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With the fast improvement and development in deep learning and computer vision, the interaction between
humans and computers is becoming immense. This research work aims at recognizing hand gestures performed
in TEDx videos and analyse the relationship between gestures and user engagement. Here we propose a technique
based on deep learning, Convolutional Neural Network (CNN), to recognize hand gestures from a video or image
input. ResNeXt-101 model is used for the classification of hand gestures. Here we also used images from the
Twenty Bn dataset for some gestures while we also collected gesture images from TEDx videos. Our experiments
obtained high accuracy for gesture recognition on training as 95% to 99% and 94.35% for testing. Firstly a gesture
is identified in each frame and then classified. We also created a count function that helped us count the number
of times a gesture was performed and help us analyse these talks in a better way. Two experimental studies
were carried out to analyse viewer engagement: one, the effect of suitable gestures on the viewer count, and
secondly, suitable gestures on the sentiment of the viewer. Interesting results are observed that suitable gestures

from talkers have an impact on increasing positive review and viewer count.

Introduction

Due to the advancements in deep learning and expanded accessibil-
ity of video data with an extension of worldwide video networks, video
analytics has changed conventional computer vision to utilize powerful
deep learning techniques. Regarding video data analysis, deep learn-
ing techniques are used to teach the system to distinguish individuals
and objects in a video. By doing so, a video intelligence arrangement
can empower end-users to speed up investigations and examinations
via looking and sifting videos based on specific criteria. The intelligent
video analysis provides a situational analysis capability by considering
principles-based alerts used on videos and images. Moreover, it allows
inferring operational knowledge by envisioning the video information
into dashboards, graphs, identifying patterns, and mathematically an-
alyzing results. Deep learning has been applied to numerous research
areas such as time series forecasting, image segmentation, video analy-
sis, image classification, etc. Video analytics has brought out many real-
time applications. Video analytics usually involves object detection, ob-
ject identification, face detection, face recognition, and gesture recog-
nition. In this research work, we performed the recognizing of hand
gestures using deep learning algorithms and then analyzed the results.
A gesture is characterized as the actual motion of the hands, fingers,
arms, and different parts of the human body along which a human can
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pass on significance for cooperation with one another. There are two
unique methodologies for human gesture recognition, the information
gloves approach (Lu et al., 2016) and the vision-based methodology.
The gloves approach comes with the obligation of using an apparatus
with masses of cables, although it still presents good accuracy and speed
of gesture recognition. The vision-based methodology was researched in
the accompanying investigations including, the recognition and order of
hand signals. This method can be considered the most practical option
as this avoids the usage of additional equipment. It is critical for the in-
frastructure of any gesture recognition gadget to be practically applied
to real-life scenarios.

In this work, we have developed a vision-based recognition system
using deep learning to recognize the most common hand gestures used
in TEDx talks and the number of times the gesture was used in the
video. Thus, in this methodology, we show the application of convo-
lutional neural networks (CNN) to TEDx video analytics. CNN models
have proved to be the best performing networks not only in gesture
recognition but also in object detection, activity recognition, and local-
ization (Kopuklu et al., 2018) (3). Many different algorithms and meth-
ods have been used for classification and detection of hand, such as
in Nguyen et al. (2015) Principal Component Analysis (PCA) is used
to select attributes, and neural networks are used for classification. In
Simonyan and Zisserman (2014) and Karpathy et al. (2014), many video
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frames are used as inputs to 2D CNNs. Many other methods are used,
which will be discussed in the literature sections. In our work, image
datasets such as TwentyBN were considered. Furthermore, several im-
ages were added to the image dataset by capturing frames of TEDx
videos using the OpenCV library in Python. To boost the accuracy, we
used the data augmentation technique to increase the number of images
to be used for training deep learning algorithms. For data augmenta-
tion, we have used Keras “ImageDataGenerator” to generate several new
images using the captured images at different angles, rotations, pixels,
zoom range, flips, etc. Here the parameters for flipping, rotations, and
others were kept in a small range to avoid extra loss. For our proposed
approach, we used 3D CNN and ResNeXt-101 (Hara et al., 2018). In this
paper, we have created a system that uses these approaches to work on
a custom-created dataset with newly added gestures performed using
both hands. Gestures performed using two hands have been challenging
to recognize.

