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Abstract:

Gesture recognition technology has become increasingly popular in various
fields due to its potential for controlling consumer devices, robotics, and even
translating sign language. However, there is still a lack of practical applications
in daily life, especially for consumer products. Previous studies primarily
focused on gesture recognition and did not delve into exploring the potential
applications of gesture recognition in human interaction. This work aims to
address this gap by deploying a gesture recognition model into practical
applications and exploring its potential in human interaction. The proposed
model combines the use of 3D convolutional neural networks (3DCNN) and
long-short-term-memory networks (LSTM) for spatiotemporal feature
learning. Six common interactive dashboard gestures were extracted from the
20BN-Jester dataset to train the model. The validation accuracy reached
80.47% after ablation studies. Then, two test cases were conducted to evaluate
the effectiveness of the model in controlling Spotify and the Atrtificial
Intelligence of Things (AloT) smart classroom. The response time for each
recognition was approximately 100 to 150 milliseconds. The proposed
research aims to develop a simple yet efficient model for hand gesture
recognition, which has the potential to be applied in various fields beyond just
music and smart classrooms. With the growing popularity of gesture
recognition technology, this study contributes to the advancement of practical
applications and product innovations that can be integrated into daily life,
thereby making it more accessible to the general public.
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Introduction

Human-computer interaction has expanded in various ways as a result of the rapid advancement
of computer technology, from speech recognition to motion tracking and gesture detection
(Igbal, Nagvi, Khan, Khan, & Whangbo, 2022; Shera et al., 2021). Customer satisfaction
towards products has undergone changes following the pandemic (Seap et al., 2022). In recent
years, the market for gesture recognition has expanded quickly, particularly post-COVID-19
pandemic, where touchless interaction is much desired. Accurate real-time recognition and
transmission of hand action signals are necessary for an interactive dashboard with hand
tracking to improve the interactive experience. A developed and useful model is therefore
necessary for widespread application and business goals. Gesture recognition is anticipated to
displace current technology in the future. Future smartphones, tablets, desktops, laptops, and
Internet-of-Things (1oT) gadgets will likely integrate more sophisticated capabilities that mix
air gestures and radar sensors in favor of more conventional input methods like the mouse,
keypad, and touch (Seiger, Kiihn, Korzetz, & ABmann, 2021). The idea of space-interval
gesture manipulation, which is frequently shown in science fiction movies, is becoming more
and more plausible. Therefore, our work aims to validate a gesture recognition model to be
deployed into practical usage, namely interactive dashboards for Spotify and Artificial
Intelligence of Things (AloT) based smart classrooms.

Hand Gesture Recognition

Existing hand gesture recognition techniques can be classified into two categories: vision-based
and non-vision-based. The former usually uses cameras to capture color and depth, while the
latter uses sensor-based methods to capture movements such as using data gloves. In this study,
we focused on vision-based approaches only because Rautaray et al. (Rautaray & Agrawal,
2015) have examined earlier studies on the use of hand gestures in activities involving human-
computer interaction and emphasized the significance of data processing in vision-based hand
gesture identification. For the vision-based approach, hand gestures can be recognized as long
as they can be seen via the cameras or sensors, no matter they are dynamic or static. A hand
gesture recognition algorithm can be developed based on convolutional neural networks (CNN)
and recurrent neural networks (RNN) (Nufiez, Cabido, Pantrigo, Montemayor, & Vélez, 2018;
Obaid, Babadi, & Yoosofan, 2020). Since gesture recognition includes image sequences, long
short-term memory (LSTM) is also a popular approach for such problems (Y. Zhu, Xie, Zhang,
& Li, 2023). The existing gesture recognition approaches may have added new features such
as skeleton features (Nufiez et al., 2018), contextual information (Wang, Gao, Song, & Shen,
2017) or others (Jiang & Chen, 2018; G. Zhu, Zhang, Shen, & Song, 2017) to improve the
performance because they are not designed for human interaction systems. They may not
capture all the subtle nuances and variations in gestures for the interactive dashboards.

