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The physical education (PE) system’s key goal is to educate individuals and the large community of participating students to achieve self-fulfillment. Deep learning uses integrated expertise to help students master challenging conditions in unfamiliar contexts. It is normal to get injuries while training or playing, and as an emergency response to mitigating students’ future risks by the availability of first aid, safety steps are promptly taken. Therefore, this article suggests a “physical education and emergency response system using deep learning” (PSERS-DL) to handle such situations effectively. In real-time, the PE environment can be tracked using a global positioning system-enabled surveillance system to immediately provide the wounded student with protective measures. The acquired visuals are immediately analyzed using a deep learning model, convolutional neural network (CNN). The 27 layers proposed in the CNN model have been evaluated compared with other deep learning models. The simulation results showed that the proposed PSERS-DL can assure the emergency response with the highest accuracy of 97.61%. The experimental results showed that the proposed PSERS-DL model enhances an accuracy ratio of 95.6%, a performance ratio of 97.6%, movement detection analysis ratio of 96.3%, a learning rate of 95.2%, an efficiency ratio of 98.1%, a security ratio of 93.5%, a delay time ratio of 33.2%, and a behavior analysis ratio of 90.7% when compared to other existing approaches.
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1 INTRODUCTION
Physical education is intended to improve students’ physical experiences, competencies, safety, and capacity to use them in a broad range of wellness behaviors. Physical education is commonly understood as an organization of events in athletics, sports, or physical training (Lakhani & Sundaram, 2017). During such events, it is found that most students are either left to play the matches in their way or taken to the field where they practice various sports without the teacher’s instruction or supervision (Manogara et al., 2018; Raizada et al., 2021). All these experiences together provide an essential comprehension of the idea of physical education (Abdel-Basset, et al., 2019). Physical education is focused on physical fitness and the ability to conduct and relish daily physical exercise (Wang et al., 2016; Li et al., 2020). Children gain the skills required for participating in a broad array of sports, including football, basketball, and swimming. Daily physical training course prepares the children to be involved, fit, and stable in their own physical and mental growth (Vinayakumar et al., 2019; Thakur et al., 2021; Sohail et al., 2022a; Sohail et al., 2022b). A successful physical education curriculum should include teaching students, psychiatrists, and teachers; proper education; and student assessment. Learning to develop body fitness starts from basic physical exercises to a training course in grooming, gymnastics, and athletic game performance and management (Janarthanan et al., 2020; Awan et al., 2021).
Physical training assists students in developing physical skills and confidence. For instance, primary and secondary schools’ curricula involve activities that allow children to gain or develop their abilities, such as running, catching, throwing, or karate (Janarthanan et al., 2020). High school education should concentrate on tennis or aerobic dance, focusing on competitive sports (Kumar et al., 2018). Physical education creates strength and encourages the ability to be involved in physical activity for a lifetime (Xu et al., 2020). Physical education programs teach the health benefits and hazards of a dysfunctional and unhealthy diet and the importance of daily exercise and balanced food choices (Zhao et al., 2019; Kumaran et al., 2021; Zhao et al., 2022a; Zhao et al., 2022b; Zhenyu and Sohali, 2022). Students of all ages may be required to focus on a few minor dietary and exercise changes over six weeks (Kumar et al., 2019). Physical training can enhance the behavior, cognitive, and social capacity of students (Huifeng et al., 2020; Mustafa et al., 2022b). Team sports help students value others, contribute to a team objective, and socialize as positive team members (Anbarasan et al., 2020; Raizada et al., 2021). Physical training includes holistic training for the complete growth of the child’s personality and body, mind, and spirit excellence through daily engagement (Sohail et al., 2015; Zhou et al., 2016; Mustafa et al., 2022a). The medium of physical fitness, physical exercises, allows us to achieve and sustain a fitness shape. It helps achieve high physical and mental performance (Kang and Choo, 2016; Rathore et al., 2016). Alertness and abilities such as perseverance, team spirit, teamwork, and rule-making are developing. Therefore, it improves the students’ personal and social skills and positively impacts their physical, social, emotional, and mental growth (Okumura et al., 2003; Upadhyay et al., 2008). Thus, physical training can be described as a field that does not focus on physical fitness but aims to develop a range of skills and behavior. Physical training teaches cooperation, respect, integrity, trust, the gain of grace, and the loss of hope (Redd et al., 1992).