With our proposed approach and workflow, we have enabled our
model to simultaneously identify gestures with two different hands and
identify gestures performed most commonly in TEDx talks. The paper
focuses more on identifying hand gestures in TEDx videos that can
help TEDx talkers improve their talks. The hand gesture performed dur-
ing these talks has been given more importance as they contribute to
communicating speakers ideas and effectively convincing the audience.
Thereby suitable gestures have a significant role in making TEDx videos
popular among the audience. Hand gestures serve as a neurological link
between one’s thoughts and their activity. These gestures help us visu-
alize the words and also help in increasing meaning. While speaking,
making hand gestures helps others remember what you say and helps
you speak more quickly and efficiently. These gestures also help gain
the listener’s attention. They are a visual aid that is unmatched in their
usefulness. The most popular TED Talkers used both their words and
their hands to communicate. In this study, we analyze TEDx talks us-
ing our architecture to identify hand gestures and find how these hand
gestures have helped TEDx talkers succeed. In the following sections,
we covered the literature survey and works done in gesture recognition.
The proposed methodology is given in section III, which elaborates on
training and other processes. Sections IV and V elaborate on the experi-
mental setup, results, and statistical analysis, and finally, the conclusion
is covered in section VI.

Literature review

A massive amount of user-generated data in social media plat-
forms are being used for many applications. Researchers in different
areas are trying to utilize these data and build a solid big data theory
model to solve the multiple issues and deal with various data (Kar &
Dwivedi, 2020). Twitter has attracted many users to share their opin-
ions and provided a centralized space to collect different global emo-
tional data. These data have been used in a specific domain to solve real
issues such as sentiment analysis and classification (Neogi et al., 2021)
and handling the misinformation (Aswani et al., 2019) and personality
dimensions (Lakhiwal & Kar, 2016).

Hand gesture recognition is a propitious subject, and it is applied
to several sensible implementations and practical works (Kojima et al.,
2000). A sample hand gesture is ascertained and acknowledged by police
work and securities to forestall criminal behavior (Cohen et al., 2008).
Hand gesture recognition has been used to build several applications
such as sign language recognition (Mitra & Acharya, 2007) and build
lie detection applications (Bond et al., 1990). For an image-based hu-
man hand gesture recognition system, since the quantity of variables
of a picture area is wide, it is crucial to extract the essential options
of the image. Recently, with the progress of CNN, abundant analysis
concerning document images has found success in Simard et al. (2003).
The CNN in image classification has fortunately resolved many issues
(Krizhevsky et al., 2012). Using the application of NLP and CNNLSTM
architecture sing language translator is developed in Agrawal and Uro-
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lagin (2020). Nasir et al. (2021), introduce a novel hybrid deep learning
model that blends CNN and RNNs together for false news classification.
The model was effectively verified, yielding detection results that were
much superior to non-hybrid approaches. Moreover, 3D-CNN extracted
features in the field of CNN by classifying pictures and combining them
with temporal options. The research work has been projected the com-
bination of exploring 3D-CNN and RNN connected (Molchanov et al.,
2016).

