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Abstract—This paper presents a fully embedded real-time
person tracking pipeline for assistive quadrupedal robots sup-
porting safe navigation for visually impaired users. Our approach
combines a deep learning-based 2D LiDAR person detector with
a lightweight multi-object tracker and integrates it into a Guide
Dog Robot (GDR) navigation framework. A novel detection
post-processing scheme is proposed, reducing detector latency
by 52.38% compared to state-of-the-art voting-based methods
while preserving accuracy. The improved latency enables the
entire pipeline to operate reliably at 20 Hz on a resource-
constrained mobile robotic embedded platform based on the
NVIDIA Jetson Xavier NX. The experimental setup shows that
our system tracks dynamic obstacles and continuously localizes
the user holding the robot’s handle, enabling a dynamic safety
footprint for proactive collision avoidance. Under the tested setup,
the optimal configuration achieves a MOTA of 83.27% and a user
tracking RMSE below 0.2 m on two custom datasets recorded with
motion-capture ground truth. Real-world navigation experiments
in indoor environments demonstrate effective collision prevention
and smooth corrective maneuvers when the user drifts from the
default following position. The modular design of the detection,
tracking, and planning components ensures flexibility and ease of
integration into other robotic platforms. This work contributes
a scalable and efficient tracking and navigation solution for
human-aware mobile robots operating in dynamic environments,
supporting safer human-robot interaction in assistive contexts.

Index Terms—2D LiDAR, people detection, people tracking,
autonomous mobile robots, assistive robotics

I. INTRODUCTION

In recent years, there has been an increasing amount of re-
search and commercial solutions aimed at providing navigation-
assistive technologies for visually impaired people, with the
goal of providing an intuitive, comprehensive, and reliable
substitute for vision [[1]], [2]]. Concurrently, Autonomous Mobile
Robots (AMR) have witnessed rapid advances in sensing and
navigation capabilities, enabling new applications in human-
centered environments [3]].

These trends highlight an opportunity for robotic guide
systems that integrate the autonomy and environmental per-
ception capabilities of AMR to provide intuitive and robust
navigation assistance for visually impaired individuals. Unlike
smartphone-based apps or wearable devices, small-scale mobile
platforms can provide more complete obstacle avoidance and
improved physical human-robot interaction [2], [4].

One of the crucial and challenging tasks in this use-case is
the capability of the robot to track the assisted individual, en-
suring a comfortable and safe navigation experience by keeping

979-8-3315-6578-7/25/$31.00 © 2025 IEEE

the user in its designated space via feedback [4]]-[6]]. Recent
literature has proposed various configurations using different
sensors to detect and track humans in autonomous robots,
with the most common being RGB(-D) cameras [7]], [8], 2D
LiDARs [9]-[11], and 3D LiDARs [12]]. Compared to RGB(-
D) and 3D LiDAR, 2D LiDAR sensors offer low power con-
sumption and wide angular coverage, providing precise distance
measurements and lightweight processing requirements that are
ideal for embedded platforms and overall cost-effectiveness
[13], [14].

In our prior work [15]], we proposed a real-time 2D LiDAR-
based person detection and tracking pipeline integrated into
a navigation framework for low-latency obstacle avoidance.
In this paper, we build upon that foundation by extending
the system to a multi-LiDAR setup with 360° coverage and
integrating it into a Guide Dog Robot (GDR) system for user
tracking, enabling safe and dynamic navigation assistance.

Our contributions are as follows:

o Extending an embedded 2D LiDAR-based person tracking
pipeline with a novel post-processing method, enabling
real-time operation at 20 Hz on the Jetson Xavier NX.

e Proposing a GDR by extending an autonomous navigation
planner to incorporate dynamic user position and ensure
collision avoidance during guidance tasks.

o Systematic benchmarking on custom datasets with motion-
capture ground truth and real-life hallway and doorway
experiments, demonstrating accurate user localization and
effective collision prevention.