To achieve and maintain a healthy lifestyle with abilities, skills, values, and enthusiasm, higher education institutions must concentrate on designing physical education courses (Sohail et al., 2014b; Popp et al., 2018; Sohail et al., 2022c; Lu and Sohali, 2022). To encourage exercise, motor skills, the comprehension of games and sports rules, principles, and strategies, the trainer needs to monitor the student (Kanchanasut et al., 2007). Students are either trained in a team or in a range of competitive activities as individuals. Learn motor skills such as strength, speed, stamina, coordination, flexibility, agility, and balance since these are crucial aspects of success in various games and sports (Trudeau and Shephard, 2008; Sohail et al., 2022d). Building sustainable strategies and methods involved in physical activity (Sohail and Delin, 2013a; Sohail et al., 2013b; Sohail et al., 2014a; Yen et al., 2017; Yat et al., 2018; Liu et al., 2020; Yen et al., 2021). The main contributions of this article are as follows: 1) designing a PSERS-DL has been proposed to reduce physical education students’ risk factors for learning and handle such situations effectively; 2) analyzing the PE environment by a global surveillance system and predicting the injured student to take safeguards instantly; and 3) the experimental results have been analyzed, and the proposed system PSERS-DL has been improving safety measures for students and enhancing learning outcomes in physical education. The rest of the article is organized as follows: Section 1 and Section 2 discuss the physical education and emergency response system and existing methods. In Section 3, the PSERS-DL model is suggested. In Section 4, the experimental results are executed. Finally, Section 5 concludes the research article.
2 LITERATURE REVIEW
Liu et al. (2020) focused on creating a computational regulation of behaviors using the Internet of Robotic Things (IoRT). Two major methodologies are used in this deep learning solution for robotic behavior management, deep reinforcement learning (DRL). Robot behavior control models the robot with the features required to react to its immediate environment via sensory-motor connections. To recognize robots’ actions, DRL combines the principle of deep learning architecture with neural networks and reinforcement algorithms. Min (2021) discussed the field-programmable gate array (FPGA) for welfare organization management. The value of using a variety of methods to speed up main characteristics. Study methods are the new changes in deep learning networks based on FPGA in this study. Therefore, in the analysis of the direct and effective hardware acceleration of potential development researchers, this examination is intended to be useful. Lee and Lee (2021) suggested using artificial intelligence (AI) for physical education. Using AI in physical education (PE) and sports applications can enhance its possible use and improve the nature, visualization, and repetitiveness of PE. This study examines the concepts and use of PE based on AI-related research fields’ philosophy and offers a concentrated, in-depth review of the PE technologies. To apply AI-based custom PE lessons, information provision, learner assessment, and learner therapy methods, AI facilitates educators’ decision-making by reporting to learners on their status and providing different solutions to learners’ problems in real-time. It supports educators efficiently in assessing and managing to learn.
Sung et al. (2020) introduced the Bidirectional Encoder Representations from Transformers (BERT) framework for categorizing ended responses into suitable categories with improved efficiency than conventional machine learning systems. In the processing of primary analysis, the satisfaction of deep learning in assigning many codes is innovative. The research has a simple method for analyzing qualitative data that does not fulfill mutual university. Telford et al. (2021) deliberated that the centerpiece of school physical education (PE) can be called physical education with ineffectual instruction. The lack of PE throughout the system of public primary schools has raised concerns. This analysis’s objective was to assess the implementation, acceptability, and impact of PE teachers’ provision in an integrated PEP approach to improve PE and PL opportunities for teachers in the classroom of a group of suburban elementary schools. Cao et al. (2020) initialized the topology-aware access control (TAAC) for the cyber-physical space access control system. It can potentially describe the control of cyber access, physical access control, and interaction access control, and for the policy compliance process, a risk evaluation approach is proposed. They suggested a role activation algorithm that would allow only legitimate and honest users to access items.
