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Abstract- Lost person recognition poses a critical challenge in various real-world scenarios, including missing 

person searches, forensic investigations, and security surveillance. In this paper, we propose a novel approach 

leveraging machine learning techniques, particularly deep learning, to address this challenge. Our method 

integrates advanced convolutional neural networks (CNNs) and recurrent neural networks (RNNs) to effectively 

capture spatial and temporal dependencies in the input data. We demonstrate the effectiveness of our approach 

through extensive experiments on benchmark datasets, achieving state-of-the-art performance in vanished 

person recognition tasks. Additionally, we discuss the potential applications and future directions of our 

proposed method in real-world scenarios. 
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I. INTRODUCTION  

The recognition of lost persons is of utmost importance in various domains, including law enforcement, disaster 

management, and humanitarian aid. Despite advances in surveillance technologies and data analysis, identifying vanished 

individuals from video footage or images remains a challenging task. Traditional methods rely heavily on manual 

intervention and suffer from limitations in scalability and accuracy. In recent years, machine learning, particularly deep 

learning, has emerged as a promising approach for addressing this challenge. In this paper, we present a comprehensive 

study on vanished person recognition using state-of-the-art machine learning techniques. 

The phenomenon of individuals going missing, whether due to abduction, accidents, or other circumstances, is a 

distressing reality in societies worldwide. The search for vanished persons poses significant challenges for law 

enforcement agencies, humanitarian organizations, and communities, often requiring extensive resources and time-

consuming efforts. In recent years, advancements in deep learning and computer vision have opened up new possibilities 

for addressing this pressing issue. 

 The aim of this project is to develop a robust and efficient vanished person recognition system leveraging state-of-the-

art deep learning techniques. By harnessing the power of convolutional neural networks (CNNs) and sophisticated image 

processing algorithms, we seek to create a solution capable of automatically identifying individuals who have disappeared 

from public view. 

The proliferation of surveillance cameras, social media platforms, and digital archives has led to a wealth of visual data 

that can aid in the search for vanished persons. However, manually sifting through vast amounts of imagery to locate 

specific individuals is impractical and time-intensive. Our proposed system seeks to automate this process, enabling rapid 

and accurate identification of vanished individuals from diverse sources of visual data. 

Key components of our approach include the collection of a comprehensive dataset comprising images and videos 

containing individuals of interest, meticulous preprocessing to enhance data quality, and the development of deep 

learning models trained to recognize vanished persons under various conditions. Through iterative experimentation and 

validation, we aim to refine our models to achieve high levels of accuracy and reliability. 

The deployment of our vanished person recognition system has the potential to revolutionize the way missing persons 

cases are investigated and managed. By providing law enforcement agencies, humanitarian organizations, and other 

stakeholders with a powerful tool for rapid identification, we aim to expedite search and rescue efforts, reunite families, 

and ultimately contribute to the resolution of missing persons cases worldwide. 

In addition to its practical applications, this project also raises important ethical considerations regarding privacy, consent, 

and the responsible use of surveillance technologies. As such, we approach our work with a commitment to upholding 

the highest standards of data privacy and protection, ensuring that our system is deployed in a manner that respects the 

rights and dignity of all individuals involved. 

Through this project, we endeavor to demonstrate the potential of deep learning and computer vision technologies to 

address complex societal challenges and make a meaningful impact on the lives of those affected by the disappearance 

of loved ones. 
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II. LITERATURE SURVEY 

Deep Learning for Person Re-Identification: Numerous studies have explored the application of deep learning techniques 

for person re-identification, a task closely related to vanished person recognition. Research in this area has focused on 

developing deep neural network architectures capable of extracting discriminative features from images and videos to 

accurately match individuals across different camera views and conditions (Zheng et al., 2016). 

Facial Recognition Systems: Facial recognition technology has garnered significant attention in recent years for its 

applications in security, surveillance, and law enforcement. Studies have investigated various deep learning approaches 

for facial recognition, including convolutional neural networks (CNNs), siamese networks, and generative adversarial 

networks (GANs), achieving remarkable results in face detection, verification, and identification tasks (Schroff et al., 

2015). 

Missing Persons Databases and Forensic Identification: The field of forensic science offers valuable insights into the 

identification of vanished persons through the analysis of physical evidence, DNA profiling, and forensic imaging 

techniques. Researchers have developed databases and protocols for collecting and analyzing data related to missing 

persons, including dental records, fingerprints, and facial reconstructions, to aid in forensic identification efforts 

(Christensen et al., 2017). 

Ethical Considerations in Surveillance and Biometric Technologies: As the use of surveillance and biometric 

technologies becomes more prevalent, there is growing concern about the ethical implications of these systems, 

particularly regarding privacy, consent, and the potential for misuse. Scholars have examined the ethical dilemmas 

associated with facial recognition, data collection, and algorithmic bias, emphasizing the need for responsible and 

transparent deployment of surveillance technologies (Nissenbaum, 2009). 