Therefore, we extracted only specific gestures, including “Swiping Left”, “Swiping Right”,
“Thumb Up”, “Thumb Down”, “Stop Sign”, and “No Gesture”, from the dataset. This selection
ensured that the model was trained optimally for the interactive dashboard.. All the hand
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gesture samples were made by numerous crowd workers and were performed over a variety of
backgrounds. People's appearances vary greatly, while complex ambient occlusion and
background scenes are also an added advantage of model training.

Interactive Dashboard

Gesture recognition technology's main target market at the moment is the consumer electronics
industry, which also holds the highest market share. The rising demand from the automobile
industry is responsible for this market's expansion (Shang, Liu, & Li, 2022). With more people
using consumer electronics like computers, tablets, and smartphones, there is a bigger market
for products that support gesture recognition technologies. Moreover, gesture recognition
technologies have contributed to the enhancement of ergonomics in various consumer gadgets.
Gesture recognition technology could become more widely available as a result of
technological improvements. In addition, gesture recognition technology has potential uses in
specialized industries like healthcare, where it can help with sanitation and disease prevention,
or for people with disabilities who need alternative ways to connect with technology.

However, most companies and developers are having problems selecting the right tools, gesture
recognition type and algorithms for their use-case. Therefore, the purpose of this study is to
offer insights into the deployment of gesture recognition model on an interactive dashboard. It
also aims to showcase how different types of gesture recognition perform in different
situations, as certain types may be more suitable for specific use-cases. Additionally, we
presented a viable use-case and showed how gesture recognition may be used practically in a
real-world application. As a result, it may help to encourage the widespread use of gesture
recognition technology, which may offer a fresh and effective method for consumer
electronics.

The research is organized into 5 Sections, next Section 2 provides the literature review that
focuses on gesture recognition models and technologies. Section 3 covers the gesture
recognition model training and deployment of the interactive dashboard. In Section 4, the
performance of our model and the overview of the two test cases of the dashboards are
described, while in Section 5, the conclusion, limitation and future work are presented.

Literature Review
Over the years, new studies have consistently emerged in the large subject of hand gesture
detection. Nevertheless, realistic scenarios still present difficulties, and underlying intraclass
variation and interclass similarities provide serious issues (Shang et al., 2022). Gesture
acquisition, feature extraction, and classification algorithms are the common processes in hand
gesture recognition.

Besides that, the different types of gesture recognition can be applied to various applications
but yield different results. This makes it challenging to choose a single solution that applies to
all situations. Furthermore, even within the same recognition system, the accuracy of various
gestures can change. It may vary as well due to cultural and geographic differences. For
dashboard interaction, while the set of movements and gestures is typically smaller, there are
still challenges such as the need for specialized hardware, like stereo or time-of-flight cameras,
which may not be readily available in consumer devices. Poor illumination and background
noise might make it difficult to recognize motions in the real world, necessitating more
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sophisticated motion detection. To maximize its potential for dashboard interaction systems,
further research is needed to address these issues.

Gesture Recognition Models

The recognition process is affected by the proper selection of features parameters and a suitable
classification algorithm. Various types of techniques can be used to implement the
classification and recognition of images through machine learning. Prominent classifiers that
used in gesture recognition include K-Nearest Neighbours (KNN), Support Vector
Machines(SVM), Random Forest, Naive Bayes, Logistic Regression and Multi-Layer
Perceptron (Sharma, Mittal, Singh, & Awatramani, 2020).

