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ABSTRACT
Accessing information in an easily understandable format remains a significant challenge for visually impaired
individuals. Conventional handwritten digit recognition systems often rely on computationally intensive models,
limiting their deployment on portable, low-cost devices. This paper presents a TinyML-based system for real-time
handwritten digit recognition designed specifically to assist visually impaired users. Leveraging a Convolutional
Neural Network (CNN) deployed on a Raspberry Pi, the system delivers accurate digit recognition with both visual
and audio feedback, enabling independent identification of hand-written digits encountered in everyday activities. The
integrated solution combines a Pi camera module, a 3.5-inch display, and an audio speaker, resulting in a compact,
portable, and user-friendly device. The methodology involves training the CNN on a curated dataset and optimizing it
for edge deployment using TinyML techniques, ensuring low-latency and energy-efficient operation. Experimental
results demonstrate the system’s capability for efficient and reliable digit recognition, highlighting its potential to
enhance accessibility and empower visually impaired individuals through affordable, real-time assistive technology.
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1. INTRODUCTION

Tiny Machine Learning (TinyML) refers to the deployment
of machine learning models on resource- constrained devices,
typically embedded systems with low- power processors and
limited memory [1]. By performing inference directly on
these devices, TinyML enables real- time decision-making
without constant connectivity to cloud servers, improving
privacy, reducing latency, and conserving bandwidth [2].
Handwritten digit recognition has been a central research
topic in machine learning and computer vision for decades,
particularly in applications aimed at assisting visually
impaired individuals. Traditional approaches, such as back-
propagation networks, have been widely applied for this task
[3]. Support Vector Machines (SVMs) have also been
explored, though they often underperform compared to
Convolutional Neural Networks (CNN) due to dataset size
limitations [4]. Comparatively, Multilayer Perceptron (MLP)
achieve higher accuracy in digit classification [5].

CNN are highly effective for image recognition due to their
ability to automatically extract hierarchical features from raw

pixel data. They have been successfully applied in object
detection, facial recognition, and medical imaging tasks [6],
[7]. CNN process images through multiple layers, including
convolutional, pooling, and fully connected layers, where
lower-level features often provide high discriminative power
[8]. Multi-Attention CNN (MA-CNN) further improve fine-
grained recognition by incorporating attention mechanisms,
channel grouping, and part classification sub- networks,
achieving state-of-the-art performance without requiring
manual annotations [9], [10].

Development of assistive technology for the old and persons
with desirability is an active area of research [11]. Recent
advancements in TinyML have enabled the development of
assistive technologies for the visually impaired. Navigation
aids using touchscreens typically provide vibration, audio
feedback, or both, with audio feedback offering faster and
more efficient responses for many users [12], [13]. Previous
works, while effective, either rely on computationally
intensive models or lack real-time portability and multimodal
feedback suitable for daily use, indicating a clear gap in
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accessible, portable, and efficient handwritten
recognition systems.

This paper presents a TinyML-based system for handwritten
digit recognition specifically designed to aid visually
impaired individuals. The proposed system leverages a CNN
model deployed on a Raspberry Pi 4 Model B, integrating a
Pi camera module, a 3.5-inch display, and an audio speaker
to deliver both visual and audio feedback in real-time. The
development of a lightweight, portable, and low-cost TinyML
solution for handwritten digit recognition, integration of
multimodal feedback mechanisms for enhanced accessibility,
and demonstration of real-time performance and accuracy
suitable for practical use by visually impaired users are the

key contributions of this paper.

digit

2. RELATED WORK

Alajlan and Ibrahim provided a comprehensive review of the
TinyML revolution, highlighting its capability to enable deep
learning inference on ultra-low-power devices [14]. Various
datasets and microcontroller units were analysed. Shifting
from cloud-based processing to local device processing
significantly reduces latency, conserves bandwidth, and
enhances data privacy. The theoretical foundation and
benefits of TinyML such as energy efficiency and low cost
were established.

Lamaakal et al. introduced a Tiny Deep Learning (TinyDL)
model specifically designed for recognizing Arabic numerals
and letters through air handwriting [15]. Utilizing an Arduino
Nano 33 BLE Sense equipped with inertial measurement unit
(IMU) sensors, a high recognition accuracy of 97.5% was
achieved by capturing motion data rather than visual data.
The complexity of Arabic script was effectively addressed
without requiring a camera; the model relies on the user
performing specific gestures in the air, which differs from the
need to recognize static written text on paper that visually
impaired individuals often encounter.

