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Abstract— Human-following robots have achieved commercial
adoption in structured indoor environments such as healthcare
facilities, airports, and educational campuses, where environmen-
tal conditions are predictable and operational risk is low. How-
ever, their deployment in high-risk and unstructured domains,
including firefighting, search and rescue, and defense operations
remains limited. Existing platforms either rely on visual tracking,
which struggles when the user leaves the camera field of view or
when under low-light conditions. Radio-based followers provide
reasonable accuracy, but suffer from poor resolution when using
a single locator, signal interference, and limited applicability in
certain environments. To overcome these limitations, we present
a system that fuses a depth-camera perception pipeline with a
single-antenna Bluetooth Angle-of-Arrival (AoA) direction estima-
tor mounted on a quadruped robot. Our novel visual tracker runs
a YOLOv8n detector, extracts multimodal embeddings (RGB,
depth, pose, colored arm-sleeve histograms) and re-identifies the
operator at 5 Hz on a CPU-only platform. When visual contact
is challenged, the AoA module supplies a heading cue that
steers the robot back into view. Experiments were conducted in
unknown, unstructured, indoor and outdoor environments. Using
a Spot legged robot, we show that the hybrid approach reduces
tracking interruptions by 70% compared with vision-only, while
maintaining a lateral position error of 0.54m (RMSE) and a
heading error of 0.31rad. The result is a hybrid system capable
of robust real-time user following across diverse environments.
We call our system CHASER (Collaborative Helper Autonomous
System for Exploration Robots), a wearable-enabled multimodal
follower designed for field deployment.

I. INTRODUCTION

Human-following robots have the potential to substantially
improve daily life, professional workflows, and emergency re-
sponse operations by providing mobile assistance and reducing
cognitive load on operators. Prior studies have demonstrated
their value in domains such as healthcare [1], airport baggage
handling [2], and disaster response [3], where autonomous
following enables more efficient task execution and improved
human-robot teaming. Autonomous robot followers have strong
potential in high-risk operations, including bomb disposal,
hazardous material inspection, and delivery of medical supplies
during complex missions.

As of today, most commercial robot followers have fo-
cused on wheeled platforms for structured environments. For
example, systems such as Skydio have demonstrated visual
tracking autonomously in aerial drones for tasks such as
inspection and cinematography [4]. In ground robotics, robot
followers have been researched and deployed in environments
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Fig. 1. CHASER: An Autonomous Human-Following Robot System

like airports, where wheeled robots assist passengers [5]. The
Unitree wireless vector positioning system enables legged
robots to follow humans outdoors, but its accuracy degrades
in cluttered environments due to multipath interference and
occlusions [6], [7]. Although autonomous follower systems
have been explored in structured environments, limited research
has focused on user-following robots operating in unstructured
or disaster-response scenarios [8]. Current search-and-rescue
robots are often teleoperated, requiring operators to divide
attention between robot control and mission-critical tasks such
as situational awareness and target identification.

An autonomous robot follower with sensing and payload
capabilities can improve mission efficiency by reducing op-
erator workload. Legged robots are especially advantageous
in rough or debris-filled terrain where wheeled and tracked
systems struggle. Legged human-following robots can support
responders by transporting sensing payloads, communication
equipment, and mission-critical tools through challenging ter-
rain while reducing operator workload during field operations.
Such systems can enhance situational awareness, extend oper-
ational capabilities, and allow operators to remain focused on
critical mission objectives.

Our system, shown in Fig. 1, combines depth camera and
Bluetooth sensing to enable human-following on a legged robot
platform, with control provided through a smartwatch interface
for indoor and outdoor field use. Vision is used for metric
tracking when the operator is in view, while Bluetooth Angle-
of-Arrival (AoA) provides a directional cue to support recovery
when visual tracking is degraded or lost.



Contributions: We present a deployable human-following
legged robot system designed for robust operation under prac-
tical constraints, including CPU-only computation, lighting
variation, and partial occlusions.

i. A wearable smartwatch command-and-safety interface
integrated with ROS for rapid mode switching.

ii. A CPU-only multimodal re-identification pipeline
(RGB, depth, pose, and forearm appearance) enabling
reliable target reacquisition at ≈5 Hz.

iii. A single-locator Bluetooth AoA heading module pro-
viding a high-rate (≈37–50 Hz) directional cue for recov-
ery.

iv. A practical multimodal arbitration strategy that pri-
oritizes vision for metric following while leveraging
Bluetooth AoA for reorientation, validated on a full-size
quadruped in indoor and outdoor environments.

