X A
IJ I R cc E e-ISSN: 2320-9801 | p-ISSN: 2320-83798

OF INNOVATIVE RESEARCH

IN COMPUTER & COMMUNICATION ENGINEERING

Volume 12, Issue 8, August 2024

NUMBER
INDIA

' ‘l.\’IIR.NATIONAL
STANDARD
I .\ \smm Impact Factor: 8.625

L 9940572 462 ¥© 6381 907 438 ljircce@gmail.com @ www.ijircce.com



© 2024 IJIRCCE | Volume 12, Issue 8, August 2024| DOI: 10.15680/1JIRCCE.2024.1208043

A laue as ol | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.625| ESTD Year: 2013|

Sk, ) R International Journal of Innovative Research in Computer
: and Communication Engineering (IJIRCCE)
lJ I RCCE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Finding Suspect and Missing Person using
Face Recognition

Shivakumar B S, Shreenidhi P, Sangamesh
Department of CSE, Rajarajeswari College of Engineering, Bangalore, Karnataka, India
Department of CSE, Rajarajeswari College of Engineering, Bangalore, Karnataka, India

Department of CSE, Rajarajeswari College of Engineering, Bangalore, Karnataka, India

ABSTRACT: This mission introduces an revolutionary solution that combines FaceNet deep mastering with Multi-
assignment Cascaded Convolutional Networks (MTCNN) for robust face reputation, addressing age-associated
appearance variations. by using making use of FaceNet's feature extraction and excessive-dimensional function space
mapping for specific matching, the gadget integrates MTCNN for accurate face detection and alignment, mitigating
age- associated facial geometry modifications. This technique gets rid of the want for age-particular databases and age
organization categorization, ensuring flexible and realistic age-invariant face reputation. This approach has vast
implications for reinforcing security and person reviews in get right of entry to manage, identity, and customer support,
ensuring dependable and accurate face recognition irrespective of age.

KEYWORDS: MTCNN, Face Net, CNN, sample reputation, OpenCV, function Extraction.
I. INTRODUCTION

This project immerses itself in the dynamic landscape of face recognition technology, a domain marked by remarkable
progress in recent years, finding applications in pivotal realms such as security, surveillance, biometrics, and human-
computer interaction. Embedded within this evolving field lies a particularly formidable challenge: the accurate
recognition of individuals across diverse age groups. The aging process introduces intricate transformations to human
faces, posing a significant hurdle for traditional face recognition systems striving to maintain accuracy across the entire
aging spectrum. In practical scenarios, the feasibility of maintaining comprehensive age-specific databases often proves
impractical, if not impossible. This accentuates the pressing demand for innovative methods can bridge the age gap,
ensuring the dependability and efficacy of face recognition systems across the multifaceted stages of life. In direct
response to this challenge, we present an avant-garde approach to age-invariant face recognition. This approach
harnesses the prowess of cutting-edge deep learning techniques, aiming to significantly improve the precision and
efficiency of face recognition, transcending the constraints posed by age-related changes.

The human face, a canvas of evolving features, undergoessubtle yet impactful alterations over time, from changes in
facial contours to shifts in skin texture and its emergence of wrinkles. Traditional facial recognition systems grapple
with these variations, often compromising accuracy. Our innovative methodology addresses this matter by integrating
advanced technologies, notably the FaceNet model and Multi-task Cascaded Convolutional Networks (MTCNN).
These synergistic fusion endeavours to create a sophisticated system capable of not only accurately recognizing faces
but also minimizing the impact of age-related changes on facial appearance.

The FaceNet model, a pinnacle of deep neural network architecture, has demonstrated unparalleled success in mapping
faces to a high-dimensional feature space. Within this space, faces from the same individual are intricately clustered
together, facilitating efficient face matching. Moreover, the strategic integration of MTCNN as a pre-processing step
elevates the system's performance by enhancing face alignment and detection, ensuring that the model remains
equipped with high- qualityfacial images for meticulous analysis.
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Crucially, our proposed approach eliminates the labour- intensive need for age group categorization, representing a
departure from conventional methodologies. This feature underscores the system's efficiency across a broad spectrum
of ages, a characteristic validated through extensive experimentation on benchmark datasets. These rigorous
experiments highlight the system's robust resilience to age- related variations, emphasizing its superiority in the domain
of age-invariant face recognition.

