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Summary: Human action recognition is often used in human-robot interactive applications, such as the visual surveillance, rehabilitation and robotics. Another thing that attracts a lot of attention is a human action recognition based on the trajectory of human tracking. In other words, it is necessary to transform quantitative data of the human movements into qualitative data, so that the numerical characteristics such as speed, direction, etc., of the observed person can be presented as "moving towards something" or "moving away from something" or “standing relative to something”. The research presented in this paper refers to the problem of identifying human action based on information received from the robotic vision system that uses a camera as a sensor, in order to carry out tasks when a robot behaves like a human's assistant. For the purpose of this paper, the classifier based on neural networks was developed in order to classify the human actions.
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1. INTRODUCTION 
In human-robot interactive applications, such as visual surveillance, rehabilitation and robotic, human action recognition is very often used[1]. In the literature, there are many number classification methods for a human action recognition such as support vector machines (SVM) [2], decision trees classifiers [3], k-nearest neighbor (kNN) classifier [4], hidden Markov models [5], neural networks [6], as well as data mining algorithms such as Naïve Bayes classifier [7] and Bayesian Network Classifiers [8]. 

Human action recognition based on trajectory of human motion also attracted a lot of attention.

In the other words, quantitative data of the human movements such as speed, direction, etc., of the observed person, are necessary to transform into qualitative numerical characteristics to represent an action [9].
The research presented in this paper, refers to the problem of human action recognition based on the information received from the robotic vision system that uses a camera as the sensor of robotic vision, in order to perform tasks in which the robot behaves as a human assistant. In order to robot understand the human actions and to behave in accordance with them, it is necessary to semantically translate the information provided by a sensor robot vision. In other words, information about the position of human have to be translated into human action. In this paper, presented robotic system should be able to detect and follows a single person in the working scenario, maintaining a constant distance from the human based on information obtained by robotic vision. In addition, the robot should be able to "predict" the intended of a human to come closer to the robot and in this case, to stop and let the human to put something on the mobile robotic platform. Human actions are identified as a "moving away from the robot", "stands in relation to the robot" and "moving toward the robot". In this paper, for the classification of the human action recognition, the classifier based on neural networks was developed.

2. EXPERIMENTAL SETUP
The mobile robot platform NI Robotics Starter Kit 2.0, known as DaNI robot developed by National Instruments is used as the platform for robotic system. The robot has sensors, motors and NI Single-Board RIO-9632 control panel with the processor for work in real time. Used mobile robot has two wheels driven by two motors and one auxiliary wheel without the drive. As a robot vision sensor, Asus Xtion PRO LIVE 3D sensor was used, which is connected to the embedded PC (Intel Core i7 3517UE 1.7GHz, 16GB RAM) placed on a mobile robotic platform, which communicates over the LAN cable to the robot (Fig.1).
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Fig. 1 DaNi robot equipped with industrial PC and ASUS Xtion PRO LIVE camera follows a human
In order to obtain training data and later to validate network, indoor human motion was captured by presented mobile robotic system (Fig. 2).
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Fig. 2 Data recording for neural network training: a) Original image, b) Depth image, c) Detected human

Determining of 2D position of the walking person in front of the robot is done with respect to the horizontal plane coordinate system with the center placed on the camera mounted on the robotic platform. The frame rate of the used camera is 30 frames per second (fps). The purpose of training network is to forecast the human action in real time.
Based on 2D position of the human, the distance d and the alignment angle φ are calculated according to:
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Since the robot should track a human keeping the constant distance from human of 1.5m and be oriented so that the human is always in front of the camera and aligned with the ZC axis the distance error ed and the alignment angle error eφ  are calculated as: 
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3. NEURAL NETWORK MODEL FOR CLASSIFICATION 

In order to classify human actions, a classifier based on neural network pattern recognition with 10 neurons in the hidden layer was proposed, whose architecture is shown in Figure 3. A feed forward neural network with one hidden layer with sigmoid activation function is used.
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Fig. 3 Architecture of the NN classifier for human action recognition

The distance error ed and the alignment angle error eφ are used as inputs into the classifier. The output from the classifier is probability that the human action belongs to one of the three classes which are presented as "moving away from the robot", "stands in relation to the robot" and "moving toward the robot".
For the training, validation and testing of the neural network, 1730 samples with hand-specific labels was used. 70% of data sets for training were arbitrarily chosen, and 15% of randomly selected sets were used for validation and testing. For the training is used scaled conjugate gradient with back propagation error which updates the weights and belonging status to the Levenberg-Marquardt optimization, while the mean square error MSE used as a measure of performance during the training of the network.

4. RESULTS AND CONCLUSION

The results of the training, validation and testing of the network can be seen on confusion matrix shown in Figure 4. In Figure 5 the minimization of the errors through iterations of training the neural network is shown.
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Fig. 4 Confusion matrix classifier
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Fig. 5 Minimization of errors through iterations of training the neural network
Training of the proposed classifier was performed through 47 iterations, and the results of the classification are satisfying. The accuracy of the trained classifier is over 99%, thus it can be concluded that the proposed classifier based on neural network gives good results, and implementation of this classifier can do human action recognition and accordingly to that, adequately control the movement of a mobile robot.
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Fig. 6. The results of the experiment where the human approached to the robot
In addition, in Figure 6, the results of the experiment where a human approached to the robot are displayed. Experiments were done in a working scenario where robot tracks the human who moved along the rectangular path which is drawn on the floor and it is divided at the distance of 0.5 m, in order to facilitate visual monitoring of the distance between the robots and the human. Stationary camera recorded the movement of robots and the human. In Figure 6 can be seen that the robot "permitted" human to approach to it. Only when the human walked away from the robot, with more than 1.5 m, the robot started tracking the human. The images are taken in the form of a series of images at every 30th frame from a video recorded by the stationary camera.
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