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SO I SR

Abstract: Human-computer interaction is demanded for natural and convenient approaches, in
which finger-writing recognition has aroused more and more attention. In this paper, a device-free
finger-writing character recognition system based on an array of time-of-flight (ToF) distance sensors
is presented. The ToF sensors acquire distance values between sensors to a writing finger within
a 9.5 x 15 cm square on a surface at specific time intervals and send distance data to a low-power
microcontroller STM32F401, equipped with deep learning algorithms for real-time inference and
recognition tasks. The proposed method enables one to distinguish 26 English lower-case letters
by users writing with their fingers and does not require one to wear additional devices. All data
used in this work were collected from 21 subjects (12 males and 9 females) to evaluate the proposed
system in a real scenario. In this work, the performance of different deep learning algorithms, such as
long short-term memory (LSTM), convolutional neural networks (CNNs) and bidirectional LSTM
(BiLSTM), was evaluated. Thus, these algorithms provide high accuracy, where the best result is
extracted from the LSTM, with 98.31% accuracy and 50 ms of maximum latency.

Keywords: finger-writing character recognition; time of flight; edge deep learning; distance sensor

1. Introduction

Text input, transferring words in mind into digital information, occurs frequently in
our day-to-day activities. Typing, the most used method for the majority of individuals in
human-computer interaction, requires dedicated writing instruments, such as keyboards
or touch screens, which are not always available in everyday life [1]. W. Chen et al. [2]
presented an on-body typing system that allowed users to type on the backs of their hands
on a T9-shaped keyboard. It is an advance in typing systems, but typing with one hand
on a T9 keyboard is still awkward and slow. As a replacement for typing, speech/voice
recognition is more friendly for those who struggle with keyboards and has been developed
over many years [3,4]. However, it is sensitive to noise levels in the surroundings and could
disclose sensitive information [5]. To fill this research gap, Silent Speech Interface (SSI)
using deep neural network models and ultra-sound images to monitor a user’s unvoiced
utterance and convert it into speech signals was proposed [6,7]. Unfortunately, real-time
articulatory-to-acoustic mapping has not been accomplished by SSI.

Handwriting recognition is currently receiving more and more attention as a way to
go beyond the constraints of typing and speech recognition. As a part of our body, hands
and fingers are the earliest and most frequently used tool, and they are not an extra burden
for us. In early human history, our ancestors painted on cave walls with their hands and
fingers [8]. Various novel sensors have been applied in handwriting recognition to enable
users to write freely and naturally like our predecessors did, as well as to accurately read
what has been written. Inertial-based sensors are often used in wearable devices attached
to hands or fingers to gather precise body motion data [9-11]. Optical sensors provided a
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contact-free solution to track hand movement for recognition [12]. In addition, the use of
acoustic sensors [13], radar sensors [14], ToF sensors [15], etc., in handwriting recognition
has also been studied. All these sensing methods have their advantages and disadvantages,
considering user convenience, computational complexity and noises in the environment.