II. DESIGN REQUIREMENTS AND SYSTEM GOALS

The system is guided by the following requirements:

• Human-centered control and safety via a wearable inter-
face with rapid mode switching and emergency stop.

• CPU-only real-time operation without reliance on a dis-
crete GPU.

• Graceful recovery under lighting changes and partial occlu-
sions.

• Minimal infrastructure, using a single robot-mounted Blue-
tooth locator and one user-carried tag.

• Deployability, producing standard ROS velocity commands
for platform portability.

III. RELATED WORK

This work extends an earlier graduate project study on
wearable-guided human-following robots at UC San Diego.

A. Operator control Unit: Smartwatch

Recent progress in wearable devices has motivated a variety
of approaches for robot control and human-robot interaction
(HRI). For instance, iRoCo [9] combines smartwatch and
smartphone sensing with Kalman Filters to estimate arm mo-
tion for robot teleoperation. Although effective, these methods
often depend on continuous motion estimation, calibration
procedures, and computationally intensive processing, which
may reduce robustness in constrained or noisy environments.
WearMoCap [10] further expands multimodal body-motion
tracking using wearable smart devices positioned at differ-
ent body locations, but challenges such as sensor drift, and
user comfort remain. In addition, the approach proposed in
[11] estimates arm pose using smartwatch data and machine
learning techniques alone, achieving promising accuracy while
introducing increased algorithmic complexity and real-time
processing demands.

B. Bluetooth-Based Human Following

Bluetooth-based positioning and localization has emerged as
a lightweight and energy-efficient solution for tracking subsys-
tems, especially in indoor and GPS-denied environments where
traditional localization methods are limited. The proposed di-
rectional localization framework relies on a wearable Bluetooth
transmitter carried by the user and a robot-mounted AoA
receiver array that estimates relative heading information from
received wireless signals. Received Signal Strength Indicator
(RSSI) is used to estimate tag distance through the power level
of a received wireless signal, typically expressed in dBm. It is
used in Wi-Fi, Bluetooth, and other radio systems to estimate
link quality or approximate distance between devices. Typi-
cally, at least 2 locators are required for accurate pose using
Bluetooth, Wi-Fi, or similar radio-based positioning systems
[12] [13]. Prior studies that rely on infrastructure to localize the
robot using multiple Bluetooth locators, such as [14], require
additional hardware and a fixed location to estimate the pose of
the Bluetooth transmitter. Integrating Bluetooth with additional
sensors can improve accuracy, as demonstrated in [15], where
the authors combined RSSI with smartphone IMU data to
extend the robot follower’s range to approximately 4 meters,
achieving a positional error with a standard deviation of ±70
cm. Sátán and Tóth [16] also investigated indoor proximity
localization using filtered RSSI measurements combined with
log-distance path loss models. Their approach achieved prac-
tical room-level localization accuracy, though it lacked precise
directional or angular estimation. However, due to the 500 ms
transmission interval of the beacons, reduced accuracy during
movement (which could be improved with dead reckoning),
and signal attenuation caused by the user’s body orientation;
additionally, the system may provide unrealistic results in
very close ranges, requiring special handling. More recent
approaches utilize Ultra-Wideband (UWB) tracking subsys-
tems, such as smart-stroller [17], which achieve centimeter-
level accuracy and strong resistance to interference, but they
come with increased hardware complexity and have so far been
limited to indoor testing. One potential source of inaccuracies
occurs when the sensor planes are misaligned due to bouncing
in an unstructured environment.

C. Vision-Based Human Following

The Vision-based robot follower system employs a depth
or stereo camera to detect and track the target. One study
using vision system cart-following system using CMUcam5
color tracking was developed for wheelchair assistance [18].
However, its reliance on color makes it highly sensitive to
lighting, background interference, and limited field of view,
reducing tracking reliability. An indoor deep-learning robot
follower using Single Shot MultiBox Detector (SSD) with
color features employed a state machine for recovery but
was limited by similar clothing and lighting changes [19].
A more recent Vision-based robot follower [20] presents
a Kinect-based human-following robot using SURF features,
Kalman filtering, and visual servo control for tracking. It



