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 The increase in student density in educational institutions has generated greater 

risks to child safety, especially in high-traffic scenarios where manual 

supervision is limited to prevent accidents. In this context, the need arises to 

implement non-invasive technologies and systems based on artificial vision, 

to improve monitoring and support traditional surveillance methods. Previous 

research describes the use of computer vision techniques and models such as 

YOLO for safety, monitoring, and their integration into low-cost embedded 

systems, with limitations in real-time response or accident prevention. This 

research shows the development of a monitoring system based on artificial 

vision with a YOLOv8 model trained and deployed on a Raspberry Pi with 

integration with an ESP32 to detect risk events aimed at preventing accidents 

in minors. The results indicate that risk classes are detected with confidence 

levels above 70%, with good performance in metrics such as precision (~0.9), 

recall (~0.8) and mAP50 (~0.9), without overfitting and with hypothesis 

validation. In conclusion, the system is a suitable solution for accident 

detection with metric validation, but it needs to be optimized to work in real-

world heterogeneous scenarios. 
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1. INTRODUCTION  

In recent years, the increase in the number of students in educational institutions has generated 

problems related to child safety. In the case of high-traffic areas [1] such as recess, entrances and exits, these 

become critical scenarios that require continuous supervision [2]. In this context, the vulnerability of children 

in accidents or risky situations increases [3], making it necessary to use technologies that complement manual 

methods [4]. Therefore, computer vision-based systems [5] are an alternative to contribute to real-time 

monitoring [6]. In addition, manual supervision has limitations inherent to processes carried out in 

environments with many students and where the lack of personnel makes it difficult to monitor [7]  and follow 

up on critical areas, which generates accidents or violence [8]. 

In the area of child monitoring, there are solutions that integrate technologies such as the Internet of 

Things [9], environmental sensors and location technologies [10] to monitor children's activities [11]. Some 

application aspects consider the use of wearable devices [12] to measure biological variables and detect 

accidents or falls, while others use systems with alerts and event analysis in safe zones [13]. Furthermore, it 

must be considered that these technologies must be used with children, which can be invasive. In contrast, 

computer vision-based systems are used non-intrusively, justifying the implementation of the system in this 

research. 
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In the field of child safety, research describes the use of facial recognition and trajectory tracking 

systems to identify and detect the behavior of minors [14]. Furthermore, it is noted that solutions using 

surveillance cameras do not allow for an immediate response [15]. Therefore, there is a trend toward using 

deep learning models to improve the accuracy of detecting and analyzing behavior and activities [16]. 

On the other hand, detection algorithms like YOLO (You Only Look Once) are used in security 

applications to detect suspicious people or behavior. Studies indicate that versions like YOLOv5 offer a balance 

between speed and accuracy [17], for video surveillance applications [18].  Furthermore, the importance of 

YOLOv8 is also highlighted due to its performance improvements [19] and its adaptability to specific security 

contexts [20].  

Regarding other aspects of object detection in fall detection, pose estimation via skeletons has been 

employed instead of using bounding boxes [20], [21]. Furthermore, human activity recognition (HAR) 

techniques utilizing convolutional neural networks (CNNs) or temporal models (LSTM or Transformer) have 

been used to detect high-risk activities [22]. Despite the advancement of these technological tools, there is little 

integration into educational settings for accident prevention, and most applications focus on public or industrial 

safety. 

In the case of hardware implementation, evaluations have been carried out on embedded systems such 

as Raspberry Pi [23] to integrate machine vision models, considering their low cost [24], and also the 

integration of cameras and sensors for monitoring [25]. However, there are processing limitations, which have 

led to the optimization of models for their execution. On the other hand, it is possible to combine embedded 

devices with microcontrollers [26] such as the ESP32 for alert management [27] and network communication, 

considering distributed systems [28]. 

This research proposes the development of a monitoring system using computer vision and the 

YOLOv8 model for accident prevention among children in educational institutions. Data collection and 

preprocessing are carried out, along with the training of a neural network in GPU-accelerated environments 

and its implementation on a Raspberry Pi. Furthermore, communication with an ESP32 microcontroller is 

integrated for triggering alerts and notifications. This involves activities that determine the system's 

characteristics, as well as the implementation and execution of computer vision models in an embedded system. 