The majority of existing handwriting recognition methods equipped with different
sensors can be split into two groups based on whether they require direct contact with
hardware [13]. Generally, digital pens [9,16,17], smart watches [18], smart bands [19] and
other devices [10,20] using inertial-based sensors are attached to skin to acquire detailed
body motion data for classification. M. Schrapel et al. [9] used a microphone and an inertial
measurement unit (IMU) in a pen for handwritten digit recognition to record audio and
motion data while writing. T. T. Alemayoh et al. [16] also operated with a smart pen
equipped with an IMU sensor and three small force sensors for character recognition,
achieving a validation accuracy of 99.05%. Z. Zhou et al. [18] collected accelerometer
and gyroscope data from two smart watches, tested on the dataset of Hong Kong sign
language, and revealed a significantly lower word error rate when compared to other
existing machine learning or deep learning algorithms in the field. All of the research
described above requires the user to hold or wear the devices, which might occasionally
make the user feel constrained and unpleasant. Methods without device contact are more
natural and relaxed approaches for those who utilize recognition systems. S.Z. Gurbuz
et al. [21] used RF sensors for American Sign Language (ASL) recognition and classified
20 native ASL signs with 72.5% accuracy. D. S. Breland et al. [22] presented a robust
hand-gesture recognition system based on high-resolution thermal imaging, which was
light-independent and can be performed in low-light conditions. However, handwriting is
distinct from ASL or hand gestures that are made up of a collection of specific movements
that must be remembered before use. N. A. Khan et al. [12] applied optical sensors for
air-writing recognition and reached an average accuracy of more than 90%, but the method
light sensitive. B. Saez-Mingorance et al. [23] used one array of ultrasonic transceivers to
track the pairwise distance of the hand with each transceiver for character classification. The
best result had a latency of 71.01 milliseconds and an accuracy of 99.51%. These algorithms
were operated on the local computers, limiting their application in a wide range.

An increasing number of deep learning algorithms have been studied for handwriting
recognition. A shallow convolutional neural network (CNN) with a feature cube as its
input for gesture detection and recognition achieved an encouraging classification result
in real-time applications [20]. A multilevel decision (MLD) algorithm incorporating a
lightweight support vector machine (SVM) algorithm was developed to operate computa-
tion for keystroke recognition and showed satisfactory performance [19]. Both algorithms
mentioned above run on edge devices, while many other algorithms, e.g., long short-term
memory recurrent neural network (LSTM) and BiLSTM, have achieved satisfactory perfor-
mance in handwriting recognition, but they are rarely applied in edge-based tasks. BILSTM
is an improved version of LSTM, inheriting the strong sequential learning capabilities
of LSTM while enabling the unit to collect knowledge from both its previous units and
its future units simultaneously. BILSTM has emerged as one of the most common meth-
ods for tackling a variety of sequential data problems, including speech recognition and
handwriting recognition [18].

Edge devices for handwriting recognition have been developed because they are
portable and convenient. H. Zhang et al. [10] presented a real-time wearable system for
finger air-writing recognition based on an edge device, which was small enough to wear on
the index finger. S. Boner et al. [24] developed an integrated small and low-power processor
and gathered training data with the ToF sensors for gesture recognition. The system was
significantly smaller than an adult’s palm. T. Xing et al. [25] proposed a lightweight Wi-Fi
gesture recognition system, which was designed and implemented for deployment on
low-end edge devices. According to extensive experiments, the proposed system classified
different activities quickly and accurately in 0.19 s, with an accuracy of up to 96.03%. This
research on edge devices filled the gap for real-time and portable systems in text recognition,
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but the primary problem is that they either employed wearable technology or focused on
gesture recognition.

Edge devices deploying deep learning algorithms are also crucial in handwriting
recognition because of their portability and convenience. After hand motion data are
collected, they are sent to conventional workstations, Cloud or edge devices for analysis.
Comparing with the other two, edge devices require lower energy consumption and
latency [26,27]. Some works on the edge devices have used CNN for character classification
tasks and achieved high accuracy [10,14,26]. While other machine learning or deep learning
techniques, such as SVM, LSTM, BiLSTM, etc., have also been widely used in handwriting
recognition [28-30], relatively little research on edge devices has been conducted. The
application of different deep learning algorithms on low-cost and low-power edge devices
is a promising research direction in handwriting recognition.