TABLE I
COMPARISON OF DEEPSORT AND CUSTOM RE-ID PIPELINE

Feature DeepSORT Ours
Modality RGB only RGB + Depth + Pose + Color
ID Switches Frequent in crowds Reduced with fusion
Computation GPU preferred CPU, 5 Hz
Flexibility Fixed features Modular, extensible
Training Offline Hours Online 15 Seconds

performs well indoors but struggles with pose changes and
occlusions. Person re-identification assigns a unique ID to an
individual, enabling the system to recognize them upon exiting
and reentering the camera’s field of view. It has been studied
extensively across multiple modalities, including RGB, depth,
skeleton, and infrared [21], [22]. Fusion strategies are typically
categorized into feature-level and score-level approaches [23].
One limitation is that these methods require extensive labeled
data and training resources.

Alternative approaches, such as YOLOv8n with Deep-
Sort [24] and MobileNetV2 [25], showed limitations in han-
dling occlusions, frequent ID reassignment, and computa-
tional constraints on non-GPU platforms. These shortcom-
ings ultimately motivated the development of our custom re-
identification framework, which prioritizes adaptability, effi-
ciency, and reliable performance across both indoor and out-
door environments (shown in Table I).

IV. SYSTEM ARCHITECTURE

A. Hardware Architecture and System Components

The system uses a set of hardware components to enable
the robot to track and follow a leader. We use the Boston
Dynamics’ Spot quadruped robot as a robot template, known
for its agility, stability, and mobility across varied terrain [26]
(see Fig 2). A wearable smartwatch interface was used to
support remote command execution, mode switching, and op-
erator interaction during field testing. For Vision-based human
following, an Intel RealSense D455 depth camera [27] was
integrated to enable 3D user detection and tracking using com-
puter vision techniques. The Bluetooth-based following was
implemented using the EFR32BG22 Bluetooth Dual Polarized
Antenna Array Pro Kit and Thunderboard Kit from Silicon
Labs [28]. In this setup, the user carries the Thunderboard
device while the EFR32BG22 antenna array is mounted on the
robot, allowing estimation of the user’s relative position and
orientation using Bluetooth signal measurements. All onboard
processing is performed on an Intel NUC Mini-PC equipped
with a 22-core Intel Ultra 9 processor, which handles sensor
fusion, autonomy, SLAM, and robot follower algorithms in
real time while interfacing directly with the Spot robot control
system. To improve vision tracking robustness, the user wore
red and blue armbands as visual markers.

B. System Architecture

The overall system architecture, illustrated in Fig. 3, com-
bines multiple hardware and software components to support

Fig. 2. Boston Dynamics’ Spot equipped with sensors and an autonomy
computer; the user carries a Galaxy Watch Ultra and Bluetooth beacon for
control and directional tracking.

Fig. 3. CHASER system architecture integrating computer vision, Bluetooth
AoA localization, and smartwatch control inputs through the follower engine
node to generate autonomous robot-following commands.

coordinated interaction between sensing systems, user inter-
faces, and robotic control modules. System integration and
inter-process communication were implemented within a Robot
Operating System (ROS) [29] framework running on Ubuntu
Linux, enabling modular interaction between sensing, control,
and navigation components. A custom Android smartwatch
application was developed using Android Studio to provide a
portable interface for issuing motion commands and activating
tracking modes remotely. The smartwatch communicates wire-
lessly with the robot, enabling intuitive human-robot interaction
in the field. This wearable interface allows operators to interact
with the robot while maintaining mobility and situational
awareness. For Bluetooth-based localization, the EFR32BG22
Bluetooth Direction Finding Kit was programmed using Silicon
Labs Simplicity Studio. This setup enabled implementation of
Bluetooth Angle-of-Arrival (AoA) techniques for estimating
the user’s relative direction and position. The proposed frame-
work extends prior work on autonomous exploration, SLAM
[30], and navigation for quadruped robotic systems [31]. The
architecture is modular and robot-agnostic, allowing deploy-
ment on ROS-compatible robotic platforms that support the



Fig. 4. Smartwatch interface for robot connection, showing IP address entry
(left) and followed by user authentication step (right).

required hardware interfaces and standard velocity command
inputs.

