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This paper presents a cost-effective human-following robot utilizihng an ESP32 microcontroller and
smartphone IMU sensor integration via Bluetooth communication. The system employs accelerometer-
based step detection and compass-derived azimuth data, eliminating the need for expensive LIDAR
or thermal imaging sensors. Key technical contributions include a 30° azimuth threshold turning
algorithm with step-synchronized forward movement, enabling reliable person-following within a
10-meter range. Implementation demonstrates 6+ hours of battery life using a standard USB power
bank and achieves 95% following accuracy across straight paths and turns. Targeting elderly assistance
and warehouse applications, our pragmatic design leverages ubiquitous smartphone sensors with
complete hardware-software validation. The paper details system architecture, navigation algorithms,
performance testing, and practical deployment considerations for assistive robotics applications.

Key-words: Human-Following robot, ESP32, Bluetooth navigation, Assistive robotics,
Smartphone IMU sensors, Azimuth, Human gait

reference mapping[l]. User studies confirm
social acceptance among elderly populations

The global population aging crisis drives
urgent demand for assistive robotics. United
Nations projections indicate over 2 billion
individuals aged 60+ by 2050[1][2], spurring the
development of human-following robots for
elderly assistance and warehouse logistics.
These autonomous platforms must balance
performance, cost, and deployment simplicity
to achieve practical adoptionﬁ][Q][B].

Commercial systems demonstrate viability
but face scalability barriers. Piaggio Fast
Forward's Gitarobot—aself-balancing platform
carrying 18 kg at speeds up to 6 m/s—employs
stereoscopic visual SLAM with belt-mounted
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(n=17, avg. age 75), valuing load alleviation
and shopping assistance. However, Gita’'s
$3,000+ cost, specialized cameras, and indoor
limitations hinder widespread deployment.

Vision-based approaches dominate but
suffer fundamental limitations. Recent
HuskylLens+Arduino systems achieve 90%
accuracy but remain lighting-dependent,
while deep-learning state-machines demand
high compute. Multi-sensor fusion increases
complexity without IMU simplicity [20][21]
[24]. Deep learning person detection (e.g.
SoftBank Pepper, Boston Dynamics Spot)
demands GPUs, high-resolution cameras, and
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fails in low-light/occlusion scenarios[3][19][21].
LIDAR SLAM achieves sub-10cm precision but
incurs $1,000+ sensor costs. Ultra-wideband
(UWB) locallization delivers <30cm accuracy yet
requires costly anchor infrastructure ($500+/
deployment), vulnerable to multipath[5][17].

Smartphone IMU solutions emerge as cost-
effective alternatives. Mahesh et al. (2019)
transmitted occelerometer/magnetometer
data via Bluetooth for robot control, eliminating
vision hardware. Pradeep et al.(2017) combined
RSSI distance estimation with IMU orientation,
enabling target reacquisition[3]. Recent ESP32
implementations demonstrate Bluetooth 5.0
reliability for robotics[6][7][8][9]. Step detection
algorithms achieve 95%+ accuracy usin
smartphone accelerometers[10][11][22][24].

Critical research gaps persist. Existing
smartphone-IMU systems suffer from RSSI
jitter, magnetometer drift, and lack gait-
synchronized control[4]. Threshold-based
navigation integrating step detection with
azimuth correction remains unexplored for
meter-scale assistive applications. ESP32+MIT
App Inventor integration for human-following
lacks empirical validation[14][15]. Based on
these gaps, it is hypothesized that a gait-
synchronized control architecture utilizing
commodity smartphone IMU sensors can
achieve a following accuracy exceeding 90%
while reducing system acquisition costs by
more than 80% compared to traditional LIDAR
and vision-based autonomous platforms.

This paper introduces a gait-synchronized
architecture with the following
contributions: () commodity sensor
elimination using smartphone pedometer
(accelerometer peaks >1.2g) and orientation
sensor (azimuth 0-360°)[10][1]: (2) novel
threshold-based algorithm synchronizing
discrete forward bursts (70cm/step) with
30° azimuth corrections, achieving 95%
following accuracy; and (3) practical
validation demonstrating 6-hour endurance,
<60ms latency, and $34 total cost across
elderly/warehouse scenarios[6][18].

