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Abstract: The rising number of missing child cases globally highlights the urgent need for a more efficient and intelligent identification 

and recovery system. Conventional methods, including manual tracking and public awareness initiatives, often fall short due to time 

limitations and insufficient data management. This research proposes a comprehensive Missing Child Identification System that leverages 

deep learning, facial recognition, and big data analytics to enhance identification accuracy and operational efficiency. By employing 

convolutional neural networks (CNNs) and transfer learning, the system compares images of missing children with those in existing 

databases and surveillance footage. It also incorporates biometric data, such as facial embeddings and age progression algorithms, to adapt 

to changes in appearance over time. Additionally, the system features an AI-powered alert mechanism that promptly notifies law 

enforcement and relevant authorities when a match is identified. Real-time analysis and pattern recognition capabilities significantly reduce 

search times and improve recovery rates. The system’s scalable architecture allows seamless integration with existing surveillance networks 

and law enforcement databases, making it a viable solution for large-scale deployments. Furthermore, the implementation of privacy-

preserving techniques ensures data security and compliance with legal standards. Experimental evaluations validate the system's 

effectiveness, demonstrating robust performance with high precision and recall rates in diverse scenarios. This study presents a scalable 

and intelligent solution designed to expedite the recovery of missing children, addressing the limitations of traditional investigative 

approaches while offering a proactive and efficient response mechanism. 

Keywords: Missing Child Identification, Facial Recognition, Deep Learning, Convolutional Neural Networks (CNNs), Transfer Learning, 

AI-Powered Alert System, Child Recovery System.  
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                                      I.INTRODUCTION: 

The issue of missing children is a growing global concern, with 

millions of cases reported annually due to various factors such as 

abduction, human trafficking, and accidental separation [1]. The 

emotional and psychological toll on affected families and 

communities is profound, making the timely recovery of missing 

children a critical priority. Traditional search methods, including 

manual investigations, public awareness campaigns, and the 

dissemination of posters, often face limitations in terms of speed and 

accuracy [2]. These conventional approaches frequently struggle to 

adapt to the complexities of modern society, where vast 

geographical areas and urban landscapes hinder swift identification. 

Advancements in artificial intelligence (AI) and deep learning 

technologies have introduced innovative solutions to overcome 

these challenges.  

AI-powered systems, particularly those utilizing Convolutional 

Neural Networks (CNNs), have shown exceptional accuracy in 

facial recognition tasks. Unlike traditional approaches, AI 

algorithms can analyze large datasets within seconds, identifying 

unique facial features despite variations in age, image quality, and 

lighting conditions [3]. Additionally, age progression models 

enhance identification accuracy by simulating the natural aging 

process, enabling the recognition of children who have been missing 

for extended periods [4]. 

The integration of AI with surveillance infrastructure has further 

transformed the child recovery process. Real-time facial recognition 

systems embedded within citywide CCTV networks enable the 

automatic detection and tracking of missing children in crowded 

public spaces. Upon identifying a match, authorities are notified 

immediately, significantly reducing response times and increasing 

recovery rates [5]. Furthermore, AI-powered mobile applications 

and online platforms engage the public in search efforts. These 

applications allow users to upload images, report sightings, and 

contribute to digital investigations, broadening the scope of search 

operations [6]. 

In recent studies, the implementation of secure data transmission 

using blockchain-based methods has enhanced the reliability and 

security of AI-powered recognition systems. Techniques such as 

Secret Elliptic Curve-Based Bidirectional Gated Unit Assisted 

Residual Networks have shown promising results in ensuring the 

authenticity and protection of sensitive data during transmission and 

classification processes [7]. Additionally, blockchain-assisted deep 

learning models provide transparent and tamper-resistant 

mechanisms for storing and verifying missing child data, reducing 
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the risk of malicious interference [8]. 

While AI-based systems offer substantial benefits, challenges 

related to privacy, data security, and algorithmic bias must be 

addressed. The collection and processing of biometric data require 

stringent regulations to prevent misuse and ensure ethical use [9]. 

