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Visually impaired individuals face challenges in recognizing and distinguishing boxed
products, which are typically identified visually. This study aims to develop an audio-
based assistive system for detecting boxed product packaging to enhance the
independence of visually impaired individuals. The system utilizes the Single Shot
Multibox Detector (SSD) MobileNetV2 algorithm for object detection and classification,
with the Raspberry Pi 4 Model B as the main microcontroller and the Raspberry Pi
Camera OV5647 for image capture. The HC-SR04 ultrasonic sensor is used to measure
the distance of objects from the user, while the output information is provided through
wireless earphones in the form of audio. Experimental results show that the system can
detect and classify boxed products with an accuracy of 95%, precision of 96.8%, recall of
98%, and an F1-Score of 97.4%. This system provides real-time audio feedback, assisting
visually impaired individuals in identifying products without the need for tactile

exploration.

INTRODUCTION

Visual impairment can limit human activities in daily life.
According to data from the World Health Organization (WHO),
the number of people in the world with visual impairment is
estimated at 253 million. Of these, 188 million people have mild
visual impairment, 217 million people have moderate to severe
visual impairment, and 36 million people are blind [1].
Limitations in vision bring significant challenges for visually
impaired people in carrying out daily tasks, especially in
recognizing and distinguishing products packaged in boxes.
Visual identification is the main source of information in
recognizing various items, but it is not accessible to blind people.
Therefore, an assistive device is needed that can provide effective
assistance through audio-based detection of boxed products to
increase their independence and mobility in daily life. The
development of information and communication technology
provides a strong foundation for designing innovative solutions
for the visually impaired. Audio-based systems emerge as a
promising alternative in providing information audibly, thus
enabling visually impaired people to recognize and distinguish
boxed products needed in daily activities, such as foodstuffs,
beverages, and other consumer goods.

https://doi.org/10.25077/chipset.6.01.68-75.2025

Several studies have been conducted in the field of object
recognition to detect product packaging. One study developed a
text detection system on food product packaging using a
Raspberry Pi-based deep learning method that produces output in
the form of text or text-to-speech through speakers. However, this
research still has limitations, namely some products cannot be
detected properly, where 3 out of 10 products tested did not get
any detection results at all [2].

Another study used the You Only Look Once (YOLO) algorithm
to detect Palembang specialties with an accuracy above 90%.
However, this research has weaknesses because the detected
objects do not have packaging and YOLOVS3 still has difficulty in
recognizing objects with medium to large sizes [3]. Furthermore,
another study used YOLOv4-tiny to detect Palembang specialties
with a mean average precision (mAP) value of 92.14%. However,
this research is limited to one type of product, namely milk
powder, despite different brands [4].

Based on some of these studies, there are several limitations, such
as systems that have not been specifically designed for blind
people, limited object variations, and there are still products that
are not detected properly. Therefore, it is necessary to develop a
system that is more flexible and in accordance with the needs of
blind people.
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In this research, an audio-based tool for boxed product detection
for blind people is developed. This system uses Raspberry Pi 4
Model B as a microprocessor that processes images from
Raspberry Camera OV5647 and detects object distance using
HC-SR04 ultrasonic sensor. This system is designed to provide
information through audio technology that can be heard through
wireless earphones, making it easier for blind people to recognize
box packaging products without having to touch them first.

In addition, this system applies the Single Shot Multibox Detector
(SSD) algorithm with MobileNetV2 backbone. This algorithm
has an advantage over YOLO because it offers faster inference
time and has a more efficient network structure. With this
approach, it is expected that the developed system can increase
the independence of blind people in recognizing various box
packaging products more easily and accurately.