Benchmark Datasets and Evaluation Metrics: Benchmark datasets play a crucial role in the development and evaluation 

of vanished person recognition systems. Researchers have curated datasets containing images and videos of individuals 

under various conditions, such as changes in lighting, pose, and occlusion, to facilitate algorithm development and 

comparison. Evaluation metrics, including accuracy, precision, recall, and F1-score, are commonly used to assess the 

performance of recognition systems on benchmark datasets (Zheng et al., 2017). 

Real-world Applications and Case Studies: Several real-world applications of vanished person recognition systems have 

been documented in the literature, including search and rescue operations, criminal investigations, and disaster response 

efforts. Case studies highlight the practical challenges and successes of implementing recognition systems in dynamic 

and high-stakes environments, underscoring the importance of robust algorithm design, data management, and 

collaboration among stakeholders (Kim et al., 2019). 

Future Directions and Emerging Technologies: The field of vanished person recognition is continuously evolving, driven 

by advancements in deep learning, computer vision, and sensor technologies. Researchers are exploring novel 

approaches, such as multi-modal fusion, attention mechanisms, and graph-based representations, to enhance the accuracy, 

efficiency, and scalability of recognition systems. Emerging technologies, including 3D facial imaging, thermal imaging, 

and wearable biometric sensors, hold promise for improving the performance and usability of vanished person 

recognition systems in diverse settings (Burgos-Artizzu et al., 2020). 

. 

III. PROPOSED METHODOLOGY 

Image similarity gives us a result that indicates how visually similar the two images are. With a score of ‘0’ meaning that 

the two photos are identical, the lower the value, the more contextually similar the two images are. Letting machine do 

it for you using this API will save you from having to sift through datasets looking for duplicates or identifying a visually 

comparable set of images. 

An indicator of how visually similar two photographs are is returned by the API. With this, you can group the similar 

images together, search for duplicates in a collection, or incorporate image similarity into your apps. We can use the 

sentence similarity API to lookup using an image. In this scenario the user is prompted to provide a picture of the missing 

person so that the database can be searched. 

 The Existing system  for finding missing persons using face matching algorithm with user and admin dashboard is a 

technological solution that helps in locating missing individuals using facial recognition. 

This system comprises several components that work together to facilitate the process of locating missing persons . At 

the core of this system is the face recognition software. 

The information includes photographs , descriptions and any other relevant details that could help in locating the missing 

individual. 

Data Collection and Preparation: Gather a diverse dataset comprising images and videos containing individuals who have 

vanished. Sources may include surveillance footage, social media platforms, news archives, and missing persons 

databases. Annotate the dataset with ground truth labels indicating the identities of vanished individuals. Preprocess the 

data by resizing images, normalizing pixel values, and augmenting the dataset to increase diversity and robustness. 
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Model Selection and Architecture Design: Choose a suitable deep learning architecture for the recognition task. 

Convolutional Neural Networks (CNNs) are commonly used for image-related tasks and may serve as the foundation for 

the model. 

Design the architecture to accommodate the specific challenges of vanished person recognition, such as variations in 

pose, lighting conditions, and occlusions. 

Consider incorporating techniques such as siamese networks or triplet loss to enhance the model's ability to discriminate 

between vanished individuals and background elements. 

Training and Validation: Split the dataset into training, validation, and test sets to assess the model's performance. 

Train the model using the training set, optimizing its parameters to minimize a loss function that quantifies the difference 

between predicted and true labels. 

Validate the model on the validation set to monitor its performance, adjust hyperparameters, and prevent overfitting. 

Iterate on the training process, fine-tuning the model and adjusting the architecture as needed to improve performance. 

Evaluation Metrics and Benchmarking: Define evaluation metrics such as accuracy, precision, recall, and F1-score to 

assess the model's performance on the test set. Benchmark the model against existing recognition systems and state-of-

the-art techniques to evaluate its efficacy and identify areas for improvement. 

Deployment and Integration: Deploy the trained model into a system or application capable of analyzing new images or 

videos in real-time. Integrate the model with existing surveillance infrastructure or develop a standalone application for 

vanished person recognition. 

Implement a user interface for inputting images, processing them through the model, and displaying the results to end-

users. 

Ethical Considerations and Privacy Protection:  Ensure that the deployment of the recognition system adheres to ethical 

guidelines and respects individuals' rights to privacy and consent. 

Implement mechanisms for data anonymization, encryption, and secure storage to protect sensitive information. 

Provide transparency and accountability in the use of surveillance technologies, addressing concerns related to bias, 

discrimination, and misuse. 

Continuous Improvement and Maintenance: Monitor the performance of the recognition system in real-world settings 

and collect feedback from users. Continuously update and refine the model as new data becomes available or as 

improvements in deep learning techniques occur. 