Additionally, false positives and system inaccuracies may lead to 

misidentifications, causing distress to innocent individuals [10]. 

Collaborative efforts among technologists, policymakers, and law 

enforcement agencies are essential to develop robust guidelines and 

safeguard the responsible deployment of AI in missing child 

identification. 

This study proposes a comprehensive Missing Child Identification 

System that leverages AI-powered facial recognition, age 

progression modeling, and real-time surveillance analytics. By 

enhancing the accuracy and efficiency of identification processes, 

the proposed system aims to bridge the gaps in traditional search 

methods. Furthermore, it emphasizes the importance of ethical 

considerations and regulatory compliance to ensure the safe and 

responsible application of AI technologies in child recovery efforts 

[11]. 

I. II.RELATED WORKS 

Numerous studies have explored the application of artificial 

intelligence (AI) and deep learning techniques in addressing the 

issue of missing children. Facial recognition systems have emerged 

as one of the most effective tools for identification, leveraging 

convolutional neural networks (CNNs) to analyze facial features 

and match them against large databases. For instance, researchers 

have demonstrated the efficacy of CNNs in identifying missing 

children despite variations in age progression, image quality, and 

lighting conditions [1]. Transfer learning techniques, wherein pre-

trained models are fine-tuned for specific recognition tasks, have 

further improved the accuracy of these systems [2]. 

Blockchain technology has also been integrated into AI systems to 

enhance data security and ensure the integrity of sensitive 

information. A study by Shaik and Rao proposed a secret elliptic 

curve-based bidirectional gated unit-assisted residual network to 

enable secure IoT data transmission and classification using 

blockchain [3]. Their approach effectively addressed the challenges 

of data privacy and protection, which are crucial when handling 

biometric data for missing child identification. 

In a similar vein, Basha and Rao conducted a comprehensive review 

of secure data transmission and classification models that utilize 

blockchain and deep learning for IoT applications [4]. Their 

findings emphasize the importance of data integrity and security in 

systems where accurate identification is paramount. 

Other research has focused on age progression modeling to predict 

the appearance of children who have been missing for extended 

periods. By employing generative adversarial networks (GANs) and 

other advanced machine learning algorithms, researchers have 

achieved notable success in simulating facial aging, thus increasing 

the chances of accurate identification [5]. 

Furthermore, AI-powered mobile applications and real-time 

surveillance systems have enhanced child recovery efforts. These 

platforms use facial recognition algorithms to scan and analyze 

images from public surveillance cameras, notifying authorities in 

case of a potential match. Crowd-sourced image sharing and 

reporting through mobile applications further amplify the search 

process [6]. 

While these technologies offer significant advantages, challenges 

remain regarding data privacy, false positives, and algorithmic 

biases. Ensuring compliance with ethical standards and legal 

frameworks is crucial for responsible implementation. Ongoing 

advancements in AI, blockchain, and image processing technologies 

are expected to further refine the effectiveness and reliability of 

missing child identification systems. 

Facial Recognition for Missing Child Identification Facial 

recognition technology has emerged as one of the most promising 

solutions in missing child identification. Early systems relied on 

Eigenfaces and Fisherfaces, which used principal component 

analysis (PCA) to detect and match facial features. However, these 

methods struggled with variations in lighting, facial expressions, 

and aging. The advent of deep learning models, such as 

Convolutional Neural Networks (CNNs), significantly improved 

recognition accuracy by extracting hierarchical facial features. 

Studies have demonstrated that CNN-based models, including 

VGG-16, ResNet, and MobileNet, achieve high precision in 

recognizing missing children, even when comparing images taken 

years apart [1]. 

In recent years, Generative Adversarial Networks (GANs) have 

been explored to predict age progression in missing children. 

Missing cases often span several years, causing a child’s appearance 

to change significantly. GANs help generate future facial 

representations, enabling law enforcement to match altered 

appearances with older images. Studies have shown that Progressive 

Growing GANs (PG-GANs) and StyleGAN are effective in 

producing realistic aged images, thereby improving long-term 

search success rates [2]. 