II. RELATED WORK

Person detection from 2D LiDAR has evolved from hand-
crafted features [[16] to deep learning approaches such as
DROW [10] and DR-SPAAM [9]], the latter offering real-
time capability with spatial attention. Despite their success,
integration into multi-object tracking pipelines remains limited.
End-to-end tracking frameworks [17]], [18] are not yet common
in 2D LiDAR applications, where trackers like SORT [19] and
Norfair remain more practical.

Autonomous navigation is commonly divided into a global
planner which determines an overall path using algorithms
such as A*, and a local planner that adjusts the trajectory
in response to sensor data. The ROS Navigation Stack [20]
offers a widely adopted implementation of this structure. For
local planning, the Timed-Elastic-Band (TEB) algorithm [21]]
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Fig. 1: Guide Dog Robot, composed of an Unitree Al with
the additional backpack system, with front and back-facing
LiDARs.

is frequently used due to its fast optimization and ability to
incorporate dynamic obstacle trajectories [22]], [23].

In prior work [15], we developed a real-time embedded
2D LiDAR-based detection and tracking system running in
real-time at 20Hz on a Jetson Xavier NX, integrating the
DR-SPAAM detector with the lightweight Norfair multi-object
tracker [24]. Our approach achieved over 85% MOTA score in
real-world datasets and successfully enabled close-range human
avoidance using trajectory prediction.

The need for autonomous navigation support for blind and
visually impaired people has motivated the development of
intelligent assistive systems. Reviews by Manjari et al. [1]
and Khan et al. [2] highlight a wide range of technologies,
from smart canes to robotic platforms. Yet, many systems still
lack portability, real-time performance, or validation in dynamic
environments. Kim et al. [25] directly investigate blind user
expectations for robotic guide dogs using quadrupeds, revealing
preferences for rigid handles and smoother and intuitive motion
planning. Hong et al. [4] highlight the importance of knowing
the position of the user in GDR applications to improve safety
and human-robot interaction. Thus, providing the robot with
reliable person detection and tracking is essential.

Guerreiro et al. [26] use a simplified planning approach using
the ROS Navigation Stack, assuming a fixed user position
relative to the robot, which must be conservative to avoid
collisions if the user drifts. Other methods actively track the
user’s position to capture user-robot dynamics for planning [5],
[6l1, [25], [27], typically using rear-facing RGB-D cameras [3],
[6] or a 2D LiDAR on a pan/tilt turret [27]. We leverage
our proposed tracker with a 360° 2D LiDAR setup for both
user tracking and dynamic obstacle avoidance, achieving ef-
ficient tracking without additional moving hardware. Instead
of modeling complex human-robot interactions, we extend the

planning strategy of Guerreiro et al. [26], enhancing safety by
incorporating user tracking to anticipate and prevent collisions.

The proposed approach advances the state of the art and
prior works by augmenting established tracking pipelines with
real-time, on-device user localization coupled to a guide-robot
navigation stack, thereby closing the perception-action loop
and delivering safe and energy-efficient mobility assistance for
visually impaired users in dynamic environments.

III. METHODS

Our autonomous guidance pipeline follows a modular ap-
proach, and consists of the following components: people
detection, tracking, and autonomous navigation. The pipeline
is augmented to specifically account for user tracking and
ensuring collision avoidance of both robot and user.

A. System

As seen in Fig. [I] the GDR consists of a Unitree Al
quadruped equipped with a custom-built backpack housing two
LiDAR sensors, an Intel NUC10i7FNKN with a six-core 10th-
generation Intel i7 CPU, and an NVIDIA Jetson Xavier NX for
onboard real-time processing. A handle attached to the back
allows a blind user to be guided by the robot.

The sensing system includes a Hokuyo UTM-30LX-EW and
a Hokuyo UST-10LX 2D LiDAR, both mounted at approx-
imately 45cm from the ground, providing a full 360° field
of view. Both LiDARs operate at 20 Hz with a 0.25° angular
resolution. The front-facing UTM-30LX-EW features a 270°
scan angle, while the rear-facing UST-10LX extends coverage
to complete the 360° field of view. Their scans are merged into
a single full-circle scan, yielding 1440 points.

