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Abstract 

My research direction this time is to control the computer with gestures because gesture 
recognition has excellent effects in many aspects. For example, when playing games, you 
have an immersive feeling. Herein, machine learning methods are used to recognize a 
total of 9 gestures from pictures taken by a computer camera through two methods: 
support vector machines with Gaussian kernel and convolutional neural networks. In 
the selection of hyperparameters, a for loop is used to select the best one from the known 
list. The result shows that support vector machines have relatively good performance in 
small samples (the accuracy rate is higher than 80% when the training set is only 
256/class), but in general, the convolutional neural networks have better results. 
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1. Introduction 

Gesture recognition is regarded as an essential part of computer science because it enables users to 

communicate with computers in an interactive environment. Early gesture recognition was very 

accurate but expensive and inconvenient to use. It detected the position of each joint of the human 

hand with wearable devices, and transmitted the information to the computer through wired 

transmission, thus accurately storing the information on the user's hand motion [1]. Nowadays, 

machine learning-based and computer vision-based methods of gesture recognition not only maintain 

high accuracy, but also allow human beings to experience a convenient and inexpensive way to 

control the computer. In addition, with the high development of technology, people are pursuing near-

realistic game experiences and desiring more convenient and easier control by the computer. Thus, 

an idea to let people play games and surf the Internet using use hand gestures is developed. In order 

to realize this idea, it is necessary to convert the received video signal (picture stream) into a binary 

representation that the computer can understand. First, the idea of machine learning is used to take 

out every picture in the picture stream for static picture classification. Then, data on different 

movements of the researcher’s hands are collected. Finally, the data are used to model with support 

vector machines and convolutional neural networks. 

2. Dataset 

A python script was made to take photos. The researcher moved hands slightly while taking photos 

for simulating different possible actions for each gesture. Exactly 1024 photos were obtained for each 

gesture.  

2.1 Preprocess 

Due to the large size of the original images, they were downsized to a 32 x 32 grayscale (enough for 

classification). And then, the image was preprocessed to black and white. To perfectly distinguish 
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hand and others (e.g. hands are white (255 grayscale) and others are black (0 grayscale)), the 

researcher made a filter so that every pixel with data greater than threshold was white and others were 

black. The thresholding method was used to get a binary image. The idea of thresholding was first 

introduced by Jyothi and Bhargavi, who concluded that obtaining first a binary image could reduce 

the complexity of the data and simplify the process of recognition and classification. [2] 

Finally, the dataset consists of 32 x 32 grayscale images, which are classified into 9 classes, each with 

1024 images. A sample from each class is shown below: 

 

Figure 1: Some Sample Gestures 

3. Proposed Models 

3.1 SVM 

 

Figure 2: SVM Illustration: y is the sample label, w is weight, x is a sample feature vector, t is 

constant 

 

The original concept of SVM is “maximize margin”. The margin here means the 2*distance from the 

line w*x = t to one of the support vectors. From Figure 2, the margin can be defined as  
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𝑦(𝑤⊺𝑥−𝑡)

||𝑤||
                                   (1) 

 

Let m = 𝑦(𝑤⊺𝑥 − 𝑡), the objective function is: 

 

max
2𝑚

||𝑤||
                                   (2) 

 

Here the margin is 2 hyperplanes. Assume labels 𝑦𝑖 are either 1 or -1, then the two hyperplanes can 

be expressed as: 

𝑤𝑇𝑥 − 𝑡 = 1                                (3) 

 

and 

𝑤𝑇𝑥 − 𝑡 = −1                               (4) 

 

To make sure that all feature vectors are outside the decision hyperplane, the variables must satisfy: 

 

𝑤𝑇𝑥 − 𝑡 ≥ 1, 𝑓𝑜𝑟 𝑦𝑖 = 1                           (5) 

 

or 

𝑤𝑇𝑥 − 𝑡 ≤ −1, 𝑓𝑜𝑟 𝑦𝑖 = −1                          (6) 

 

Therefore, the original formula would be: 

 

                          (7) 

Above describes the hard margin SVM. However, if data is not linearly separable, another tradeoff 

parameter that allows some errors is needed. Cortes and Vapnik introduced this idea in 1995, claiming 

“If these data are excluded from the training set one can separate the remaining part of the training 

set without errors. To separate the remaining part of the training data one can construct an optimal 

separating hyperplane.”[3]  

This donates to soft margin SVM. Then, the formula is expressed as: 

 

                        (8) 

where C, complexity parameter, is a user-defined hyperparameter that donates to the tradeoff between 

maximizing the margin (lower C) and minimizing the margin errors (higher C). 
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Now a soft margin SVM is obtained. With the use of Lagrange Multipliers, the dual form can be 

expressed as: 

                      (9) 

Kernel: 

Consider another transformation: suppose the non-linear classification is to be learned, which 

corresponds to linear classification rule for transformed data point 𝜑(𝑥𝑖). Besides, a kernel function 

k which is 𝑘(𝑥𝑖, 𝑥𝑗) = 𝜑(𝑥𝑖) ∗ 𝜑(𝑥𝑗) is known. 