Multi-Modal Biometric Identification Systems While facial 

recognition is the most widely used method, researchers have 

explored integrating multiple biometric features for enhanced 

identification. Studies have investigated iris recognition, fingerprint 

matching, and gait analysis as complementary approaches. The use 

of Siamese networks in facial and iris recognition has been 

particularly effective, as these networks learn to differentiate 

between similar and dissimilar facial features [3]. In cases where 

children’s faces are partially obscured or distorted due to aging, a 

combination of facial recognition and soft biometrics, such as hair 

color and height estimation, has been proposed to increase 

identification accuracy [4]. 

AI-Powered Surveillance and IoT-Based Tracking Systems Recent 

advancements in smart surveillance and Internet of Things (IoT) 

have enabled real-time child tracking through AI-driven monitoring 

systems. Several studies have proposed smart city-based camera 

networks that use YOLO (You Only Look Once) and Faster R-CNN 

models for object detection and tracking. These models 
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continuously scan crowded areas, such as railway stations, bus 

stops, and public markets, to identify potential matches with missing 

children’s photos stored in national databases. The integration of 

edge computing and IoT devices allows for real-time processing, 

reducing latency and enabling immediate alerts to law enforcement 

agencies [5]. 

Moreover, RFID (Radio Frequency Identification) and GPS-based 

tracking devices have been tested to monitor children’s movement 

patterns, particularly in urban settings. Research suggests that 

embedding RFID-enabled wearables in children’s accessories can 

assist in real-time tracking and geofencing to prevent abduction. 

Additionally, Wi-Fi and Bluetooth-based tracking have been 

proposed as cost-effective solutions for monitoring missing children 

in closed environments, such as shopping malls and schools [6]. 

Social Media and Crowd-Sourced Intelligence for Child Recovery 

Social media platforms have become a powerful tool for tracking 

missing children, with researchers developing Natural Language 

Processing (NLP) and sentiment analysis models to identify 

relevant posts and images. Studies have shown that Transformer-

based architectures like BERT and GPT can analyze vast amounts 

of social media data to detect missing child reports, suspect 

sightings, and emergency alerts. Crowd-sourced platforms, such as 

Aadhaar-linked missing child databases in India and AMBER Alert 

systems in the USA, have demonstrated the effectiveness of mass 

participation in search efforts [7]. 

Furthermore, deepfake detection techniques are being explored to 

counteract misinformation and fraudulent reports that can mislead 

investigations. The combination of AI-powered image forensics, 

deep learning, and metadata analysis helps in verifying the 

authenticity of child recovery claims, ensuring that law enforcement 

receives reliable leads [8]. 

Blockchain-Assisted Identification Systems Recent research has 

explored the application of blockchain for secure and tamper-proof 

storage of biometric data. Blockchain offers decentralized storage, 

ensuring data immutability and preventing unauthorized access. 

Secure data transmission models using blockchain-based encryption 

have been proposed to enable law enforcement agencies to access 

and verify child identification records without compromising 

privacy. Studies have highlighted the effectiveness of blockchain-

assisted deep learning models in maintaining data integrity while 

facilitating cross-border collaboration in missing child cases [9, 10]. 

Challenges and Future Research Directions Despite significant 

progress in missing child identification technologies, several 

challenges remain. Privacy concerns regarding facial recognition 

databases, the risk of false positives in AI models, and bias in 

training datasets have been widely discussed in research. 

Additionally, integrating various biometric and AI-driven tracking 

solutions requires standardized protocols and global data-sharing 

frameworks to ensure seamless coordination across borders. Future 

research is expected to focus on explainable AI (XAI) for child 

identification, blockchain-based identity verification, and multi-

modal fusion techniques to further enhance identification accuracy 

[11]. 

A review of these techniques are  discussed in Table I. 

Table 1:Comparison of  Facial Detection Methods 

 

III.PROPOSED METHODOLOGY 

The proposed system aims to address the challenges faced in the 

current missing child identification systems by integrating multiple 

advanced technologies. The system is designed to provide an end-

to-end solution that enhances child recovery efforts by combining 

facial recognition, blockchain-based identity management, AI-

powered surveillance, and real-time monitoring. 

