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Abstract:
Violence in recent years pose a biggest threat to the society which need to be addressed in all means. Video based Violence detection is very tough to be detected when the person or things in motion. This cutting-edge, video violence detection system uses the most advanced Violence Guard Freeze-In Freeze-Out Inception V3(VGFrIFrOI3) deep learning model in conjunction with optical flow-based characteristics. The Mosaicking process done in the pre-processing step improvises the algorithm performance through the process of space search minimization. By using a wide range of video clips that depict both violent and non-violent situations, Modern security and crime prevention techniques are more important than ever in light of the growing worries around violence in the world. The necessity of this research is underscored by statistical analysis, which shows that crimes related to violence cause almost 1.3 million lives globally each year. Through the application of recent development in computer vision and neural network algorithms, this Proposed method provides a proactive way to protect public areas and greatly improve safety worldwide.
Keywords: Violence Detection, Optical Flow, Deep Learning, Convolutional Neural Networks, InceptionV3, Mosaicking.
1.INTRODUCTION
The widespread availability of video content in today's digital environment has completely changed how information is shared and consumed, with millions of hours of videos being produced and watched every day across a variety of platforms. But the exponential rise in video content has also brought up new difficulties, most notably the spread of offensive and violent content that endangers society greatly. Using deep learning and optical flow-based methods, this study creates a customized CNN model for effective violence detection, which is then improved by adding mosaicking. With applications ranging from surveillance to content moderation and video evidence analysis, this system intends to provide real-time, high-precision violence detection by collecting complex motion dynamics and utilizing mosaicking. The study's findings could significantly improve the accuracy of detection.

In order to analyze them in greater detail, this research focuses on creating a violence detection system with improved feature extraction and classification techniques. In order to rise the correctness of improvised violence detection, the current study focuses on feature extraction processes in conjunction with classification techniques. Establishing improvised violence detection is not without its difficulties. The implementation of conventional violence detection systems is regarded as experimental due to the large amount of data, standards, and noisy images. Computational limitations and visual clarity are further problems in violence detection. 

After extracting the video frames, the frames mosaicked are joined, and the model is thoroughly trained. Using a test data set, which indicates whether or not a test film is violent, the detection process is carried out. The method of assembling video frames to create a complete view of the scene is called mosaicking. Before the completion of the stitching process, it should also be improved. A condensed illustration of the video data is the composite image that is produced.  Applications for video inspection and compression frequently employ the video mosaicking block. Additionally, these mosaic images are added to the retrieved photos, offering a more thorough perspective of the scene that will aid in correctly extracting features and performing more accurate video categorization. It is then converted into optical flow frames and then given as input to the trained and test Phase with our Inception V3 for the detection. Next a suitable deep learning architecture is chosen for violence detection. Convolutional Neural Networks (CNNs) or pre-trained models like Inception V3 can be effective choices. In the next step, Split into training and testing datasets. Train the selected model using the extracted optical flow frames and corresponding labels (violent or non-violent). The model's hyperparameters are fine-tuned, such as learning rates, batch sizes, and numerals of epochs, to optimize the performances. Finally evaluate the model that is trained on the validation set to assess its performance in terms of accuracy, precision, recall, and F1-score. Once the model achieves satisfactory results on the testing set, evaluate it on an unseen test set to estimate its performance. It is needed to continuously monitor the system's performances and gather the user feedbacks to identify the areas of improvement. Fine-tune the model periodically to adapt to new violence patterns and improve detection accuracy