The classification vector w in the transformed space satisfies  

 

𝑤 =  ∑ 𝑐𝑖𝑦𝑖𝜑(𝑥𝑖)
𝑛
𝑖=1                              (10) 

It needs to solve a single variable c. Now the optimization problem becomes: 

 

                   (11) 

Since 𝑘(𝑥𝑖, 𝑥𝑗) = 𝜑(𝑥𝑖) ∗ 𝜑(𝑥𝑗), the optimization problem can be expressed as 

 

                     (12) 

Trafalis introduced this quadratic optimization problem in 1970. [4] 

In this project, Gaussian kernel is applied: 

 

𝑘(𝑥1, 𝑥2) = exp (−
||𝑥1−𝑥2||

2𝜎2 )                        (13) 

 

SVM Network For Multi-Class Classification 

SVM shown above works only for binary classification. For multi-class classification, Chamasemani 

and Singh introduced and compared two different approaches: One Against All SVMs and One 

Against One SVM. [5] One Against All SVMs means that in case of N class problems, we train N 

classifiers, with each classifier corresponding to each class. When training the ith classifier, we label 

training data in class i as positive 1 and those in other classes as negative 1. During prediction, label 

the new data with the maximum output index among all classifiers.[5] 



 

 

78 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 6 Issue 11, 2020 

DOI: 10.6919/ICJE.202011_6(11).0011 

One Against One SVM, as explained by Chamasemani and Singh, means that for problems with class 

c, c(c-1)/2 SVM is trained to distinguish data of one class from data of another class. Unknown data 

are classified according to the class with the highest vote score, where each SVM votes for a single 

class.” [6] In this project, One Against All SVMs is used. 

A total of 9 classifiers are used to categorize 9 classes. The kernel SVM network is employed to 

decide which classifier gives the highest score when each image is tested. There are nine SVMs and 

each SVM will only deal with each class respectively. For example, first classifiers will label all class 

1 images as positive 1 and label other images as negative 1. The other eight classifiers will work in 

similar ways. In this way, the network can receive 9 scores and each image will be classified to the 

number whose score is the highest. 

 

Figure 3: SVM Network Illustration 

3.2 CNN 

The Convolutional Neural Network is a great model to classify images. Here is a simple way to show 

how CNN works: it contains some convolution layers and pooling layers, and some full connect layers. 

The final output will also be some “score of output”. We pick the highest one and classify our image 

to that class. 

 

Figure 4: How CNN works[7] 

 

Firstly, the neural network model is defined and then trained by PyTorch. 

The code in Fig.5 defines a neural network structure with 2 convolution layers, 1 max pool layer, and 

three full connect layers. This model uses ReLU activation. 
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Figure 5: ActionNN model 

4. Computational Experiments 

4.1 SVM 

A total of 9 SVMs are needed, one for each class. But for each SVM, the hyperparameters can be 

different. The best hyperparameters were selected from a list of C and sigma. The following C and 

sigma are chosen. 

C_list = [0.000001, 0.00001, 0.0001, 0.001, 0.01, 0.1, 1.0, 10, 100, 1000, 10000, 100000] 

sigma_list = [0.000001, 0.00001, 0.0001, 0.001, 0.01, 0.1, 1.0, 10.0, 100.0, 1000.0, 3000.0] 

After training with the combination {C value, sigma value}, the researcher tested the model on the 

validation set. And for each class, keep the combination {C value, sigma value} with the highest 

validation accuracy. Since this method is pretty resource consuming, only 128 of 1024 images were 

used for each gesture. 

4.2 CNN 

This model contains a large number of hyperparameters, which includes the way to calculate loss, the 

way to practice gradient descent, learning rate, and the number of epochs. Also, the NN structure 

needs to be modified to further improve accuracy.  

For convenience, the researcher only changed the learning rate and the number of loops over the 

dataset (epoch). A list that contains choices of some different possible learning rates is shown below: 

𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒_𝑙𝑖𝑠𝑡 =  [0.00001, 0.0001, 0.001, 0.01, 0.1, 1] 

And the loss of each epoch was monitored to prevent overfitting. An overfitted sample is shown in 

Figure 3. 

 

Figure 6: Overfitted model 
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Obviously, at epoch 10, this model works the best. The researcher would like to keep the model at 

epoch 10. The max epoch is set 20 and the learning rate choices in the list are used to find the 

combination of {number of epochs, learning rate} that practices the highest accuracy on the validation 

set. 

5. Results and Discussion 

For this machine learning training, SVM and CNN models have excellent performance in the 

recognition of gesture pictures. Among them, the Gaussian kernel SVM has a good test set accuracy 

of 85% under a small sample (256 pictures/class, 60% training, 20% validate, 20% test). However, 

because each prediction requires a lot of calculations to obtain the kernel, the SVM model appears 

extremely stuck in real-time gesture recognition. In comparison, the packaged PyTorch convolutional 

neural network package allows us to use the graphics card and occupy less memory for training, and 

it has an extremely high prediction speed on the graphics card. Therefore, the convolutional neural 

network has great advantages in training and prediction. The convolutional neural network has an 

amazing test set accuracy of 99% on larger samples (1024 images/class, 60% training, 20% validate, 

20% test). And the speed is higher. It can even have good performance when running on the CPU. 

The process of using the trained convolutional neural network model for gesture prediction is very 

smooth. The researcher played the game "Don't Starve Together" through this gesture recognition. In 

this game, the CNN model could make two predictions in one second, which is a high but acceptable 

input delay. 

6. Conclusion 

In general, the performance of the CNN model is much better than that of the SVM model in our 

experiments. Since our SVM model requires very large memory to calculate the kernel, the data used 

to train the SVM will be less than those used to train the CNN. The model still has many aspects to 

be improved, such as modification to automatically obtain the binary threshold of the image, 

optimization in the calculation of the Gaussian kernel, etc. Generally, the accuracy of this gesture 

recognition is already high at this stage. But even with our CNN model, this gesture recognition still 

has a relatively large delay due to insufficient computational performance (about 2 predictions per 

second). In terms of performance issues, it is a good choice to use cloud servers to relieve local 

computing pressure. The game has already had a very good performance, so the next focus should be 

on eliminating the noise in the picture. 
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