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Abstract. Blind spot-related accidents remain a significant safety risk, 

particularly with cost-sensitive Advanced Driver Assistance Systems (ADAS), 

where expensive sensing solutions may not always be practical. In this re- 

search paper, a real-time vision-based system is constructed using Rasp- 

berry Pi platform for vehicle detection and tracking in blind spots using 

lightweight YOLOv4-Tiny object recognition to ensure maximum perfor- 

mance on limited hardware resources. For improved reliability, centroid- 

based tracking with motion data can be used to identify vehicles entering 

a blind spot region. Alerts are generated only if vehicles remain within 

this pre-defined zone for an extended period, helping reduce false warn- 

ings. This system uses a Raspberry Pi, camera module, LCD display 

and buzzer to give drivers visual and auditory feedback. Experimental 

results obtained in urban traffic scenarios demonstrate that this system 

can achieve consistent detection and tracking despite computational con- 

straints, without needing additional hardware acceleration. Overall, this 

approach demonstrates how an effective and affordable blind spot moni- 

toring system can be created using lightweight deep learning techniques 

on embedded platforms. 

Keywords: Blind spot detection, advanced driver assistance systems, 

deep learning, object tracking, Raspberry Pi, embedded vision 

1 Introduction 

Advanced Driver Assistance Systems (ADAS) play an essential part in increasing 

road safety by helping drivers make better decisions and preventing accidents 

from occurring when nearby vehicles aren’t visible through mirrors, especially 

during lane changes or heavy traffic[7, 8]. Blind spot detection plays an especially 

vital role here by helping prevent blind spot collisions from happening [7, 8]. 

Traditional systems rely on radar, ultrasonic or lidar sensors for distance es- 

timation; while effective at doing this, their cost increases while offering limited 

information about object types. Camera-based methods combined with deep 

learning
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localization using affordable hardware; advances in convolutional neural net-
works (CNN) have further increased performance under various lighting and
traffic conditions [6, 3].

The YOLO family of models is widely utilized for real-time detection due to
its balance between speed and accuracy [2, 1]. However, full-scale models may
not always be suitable for low-power devices [12, 9]. Lightweight variants like
YOLOv4-Tiny can reduce computational requirements while still offering rea-
sonable performance making them suitable for embedded platforms [12, 9].

Recent studies have integrated detection with region-based reasoning for
blind spot monitoring [11, 10]; however, most solutions still rely on expensive
hardware and don’t adequately track real-time tracking on embedded devices
like Raspberry Pi due to limited resources and different operating conditions [4,
5].

This work introduces a Raspberry Pi-based blind spot detection and tracking
system designed to meet these challenges. Our approach employs a lightweight
model with motion-based tracking and simple decision rules in order to create
reliable alerts, in an attempt to strike an equilibrium between performance, cost
and real-time operation in embedded ADAS applications.

2 Background and Related Work

Blind Spot Detection (BSD) is an integral component of Advanced Driver As-
sistance Systems (ADAS), designed to prevent accidents when vehicles outside
a driver’s field of vision need to change lanes during lane changes. Early BSD
systems utilized radar and ultrasonic sensors that provided distance measure-
ments but limited information regarding object types - leading them to generate
unnecessary alerts in complex traffic scenarios[8, 7].

Deep learning’s rapid advances have propelled camera-based approaches into
prominence. Convolutional neural networks (CNNs) enable simultaneous object
detection and classification for greater contextual understanding than traditional
sensor methods; making vision-based systems more adaptable to changing traffic
and environmental conditions[6, 3].

Real-time detection often uses YOLO models due to their balance between
speed and accuracy[2]; however, their standard versions can often be too heavy
for embedded devices; lighter variants like YOLOv4-Tiny can help reduce compu-
tational requirements while still offering acceptable performance - making them
suitable for edge platforms[12, 9].