Beyond technical innovation, the potential applications of our system extend into the practical domains of improved
security measures, personalized services, and, notably, more precise identification of individuals, irrespective of their
age. This comprehensive paper acts as an elaborate explanation of our innovative approach, meticulously unravelling
the complexities of our methodology and presenting compelling experimental results that attest to thesystem's efficacy
and its profound implications for the realm of age-invariant face recognition.

II. RELATED WORK

We propose a two fold approach towards modelling facial aging in adults. Firstly, We introduce a shape transformation
model formulated as a parametric muscle model based on physical principles, capable of capturing the nuanced
deformations of facial features as they age. The model implicitly money owed for the physical homes and geometric
orientations of the person facial muscle mass. Next, we A texture transformation function based on image gradients that
captures facial wrinkles and other skin irregularities commonly observed across various ages. Facial growth statistics
(both Regarding shape and texture) Play a vital role in developing the aforementioned transformation models. From a
database that incorporates of pairs of age separated face images of many people, we extract age-based facial
measurements across key fiducial functions and further, take a look at textural versions throughout a long time. We
showcase experimental findings that demonstrate the practical applications of the suggested facial aging model in tasks
like face recognition and predicting facial appearance throughout the aging process. We introduce a method for
modeling 3D aging and demonstrate its effectiveness in mitigating age-related variations to enhance face recognition
performance amidst other facial changes like pose, lighting, and expression. Our technique involves adapting view-
invariant 3D face models to the provided 2D face aging database. We assess the proposed method across three distinct
databases (FG-NET, MORPH, and BROWNS) using Face VACS, a leading commercial face recognition engine.
Detecting and aligning faces in unconstrained environments pose significant challenges due to diverse poses, lighting
conditions, and occlusions. Recent research indicates that deep learning methods can achieve remarkable results in these
tasks. In this communication, we introduce a deep multitask framework with cascaded architecture that exploits the
inherent connection between detection and alignment to enhance their accuracy. Our framework consists of three stages
of meticulously designed deep convolutional networks, predicting face and landmark positions in a coarse-to-fine
manner. Additionally, we propose a novel online hard sample mining strategy that further enhances practical
performance. Our approach outperforms state-of-the-art techniques on challenging face detection datasets such as the
benchmark and WIDER FACE benchmarks, as well as annotated facial landmarks in the wild benchmark, while
maintaining real-time performance.

Age-invariant face recognition poses a critical challenge in computer vision, crucial for applications like passport
verification, surveillance systems, and identifying missing individuals. Facial characteristics change with age
progression, making robust feature extraction difficult. We present a four- stage age-invariant face recognition system:
preprocessing, feature extraction, feature fusion, and classification. Preprocessing involves Viola-Jones face detection
and frontal face alignment. Feature extraction utilizes a CNN architecture based on the VGG-Face model for compact
feature extraction. Real-time feature-level multi-discriminant correlation analysis fuses the extracted features, reducing
dimensions and emphasizing age-invariant features. Classification explores K- nearest neighbor and support vector
machine methods. Experiments are conducted on FGNET and MORPH datasets. The proposed system achieves a
Rank-1 recognition accuracy of 81.5% on FGNET and 96.5% on MORPH, surpassing current techniques. These initial
findings suggest the system's potential for personal identification despite aging. In recent years, there has been a
growing interest in age-related tasks within the Computer Vision community. Consequently, numerous "in-the- wild"
databases annotated for age attributes have emerged in the literature. However, a significant drawback of these databases
is their semi-automatic collection and annotation, leading to noisy labels. To address this limitation, we introduce the
first manually curated "in-the-wild" age database, named Age DB, featuring images annotated with precise, year-level
labels devoid of noise. Through a series of experiments employing cutting-edge algorithms, we demonstrate that this
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unique characteristic makes Age DB suitable for conducting age- invariant face verification, age estimation, and face
age progression studies "in-the-wild". Age development and regression refers to aesthetically rendering a given face
image to present consequences of face growing older and rejuvenation, respectively. Although numerous studies have
been conducted Within this subject area, there are a pair of aspects to consider. In this field, there exist a duo of crucial
elements to examine. major issues: 1) more than one models are commonly educated to simulate special age mappings,
and a couple of) the photograph-realism of generated face pictures is heavily encouraged with the aid of the variation of
schooling pics in terms of pose, illumination, and background. To address these issues,In this manuscript, we introduce
a framework. based on conditional Generative Adversarial Networks to achieve age progression and regression
simultaneously. specially, in view that face growing old and rejuvenation are in large part distinct in terms of image
translation styles, we version these two procedures using separate mills, every committed to one age changing
procedure. Furthermore, we utilize spatial attention mechanisms to limit image modifications to regions closely related
to age changes, so that images with high visual fidelity could be synthesized for in-the-wild cases. Experiments on a
couple of datasets display the potential of our model in synthesizing sensible face snap shots at favored ages with
personalised functions well preserved, and maintaining age- inappropriate regions unchanged [6].

