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Abstract: Virtual reality is an emerging field in the whole world. The problem faced by people today is that they are more indulged in indoor technology rather than outdoor activities. Hence, the proposed system introduces a fitness solution connecting virtual reality with a gaming interface so that an individual can play first-person games. The system proposed in this paper is an efficient and cost-effective solution that can entertain people along with playing outdoor games such as badminton and cricket while sitting in the room. To track the human movement, sensors Micro Processor Unit (MPU6050) are used that are connected with Bluetooth modules and Arduino responsible for sending the sensor data to the game. Further, the sensor data is sent to a machine learning model, which detects the game played by the user. The detected game will be operated on human gestures. A publicly available dataset named IM-Sporting Behaviors is initially used, which utilizes triaxial accelerometers attached to the subject’s wrist, knee, and below neck regions to capture important aspects of human motion. The main objective is that the person is enjoying while playing the game and simultaneously is engaged in some kind of sporting activity. The proposed system uses artificial neural networks classifier giving an accuracy of 88.9%. The proposed system should apply to many systems such as construction, education, offices and the educational sector. Extensive experimentation proved the validity of the proposed system.
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1  Introduction

In recent years, international statistics show that there is a higher range of obesity among people at an alarming rate. The obesity rates are as high as 38%. 78% of these 38% can be considered overweight [1]. Some arguments show that more screen time is the main reason for obesity by two means. First, is lack of physical activity and the other is poor eating habits [2]. There is a study on young American children that 37% of them had very less physical activity, 65% of them had more screen time, and 26% had both [3]. So, the problem here arises that children today have the least interest in outdoor activities. Rather, they focus more on indoor technology such as mobile phones and television. The Americans spend more time on screens mostly 4 to 5 h as studies say. Ultimately, people do not exercise or engage in physical activities that it is recommended by health care specialists [4]. In short, more screen time plays a role in an inactive lifestyle [5].

Virtual reality came into being in 1957 by Morton Heilig and made the first virtual reality system. The device was named Sensorama. But, researcher Jaron Lanier proposed the term ‘virtual reality’ later in 1987 [6]. The prices of virtual reality headsets have turned high for usage by normal people. For example, Oculus Go has the highest price that is 545 USD. The lowest price of the Oculus headset is almost 249 USD [7]. So, the problem arises that normal people cannot buy such expensive headsets. Moreover, systems giving the same experience like Xbox360, PlayStation and Wii Nintendo are high and have technical issues as well. To make an impact, a new system is proposed, which is comparatively less costly and more effective. The proposed system is applicable for healthcare and fitness and will have an impact on children who are suffering from obesity and other problems and promote fitness in them.

•   The model proposed relates health with gaming such that a person can do health exercises or play outdoor games in his room.

•   The system is cost-effective and user-friendly as it designs a custom virtual reality experience with inertial sensors.

•   It uses an accurate artificial neural networks classifier to predict the values.

The focus of our research is that how a person who does not have an opportunity to have regular exercise can have the same experience by even not stepping out of his room. The acceleration will be measured by our 6DOF (degrees of freedom) sensor and the data will be sent by a Bluetooth module to our computer which will be tested a machine learning model using a decision tree classifier and ultimately, the game will be predicated and the respective interface will be loaded in the game designed in Unity. The user will be viewing it on the screen attached to a virtual reality headset and simultaneously, the movements and activity recognition can be seen on the PC. The reversible watermark embedding does not affect the robust watermark, which improves the robustness of the watermark [8]. Unfortunately, like digital images and videos, 3-D meshes can be easily modified, duplicated and redistributed by unauthorized users. Digital watermarking came up while trying to solve this problem [9].

The system we are proposing can have many other applications. There are plenty of head mounted display-virtual reality (HMD-VR) health games that are helping the patients to recover and extensively used for rehabilitation [10]. Moreover, virtual reality (VR) games have extensive applications in healthcare. It has vast applications in medical assessments, clinical care, preventive health and wellness etc [11]. Virtual reality gaming can also have vast applications in education. Applying games in education helps to increase students’ engagement and motivation and applying first person VR games will help in keeping students fit and healthy along with fun [12]. Research into applying virtual reality gaming systems to provide rehabilitation therapy have seen revival. Virtual reality games have applications in the fields of rehabilitation of many diseases like post-stroke, parkinson’s disease etc [13].

Our contribution in the required field are:

(1)   Our proposed system are developing a cost effective solution to a very major problem today that is obesity and health problems in children.