V. METHODOLOGY

A. Implementation

The operator communicates with the robot using a smart-
watch application interface that transmits HTTP requests. A
server running on a specified IP address receives these com-
mands and either invokes ROS services or publishes mes-
sages to designated ROS topics. The framework allows users
to choose between Vision, Bluetooth, or combined tracking
modes; at present, Bluetooth is used primarily for directional
estimation, while distance estimation is planned for future pose
tracking capabilities. After estimating the target location, a
proportional controller directs the robot toward the user with
the desired heading and speed.

B. Operator Control Unit

The smartwatch application was designed with an emphasis
on intuitive interaction and accessibility. The interface incor-
porates user-friendly layouts and color-aware design consider-
ations to improve usability across different operational condi-
tions. Upon launching the application on the smartwatch, the
user is first presented with an IP configuration page for robot
selection, followed by an authentication step shown in Fig. 4.
The interface provides basic robot commands such as sit, stand,
dock, and undock, along with advanced operational modes
including teleoperation and follow modes. In teleoperation
mode, the user accesses a dedicated control screen that enables
manual robot navigation and rotational control through a virtual
joystick interface. The joystick interface introduces a single-
finger control design that combines translational and rotational
motion into a unified input scheme. Shown in Fig. 5, the
interface supports forward/backward, diagonal, and rotational
movement. In follow mode, the user is directed to a tracking
selection page with multiple options, including Apriltag [32],
Computer Vision (CV), and Bluetooth (BT) tracking. The
operator can enable one or multiple tracking modules for
autonomous following. An Emergency Stop (E-Stop) option,
shown in Fig. 6, is available when unsafe robot behavior
is detected. To enhance safety, we implemented the E-Stop
strategy to ensure human judgment remains prioritized over
autonomous behavior.

Fig. 5. Smartwatch teleoperation interface: initial state (left) and active state
(right) with enlarged control area and hidden nonessential buttons.

Fig. 6. Smartwatch interface showing the emergency stop function (left) and
the command menu with standard and advanced robot controls (right).

C. Bluetooth-Based Following Module

1) System Concept: The Bluetooth-based localization sub-
system utilizes a Silicon Labs BG22 Bluetooth Dual Polarized
Antenna Array Pro Kit (BRD4191A) configured with a 4 ×
4 dual-polarized URA antenna array to detect EFR32BG22
Thunderboard tags and estimate the user’s relative azimuth
and elevation angles. The smartwatch’s Bluetooth was in-
tended as a tag, but since consumer devices hide the Constant
Tone Extension (CTE) needed for direction finding, we emu-
lated smartwatch tags using EFR32BG22 Thunderboard Kits
(BRD4184A), which provide firmware access and comparable
over-the-air behavior. Each tag periodically appended a CTE to
advertising packets, enabling the locator to estimate directions
at 50 Hz. These measurements are relayed to the robot for
real-time tracking and following.

2) Angle-of-Arrival (AoA) Measurement: The in-phase and
quadrature (IQ) samples capture both the amplitude and phase
of the received signal at each antenna element. When collected
simultaneously across a Uniform Rectangular Array (URA),
these samples form a spatial snapshot of the signal wavefront,
enabling techniques such as beamforming and direction-of-
arrival estimation. Following carrier-frequency compensation,
the processed signal snapshot is provided to a MUltiple SIgnal
Classification (MUSIC) algorithm for angle estimation [33].
MUSIC is a high-resolution algorithm for estimating angle of
arrival (AoA). After the locator captures IQ samples during the
Bluetooth LE (CTE), it forms a covariance matrix from those
samples. The algorithm then performs an eigen-decomposition
to separate the signal and noise subspaces. Finally, it scans
candidate angles to compute a MUSIC, producing θ (azimuth)
and ϕ (elevation) [33]. The estimated (θ), (ϕ), and range ρ
form a spherical coordinate representation in the locator frame,
with angular uncertainties of ±1.97◦ in azimuth and ±4.22◦

in elevation. This is converted to Cartesian coordinates using



x = ρ sinϕ cos θ, (1)
y = ρ sinϕ sin θ, (2)

z = ρ cosϕ. (3)

Our human-following algorithm uses the Bluetooth lateral
measurement y ∈ [−1, 1] (ignoring x and z) to compute a raw
yaw error, shown in Eq. (4). The signal is processed through
a dead-zone and hysteresis near zero to reduce limit cycling.
A first-order Exponential Moving Average (EMA) filter is then
applied to smooth the error, as defined in Eq. (5). Derivative
damping is introduced according to Eq. (6), while the pre-
saturation heading command follows the PD control law in
Eq. (7). The scaling function is defined in Eq. (8). Finally, the
heading command is saturated and debiased using Eq. (9), with
a small deadband applied near zero.

