotropic smoothing, with o > o, to preserve elongated reflective
structures while suppressing diffusion across the normal direction.

Reflective surface estimation is formulated as a binary classification problem
over BEV grid cells and optimized using the binary cross-entropy loss {pcg:

Esurf = EBCE(gty St) (14)

1
S¢(u,v) = maxexp <—
J 2

4.5 Physics-Guided Ray Tracing

In this stage, §;; and S, are used to recover the location of NLOS pedestrians
through physics-based ray tracing. The module operates as a deterministic infer-
ence procedure grounded in geometric optics and reflection physics. It consists
of three steps: (i) path-wise clustering, (ii) ray-guided reflector search, and (iii)
geometric mirroring.
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Path-wise Clustering. Given the Ry, radar points are first separated according
to §¢,;. The first-order reflection point set Pt(l) and third-order reflection point
set 7775(3) are defined as

Ui = 1}, 73,5(3) ={re; | 9r; = 3} (15)

Second-order reflections are excluded from geometric inference because they
typically occur under LOS conditions and are accompanied by more reliable
first-order reflections.

DBSCAN clustering is then applied to Pt(l) and 77,5(3) to obtain represen-
tative cluster centers, denoted as {f‘,(fl)} and {ff;)}, respectively. The centers
I_‘,(Cl) approximate the true object location, while f'g’) correspond to higher-order
reflections that do not coincide with the actual object position.

Pt(l) = {rs;

Ray-Guided Reflector Search. Each third-order cluster center fﬁﬁ) is assumed to
originate from reflections on surrounding structures. Therefore, the correspond-
ing reflective surface must lie along the ray connecting the radar origin o and

2. The unit ego-ray direction is defined as

f'(?’) — 0
= (16)
|55 — ol

Candidate reflector positions are sampled along this ray. For each candidate
position, the reflection likelihood is evaluated using the reflective surface proba-
bility map S;. The reflector geometry (¢, n,y,) is selected as the candidate that
maximizes the accumulated reflection consistency.

Geometric Mirroring. Given the estimated (¢, n,,) and f'g), the NLOS pedes-
trian position is recovered via geometric mirroring with respect to the reflective
surface. The recovered position %) is computed as

£ =1 —2(ED — cin) )0 (17)

This operation corresponds to the geometric reflection of fo;) across the es-
timated planar reflector, consistent with third-order reflection propagation.

Final Localization. The final set of object location candidates at time ¢ is con-
structed by combining the first-order reflection cluster centers with the mirrored
third-order estimates:

X = {5 U B . (18)

Spatially adjacent candidates are merged to obtain a refined object location
estimate. This physics-guided inference procedure leverages the predicted reflec-
tion types and the estimated reflective surface geometry to enable reliable NLOS
pedestrian localization without requiring prior scene structure information.
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Fig. 4: Qualitative results of the proposed reflection-aware NLOS localiza-
tion framework under ego-static and ego-dynamic settings. Columns show
intermediate stages of the pipeline: point segmentation, reflective surface estimation,
ray tracing, and final localization. The final column visualizes ground-truth and pre-
dicted pedestrian locations.

5 Dataset

The dataset was collected in a constructed urban intersection testbed designed
to capture NLOS pedestrian scenarios. The ego vehicle is equipped with a front-
view RGB camera, a 77 GHz mmWave radar, a LiDAR, and a wheel encoder.
To obtain accurate ground-truth for occluded pedestrians, an overhead camera
was installed above the center of the intersection to capture a top-down view
of the entire scene. All sensor data were synchronized using ROS. Radar data
were acquired using a TI AWR2944EVM sensor . Raw radar signals were
processed into radar PCD following the methodology described in . The
radar PCD generation itself is not part of the proposed contribution.

The dataset consists of scenarios where one to three pedestrians move in
an intersection environment. Pedestrians appear from occluded side roads and
move across the intersection while the ego vehicle either remains stationary or
moves through the intersection. Two spatial configurations are defined based
on the intersection geometry. B1 corresponds to the case where a frontal wall
blocks the opposite side of the intersection, creating strong NLOS conditions. B2
represents the configuration where the opposite road is open, allowing the ego
vehicle to drive straight or turn right. Both ego-static and ego-dynamic driving
conditions are included in the dataset. In the ego-dynamic setting, the ego ve-
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Table 2: Point-wise reflection path classification performance. Overall results
are reported using Accuracy and Macro-F1, while precision, recall, and F1l-score are
additionally reported for the NLOS pedestrian reflection class corresponding to third-
bounce reflections, which are critical for NLOS position reconstruction.