A strategy that utilizes the skin color model and AdaBoost classifica-
tion for hand gestures recognition have been proposed (Sun et al., 2018).
A study that orders computers using static and dynamic hand gestures
with three primary advances are presented in Plouffe and Cretu (2015).
Researchers have developed RGB-D static gesture recognition using fine
turned Inception V3 model in Xie et al. (2018). In Liu et al. (2015), a
profound CNN model is utilized to handle profundity assessment from
single monocular picture issues. It likewise means to investigate the
limit of profound CNN and persistent Restrictive Random Field (CRF).
The proposed plot learns the unary and pairwise possibilities of nonstop
CRF. Additionally, a model dependent on convolutional networks and a
novel super-pixel pooling technique is proposed, which is around mul-
tiple times quicker. This proficient model is a superior performing CNN
design. The authors have used a deep residual network for image recog-
nition in He et al. (2016). Temporal Segment Network (TSM) method-
ology is used in Wang et al. (2016), where this divides the video into
several small parts and uses 2D CNNs for action recognition. Tran et al.
(2017) used 3D CNNs and 3D pooling to captures features in differ-
ent dimensions. The 3D CNNs, instead of dividing videos into different
frames, takes in a sequence of the frame. Different new architectures
such as Covnet (Tran et al., 2017), GTN (LeCun et al., 1998), Very Deep
Convnet (Simonyan & Zisserman, 2014), ResC3D (Miao et al., 2017),
FOANet (Narayana et al., 2018) and fused model (Lin et al., 2018) have
already been utilized for detection and recognition applications. Ensem-
ble algorithms are also broadly used (He et al., 2016; Huang et al., 2017;
Szegedy et al., 2015) to coordinate data from various modalities and
further develop execution, which prompts unsuitable training and de-
duction in time in practice. In Donahue et al. (2015), the authors have
proposed highlighting features from CNN frames and applying LSTM for
global temporal modeling. A comparable methodology is proposed in
Molchanov et al. (2016) where a recurrent CNN for hand gesture recog-
nition, which again used 3D CNN to extract features of the hand. Many
other methods used Markov models (Vieriu et al., 2011) for real-time
static gesture recognition. Improving the classification performance of
the nearest neighbor classifier is given (Athitsos & Sclaroff, 2005). Us-
ing both the depth and intensity information given by time of light static
hand gesture recognition presented in Oprisescu et al. (2012). Real-time
hand gesture recognition using ResNext-101 is used in Kopiiklii et al.
(2019). Optimizing and fine-tuning of the deep network is carried out
in Chauhan et al. (2021) for Covid-19 medical images. Hand gestures
are applied for human-computer interaction in 7th International Con-
ference on Advances in Computing and Communications (2017). Based
on multi-features fusion and template matching, gesture recognition is
carried out in 2012 International Workshop on Information and Elec-
tronics Engineering. Lu (2019) carried out the analysis on techniques to
improve the viewers’ engagement and communication efficiency in the
live stream. Several databases of videos containing videos on demand,
long video and live content are analyzed to understand the quality of the
videos on user engagement (Dobrian et al., 2011). Viewer engagement
is studied on videos related to the gift-giving behavior in Yu et al. (2018)
and found that engagement is positive with such videos. The researchers
in Chen et al. (2015) present a new model using computer networks
for predicting individual viewer involvement. They used self-deployed
routers on the university campus to collect engagement information
from online video traffic. YouTube data of 6 million videos spread over
25 thousand channels are used in Hoiles et al. (2017) and studies social
dynamics and viewers engagement. Garg et al. (2021) use an Artificial
Intelligence-based method, i-Pulse, that can review and evaluate thou-
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Fig. 1. Overall workflow.

sands of surveys. This can help large organizations to gain insights to
improve their work culture. The (Rautaray & Agrawal, 2015) research
aims to gain a deeper understanding of how streaming can be improved
using HCI techniques. In Tran et al. (2015), techniques are presented for
learning spatiotemporal features using 3D CNN. The main difficulty in
egocentric vision is due to global camera movement, which is addressed
in Cao et al. (2017) using recurrent 3D CNN. Doubly deep Long-term Re-
current Convolutional Networks are presented in Donahue et al. (2015),
and they have the capability to extract space and time information. In
Wang et al. (2016), researchers extracted feature point matches between
frames to represents motion videos. A two-stream inflated 3D CNN was
used to learn Spatio-temporal features on the Kinetic Human Action
video dataset in Carreira and Zisserman (2017). The gesture recognition
in a complex environment is carried out in Liang et al. (2015) using the
multi-feature fusion technique.

Proposed method

This section explains our two architectures for real-time hand ges-
ture recognition in TEDx videos using CNN and ResNeXt-101. Further,
we explain the basic hierarchical architecture for detection in videos.
With the accessibility of enormous datasets, CNN-based models have
demonstrated their capacity in hand gesture recognition tasks. The 3D
CNNs designs particularly stand out for video examination since they
utilize worldly relations between outlines. Fig. 1 shows the overall work-
flow of the model. At first, we collect images from different datasets and
TEDx videos. Moreover, we are then using the data augmentation tech-
nique to increase the dataset size, which helps increase the accuracy of
the model. Pandas(1.3.1) library is used for pre-processing of images.
We have used ResNeXt-101 for training our model. We need to prepare
data according to the predefined methods. Here ResNeXt-101 takes in a
target size of 64 by 96 size frames from videos, and we also predefine
the number of frames per second to be 15. A skip value of one second for
the trained model to work on a single frame. The Stochastic Gradient
Descent (SGD) is an optimization algorithm when training the model
using ResNeXt-101. Finally, the classification step is performed to clas-

sify gesture output. Further, we explain the entire functioning of the
workflow in more detail.