αraw = atan2(y, 1) (4)

αema[k] = β αuse[k] + (1− β)αema[k − 1] (5)

α̇[k] =
αema[k]− αema[k − 1]

∆t
(6)

ω∗[k] = kbt
p s(|y|)αema[k]− kbt

d α̇[k] (7)

s(r) = max(rmin,min(1, r)) (8)

ω[k] = sat[−ωmax, ωmax]

(
ω∗[k]

)
(9)

3) Range Estimation from RSSI: Experimental evaluation
showed that RSSI-derived distance estimates were highly un-
stable under real-world conditions, frequently exhibiting severe
discontinuities and unreliable range behavior. As a result, Blue-
tooth ranging was excluded from the final follower controller,
while depth sensing remained the primary source for metric
distance estimation.

D. Vision-Based Following Module

The perception framework combines lightweight person de-
tection using YOLOv8n [34], multimodal feature extraction
using OSNet for RGB and depth [35], MediaPipe for skeleton
tracking [36], and a forearm color histogram for appearance
cues under CPU-only constraints. To enhance temporal con-
sistency and robustness, a Kalman filter was employed to
predict future positions, restrict search regions, and effectively
mitigate occlusion effects [37], [38]. The proposed framework
focuses on tracking a single selected user within the robot’s
observable scene, as illustrated in Fig. 7. A key component
of this approach is the Acquisition phase shown in Fig. 8,
which is responsible for initializing and registering the target
individual. Prior to autonomous tracking, the operator performs
a short enrollment sequence in front of the robot to initial-
ize appearance and pose descriptors across multiple sensing
modalities. Only frames containing a single detected individual
are retained to prevent ambiguous identity associations during
feature enrollment. For each verified frame, feature extractors
generate multi-modal embeddings, forming a dataset S as
ground truth for future comparisons. After enrollment, the
system enters the Tracking stage shown in Fig. 9, where

the target is continuously re-identified in incoming frames.
For every incoming frame, candidate detections are evaluated
against the enrolled operator profile using modality-specific
descriptors derived from appearance, depth, skeletal pose, and
forearm color information encoded into a 512-dimensional
vector. MediaPipe Pose extracts skeletal body-ratio features
and Forearm regions are also used to compute color histogram
features.

Fig. 7. Multimodal tracking pipeline using YOLO, RGB, depth, pose, and
forearm color features for weighted identity matching.

Fig. 8. Acquisition phase of the vision-based follower system, illustrating
person detection for target enrollment and re-identification.

Fig. 9. Real-time target re-identification and tracking.

Once feature extraction is completed, Kalman filtering is
applied to reduce candidate uncertainty before performing
similarity evaluation using fused multi-modal weighting. Target
association is performed through weighted multimodal score
fusion, where similarity measurements from each sensing
modality are aggregated to determine the most likely target
identity. This matching process for a query person Q is



expressed by the following equation:

Score(Q,S) =
1

length(M)

∑
m∈M

wm·(
max

sm∈Sm

cosine similarity(fm,Q, fm,s)

)
(10)

In this formulation, M represents the collection of active
sensing modalities, while wm denotes the weighting factor
assigned to modality m. The set Sm contains the enrolled
feature samples associated with modality m, where fm,Q

corresponds to the query feature vector and fm,s represents
an enrolled sample feature. The individual with the highest
similarity score exceeding an adaptive re-identification thresh-
old is selected as the target. This threshold is determined
from score distributions computed during the acquisition phase,
where each enrolled sample is evaluated against the remaining
samples. After successful target association, the Kalman filter
state is updated and the estimated 3D target coordinates are
published to the navigation system. After the target is suc-
cessfully re-identified, the system converts the detected 2D
image location into a 3D position within the robot reference
frame. This transformation uses the camera intrinsic parameters
together with aligned depth measurements to estimate real-
world coordinates. The target position is obtained from the
center of the detected bounding box, while the depth value is
computed using the median depth within the corresponding
region. These measurements are then used to estimate the
target’s (X,Y, Z) position relative to the camera, allowing the
robot to follow the user in 3D space.