A. System Architecture 

 

Fig1: System Architecture 

The proposed system consists of the following components: 

Facial Recognition Module: 

o Utilizes a hybrid deep learning model (ResNet-50 

combined with a Siamese Network) for accurate 

facial recognition. 
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• Implements age progression using GANs for realistic 

facial 

age transformations. 

Blockchain-Based Identity Management: 

• Stores encrypted facial data and biometric information on 

a decentralized blockchain network. 

• Ensures data integrity and restricts unauthorized access. 

AI-Powered Surveillance System: 

• Deploys YOLOv7 for object detection and tracking in 

surveillance footage. 

• Sends real-time alerts to law enforcement if a match is 

detected. 

IoT-Based Tracking Module: 

• Uses RFID wearables and GPS devices for real-time 

tracking of children in crowded or unsafe areas. 

• Generates geofencing alerts when a child moves beyond 

designated safe zones. 

Web and Mobile Portal: 

• Provides an interface for parents, guardians, and law 

enforcement to upload child data, report missing cases, and 

receive updates. 

• Integrates with social media platforms using NLP for 

crowd-sourced intelligence gathering. 

IV. Objectives 

• Develop an accurate and efficient facial recognition model 

using a hybrid deep learning approach to identify missing 

children. 

• Implement an age progression model using Generative 

Adversarial Networks (GANs) to predict a child’s future facial 

appearance. 

• Utilize blockchain for secure and tamper-proof storage of 

biometric data, ensuring data privacy and transparency. 

• Incorporate AI-powered surveillance through YOLOv7 for 

real-time child detection in public areas. 

• Enable IoT-based tracking using RFID and GPS devices for 

continuous location monitoring. 

• Provide a web-based portal for authorities and families to report 

and track missing children. 

Advantages of the Proposed System 

• Enhanced accuracy in identifying missing children through 

multi-modal biometric fusion. 

• Secure and transparent data management using blockchain. 

• Real-time tracking and immediate response via AI-powered 

surveillance and IoT devices. 

• Effective long-term identification using age progression 

techniques. 

VI.RESULTS 

The proposed system was evaluated based on its accuracy, 

efficiency, and real-time performance in identifying missing 

children. Various experiments were conducted to validate the 

effectiveness of the integrated facial recognition, age progression, 

blockchain-based identity management, AI-powered surveillance, 

and IoT tracking modules. 

Facial Recognition Accuracy 

• Dataset: The system was tested using a dataset of 10,000 

images of children aged 1 to 15 years. 

• Model Performance: The hybrid deep learning model 

(ResNet-50 and Siamese Network) achieved an accuracy 

of 92.5% in facial recognition, outperforming traditional 

CNN models [Jafri et al., 2019]. 

• Age Progression: GAN-based age progression achieved a 

visual similarity score of 88%, aiding in long-term 

identification [Patel & Shah, 2020]. 

Blockchain Performance 

• Data Security: Blockchain implementation ensured secure 

storage and access to biometric data. Unauthorized data 

modifications were prevented, achieving 100% data 

integrity [Ahmed et al., 2024]. 

• Transaction Time: The average time for data encryption 

and storage on the blockchain was 2.5 seconds, which is 

efficient for real-time applications [Basha and Rao, 

2024a]. 

AI-Powered Surveillance Results 

• Object Detection Accuracy: YOLOv7 detected missing 

children in real-time surveillance footage with an accuracy 

of 91% [Kumar et al., 2022]. 

• Processing Speed: The system processed video feeds at 30 

frames per second (fps), providing real-time alerts within 2 

seconds of detection. 

IoT Tracking Performance 

• Tracking Accuracy: GPS and RFID devices achieved an 

average location accuracy of 95% within a radius of 5 

meters [Smith et al., 2023]. 

• Response Time: Geofencing alerts were triggered within 1 

second of boundary violation, ensuring quick response 

time. 

User Satisfaction 

• A user study was conducted with 50 participants, including 

law enforcement personnel and parents. The system 

received a satisfaction score of 4.8/5 for its user-friendly 

interface and effective tracking capabilities [Basha and 

Rao, 2024b]. 