The processing steps followed during real-time hand gesture recogni-
tion in our architecture is shown in Fig. 2. Since the algorithm does not
know when the gesture is being performed in each video, we used frame-
by-frame passing of images using a video to get the most efficient output.
Each frame is passed into the detection algorithm, which further sends
the frame to the classifier to classify the hand gesture performed. The
primary purpose of the detection algorithm is to identify whether a ges-
ture is performed or not and look for a similar gesture using the trained
model. If no gesture is performed, the frame is passed, and no output is
presented. Then the next frame is given as input to the detection algo-
rithm. The overall performance of this model highly depends upon the
detection algorithm. Hence this detection algorithm must be very ac-
curate. That is the crucial reason for giving every frame as input to the
algorithm. The detector is also trained to reduce false positives values as
much as possible. If a gesture is recognized, a number is assigned to the
frame passed to the classifier. The classifier has been predefined with
gestures and their corresponding numbers. As the classifier receives the
frame with a particular number, it then classifies the frame into a ges-
ture and moves to the next frame. For gesture recognition, ResNeXt-101
(Hara et al., 2018) architecture is used. The authors of the paper had
reformulated the entire network to learn residual functions concerning
the layer inputs. Residual networks tackle the problem of gradient be-
coming infinitely small. Whenever a neural network has many layers,
the gradient is pushed back to the previous layer—eventually bringing
the gradient to a minimal value that further affects the network’s perfor-
mance. However, with the introduction of residual networks, this prob-
lem has been tackled efficiently. The counting function is an additional
part of our algorithm that helps us count the number of hand gestures
performed in a particular video. We used Pandas Library (1.3.1). We
used the Series and value counts function in the library that took in out-
put from the classifier and added up all of them separately. In the end, it
printed the result in column format where the number of hand gestures
is mentioned against the name of the gesture. In Fig. 2, the dotted red
frame is currently in the detection algorithm, while the dotted yellow
frame is a waiting queue and is the next frame to go inside the detection
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algorithm. Dotted blue frames show the total frames left. The classifier
stays activated according to the number of frames in the blue dotted
lines.

ResNet architecture is built using the concept of residual blocks. Sup-
pose a residual block starts with some activation. The first step is to ap-
ply the linear operator by multiplying the weight metrics and adding
the bias to the initial activation. Then the activation passes through
the ReLU layer. ReLU gives the rectified feature map of an image.
Since Resnets involve multilayer networks, we pass the activation again
through the second layer of a linear operator and similarly again through
the ReLU layer. Whereas in Resnets, we skip the first and the second step.
We skip connections to avoid gradient loss. Here a skip connection is es-
tablished. With the introduction to skip connection, we can avoid plain
networks and instead use Resnet as these have given minor training error
compared to theoretical error compared to other networks (Hara et al.,
2018). Figs. 3 and 4 show the comparison between plain networks and
residual networks. In Hara et al. (2018), the working of these networks
and even a 1000 layered network can be trained with minor training er-
rors. We use this architecture and the ResNeXt-101 defined in Kopiiklii
et al. (2019) as our base for the training on our dataset.

Experimental setup

The results of the experiments were obtained using real-time videos
given as input. First, the results were tested using our self-created image
dataset. The dataset was built by collecting videos from YouTube and
different TEDx talks and capturing frames of hand gestures to be rec-
ognized using OpenCV (4.5.3). The images were captured in 400 x 400
pixel resolution as shown in Fig. 5. Our final image dataset contained
17 hand gestures and a total of 130000 sample images. Many skin tones
and a variety of shapes helped us build a general model.