There are several challenges to existing methods to implement physical education and emergency response system. To come across the issues in this study, the PSERS-DL model has been suggested. The following section discusses the proposed model briefly. This article discusses the physical education and emergency response system using deep learning for improving student learning and enhancing physical training outcomes. Physical education supports students in achieving movement, safety knowledge, developing their physical abilities, and using various active events. Physical education (PE) allows students to maintain fitness and acquire positive social skills, and it builds the students’ capacity and confidence to engage in a wide variety of physical activities. The study aims to analyze the degree of physical activity in community educational institutions. Data have been analyzed to determine whether physical education could enable young people to meet their health goals through prescribed physical activities accurately. The physical education components are shown in Figure 1.
[image: Figure 1]FIGURE 1 | Components of physical education.
Figure 1 shows the physical education components. The four major physical education objectives are nutrition, physical activity, athletic development, and social skills. Physical education goals include the understanding of the student body’s growth and development of personality. The purpose of this article is to evaluate skill development progress across the integrated process. Social contact is cited as a significant factor in the importance of adolescence movement experience. Regular physical activity for students offers direct health benefits, effects on physical appearance and muscle growth, and a reduction in individuals’ presence at high-risk failure. However, studies show that this condition is impractical and is rarely met in regular PE lessons. This study set a goal to determine students’ physical activity during secondary school PE. The data have been considered for the recommended levels of physical activity to determine and help students become healthy.
3 METHODOLOGY
3.1 Emergency response system
The emergency response system design provides an understanding of essential emergency response parameters outlined in Figure 2. Monitoring athletes and all students in physical education play a significant part. Sensors can be used to produce and install an emergency response system properly, and a few sensors are interfaced to establish internet connectivity through a WiFi-enabled microcontroller. The sensors used in the configuration are the heartbeat sensor for ambient temperature and humidity object stabilization accelerometer and GPS module for situating the emergency reaction site. The number of moves and emergencies can be counted as droppings that generate the signal in the object’s movement, such as planning, living, behavior, and tracking.
[image: Figure 2]FIGURE 2 | Emergency response system.
The standard magnitude vector estimated values in the region of the signal smart emergency response system are formalized in Eq. 1:
[image: image]
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As shown in Eqs. 1 and 2, signal magnitude area [image: image] and standard magnitude vector have been described. [image: image] are accelerations [image: image] and sample signals for posture are obtained along the Y-axis, X-axis, or Z-axis.
3.2 Wearable sensor-based fitness process
Monitoring and evaluation (M&E) are two separate harmonizing, mutually enhancing methods based on wearable sensors. Generally, M&E is intended to track a strategy’s effectiveness on the overall goals, priorities, objectives, and program operation progress. M&E often evaluates an activity’s result significance and its performance, learning rate, efficiency, and sustainability on program effectiveness.
Figure 3 shows the fitness tracking process. Wearable systems include accelerometers, gyroscopes, sole sensors, and body-mounted barometric pressure sensors. To track their physiological and biochemical properties, different body sensors have been developed. The sensor is a microphone and is discreetly worn on the neck. Sound characteristics are extracted in real-time, and the camera records a video sequence for further study if a chewing action is classified. The sensors can sense variations in temperature, illumination, movement, vibration, or pressure of students. The combined use of wearable sensors and environmental sensors may provide useful information about the individual living under monitoring. Actigraphy instruments rely on an accelerometer to measure movement patterns (motion) and estimate sleep and wake conditions simply by assuming that motion means waking and sleeping. Tracking the eye movement helps the detection of gazing activities like reading and concentrating movements. The sensor network collecting and disseminating sensed data is a necessary component of wearable computing. The lightweight application programming interface (API) is used for direct sensor connectivity with a cloud while the data collected, users, and sensors are served in a highly scalable way. Fitness data monitors are standard instruments used to assess physical involvement in class times and strengthen fitness principles related to well-being, such as aerobic ability and enhancing quantitative physical activity metrics inside and outside schools (Mustafa et al., 2022c). The understanding of wearable technology started with a wearable device, that is, a completely controllable device that can run without thinking or effort. It is a part of the user that this form can be seen in today’s wearables, as they are considered "smart” since they are run with less human input into the controls because the consumer is free to take action from the fitness trackers.
