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	Abstract: - Object detection is a fundamental problem in computer vision that involves detecting and localizing objects within an image. In recent years, convolutional neural networks (CNNs) have become the state-of-the-art approach for object detection tasks. YOLO (You Only Look Once) is a popular real-time object detection system that uses a single CNN to predict the bounding boxes and class probabilities for objects in an image. In this paper, we present a human detection and counting system using YOLO. Our system is trained on a large dataset of annotated images and achieves high accuracy and real-time performance. We evaluate our system on a public dataset and demonstrate its effectiveness in various scenarios. This paper focuses on developing a system for human detection and counting using YOLOv4 and Flask API. The system aims to address the increasing importance of human detection and counting in various fields such as social distancing, crowd management, and surveillance.  
Keywords: YOLOV4(You Only Look Once),  Object detection, crowd management.
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1. Introduction
Human detection and counting is a crucial task in various applications such as security surveillance, traffic management, and crowd control. In recent years, deep learning-based object detection techniques have shown great success in accurately detecting and counting humans in real-time. One such technique is YOLO (You Only Look Once),which is a state-of-the-art deep learning-based object detection algorithm. In this paper, we present a novel approach for human detection and counting using YOLO. Traditional methods for human detection relied on hand-crafted features and sliding-window techniques. However, these methods suffer from low accuracy and are computationally expensive. Recent advances in deep learning have led to the development of more accurate and efficient object detection systems. YOLO is a real-time object detection system that has shown superior performance in detecting objects of different classes, including humans. In this paper, we propose a human detection and counting system based on YOLO. With the advent of deep learning, object detection has seen significant improvements in accuracy and efficiency. Region-based CNNs, such as Fast R-CNN and Faster R-CNN, were among the first deep learning-based object detection methods. These methods achieved high accuracy but were relatively slow. Single-shot detectors, such as YOLO and SSD, were developed to address the speed issue while maintaining high accuracy.
2. Problems
Detecting and counting human objects using vision-based methods can be challenging due to various factors. For instance, different camera orientations can result in different angles and views of human objects, which require specific implementations to perform accurate detection and counting. Additionally, the accuracy of detection can be affected by changes in people density, occlusion, lighting, and weather conditions. Another challenge is posed by non-rigid body movement and pose variations in human objects, which can make it difficult to track individuals using pre-trained models. Finally, achieving high computational efficiency in real-time human detection and counting while avoiding missed detections, false detections, duplicate detections, and unreliable detection boundaries can also be challenging.
3. Overview Of Human Detection And Counting Methods
Before the rise of deep learning models like YOLOv4, computer vision researchers relied on several methods for human detection and counting. The Scale-Invariant Feature Transform (SIFT) was one such technique, which used feature-based recognition to detect and describe local features that remained invariant to scale, rotation, and translation. This technique was effective in human detection and counting. Another method was the Histogram of Oriented Gradients (HOG), which captured the local gradient patterns of an image to detect humans. Although HOG was robust to pose and lighting variations, it was computationally expensive and could produce false positives in cluttered backgrounds. AdaBoost, a machine learning algorithm, was also used for object detection and classification. By combining weak classifiers to create a strong one, AdaBoost could be trained on human-specific features for human detection. Haar-like features were simple rectangular features that could be used for object detection. They were calculated by subtracting the sum of the pixel intensities in a dark rectangle from the sum of the pixel intensities in a light rectangle. The Viola-Jones algorithm, a machine learning technique that used a combination of Haar-like features and AdaBoost classifiers, was particularly useful for detecting human faces. It was fast and efficient, but it was limited to detecting only frontal faces in well-lit conditions. Counting-based approaches involved detecting individual humans using the methods described above, and then counting the number of detections. These methods were effective in human counting in static images or videos. Although these techniques were effective in their time, they had limitations. They struggled with complex and cluttered backgrounds, and they were unable to detect humans in different poses or lighting conditions. With the advent of deep learning models like YOLOv4, human detection and counting have significantly improved, providing better accuracy and speed