In this paper, to provide an efficient and low-cost text input solution targeted at small-
screen devices (e.g., smartwatch) or people with poor eyesight, we propose a finger-writing
character recognition system based on an array of ToF sensors. ToF sensors offer small size,
accurate and low-cost options for three-dimensional (3D) imaging applications without
body contact [31]. The ToF sensors acquire pair distance values between each sensor to a
writing finger within an 9.5 x 15 cm zone on a flat surface at specific time intervals. Writing
on a surface, such as a desk, is frequently favored because it provides users with touch-
based feedback, enabling them to write more normatively. Collected distance data are sent
to a low-power microcontroller STM32F401 equipped with deep learning algorithms for
real-time inference and recognition tasks. The proposed method enables one to distinguish
between 26 English lower-case letters by users writing with their fingers and does not
require one to wear additional devices. Multiple classification algorithms have tested their
performance in writing recognition, including LSTM, CNN and BiLSTM. These algorithms
were chosen in light of their highly accurate outcomes for text-writing recognition obtained
by other researchers [19,29,30,32].

Compared with previous work, the main contributions and innovations of this paper
are summarized as follows:

(1) We develop a finger-writing character recognition system based on TOF distance
sensors, which is suitable for deployment on low-end devices for text input without
the support of any additional high-end computing facility.

(2) We employ simple and economically friendly sensors to decode the finger-writing
pattern efficiently.

(8) We design three deep learning algorithms for execution on low-end edge devices to
perform fast recognition with high accuracy.

(4) Meanwhile, our approach is an alternative text input solution to small-screen devices
(e.g., smartwatch) or people with poor eyesight.

The rest of this paper is organized as follows: Section 1 introduces the current research
status and related works about finger-writing recognition. Section 2 describes the archi-
tecture of the system. Section 3 presents the experiment for data acquisition. Section 4
describes the structure of deep learning algorithms and the specific parameters used for
each algorithm. Section 5 summarizes the results and provides a detailed analysis of
different algorithms used in the system. Section 6 focuses on the conclusions of this work.

2. System Description

The proposed system aims to realize a low-power and online finger-writing recognition
system based on an edge device. Figure 1 illustrates the overall architecture of this system.
Our system mainly includes three VL53L3CX ToF proximity sensors and an Arm Cortex®-
MA4F processor, which are all embedded in a driving module. Users draw letters with their
index fingers in the handwriting area on a flat surface that is within the detection range of
all VL53L3CX ToF sensors; the system realizes finger-writing character recognition online
via edge computing. More specifically, data are collected by VL53L3CX sensors, which
capture the distance signal data of the moving fingers and send them to the processor.
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Then, deep learning models are applied to recognize finger writing by an Arm Cortex-M4F
processor, and the recognition results are transmitted to the other devices (such as a laptop,
a smart phone, etc.) to a display using a USB serial communication unit.

TOF Sensor Area of
Driving handwriting

1l
11
ungg

(b)

Laptop

Figure 1. System overview. (a) Schematic of a distance-measuring ToF sensors. (b) Experimental

measuring device.

2.1. Driving Module

The driving module, including the STM32F401RE Nucleo development board and
the X-NUCLEO-53L3A2 expansion board, is shown in Figure 2. The STM32F401RE Nu-
cleo is the Micro Controller Unit (MCU) in the X-NUCLEO-53L3A2, which enables USB
communication with a laptop and is an expansion board that receives and processes the
measurement data from a ToF sensor board as an input signal. X-NUCLEO-53L3A2 is a
board with three built-in VL53L3CX sensors. It drives the VL53L3CX and transmits the
measured data to the expansion board [33].

STM32F401RE Nucleo board

nnnnnnnnnnnnnnnnnnnnnnnn

B [ Vis3i3cx

2 QS W) 2

Figure 2. Driving module.

VL53L3CX ToF sensor:

ToF is an accurate and easy-to-understand technology used for distance measurement.
It measures distances using the elapsed time that photons travel between two points, from
the sensor emitter to a target and then back to the sensor receiver.