Method Scenario Accuracy Macro-F1 3rd-bounce pedestrian

Precision Recall F1l-score

Kraus et al. [14] Ego-static 0.686 0.661 0.757 0.639 0.693
Ego-dynamic 0.677 0.635 0.553 0.863 0.674
Wu et al. [34] Ego-static 0.930 0.890 0.884 0.931 0.907
Ego-dynamic 0.610 0.481 0.250 0.501 0.334
Proposed Ego-static 0.946 0.915 0.897 0.935 0.916
Ego-dynamic 0.899 0.814 0.744 0.718 0.731

hicle drives through the testbed at speeds up to 22.00 km/h, and the evaluation
covers NLOS pedestrians with a radar-based NLOS observation range of up to
17.92m. In total, the dataset contains 44 training scenarios and 13 validation
scenarios under ego-static conditions, and 57 training scenarios with 10 evalu-
ation scenarios under ego-dynamic conditions. Detailed dataset information is
provided in the Supplementary material.

6 Experimental Results

Experiments are conducted using the dataset described in Section [5} Evaluation
is performed under both ego-static and ego-dynamic conditions across the two
spatial configurations B1 and B2. The proposed method is evaluated from three
perspectives: reflection-type point segmentation, reflective surface estimation,
and final NLOS pedestrian localization. Qualitative results are illustrated in
Fig.[] Detailed experimental results are provided in the Supplementary material.

For a fair comparison, all radar-based baselines and our method are eval-
uated using the same ego-motion-compensated radar PCD, which is generated
by FMCW processing, CFAR. detection, clustering, coordinate transformation,
and wheel-encoder-based motion compensation. Thus, motion compensation is
applied consistently to all compared methods rather than only to the proposed
method. All methods are evaluated under the same ego-static or ego-dynamic
protocol, association rule, and average localization-error metric.

6.1 Reflection-Type Point Segmentation Performance

We evaluate the proposed reflection-type point segmentation on the dataset de-
fined in Section [5] to assess its ability to identify informative radar points for
NLOS localization. The task focuses on distinguishing pedestrian-originated re-
flections from environmental reflections and noise.
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Performance is evaluated using class-wise precision, recall, and F1-score, and
compared with baseline methods [14}34]. Experiments are conducted under both
ego-static and ego-dynamic conditions.

The proposed method achieves 94.6% accuracy and a macro-F1 of 0.915 in
ego-static settings, and 89.9% accuracy with a macro-F1 of 0.814 in ego-dynamic
settings, as summarized in Table[2} Since NLOS pedestrians are observed through
third-order reflections, accurate classification of third-order points is particu-
larly important. The proposed approach maintains strong performance for third-
bounce classification in both ego-static and ego-dynamic conditions.

Compared to baseline methods [14,34], the proposed method consistently
improves overall segmentation performance as well as third-order classification
accuracy, demonstrating its effectiveness in isolating radar observations relevant
to NLOS pedestrians.

6.2 Reflective Surface Estimation Performance

We evaluate the accuracy of the inferred reflective surfaces, which are used for
NLOS object localization. Quantitative evaluation is performed using pseudo
ground-truth wall segments extracted from LiDAR.

Given that the dataset environment consists of linear walls in a T-junction,
reflective surfaces are approximated as line segments using DBSCAN clustering
and RANSAC-based line fitting on LiDAR point clouds. The inferred reflector
geometry is then compared against these LiDAR-derived pseudo labels.