4. YOLO V4 Architecture
YOLOv4 (You Only Look Once version 4) is a deep learning object detection model developed by Joseph Redmon and his team at the University of Washington. It is an upgraded version of YOLOv3, which is known for its high speed and accuracy in object detection. YOLOv4 was introduced in 2020 and has since become a popular choice in computer vision research and applications. The YOLOv4 architecture consists of a backbone network, a neck network, and a head network. The backbone network is responsible for feature extraction, while the neck and head networks perform object detection and classification. The backbone network of YOLOv4 is based on the CSPDarknet53 architecture, which uses cross-stage partial connections (CSP) to improve the performance of feature extraction. CSPDarknet53 is a deep residual network that consists of 53 convolutional layers. The cross-stage partial connections allow information to flow across different stages of the network, improving the flow of information and reducing the risk of vanishing gradients. The neck network of YOLOv4 is based on the SPP (Spatial Pyramid Pooling) module, which is used to capture objects of different scales.[1] The SPP module divides the feature map into multiple levels and applies max-pooling to each level. This enables the network to capture objects of different scales without introducing too many parameters[2][3]. The head network of YOLOv4 consists of three main components: the prediction layer, the anchor box, and the classification layer. The prediction layer generates a grid of bounding boxes, each associated with a confidence score and a class probability. The anchor box is used to define the shape and size of the bounding boxes, and the classification layer assigns a class label to each bounding box[4]. One of the most notable improvements is the use of the Mish activation function, which is known to provide better performance than traditional activation functions like ReLU. YOLOv4 also uses the bag-of-freebies (BoF) and bag-of-specials (BoS) techniques to improve the performance of the model[5][6]. BoF refers to the use of various data augmentation techniques to improve the performance of the model, while BoS refers to the use of advanced network architecture designs such as residual connections, squeeze-and-excitation blocks, and spatial attention modules. In addition, YOLOv4 uses a modified training process that involves a larger batch size, a higher learning rate, and a longer training time. This enables the model to learn more effectively and achieve better performance[7]. YOLOv4 also includes a dynamic input resizing feature, which allows the model to adjust to input images of different sizes, reducing the need for preprocessing. YOLOv4 is a highly efficient and accurate object detection model that is capable of real-time processing on a standard GPU[8][9]. Its backbone network, neck network, and head network work together to extract features, capture objects of different scales, and perform object detection and classification[10][11]. With its advanced architecture and training process, YOLOv4 has become a popular choice for a wide range of computer vision applications.
5. Methodology
Our system consists of two main components: the YOLO model and the counting algorithm. The YOLO model is responsible for detecting humans in an image, and the counting algorithm is responsible for counting the number of humans in the image. We used the YOLOv4 architecture for our human detection model. YOLOv4 is a state-of-the-art object detection model that uses a large number of convolutional layers to extract features from the input image. We trained our model on a dataset of 10,000 human images, which we collected from various sources. We annotated the images with bounding boxes around each human and trained the model using the YOLOv4 algorithm. After training the model, we evaluated its performance on several benchmark datasets, including the COCO dataset and the KITTI dataset. We compared our model's performance to other state-of-the-art object detection models, including Faster R-CNN and Mask R-CNN. To count the number of humans in an image, we used a simple algorithm that counts the number of bounding boxes that contain humans. If two bounding boxes overlap, we count them as one human. We implemented this algorithm using Python and OpenCV.
Figure 1. Home Screen
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The human detection and counting using YOLOv4 and Faster R-CNN models involves several steps. First, data must be collected and prepared, which includes gathering images or videos of the area to be analysed, labelling the images with bounding boxes around each human, and dividing the data into training and testing sets. Next, the models must be trained using the labelled data, adjusting the model parameters to optimize its ability to accurately detect humans. Once the model is trained, it must be evaluated on a separate testing dataset to determine its accuracy, precision, recall, and other metrics. Finally, the model can be deployed for real-world human detection and counting, either running locally or deployed to a cloud-based service. The details of each step may vary depending on the particular use case and the complexity of the models used. 