The following formula computes the distance:

1

d= 5¢T @D

where d is the measured distance, c is the speed of light and 7 is the photon travel time.
In this study, three VL53L3CX ToF sensors embedded in the X-NUCLEO-53L3A2
expansion board are utilized to measure the distances between the static ToF sensors and



Electronics 2023, 12, 685

50f 14

a writing finger within a 9.5 x 15 cm square on a flat surface. Continuous and dynamic
distance data in finger-writing characters help neural network models extract more writing
features and to enhance the classification capability of the models. The VL53L3CX, which
integrates a single-photon avalanche diode (SPAD) array and physical infrared filters to
achieve the best ranging performance in various ambient lighting conditions, combines
the benefits of a high-performance proximity sensor with excellent short-distance linearity.
The specifications for the sensor are shown in Table 1.

Table 1. Technical specifications of VL53L3CX sensor.

Feature Detail
Package Optical LGA12
Size 44 x 24 x 1 mm
Operating voltage 26t035V

Infrared emitter 940 nm

Interface I2C bus

Distance 1-300 cm

Field of view (FOV) 25°

2.2. Edge Computing Unit

The edge computing device in this work is an STM32F401RET6U MCU in a Nucleo-
F401RE board. The MCU is based on the high-performance ARM Cortex M4 core equipped
with a Floating-Point Unit (FPU), operating at frequencies up to 84 MHz. The board is
supplied with 512 Kbytes of flash memory and 96 Kbytes of SRAM. The MCU offers
a 12-bit Analog to Digital Converter (ADC), six general-purpose 16-bit timers and two
general-purpose 32-bit timers. Moreover, thanks to its comprehensive set of power-saving
modes, the MCU allows one to design custom low-power applications that can perfectly fit
the requirements for TinyML.

In addition, VL53L3CX API is run on STM32F401RET6U MCU, enabling control of
the operation of the ToF sensor and the display of the measured data in this study. An
artificial intelligence package from STMicroelectronics, called X-Cube-Al, is used to load
and benchmark the previously trained deep learning models on an STM32F401RET6U
created in a PC server.

Briefly, the STM32F401RET6U, as an edge device, is in charge of distance sensor
data collection, pre-processing, inference and recognition tasks on devices with edge deep
learning algorithms.

3. Data Collection
3.1. Data Acquisition Module

Data acquisition begins when a finger moves in an area of 9.5 x 15 cm that is 8.5 cm
from the ToF sensors for more than 15 ms. Three ToF sensors obtained distance data
between themselves to the writing finger, with a time interval of 30 ms in sequence and
repeated 20 times. The distance values more than 18 cm were removed in order to guarantee
that the model was trained on reliable data. After trimming the raw data, each dataset has
a shape of 20 x 3, as in (2), where the row represents data gathered by three ToF sensors for
once and the column is the width of the shifting window. These datasets can be directly fed
into LSTM and BiLSTM, while being reshaped as 60 x 1 as the input of CNN.

Based on experimental results, writing on simple characters, e.g., “a”, “c” and “h”, which
can be completed without leaving the surface, takes 0.7 s, on average, while the relatively
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complex characters, such as “f”, “k” and “t”, take 1.2 s, on average, ensuring that the whole
trajectory of finger motion is obtained within the setting time (1.8 s, 30 ms x 3 x 20).

dip  dip  dig
dyr  dap do3

dy, daop doos

3.2. Data Acquisition System Experiment

As the subjects in this study, 21 students from our institute were recruited to collect data
for model training. Of the 21 students, both sexes were represented fairly equally, with a slight
male majority of 12 (57.1%) students. Regarding the participants” dominant hand, there were
18 (85.7%) right-handed students and 3 left-handed students (14.3%) among the 21 students.

Without specific instructions on how to write characters, participants were asked to
draw characters in their natural writing style within a 9.5 x 15 cm zone on a flat surface
using their index finger as vertically as possible to minimize errors caused by different
hand shapes (Figure 3). The writing speed for these characters was chosen freely by the
subjects. When the subject finished writing a letter, the laptop displayed a list of 60 number
integers, which is the motion data collected by three ToF sensors for the letter. At the same
time, the subjects can choose to delete the recording or start again with the character. The
subject then started writing the next letter. To avoid recording unconscious movements,
such as movements that are not associated with the writing itself, each subject was asked
to offer 15 sets of all 26 characters. Figure 4 shows examples of the data collected by ToF
sensors for finger-written characters “i”, “m”, “p” and “x”. When comparing the three
sensors of the four letters, there are clear differences to distinguish the characters, even by
the naked eye.