The motivation for this research is the need to protect children's safety in educational settings due to 

limited human supervision. The contribution lies in the design of a system using computer vision and embedded 

computing to detect risk events and integrate automatic alerts for critical problems. Its value lies in the 

application of real-time detection technologies. 

 

2. RESEARCH METHOD  

The proposed system utilizes YOLOv8 technology, which is used in other research due to its 

effectiveness in object detection [29] and classification tasks [30].This technology allows for the creation of 

datasets and the training of models using an online environment such as Google Colab with GPU acceleration. 

The process begins with dataset preparation, followed by preprocessing and feature extraction. Finally, the 

model is trained using Python [31]  and then imported onto a Raspberry Pi 5 [32]. Based on the alert 

configurations, signals are sent to an ESP32 microcontroller to activate alarm actuators [33], which is efficient 

for wireless connectivity tasks  [34]. Additionally, a notification stage was implemented for mobile or computer 

devices within a local area network (LAN) (Figure 1). 

 

  
Figure 1. Definition of the project components 

 

The development process is represented in Error! Reference source not found., which divides it 

into three parts. First, the initial parameters are analyzed to establish the functional requirements, followed by 
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the conceptual design. Second, the datasets are created, and the neural network model is trained for integration 

with the hardware. Finally, the system is tested, and the model's performance is analyzed. 

 

2.1. Machine vision model training 

Figure 2 shows the process of creating the dataset using data science platforms (Kaggle, 

MendeleyData, ImageNet, etc.). Manually assigning labels to each image is necessary, for which the Roboflow 

platform is used. Subsequently, the dataset is imported from Google Colab, and training parameters such as 

epochs, learning rate, and image size are adjusted. Finally, the model file (.pt) is generated for integration into 

a Python file, considering variations of the YOLO architecture such as nano or small. 

  

 
Figure 2. Dataset creation and training 

 

 

For data processing in Roboflow, the datasets to be used are defined. Table 1,  shows the information 

sources necessary for processing and classifying the data according to the project requirements and the classes 

to be detected. 

 

Table 1. Classification of data source 
Name of the data source Origin Number of images 

Fall Detection Computer Vision Project Roboflow Universe 410 

Dangerous Computer Vision Project Roboflow Universe 7561 

Knife Dataset New Computer Vision Project Roboflow Universe 4075 

Climbing Detection Computer Vision Project Roboflow Universe 512 

Shanghai Tech Kaggle 1198 
CrowdHuman Crowd Detection CSV Labels Kaggle 12000 

Dangerous situation detection Mendeley Data 7000 

 

On the Roboflow platform, each image is classified and labeled. The following classes are defined in 

this process: Fall (473 images), Crowd (4335), Weapon (662), Fire (3883), and Fall Risk (598). This class 

distribution exhibits an imbalance; consequently, data augmentation techniques (such as rotation and brightness 

adjustment) were applied to the 'Fall' and 'Fall Risk' classes to increase their sample size. The results for all 

classes are shown in Table 2, which presents the class distribution before and after augmentation. 

 

Table 2. Class distribution 
Class Original images Augmented images Weight factor 

Fall 473 1,200 2.5 
Crowd 4,335 4,335 1.0 

Weapon 662 1,300 1.9 

Fire 3,883 3,883 1.0 
Fall Risk 598 1,450 2.4 

 

Google Colab with its integrated graphics processing engine based on the Tesla T4 GPU is used for 

training. The Python and Ultralytics libraries are then installed and their functionality tested using the official 
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Yolov8 functions (8.2.103). The Yolo command is executed for training, validation, and inference. The number 

of epochs chosen is 60 to ensure optimal learning. Furthermore, the image dimensions are 640x640. 

