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Abstract 
 Person detection and re-identification have become crucial tasks in modern surveillance systems. This work 

presents a deep learning-based face recognition framework for person detection using a Flask-based web 

deployment. The system integrates real-time face detection, feature extraction, and re-identification using a pre-

trained deep learning model. The approach employs Open VINO for optimized inference and a Res Net-based 

backbone for embedding generation. The framework is deployed via a Flask API, allowing seamless integration 

with video surveillance feeds. Experimental results demonstrate the efficiency of the proposed system in real-

time person detection and re-identification tasks. 
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Introduction 

ace recognition systems have become very popular tools of security and surveillance 

in the recent years. Person detection and re-identification is one of the most urgent 

applications when the suspect is to be recognized on the video feed in real-time. 

Nevertheless, the conventional face recognition systems have problems like poor image 

quality, inferences and changes in lighting conditions. 

 The use of surveillance networks in the open areas, in airports and the police has 

increased dependence on a person detection system that is effective and real time thus 

increasing the need to have one. It is the advances in deep learning and computer vision that 

have enabled the creation of scalable and highly accurate facial recognition software. 

However, it is still very challenging to sustain good accuracy and still operate in real time, 

particularly in environments where there are demanding video processing needs. 

 The face detection, feature extraction and re-identification are combined to present a 

deep learning-based person detection system. The system employs a web application which 

is developed in order to ensure easy deployment and interaction. To achieve the best deep 

learning inference, it uses Open VINO that enables real-time performance with common 

hardware. 

 The main contributions of this work are: an end to end architecture of real-time person 

detection through deep learning. An API to run face recognition models and process video 

feeds using Flask. Effective extraction of features based on a ResNet-based face embedding 

backbone. A person re-identification block to track person across multiple video frames. Face 

recognition in detecting a person is a topic that has been extensively covered in the recent 

literature. The classical techniques are based on handcrafted characteristics, and classical 

machine learning-based methods, but modern techniques apply deep learning models to 

obtain high accuracy.  

F 
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 Another area of use of OpenVINO is in various real-time applications that are used to 

accelerate inference of deep learning. Also, Flask-based deployment mechanisms have been 

efficient in connecting AI models with the web interface.  

 
Literature Survey 

 Over the past few years, face recognition as a method of person detection has received a 

lot of research. The Face Recognition (FR) [6] identifies and authenticates a person based on 

his or her facial features. Traditional face recognition algorithms implemented machine 

learning classifiers such as Support Vector Machines (SVM) or k -Nearest Neighbors (k-NN) 

with manually constructed features such as Local Binary Patterns (LBP) and Histograms of 

Oriented Gradients (HOG). Poor accuracy of these methods occurs however in unrestricted 

settings. The use of Convolutional Neural Networks (CNNs) has revolutionised face 

recognition by making them robust in feature extraction with the advent of deep learning 

[7]. Models such as FaceNet, DeepFace, and ArcFace have immensely boosted the accuracy 

of recognition. These architectures learn discriminative embeddings that allow them to do 

an accurate face matching and classification. 

 Most recent developments in real-time face recognition [8] have used edge computing 

systems such as OpenVINO to streamline deep learning inference. OpenVINO is used to 

execute CNN-based models faster, decreases the computation latency of real-time 

applications. A number of researches have proved the performance of OpenVINO in face 

recognition activities, emphasizing its performance in limited settings. Moreover, the so-

called Flask-based web deployment [9] has become one of the more trendy ways to combine 

AI-based applications with easy-to-use interfaces. Other studies have investigated the 

advantages of integrating face recognition models on Flask whereby recognition services are 

accessed easily through RESTful APIs. This supports interconnecting to surveillance 

systems, and it increases the ability to identify a person in real-time. Multi-scale feature 

fusion, optimization of the scale of the anchor box, weighted features of the channel attention 

mechanism, affine face alignment, and file compilation are used by the author [10] to 

perform recognition systems based on the lightweight backend networks and create an 

integrated environment of the embedded platform system. It is the development of a face 

identification system of 2D facial photographs scanned on numerous devices to achieve a 

3D face mesh on the basis of 468 MediaPipe markers capable of recognizing multiple faces 

in real-time that makes [11] the work novel. Consequently, the input feature vectors are 

generated due to Euclidean/Geodesic distances and ratios between the landmarks.  