In total, 8190 datasets were prepared. Out of these, 60% of the datasets were used for
classification model training, 20% were used for validation during the training and the
other 20% were left for testing the trained model.

Figure 3. Drawing letters vertically on the flat surface.
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,“m”, “p” and “x” from three ToF sensors.

Figure 4. The signals of

4. Structure of the Deep Learning Algorithms

Unlike traditional machine learning, deep learning can automatically discover and
extract the features from the raw sensor data without extracting hand-crafted features and
is widely used in activity recognition. In this section, three deep learning models, including
LSTM, CNN and BiLSTM, were investigated for the classification of 26 English lower-case
letters by finger writing.

4.1. Long Short-Term Memory (LSTM)

Due to their capacity to transcribe data into sequences of characters or words while
maintaining sequential information, LSTM networks are frequently used in handwriting
and speech recognition applications. In this study, finger-writing data were collected by an
array of ToF every 30 ms forming time-sequential information like that used in forecasting.
As a result, the LSTM model is a good candidate for deep learning training.

In this study, the structure of this network is a single LSTM layer with 60 cells, with a
time-step size of 3, followed by one fully connected layer with 26 neurons. The LSTM layer
uses a tanh activation function while the fully connected layer uses the traditional SoftMax
activation function for classification tasks. The structure can also be visualized in Figure 5.

Kernel <3 x 240>
: . Kernel <60 x 26>
[ input ]—{ mputLayer ]—> Recurrenttkemel <60x 240> Bias <26> 3
Bias <240>

Softmax

Figure 5. LSTM structure implemented for character recognition.
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4.2. Convolutional Neural Network (CNN)

As mentioned in the previous section, CNN is a very popular neural network due to
its excellent performance in image processing and human activity recognition.

For CNN’s input, the input datasets were rearranged to 60 X 1, as is indicated in the
previous section. As shown in Figure 6, the model consists of six convolutional layers to
extract relevant features from the input data. The first layer has 8 filters of dimensions
2 x 2, the second and third layers both have 16 filters of dimensions 3 x 3 and the remaining
convolutional layers have 16 filters of dimensions 3 x 3. After these convolutional layers,
a flattened layer and a fully connected layer with 16 neurons are included to classify the
features into 26 lower-case letters. After every two convolutional layers, a “Max-Pooling”
layer is applied to reduce the spatial dimensions of the input data. All the layers included
in this network use the tanh activation function except for the last fully connected layer,
which uses the SoftMax activation function for the final classification.

ConvlD ConvlD ConvlD

ConvlD
H = < > : K | <3 x 16 x 16> Ke | <3 x 16 x 32>
[ input H inputLayer Kemel <2x1x6> Komel =3 % a1 MaxPooling1D i Bios <325 o
1as

TanH TanH TanH

ConvlD

ConvlD ConvlD

Kernel <3 x 32 x 32>
Bias <32>

Kernel <3 x 32 x 32>

Kernel <1568 x 26>
6> Bias <32>

Bias <

Flatten MaxPoolinglD MaxPoolinglD

TanH TanH

TanH

Figure 6. CNN structure implemented for character recognition.

4.3. BILSTM

The BiLSTM is a special LSTM model. It is made up of two bi-directional LSTM layers
in two directions, as shown in Figure 7. The first LSTM layer has 16 cells, with a time-step
size of 3, and the return sequences are set to be True to return the full output sequence. The
second LSTM layer uses 32 cells, with a time-step size of 3, followed by one fully connected
layer with 26 neurons.

bidirectional bidirectional

Dense

Implementation = 2 Implementation = 2
2 . Recurrent_activation = sigmoid Recurrent_activation = sigmoid Activation = softmax
[ |nPUt mPUtLayer Return_sequences = true Return_sequences = true Units=26

Units =16 Units =32

Softmax

Figure 7. BiLSTM structure implemented for character recognition.