(2)   In the field of virtual reality, similar systems are present, but they are very costly and normal people cannot afford it. Therefore, the proposed system develops a product by which people can remain fit by staying indoors and playing games for fun.

(3)   We are developing a system with our own hardware components, so it will be a reliable solution.

(4)   We are integrating a simple cheap VR device with our own system, to make it effective and not so expensive.

(5)   We are achieving higher accuracy than other state of art methods.

The following is how the article is organized: Section 2 discusses some of the work that is linked to our research paper. The system’s methodology and process are shown in Section 3. Section 4 presents the findings using graphical tools, and Section 5 involved discussion and Section 6 discusses the conclusion and future study.

2  Related Work

Motivation towards the proposed system is to provide a cost-effective solution to a major problem prevailing in the world. Children are becoming lazier and inactive. Studies have shown that overweight children and adolescents generally grow up to be overweight adults [14]. Therefore, obesity in childhood is an important risk-factor for obesity and subsequent chronic diseases in later life [15]. In contrast an active lifestyle in childhood should lead to health benefits in adulthood and is influenced by factors that were acquired as habits in early life [16]. This is why the proposed system will have a huge role in solving this issue. The related work can be divided into two subsections including some recently developed systems including virtual reality exergaming with cameras and with sensors.

2.1 Virtual Reality Exergaming with Sensors

In recent years, many applications have been produced using virtual reality gaming and sensors. Tsekleves et al. [17] suggested a system that combines a less expensive, customizable, and off-the-shelf motion capture system (using bigger controllers for the game) with personalized video games adapted to the needs of Parkinson’s Disease (PD) rehabilitation. To achieve the promise of live biofeedback and game difficulty adjustment by the therapist, the data which is recorded is sent to the teacher’s VR platform online. Fitzgerald et al. [18] outlined the creation of a virtual reality computer game for directing an athlete through a sequence of prescribed rehabilitation activities. Athletes have been prescribed workout programs by adequately trained professionals to avoid or treat musculoskeletal type ailments while also attempting to increase physical performance. By examining and engaging with realistic models in virtual environments utilising serious games, Mondragón Bernal et al. tells in his research develops and assesses a method for power substation operating training. Building information modelling (BIM) from a 115 kV substation was utilised to create a scenario with high technical detail suited for professional training in the virtual reality (VR) simulator [19]. Immersive 3D virtual environments and serious games, or video games intended for educational reasons, have become increasingly popular, and serious games have just recently been evaluated for healthcare teaching. Ma et al. explore some examples of what has been developed in terms of teaching models and evaluative methodologies in this study, then discuss educational theories explaining why virtual simulations and serious games are important teaching tools, and finally suggest how to evaluate their value in an educational context [20]. To simulate, analyse, and optimise the assembly process, virtual reality technologies are becoming increasingly popular. Some authors in their paper describes the creation of a haptic virtual reality platform for planning, performing, and evaluating virtual assembly. The system allows virtual components to be handled and interacted with in real time. The system includes several software packages, such as OpenHaptics, PhysX, and OpenGL/GLUT libraries, to investigate the benefits and drawbacks of merging haptics with physically based modelling [21].

2.2 Virtual Reality Exergaming with Camera

Various methodologies have been adopted by researchers for using camera-oriented virtual reality systems. Gerling, et al. [22] proposed a method that used Kinect v2 depth camera to analyze wheelchair movement and made two virtual reality games in Unity to make disabled people feel at ease. By the research, their results were very positive as immersive VR experience for disabled people proved to be a great experience for them. Xu et al. [23] Stomp Joy, a task-specific virtual reality game based on a depth camera, was designed for post stroke rehabilitation of the lower limbs. Sangmin et al. [24] used Unity3D to create VR games for the A-Visor and A-Camera. They demonstrated new self-made head-mounted VR controllers made from corrugated cardboard, Arduino, and sensors, all of these are easily available to self-made fans. Virtual reality (VR) is a component of the digital manufacturing process. It can be employed at different stages of the production process. Another study expands the use of virtual reality in manufacturing by incorporating concepts and studies from training simulations into the evaluation of assembly training efficacy and training transfer [25]. In this research, Abidi et al. evaluate and compare a virtual assembly training system for the first Saudi Arabian car prototype fender assembly. Traditional Engineering, Computer Aided Design Environment, and Immersive Virtual Reality were the three teaching settings compared in this study. The diverse training settings were allocated to fifteen students from King Saud University at random [26]. Virtual reality makes industrial design, planning, and prototyping more efficient and cost-effective. As a result, the study reported in this paper by Ahmari et al. focuses on the development of a fully functioning virtual manufacturing assembly simulation system that addresses the problems associated with virtual reality settings. The suggested system creates an interactive workbench using a virtual environment for analyzing assembly decisions and teaching assembly procedures [27].