Since gestures involve multiple frames to capture the essence of certain movements, models
that are able to discriminate spatiotemporal features could outperform the others (Tsironi,
Barros, Weber, & Wermter, 2017). Therefore, numerous neural network-based architectures
have been proposed to learn spatiotemporal features for gesture recognition, which are inspired
by deep learning breakthroughs in image recognition. Recent work using deep convolution
neural networks (CNNs) has greatly improved the accuracy of dynamic hand gesture
recognition and has proven useful for gesture recognition in the challenging lighting conditions
(Jiang & Chen, 2018). CNN is a big step forward in image recognition. They are commonly
used to analyze visual imagery and are often working behind the scenes in image classification.
In the past, the extension to the video case for CNN remained an open issue. Baccouch et al.
(Baccouche, Mamalet, Wolf, Garcia, & Baskurt, 2011) expanded CNN to the 3D convolution
neural networks (3DCNN) to distinguish human actions using a depth video dataset, which can
learn spatiotemporal features for long short-term memory networks (LSTM) automatically.
Ohn-Bar et al. used the VIVA dataset (Ohn-Bar & Trivedi, 2014) to create an effective system
for dynamic hand gesture recognition system using 3DCNN and LSTM. With the fine-tuned
3DCNN, excellent spatiotemporal features are learned automatically to characterize the hand
movements video (Tran et al., 2020). Teja et al. (Reddy, Karri, Dubey, & Mukherjee, 2019)
have also utilized 3DCNN for recognizing micro-expressions in videos. Figure 1 depicts the
3DCNN architecture proposed by Tran et al. (Tran et al., 2020). The network comprises six 3D
convolutional layers (Convl, Conv2, Conv3, Conv4, Conv5, and Conv6) in which Convl can
receive video as input, three max-pooling layers (pooll, pool2, and pool3) to downscale the
feature map, and two fully connected layers (fcl, fc2) before SoftMax output.
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Convl: ConviD

Conv2: Conv3iD

pooll: Maxpooling3D

Conv3: Conv3iD

Conv4: Conv3iD

pool2: Maxpooling3D

ConvS: Conv3iD

Convé: Conv3iD
pool3: Maxpooling3D

fcl: Dense

Figure 1: Block Diagram of 3DCNN (Tran et al., 2020)

Similarly, Molchanov et al. (Molchanov, Gupta, Kim, & Kautz, 2015) have achieved
significant progress in the development of dynamic hand gesture recognition using 3DCNN.
By conducting thorough evaluations, it has been demonstrated that combining low- and high-
resolution sub-networks can significantly enhance classification accuracy. Moreover, the
proposed data augmentation technique has been found to play a crucial role in achieving
superior performance. The 3DCNN has a clear advantage over its 2D version because it
performs convolutions in both the time and space dimensions to collect motion information.
The model is also highly adaptive to huge datasets because it can directly take complete video
frames as input without any prior preparation.

Gesture recognition, however, comes with its own sets of challenges to overcome, before the
technology fully matures and is suitable for the wider market. These include problems in
methodology, system building, interpretation of gestures, and the problem of applying it for
practical applications. Other than that, challenges in recognizing gestures also arise due to
environmental factors such as inadequate lighting, variations in users' skin color, and
difficulties in detecting edges (Yasen & Jusoh, 2019).

Deployment of Gesture Recognition Technology

This section of the literature explores gesture recognition systems that have been implemented
for user applications. Sarkar et al. (Sarkar, Gepperth, Handmann, & Kopinski, 2017) developed
a real-time gesture recognition system that can operate on a mobile device using a 3D sensor

optimized for sensor usage. The model used a combination of RNN and LSTM to achieve fast
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speed recognition with great generalization capacity, even when it was executed on a tablet.
This development creates the potential for seamless interaction on mobile devices, such as
smartphones or tablets, through gesture recognition. An detection approach was proposed to
resolve crucial real-time constraints by encoding generic lightweight hand gesture features
through Fisher Vectors (Avola, Cinque, De Marsico, Fagioli, & Foresti, 2020). This feature
representation was then analyzed through a LSTM to fully exploit video sequences.

Methodology

In this study, we proposed a 3D convolutional layer for short-term spatiotemporal features and
a Convolutional LSTM (3DCNN-ConvLSTM) layer for long-term spatiotemporal feature
learning to handle the hand gesture recognition task. We then employed SoftMax to predict the
hand gestures as well as applying Adam optimizer to handle sparse gradients on noisy
problems. Subsequently, the model was deployed to realize an interactive dashboard. The
architecture of the proposed 3DCNN can be seen in Figure 2.