Dataset and Experimental Setup 

The dataset used in this study consists of child facial images 
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obtained from missing person databases and publicly available 

datasets. The preprocessing steps included image resizing, noise 

reduction, and feature extraction using Histogram of Oriented 

Gradients (HOG) and Deep Learning-based embeddings. The 

experiment was conducted using Python with libraries such as 

OpenCV, Scikit-learn, and TensorFlow on a system with Intel Core 

i7 processor, 16GB RAM, and NVIDIA RTX GPU. 

Performance Metrics 

The evaluation metrics used in this study include Accuracy, 

Precision, Recall, and F1-score. The results were compared against 

traditional face recognition and deep learning-based classification 

techniques. 

TABLE I.   VARIOUS MODELS PERFORMANCE  

 
From the results, it is evident that the SVM-based model achieves 

high accuracy in comparison with traditional face recognition 

techniques but slightly lags behind deep learning-based CNN 

models. However, SVM is computationally less expensive, making 

it suitable for real-time applications with limited resources. 

Comparative Analysis 

Compared to existing child identification techniques, the proposed 

model achieves a 30% improvement in recognition speed and 

reduces misclassification errors significantly. The use of HOG and 

deep feature extraction enhances robustness in detecting missing 

children from low-resolution or altered images. 

Comparative Performance of Different Models 

 
This table compares the performance of different models, showing 

that the SVM model performs well while being computationally 

efficient. 

Computation Time Comparison 

 

This table Shows that SVM is faster in training and real-time 

prediction compared to CNN but still achieves high accuracy 

 

Effect of Dataset Size on Model Performance 

 
Demonstrates that model performance improves as dataset size 

increases, proving that more training data enhances the SVM 

classifier's efficiency. 

Performance in Different Lighting Conditions 

Above table highlights the impact of lighting conditions on 

detection accuracy, showing that low-light and blurry images reduce 

performance. 

Recognition Performance Based on Facial Occlusion 

Demonstrates how occlusion (e.g., face covered by hair, mask, or 

scarf) affects the accuracy of the missing child identification 

system.The results of the proposed SVM-based missing child 

identification system demonstrate significant improvements over 

traditional methods. The model achieved an accuracy of 92.5%, 

with high precision (91.8%) and recall (90.2%), ensuring minimal 

false identifications. It also outperformed conventional techniques 

in processing speed, identifying individuals in 1.2 seconds per 

image, compared to 3-5 seconds in  traditional approaches. 

Performance analysis revealed that as the dataset size increased, 

accuracy improved, reaching its peak with 15,000 images. 

Additionally, the system performed best in well-lit environments 

(94.2% accuracy) but exhibited slightly reduced effectiveness under 

poor lighting conditions. These results highlight the system’s 

efficiency, accuracy, and real-world applicability, making it a 

promising solution for missing child identification. 

                                        V.CONCLUSION 

The proposed SVM-based missing child identification system has 

demonstrated high accuracy, efficiency, and real-time applicability 

in identifying missing children using advanced machine learning 

techniques. By leveraging facial recognition and feature extraction, 

the system significantly improves over traditional identification 

methods, reducing both processing time and false identifications. 

The experimental results confirm that the model performs 

exceptionally well under optimal conditions, with a notable 

accuracy of 92.5%, making it a reliable and scalable solution for 

real-world implementation in law enforcement and rescue 

operations.For future enhancements, the system can be improved by 
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integrating deep learning models like CNNs or hybrid SVM-DNN 

architectures, which can further refine feature extraction and boost 

recognition accuracy. Additionally, incorporating real-time IoT-

based surveillance integration can enable continuous monitoring 

and automatic alerts when a missing child is detected in public areas. 

Enhancing the system to handle varying environmental conditions, 

occlusions, and partial facial recognition will also increase its 

robustness. Future work can explore cross-dataset learning, 

enabling the model to adapt to different demographics and global 

missing child databases, making it a universal tool for child 

recovery efforts. 
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