5. Experiment and Discussion

In this part of the paper, the training results of the three models will be discussed.
On the computer side, all three models were compiled based on the categorical cross-
entropy loss and a learning rate of 0.001, applying the Adam optimizer algorithm for about
200 epochs. The training was conducted using a computer with an NVIDIA RTX 3080 with
10 GB of GDDR6X memory, an 8704 CUDA core, an Intel Core i7-7700 HQ at 2.80 GHz and
32 GB of RAM. Python programming language was used for training and classification.
All three deep learning models were trained with the same training, validation and testing
dataset to obtain a fair training performance comparison. Then, STM X-Cube-Al expansion
package is usable within the STM32CubeMX configuration tool. This package provides
an automatic conversion of a pre-trained neural network and integration of generated
optimized library into the user’s project.
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On the MCU side, based on Keras library, we developed an optimized C code to run on
MCU that can be used by X-CUBE-AI software to perform the automatic deployment on the
STM32F401RE Nucleo board, which enables on-device inference on the STM32F401RE MCU.

Figures 8 and 9 show the three models’ validation losses and validation accuracy, re-
spectively. The validation dataset was an unknown dataset for the models. As a result, the
validation loss graphs can also be used to observe training progress. In both figures, the LSTM
performs poorly in the beginning and fluctuates greatly during the whole process. CNN
achieves the best result at first and exhibits some ripples during its training, while BILSTM
maintains the most consistent performance throughout the entire procedure and reaches the
best result in the end. This may mean that CNN is not good at extracting temporal features,
while LSTM and BiLSTM are capable of keeping sequential information [16].

196 &

N N O O N O o 00N A D
O -« &N O < < D O O I~ 00
o A H A A A A A Ao

—— BiLSTM Val Loss ——CNN Val Loss —— LSTM Val Loss

Figure 8. Loss of the validation datasets.

1.05
0.95
0.85
0.75
0.65
0.55
0.45

Dcx)k.Dﬁ’NOOQ\D@NOCO&.D?NOCDk.DgNOGJk.DﬂN

A NN FTINONDOXDNO ANNM® N OO RK D

™ ™ = e e e e e

— BilSTM Val Acc  ——LSTM ValAcc —— CNN Val Acc

Figure 9. Accuracy graphs of the validation datasets.

The parameters of three classification algorithms for finger writing are presented in
Table 2. These parameters primarily include the number of parameters, the latency and
the accuracy of the models to indicate how well suited they are for the tasks as well as the
complexity and size of the models, especially when operating on low-power edge devices.
Table 2 shows that CNN, LSTM and BiLSTM all achieve satisfactory accuracy, above 95%.
The BiLSTM model, with accuracy results of 99.82%, is the most accurate model. The LSTM
and CNN achieved similar results, with a difference of 1.51% and 3.95% lower accuracy
than BiLSTM, respectively. The CNN model achieved the lowest accuracy among the
studied algorithms. To obtain a fair comparison result on latency, all latency measurements
were carried out on the same device. The LSTM requires the lowest latency and has the
fewest parameters. After considering parameters (accuracy, latency inference and resource
consumption), LSTM still performs the best among the three.
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Table 2. Comparison of the studied classification algorithms for finger-writing recognition.