3  Material and Methods

This section describes the proposed framework for active monitoring of the daily life of humans. Fig. 1 shows the general overview of the proposed system architecture. According to the figure, firstly, the dataset used is preprocessed and after that, its features are extracted. Then, the model is classified by artificial neural networks where the gesture performed by human is recognized. At the end, the predicted gesture is depicted in the virtual reality game and the user can play the game as a first person in his virtual reality world.
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Figure 1: System architecture of the proposed system

3.1 Sensor Data Pre-Processing

MPU6050 is the 6 degrees of freedom (DOF) sensor that contains 3 axes accelerometer and 3 axes gyroscope. After integrating MPU6050 with Arduino, it produced 3 values that are three axes accelerometer values and 3 axes gyroscope. But this data is in raw format and is not calibrated. To make it accurate, we use a noise reduction model for generating accurate angles. Pre-processing is conducted after framing to increase data quality. As a result, signal enhancement is employed, which entailing data filtering to identify undesired features and to rid of data irregularities such as irrelevancy, inconsistencies, and repetition. The signal is then put through a 3rd order median filter for significant noise artifact cancellation [28]. The median filter works in a way to provide median of the signals in the required size. The median filter, on the other hand, is a non-linear filter that is used to remove speckle noise from a signal. It outperforms the low-pass filter because it can reduce noise while preserving the original signal [29]. Median filter can be applied by an equation shown below:

Med(X)={X[n2]ifnisevenX[n−12]+X[n+12]2ifnisodd(1)

where X is ordered set of values in dataset and n is the total value count in dataset Fig. 2 shows the results of a comparison between filtered and unfiltered signals. The dotted line depicts the filtered wave, and the solid line shows the unfiltered data.

[image: images]

Figure 2: Comparison of filtered and unfiltered wave from motion sensor (a) wx (b) wy (c) wz

3.2 Feature Extraction

3.2.1 Fourier Transform

Fourier analysis is a technique for describing a function, which is the total of periodic components. After that, the signal is recovered from them. When the signal and its fourier transform (FT) are replaced with discretized fourier transforms (DFT), a discrete Fourier transform is made. The Fourier transform function is as follows [30]:

X(w)=∫−∞+∞x(t)e−jwtdt(2)

where X(w) is a function of frequency and x(t) is a function of time. t is the time. As T→∞ the fundamental frequency, ω0 = 2π/T, becomes extremely small and the quantity nω0 becomes a continuous quantity that can take on any value (since n has a range of ± ∞) so we define a new variable ω=nω0. ω is the frequency of signal. Fig. 3 shows the results of the Fourier transform on the IMSporting behaviors dataset.
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Figure 3: Fourier transform results for x-axis accelerometer

3.2.2 Feature Extraction by Random Forest

Feature extraction was done by seeing the unimportant features and dropping them. Feature extraction with a random forest algorithm was used. As the proposed system had a dataset with three accelerometers and their x, y and z components, while the ranking is done based on a random forest algorithm. Random forest feature selection falls under the area of embedded techniques. Filter and wrapper methods are combined in embedded methods. Algorithms with built-in feature selection methods are used to implement them. The ranking of the features is shown in Fig. 4.
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Figure 4: Feature importance plot

By this feature extraction method, important features are extracted and ultimately used to improve the accuracy of the model.
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3.3 Classification via Artificial Neural Networks

A key deep learning algorithm is Artificial Neural Networks (ANNs). Artificial neurons are a collection of connected units or nodes in an ANNs that loosely mimic the neurons in a biological brain. Each link, like synapses in the human brain, can transmit a signal to other neurons. An artificial neuron receives a signal, analyses it, and then transmits it to the neurons to which it is attached. The output of each neuron is determined by a non-linear function of its inputs, and the “signal” at a connection is a real number. Connections are referred to as edges. As learning develops, the weight of neurons and edges is often modified. The weight increases or decreases the signal strength at a connection. Neurons may have a threshold above which they can only transmit a signal if the total signal surpasses it. Neurons are commonly arranged in layers as shown in Fig. 5. On their inputs, separate layers may apply different transformations. Signals move from the first (input) layer to the last (output) layer, perhaps after traversing the layers several times [31].
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Figure 5: Artificial neural networks visual view