2. Literature Review 

These two methods can be effectively utilized to authenticate people inside an organization utilising handwritten signatures, as demonstrated by Inception-v1 and Inception-v3. These two approaches have outperformed other findings found in the literature. It appears from research findings on low-resolution photos in the GPDS Synthetic Signature Dataset that Inception-v3 is capable of performing better than Inception-v1 on high-resolution three-dimensional images like ImageNet. The higher-resolution receptive fields used in Inception-v3 models are said to produce noticeably better recognition results. Inception-v1, a 22-layer deep network, outperformed the 42-layer Inception-v3 network for image input with low resolution [1]
Dermoscopy is an automated diagnostic technique that involves obtaining a few images with computer assistance. likelihood of a. In Human, tumors on the skin is diagnosed utilizing the outcomes of a dermoscopy in conjunction with visual inspection. Approximately 75–80% of cases of skin cancer can be accurately diagnosed with this approach.A study that classified skin cancer using SVM along with k-NN classifiers obtained a 61% correct diagnosis percentage.[2]
Inception modules are an intermediary point between the extremes of a discrete range that include depth-separable convolutions . This observation resulted in the suggestion that convolutions that are depth-wise separable be used in neural computer vision structures in place of Inception modules. As a result, Xception, a unique architecture crteated around this idea, is put out. It shares many of Inception V3's parameters. On the ImageNet data set, Xception performs slightly better in classification than Inception V3, whereas on the JFT dataset, it performs much better. Since convolutions that are depth-wise separable have features similar to those of Inception modules and are just as simple to use as ordinary convolution layers, they are expected to become a mainstay of convolution neural network architecture design in the years to come[3].With a total accuracy that ranged from 84.8% to 97.8%, the updated Inception v3 model outperforms classifiers using k-nearest-neighbors algorithms, neural networks, support vector machines, linear discrimination, and multilayer perceptrons, which were limited to a total accuracy spanning from 36.4% to 64.6%, dependent on the total number of visuals utilized for training the classifiers[4].

There are various classifications for images. The goal of classification of images is to group a unique image into a number of likely categories. Transfer learning is a deep learning approach to solving the image categorization problem. The capacity of this approach to learning to create accurate models quickly is making it more and more popular in the field of computer vision. The key benefits of transfer learning approaches are that they don't require a large training dataset or a lot of processing capacity[5].

Due to the small sample, training a full DCNN using a random start is extremely computationally demanding and might not be realistically possible. The pretrained ConvNet can be used as an initialization or static extractor of features thanks to transfer learning. Typically, models that have been trained using ImageNet, which comprises over 1.2 million photos classified into 1000 distinct categories[6].The unprocessed frames technique can discern explosion visual signals and their notable differences in expansion and impact more clearly than it's optical path flow or acceleration.For fights, optical movement remained the more accurate descriptor. Given that optical acceleration denotes abrupt pixel changes among frames, the optical flow itself may be a better representation of fights' comparatively slower tempo.However, the optical stimulation provided a more accurate classification of the whole concept of violence. The descriptor's outstanding score on the ideas of weapons and gunshots may suggest that these ideas are more strongly correlated with the overall concept of violence taken into account in this data set. In the end, we classified violence by combining the best outcomes for every notion using the described fusion networks. We took the features as of the final fully-connected layer of the network architecture (Inception), which produced the greatest results, and fed them into the fusion network.[7]

The usefulness of utilizing Kinetics initial training for additional video tasks like semantic video categorization, video detection of objects, or optical flow computations is still up for debate.[8]

When violent outbursts occur in crowds, prompt discovery could be the difference between life and death. This duty is important, but in the past it hasn't gotten much attention. It's interesting to note that ViF beats previous methods despite only using the magnitudes of the optical-flow fields.While flow field magnitudes have historically been employed to create action recognition systems, more complex approaches have been developed, leveraging various sources of data.[9]

According to further research, bi-LSTMs do better than ordinary LSTMs in action recognition.Additionally, research shows that the attention layer enhances sequential learning performance. This study supports this conclusion and demonstrates that classifying fight sequences with Bi-LSTM and attention is an exciting strategy. The experimental findings also show that classifying fight situations becomes more difficult the more variety a dataset contains. The diverse range of fight events from various locations and situations present a formidable obstacle for contemporary action identification algorithms, as evidenced by the collected surveillance fight dataset[10].