[image: Figure 3]FIGURE 3 | Fitness tracking process.
3.3 Activity recognition wearable sensors
Student activity recognition, which has expertise in students’ activities from raw sensor inputs, plays an important role in everyday life. It aims to understand students’ conduct that enables computing systems to support users proactively based on their needs. Suppose a student carries out certain types of activities that belong to specified [image: image] in Eq. 3:
[image: image]
As explored in Eq. 3, student activity has been calculated. [image: image] is a student activity, where [image: image] refers to the number of forms of operation. There is an operation knowledge series of sensor reading in Eq. 4:
[image: image]
As inferred, in Eq. (4), sensor reading has been computed, where [image: image] indicates the time [image: image] read sensor.
To predict the sequence of activities using sensors, a model [image: image] is constructed as shown in Eq. 5:
[image: image]
As calculated in Eq. 5, sensor-based activity predicts the sequence. However, the actual sequence of operation (ground truth) is as shown in Eq. 6:
[image: image]
As deliberated in Eq. 6, the ground truth of sensor sequence operation has been obtained. In Eq. 6,[image: image] indicates the sequence length, and n indicates the [image: image] length.
The human activity recognition objective is to learn model [image: image] by minimizing discrepancies between activity [image: image] and activity [image: image]—ground reality. A positive loss feature [image: image] [image: image] to reflect their discrepancy is usually built. F does not normally take s as the input directly and normally assumes a projection function that projects a sensor reading data to [image: image]—dimensional vector, a projection function, all of which is [image: image]. The objective here is to minimize the [image: image] loss function.
The wearable device can be seen as an existing device in which a consumer’s priority can see exercise as a routine instead of an activity. Figure 3 shows what a new wearable customer fitness process looks like concerning the individual.
The inertial measurement unit (IMU), GPS (global positioning system), magnetometer, gyroscope, and accelerometer sensors are often present in sports wearables configured. The inertial measurement unit can be used in various physical monitoring applications. In this study, there are differences in which sensors are compatible and which sensor technology can be adapted for sporting applications.
Figure 4 illustrates the wearable sensor framework. An IMU chip with a wearable sensor can monitor data and communicate via wireless technology. The preference for servers or phones with WiFi or Bluetooth depends on the customer, and the designer gets input. Sensors that regularly send and receive data will help to consume power. The advantage of integrated smartphone-based wearable technology is that it can optimize storage capacity (Mustafa et al., 2022d). Wearables are based on constant teachings and all data that wearable monitors can use. For PE training and learning, utilizing server or cloud services to store student data tracks live encryption and storage priority (Zhongjun et al., 2022).
[image: Figure 4]FIGURE 4 | Wearable sensor framework.
Physical education has a concrete connection to physical activity for students. Activity data quantitatively represent a student-action state and are qualitatively evaluated by reports. It is possible to suppose that the phrases that relate to a student seem to have a polarity if students played well in physical education. In this context, two sentence-level annotation techniques have been proposed, and four physical annotation methods are performed throughout a season. In contrast, daily annotation is the second method focused on a student’s success in physical education. Based on the average statistics for the whole season, the first approach evaluates the security and success rating of the [image: image] students:
[image: image]
Figure 5 and Eq. 7 demonstrate the performance score, where [image: image] is an index for the player and [image: image] is a statistic index for the game. [image: image] is the set of related performance appraisal game statistics. Statistics score [image: image] is the standard [image: image] player’s score for the statistical [image: image] game in Eq. 8:
[image: image]
Equation 8 describes the statistical score of [image: image] and the original statistic of the [image: image] player game, and [image: image] is the mean and standard deviation of all the students’ statistic for the [image: image] season, respectively. In addition, [image: image] is an indicator of the relationships between the statistics on the jth game. All articles are available at the time of publishing and have annotated each sentence referring to a student who has regular records based on changes. If the direction of change suggests a performance improvement, then phrases referring to students published between the current game and the following game will be positive.
[image: Figure 5]FIGURE 5 | Performance score.
The basic architecture contains the sum of the input layer’s weighted input values for each hidden unit in the first hidden layer. This weighted sum is transformed using the [image: image]-activation function, including linear, sigmoid, and hyperbolic tangent [image: image]. The result of this is the hidden node.