The most used activation function in ANN is rectified linear unit. It can be calculated as:

R(z)=max(0,z)(3)


R = RELU function


z=input

The function is zero if the value is less than zero and if it is the other case, the function value is the number. Moreover, the function used is the softmax function. The equation for softmax function is:

σ(z→i)=ezi∑j=1Kezj(4)


σ=softmax


z→=inputvector


ezi=standard exponential function for the input vector


K = number of classes in the multi-class classifier


ezj=standard exponential function for output vector

3.4 Body-Worn Interface

Graphical User Interface is developed and then viewed through a virtual reality headset. The model is implemented through Arduino sketch and then the results go to the game where the gesture is recognized and viewed in a virtual reality game. The interface used is formed in Unity3D software with C# scripts. The person can do the gesture of playing badminton for example and data will be sensed by the inertial sensors and ultimately, the machine learning model will recognize it. After recognizing, the same gesture will be predicted in the game formed in a 3D environment and the person can play the first-person game by wearing a sensor jacket. The visual representation is shown in Fig. 6.
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Figure 6: Gaming interface for showing detected gestures (a) Basketball (b) Badminton (c) Football

4  Performance Evaluation

The model is to be connected to a graphical user interface made with Unity3d software. A 3D virtual reality game will be made in Unity3d and the model will be connected to Arduino joined with MPU6050. The game will be visible to the person by a screen attached in the virtual reality headset and it will be shown on the PC. Hence, it will be deployed on a virtual reality headset with sensors attached to the body of the person. This section gives a brief description of the dataset used in the proposed system.

4.1 Dataset Description

The dataset used was IMSporting behaviors by Intelligent Media Centre, Air university. The description of the dataset and the hardware used to design the dataset is provided in Tab. 1.
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Fig. 7 below shows the plots of raw data of three accelerometers in x, y and z coordinates for badminton, table tennis and basketball behavior.
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Figure 7: Raw data plots of three accelerometers showing (a) Badminton (b) Table tennis (c) Basketball

4.2 Experimental Settings and Results

The processing and experimentation were done in python 3.9 Jupiter notebook. The classifier used for the training and testing is the decision tree model. We used Grid Search CV to tune the hyper-parameters space. Hardware used was Arduino with a Bluetooth module attached which will send the sensor data. Moreover, MPU6050 was used from which we got accelerometer data values.

4.2.1 Experimental Results Over IMSporting Behavior Dataset

Data was trained by the artificial neural network classifier. The label variable was the target variable for prediction. It detected which game the user is playing. Either it is badminton, cricket, table tennis, skipping or cycling. The accuracy by using the IM sporting behaviors dataset was 88.9%. Tab. 2 shows a confusion matrix for showing recognition accuracies over classes of IMSporting behaviors dataset.
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4.2.2 Precision, Recall and F1-Measure

The precision is the ratio of correct positive predictions to the total positives while the recall is the true positive rate and it is the ratio of correct positive to the total predicted positives [33]. The F1-score is the mean of precision and recall. The precision, recall and F1-score for classes of the dataset are given in Tab. 3. Hence, an accurate system is developed which is able to recognize each game with high precision.

[image: images]

4.2.3 Comparison with Well-Known State-of-the Art Methods

Tab. 4 represents a comparison of classifier results with other state of art methods. There are many systems built similar to the proposed method. A comparison of the systems developed on the same dataset we are using is shown below. The results were compared with an already developed system and it was compared with the proposed method. Authors have used the decision tree algorithm along with GMM based feature extraction and got the accuracy of 83% [34]. Another system used random forest algorithm and achieved the accuracy of 83.42% [35]. One of the other proposed systems used classification using LSVM with multi-fused feature extraction and achieved the accuracy of 80% [36]. Lastly, a system used artificial neural networks and achieved the accuracy of 85.66% [37]. The system proposed in this paper has achieved the accuracy of 88%.
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5  Discussion

The proposed system has much significance in the fields of virtual reality and exergaming. Now a days, inertial sensors are playing a vital role in applications indoors and outdoors [38]. In case of using inertial sensors, the sensors are attached to the body of the player [39]. In the proposed system, these inertial sensors are used to detect the motion of the user and then the machine learning model detects the activity. The depicted game is then played in a virtual reality environment. This system has vast applications in fitness and gaming. With the use of physical activity recognition applications, people who are suffering from different diseases can be handled and treated in a timely and better manner [40]. Activity recognition done by inertial sensors is a very cost-effective solution which can have vast applications [41].