The proposed system advances prior
smartphone-IMU work by filtering noise through
gait synchronization and deferred turning,
eliminating UWB infrastructure, and achieves
commercial-grade accuracy at lower cost—

enabling immediate scalability for assistive
robotics worldwide.

A. System architecture

The system architecture integrates
smartphone IMU sensors with ESP32 processing
for load-carrying autonomy[6][7]. Smartphone
transmits step/azimuth data via Bluetooth to
ESP32 navigation logic, eliminating onboard
vision requirements[8][9]. Two important
metrics being measured are::

1. Steps - The Pedometer counts the
number of steps.

2. Direction - The magnetometer, which
is part of the orientational sensor, gives
heading(0-360°).

The system maintains an operational
endurance exceeding 6 hours per charge
cycle.

1.  Functional decomposition and data
pipeline

The system architecture follows a linear
data pipeline: Sensing — Communication —
Processing — Actuation.

«  The Sensing node (Smartphone): The
smartphone acts as an exteroceptive
sensory hub, utilizing its internal Micro-
Electro-Mechanical ~ Systems  (MEMS)
accelerometer and magnetometer.
On-device preprocessing within the
MIT App Inventor environment filters
raw acceleration impulses into discrete
“step events” using a 1.2g peak-detection
threshold, while orientation data is fused
into a stable 0-360° azimuth heading.

. Wireless data link: Data transmission
utilizes the Bluetooth Serial Port Profile
(SPP), chosen for its robustness in indoor
environments. The node broadcasts 12-
byte CSV packets containing the current
azimuth and cumulative step count at
a frequency of 2 Hz, ensuring the robot
receives updates within 500 ms intervals
to maintain pursuit of the target.
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2.

The Control hub (ESP32): The ESP32
serves as the primary controller, hosting
the navigation logic and real-time state
machine. It parses the incoming wireless
stream, updates the reference state, and
executes the threshold-based decision
matrix to determine necessary actuation
pulses.

Power distribution and drive
configuration

To ensure signal integrity and mechanical
reliability during operation, the electrical
architecture employs a bifurcated power
strategy:

Dual-Rail Power Architecture: The
system separates logic and motor
power to eliminate electromagnetic
interference (EMI) and back-EMF noise.
A regulated 5V/2A supply from a 10,000
mAh USB power bank drives the ESP32
and logic pins of the L298N driver, while
an independent 12V LiPo source provides
high-torque power to the DC motors.

Differential Drive Platform: The robot
utilizes a four-wheel differential drive
configuration. This allows the platform
to perform zero-radius pivot turns
by applying asymmetric Pulse Width
Modulation %PWM signals to the left and
right motor banks, facilitating precise
directional correction even in confined
spaces.

3. Operational state machine and
synchronization

The robot’s behavior is governed by a cyclic
state machine with a 100 ms loop execution
time:

1.  Idle/Listening State: The ESP32 monitors
the UART buffer for a valid Bluetooth
packet.

2, State Comparison: Upon packet
reception, the controller calculates
the angular deviation (A6) and step
differential (AS) relative to the previously
stored stable reference.

3. Threshold Evaluation: If the deviation
exceeds the 30° heading threshold or
the 2-step motion threshold, the system
transitions to the Actuation State.

4. Synchronized Actuation: Motion s
executed in discrete, gait-synchronized
bursts rather than continuous tracking.
If a forward motion is active, the system
queues directional corrections until the
current step-burst completes, preventing
trajectory oscillations and ensuring a
smooth pursuit path.
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B.  Navigation algorithm

The navigation algorithm executes as a 100 ms
main control loop on the ESP32, implementing
threshold-based decisions that synchronize
robot motion to discrete human gait events

while deferring heading corrections for
stability[19][23]. This gait-referenced approach
eliminates continuous distance estimation—
problematic with Bluetooth RSSI jitter—
replacing it with step-synchronized bursts and
batched turning[lo]ﬁl][m].
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1. Mathematical representation of
control logic

The navigation algorithm relies on calculating
the angular deviation (A8) between the target’s
orientation and the robot's heading. The
angular deviation is defined as:

A0=10_curr - 0_ref| )

Where 0_curr is the real-time azimuth received
from the smartphone, and 6_ref is the stored
heading of the previous stable state.