The local planner computes velocity commands, which are
executed through Unitree’s built-in walking controller, which
also provides an odometry estimation at 50 Hz. The entire track-
ing and navigation framework is implemented in ROS [28]].

B. Detection

The proposed system employs the novel 2D-LiDAR human
detection model DR-SPAAM [9], also employed in [15]], using
an adapted version of its open-source implementation [29].
This paper proposes a faster post-processing scheme enabling
faster real-time operation on a full 360° scan. The DR-SPAAM
detector processes 2D LiDAR scans by first generating cutout
windows around each LiDAR point. Each cutout captures
neighboring points within a fixed region, normalized and re-
sampled to 56 points. These cutouts are processed by a 1D
convolutional network, which performs both classification to
identify if a cutout contains a person and regression to estimate
the relative offset to the person’s center. To enhance detection
accuracy and efficiency, DR-SPAAM introduces a spatial at-
tention mechanism and an auto-regressive model, allowing the
network to aggregate temporal information across scans without
the need for explicit alignment for ego-motion.

Two post-processing schemes are available: a more accurate
voting scheme (vote) used in [9] which casts individual cutout
predictions into a spatial grid followed by non-maximum sup-
pression (NMS), and a faster method (nms) available in the



open-source implementation [29|] which applies NMS directly
on raw detections, keeping only the highest-confidence ones
within a 0.5 m radius. While the second method is faster,
it generates a high number of false positives that the voting
scheme can effectively reduce. To address this, we propose an
alternative post-processing step (nms*) that clusters detections
using NMS (with a 0.5 m radius), but then averages both
the positions and confidence values of all detections within
each cluster to produce a centroid, yielding similar behavior
to the voting scheme without the additional computational
overhead. The post-processing is not used during training,
allowing flexibility for selecting and adjusting it at deployment.

The detector design enables successful deployment on vari-
ous robots and sensors without requiring retraining for a spe-
cific sensor, as demonstrated by the CROWDBOT project [30],
which confirms its independence from angular resolution and
distance. Therefore, we decided against creating a new training
dataset for our LiDAR setup and instead trained the model
using the JRDB dataset [31]], which features a 360° field of
view with a 0.32° angular resolution, closely resembling our
0.25° and making it a better fit than the DROW dataset [32].
The ground-truth labels are extracted from the dataset as in
[33].

To further improve processing efficiency, we examine the
impact of window stride on inference speed, which differs from
the frame stride studied by the DR-SPAAM authors. Window
stride involves generating cutout windows only at every nth
LiDAR point.

The model is deployed on a Jetson Xavier NX platform,
which is less powerful than the Jetson Xavier AGX used in
[9]l.

C. Tracking

The proposed system leverages the tracker designed in our
previous work [15]], based on Norfair [24], a lightweight, real-
time multi-object tracking library utilizing a Kalman filter
with a constant velocity model and data association via the
Hungarian algorithm. Track initiation and deletion are managed
using count of matched frames: a new track is confirmed
once its counter exceeds Cj;,;:, and it is removed after Cyyq
consecutive unmatched updates. These parameters are tuned to
balance fast detection with minimal false positives. To ensure
consistency, all detections are transformed into the robot’s
odometry frame before tracking.

D. Guide Dog Robot Navigation and User Tracking

In the GDR setup, a visually impaired user is guided by
holding a handle positioned behind the robot. The user’s
position relative to the robot is tracked to ensure safe and
comfortable navigation. The estimated user track is determined
by selecting the closest detected person track to the default
user position of 0.6 m directly behind the robot center. If no
detections are found within a specified 1.0 m radius around this
default position, the user’s position is set to the default.

For navigation, as in [15], we utilize the ROS Navigation
Stack [20], configuring it with AMCL for localization, A* as
the global planner, and TEB as the local planner.