3DCNN + RelU

1X128 1X6 ’ Sesture ‘
Recognition

3D Max Pooling

S

=
} 2D LSTM

32 X (3X3X3)
(2X2X2)
(3x3X3)
(2X2X2)
40 X (3X3)

Fully connected + ReLU

Fully connected + Softmax

Figure 2: Architecture of 3DCNN-ConvLSTM Model

e Thisarchitecture is divided into the following layers.3DCNN layers, which enhance the
recognition of three-dimensional and moving images. Each layer incorporates a filter
that operates in three directions (X, y, z). Through 3D convolution, a convolutional map
is generated, providing time and volumetric context for data analysis.

e MaxPooling3D layers are employed to downscale the 3D data, effectively reducing the
dimensions of the video data.

e The dense layer consists of fully interconnected neurons that allow information to flow
between them. The one positioned at the end of the network is responsible for
converting the multidimensional matrix into a one-dimensional output vector. In our
case, 6 output neurons for 6 gestures.

Model Training
In Figure 3, the proposed system first read training and validation labels, allowing it to identify
which video in the training and validation sample corresponds to which label.

The system then initialized the target labels, which were the hand gestures chosen for model
training and prediction. The selected dataset for this study was the 20BN-Jester dataset
(Materzynska, Berger, Bax, & Memisevic, 2019), which consisted of labeled video clips
showing pre-defined hand gestures performed by humans in front of a laptop camera or
webcam. The dataset was created by a large number of crowd workers and provides an
opportunity to train robust machine learning models for recognizing human hand gestures. It
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was selected because it is the largest video dataset available for gesture recognition and offers
significant variability across actors performing the gestures. Six gestures were chosen from this
dataset to be used in our study, which were “Swiping Left”, “Swiping Right”, “Thumb Up”,
“Thumb Down”, “Stop Sign”, and “No Gesture”. These gestures were chosen because of their
intuitiveness for interaction. Table 1 and Table 2 show the number of samples used for training
and validation.

_ JISTM

Read training and
validation labels

l

Initialize target labels

Read from training
sample and validation
sample

l

Preprocess Frames

l

Add to list

|
l

Mormalize training
and validation data

l

Model

Save model weights

Figure 3: General Flow Of The Overall System Design
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Table 1: Overview Of The Training Samples
Gesture Number of samples
Swiping Left 1500
Swiping Right 1500

Thumb Up 1500
Thumb Down 1500
Stop Sign 1500
No gesture 1500

Table: 2 Overview Of The Validation Sample.
Gesture Number of samples
Swiping Left 494
Swiping Right 486

Thumb Up 539
Thumb Down 536
Stop Sign 536
No gesture 533

The system would then load the training sample and validation sample directories and begin
data pre-processing. We first unified the number of frames for each training before resizing the
frame to 64 by 64 pixels and returned it as a grey image. To ensure that all videos had the same
number of frames, a limit of 30 frames was used. Only the first 30 frames were extracted for
use if the video is longer than necessary, and the last frame was duplicated if the video is shorter
than required. A grayscale picture is one in which the only colors used are grayscale shades.
After pre-processing, the frames were appended to two separate lists accordingly, one for the
training sample and another one for the validation sample. Then, data was standardized by
removing the mean and scaling to unit variance before data were entered into the model to
improve model accuracy. The standardized training and validation samples acted as the input
for model training. Lastly, the weights of the model were saved for use on the interactive
dashboard.

Interactive Dashboard

The gesture recognition system was designed to interface for two test cases: 1) Spotify on a
personal computer; 2) AloT Smart Classroom. Therefore, it was designed to use gestures to
control the various functions of Spotify and electrical devices. The model used in the dashboard
was the same as the trained model training, a 3DCNN model combined with LSTM. The
weights of the model were loaded from the model, therefore allowing the model to do
prediction fast.

For Spotify, gestures were fed into the gesture recognition system to initiate actions such as
play, stop, skip to next track, skip to previous track, volume up, and volume down, by taking
advantage of Spotify’s keyboard shortcuts. The list of actions and their corresponding gestures
are listed in Table 3 while the logical flow is shown in Figure 4.
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Table 3: Actions For Spotify Dashboard And Their Respective Gestures And Simulated

Key Pressed
Action Gesture Simulated key pressed
Skip Backwards ~ Swiping Left Right control + Left Key
Skip Forward Swiping Right Right control + Right Key
Volume Up Thumb Up Right control + Up Key
Volume Down Thumb Down Right control + Down Key
Stop/Play Tracks  Stop Sign Left Mouse Button
Nothing No gesture Nothing