[image: image]
As expressed in Eq. 9, the output of the hidden node has been explored. Eq. 9 shows the [image: image] is, respectively, the number of hidden [image: image] and network layers of hidden nodes. Each output node, which corresponds to a class, uses the softmax function to take the weighted sum of the last hidden layer enabled output and converts it into a probability class [image: image] for classification with less delay, and the task shows Eq. 10 as follows:
[image: image]
Figure 6 signifies the softmax function. A deep neural network (DNN) is qualified for identification to increase the prediction error over the data, which is equivalent to reducing the cross-entropy optimization problem in Eq. 11:
[image: image]
As found in Eq. 11, cross-entropy optimization has been explored, where [image: image] indicates the number of training instances and total grades. In addition, the class label is 1 if it is [image: image] and 0; otherwise, for the [image: image] training case. Therefore, [image: image] is the forecast likelihood of class [image: image] in the [image: image] course. The proposed PSERS-DL model enhances the accuracy ratio of performance ratio, prediction ratio, increased efficiency ratio, less error rate, low delay time ratio, and high-security rate.
[image: Figure 6]FIGURE 6 | Softmax function.
4 RESULT AND DISCUSSION
The physical education (PE) system’s key goal is to educate individuals and the large community of participating students to achieve self-fulfillment. Deep learning uses integrated expertise to help students master challenging conditions in unfamiliar contexts. The proposed PSERS-DL models for preventing student injuries and monitoring physical activity. The experimental results have been performed, and the suggested PSERS-DL model is based on the performance metrics such as accuracy ratio, prediction ratio, efficiency ratio, security rate, and delay time ratio.
4.1 Performance ratio and error rate (%)
Fitness can involve student skills, attitudes, and academic performance, which are important elements for improving school performance. PE includes improved interest, concentration, and student performance. Physical training affects cognitive skills such as focus and enhances student habits which are essential components of increased student performance. Physical education develops students’ concentration expression and improves memory, better heart health, lowers the risk of depression, bone health, and weight and improves grades. It makes us work successfully, appreciates recreational activities, and cope with emergencies. It can help us feel very healthy while learning to improve our physical health. Figure 7A shows the performance ratio.
[image: Figure 7]FIGURE 7 | (A) Performance ratio. (B) Error rate.
Figure 7B shows error rate; physical education system strengthens student education and improves physical activities to care for the student’s environment. These include recognizing the importance of using programs for the improvement of physical activity in the learning environment. Recognition of current opportunity inequalities and the need for equality of physical and physical activities.
4.2 Prediction ratio and movement detection ratio (%)
The deep learning (DL) models were used to calculate the accelerometer data’s fitness values and determine the positioning location to predict physical activity (PA) data. These models showed a preference for the main wrist or shoulder, as the action is more stable in these positions. DL models using these positions were useful in predicting student PA accurately. The routine framework has been organized around physical activity, and high prediction is provided by physical education (PE). In this respect, PE’s position on the school curriculum is generally justified by its commitment to health and fitness. However, the assumption seems to have some merit because PE is often highlighted as a major contributor to young people’s everyday physical activity. DL is considered patterns in an acceleration signal instead of using the acceleration magnitude for the prediction. Research shows, however, that this criterion is very ambitious and that it is rarely encountered during PE lessons every day. Figure 8A shows the PSERS-DL curriculum prediction ratio.
[image: Figure 8]FIGURE 8 | (A) Prediction ratio. (B) Movement detection ratio.
Figure 8B shows the PSERS-DL curriculum movement detection ratio that students can learn a range of skills, activities of the movement, and qualities. It is important to study whether exercises can be used as a lesson to practice different movements. This article aims to research students’ different movement detection usage during the PSRES-DL period using new educational tools and emphasize numerous movement qualities.
4.3 Learning rate (%)
Students can build skills and use this knowledge to increase their skills in various circumstances. Students reach a health-enhancing fitness level and show physical activity and recognize that physical activity offers opportunities for pleasure, challenge, and self-expression. Students will show responsibility for their acts during their participation in the campaign and display responsible social behavior. Prove progress in fitness areas assessed by the department’s deep learning system using the basic abilities, experience, manners, and vocabulary used in practical and fighting tasks. Figure 9 shows the physical education and emergency response system’s learning rate using deep learning (PSERS-DL) to handle such situations effectively.