METHOD
This research utilizes action research methodology, in which the

researcher works together with the research subject to identify
problems, design solutions, implement actions, and reflectively
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Figure 1. General System Design

Figure 1 shows a user holding a thermogun-like device powered
by a power bank to detect boxed products, such as wafers, milk
powder, liquid milk, whole grain cereals, noodles, sugar, ground
coffee, and tea bags. The device is equipped with a Raspberry Pi
Camera OV5647 that records real-time video. Each frame is
processed by the Raspberry Pi using the Single Shot Multibox
Detector (SSD) algorithm with Python as the programming
language. The input image is extracted through a convolution
layer and classified according to the available dataset. The
classification results are then conveyed in the form of audio, such
as the greeting "Teabag Detected," which is played through the
user's wireless earphones.
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Figure 2. Schematic Design

In Figure 2, it can be seen that this system consists of several
main components, namely Raspberry Pi as a microprocessor that
manages image processing to audio output through wireless
earphones. The Raspberry Pi Camera OV5647 is used to capture
the image of the object as input, while the ultrasonic sensor
measures the distance of the object to the camera within a certain
time. The detection information is converted into sound output
through wireless earphones. The entire system is supported by a
power bank as a power source to ensure stable operation.

Inisiasi Raspberry Pi, Camera OV5647,
Sensor Ultrasonik, Earphone Wireless, OpenCV
Single Shot Multibox Detector (SSD)

Earphone Wireless Bluetooth Terkoneksi dengan
Bluetooth Raspberry Pi1

|

Pengklasifikasikan Objek dengan
Model SSD-MobileNetV2-FPNLite

l

Pendekteksian Jarak Objek dengan
Sensor Ultrasonik HC-SR04

Figure 3. Flowchart of Process Design

Based on Figure 3, it is explained that the system begins with the
initialization of components, including Raspberry Pi, OV5647
camera, wireless earphones, and Single Shot Multibox Detector
(SSD) algorithm. The camera captures images in real-time for
classification using SSD. The classification results are compared
with the dataset to identify boxed products. The product type and
distance information is conveyed through the wireless earphone.
The process is iterative to detect the next object.
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RESULTS AND DISCUSSION

Hardware Implementation

The hardware implemented in this system are Raspberry Pi 4B,
Raspberry Pi Camera OV5647, Ultrasonic Sensor, Wireless
Earphone, and Power Bank. Some of these components are
arranged in a container that has been made as shown below,

(a) (b)

Gambar 4. Whole System (a) External View, (b) Internal
View

In Figure 4(b) there is an explanation of the components
according to the number, namely,

a. Raspberry Pi 4B, installed inside the case so that it can be
integrated with two input components, namely the
Raspberry Pi Camera and ultrasonic sensor.

b. Raspberry Pi Camera OV5647, installed at the front of the
system to facilitate object detection without being
obstructed by other hardware components.

c. HC-SR04 Ultrasonic Sensor, installed parallel to the
Raspberry Pi Camera in order to measure the distance
accurately, according to the position of the camera against
the detected object.

d. PowerBank, with a battery capacity of 5000mAh installed
on the side of the case and provides output power of 5V 2A.

e. Wireless Earphone, functions as an audio output connected
to the Raspberry Pi via Bluetooth.

f.  PowerBank, with a battery capacity of 5000mAh is
installed on the side of the case and provides 5V 2A output
power.

Software Implementation

The software implementation in this system is the application of
the SSD-MobileNetV2 model according to the predetermined
class and implements the software so that the hardware can be
connected properly to the Raspberry Pi.

1. Dataset collection, taken by custom either in the form of
images captured by mobile phones or from videos
converted into .jpg format. The results of data collection
amounted to 2000 images of box packaging.

2. Dataset Preposition, is the preparation of data before
processing. Some processes such as resizing images to
800x600px size, dividing training and test data with a ratio
of 80:20, labeling images, and converting data into
TFRecord format which is used for dataset input during the
training process. The following is the amount of data per
each class divided into 80:20 percent.
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Table 1. Dataset Splitting

Class Train | Validation
Wafers 200 50
Milk Powder 200 50
Liquid Milk 200 50
Wheat 200 50
Cereals
Noodles 200 50
Sugar 200 50
Ground 200 50
Coffee
Teabags 200 50

Total 1600 400

3. Dataset Training, stage is the process of training the model
using a pre-processed dataset (transfer learning). The model
used is SSD-MobileNetV2 FPNLite 320x320, which is
optimized for object detection on devices with
computational limitations such as Raspberry Pi. This stage
starts from the configuration of pipeline.confg, model
evaluation and up to the conversion of the model to TFLite
Lite (.tflite) so that it can be used on Raspberry Pi for real-
time inference.