Recent studies have combined object detection and region-of-interest (ROI)
strategies to increase blind spot monitoring [11, 10]. Although promising results
were achieved, many approaches either relied heavily on powerful hardware or
only focused on detection accuracy with limited consideration for tracking con-
sistency and embedded deployment - running such systems on devices like the
Raspberry Pi presented additional challenges related to limited resources and
variable operating conditions [4, 5].
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Table 1. Comparison of Recent Blind Spot Detection Approaches

Ref. Sensor Model Platform Limitation

Chang et al. [7] Camera YOLO-based CNN Desktop Not optimized for embedded use
Lee and Park [11 Rear cam] a CNNer Embedded hardware Higher computational cost
Jiang et al. [10] Camera Deep CNN Automotive-grade syste No explicit tracking analysism
Boddu et al. [12 Camera] YOLOv4-Tiny Raspberry Pi Detection-focused, no BSD logic
This work Camera YOLOv4-Tiny + trac g Raspberry Pikin Low-cost real-time BSD

As much as detection techniques have advanced, low-cost hardware systems
that integrate detection, tracking and real-time operation are still required for
real ADAS applications. In this work, a lightweight BSD framework was created
to address this need by combining object detection with motion-based tracking
on a Raspberry Pi for providing an economical and practical ADAS solution for
real world ADAS applications.

2.1 Comparison of Related Works

Table 1 provides a comparison of recent blind spot detection and vision-based
approaches, covering aspects such as sensing methods, model selection, hard-
ware platforms and their respective limitations. A closer examination reveals
that many proposed systems either cater to high-end automotive environments
or focus on increasing detection accuracy alone - failing to fully address essen-
tial features like consistent real-time tracking or compatibility with low-power
embedded devices; This indicates there remains a need for solutions capable of
operating efficiently while remaining affordable and resource-constrained plat-
forms.

3 Methodology

This section describes our real-time blind spot detection and tracking system
on a Raspberry Pi 3B+, using a lightweight deep learning model combined with
motion-based tracking to achieve reliable performance with limited computa-
tional resources. Simple persistence-based rules are employed to improve reli-
ability while decreasing false alerts while maintaining real-time operation on
low-cost embedded hardware.

Figure 1 illustrates the overall system design. A camera captures images
of blind spot regions continuously and streams them directly to a Raspberry
Pi 3B+ for processing, including detection, tracking and risk evaluation locally
without cloud support.

3.1 System Architecture

After assessing conditions, the system generates alerts using an LCD display, an
LED indicator, and a buzzer. Following a modular approach where perception,
tracking, and alert generation are separated components; this ensures smooth
operation while also reducing delays for real-time ADAS applications.
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Camera Module Raspberry Pi 3B+

SD Card

LCD Display

LED IndicatorBuzzer

Fig. 1. System architecture of the proposed real-time blind spot detection and tracking
framework using Raspberry Pi 3B+.

3.2 Hardware Components

The proposed system comprises the following hardware components:

– Raspberry Pi 3B+: Serves as the central processing unit responsible for
video acquisition, deep learning inference, object tracking and peripheral
control. With its ideal balance between computational capability, energy
consumption and cost makes this unit suitable for embedded ADAS proto-
typing and deployment. [4].

– Camera Module: Record continuous video streams of the blind spot region
and provide visual data input into the perception pipeline.

– SD Card: Storage area for an operating system, trained neural network
weights and application software.

– LCD Display: Presents real-time visual feedback regarding system status
and blind spot warnings.

– LED Indicator: Blind Spot Alert provides instantaneous visual warning
for detected blind spot hazards.

– Buzzer: Generate audible warnings during critical events to heighten driver
awareness and alertness.

3.3 Object Detection and Tracking

Object detection is performed using a lightweight YOLO model that processes
images in one pass to achieve low latency suitable for ADAS applications [2, 1]. In
particular, YOLOv4-Tiny is selected due to its lower computational requirements
and suitability for embedded devices [12].