To assess geometric consistency, we measure both reflection point error (RPE)
and reflection angle error (RAE). RPE is defined as the Euclidean distance be-
tween the predicted reflection point ppreq and the LiDAR-derived ground-truth
reflection point pgy:

RPE = [|pprea — Pgtll, - (19)

Here, pgt is defined as the intersection between the ray connecting the radar
origin and the third-order cluster center and the LiDAR-extracted reflector. pprea
is defined analogously using the predicted reflector. RAE measures the angular
difference between the predicted reflector direction dpyeq and the LIDAR-derived
reflector direction dgy:

(20)

dyreq - d 180
RAE = arccos( pred * Tt ) X

[[dpred |l [|dgt | ™
Quantitative results are summarized in Table [} Under ego-static conditions,
the proposed method achieves an RPE of 0.280 m in intersection layout B1 and
0.415 m in layout B2, with corresponding RAEs of 7.175° and 6.698°. Under
ego-dynamic conditions, the RPE remains 0.285 m in layout B1 and 0.357 m
in layout B2, while the RAE is 7.207° and 5.997°, respectively. These results
demonstrate consistent sub-meter reflection point accuracy and reflection angle
errors below 8° across different spatial configurations under both ego-static and
ego-dynamic conditions.
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Table 3: Quantitative comparison of pedestrian localization performance.
Results are reported in terms of average localization error (AE, m).

Ego Vehicle Status Static Dynamic
Environments LOS (m) NLOS (m) LOS (m) NLOS (m)
Scheiner et al. [27] 1.02 2.36 1.36 4.74
Park et al. [24] 0.89 1.69 1.41 3.23
Proposed 0.44 1.01 0.54 1.23

Table 4: Quantitative evaluation of

reflective surface estimation. Table 5: System performance.
Ego Status Scenario RPE (m) RAE (deg) Metric Value
Static B1 0.280 7175 Reflection-aware learning (ms) 55.22
B2 0.415 6.698 Physics-guided ray tracing (ms) 16.80
. FPS 13.85
Dynamic Bl 0.285 7.207 Early detection (s) 0.77
B2 0.357 5.997

6.3 Object Localization Performance

Localization accuracy is evaluated using the average localization error, defined as
the mean localization distance described in Eq.[3] Evaluation is conducted under
both ego-static and ego-dynamic conditions, with results reported separately for
LOS and NLOS pedestrian localization. As summarized in Table[3] the proposed
method achieves an average localization error of 0.44 m for LOS pedestrians and
1.01 m for non-line-of-sight pedestrians under ego-static conditions. Under ego-
dynamic conditions, the error is 0.54 m for LOS pedestrians and 1.23 m for
NLOS pedestrians.

Compared with geometry-based baselines, the proposed approach substan-
tially improves NLOS pedestrian localization accuracy. Under ego-static condi-
tions, the NLOS localization error decreases from 1.69 m to 1.01 m, correspond-
ing to an improvement of approximately 40%. Under ego-dynamic conditions,
the error decreases from 3.23 m to 1.23 m, yielding a reduction of more than
60%. The increase in NLOS localization error from ego-static to ego-dynamic
conditions remains limited, indicating robustness against motion-induced dis-
turbances.

Finally, Table [5|reports the runtime performance of the proposed framework.
The reflection-aware learning stage takes 55.22ms per frame, and the physics-
guided ray-tracing module takes 16.80 ms, resulting in an overall throughput of
13.85 FPS on an RTX 3090 GPU. The model is lightweight, with 1.17M param-
eters and 55.04 GMACs per frame, corresponding to 110.08 GFLOPs when one
multiply—accumulate operation is counted as two floating-point operations. The
semantic auxiliary head is used only during training and therefore introduces no
additional inference cost.
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7 Conclusion & Discussion

This paper presented a reflection-aware learning framework for NLOS pedes-
trian localization in intersection scenarios. The proposed method jointly learns
reflection-type point segmentation and reflective surface estimation, and inte-
grates them with a physics-guided ray tracing module for structured multipath
interpretation. This formulation enables data-driven decomposition of multipath
signals while preserving physical consistency.

Experimental results demonstrate improved NLOS localization accuracy un-
der both ego-static and ego-dynamic conditions. The proposed framework detects
NLOS pedestrians on average 0.77 s earlier than first-order radar observations
by leveraging third-order multipath reflections. The system operates near real
time, achieving 72 ms end-to-end latency corresponding to 13.85 FPS.

Further analysis shows that accurate reflection-point detection alone is in-
sufficient for reliable NLOS pedestrian inference. Localization error increases
significantly when reflective surface estimation becomes inaccurate, indicating
a strong interdependence between reflection-type segmentation and reflective
surface reasoning.

Overall, the results highlight that combining reflection-aware representation
learning with physics-guided reasoning enables reliable and early NLOS percep-
tion beyond direct LOS.
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