The motion segmentation as well as recognition of actions experiments demonstrate the reliability of the predicted optical flow using FlowNet 2.0 over a wide range of settings and applications. The networks in the FlowNet 2.0 series operate at speeds ranging from 8 to 140 frames per second. This broadens the scope of potential applications even more. Whereas the Middlebury findings reveal subpixel motions performance problems, the FlowNet 2.0 results show robustness against compression artifacts, retrieving of tiny structures, and extremely precise motion boundaries[11].Feature learning is difficult in the Violent-Flows datasets because to the dense crowd and noise background.Since different perspectives can produce distinct motion sequences, multi-scale & multi-viewpoint approaches may also affect how effective a model is.The suggested 3D convolutional neural networks with enhanced internal architectural model can efficiently learn the spatiotemporal aspects of aggressive actions with comparatively less parameters[12].
The application of techniques from computer vision has rendered the challenge of remote detection of human behavior tractable. For instance, discontinuities and aperture issues might arise in optical flow-based techniques, while illumination and reinitialization issues can arise in feature monitoring techniques. In the action detection community, feature descriptors centered around interest points have gained popularity recently (refer to the most current survey). By treating the video sequence as a space-time dimension and utilizing gradients, intensity levels, flow, or other regional properties, this method analyzes activities.Better resistance to deformation, lighting, occlusion, and posture has been demonstrated using this method[13].

Several  example frames were created with the intention of covering the video content with a minimal amount of overlaps between them in order to roughly match the visual span of the mosaic.A synopsis of the generated image data and the groups of images that are depicted in the photographs allows for a comparison of the number of indicative frames and the dimension of the produced 2D mosaics.Two marine biology researchers used polygons to label the supplied imagery (huge mosaics and several fixedsize frames) in an internet-based collaborative annotations process, making sure to achieve pixel-level precision and avoiding overlap[14].Collusion is actually a risky and critical attempt; to eliminate the mark with no lowering the sequence's performance, the succeeding photos are averaged[15].

3.PROPOSED METHOD
3.1. Data Collection : 

Gather a diverse dataset of video clips containing instances of both violent and non-violent actions. The hockey dataset taken encompasses various scenarios, lighting conditions, and camera angles to ensure model robustness. 
3.2 Optical Flow Frame Extraction and Pre- Processing with Mosaicking: In preprocessing resize the optical flow frames to a consistent resolution and normalize pixel values to prepare them for training. Mosaicking of the image is a procedure to build several images of a video to form a single mosaick image which gives a large view of the scene. The pre-processing step of the mosaicking procedure divides the frames of the images into separated subframes having a 35:25 enlargement ratio. By limiting the search space, the mosaicking process makes use of this segmentation to create image mosaics that improve performance throughout the extraction and classification phase and help to produce results consistently over time. Image mosaics, or ruptures of frames of the image, are progressively harmonized with both Violent and non-violent image frames. After reconstructing the frame of the image once more, the feature extraction procedure is initiated. Utilize optical flow techniques to calculate the motion vectors between consecutive frames in each video. Convert these motion vectors into optical flow frames that capture the dynamic information of the motions. Optical flow frames provide valuable temporal information that is not present in individual static image frames. In traditional image frames, it captures a snapshot of the scene at a specific moment, and the spatial information alone may not be sufficient to infer motion or dynamic changes. However, in the case of videos, the motion of objects over time is crucial for understanding the scene's dynamics, especially in scenarios like violence detection, where actions and movements are essential indicators.

Optical flow is a computer vision technique that estimates the motion of pixels between consecutive video frames. It analyzes how the brightness patterns in an image change over time, providing insights into the direction and speed of objects' movements. By tracking these motion vectors, optical flow frames are constructed such that it capture the visual flow and dynamics of the scene.The concept behind optical flow is based on the idea that pixel intensities in a video 
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  Figure 1. System Architecture
sequence remain consistent as an object moves. In violence detection, optical flow frames play a vital role in capturing the spatiotemporal features associated with aggressive actions. Actions like punching, kicking, or any violent gestures exhibit specific motion patterns that are recognizable in the optical flow frames. By analyzing the flow of pixels between frames, the violence detection system can learn to identify these patterns, making it more effective in recognizing violent actions. The use of optical flow frames also allows the model to differentiate between sudden movements characteristic of violence and other regular activities that may involve significant motion, such as running or playing sports. This ability to capture the lively nature of violent actions enhances the model's accuracy and robustness in detecting violence in diverse scenarios.