Filtered detections are filtered using confidence thresholds and spatial con-
straints that define the blind spot region. To maintain stability over time, centroid-
based tracking method associates objects across frames based on position and
motion; this helps preserve identity during brief occlusions or missed detec-
tions[5]; providing reliable estimation of movement within the monitored area.
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Al orithm 1 Real-Time Blind Spot Object Detection and Trackingg

1: Input: Video stream from camera module
2: Output: Blind spot warning signals (LCD, LED, Buzzer)
3: nitialize Raspberry Pi peripherals (camera, LCD, LED, buzzer)I
4: Load trained YOLOv4-Tiny model and class labels
5: Set confidence threshold τ and blind spot region R
6: while system is active do

c bs

7: Capture video frame F from camera
8: Preprocess F (resize, normalization)

t

9: Perform object detection on F using YOLOv4-Tiny
t

10: Obtain set of detections D = {(b , c , s )}
t

11: for each detection d ∈ D do
t i i i

12: if s < τ then
i t

13: Discard d
i c

14: else
i

15: Compute centroid pi of bounding box bi
16: Assign di to an existing track or create new track
17: end if
18: end for
19: Update object tracks using centroid distance and motion history
20: Remove tracks not observed for N consecutive frames
21: for each active track Tj do
22: if pj ∈ Rbs then
23: Mark object as blind spot candidate
24: end if
25: end for
26: if blind spot candidate persists for K frames then
27: Activate LED indicator
28: Display warning on LCD
29: Trigger buzzer alert
30: else
31: Deactivate warning signals
32: end if
33: end while

3.4 Alert Generation and Decision Logic

Dangers can be identified using both spatial and temporal criteria. A vehicle will
be considered a threat only if it enters and stays within its blind spot area for
an extended period, thus eliminating false alarms from temporary detections.

Once confirmed, warnings are generated through LCD, LED and buzzer to
provide visual and audio feedback to improve driver awareness in ADAS scenarios
[7, 6]. Alerts will automatically go away once an object leaves its region or no
longer meets persistence criteria.
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3.5 Blind Spot Detection and Tracking Algorithm

Fig. 2. Experimental setup of the proposed blind spot detection system implemented
on Raspberry Pi 3B+.

Algorithm 1 outlines the overall process of this proposed method. The sys-
tem initializes all required components and loads the YOLOv4-Tiny model with
predefined parameters; with each new frame arriving, objects are detected and
tracked using a centroid-based approach for tracking purposes.

Objects that remain within the blind spot region for an extended period
are treated as hazards and trigger visual and audio alarms, while tracks not
observed for several frames are deleted to preserve efficiency. This approach
balances accuracy, stability, and real-time performance on resource-limited em-
bedded hardware platforms.

4 Experimental Setup and Dataset Description

This section details the experimental setup and datasets to assess our real-time
blind spot detection and tracking system. These experiments seek to investigate
how well it detects objects reliably over time while maintaining tracking, and
whether it can operate efficiently on low-cost embedded platforms in real time.

4.1 Experimental Setup

Fig. 2 depicts our experimental setup, consisting of a Raspberry Pi 3B+ equipped
with a camera placed to monitor the side-rear region corresponding to blind spots
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Table 2. Summary of datasets used for experimental evaluation

Dataset Src. Scenes j. classes Purpose

Public dataset Public Urban, high-
way

r, truck, motorcy
, pedestrian

Detection evalu-
ation

-

Self-collected Real Urban, sub-
urban

r, motorcycle
ck

Real-time BSD,
tracking

,

on vehicles, thus capturing vehicles in adjacent lanes that may otherwise not be
visible to drivers.

All video processing takes place locally on a Raspberry Pi without cloud
support, running a lightweight Linux system to perform detection, tracking and
decision making as described in Section 3.1. A YOLOv4-Tiny model stored on
SD card is used for real-time inference.

Once an object or action is detected, an LCD, LED, and buzzer provide alerts
with both visual and audio feedback, making this system suitable for low-cost
ADAS deployment.

4.2 Dataset Description

Evaluation utilizes both public driving datasets and videos recorded with the
prototype to allow testing under both standard benchmarks and real-world con-
ditions.

Public datasets allow researchers to assess performance across various traffic
scenarios, road types and object classes such as cars, trucks, motorcycles and
pedestrians. Video footage recorded from urban and suburban environments
presents unique tracking challenges such as lane changes, lighting variations,
motion blur and occlusions that need to be evaluated consistently for accurate
tracking evaluation.

Table 2 presents an overview of datasets including source, scene type, object
classes and evaluation purposes. Leveraging both benchmarked data as well as
real world information allows a clearer understanding of system performance and
real time behavior on embedded hardware systems.