TABLE I: Configurations

Config ~ Window Stride  Conf. Thresh.  Cinit  Caer
Cl 1 0.85 10 15
2 10 0.85 10 15
C3 10 0.8 5 15

TABLE II: Benchmark Results For Each Dataset.

ps  racker g D Mis FP MoTa ~ MOTP
config. SW. [m]
Clvote 6264 1 28 497 91.64% 0.15
Clnms 6271 0 21 4656  25.68%  0.15
Clnms* 6264 1 28 740 87.78%  0.15
C2vote 6262 1 30 958 84.28%  0.15

GR1  conms 6268 1 24 4703 24.87%  0.15
C2nms* 6262 1 30 875 85.60%  0.15
C3vote 6279 1 13 2472 60.50%  0.15
C3nms 6283 1 9 5631 1036%  0.15
C3nms* 6279 1 13 1848  7041%  0.15
Clvote 18441 33 1665 453 89.32%  0.19
CI nms 18998 24 1117 13788 25.87%  0.19
Clnms* 18474 33 1632 468 89.41%  0.19
C2vote 18582 28 1529 313 90.71%  0.19

GR2  c2nms 19037 19 1083 9534 47.19%  0.19
C2nms* 18546 28 1565 166 91.27%  0.19
C3vote 18853 29 1257 2084  8327%  0.19
C3nms 19149 23 967 11688  37.05%  0.19
C3nms* 18846 30 1263 1271 87.27%  0.19

Additionally, some adjustments are made to accommodate
the human-robot configuration. As in [26]], the human-robot pair
is treated as a single entity with a shifted center towards the
user and an enlarged footprint encompassing both the robot and
user. The planner thus provides collision avoidance assuming
the user is in the default position directly behind the robot,
but if the user deviates too far, a collision could be possible.
Thus a dynamic footprint is maintained, which includes a 0.5 m
padding around the estimated user position, allowing real-time
collision detection for immediate future trajectories.

In the event of a potential collision, the robot stops and
initiates a corrective maneuver by gently rotating, providing
physical feedback through the handle to nudge the user back
to the default position. Once the planner no longer detects a
future collision, normal navigation resumes.

IV. EXPERIMENTAL RESULTS

We assess tracking accuracy and GDR system performance
using custom real-world datasets and integrated experiments.
Our tracker is evaluated in three configurations, as detailed
in Table [t CI prioritizes overall tracking accuracy, C2 is
optimized for real-time performance, and C3 minimizes track
initiation time. Additionally, each configuration can be coupled
with each of the three post-processing methods vote, nms, and
nms*.

A. Datasets

To assess tracking accuracy in a GDR setting, we record
two datasets. Ground truth position and orientation of both the
robot and participants are recorded at 100 Hz using a motion



capture system equipped with six Vicon Vero 2.2 cameras.
The robot setup, as detailed in Section provides the
sensor and odometry data for evaluation. Experiments are
conducted within a 4 mx4 m space, where movement occurs
in an environment featuring moderate clutter from chairs and
tables.

The datasets are as follows:

1) Guide Robot 1 (GRI): A single person follows the robot
while holding a handle. The robot moves semi-randomly,
with speeds up to 1.0ms~! (forward/backward) and
+1.5rads™! (rotation). Duration: 5 minutes and 18 sec-
onds.

2) Guide Robot 2 (GR2): A person follows the robot
using the handle, acting as a user, while two ad-
ditional people move randomly around it. The robot
moves semi-randomly with speeds up to 1.0ms~! (for-
ward/backward) and +1.5rad s~ (rotation). Duration: 5
minutes and 39 seconds.

B. MOT Benchmark

Tracking performance is assessed using CLEAR MOT met-
rics [34] as in [[15].

The MOTA score (Equation quantifies tracking accu-
racy by penalizing identity switches (IDy), missed detections
(Missy,), and false positives (FPy), normalized by total ground
truths (g) per scan k. Errors are reported individually, with
tracks matched using a 0.75 m threshold.

IDy, + Missy, +F.Pk)
Zkgk

MOTP (Equation [2)) evaluates precision as the average Eu-
clidean distance (di) between matched estimates and ground
truths across all correct matches (cp), where lower values
indicate better precision.

MoTA =1 - 25

)]

s
2k Ch

Ground truth annotations are extracted from motion capture
data, considering only detections within the LiDAR field of
view for fair evaluation.