Furthermore, by leveraging optical flow frames, the proposed system can process videos in a more computationally efficient manner compared to analyzing each individual frame independently. Optical flow frames summarize the motion information in the video sequence, reducing the data required for analysis and speeding up the processing time, making it suitable for real-time applications like surveillance.

3.3 DEEP LEANRING MODEL IMPLEMENTATION

Inception V3 is a convolutional neural network (CNN) architecture that was developed by the Google researchers. It is widely used for image recognition and classification tasks. In this project, the Inception V3 model was utilized as the base architecture for training the fight detection model. By leveraging the Inception V3 architecture and fine-tuning it on the fight/non-fight hockey dataset, the trained model learned to abstract more relevant features as of the input images and make accurate predictions. The utilization of Inception V3 provided a strong foundation for the fight detection model, allowing it to capture complex patterns and spatial dependencies in the image data. The below Figure 1. Depicts the entire Structure of the anticipated model.The function `get_model()` creates a fight detection model based on the Inception V3 architecture with additional layers added on top for classification. 

.
4. Workflow of Violence Detection System using Optical Flow Frames:
The `get_model()` function creates a fight detection model by extending the Inception V3 architecture with additional layers. The base model extracts features from the input images, and the added layers perform classification based on those features. This model can be trained on fight/non-fight data to learn to classify input images accurately.The `get_generators()` function is responsible for creating data generators for training and validation data. After defining the `get_generators()` function, the `get_model()` function is called to obtain the model. Then, the `get_generators()` function is called to get the data generators for training and validation. These generators can be used during the model training process to provide batches of augmented and preprocessed data for each epoch.
The purpose of these two functions, `freeze_all_but_top()` and `freeze_all_but_mid_and_top()`, is to selectively freeze and unfreeze layers in the model during fine-tuning or transfer learning. The freeze_all_but_top function is used to train only the top layers of the model, while keeping the rest of the layers frozen.It takes the `model` as input. It loops through all the layers in the model except the last two layers (the top layers) and sets their `trainable` attribute to `False`, effectively freezing those layers. After freezing the desired layers, the model is compiled with the optimizer set to 'rmsprop', loss function set to 'categorical_crossentropy', and accuracy as the evaluation metric. The function returns the updated model.Next `freeze_all_but_mid_and_top function is used to fine-tune the model by selectively freezing and unfreezing specific sets of layers.It takes the `model` as input.It freezes the first 172 layers of the model (including the top layers) by setting their `trainable` attribute to `False`. It unfreezes the remaining layers (from the 173rd layer onwards) by setting their `trainable` attribute to `True`.After modifying the trainable status of the layers, the model is recompiled with the optimizer set to SGD (Stochastic Gradient Descent) with a low learning rate of 0.0001, the loss function set to 'categorical_crossentropy', and additional metrics for evaluation.The function returns the updated model.
These functions are useful when it is needed  to fine-tune a pre-trained model by training only specific layers or groups of layers. By freezing some layers, it is kept such that their pre-trained weights intact and focus the training process on the remaining layers. This can be helpful when there is limited training data or want to avoid overfitting. The choice of which layers to freeze or unfreeze depends on the specific task and the desired level of customization.The change from resizing the frames to (224, 224) instead of (299, 299) and normalizing the frames has likely improved the performance and clarity of the model predictions. Here's an explanation of why this change might have made a positive impact. By normalizing the frames, it is ensured that the pixel values are consistent across different frames and avoid introducing unnecessary variations due to differences in pixel intensity. Normalization can also improve the convergence speed and stability of the training process. At last the trained model is tested with the test dataset and applying the VGFrIFrO I3 (Inception V3 Classifier) predict the Fight and No- Fight Videos sequences are predicted. The below Figure 2: shows the entire output screenshots of the entire model.
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	Hockey fight mosaic with optical flow image frames
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Figure 2: Output Screenshots
5.Results: 
Performance Assessment Metrics:

The comparison analysis section is explained and the efficiency analysis of the suggested violence detection model employing VGFrIFrOI3 is demonstrated using various metrics in the ensuing part. A test set of 20% and a training set of 80% of the mosaicked frames of images in the hockey conflict dataset were divided. The below analysis gives the dataset accuracy comparison and model accuracy comparison with the different methods. Different traditional methods using different datasets determine different ranges of accuracy in detecting violence incidents. Based on table 1 results, it was found that the proposed method of classifying fight and no-fight(violent and non-violent) images from hockey collection clips of the video produces results that are 99.05 % more accurate than other conventional techniques.
In contrast to additional traditional violence finding techniques, the suggested algorithm's effectiveness using the Violence Guard FIFO Inception V3 classifier was demonstrated in the table 2 representation below. When compared to alternative methods of violence scene identification that employ different algorithms, the suggested classifier for violent or non-violent scenes performs better in terms of classification outputs.

Various measures, also referred to as performance indicators or assessment metrics, are employed to assess the model's quality or performance. The below Table 1 and Table 2 shows the accuracy of the proposed model and the accuracy of the dataset. Also the Figure 3 and Figure 4 shows the graph related to the respective Table 1 and Table 2. 
Accuracy:

One of the easiest classification measures to use is accuracy, which can be calculated as the ratio of accurate predictions compared with all predictions.
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Precision:

The Accuracy constraint is addressed by the accuracy metric. The percentage of positive predictions that were truly accurate is determined by the precision. The True Positive or forecasts that are truly true to the overall positive predictions (True Positive and False Positive) can be used to compute it.
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Recall:

Its purpose is to figure out what percentage of real positives were misidentified. Either accurately forecasted as positive or erroneously projected as negative, it can be measured as True Positive or forecasts that are truly true to the entire number of positive (true Positive and false negative).
Recall:[image: image15.png]True Positive
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	Model
	Accuracy of the Model

	ResNet
	84.09%

	Inception V3
	87.42%

	KNN
	64.6%

	MobileNet with Transfer Learning
	91%

	Xception+LSTM
	97.5%

	Proposed Method VGFrIFrOI3
	98.5%


Table 1: Accuracy of the Model
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Figure 3: Accuracy Graph
	Model
	Dataset Accuracy

	ResNet
	84.29%

	Inception V3
	89.42%

	KNN
	80.6%

	MobileNet with Transfer Learning
	91%

	Xception+LSTM
	92.5%

	Proposed Method VGFrIFrOI3
	95.9%


Table 2: Accuracy of the Dataset
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Figure 4:Dataset Accuracy metric with diverse classifier

The Comparative assessment says that the detection done with the proposed method shows higher accuracy with respect to the other classifiers compared.
5.Discussion

  The performance metric analyzed with the proposed VGFrIFrOI3 with the optical flow process has provided the expected outcomes in a good accurate manner. This proposed model gives higher accuracy rate of 98.5% in detecting the frames of the image whether it is a violent or non-violent video. It also gives good performance compared to the other video detection methodologies by providing the unique way to extract the feature and its classification.
6.Conclusion 
The results section successfully presents the condensed performance analysis and comparison evaluation of Optical Flow extraction of the feature model outcomes. The mosaicked frames selects the best matches from the all frames and at the end after the series of mosaicking process gives the best patched frames which adds to the performance at the preprocessing step. In identifying whether an image frame contains a fight scene or not, the proposed VGFrIFrOI3 violent detection system gives a high accurateness rate of 98.5%. VGFrIFrOI3 is able to detect violence with an astounding accuracy of 95.8%, sensitivity of 96.4%, and specificity of 95.2%. It also outperforms other conventional violence detection systems by using diverse feature abstraction approaches and classifiers that are traced from various datasets. With a similar vein, the suggested model also demonstrated improved performance results in terms of Score values of accuracy and recall parameter when used to identify violent frames from the hockey dataset, explaining the increased effectiveness of proposed Model. 
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