Testing and Analysis

Testing and Analysis of Raspberry Pi Camera OV5647
Against Distance and Processing Time

Table 2. Distance and Processing Time during Object

Detection
Class | Distance | Description | Runtime
(cm) (ms)
10 Not detected -
20 Detected 159.9
Sugar 30 Detected 165.5
40 Detected 168.4

50 Not detected -
10 Not detected -
20 Detected 164.5

Ground 30 Detected 159.1
Coffee

40 Not detected -
50 Not detected -
10 Detected 156.2
20 Detected 154.1

Noodles 30 Detected 166.5
40 Not detected -

50 Not detected -
10 Detected 163.9
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Light
Intensity

Detection Result

Descriptio

Class Distance | Description | Runtime
(cm) (ms)
20 Detected 158.0
Milk 30 Detected 162.0
Powder
40 Not detected -
50 Not detected -
10 Not detected -
20 Detected 175.3
Liquid 30 Detected 164.2
Milk
40 Not detected -
50 Not detected -
10 Not detected -
20 Detected 168.8
Wheat 30 Detected 160.4
Cereals
40 Detected 153.0
50 Detected -
10 Detected 172.2
20 Detected 169.5
Teabags 30 Detected 160.9
40 Detected 157.4
50 Not detected -
10 Detected 162.7
20 Detected 187.8
Wafers 30 Detected 154.1
40 Not detected -
50 Not detected -

Object detection testing using the raspberry pi camera OV5647
starts from a distance of 10 - 50 cm. After testing, the best
detection occurs at a distance of 20-30 cm, with the most accurate
Wheat Cereal and Teabag, while some objects are difficult to
detect above 30 cm. Testing of the Raspberry Pi Camera OV5647
showed an average prediction time of 94.11 ms. At longer
distances, some data was not recorded.

Model Testing and Analysis of Light Intensity

Table 3. Testing Box Packaging Detection against Lightning

Intensity
Light
Intensity Detection Result Descriptio
(Lux) n
Objects
Not
Detected
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(Lux) n
- Some
Objects
Detected
and Some
Misdetecte
d

Some
Objects
Detected
and Not
Misdetecte
d

All
Objects

Mﬂﬁ Detected

Table 3 shows the results of testing object classification and
detection under various lighting conditions, with lux values
varying from 0 to 50. Based on the test results, a stable lighting
condition for object detection starts from lux 50, because at this
point all objects have been detected according to their class. In
addition, no misclassification or missing objects were found, so
the system can work with optimal accuracy under these lighting
conditions.
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Testing and Analysis of Object Detection Data Delivery

Table 4. FPS Testing on Object Detection System

Model Detection Result FPS
Value
Without 19.6
Model
19.4
SSD- 7
Mobile
NetV2-
FPNLite
320x320
6.4

Table 4 shows the FPS test results based on the object detection
system components. When only displaying camera frames
without detection, the FPS is high (19.1-19.6). After the
MobileNetV2 FPNLite SSD model was implemented, the FPS
decreased due to the computational load. The addition of sound
notifications slowed down the FPS further (6.4-7) due to the lag
when audio was played. Despite this, the system continued to
perform well, with the main focus on detection accuracy and
voice notifications being useful to the user.