Saha et al. developed a low-cost system for controlling
appliances using static hand gestures, employing an ESP32-
CAM module [16]. The two-stage Convolutional Neural
Network (CNN) approach successfully detects palms and
classifies gestures with over 92% accuracy from a distance,
proving the viability of vision-based TinyML on resource-
constrained microcontrollers. However, the solution focuses
on home automation and controlling electrical loads rather
than providing descriptive feedback for visually impaired
users. Additionally, while the system uses a camera, it is
optimized for specific hand shapes rather than the intricate
feature extraction required for character or digit recognition.
Chittepu et al. explored the integration of TinyML with voice
assistants to enhance user interfaces in healthcare and smart
home domains [17]. The advantages of processing voice
commands locally to mitigate privacy concerns and latency
associated with cloud-based assistants were highlighted.
While audio feedback is crucial, current TinyML voice

models face challenges with noise interference and
computational constraints on microcontrollers. The solution
in this work underscores the importance of audio feedback
mechanisms but focuses on speech processing rather than
computer vision tasks for reading assistance.

Kunhoth et al. proposed "VisualAid+," a wearable assistive
system that combines a Raspberry Pi for object detection with
a server-based module for image captioning [18]. The system
employs a hierarchical approach where simple person
detection runs on a microcontroller with recognition accuracy
of 81.15%, but complex visual scene narration relies on
internet connectivity to a remote server. While effective for
general environmental awareness, the dependency on a server
for complex tasks introduces potential latency and
connectivity requirements that may limit usability in offline
scenarios. Furthermore, the system is designed for general
object detection rather than the specific, high-precision task
of recognizing handwritten digits.

In this paper, a TinyML-based handwritten digit recognition
system specifically designed to aid visually impaired
individuals. Unlike systems that rely on cloud connectivity or
server-side processing, the proposed solution utilizes a CNN
model deployed directly on a Raspberry Pi 4 Model B to
perform inference entirely on the edge. This ensures complete
data privacy and functionality even without an internet
connection. By integrating a Pi camera for capturing input
and providing both visual verification via a 3.5-inch display
and distinct audio feedback through a speaker, the proposed
system offers a robust, multimodal, and fully portable
assistive tool.

3. GENERAL SYSTEM DESIGN

3.1 Hardware components

The proposed system assists visually impaired individuals in
recognizing handwritten digits using TinyML technology. It
features a CNN model deployed on a Raspberry Pi 4 Model
B, interfaced with peripherals for image capture, visual
output, and audio feedback as illustrated in Fig. 1.

Camera |, | Raspberry Pi 4 3.5inch LCD
Module Model B Display Unit
Speaker

Fig. 1: System overview of the TinyML-based handwritten
digit recognition system.

The Pi camera module captures images of handwritten digits
placed in front of the camera lens. These images are
processed as input for digit recognition. The captured images
are fed into the deployed CNN model for inference. The
model predicts the digits present in the images with high
accuracy, leveraging its learned features from the training
dataset.
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The recognized digits are displayed in real-time on the 3.5-
inch display connected to the Raspberry Pi 4 Model B. This
visual feedback aids users in verifying the accuracy of the
digit recognition process. Simultaneously, the predicted
digits are communicated audibly through the integrated audio
speaker. This auditory feedback further assists visually
impaired users in understanding and verifying the recognized
digits.

3.1.1 Raspberry Pi 4 Model B

The Raspberry Pi 4 Model B represents a significant
advancement in embedded computing, offering enhanced
performance and versatility for various projects [12]. It
features a Broadcom BCM2711 quad-core Cortex-A72 64-bit
SoC at 1.5 GHz with 2 GB, 4 GB, or 8 GB LPDDR4-3200
SDRAM options, making it suitable for resource-intensive
tasks. Key features include dual micro-HDMI ports
supporting 4K at 60 fps, Gigabit Ethernet, dual-band Wi-Fi,
Bluetooth 5.0, multiple USB 3.0 and USB 2.0 ports, and
extensive GPIO pins enabling diverse multimedia and
networking applications.

The Raspberry Pi 4 Model B has 40 GPIO pins for connecting
external components:

» Power Pins provide power (3.3 V, 5 V, and GND) for
devices such as sensors and LEDs.

* |/O Pins support input and output functions for interfacing
with sensors and switches, including 12C and UART
communication.

* Special Function Pins include PWM for motor control, SPI
for high-speed data transfer, and other specific functions.

* Ground Pins ensure proper signal integrity by providing a
reference voltage for circuits.