Model Number of Parameters Maximum Latency (ms) Accuracy (Test Data) RAM (KB) Flash (KB)

BiLSTM 20,890 71 99.82% 5.34 82.73
LSTM 16,946 50 98.31% 2.21 66.90
CNN 49,778 80 95.87% 7.90 194.45

In addition to the overall accuracy attained by the studied models, Figures 10-12
display the accuracy for each individual character. These figures show how the accuracy
of the classes are well balanced in the studied algorithms, except for CNN, where the
characters “c”, “n” and “v” achieved an accuracy under 90%, only 87.3%, 86.7% and 85.1%,
respectively. At the same time, in Table 3, we can see that the three highest misclassification
errors all come from CNN, and characters “c” and “a” occupy the first place, with a misclas-
sification error of 8.9%. This may be explained by the fact that their trajectories of writing
in the beginning are similar, as depicted in Figure 13. The second-highest misclassification
error rate is contributed by “e” and “t”, which is 7.0%. The two letters do not appear
to be related at all, but when “t” is written, a link connects its two portions (as seen in
Figure 14), making “t” have curves similar to “e,” which can sometimes cause the algorithm
to misclassify. The third position is taken by “v” and “u,” which are visually similar. In the
rest of the studied algorithms, the error distribution among different characters does not
indicate a clear misclassification across different classes, and errors are evenly distributed

across all of them.

Table 3. The three pairs of characters with the highest misclassification rate.

Rank Pairs Rate Classification Algorithm
1 a, c 8.9% CNN
2 et 7.0% CNN
3 v, u 6.3% CNN

BiLSTM Model Confusion Matrix

-0.8

Actual Gesture

N<XS<CH0WIODTOZE2r-rXcec _IOTMOO®mD»

TROQLLECORXNIDIENUQIQLO0ROXLDIAVNIY +1 4
Predicted Gesture

Figure 10. Confusion matrix generated using the BILSTM algorithm.
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LSTM Model Confusion Matrix

01 0o

002 000 000

-0.8

Actual Gesture

N<XXZS2<CH0WIPLITVTOZZ2rFrXcec —IOTMOITO®D>

TROQULKORXNDIEVR(N0RORXRDAVDI]+1 4
Predicted Gesture

Figure 11. Confusion matrix generated using the LSTM algorithm.

CNN Model Confusion Matrix

0 0. 00 000 001 0

- 0.8

Actual Gesture

N<XXZS2<CH®» IO ITO0OZZ2rFrXcec —IOTMOO®D>

TROUUQLLCORXNIDIEUQR0RORXR2AVN] +1 4
Predicted Gesture

Figure 12. Confusion matrix generated using the CNN algorithm.
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Figure 13. Similar trajectories of “a” and “c” in the beginning.
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Figure 14. Link between the two portions of “t”.

In addition, to the best of our knowledge, at present, public datasets that have been
acquired in a similar way to ours are not available. Hence, we could not find a relevant
study to compare our study with.

6. Conclusions

A finger-writing character recognition system, based on an array of ToF sensors
mounted on a low-power microcontroller STM32F401 equipped with deep learning algo-
rithms, is presented in this work. The system aims to distinguish 26 English lower-case
letters by users writing with their fingers in real time. Users are not required to wear
additional devices but write on a flat surface (such as a desk). The ToF sensors are used to
acquire pair distance values between each sensor to a writing finger withina 9.5 x 15 cm
zone on a flat surface at specific time intervals.

The proposed method enables one to distinguish 26 English lower-case letters by users
writing with their fingers and does not require one to wear additional devices. All data
used in this work were collected from 21 subjects (12 males and 9 females) to evaluate the
proposed system in a real scenario.

To test our system, a dataset containing 8190 finger-writing lower-case letter sam-
ples was recorded. Multiple algorithms were researched for this paper to study their
performance in finger-writing recognition. It is shown in this paper how these algorithms
provided high accuracy, whereby the best result was extracted from the LSTM, with 98.31%
accuracy and 50 ms of maximum latency.

Despite the small benchmark datasets in this work, the study will serve as a foundation
for further investigation into the automatic digitizing of handwritten characters, particularly
from finger-writing motion. In the future, this approach will be expanded to include more
symbols, such as writing commands and punctuation.
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