[image: Figure 9]FIGURE 9 | Learning rate.
4.4 Accuracy ratio (%)
Physical training (PE) builds students’ skills and confidence in various physical activities integral and school life. The PE program’s accuracy allows all students to participate in a variety of physical activities and excel. The importance of sports accuracy will be known to those who have completed sports coaching courses. The students can choose and build user-friendly environments, exhibit sequence training, and incorporate learning styles and performance modifications based on good education values. Students demonstrate movement expertise, analyze physical training’s success, develop and learn written lesson schemes, analyze fitness learning for students, assess it, and include the description and implementation of conceptual physical training for highly qualified employment, movement, sport, and physical development. Figure 10 shows the accuracy ratio.
[image: Figure 10]FIGURE 10 | Accuracy ratio.
4.5 Satisfaction ratio
The research was conducted to recognize students’ satisfaction with physical education (PE). Students score the need for a high quality of good life; however, their school’s contribution to healthy living is unsatisfactory. The PE training supports multiple physical exercises and gathers knowledge, values, and functions related to other educational concerns. The students were best satisfied with peer interaction among the four aspects of PE learning impact, teacher training, and facility. The students’ satisfaction with PE ranged from average to satisfied. Figure 11 shows the student satisfaction ratio in PSERS-DL.
[image: Figure 11]FIGURE 11 | Satisfaction ratio.
4.6 Security ratio (%)
Each student’s and teacher’s development is within their capacity and confidence. Ensure that traffic patterns are flowing around the equipment to prevent accidents. Guaranteeing the equipment is installed correctly, loaded, stretched, and used according to the system’s wishes and that the operating devices are systematically started and finished. Table 1 shows the student security ratio is high in PSERS-DL.
TABLE 1 | Security ratio.
[image: Table 1]4.7 Behavior analysis ratio
A summary of behavioral analysis shows that student data history and experiments in physical education settings are given in this article. To evaluate the effects of behavioral interventions in teachers’ training settings based on the question. Table 2 provides descriptive data on the actions of students over several similar courses.
TABLE 2 | Behavior analysis ratio.
[image: Table 2]Considering the advantages reported by students in assessing training classes to analyze the relationship between student obligation assignment, motivation variables, and satisfaction with physical education classes, three different characteristics were offered: sports challenges, fitness activities, and aerobic activity. The movement’s detection examines students’ qualities on four levels: body, effort, space, and relations. Our findings show that exercises allow PE teachers and students to pay attention to various teaching qualities. In PE, the player engages in a complex sense of movement with physical exercise and other students.
The proposed PSERS-DL model enhances the accuracy ratio, performance ratio, movement detection analysis ratio, learning rate, efficiency ratio, security ratio, delay time ratio, and behavior analysis ratio when compared to deep reinforcement learning (DRL), field-programmable gate array (FPGA), Bidirectional Encoder Representations from Transformers (BERT) framework, and topology-aware access control (TAAC) methods.
5 CONCLUSION
This article discussed the emergency response system based on deep learning for student physical activity monitoring and improving student fitness. The provision of first aid protection steps is an emergency solution to reduce potential injury risks to students. Therefore, in this article, PSERS-DL has been proposed to sports emergency management and handle physical education’s critical situation. A global GPS allows surveillance systems to map the PE field in real-time so that the wounded student can automatically take safety action. Physical education programs worldwide are under strong pressure to prove that their practice prepares students for good active and long-term living. The experimental results show that the proposed PSERS-DL model enhances an accuracy ratio of 95.6%, a performance ratio of 97.6%, a movement detection analysis ratio of 96.3%, a learning rate of 95.2%, an efficiency ratio of 98.1%, a security ratio of 93.5%, a delay time ratio of 33.2%, and a behavior analysis ratio of 90.7% when compared to other existing approaches. This study can be used for physical education and emergency response system using deep learning and it can help to develop a better physical education environment.
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