 

2.2. Implementing the program on Raspberry Pi 5 

Figure 3 defines the communication modules of the Raspberry Pi 5 module with a computer to transfer 

the detection program developed in Python. Images are acquired for processing via the camera using a Wi-Fi, 

UART, or USB 3.0 connection. Depending on the detected event, the visual and audible actuators (buzzer and 

LED) are activated by communicating with an ESP32 module using the UART or I2C serial communication 

protocol. The model generated based on the YoloV8 architecture allows inference to be performed through the 

capture and processing of images by OpenCV.  

 

 
Figure 3. Flowchart of the program embedded in the Raspberry Pi. 

 

The algorithm is implemented using three Python files (camera, gpio_manager, and main) that utilize 

the trained model “best.pt”. This integration is achieved through the “ultralytics” library and OpenCV, which 

enables calculations in Python and the determination of the coordinates of the object identifier frames. 

Additionally, the “RPi.GPIO” library allows for the enabling and management of the Raspberry Pi 5's GPIO 

pins. In the case of the “camera.py” file, it serves to enable access to these pins. Finally, the “detect_objects” 

function is used for object detection in each frame. This function uses the “model” parameter, the “frame” 

parameter, and the “results” variable, which stores information about the bounding box parameters and the 

detected class (Figure 4). 

 

  
Figure 4. Functions generated for detection 
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According to the classification labels assigned on the Raspberry Pi 5, these are assigned to 5 GPIO 

pins (Crowd, GPIO 24; Weapon, GPIO 23; Drop, GPIO 27; Fire, GPIO 17; Drop_Risk, GPIO 4). Additionally, 

pins 4 and 6 of the Raspberry Pi 5 are used as power supplies for the ESP32 module. The design for transmitting 

detections must address three requirements, including latency when the ESP32 detects a voltage level change. 

Additionally, it is necessary to avoid burdening the ESP32 with interpreting data packets; this reduces firmware 

complexity and eliminates the need for data processing. 

 

2.3. Control algorithm in ESP32 

The ESP32 module's algorithm implements data reception via GPIO and response transmission via 

Wi-Fi. The "ESPAsyncWebServer" library, capable of processing multiple web requests, is used to manage 

the connection between the ESP32 and the Wi-Fi network. The alerting process begins by reading the input 

pins, assigning values from 1 to 5 based on the detected pin activation level for each of the five classes. For 

each case, the following input pins are referenced: 13, 12, 14, 27, and 26 (Figure 5). 

 

 
Figure 5. Pin assignment loop for indicator activation 

 

2.4. User interface 

The alert is sent via a wireless connection between the ESP32 within a LAN and a mobile application 

that receives the detection data. This application was created using the "App Inventor" tool. Its functionality 

begins with configuring ESP32's IP address, followed by using the "Activate Monitoring" button to receive the 

data. Depending on the type of event detected, a reference image is displayed. Additionally, an alarm sound 

and phone vibration were implemented. The interface components include the "Wi-Fi Connection" method, 

the URL retrieval process, and the "Activate" button for receiving alerts. The application then establishes the 

following conditions: "No Hazard," "Crowd," "Weapon," "Fall," "Fire," "Risk of Falling," and "No 

Connection" to configure the displayed image. In all cases, except for "No Hazard" and "No Connection," the 

phone's vibration and sound functionalities were activated (Figure 6). 

 

 
Figure 6. Activation block for receiving and configuring vibration and visual alarm 
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3. RESULTS AND DISCUSSION  

3.1.  Model testing 

A wireless router was used to connect the Raspberry Pi and the ESP32 to verify the results. The mobile 

device connected to the router to access the server created on the ESP32 module via the mobile application. 

Fire and crowd detection tests were performed using a webcam connected to the Raspberry Pi 5 via USB. In 

this case, the confidence levels obtained did not fall below 70% ( Figure 7). 

 

 

 
Figure 7. Classification of the “fire” and “crowd” classes. 

 

For the tests conducted in an open environment, the following classes were used: Risk of Fall, Fall, 

and Weapon. In this case, a PTZ camera connected via Wi-Fi was used. The tests performed with the "weapon" 

class were conducted at distances between 3 and 9 meters. Beyond 6 meters, the confidence levels decreased. 