Table [l shows the benchmark results, with CLEAR MOT
metrics and the raw counts of each error type. Configurations
C1 and C2 yield similar scores across all datasets, indicating
that the stride parameter can be increased without sacrificing
accuracy. Only in GRI does a slight reduction in accuracy
occur due to more false positives. Testing stride values above
10 revealed rapid performance degradation, identifying 10 as
the optimal trade-off. C3 as expected trades fewer misses for
a higher count of false positives across both datasets. All
configurations show similar MOTP, which stays below 0.2m
even in the most challenging configuration.

Naive non-maximum suppression implemented in nms leads
to excessive false positives. Although raising the confidence
threshold nearly to 1 reduces false positives, it significantly
lowers true positives. In contrast, our proposed nms* post-
processing closely matches the performance of the original

MOTP = )

TABLE III: User Tracking Benchmark Results.

Dataset  Tracker ATE [m] RMSE [m]
C2 voting  0.154 0.181
GDl1 C2 nms* 0.154 0.182
C3 voting  0.153 0.182
C3 nms* 0.152 0.179
C2 voting  0.146 0.181
GD2 Coums* 0147 0.188
C3 voting  0.145 0.179
C3 nms* 0.145 0.178

voting scheme. It is even more effective in filtering more
false positives, resulting in higher MOTA scores, especially in
configuration C3.

C. User Tracking Benchmark

In addition to evaluating the general tracking performance,
we specifically benchmark the system’s ability to accurately
track the user positioned behind the robot, essential for the
GDR application. This benchmark leverages the positional
differences between the ground truth and the estimated user
positions, obtained as described in Section [[II-D}

We adopt the metrics commonly used in single-object track-
ing: Average Tracking Error (ATE) and Root Mean Square
Error (RMSE).

1 N
ATE = N;dk 3)

The ATE, shown in Equation (E]), is similar to the Multi-
Object Tracking Precision (MOTP), in which it measures
the mean Euclidean distance (d;) between the estimated user
positions and the ground truth positions across all scans (j)
containing ground truth. The RMSE is computed similarly
between the ground truth and estimated position.

The results in Table [[I] demonstrate the system’s ability to
accurately track the user behind the robot in both the GRI and
GR?2 datasets, validating its effectiveness for human guidance
applications even under dynamic conditions. All configurations
achieve low ATE and RMSE values, with configuration C3
using nms* consistently yielding the best results, achieving an
overall RMSE of 17.85 cm.

D. Computation Time

The computation times for each configuration of our tracker
were benchmarked on a Jetson Xavier NX. We measured the
detector inference time (77%,), tracker update time (7}, ;) and
total latency time (7}, ,). The results for different configurations
are summarized in Table [Vl

The configuration C/ is not capable of real-time execution at
20 Hz for either LiDAR setup. Configurations C2 and C3 with
voting post-processing show worst-case times exceeding 50 ms,
whereas with nms*, all times are within the real-time limit,
indicating that only the proposed nms* can achieve reliable
real-time performance in this setting.

Interestingly, nms* exhibits slower performance than vote
when paired with CI, likely due to increased computation times



TABLE IV: Computation Times.

Tracker Detector T%¢_, Tracker T¢ ., Total time T} ,
worst/avg [ms] worst/avg [ms] worst/avg [ms]
CI vote 258.63/6.158 33.13/12.24 272.36/238.36
CI1 nms*  288.75/275.90 35.21/14.64 311.52/290.54
C2 vote 53.38/37.66 21.81/5.88 64.18/43.54
C2 nms*  38.48/26.84 22.83/5.60 51.98/32.47
C3 vote 59.69/38.01 23.08/6.42 68.83/44.43
C3 nms*  41.79/27.18 21.52/6.16 52.35/33.34

TABLE V: Post-processing Computation Times for C3.

FOV vote nms nms*
worst/avg [ms] worst/avg [ms] worst/avg [ms]

270°  14.88/14.13 5.90/5.01 6.48/6.11

360°  23.23/20.41 10.98/9.74 11.65/10.61

scaling with the number of input detections, whereas vote is less
sensitive to this.