The proposed system is a highly effective system for users because the users can have virtual gyms and grounds in their homes which can help them play outdoor games in their rooms. Virtual reality is a very vast field and it gives reality like experience in an imaginary world [42]. Users will be standing in their room or any place, will wear virtual reality headset with the hardware connected and a screen attached in his VR where the game will be played, and he will perform any gesture. Ultimately, our system will detect the gesture and the person will start playing it in his virtual reality game. It will be an amazing experience for fun loving people mainly children because they will be able to stay fit even in their screen time.

6  Conclusion

In this research paper, we have formed a virtual reality gaming interface and connected it with daily physical outdoor games so that a person can play these games within his room. The proposed system has many benefits such as it can affect the motivation of the children and reduce obesity, laziness and anxiety. The sensors are attached to the body of the user. Data of sensors is sent to the PC by a Bluetooth module. Sensor data will be tested by the machine learning model and it will predict which activity the user has performed. The same activity will be performed by the avatar in unity and model accuracy is 88.9%. In the future, we will extend this system by adding special levels for disabled people so that they can also enjoy the gaming experience, and this will ultimately bring a good impact on their physical and mental health. In conclusion, the proposed system is designed in a way to become a cost-effective and fascinating solution to many health issues in children as well as elders.
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Table 1: IMSporting behaviors dataset description for activity recognition

Dataset name

Hardware used

Description

IM sporting
behaviours

3 accelerometers

Three triaxial accelerometers are attached to the knee, wrist and
lower neck region of the subject. The dataset contains motion
data from participants participating in six different sports:
badminton, cycling, basketball, skipping, football, and table
tennis. The dataset contains 120 acceleration data sequences
from three body-worn accelerometers with varying durations of
time (between 40 to 60). We utilized 20 subjects to teach the
system, all of whom engaged in repetitive behaviours [32].
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Table 3: Precision, recall and F1-score over classes of IMSporting behaviors dataset

Interaction Decision tree Random forest algorithm KN neighbours
classes algorithm
Precision Recall Fl-score Precision Recall Fl-score Precision Recall Fl1-score

Badminton 0.852 0.821 0.836 0.907  0.579 0.707 0.621  0.546 0.581
Basketball 0.982 0.964 0.973 0.968  0.875 0919 0.632  0.685 0.657
Cycling 1.000 1.000  1.000 1.000  1.000 1.000 0.990  1.000 0.995
Football 0.937 0.868 0.901 0.864  0.620 0.722 0.669  0.482 0.560
Skipping  0.979 0.938 0.958 0.879  0.965 0.920 0.698  0.758 0.727
Table 0.835 0.956 0.892 0.691  0.966 0.806 0.724  0.798 0.759

tennis
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Table 4: Comparison of the proposed method with other state-of-the-art methods on datasets

Datasets

Methods

Recognition accuracy (%)

IM sporting behaviours dataset

Decision tree [34]

Random forest [35]
Classification using LSVM [36]
Artificial neural networks [37]

Proposed methods

83
83.42
80
85.66

88
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Table 2: Confusion matrix showing recognition accuracies over classes of IMSporting behaviors
dataset

Interaction classes Badminton Basketball Cycling Football Skipping  Table tennis

Badminton 0.75 0.07 0.00 0.04 0.06 0.08
Basketball 0.06 0.90 0.00 0.01 0.02 0.02
Cycling 0.00 0.00 1.00 0.00 0.00 0.00
Football 0.05 0.01 0.00 0.86 0.01 0.06
Skipping 0.02 0.02 0.00 0.00 0.95 0.01

Table tennis 0.02 0.02 0.00 0.01 0.01 0.94
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Algorithm 1: Feature Extraction Fourier Transform

Input: Coefficient representation of a polynomial A(x) of degree < n — 1, where n is a power of 2
Output: Value representation A(w"0), ..., A(w"n—1)

if w = 1: return A(1)

express A(x) in the form Ae(x"2) 4+ xAo(x"2)

call FFT(Ae, w"2) to evaluate Ae at even powers of w

call FFT(Ao, w"2) to evaluate Ao at even powers of @

forj=0ton — 1:

compute A(w"j) = Ae(w"2j) + w"jAo(w"2))

return A(w"0), ..., A(w"n—1)

NN N R W
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