3.1.2 Interfacing Peripherals

The Pi camera module is interfaced with the Raspberry Pi by
connecting its ribbon cable to the Camera Serial Interface
(CSI) port as shown in Fig. 2. The Raspberry Pi must be
powered off to prevent damage during setup. The CSI
interface enables high-speed data transfer between the camera
module and the Raspberry Pi’s processing unit.

Fig. 2. The Pi Camera Module Interfaced with the Raspberry
Pi 4 Model B

After connecting the ribbon cable, the camera interface is
enabled through the Raspberry Pi Configuration menu. The
functionality of the camera module is then tested using
command-line tools such as raspistill, raspivid, or libcamera
to capture images or record videos Camera settings, including
resolution, frame rate, and exposure, are adjusted as needed
to optimize image quality and performance.

Integrating the 3.5-inch display with the Raspberry Pi 4
Model B involves connecting the display’s pins to the
appropriate GPIO pins as illustrated in Fig. 3 and Fig. 4.
Given the compact nature of the display, precision in pin
selection is crucial to avoid potential conflicts or operational
disruptions.

To provide auditory feedback, an audio speaker is interfaced
with the Raspberry Pi 4 Model B as shown in Fig. 3. The
audio speaker conveys the predicted digit through sound
signals, enhancing system accessibility. The speaker connects
directly to the standard audio jack of the Raspberry Pi 4
Model B, allowing seamless integration with external audio
devices.

3.2 Software components

3.2.1 Convolutional Neural Network (CNN) Model

The core of the system is the CNN model which is trained
using a dataset of handwritten digits. The architecture of the
CNN is optimized for efficient inference on resource-
constrained devices like the Raspberry Pi.
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Fig. 3: Schematic diagram of the proposed TinyML-based handwritten digit recognition system.

Camera

Fig. 4: Pictorial view the TinyML-based handwritten digit
recognition system.

3.2.2 TensorFlow Lite

TensorFlow Lite is a lightweight version of the TensorFlow
framework optimized for mobile and embedded devices. It is
utilized for deploying the trained CNN model on the
Raspberry Pi 4 Model B.

3.2.3 Python Programming Language

The system is primarily developed using Python
programming language due to its versatility and extensive
support for machine learning frameworks and Raspberry Pi
interfacing libraries.

3.2.4 Libraries

For smooth runing of the system, a number of libraries are
utilized. The essential libraries are TensorFlow, Keras,
NumPy, Pandas, Matplotlib, Subprocess, Time module, PIL
(Python Imaging Library), Pygame, and OpenCV.

For deploying machine learning models on the Raspberry Pi
4 Model B, TensorFlow Lite is chosen due to its lightweight
footprint and efficient performance on edge devices [13].
TensorFlow Lite offers an optimized runtime for low-latency
inference and compatibility with hardware accelerators such
as Edge TPU and NVIDIA GPUs, enabling real-time
performance while conserving resources [19]. Setting up the
Raspberry Pi for handwritten digit recognition involves:

* System Setup - Installing and updating the Raspbian OS.

o Library Installation - Installing Python, TensorFlow Lite,
OpenCV, and GPIO libraries.

«.Configuration-Optimizing TensorFlow Lite for
Raspberry Pi and configuring GPIO pins for peripheral
interaction

» Testing - Ensuring the functionality of installed libraries and
peripherals through thorough testing and troubleshooting.

3.3 The Dataset

The Modified National Institute of Standards and Technology
(MNIST) dataset is a benchmark dataset in handwritten digit
recognition. It originated from NIST Special Database 3 and
Special Database 1 to promote advancements in pattern
recognition and machine learning [20]. The dataset contains
28%28-pixel grayscale images of handwritten digits (0-9) and
has been widely adopted for evaluating classification
algorithms and neural networks [21]. Samples of the MNIST
dataset are shown in Fig. 5.

Developed by Yann LeCun, Corinna Cortes, and Christopher
J.C. Burges, the MNIST dataset includes 70,000 grayscale
images of handwritten digits [3]. These are split into a
training set of 60,000 images and a test set of 10,000 images.
Each image has a resolution of 28 x 28 pixels, simplifying
preprocessing and ensuring uniformity. The dataset is
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balanced, with each digit class having about 6,000 samples in
the training set and 1,000 in the test set. This prevents bias
and ensures reliable classification performance.
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The MNIST dataset requires minimal preprocessing due to its
clean and standardized nature, free from noise or missing
values. Pixel values are normalized to the range [0,1] by
dividing by 255. This normalization enhances model
convergence and stability during training, making the dataset
well-suited for CNN training [3].