Additionally, the post-processing computation times for con-
figuration C3 are shown in Table[V] The proposed nms* is only
slightly slower than nms, but is on average 52.38% faster than
vote.

E. User collision avoidance experiments

To validate the effectiveness of the dynamic footprint and
feedback mechanism in preventing user collisions in our pro-
posed GDR, two experiments were conducted in a hallway and
door navigation scenario, where the robot and user must pass
through a 1 m wide doorway, as shown in Fig.[2| The C3 nms*
configuration was used.

In the first experiment, with dynamic footprint collision
detection disabled, the navigation system failed to prevent a
collision as the user drifted too close to the door frame. In
contrast, with the dynamic footprint and feedback mechanism
enabled, and running the tracker in the C3 nms* configuration,
the robot successfully avoided collision by detecting it early,
stopping, and performing corrective maneuvers.

V. DISCUSSION

Our experiments show that all tested configurations of the
tracking pipeline achieve robust and accurate person track-
ing in cluttered, close-range indoor environments, as required
in assistive scenarios. Notably, this performance is achieved
without retraining, despite the detector being trained on JRDB
with a different LiDAR setup, highlighting the generalization
capability of DR-SPAAM and its resolution and distance inde-
pendence [9].

Our proposed post-processing method nms* achieves similar
or better results compared to the original voting scheme in [9],
while reducing the average computation time by 52.38%. The
results also show that decreasing the window stride to 10 has
minimal impact on accuracy. These changes enable reliable
real-time operation at 20 Hz on the Jetson Xavier NX with a
360° dual-LiDAR setup, demonstrating the method’s scalability.

Configuration C3 achieves a low track initiation time and
fewer overall misses while maintaining a manageable number

—Robot Trajectory ——Human Trajectory —Walls Correction Maneuver
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Fig. 2: Collision avoidance in a door navigation task with
Vicon-tracked robot and user trajectories. Left: Static footprint
results in a collision with the wall (red star). Right: Dynamic
footprint with feedback prevents collision as the robot stops,
provides corrective feedback (green arrows), and then continues
navigation.

of false positives and achieving an overall MOTA score of
83.27% when paired with nms*. This makes it our preferred
choice for people avoidance applications. Additionally, the C3
nms* configuration is validated by the user tracking benchmark,
achieving an overall RMSE of 17.85cm. This demonstrates
its reliability in maintaining accurate user localization even in
dynamic environments.

The collision avoidance experiments show the effectiveness
of the proposed GDR system in utilizing the accurate user
tracker to detect and prevent collisions with the environment,
ensuring user safety.

Some limitations remain. The linear motion model may
underperform in response to sudden or unpredictable user
behavior, suggesting the need for more expressive prediction
models. Furthermore, while our GDR system ensures safe
navigation without explicitly planning for complex human-
robot dynamics, the navigation efficiency may be hindered by
frequent stops and corrective maneuvers.

VI. CONCLUSION

This paper presents an autonomous GDR equipped with a
fully embedded 2D LiDAR-based tracking pipeline designed
to enhance obstacle avoidance and user safety. Integrated
into an autonomous navigation framework and deployed on
a quadrupedal robot, the tracker achieves consistent real-time
performance at 20 Hz on an embedded GPU. The optimized C3
nms* configuration is validated on custom datasets, achieving
a MOTA score of 83.27% and an RMSE below 0.2m for
user tracking. Additionally, a novel post-processing method for
the detector is proposed, reducing computational overhead by
52.38% compared to the original method while maintaining
accuracy.

Real-world experiments demonstrate that the proposed GDR
system reliably prevents collisions and ensures safe user guid-
ance, combining accurate tracking with efficient computation.
These results validate the effectiveness of our real-time tracker



for assistive navigation, highlighting its scalability and modu-
larity for integration into autonomous robotic systems.

Future work will include benchmarking against alternative
person-tracking methods such as [35]], and conducting broader
real-world evaluations to better assess safety and generalization.
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