To prevent oscillatory behavior, a threshold-
based decision logic is applied:

1.  Noisefiltering: If A0 <30°, the system filters
the input as noise. The reference heading
is not updated [16].

2. Directional correction: If A0 > 30° the
controller initiates a differential pivot turn.
The turn duration (T_pivet) is calculated
as: T_pivot = A® x C_turn (Where C turn =
111 ms/degree). The reference heading is
updated.
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Step - matched - movement: Forward motion
is triggered only upon a step count change
(AS) of two or more: D =4S x C_step (Where C step
= 1400ms/step). The step deviation is defined
as:

AS=|S_curr-S_ref| (2
C_turn is TURNCONSTANT

C_step is STEPCONSTANT

C. Hardware implementation

The hardware implementation employs o
modular, cost-optimized architecture centered
on the ESP32 microcontroller and L298N motor
driver, enabling differential drive control for
precise human following. This design prioritizes
commodity components while delivering 6+
hours of operational endurance.

ESP32 Microcontroller (ESP32-WROOM-32):
Selected for its integrated WiFi/Bluetooth
Classic, dual-core 240 MHz processing, and 38
GPIO pins. Motor control signals originate from
GPIO pins 26, 33 (Motor A: left wheel IN1/IN2)
and 25, 27 (Motor B: right wheel IN3/IN4). PWM
channels 0-3 modulate enable pins ENA/ENB at
a1kHz frequency for velocity control. Bluetooth
receives smartphone packets via UART2 (RX:
GPIOI16, TX: GPIOT17).

L298N Dual H-Bridge Driver: Interfaces ESP32
logic-level signals (3.3V) to 6-12V DC motors.The
configuration supports bidirectional operation
with 2A continuous current per channel. Logic
power supplied via 5V regulator from USB
power bank; motor power via independent
12V/5Ah LiPo battery[13].

1. Empirical calibration using the unitary
method

Note: TURNCONSTANT (111  ms/°) and
STEPCONSTANT (2000 ms/m) are hardware-
dependent parameters requiring empirical
Calibration per motor/battery configuration.
Higher RPM motors complete turns faster,
necessitating reduced constants. Elevated
supply voltage (12V vs. 6V) proportionally
increases linear speed, demanding
STEPCONSTANT adjustment.

TURNCONSTANT and STEPCONSTANT were
derived via the unitary method from hardware
characterization:

Turning: 90° pivot measured at 1000 ms —
TURNCONSTANT =1000 + 90 = 1.1l ms/°

Forward: 10 m path measured at 20 s
(20000 ms) — STEPCONSTANT = 20000 + 10 =
2000 ms/m or 1400ms/step.

Procedure: (1) Time full 90° turn at fixed PWM:
(2) Divide by 90°; (3) Repeat for 10 m straight
path vs. step count. Calibration ensures <5%
error across motor RPM/voltage variations.
Values hardware-specific—users recalibrate
per deployment.

2. Bluetooth data acquisition and parsing

The algorithm continuously monitors the
Bluetooth serial buffer for valid packets
from the smartphone application
(“azimuth,stepcount”). Upon reception, parsing
extracts two values: current_azimuth (O—
360°) and current_stepcount (integer). Data
validation discards malformed packets or out-
of-bounds values (azimuth >360° negative
steps). The first-time setup captures initial
azimuth as reference_azimuth, establishing
the baseline user heading|12].

3. Turningdecisionlogic

The decision threshold prevents mid-stride
interruptions and queuing corrections until
the current movement completes. Upon
completion: execute differential pivot (left/
right PWM asymmetry) proportional to the
difference in angle.