3.4 The Recognition Process

The camera module is initialized and shows an image preview
for a few seconds to ensure correct framing. Once captured,
the image is processed by the CNN model for inference.
Finally, the predicted digit is displayed on the screen and
simultaneously conveyed as audio feedback for the visually
impaired user. A flowchart illustrating the working process is
presented in Fig. 6.

®_: Perform
"| Inference
Start the
| Camera ¥
Module Predict
v Digit
Preview &
Capture
Image

Fig. 6: Flowchart of the working process of the proposed
handwritten digit recognition system.

3.5 Selection of Sounds Corresponding to Predicted Digits
Distinct sound tones are selected to represent each digit (0-9)
to ensure clarity and ease of interpretation. Considerations
include clarity, distinguishability, and user experience.

Higher pitches correspond to higher digits, while lower
pitches represent lower digits. Each tone’s duration is
optimized to balance recognition time and responsiveness,
and its timbre is chosen to be pleasant and non-intrusive. This
consistent set of tones enables visually impaired users to
accurately interpret the recognized digits, even in noisy
environments.

3.6 CNN Model Architecture and Training Process

A Convolutional Neural Network (CNN) is designed for
image recognition and processing, particularly effective for
handling pixel-level image data [22]. The network consists of
an input layer, multiple hidden layers (convolutional and
pooling), and an output layer. The hidden layers apply
activation functions and convolutional operations to learn
hierarchical feature representations [23].

3.6.1 Input Layer

The input layer represents the raw input image dimensions:
height, width, and channels (grayscale). Each neuron
corresponds to a pixel value, forming a three- dimensional
grid [24].

3.6.2 Convolutional Layers

Convolutional layers perform feature extraction using
multiple filters (kernels) that slide across the input image to
generate feature maps [25]. These filters detect patterns such
as edges, curves, or textures. Non- linear activation functions
such as ReL U are applied to introduce non-linearity, allowing
the network to represent complex data distributions.

3.6.3 Max Pooling Layers
Pooling layers down sample feature maps, reducing their
spatial dimensions by retaining only the maximum value
within non-overlapping regions [1], [25]. This process
improves computational efficiency, reduces overfitting, and
preserves salient features.

3.6.4 Flatten Layer

The flattening operation converts multi- dimensional feature
maps into a one-dimensional vector, preparing data for the
dense layers [1], [26].

3.6.5 Dense (Fully Connected) Layers

Dense layers classify the extracted features into output
categories. Each neuron in the dense layer is fully connected
to the preceding layer, enabling complex mappings between
features and labels. Outputs are generated as weighted sums
with activation functions [5].

3.6.6 Softmax Activation Layer

The softmax layer is used for multi-class classification,
transforming raw scores into probability distributions [20],
[27]. 1t normalizes outputs such that probabilities across the
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10 digit classes sum to one, assigning higher probabilities to
the most likely class.

The final CNN model architecture employed in this work is
shown in Fig. 7. Each component plays a vital role in feature
extraction, dimensionality reduction, and classification,
contributing to the overall performance and accuracy of the
recognition system [28].

@_' Flatten
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Fig. 7: CNN model architecture used for handwritten
digit recognition.

4. RESULTS AND DISCUSSIONS

4.1 Evaluation Metrics

To assess the performance of our handwritten digits’
recognition system for the visually impaired, several key
metrics were used: accuracy, precision, recall,and  F1-
score.

Accuracy is given by (1) and its the proportion of correctly
classified digits out of the total tested. It indicates the
system’s overall reliability. Precision is described by (2)
and it measures the ratio of true positives to the total
predicted positives; showing the accuracy of positive
predictions. Recall (sensitivity) quantifies the system’s
ability to identify all relevant instances, minimizing
missed digits and is presented in (3). The F1-Score
described in (4) balances precision and recall, providing a
single performance metric, especially useful with uneven
class distribution.

_ TP+TN
Accuracy = 1)
TP+FP+TN+FN

TP

Precision = (2)
TP+FP
TP
Recall = @A)
TP+FN
2
Fl - SCOT'B = 1 ) 1 (4)
Precision ' Recall

where TP (True Positives) are the correctly identified
digits, FP (False Positives) are incorrect positive
predictions, FN (False Negatives) are missed digits, and
TN (True Negatives) are instances correctly identified as
not belonging to a class.