 Angular Sparsemax [12] is a new face recognition loss feature. Using FenchelYoung 

regularization, the proposed loss is sparse-encouraging to the hypothesis prediction 

function, similar to Sparsemax. The discriminatory power of the face embedding can also be 

improved with an additive angle margin to the score-vector. Deep learning models currently 

achieve human performance in the real-world face recognition tests. The author [13] 

investigate scientific progress in the human face processing area using the computational 

practices of deep learning. The objective of the author [14] is to generate the optimal 

accuracy-rate equilibrium (ARE) in such a way that the compression ratio can be pushed up 
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without any significant impact on the functioning of the FR system. First there is the 

compression of picture which influences deep FR. Subsequently a method to obtain the ARE 

values of face photos with authentic acceptance rate and false accept rate according to the 

definition of ARE in FR is implied.  

 Although these have been developed, the current techniques have limitations [15] 

including being limited to low-resolution images, managing occlusions, and providing 

effective tracking in dynamic settings. The given system is based on these publications, but 

it introduces OpenVINO-optimized face recognition models to a Flask-based deployment, 

which offers an overall solution to the real-time person detection and re-identification. 

 
Proposed Methodology 

 The suggested system includes several steps: data capture, face detection, feature 

extraction, person re-identification, Flask-based implementation and real-time alerting. 

Every step is optimized to perform with the help of OpenVINO. 

 Data Collection and Pre-processing: The system captures video footage of surveillance 

cameras to identify and screen persons. The raw image frames are first of all extracted and 

pre-processed. To maintain consistency in deep learning model input, the removal of noise, 

facial feature alignment, and normalization of pixel values are carried out. The extracted 

data is processed data applied in feature extraction. 

 Feature Extraction using DeepLearning (ResNet Backbone): A ResNet Backbone 

model, a deep learning-based model is used to extract high-dimensional feature 

presentations of facial photos. To extract hierarchical patterns and include them in a 512-

dimensional vector, the system is fed with input images by multiple convolutional layers. 

This coded representation allows the accurate identification of people. 

 Person Identification using Face Recognition: The feature vectors extracted are 

compared with a database of people with the cosine similarity. The system will provide a 

match when the score of similarity is greater than a predefined threshold (say, 0.9). 

 Real-time Detection and Alert Generation: The system is real time and it analyses video 

feeds continuously. It identifies and monitors persons, and identifies whether they are an 

identity match of known persons. When a match is observed an alert is produced to signal 

security people. 

 Performance Evaluation: To measure the system, we are measuring accuracy, precision 

and recall. And F1-score. Processing time (frames/second) is also checked to maintain the 

real-time performance. 

 Optimization and Fine-tuning: The system is fine-tuned by changing the hyper 

parameters as follows; learning rate, batch size, and threshold values to achieve enhanced 

performance. Alternative feature extraction schemes and classifiers are also discussed in an 

attempt to achieve greater accuracy. 

 Deployment and Integration: An actual surveillance system uses the optimized model 

in a real world. It is tested on reliability and scalability of security systems in the clouds. 

Deployment ensures compatibility with the existing monitoring tools and automatic updates 

of future improvements. 
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Fig. 1: Proposed Architecture Diagram 

 

Results and Analysis 

 The system was widely tested on the real-world surveillance footage in order to test its 

precision, computational efficiency, and capability to change with changing conditions. 

Optimization of the deep learning inference using the OpenVINO and a Flask-based 

deployment led to a substantial performance increase in face recognition to detect persons. 

 
Performance Metrics 

 Key metrics, such as accuracy, precision, recall, and F1-score, were used to measure the 

performance of the system and are important in testing face recognition model.  

The results are summarized below: 
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Table 1: Performance Metrics 

Metric Value (%) 

Accuracy 95.2 

Precision 93.8 

Recall 94.5 

F1-score 94.1 

 

 Accuracy (95.2) The overall accuracy of the model with regard to the identification of 

person. 

 Precision (93.8%): This will guarantee that the persons detected are actual persons thus 

reducing false positives. 

 Recall Recall (94.5%) shows that the system can distinguish persons in a surveillance 

image correctly. 

 F1-score (94.1) is the correct balance between precision and Recall that proves the 

reliability of the system. 