Keyboard
interrupt

Frames Captured
From Webcam

l

Preprocessing

l

Data from processed
Frame fed into
Conv3D model

Check if predictio No

passes precision
freshold

Trigger Keyboard
Action

Figure 4: General Flow of the Spotify Interactive Dashboard

When the interactive dashboard was run, the model would return the list of precision for each
possible gesture, and the gesture with the highest precision was chosen as the class of the
gesture. After that, the precision of the most likely gesture was checked against a threshold of
0.95 precision for their respective gesture, and if it passed that threshold, it would trigger a

keyboard action to interact with the Spotify dashboard. The system could be interrupted with
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the key ‘q’.

For AloT smart classroom, gestures were fed into the gesture recognition system to initiate
actions such as open or lock door, on or off air conditioner, increase or decrease temperature
and on or off light. In this AloT Smart Classroom version, the sequence of actions is
comparable to the previous version for the Spotify Dashboard, but with a key distinction - rather
than using gestures to initiate a keyboard action, the gestures are used to prompt an insertion
into the PostgreSQL for the air conditioning, door, or lighting, based on the specific gesture
and the current status of the devices. The list of actions and their corresponding gestures are
listed in Table 4 while the logical flow is shown in Figure 5.

Table 4: Actions for AloT Smart Classroom and Their Respective Gestures

Action Gesture Data Sent

True/False, opposite of current
Open/Lock Door  Swiping Left status
On/Off Air True/False, opposite of current
conditioner Swiping Right status
Increase +1 to current temperature if still
Temperature Thumb Up in range
Decrease -1 to current temperature if still
Temperature Thumb Down in range

True/False, opposite of current
On/Off Light Stop Sign status
Nothing No gesture Nothing
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Keyboard
interrupt

Preprocessing

l

ConvaD Model
initialized

l

Loading Weights for
Conv3D model

l

Data from processed
Frame fed into
Conv3D model

heck if predictio MNo

passes precision
treshold

Trigger insert to
PostgreSQL tables
depending on
situation

Figure 5: General Flow of the Spotify Interactive Dashboard

Results and Discussions

The gesture recognition model was tested on the Jester dataset, a large-scale collection
comprising approximately 5,000 instances of pre-defined hand gestures on average.On this
challenging dataset, our model achieved validated accuracy of 80.47% which is shown in
Figure 6. It leverages the effect of a hybrid model instead of using pure CNN and LSTM
networks. The hybrid model takes advantage of CNN that can automatically extract
discriminative features.
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—— &
val_acc

0 1 2 3 4 5 B
Epochs

Figure 6: Accuracy Curve (acc = training accuracy, val_acc = validation
accuracy)

Besides that, Figure 6 also shows that we obtained such results at the 6" training epoch. Results
show that the model converged in 5" epoch and did not need more training. Thus, it would be
the best point to stop at the 6™ epoch. It is noticed that the training accuracy is increasing as
the model learns. On the other hand, the validation accuracy seems to fall between 70% to
80%. This means that the model would overfit if it continues to train after the 6™ epoch. To
ensure the model is optimized, ablation studies were done which are shown in Table 5.

Table 5: Results of Different Settings on the 6 Gestures from 20BN-Jester Dataset

Training setting Validation  Accuracy
(%)

3DCNN 76.12%

3DCNN + 2DLSTM 78.58%

3DCNN + 2DLSTM+ 3DMax 80.47%

Pooling

Subsequently, this model was saved and used for the test cases. There is no particular Ul for
the Spotify interactive dashboard as it just detects the hand gestures according to the preset
function in Table 3. However, the output of precision was shown in the terminal, which allows
the user to grasp the general idea of the detection process. Each of the recognition only used
from 100 to 150 milliseconds to show the prediction output on the terminal.

The test results for Spotify interactive dashboard are summarized in Table 6.

Table 6: Test Results For Spotify Interactive Dashboard

Hand Gesture Expected Result Actual Result Remarks
Swiping Left Previous track Previous Track

Swiping Right Next track Next track

Thumb Up Volume increase Volume increase
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Thumb Down Volume decrease Volume decrease

Stop (when paused)  Play song Play song Since the 'Stop'
gesture triggers the
left mouse click, the
mouse cursor must
be positioned on the
Play/Stop button to
activate this action..