Experimental results

The accuracy and loss for the proposed model during training and
testing are shown in Fig. 6. The proposed architecture produces the re-
sults on test data which are shown in Table 1. An accuracy of 94.35%
and an Fl-score of 94.23% are obtained. The recall is 93.73%, while
precision is 97.83% on the proposed model. The training and testing of
our model are carried on a custom-built dataset. Our dataset included
some new gestures that were added and have shown less accuracy than
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Fig. 5. Sample collected gesture images.

Table 1
Detection results.

Model Recall ~ Precision  Accuracy  Fl-score

Resnet  93.73 97.83 94.35 94.23

more common gestures but still have an overall high accuracy value. Af-
ter performing the experiment and observing the results, it was evident
that ResNeXt-101 is one of the best performing CNN.

Fig. 7 shows us some of the live results recorded while testing our
model. TEDx videos were given as input, and gestures were recognized
live by the model very accurately. However, the model is not perfect
but has performed well. With the recognition of live gestures, we also
counted the number of gestures performed in every video given as input,
and the detected gesture for every frame is saved. The frame with the
highest accuracy of a particular gesture performed within the time limit
is printed. If the same gesture is performed after a certain amount of
time, it is then saved as another gesture and added to the count of that
gesture. Hence, we were able to count the number of times a gesture is
performed. With the help of the count function, we were able to detect
the most common gestures performed in the TEDx videos.

Figs. 8 and 9 show us the most common gestures performed in
our testing videos. We tested around 25 videos in total using our
model—results and analysis of 4 such videos in the Fig. 8(a), (b), (c),
and (d). The count function helped us analyze the results. As shown, the

Model accuracy

0.90 1
085
0.80 1

075 /

0.70

Accuracy

0.65 1
0.60 1
055 = Train
050 Val

0 20 40 60 80 100
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(a) Model accuracy
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most common gesture used was handed apart. This gesture has proven
to improve the TEDx talks experience by making them more interactive
and help communicate the idea or the story in a better way. Other ges-
tures were also used in videos. Some other gesture is recognized as a
category where the gesture performed cannot be classified as one of the
gestures in the training set and hence is classified as some other gesture
to avoid confusion and reduce false positives. In the future, we can im-
prove the accuracy and performance using different detection methods,
adding new gestures to the dataset, and finding new ways to identify
and locate these gestures in images. Figure showing the various hand
gesture made by TEDx speakers during his/her talk.

The above results show an analysis of some videos which were used
for testing purposes. Now we analyze how performing more hand ges-
tures has led to better engagement with the audience. Using our archi-
tecture, we were able to derive a relation between hand gestures and
successful TEDx talks. In an experimental setup, we mentioned we gave
the most famous TEDx talks as inputs. Fig. 9 shows the output of this
relation. We noticed that we could recognize around 60 hand gestures
in a 5-minute-long video with our architecture. Now we compared this
result with the less popular TEDx videos. The less popular TEDx talks
had an average number of 26 gestures in a minute video. This led us
to conclude that meaningful hand gestures are to engage a more sig-
nificant number of audiences. We saw that famous TEDx talkers used
almost twice the number of hand gestures than in the other TEDx talks.

Tables 2 and 3 here shows the count function results represented in
the form of a table. This table is showing the results of the model on ten
videos. The testing videos were selected carefully as TEDx videos in-
volve various camera angles, leading to false positives and bad results.
Hence the videos selected for testing were first selected. The video dura-
tion was also reduced to the point where the camera angle in the video
is suited for the model. Fig. 10 depicts the effect of performing hand
gestures on views. Fig. 10(a) graph shows that as the number of hand
gestures increases, so does the number of views. The first graph depicts
the points of view in exponential terms: 0.25 equals 0.25 x 10"7 views.
The Fig. 10(b) graph shows the same comparison, but with less popular
videos and fewer views. We can see that the hand gestures performed
are twice as few as those seen in popular videos. Even in less popular
videos, we can see that increasing the number of hand gestures increases
views. This demonstrates how effective hand gestures are in TEDx talks.
The following two tables show how many gestures are performed in the
most popular and least popular videos and how many different gestures
are performed.

Fig. 11 compares the different hand gestures used in Popular Vs.
Less Popular videos. The figure indicates how important using hand
gestures is. Hand gestures are frequently used in Popular videos to
highlight specific points of speech and solidify the speaker’s message.

