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Abstract:   

 

This paper deals with the domain of simulation-based models control using static hand gestures in the 

MATLAB environment. The aim of this paper was to design an algorithm for visual static hand gesture 

recognition with high classification accuracy. For this recognition task, different convolutional neural 

network models (CNN) were tested. For the successful training of CNN, stochastic backpropagation of 

error was used. Training of CNN was implemented on the graphic card using toolboxes such as Neural 

Network and Parallel Computing from the MATLAB program package. For the training and testing of 

CNN a database of 35 static hand gestures was used. The proposed CNN gesture recognition system 

has been implemented in the simulation scheme due to the need of setting different model parameters. 
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1  Principle of Gesture Recognition 

 

The hand gesture recognition itself can be implemented in a several consecutive steps. Gen-

eral scheme of hand gesture recognition system is shown in (Fig.1). In this recognition task, the 

Kinect v2 sensor was used. 

 

 

 

 

 

 

 

 

 

 

Fig.1. General scheme of gesture recognition system. 

 

The captured image from the sensors is processed and stored in appropriate form. Subse-

quently, the gesture in an acquired frame may be segmented or image features may be extracted from 

the entire input frame [1]. Under the extraction of features, we understand the evaluation of quanti-

tative or statistical indicators which represent given gesture based on the suitable metrics. 
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It can be the number of stretched fingers, angles between fingers, fingertip markings, finger-

tips positions [3], histograms, Voronoi diagrams, and other statistical and quantitative indicators. 

These extracted features are an input to a computational model, whose job is to correctly classify the 

given gesture. With regard to the complexity of this task, in this paper we dealt only with the recog-

nition of static hand gestures. Hand gesture recognition and associated problems such as hand seg-

mentation were elaborated in many papers. Some authors have used a color-based image analysis 

approach such as a color histogram based on statistical methods [3], thresholding the tints of a color 

model [4], or gesture capturing with color gloves [5] that are easier to segment. Approaches based 

on depth analysis are in general more successful than color-based methods, but those approaches 

assume the hand is the closest object in the frame. One possible solution is mapping from the depth 

data to a corresponding part of a color image [3], or hand segmentation based on the distance limited 

by color bracelet [6]. 

Use of the latest deep neural network models does not always improve classification accuracy, 

which ranges from 70% - 90%, depending on the specific architecture of the neural network [2][8 -

10]. In this paper, we used different architectures of convolutional neural networks for this challeng-

ing static hand gesture recognition task. 

 

 

2  Gesture Recognition Using Convolutional Neural Network 

 

The general structure of the convolutional neural network (CNN) is displayed in (Fig.2). 

 

 

 

 

 

 

 

 

 

 

 

Fig.2. The general architecture of convolutional neural network used for gesture recognition. 

 

Convolutional neural networks are designed specifically for pattern recognition with a large 

degree of invariance to shift, change of scale or other forms of distortion. These properties are gained 

through learning process. However, the structure of convolutional neural networks involves certain 

forms of constraints. The most commonly used types of layers in the network architecture are con-

volutional, pooling, and fully-connected layers. By arranging these computational layers, we create 

the overall architecture of the convolutional neural network. 

The convolutional layer is the main computing block in the overall network architecture. Its 

input is usually 3-dimensional image tensor, which contains 3 color image channels. As the title of 

this layer suggests, a discrete convolution of input with the kernel is performed there. When compu-

ting, we move the kernel in the direction of the width and height of the input image with the selected 

step, for all their mutual positions, creating a feature map. By learning, these feature maps are acti-

vated when different image patterns are detected, such as edges at a certain angle, color clusters, and 

others. 

The pooling layer performs sub-sampling of the input tensor, thereby reducing the size of the 

feature map, but retaining the most important information contained therein. This greatly reduces the 

spatial magnitude of the feature map, as well as the number of parameters and the computational 

difficulty of the neural network.  
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The neurons in the fully-connected layer of the convolutional network have, as the name sug-

gests, all connections to the neurons in the previous layer. This is, therefore, a classical multilayer 

perceptron network. Outputs from convolutional and pooling layers represent high-level features ex-

tracted from input images. These features are an input into the fully-connected layer of the convolu-

tional network, and its role is to correctly classify them. 

 

 

3  Training and Testing of the Convolutional Neural Network 

 

For the training and testing of CNN a database of 35 static hand gestures was used. This 

database contains static gestures of the American Sign Language (ASL), which was changed due to 

the dynamic characters "J" and "Z". The database was created by 65 volunteers (60 men and 5 

women), which consists of 5 frames per gesture [6]. Overall, we created 175 frames (35 gestures 

times 5 frames) for color, infrared and depth images. A total of 525 images per person. The resulting 

database has 34 125 images (65 people times 525 frames). Data from 50 people was used in the 

training process and data from 15 people was used in the testing process. 