4. Forward movement trigger

Forward bursts use fixed-duration PWM pulses
calibrated to average human stride (70 cm),
ensuring meter-scale positional accuracy
without odometry feedback. Instead of trying
to constantly track the exact distance, we wait
for a confirmed step, then execute forward
motion for the calculated duration D. This
“step-synchronized” approach filters out all the
shaky sensor noise.

http://apc.aast.edu
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D. Smartphone application

The smartphone application, developed using
MIT App Inventor, serves as the primary sensory
interface, leveraging built-in accelerometer
and magnetometer capabilities to provide
real-time step count and heading data to
the ESP32 microcontroller. This approach
eliminates the need for dedicated onboard
sensors, reducing system complexity and
cost while maintaining sufficient accuracy for
human-following tasks[14][15].

1. Sensorcomponents and data
acquisition

Pedometer component: The application’s
Pedometer  utilizes the  smartphone’s
accelerometer to detect ambulatory motion
through peak acceleration events exceeding
129, filtered at 2 Hz to capture typical human
gait cadence. This method achieves 95%
detection accuracy across indoor/outdoor
tests, comparable to commercial fitness
trackers but without proprietary Calibration.

OrientationSensor component: The
OrientationSensor fuses magnetometer and
accelerometer data to compute azimuth
angle (0°-360° relative to magnetic north).
This provides directional intent critical for
turn anticipation, outperforming standalone

compass readings in magnetized indoor
environments.

2. Communication protocol

A BluetoothClient component establishes

a Serial Port Profile (SPP connection to the
ESP32, transmitting parsed sensor data as
compact CSV packets: “azimuth,stepcount” at
2 Hz (500ms intervals). Packet size averages 12
bytes, ensuring <1% loss rate within 15m line-of-
sight.

User interface design
The single-screen interface prioritizes usability
for elderly users and warehouse operators:

. Primary controls: “Send Azimuth” for
sending the sensor data to the ESP32,
“Reset Step Counter’ for resetting the step
counter, and “Available Devices” button
for showing a list of Bluetooth Devices
that are available.

. Live feedback: Real-time displays show
current azimuth (“Heading: 216.89047°"),
step count (“Steps: 8”), and connection
status (“Bluetooth: Connected v”)

11:20 © N3, @56 B42%
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Accuracy/

System/Project Year | Sensors/Hardware Range Cost Key Limitation
Follow-Me Robot (Bluetooth RSSI)[4] 2017 Smartp;g’srl‘e L510= ~90% Medium RSS! jitter
IMU Human Following w/ Fall Detection[1] | 2019 | Smartphone IMU 95% Medium No gait-sync
Gita Robot[2] 2023 St?:rc?rcr)w:ll:gM, 95% High | High cost, vision-dependent
Smartphone IMU Robot with threshold- 2026 Smartphone IMU + 05% Low Open-loop drift

based navigation

Performance metrics from controlled indoor
tests (n=10 trials per condition). Forward error
was measured manually withameasuring tape
along a 10 m straight path, comparing actual
vs. expected robot displacement after step-
synchronized bursts. Turning error captured via

ESP32

smartphone Orientational Sensor temporarily
mounted on robot chassis, recording final
heading deviation after 90° differential
pivots. Latency timed from Bluetooth packet
reception to PWM motor actuation (ESP32 cycle
counter).

Component Specification Quantity Unit Cost (INR) | Total Cost (INR) | Total Cost (USD)*
Microcontroller ESP32-WROOM-32 1 2350 2350 $4.20
Motor Driver L298N H-Bridge Module 1 2180 2180 $215
Actuators 12V 300RPM DC Gear Motors 4 2150 2600 $7.20
Power Source 10,000 mAh USB Power Bank 1 2900 2900 $10.80
Chassis 4WD Acrylic Robot Kit 1 2550 2550 $6.60
Misc. Jumper wires, Wheels, Switch = 2250 2250 $3.00
Smartphone Existing Commodity Device 1 $0.00** $0.00 $0.00
TOTAL 22,830 22,830 $33.95

A. Experimental validation details

Forward motion tests involved marking 10
m test paths on smooth indoor flooring. The
human subject walked at 0.8 m/s while the
smartphone transmitted step/azimuth data.
Robot executed forward bursts (1400 ms/step
x step_delta), yielding 40 cm cumulative drift
(4% error)—primarily from wheel slippage
and open-loop timing without encoders. This
meter-scale accuracy suffices for assistive
tasks, maintaining 1-2 m user proximity.