Model loss
0.70
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0.65 Val
060
055
w 050
8
~ 045
0.40 .
035
030
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Epoch
(b) Model loss

Fig. 6. Model accuracy and loss.
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Fig. 7. Live results.
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Fig. 8. Analysis of TEDx video.
Table 2
Count function results for popular videos in %.
Video Number =~ Hands Apart  Stop Sign ~ Clenched hand  Hands Together  Pulling hand away
1 40.2 4.16 8.33 2.77 2.77
2 27.6 6.15 4.61 6.15 6.15
3 38.8 1 2.98 2.98 2.98
4 32.3 7.6 6.15 7.6 4.61
5 34.9 1.5 14.2 11.11 3.17
6 24 7 3 4 3
7 34.7 7.2 11.59 13.04 1.4
8 44.6 6.3 6.3 6.3 4.2
9 42.8 0 3.8 3.8 0
10 37.9 8.6 1.7 8.6 6.8
TOTAL 35.6 5.1 6.4 6.7 3.5
acteristic gesture where hands are held some inches apart with palms

facing each other has been a hallmark move for these talkers. When
discussing a topic with much depth, great presenters tend to do this.
Because the palms usually are in an open stance, it is commanding but
candid. We noticed that when discussing an important topic, this was
done. It psychologically prepares the listeners to know the importance
of what is being expressed in the talk. Hence hands apart are found
to be the most crucial gesture, which should be more commonly used

At the same time, analyzing the results, we also realized that people
tend to like TEDx talks more based on a speaker’s body language and
gestures used more than their actual words. We also found that Tem-
ple Grandin, Simon Sinek, and Jane McGonigal top the hand gesture

charts.
Fig. 12 shows us the most common hand gestures recognized using
our architecture in the most popular and viewed TEDx talks. We see that
hands apart have been the most frequently used hand gesture. This char-
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sliding 2 fingers up
turning hand counter clockwise

closed fist

swipping hand right

hands apart thumb down

9 (b)

hands apart

some other gesture

sliding 2 fingers up
sliding 2 fingers on the sides
thumb up turning hand counter clockwise
turning hand clockwise
thu swuppirc\lgoﬁ%‘ri\é' %sght
stop sign

swipping hand left

9 (d)

Fig. 9. Commonly performed gestures in tested videos.

Table 3

Count function results for less popular videos in %.

Video Number =~ Hands Apart  Stop Sign ~ Clenched hand  Hands Together  Pulling hand away
1 21.05 5.2 0 10.5 10.5
2 16.6 5.5 0 5.5 5.5

3 30 5 1 5 5.1

4 9 4.54 13.6 9.09 4.54
5 5.88 5.88 5.88 17.64 11.96
6 15 0 5 20 0

7 33.3 12.5 4.16 4.16 4.16
8 20 15 15 10 0

9 23.7 0 7.69 7.69 15.38
10 23.6 0 5.88 5.88 0
TOTAL 19.89 11 6.2 8.9 4.7

Less Popular TEDx Videos

Fig. 10. Number of gestures and views (Most
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to engage with the audience and have a more impactful talk. The next
most used hand gesture is hands together. The second most common
gesture found using our study is combining hands, implying two sepa-
rating forces coming to join and achieving a connection. The stop sign
was also often seen used during experiments. Stop sign indicates to slow
down or stop when someone’s actions.

Popular Vs Less Popular TEDx Talks).

o o o o
& '\900 'f’°° 5
Views
10(b)

While we see turning hand clockwise and counterclockwise was also
quite often used. This gesture has an entirely different meaning as the
talker is probing some ideas. This is very similar to the hands apart ges-
ture, while this was done when the TEDx talker usually asked a question
like What? How? Swiping hands-on left, right, and in other directions
was a grandiose gesture. It seemed as if one is sweeping through all the
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Fig. 11. Count function results for less popular videos.
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Fig. 13(a) illustrates how having more views has resulted in more
positive feedback. As a result, we were intrigued to learn more about
the link between hand gestures and positive comments and emotions.
Fig. 13(b) depicts the direct relationship between more gestures and the
number of positive comments received. We used the classified outputs
from our classifier algorithm and compared them with the number of
hand gestures used. It showed us a direct and conclusive correlation.