4.2 Model Loss and Accuracy Evaluation

The accuracy of the system was assessed using a test
dataset consisting of handwritten digits. The CNN model
achieved an accuracy of 98.83%, indicating its
effectiveness in digit recognition tasks. The output in Fig.
8 shows the training progress of the neural network model
trained on the MNIST handwritten digit dataset over 20
epochs. The loss represents the model’s training error,
which decreases steadily from about 0.0675 to 0.0366,
indicating improved fitting to the training data. The
accuracy measures how often the model correctly predicts
the digits during training, increasing from around 97.9%
to 98.8%. The val_loss (validation loss) shows how well
the model generalizes to unseen data, remaining low and
stable (around 0.06), while val_accuracy (validation
accuracy) stays consistently high (~98%), demonstrating
that the model performs well on both training and
validation sets without overfitting. Fig. 8 illustrates the
accuracy achieved across different epochs during the
training process, demonstrating consistent improvement
over iterations.

4.3 Precision, Recall, and F1-Score Evaluation

These metrics showcase the high accuracy and reliability
of the system across all classes of handwritten digits. The
precision, recall, and F1-score consistently demonstrate
the system’s ability to effectively identify and classify
digits. The results are presented in Table 1.

4.4 Experimental Results of the Recognition System
The handwritten digits’ recognition system was used to
identify real-life handwritten digits, as shown in Fig. 9.
We performed five tests for each of the classes 0-9 and
recorded the number of correct and incorrect predictions.
The results are presented in Table 2.
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(a) Sample Prediction 1 (b) Sample Prediction 2 {c) Sample Prediction 3

Fig. 9: Making Predictions with the Handwritten Digits Recognition System.

Table 1: Precision, Recall, and F1-Score Evaluation of the system’s ability to capture instances of each digit class,

Digits 0-9 minimizing false negatives.
Class Precision Recall F1-Score Table 2: Experimental Results of the Recognition System

0 97% 97% 97%

1 97% 98% 98% Class Test Correct | Incorrect|Accuracy

2 96% 97% 96% Count (100)

3 95% 97% 97% 0 5 4 1 80

4 98% 97% 96% 1 5 5 0 100

5 98% 98% 97% 2 5 4 1 80

6 97% 96% 97%

7 97% 96% 96% 3 5 3 2 60

8 98% 98% 98% 4 5 4 1 80

9 98% 98% 97%

5 5 5 0 100

4.5 Discussion of Results 6 5 4 1 80
The exemplary performance across all classes underscores 7 5 4 1 80
the robustness of the system in digit recognition tasks.
High precision values in Table 1 indicate minimal false 8 5 5 0 100
positives, which is critical for aiding visually impaired 9 5 5 0 100

individuals. Similarly, the high recall values demonstrate
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The Fl-score, as the harmonic mean of precision and
recall, reflects the balance between these two metrics. The
particularly impressive performance observed in classes 1,
5, 8, and 9 suggests the system excels at distinguishing
digits with intricate or similar features. Experiments were
performed under varying lighting conditions. The results
show good performance as seen in Fig 10. Incorrect
predictions were observed mostly under dim lighting,
which represents the major limitation of the recognition
system.

Accuracy of Experimental Result

ACCURACY[%}

& 4 5 6 7 8 9
CLASS OF NUMBER

Fig. 10: Accuracy of Experimental result

The consistent performance under various environmental
circumstances suggests that the preprocessing and
extraction of features phases play a major role in the
stability of the system. This implies that the model is not
unduly sensitive to small changes in input quality, which
is crucial for reliable operation. The majority of
misclassifications happen between visually similar digits,
according to the analysis of the confusion matrix,
suggesting that errors are more often caused by innate
form resemblance than by inefficient models.

From a usability perspective, the observed results affirm
that the system can deliver timely and accurate digit
recognition, which is vital for supporting independent
navigation and information access for visually impaired
users. Finally, the experimental outcomes validate the
feasibility of deploying the proposed system on resource-
constrained platforms, as high recognition performance is
achieved without excessive computational overhead,
making it suitable for portable assistive devices.

5. CONCLUSION

This project successfully achieved its objectives of
creating an innovative solution to assist individuals with
visual impairments in recognizing handwritten digits.
Through the integration of a Convolutional Neural
Network (CNN) model with a Raspberry Pi 4 Model B,
coupled with peripherals including a Pi camera module, a
3.5-inch display, and an audio speaker, a comprehensive
system was developed to provide both visual and auditory
feedback for digit recognition.

The evaluation revealed promising results, with high
accuracy rates achieved in digit recognition tasks. Low
latency during real-time operation indicates the system’s
suitability for practical use by visually impaired
individuals. Comparative analysis with existing solutions
highlighted the system’s strengths, particularly its
portability, affordability, and real-time processing
capabilities. Feedback obtained from user testing provided
valuable insights into usability, with users appreciating the
intuitive interface and multi-modal feedback mechanism.
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