These images were then modified into a form suitable for training the convolutional neural 

network. In the original color image from the Kinect sensor, with a resolution of 1920x1080 pixels, 

we only segmented the hand area. In this way, we created a square image suitable for training with a 

resolution of 640x640 pixels. Segmentation of hand gestures was also done for original depth and 

infrared frames. The original resolution of 512x424 pixels was adjusted to a gesture frame with a 

size of 156x156 pixels. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3. A preview of frames in the database. 

 

The first tested architecture of CNN (Table 1) consist of three convolutional layers. The sec-

ond tested architecture (Tab.2) has the same number of convolutional layers, but fully-connected 

layer with 50% dropout was added. This omission is used to make the neural network better distribute 

trained information throughout the network as any neuron may be omitted in the next epoch. The last 

tested architecture (Tab.3) has been extended to four convolutional layers, where kernel size is the 

same in all layers. 

For the successful training of CNN, stochastic backpropagation of error was used [13]. Train-

ing of CNN was implemented on the graphic card using toolboxes such as Neural Network and Par-

allel Computing from the MATLAB program package. In Figure 4 is shown the comparison of clas-

sification score during the training process for all tested neural network architectures. The compari-

son of classification accuracy of those architectures is displayed in Table 4. Examples of learned 

features acquired by transition of the random input color image through individual convolutional 

layers of trained CNN with architecture A-2 is shown in Figure 5 [6]. 
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Table 1. First architecture of CNN – A-1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2. Second architecture of CNN – A-2. 
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Table 3. Last architecture of CNN – A-3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Comparison of different CNN architectures – classification score (accuracy). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.4. Classification score during the training process for different CNN architectures.  
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Fig.5. 6 examples of learned features by convolutional layers 

of trained CNN with architecture A-2. 

 

 

4  Simulation-based Model Control Using Static Hand Gesture 

 

4.1 Example of Hand Gesture Recognition Using Kinect SDK 

 

The Kinect functions are accessed using the From Video Device block in the Simulink graph-

ical simulation environment. This block allows you to obtain images from an RGB or depth camera 

along with the tracking metadata. For the hand gesture recognition, we used the metadata 

HandRightState property, which identifies a recognized right-hand gesture. In (Fig.6) are displayed 

hand gestures, which can be recognized by Kinect SDK. In (Fig.7) is shown simulation scheme for 

PID control loop, in which setpoint is changed based on a right-hand gesture recognized by the Kinect 

sensor [6]. 

 

 

 

 

 

 

 

 

 

 

 

Fig.6. Standard hand gestures of Kinect SDK. 
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Fig.7. Simulation scheme for a PID control loop 

(setpoint is changed based on a right-hand gesture recognized by the Kinect sensor) 

 

 

4.2 Example of Hand Gesture Recognition Using CNN 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.8. Simulation scheme of water tanks system with PI controllers.  
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A trained CNN with A-2 architecture was used to control the simulation model. To demon-

strate hand gesture recognition, a simulation model of four independent water tanks with PI control-

lers was created [6]. We designed the entire control system scheme according to the Model-View-

Controller (MVC) software architecture. MVC divided the program into 3 independent units (Simu-

lation Model, Visualization, Controller) with minimal interconnections. 

The simulation model is represented by a simulation scheme of four independent water tanks 

(Fig.8). In the simulation scheme are four independent control loops with PI controllers for level 

control in tanks. Inputs to the simulation model are the desired level values (SetPoints) in the tanks.  

For a better presentation of the results achieved and the current state of simulation, a simple 

visualization was created (Fig.9). Simulation model is connected to the water tank visualization 

(Fig.8), to which it sends the desired level (SP) and current level values in the individual tanks. Ad-

ditionally, active tank number (ActiveTank), new desired value (ActiveSetPoint) and simulation time 

are sent to the visualization subroutine. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.9. Visualization of the water tanks. 

 

The last part of the MVC is a controller, that is linked to all MVC, Kinect sensor, and the 

neural network. Controller is running independently from the simulation. In the cycle, images and 

metadata from the Kinect sensor are collected and the simulation-based model is controlled. Both 

hands are used in the control process. The left hand is used to control parameter changes. Actions 

such as start and stop of right hand recognition, confirmation, and cancellation of set points are con-

trolled by lefthand gesture. The right-hand gesture controls the desired level value of the selected 

tank. In the first phase of the simulation, the gesture symbolizing a particular tank is expected (Fig.9). 

When the gesture is recognized, the algorithm comes into the second phase - adjusting the desired 

level on the selected tank. Setpoint value can by controlled by ASL alphabet gestures from A to I. 

The main subject of the final simulation test was to verify accuracy of the gesture recognition. 

We have created a test script with 14 gestures. 3 people participated on the testing phase, and every-

one repeated the test 3 times. The average gesture recognition accuracy was 92.86%. 
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5  Conclusion 

 

Various architectures of CNN were tested in this paper. The CNN classification models 

showed a very good classification accuracy. The proposed CNN gesture recognition system has been 

implemented in the simulation scheme due to the need of setting different model parameters. After 

successful testing of different CNN architectures, we verified the suitability of their use in the static 

hand gesture recognition task such as simulation-based control. 
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