Discussion

Computer vision has accelerated the work in many different areas.
Medical domain data has vastly been used by the deep learning ap-
proaches (Chen et al., 2015). Recent advancements in the deep learning
approached provided a more effortless and faster approach to deal with

video data.

Contribution to the theory

Artificial intelligence has provided new research and approach to
solve real-time problems. A detailed algorithms review has been done
on swarm intelligence which gives a new direction to suggest a better
algorithm than the existing one (Chakraborty & Kar, 2017). Textual in-
formation has given more opportunities to build a theory for benefiting
the end-users, such as sentiment analysis for recommending the people

sliding 2 fingers on sides
swiping hand down
swipping hand uP .
turning hand counter clockwise
clenched hand
drumming fingers

hands together

stop sign
_ thumb down
swipping hand left
swipping hand right

turning hand clockwise

Fig. 12. Most common hand gestures in TEDx videos.

ideas with the ability to be supportive. This expression can also mean
"cleaning the slate" or "moving something far away." Thumbs up and
down were also used many times. Thumbs up and down imply confi-
dence and cooperation. While it is also used for expressing gratitude for
a favor received, asking authorization to perform a task. While thumbs
down is usually used to deny something. A clinched was also often used.
TEDx talkers exhibited intensity by making a solid fist, shaking it at
someone, or punching it in the air. It was primarily used in conjunction
with a crucial point. Although they were cautious when utilizing this
motion as sometimes this might come across as angry. This shows how
interrelated successful TEDx talks and hand gestures are. An energetic
speaker makes a more substantial impact on the viewers rather than the
passive one. Without gestures, public speaking will always be consid-
ered boring and stale, no matter how great the speech is. Also, talking
about engagement with audience and viewers online, we went through
and used Selenium (3.141.0) and Beautiful Soup (4.9.3) to scrape com-
ments on Popular TEDx talks and classified them using text mining.
We classified comments as positive, neutral, or negative. We discov-
ered that popular TEDx talks with more hand gestures received more
positive and neutral feedback. It may be said that having more views
leads to more comments, both positive and negative. It can also be said
that feedback/views of the audience depend mostly on content and topic
of speech. Yes, the positive response mostly depends on the topic, but
we also completely believe that gestures play an essential role in mak-
ing the talk more stirring. Hence, a greater audience would be able to
connect themselves with the topic. The content of Talk is what attracts
people, but the narration might or might not receive good feedback. It
entirely depends upon how the speaker puts his/her narration to the
audience. Using our study, however, we have already discovered a link
between views and hand motions. As a result, we deduce that employing
more hand gestures can lead to more successful TEDx lectures with more
views and more positive comments and thoughts on the recordings.

to new hotels and tourist spots (Kar, 2020) (Mishra et al., 2020). Based
on user-generated content on mobile payment systems, the satisfaction
model has been proposed to enhance digital services (Mishra et al.,
2019). Many of organizations are facing a big issue of providing perma-
nent storage of user-generated data, and in such cases, a flexible pricing
model is required to use the cloud services (Kar & Rakshit, 2015). The
cloud services also provide the host with real-time applications and ap-
plying modified machine learning methods such as spam detection in
email using proper optimized techniques (Batra et al., 2021).

Gesture recognition from video data has become an essential task in

the computer vision domain. The main objective of gesture recognition
is to identify the action performed by a person using his hand move-
ments. These hand movements convey subtle information, especially
during a presentation. In our work, we focused on TEDx video analysis.
The TEDx videos are collected to identify the gesture of a person during
presentation time. The deep learning model Resnet is developed by tak-
ing the pre-trained model and then training it on 130000 frame images
of TEDx videos. The Resnet model has given an accuracy of 94.35% on
the test set. Our model can identify 17 different gestures. The Resent
profound learning model results are used to recognize different gestures
performed by experts during the TEDx presentations.

In Table 4 comparison of the most recent works on gesture recog-
nition are summarized. Kopiiklii et al. (2019) gave outstanding results
using ResNet and Resnet-X as a classifier. They tested their work on pub-
licly available datasets such as EgoGesture Dataset and NVIDIA Dynamic
Gesture Dataset. We used a similar approach but in more complex envi-
ronments and using custom datasets. The above table also shows other
studies that have been carried out. While looking at the results, we can
be assured that Resnet has outperformed all other algorithms.