 Such findings confirm that the system is highly accurate and has few false identifications, 

hence it can be applied in real-time to detect individuals. 

 
Real-time Processing Efficiency 

 A major difficulty in the implementation of face recognition to monitor people is to 

maintain low-latency processing at the expense of accuracy. The suggested system has a high 

level of performance with an average processing of 30 FPS (Frames Per Second) and thus it 

is very effective concerning live video analysis. 

 
Table 2: Comparative Analysis 

Metrics 
Existing System (CNN, VGG-

16, MobileNet) Avg. 

Proposed System (ResNet, 

SCAE+SVM) Avg. 

Accuracy (%) 87.93% 96.0% 

F1-Score (%) 86.43% 95.0% 

Precision (%) 87.07% 95.55% 

Recall (%) 85.8% 94.55% 

Inference Time 

(sec/frame) 
0.046 sec 0.06 sec 

 
 The combination of OpenVINO inference optimization facilitates faster feature 

extraction and classification and is vital in reducing the computational overhead. The Flask-

based API also boosts the efficiency of a system by allowing a straightforward integration 

with real monitoring infrastructure and does not require large quantities of computational 

resources.  
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Figure 2: Comparison of Face Recognition Algorithms 

 

Comparative Analysis 

 We compared the suggested method's performance with that of other facial recognition 

algorithms in order to demonstrate its effectiveness. The outcomes show a notable increase 

in processing speed and accuracy: 

Table 3: Comparison of Face Recognition Algorithms 

Model Accuracy (%) Processing Speed (FPS) 

Traditional CNN-based Face Recognition 85.4 10 

FaceNet-based Recognition 91.3 20 

Proposed OpenVINO-Optimized Model 95.2 30 

 

 
Figure 3: Face Recognition Algorithms: Accuracy Vs Processing Speed 

 
 This analysis shows that proposed system is more efficient than the traditional face 

recognition because it works better than the traditional one in accuracy and computability 

time, and therefore more useful in large scale surveillance tasks. 
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Robustness in Real-World Scenarios 

 The tests were conducted under a range of environments (low-level light, occlusions 

(masks, sunglasses), and varying faces) in an effort to test the flexibility of the system. The 

system was resistant in challenging surveillance conditions as it was able to work 

continuously. Moreover, the practicality of the system in the real world is further promoted 

by the fact that it is able to deal with position, age, and facial blockage variations by the 

exploitation of feature embedding acquired by a ResNet-based backbone.  

 
Practical Implications and Future Directions 

 The findings confirm that the proposed system provides deployable and scalable 

solution to airports, private surveillance networks, and even the public security systems and 

law enforcing organizations. Due to the real-time monitoring and monitoring of people, their 

enhanced security is guaranteed in the situation of high risk. The future enhancement could 

focus on: 

 Strengthening the ability of the detection to a hostile attack or a deceptive disguise.  

 Multi-camera synchronization in a surveillance network can be considered in order 

to track people in numerous locations.  

 Enhancing explainability of AI to generate face recognition outputs that can be better 

understood.  

 

Conclusion 
 An innovative technique of improving the interpretability and accuracy of face 

recognition is provided. This system performs a pixel-wise analysis to determine the 

contribution of specific image regions to the identification performance as compared to the 

traditional quality assessment methods, which quantify the global image characteristics. The 

study gains greater transparency through a combination of explainability techniques, 

including Grad-CAM, and deep Convolutional Neural Networks (CNNs) to provide visual 

information regarding how different aspects of the face influence recognition outcomes.   

 Models are built on PyTorch/TensorFlow, trained on OpenVINO and the web-based 

interface is developed on Flask. The pipeline to ensure that only good images are used in 

recognition is to have image preprocessing, feature extraction, quality assessment, and 

integration with a face recognition model. The technique significantly enhances the precision 

of biometric authentication by minimizing the errors caused by low quality of inputs via 

adaptive quality standards and automated sifting. 

 Experimental data shows that the proposed approach augments face recognition 

performance and provides a more understandable analysis of image quality. The system is 

highly suited to security applications, surveillance applications, and identification 

verification applications because the system is able to support various image conditions, 

such as blur, occlusions, and low lights. This study addresses significant concerns within 

face recognition technology and develops more resilient and responsible AI-based biometric 

frameworks by offering a reliable and explainable solution. 
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