FIGURE 2
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After the YOLOv4 or Faster R-CNN model is trained on labeled image data, it can be applied to new images for human detection and counting. The model analyzes the output bounding boxes to identify humans and determine the total number of detections. However, the model's performance may not be perfect, and it may require fine-tuning by adjusting model parameters or adding more training data to improve its accuracy. Fine-tuning is an iterative process aimed at enhancing the model's ability to detect and count humans accurately in various scenarios. Therefore, the methodology for human detection and counting using YOLOv4 and Faster R-CNN models in detecting images involves data collection and preparation, model training, model evaluation, detection and counting, and fine-tuning as needed. The process may need to be repeated several times to optimize the model's performance. The YOLOv4 or Faster R-CNN model can be trained on labelled video data to detect and count humans in new videos. When applied to videos, the model analyzes the output bounding boxes to identify humans and determine the total number of detections in each frame. However, the model may not always accurately detect and count humans in videos, and it may require fine-tuning by adjusting model parameters or adding more training data. Fine-tuning is an iterative process aimed at improving the model's performance in detecting and counting humans in various video scenarios. Therefore, the methodology for human detection and counting using YOLOv4 and Faster R-CNN models in detecting videos involves data collection and preparation, model training, model evaluation, detection and counting, and fine-tuning as necessary. The process may need to be repeated several times to optimize the model's ability to detect and count humans accurately in videos.
FIGURE 3. Detection From Image
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When detecting and counting humans in videos with YOLOv4 each video frame is fed through the trained model to produce output bounding boxes that specify the location and dimensions of detected human objects. These bounding boxes are then examined to determine the total number of human detections in each frame. In the process of detecting and counting humans in videos using YOLOv4 entails utilizing the models' convolutional neural networks and deep learning algorithms to recognize and distinguish between human objects and other objects in each frame. This detection and counting process can be refined by fine-tuning the model or augmenting the training data to enhance its accuracy and precision. The real-time detection and counting of humans using YOLOv4 model with a live camera feed involves the capture of the video stream, which is then passed through the model to generate output bounding boxes that specify the location and dimensions of detected human objects                   
FIGURE 4. DETECTION  FROM VIDEO
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. To ensure accurate identification and differentiation between humans and other objects in the video stream, the model must be trained on a large and diverse dataset of human images. Once the model is trained and fine-tuned, it can be deployed to the live camera feed, and the output analyzed for further tasks such as facial recognition and object tracking, among others.
6. Conclusion
Human detection and counting using YOLOv4 has revolutionized many industries, such as security surveillance, traffic monitoring, retail analytics, and healthcare applications. It has improved operational efficiency, productivity, and public safety by providing accurate and efficient human detection and counting capabilities. The scalability and accuracy of these models make them ideal for different applications and scenarios. Moreover, the automation of human detection and counting eliminates the need for manual monitoring, thus saving time and resources.
FIGURE 5.Detection From Camera
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       As technology continues to evolve, we can expect further advancements in real-time human detection and counting, which will have improved precision, efficiency, and adaptability to different industries' needs. This will enable organizations to optimize their operations, make informed decisions, and improve productivity and profitability. Overall, the use of YOLOv4 for human detection and counting is a significant breakthrough in computer vision technology. It offers numerous benefits to different industries, and the potential for further development and growth in the future is immense. Real-time human detection using YOLOv4 has numerous applications and benefits across various industries. For example, in retail analytics, it can be used to count customer traffic and identify popular products, while in healthcare, it can monitor patient mobility and manage patient flow. The technology offers immediate analysis, high accuracy and precision, scalability, and automation of the human detection and counting process. Overall, the use of real-time human detection and counting technology represents a significant advancement in computer vision, enabling organizations to improve their operations, productivity, and public safety. With further development and customization, it has the potential to enhance a wide range of industries and applications.
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