We see that our approach had the highest accuracy. The accuracy is
heavily reliant on the features of the datasets used and particularly the
duration, quality, and angle of each video. While creating the dataset,
we considered all these important parameters. Also, one of the key fac-
tors that contributed to gaining a higher accuracy is the way our algo-
rithm is working. We found that a frame-by-frame input offered a supe-
rior outcome in real-time evaluation because the system could detect the

gesture more accurately. This helped the algorithm to detect the start

and end of the gesture more robustly. As a result of the dataset and the
addition of the sliding window concept for frame-by-frame detection,
we were able to achieve a greater level of accuracy.
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Comments Vs Number of Hand Gestures
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Fig. 13. (a) Comments vs. Views, (b) Comments Vs. Number of Hand Gestures.
Table 4
Comparison of results.
Refs. Classify Algorithm  Network Used Number of Gestures/ Dataset Accuracy
(Rautaray & Agrawal, 2015) CNN VGG16 Ego Gesture 66.5%
(Tran et al., 2015) C3D C3D Ego Gesture 89.7%
(Cao et al., 2017) C3D C3D+LSTM+RSTM Ego Gesture 92.2%
(Donahue et al., 2015) CNN VGG16 + LSTM Ego Gesture 81.4%
(Wang et al., 2016) CNN MTUF Multiple Datasets 93.87%
(Carreira & Zisserman, 2017) CNN I3DF Ego Gesture 92.78%
(Kopiiklii et al., 2019) 3DCNN ResNet and ResNeXt NVIDIA Dynamic Gesture Dataset 94.03%
Ours 3DCNN ResNeXt-101 Custom Dataset 94.35%

Implication to practice

In gesture recognition, human gestures are recognized using com-
putational techniques such as machine learning and deep learning. The
video analytics using gesture recognition reveals the most crucial infor-
mation about gesture movements. These gesture movements can help to
convey ideas and information to the viewer. TEDx is one of the major
platforms for sharing information across audiences by experts in that
field. The gesture analysis of TEDx videos has two crucial implications.
One the gesture analytics will help to understand and study how ex-
perts are using gestures to convey information. Secondly, the results
from gesture analysis can be utilized by the presentation to improve his
presentation skills. In this study, the statistical analysis of gestures is
carried out on 25 TEDx videos, and various visualizations are given.

Conclusion and future scope

Hands gesture recognition system addresses various problems and
has been an important topic in the computer vision field. Hand gesture
has many applications in medical, industries, assistance to humans, vir-
tual reality, crisis management, etc. Many algorithms and methods have
been implemented and tested for gesture recognition. In our work, we
have used Resnet-101 to build a gesture recognition system. We have
trained the model on the customized data set created from TEDx videos.
The dataset consists of 130000 samples, and the model is trained on 17
different gestures. A gesture recognition accuracy of 94.35% is observed
on the test set. The system analyzes each frame at a time. Whenever
a gesture is performed, it is identified and sent for further processing.
During the next phase, the classification of the gesture takes place. The
statistical analysis is then carried out on the video, and various gesture
frequencies are collected. Our count function method helped us analyze
the outputs of these videos. Different visualizations are prepared to rep-
resent the statistics collected on the TEDx videos graphically.

We discovered that expressing something was also essential to get
impact and attract a larger audience.

While analyzing our results, we found that the greatest way to de-
scribe oneself or a topic is to use your hands as your narrative tool. This
shows that TEDx talkers should pay attention to their nonverbal com-
munication as much as their spoken communication. They should allow
their hand to speak for themselves, which adds more value to a TEDx
talk. As a result, we deduce that the topic/content is what draws the
audience in, but how the speakers convey stories using gestures is what
helps them succeed. Our model successfully detected hand gestures and
helped us perform an analysis that future TEDx talkers can use to im-
prove their speeches. The models we built were very accurate although,
some extensions can still be done in complex environments. For exam-
ple, if two people perform a gesture in the same frame, like two or more
people present on the stage, which might confuse the model and lead
to less accuracy. Therefore, the recognition of gestures in more complex
environments can still be extended. Hence, this research can be further
improved by creating more complex and congested environments and
training the model using new techniques and architectures.
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