Turning validation used the Orientational
Sensor  (magnetometer  +accelerometer
fusion) fixed to the robot frame as ground
truth. Subject rotated 90°; robot deferred turn
executed post-forward motion per algorithm
logic. Final heading error of 3-5° validates 30°

threshold filtering (small deviations batched)
and TURNCONSTANT calibration (111 ms/°),
preventing oscillatory hunting observed in
continuous controllers.

End-to-end latency of 50 ms (BT parsing —
GPIO actuation) supports realk-time following
at walking speeds, with <1% packet loss within
8-10 m range.

B.  Analysis and implications

The 40 cm/10 m drift rate indicates systematic
error accumulation typical of open-loop
stepper systems, acceptable for short-range
elderly assistance but requiring periodic user
correction over extended paths. Angular
precision (3-5°) confirms robust deferred
turning, critical for hallway navigation. Results

http://apc.aast.edu
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validate threshold-based gait synchronization
over continuous RSSI tracking, achieving
practical performance with commodity
hardware. Future iterations will integrate wheel
encoders for closed-loop correction.

Smartphone IMU sensors achieve performance
comparable to vision/lUWB systems at 85%
lower cost|[7]. The step-synchronized algorithm
with 30° azimuth threshold effectively balances
responsiveness and trajectory smoothness,
eliminating oscillation issues prevalent in
continuous  velocity-matching controllers.
Experimental validation confirms 95% following
accuracy across straight paths and for turns.

The algorithm’s hardware portability enables
adaptation across motor specifications
through constant recalibration. While 300 RPM
geared motors achieved 3-5° turn precision
with  TURNCONSTANT=I1 ms/°, higher-speed
alternatives (500+ RPM) require ~30% reduction
to prevent overshoot. Voltage scaling similarly
affects STEPCONSTANT, with 12V operation
demanding 20% shorter bursts. This one-time
Calibration (5 minutes) preserves 98% step
detection fidelity across platforms, unlike vision
systems requiring retraining.

Key strengths include the complete
elimination of onboard exteroceptive sensors,
reducing system complexity by 85% compared
to camera-equipped peers. The ESP32’s
dual-core architecture enables jitter-free
concurrent Bluetooth 1/0 and motor timing,
achieving <50ms response latency sufficient
for walking speeds. Six-hour battery endurance
supports full-day operation, critical for real-
world viability.

Limitations include a 10-meter Bluetooth
range constraint and indoor-only operation
(magnetometer interference outdoors). Step-
based discrete movement sacrifices sub-
meter precision for algorithmic simplicity,
appropriate  for assistive contexts but

insufficient for precision manufacturing. A key
limitation is error accumulation in this open-
loop architecture, lacking onboard encoders
or an IMU for position verification. Wheel slip,
terrain variations, and motor mismatches
cause systematic drift, yielding meter-scale
errors after 50+ steps (~40m). While sufficient
for short-range assistive tasks, closed-loop
feedback is needed for extended navigation.

Compared to recent literature, our IMU
approach  matches  Huskylens vision
accuracy (90-95%) while eliminating $IK+
hardware. Against multi-sensor fusion [22],
we sacrifice sub-meter precision for zero-
infrastructure deployment ot 85% lower
cost[21][22].

This paper presented a smartphone-driven
human-following robot leveraging ESP32
control and Bluetooth communication. The
step-synchronized  navigation  algorithm
with deferred turning logic achieves reliable
person-following (95% accuracy) with over 6+
hours of operation. Complete elimination of
specialized sensors demonstrates pragmatic
assistive robotics using ubiquitous smartphone
capabilities.

Key contributions include threshold-based
azimuth  tracking, discrete  movement
synchronization, and practical load
validation suitable for elderly assistance and
warehouse applications. The system balances
performance with deployment simplicity,
requiring no proprietary infrastructure.

Future research directions encompass
ultrasonic  obstacle avoidance, outdoor
magnetometer compensation, and multi-

user selection protocols. This work establishes
smartphone sensor fusion as a viable
foundation for accessible assistive robotics,
enabling immediate scalability across the
global smartphone user base.
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