Stop (when playing)  Stop song Stop song Since the 'Stop’
gesture triggers the
left mouse click, the
mouse cursor must
be positioned on the
Play/Stop button to
activate this action.

No gesture Nothing Nothing "No gesture” is a
class for any gesture
that does not belong
to the other five
classes. In practice, it
IS activated only
when no movement
is detected by the
camera.

For AloT smart classroom, the Ul is shown in Figure 7.

Room Temperature

Figure 7: Overview of AloT Smart Classroom Dashboard

The Ul was designed in a manner that is user-friendly and easy to understand. The top left
section shows the status of the devices, with on/off indicators which are color-coded, with red
for off and green for on. The top right section shows the current temperature of the air
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conditioner, and finally, the bottom section shows the energy usage of the system in watt-per-
hour over time. The refresh time of the dashboard can be customized to accommodate the
desired frequency of displaying output changes. By adjusting the refresh time, the dashboard
can update and reflect new information at specific intervals, providing a dynamic and real-time
user experience. Similar to the interactive dashboard in Spotify, each gesture recognition
process only took approximately 100 to 150 milliseconds to identify the user's gestures. Once
the gesture was recognized, it was promptly sent to the corresponding control mechanism for
further action shown in Table 7.

JISTM

Table 7: Test Results for AloT Smart Classroom Interactive Dashboard

Hand Gesture Expected Result  Actual Result Remarks
Swiping Left Open door Open door

(when door

locked)

Swiping Left Lock door Lock door

(when door open)

Swiping Right On air conditioner  On air conditioner
(when air
conditioner off)

Swiping Right Off air conditioner  Off air conditioner
(when air
conditioner on)

Thumb Up Temperature Temperature The “Thumb Up”
increase increase gesture will
increase the

temperature of the
air conditioner
until a maximum of
30°C, and the
temperature can be
changed regardless
of the “on/off”

status.
Thumb Down Temperature Temperature The “Thumb
decrease decrease Down” gesture will
decrease the

temperature of the
air conditioner
until a minimum of
16°C, and the
temperature can be
changed regardless
of the “on/off”
status.
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Stop (when light On light On light

off)

Stop (when light Off light Off light

off)

No gesture Nothing Nothing “No gesture” is
basically a class for
anything that

doesn’t belong in
the other five
classes, and only
triggers if there’s

no movement
detected on the
camera.

The caveat with these results is that sometimes the program would trigger the actions twice in
a row, but for the most part erroneous detections did not occur due to the 95% confidence level
threshold for triggering the action.

The biggest limitation in this study is the hardware requirements to achieve better and quicker
training time if new actions were to be added into the interactive dashboard. With better
hardware resources, the state-of-the-art of CNN and LSTM can be further utilized to train the
model with higher recognition accuracy.

Conclusion

This study built a 3DCNN and LSTM hand gesture detection model which was trained with
the 20BN-Jester dataset. For 6 different gestures, the final model showed satisfactory detection
accuracy. The model was then integrated with the Spotify dashboard, enabling users to manage
the dashboard with hand gestures. The interface system for an AloT Smart Classroom System
was also made by using the same gesture recognition model.

One of the limitations of this project is the limited number of trained gestures for the hand
gesture recognition system. With only 6 trained gestures, the number of actions that can be
mapped to these gestures and carried out is severely limited. Therefore, in future works, more
gestures can be trained on the model to allow for more actions to be carried out and to further
expand the functionality of this system.

Another limitation is that the current implementation of the dashboard control system relies on
the dashboard being controlled to have an “inbuilt” keyboard shortcut that the control system
triggers. Therefore, its function is limited to whatever the application allows the user to do with
the keyboard. One possible future improvement is to further enhance its control scheme to
adapt to whichever dashboard is currently being controlled, or to make it more flexible in its
control scheme.

Overall, this study serves as a foundation for future improvements in gesture control systems.
In the future, there is room for improvement in enhancing the accuracy of the gesture
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recognition system and optimizing the implementation and design of the model to enable better
performance of gesture predictions and make it more practical for real-world applications.
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