Testing and Analysis of Object Classification Based on
Test Data

Table 5. Test Results of Object Classification with Test Data

True Detection Result Predi | Descri

Class cted ption
Class

Sugar No False

Predic | Negati
tion ve

https://doi.org/10.25077/chipset.6.01.68-75.2025

VOL. 06 NO. 01 (2025) 68-75

True Detection Result Predi | Descri
Class cted ption
Class
Sugar Sugar | True
Positi
ve
Groun Groun True
d d Positi
Coffee Coffee ve
Groun — No False
d Predic | Negati
Coffee — tion ve
Noodl Noodl | True
es es Positi
ve
Noodl Noodl True
es es Positi
ve
Milk Milk True
Powde Powde | Positi
r r ve
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True Detection Result Predi | Descri
Class cted ption
Class
Teaba s Teaba | True
g g Positi
ve
Wafer No False
Predic | Negati
tion ve
Wafer =" Liquid | False
Milk Positi
ve
Table 6. Model Performance Calculation
Class Accuracy | Precision | Recall | F1-Score
Sugar 0.95 1.00 0.95 0.974
Ground 0.85 0.895 0.944 0919
Coffee
Noodles 1.00 1.00 1.00 1.00
Wheat 0.95 0.95 1.00 0.974
Cereals
Milk 1.00 1.00 1.00 1.00
Powder
Liquid Milk 1.00 1.00 1.00 1.00
Teabags 0.95 0.95 0.95 0.974
Wafers 0.90 0.947 0.947 0.947

True Detection Result Predi | Descri
Class cted ption
Class
Milk Susu_Bubuk (11).jpg Milk True
Powde Powde | Positi
r r ve
Liquid Liquid | True
Milk Milk Positi
ve
Liquid P Liquid | True
Milk Milk Positi
ve
Wheat Wheat | True
Cereal Cereal | Positi
ve
Wheat Wheat | True
Cereal Cereal | Positi
ve
Teaba — Teaba | True
g g Positi
ve
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Tests were conducted using 160 samples of boxed product
images, with each class totaling 20 samples. Evaluation of the
model's performance was performed by calculating the accuracy,
precision, recall, and F1-score metrics for each class, the results
of which can be seen in Table 6. The calculations were performed
using the confusion matrix, which allows in-depth analysis of the
model's performance in correctly classifying each product
category.

Based on the test results, the model showed high performance
with an average accuracy of 95%, precision of 96.8%, recall of
98%, and F1-score 0f 97.4%. These values indicate that the model
is able to recognize and differentiate products with a low error
rate. The high accuracy indicates that most of the predictions

https://doi.org/10.25077/chipset.6.01.68-75.2025



MUHAMMAD DZAKY YONI/ CHIPSET - VOI

generated by the model match the actual labels. Meanwhile, the
precision value of 96.8% indicates that the model rarely gives
wrong predictions for certain classes. Recall of 98% indicates that
almost all samples that should have been detected were correctly
classified by the model. In addition, the F1-score value of 97.4%
shows a good balance between precision and recall, so the model
has a reliable performance in detecting and recognizing boxed
packaging products optimally.

CONCLUSION

Based on the results of implementation, testing and analysis
carried out on this system, it can be concluded that:

1. This system can detect and classify box packaging objects
with 8 different classes using RaspCam OV5647 and SSD-
MobileNetV2 FPNLite Model in real-time with the
accuracy achieved is 95%, precision 96.8%, recall 98%,
and F1-Score 97.4%.

2. The system can detect and classify objects optimally at a
distance of 20-30 cm with lighting starting from 50 lux.

RECOMMENDATION

Based on the results of implementation, testing and analysis
carried out on this system, there are suggestions for this system to
perform better, namely:

1. Adding variations to the Ground Coffee class because it still
has a large false positive from other classes.

2. Replace the newer Raspi Camera which has a higher resolution,
so that the object detection results are more satisfactory.

3. Adding an On/Off Switch to easily control the system for users.
4. Adding the types of objects to be detected, so as to expand the
capabilities of the system.

5. Replace the newer Raspberry pi version that supports 8GB
RAM and above, so that it is lighter for the object detection
process.
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