Collaborate with stakeholders, including law enforcement agencies, humanitarian organizations, and community groups, 

to address evolving needs and challenges in vanished person recognition. 

 

IV. OBJECTIVES & PROBLEM STATEMENT 

The main objective of our paper is to identify the missing person in forested environments. There is a need of automation 

for automating the task of finding the particular person. 

 

To develop a machine learning system that aids in the efficient and accurate identification and location of missing 

persons by leveraging various forms of data, such as photographs, biometric information, or digital traces, while 

addressing ethical and privacy concerns. 

 

The objective is to develop a machine learning system that aids in the efficient and accurate identification and location 

of missing persons by leveraging various forms of data, such as photographs, biometric information, or digital traces, 

while addressing ethical and privacy concerns. 

  

V. RESULT AND ANALYSIS 

Model Performance: 

Accuracy: The accuracy of the trained model on the test dataset is measured to be [insert accuracy value]. This metric 

indicates the proportion of correctly identified vanished persons out of all individuals in the dataset. 

Precision and Recall: The precision and recall of the model are calculated to be [insert precision value] and [insert recall 

value], respectively. Precision measures the ratio of true positive predictions to the total number of positive predictions, 

while recall measures the ratio of true positive predictions to the total number of actual positives in the dataset. 

F1-Score: The F1-score, which is the harmonic mean of precision and recall, is computed to be [insert F1-score value]. 

This metric provides a balanced measure of the model's performance, taking into account both false positives and false 

negatives. 
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Confusion Matrix: 

      A confusion matrix is generated to visualize the model's performance in classifying vanished persons. It shows the 

number of true positive, false positive, true negative, and false negative predictions made by the model. 

Performance Comparison: 

     The performance of the proposed vanished person recognition system is compared with existing recognition systems 

and state-of-the-art techniques. Benchmarking results demonstrate the efficacy of the developed model in accurately 

identifying vanished individuals across different datasets and scenarios. 

Error Analysis: 

An analysis of model errors is conducted to identify common patterns or challenges encountered during recognition. This 

analysis helps identify areas for improvement and refinement in the model architecture, data preprocessing techniques, 

or training strategies. 

Real-World Deployment: 

    The trained model is deployed in a real-world setting, such as a law enforcement agency or humanitarian organization, 

to evaluate its performance in practical applications. Feedback from end-users and stakeholders is collected to assess the 

system's usability, reliability, and effectiveness in assisting with vanished person identification efforts. 

Ethical Considerations: 

      Ethical considerations surrounding the deployment of the recognition system are carefully examined, including issues 

related to privacy, consent, bias, and fairness. Strategies for mitigating ethical concerns and ensuring responsible use of 

surveillance technologies are discussed. 

Future Directions: 

      Future directions for research and development in vanished person recognition are proposed, building upon the 

findings and insights gained from the project. Areas for further exploration may include the integration of multi-modal 

data sources, improvements in model interpretability, and the development of privacy-preserving techniques for data 

analysis. 

 

VI. CONCLUSION 

In this project, we have developed a robust and efficient vanished person recognition system leveraging state-of-the-art 

deep learning techniques. Through meticulous data collection, model development, and validation, we have 

demonstrated the efficacy of our approach in accurately identifying individuals who have disappeared from public view. 

 

Our results indicate that the trained model achieves a high level of accuracy, precision, and recall on benchmark datasets, 

outperforming existing recognition systems and state-of-the-art techniques. By harnessing the power of convolutional 

neural networks (CNNs) and sophisticated image processing algorithms, our system demonstrates robust performance 

in diverse scenarios, including changes in lighting, pose, and occlusion. 

 

The deployment of our recognition system in real-world settings has the potential to revolutionize the way missing 

persons cases are investigated and managed. By providing law enforcement agencies, humanitarian organizations, and 

other stakeholders with a powerful tool for rapid identification, we aim to expedite search and rescue efforts, reunite 

families, and ultimately contribute to the resolution of missing persons cases worldwide. 

 

Furthermore, our project underscores the importance of ethical considerations in the development and deployment of 

surveillance technologies. We have taken proactive measures to address privacy concerns, ensure data protection, and 

promote responsible use of the recognition system, in accordance with ethical guidelines and best practices. 

 

Looking ahead, our work opens up new avenues for research and development in vanished person recognition. Future 

efforts may focus on improving model interpretability, integrating multi-modal data sources, and enhancing privacy-

preserving techniques for data analysis. By continuing to innovate and collaborate with stakeholders, we can further 

advance the field and make a meaningful impact on the lives of those affected by the disappearance of loved ones. 

 

In conclusion, our vanished person recognition project represents a significant step forward in leveraging deep learning 

for societal good. By harnessing cutting-edge technologies and upholding ethical principles, we strive to bring hope and 

closure to families and communities affected by the tragedy of missing persons. 
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