This demonstrates the effectiveness of the "weapon" class detection at a range of up to 6 meters. Furthermore, 

the confidence level does not fall below 70% even at the extreme distance of 9 meters (Figure 8). 

 

 
Figure 8.  View of the local (LED), remote (cellular) alarm and Raspberry Pi interface for weapon detection 

 

Subsequently, tests of the "fall" class are carried out, considering distances of up to at least 10 meters, 

obtaining with a confidence level greater than 80% (Figure 9). 
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Figure 9.  View of the local (LED), remote (cellular) alarm and interface for fall detection 

 

In the case of the “Risk of falling” class, detection is observed in valid scenarios with a confidence 

level greater than 80% ( 

Figure 10) 

 

 
 

Figure 10.  View of the local (LED), remote (cellular) alarm and Raspberry Pi interface for fall risk 

 

3.2.  Metrics analysis 

Based on the confusion matrix obtained from the detection model's behavior, the "Weapon" class 

showed the best balance between accuracy (0.911) and recall (0.935), indicating that the model correctly 

identifies most real-world cases and makes few errors when predicting this class. Similarly, the "Fall Risk" 

class had high recall (0.967), although with reduced accuracy due to some false positives. On the other hand, 

the "Crowd" class performed well, with accuracy (0.901) and recall (0.872) values, with some losses associated 

with background confusion. 

The 'Fall' class achieves adequate performance with an   accuracy of 0.815 and a recall of 0.853, 

suggesting that the model can  identify this type of event but still presents difficulties when postures are 

indistinguishable. Finally, the "Fire" class has lower accuracy values (0.791) and a recall of 0.836, showing a 

higher rate of confusion, related to the visual variability of the fire. Therefore, the results indicate that the 

model performs adequately with critical classes such as "weapon" and "risk of falling" (Figure 11). 
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Figure 11.  Training confusion matrix 

 

Figure 12 shows the model's training evolution over 60 epochs, considering loss functions and 

performance metrics. The indicators train/box_loss, train/cls_loss, and train/dfl_loss represent the error in 

bounding box localization, classification error, and edge regression loss using Distribution Focal Loss (DFL). 

Additionally, the metrics precision (B), recall (B), mAP50 (B), and mAP50-95 (B) consider accuracy, 

sensitivity, and precision. Losses during training decreased across all three metrics. Furthermore, box_loss 

decreased from 1.7 to 1.0, indicating improved localization. On the other hand, cls_loss decreased from 3.0 to 

0.5, indicating that the model was learning to differentiate between the various classes. In the case of the 

validation metrics (val/box_loss, val/cls_loss and val/dfl_loss), there is a positive generalization behavior of 

the model. 

Performance metrics, such as accuracy, increased from 0.4 to 0.9, demonstrating a reduction in false 

positives during training. Recall stabilized at 0.8, indicating that the model detects most objects. The mAP50 

value increased to 0.9, while the mAP50-95 value reached 0.6. 

 
Figure 12.  Metrics of the YoloV8 model training. 

 

Regarding the mAP50-95 value of 0.6 it is determined that the model accurately detects object 

locations. To evaluate system performance, its integration into a Raspberry Pi 5 edge device is assessed by 

measuring latency and hardware resource consumption. Furthermore, the system operates continuously at 11.2 

FPS, a rate that could be improved in future work to enhance the monitoring of high-risk events. 

 

Table 3. deployment performance on Raspberry Pi 
Metric Value 

Inference latency (milliseconds per frame) 89 ms 

Throughput 11.2 FPS 
CPU utilization (avg.) 78% 

RAM usage 1.451 GB 

Peak SoC temperature (30 min load) 61 °C 
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3.3.  Hypothesis testing 

To perform the hypothesis test, the confidence level obtained in the classification processes was 

evaluated. For this test, images with a system confidence level greater than 70% were selected. Subsequently, 

the number of correctly and incorrectly classified images was tallied. The hypothesis test analysis determined 

whether the proportion of false positives was low enough to validate the accuracy. The calculations were 

performed using Minitab software, considering that the null hypothesis (Ho) had a p-value of 0.7, indicating a 

false positive rate less than or equal to the critical threshold. Furthermore, for the alternative hypothesis (Ha), 

a p-value greater than 0.7 was used for the false positive rate when it was greater than the critical threshold, 

with a significance level of α = 0.05 (Figure 13). 