E. Robot Follower Control and Navigation

As illustrated in Algorithm 1, enabling the Vision-based
follower activates the motion engine and initiates commu-
nication with the computer vision (CV) module to acquire
target features for tracking. The user’s position is estimated
based on the selected tracking mode, and once the target is
detected, a lightweight proportional controller regulates the
robot’s heading and velocity relative to the user location.
Motion commands are continuously updated using real-time
sensor measurements, allowing the robot to maintain tracking,
and avoiding obstacles using built-in Spot cameras.

In Bluetooth-only mode, the robot rotates to face the user’s
tag, as distance estimation is not yet implemented. In the
combined Vision+Bluetooth mode, computer vision serves as
the primary tracker, while Bluetooth acts as a fallback: if the
user leaves the camera frame, the robot orients toward the tag
and resumes Vision-based following once the user re-enters the
frame.

v = kd · ed (11)
ω = kθ · eθ (12)

The robot motion is controlled using a proportional controller,
where the linear velocity is defined as v = kd · ed and
the angular velocity as ω = kθ · eθ. In this formulation, ed
represents the distance error, eθ denotes the heading error, and

Algorithm 1: Robot Motion Engine Follower
Input: CV/BT poses, params kρ, kα, k

bt
α , kbt

d , limits
vmax, ωmax

Output: Command Velocity (v, ω)
foreach tick at 30 Hz do

if CV available then
ed ← ∥pcv∥ − d∗

v⋆ ← clip(kρed, −vmax, vmax)

else
v⋆ ← 0

if CV available then
α← atan2(ycv, xcv)
ω⋆ ← clip(kαα, −ωmax, ωmax)

else
if BT available then

α← hysteresis+EMA(ybt)
ω⋆ ← clip(kbt

α α− kbt
d α̇, −ωmax, ωmax)

else
ω⋆ ← 0

v ← ramp(vlast, v⋆); ω ← ramp(ωlast, ω
⋆)

publish (v, ω);

Fig. 10. Left: outdoor route; Middle: robot following on gravel (vision only);
Right: indoor following (vision+armbands+Bluetooth).

kd and kθ correspond to the proportional gains for distance
and heading control. Obstacle avoidance and local collision
prevention are handled using Spot’s onboard perception and
navigation stack during follower operation.

VI. TESTING SETUP
Experiments were conducted in both outdoor and indoor en-

vironments (Fig. 10). Outdoor tests covered gravel, dirt, forest,
and paved surfaces under direct sunlight (≈100,000 lux) and
shaded conditions (≈20,000 lux), with a total travel distance of
≈156 m. Indoor tests were performed in office and warehouse
spaces under lighting levels between ≈210 and 1,220 lux,
with a total distance of ≈154 m. A single target user was
used throughout the experiments. Each sensing configuration
and lighting condition was evaluated over three independent
trials and averaged. The evaluated modes included Vision-only
(V), Vision + Armbands (V+AB), and Vision + Armbands +
Bluetooth (V+AB+BT). In two-person scenarios, an additional
distractor user was introduced to evaluate re-identification ro-
bustness and false-follow behavior. Each trial began with a 15 s
target enrollment phase, followed by autonomous tracking and
following. Performance metrics included tracking interruptions
(#stops), mis-follow events (#distracts), trajectory accuracy,
heading error, recovery time after vision loss, and leader-
follower separation distance. Teleoperation experiments were



TABLE II
ROBOT FOLLOWER LOST TRACKING (#STOPS) ACROSS ENVIRONMENTS

AND SENSING MODES (1-PERSON SCENARIOS). V: VISION-ONLY, V+AB:
VISION+ARMBANDS, V+AB+BT: VISION+ARMBANDS+BLUETOOTH.

Env/Light
(in LUX)

V V+AB V+AB+BT
#stops #stops #stops

Indoor (>220) 6.3 4.3 3.3
Indoor (<220) 6.6 8.6 2.3
Outdoor (>95K) 9.3 3.3 4.6
Outdoor (<10K) 1.7 0.7 0.3

also repeated three times and averaged for comparison against
autonomous follower performance.