Blind spot regions are defined using the camera’s field of view and vehicle
alignment, with only objects identified within this region considered for hazard
evaluation. Ground truth for recorded sequences can either be manually verified
at frame level, or obtained through dataset annotations and manually reviewed
dataset annotations.

4.3 Evaluation Protocol

System performance is evaluated based on detection accuracy, tracking consis-
tency and real-time operation. Accuracy is measured using precision and recall;
tracking quality can be assessed by maintaining object identities across frames;
while real-time performance can be determined using Raspberry Pi processing
speed averages.
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Fig. 3. Example frames showing real-time detection and tracking of adjacent vehicles
using YOLOv4-Tiny.

To maintain consistency across experiments, all use the same model, confi-
dence thresholds, and tracking parameters. This enables fair comparison across
datasets and real-world scenarios and shows whether or not the system is suitable
for embedded blind spot monitoring.

5 Results and Discussion

This section presents the results from testing the blind spot detection and track-
ing system on a Raspberry Pi 3B+. Our analysis focused on how well it per-
formed in terms of accuracy, tracking stability, alert response time, as well as its
ability to operate under real world conditions.

5.1 Detection and Tracking Behavior

Example results can be seen in Fig. 3 The system successfully detects nearby
vehicles such as cars and trucks in its field of view while providing centroid-
based tracking to maintain consistent identities for these objects across frames
resulting in seamless motion tracking.

As vehicles move into the blind spot from adjacent lanes, the system continues
to track them despite brief occlusions or changes in speed. Occasional detection
gaps caused by motion blur or partial obstruction are handled effectively by
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Fig. 4. Software-generated blind spot warning displayed when a vehicle remains in the
monitored region.

the tracking mechanism and prevent sudden disruptions of output. Overall, this
behavior indicates greater robustness compared to approaches that rely solely
on frame-by-frame detection.

5.2 Blind Spot Alert Visualization

Fig. 4 demonstrates how real-time alerts are created and displayed during real-
time operation. The system issues an alert only if an object stays within its
defined blind spot region for an extended period, helping avoid unnecessary
alerts that would arise from short or momentary detections. Once an object
leaves this region, any alert issued immediately clears as evidence of quick scene
changes being addressed by the system.

5.3 Embedded Alert Output

Fig. 5 shows the hardware alert system. When vehicles enter into blind spots,
an LCD displays a warning while LED and buzzer activate to create visual
and audible signals to increase driver awareness in various conditions and in
conjunction with Perception Module.

5.4 Quantitative Performance Analysis

Evaluation was performed using public datasets and manually verified recorded
frames, with vehicles like cars, trucks, and motorcycles as the focus. The system
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Fig. 5. Blind spot warning displayed on the LCD module during experimental testing.

achieved an accuracy range between 85-98% with controlled false alert rates at
around 83% for detection while providing real-time driver assistance services.

Runtime performance for the Raspberry Pi 3B+ was approximately 12–15
frames per second depending on scene complexity, making this speed sufficient
for timely alerts without needing additional hardware acceleration.

5.5 Discussion

Results demonstrate that effective blind spot monitoring is possible using a
lightweight model on lower-cost hardware. While not comparable with high-end
systems, our approach provides a practical compromise between accuracy and
computational efficiency for affordable vision-based ADAS solutions.

6 Conclusion and Future Work

This work presents a real-time blind spot detection and tracking system designed
for use on a Raspberry Pi 3B+. Utilizing a lightweight YOLOv4-Tiny model with
motion-based tracking and simple region rules, reliable monitoring under limited
resources while still maintaining stable real-time performance without additional
hardware acceleration is achieved.

Testing under realistic driving conditions demonstrated consistent detection,
tracking and alert generation; LCD, LED and buzzer alerts working together
seamlessly for increased driver awareness. These results underscore that camera-
based solutions offer cost-effective alternatives to sensor-heavy ADAS systems.

Future work will focus on improving performance under low-light conditions,
adverse weather and higher speeds by including features like advanced tracking
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methods, sensor fusion with radar or ultrasonic modules, higher resolution inputs
and optional hardware acceleration; as well as adaptive blind spot modeling
tailored specifically for different vehicle types.
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