The tests performed treat detection as a binary result (classified above the 70% threshold) and assess 

whether the detections exceeding that threshold meet an acceptable false-positive rate. Consequently, this 

hypothesis test does not evaluate the statistical validity of individual confidence scores; rather, it uses the 

detection result itself as the basis for validation. 

 

 
Figure 13. Hypothesis testing 

 

The statistical software Minitab performs the statistical calculations for the hypothesis test, using the 

risk classes, observing that the p-value is always greater than α (significance level = 0.05). This implies that 

the null hypothesis cannot be rejected, and that there is insufficient evidence to conclude that a confidence 

level lower than 70% is reliable. Therefore, it is concluded that a confidence level greater than 70% yields 

reliable results for the detection model. 

 

3.4.  Discussion of results 

The results show that the monitoring system based on machine vision and the YoloV8 architecture 

successfully identified risk situations, such as falls, impacts, or dangerous behavior. However, it is important 

to note that the system's efficiency depends on environmental conditions, such as lighting, viewing angle, 

distance, and movement. In situations where these variables change, the system showed a decrease in the 

detection rate, indicating an area for future improvements. 

Compared to other traditional monitoring systems (such as passive surveillance cameras or manual 

supervision), the system showed a greater ability to react because the use of artificial intelligence is a more 

effective tool for accident prevention. During the testing phase, some false positives were obtained, but with a 

confidence threshold above 70%. This result indicates the importance of establishing thresholds to issue alerts 

only in dangerous situations. 

Since priority was given to integrating the system across remote components rather than exploring different 

architectures, a direct comparison of YOLO detection models was not required. Quantifying and comparing 

performance metrics at the edge remains an area for future research. The primary focus of this research is to 

validate the technological feasibility and integration of the detection system with the embedded hardware 

through pilot tests. The risk events the system aims to identify (such as falls or crowd clustering) are defined 

by generic visual patterns or changes in body posture common across different age groups, allowing for the 

extrapolation of the system's performance. Validation using other datasets (subject to ethical authorization 

protocols) is identified as future work. 

Regarding the limitations of the research, the investigation was conducted in a simulated environment, 

which influences the effectiveness of incident detection. Furthermore, student behavior and movement patterns 

can be more controlled and predictable, facilitating detection. Additionally, the simulated environment 

configuration may not accurately reflect real-world conditions, student mobility, or the presence of obstacles. 
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4. CONCLUSION  

The research successfully implemented a monitoring system based on the YOLOv8 model for 

preventing accidents involving children in educational settings. This involved compiling and training the model 

and integrating it into an embedded system. System validation demonstrated its ability to detect risk situations, 

complementing manual supervision. 

Regarding the results obtained, the detection of risk classes showed confidence levels exceeding 70%. 

Furthermore, there was a progressive decrease in losses and improvements in metrics such as accuracy (down 

to 0.9), recall (0.8), and mAP50 (0.9), indicating learning without overfitting. Additionally, field tests 

demonstrated detection at distances, proving the system's ability to identify falls, fall hazards, and dangerous 

objects. On the other hand, statistical analysis with hypothesis testing confirmed that the confidence threshold 

minimizes false positives. However, it was observed that factors such as lighting, viewing angle, and distance 

influence performance. 

Finally, among the study's limitations are the use of simulated environments for testing and the 

hardware constraints that affect system performance. Future work could include expanding the dataset with 

specific images from real school environments and improving the model's performance under varying 

conditions by integrating specialized hardware to accelerate inference. Additionally, the system could be 

evaluated in real-world scenarios and integrated with IoT technologies. 
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