VII. RESULTS

The robot was configured as outlined in Section VI, and all
experiments were carried out accordingly. The baseline time to
complete the route at a slow walking pace, without the robot,
was 2 min 10 s. With the robot, completion times varied
based on lighting conditions and the number of stops. For
outdoor environments under 10,000 lux, the fastest run (best)
was 2 min 16 s with zero interruptions using the combination
of vision, armbands, and Bluetooth. The slowest run (worst)
was 10 min 02 s with ten stops under outdoor lighting above
95,000 lux using vision only. In the most extreme case, the
robot failed to detect and follow the leader, and the route could
not be completed. For indoor environments below 220 lux,
completion times ranged from 2 min 30 s (best) when using
the vision, armbands, and Bluetooth to 11 min 06 s (worst)
using vision only. Under lighting conditions above 220 lux, the
robot achieved a best time of 2 min 29 s and a worst time of
4 min 30 s. We also had some cases where the robot struggled
to follow the leader when the lighting conditions changed
drastically. Teleoperation results were averaged over three runs,
and as shown in Table IV, the autonomous follower produced
smoother but slower motion than teleoperation while maintain-
ing moderate tracking accuracy (0.54 m RMSE position and
0.31 rad RMSE heading), as shown in Fig. 11. Additionally,
we report the discrete Fréchet[39] distance as a leash metric
capturing the worst-case separation while preserving temporal
ordering. The follower maintained a Fréchet distance average
of 1.91 m and a mean leader–follower separation of 1.15 m,
indicating consistent proximity during traversal. Finally, in a
range test using vision, armbands, and Bluetooth, the robot
successfully followed the user for approximately 804 meters
with only three stops under the Vision–Bluetooth configuration.

VIII. LIMITATIONS

The system prioritizes robustness and human-centered con-
trol, reducing computational complexity, avoiding sensor drift,
and improving field usability. The Vision-based follower is sen-
sitive to illumination, with degraded performance in low light
and during abrupt lighting transitions. The Bluetooth follower
provides a lightweight directional cue that supports recovery
when vision is degraded or out of view. In our single-locator,

TABLE III
ROBOT FOLLOWER LOST TRACKING (#STOPS) AND MIS-FOLLOW

(#DISTRACTS) FOR 2-PERSON SCENARIOS.

Env/Light
(in LUX)

V V+AB V+AB+BT
#stops #distracts #stops #distracts #stops #distracts

Indoor (>220) 7.6 2.0 6.3 0.0 2.6 0.0
Indoor (<220) 4.0 3.3 3.6 0.0 1.3 0.0
Outdoor (>95K) 6.6 5.6 4.6 4.0 6.5 3.5
Outdoor (<10K) 12.0 2.6 4.3 0.0 1.6 0.0

TABLE IV
TELEOP VS. FOLLOWER PERFORMANCE AND TRACKING ERRORS (MEAN ±

STD OVER 3 RUNS).

Metric Teleop Follower
Duration [s] 71.6 ± 0.8 87.9
Path length [m] 43.6 ± 0.6 43.5
Avg. speed [m/s] 0.61 ± 0.02 0.50
Speed jerk RMS 22.3 ± 1.1 19.7
Position RMSE [m] 0.54
Heading RMSE [rad] 0.31
Discrete Fréchet Distance [m] 1.91
Mean Leader–Follower Distance [m] 1.15
Recovery time after vision loss [s] 0.2–0.5

Fig. 11. Teleop vs. follower heading and trajectory comparison.

single-tag setup, azimuth accuracy is comparable to prior
reports (approximately 2.1° outdoors and 4.5° indoors [40]);
RSSI-based ranging was unreliable and excluded from closed-
loop control. Lessons learned. Engineered priors (e.g., forearm
color cues) and conservative control policies improve safety
and yielding predictable recovery in field conditions, at the
cost of reduced autonomy under vision-denied scenarios.

IX. CONCLUSION

This paper demonstrated a deployable quadruped robot fol-
lower system that enables hands-free, low-cognitive-load oper-
ation through a smartwatch interface. Experiments show that
smartwatch control is practical and intuitive, while multimodal
sensing improves robustness: vision provides metric following,
and Bluetooth AoA supplies directional guidance when visual
tracking is degraded. The multi-modal framework improved
target re-identification in crowded scenarios, reducing tracking
interruptions by (≈70%) and achieved reliable depth-based
ranging (≈95%), though performance remains sensitive to
lighting. Overall, integrating wearable control, a vision-based
robot follower, and Bluetooth directional recovery cues high-
lights the potential of robust human-following robots for real-
world deployment.
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