1. METHODOLOGY

1. Proposed Methodology:

In developing a robust facial recognition system, a comprehensive approach is essential. This involves assembling a
diverse dataset representing various age groups, ensuring balance for accurate representation. Employing MTCNN for
precise face detection, extracted faces are then processed through FaceNet for embedding generation. To address age-
related challenges, the dataset is annotated with broad age labels, and the model is trained employing age-invariant
techniques. Data augmentation further fortifies the model against age variations. Evaluation metrics, including accuracy
and age- specific performance, are crucial for assessing the system's efficacy in real-world scenarios. This methodology
aims to enhance facial recognition systems, particularly in age- diverse populations. Data Collection and Preprocessing:
Gather a diverse dataset that includes facial images spanning different age ranges groups. Ensure that the dataset is well-
balanced representative of the target population. Preprocess the images by normalizing pixel values, resizing, and
aligning faces to a standard pose.

1) Face Detection using MTCNN: Implement MTCNN for face detection to accurately locate and extract faces from
images. MTCNN is a three-stage cascaded network that detects faces and facial landmarks, supplying bounding
boxes surrounding detected faces. Extract the faces for further processing.

2) Face Embedding using FaceNet: Employ FaceNet, a deep facial recognition training model that maps facial
features into a high-dimensional space. Train FaceNet on your dataset to generate embeddings (numerical
representations)of faces. These embeddings should ideallybe robust to age-related variations.

3) Age Labeling: Annotate the dataset with age labels. Ensure the age annotations cover a broad range, and consider
categorizing ages into groups to reduce the impact of fine-grained age variations.

4) Age-Invariant Training: Train the FaceNet model using a loss function incorporating both identity and age
information. This aids in feature learning. invariant to age- related variations. You may need to experiment with
exclusive loss capabilities or regularization techniques to obtain better age invariance.

5) records Augmentation: increase the training dataset with age-related modifications to enhance the model's capacity
to address age variations. this will include artificially getting older and de-getting old photographs.

6) Model Evaluation: compare the performance of the skilled version on a separate take a look at set, measuring
accuracy, precision, remember, and other applicable metrics. Pay special attention to the model's overall
performance throughout exceptional age groups to make sure age invariance.

2. MTCNN:
MTCNN (Multi-task Cascaded Convolutional Networks) is a three-level cascaded network designed for face detection
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and facial landmark localization. Its role is pivotal in age-invariantface recognition, supplying accurate face localization
and allowing next processing for strong age-invariant function extraction.

1)

2)

3)

4)

5)

0)

Accurate Face Detection : MTCNN excels in precisely detecting faces inside pix by using a cascaded structure that
regularly refines candidate regions. This accuracy is vital for ensuring that subsequent steps in the face popularity
pipeline operate on reliable facial data.

Facial Landmark Localization: in addition to stand detection, MTCNN is adept at localizing facial landmarks,
including eyes, nostril, and mouth. This records is treasured for aligning faces to a standardized pose, a crucial step
in age-invariant face popularity.

Preprocessing for Age-Invariance: MTCNN's capability to locate and align faces performs a vital role in
preprocessing photos. by using standardizing facial poses, it contributes to mitigating age-related versions, enabling
subsequentmodels to consciousness on intrinsic facial features.

Enhancing Model Robustness: inside the context of age- invariant face recognition, MTCNN enhances the general
robustness of the machine. accurate face detection and alignment contribute to the version's capability to extract
functions continually across diverse age agencies.

Facilitating Age Labeling: MTCNN's accurate detection of facial landmarks aids in precise age labeling. This is
essential for creating well-annotated datasets covering a broad age range, a key factor in training models to be
invariant to age-related variations.

Conclusion: MTCNN's competencies in accurate face detection, facial landmark localization, and preprocessing
make a contribution considerably to the fulfillment of age-invariant face popularity systems. by using making sure
particular information enter and facilitating next processing steps, MTCNN plays a foundational role in addressing
age-related challenges infacial reputation challenge at hand.

3. FaceNet

FaceNet, a groundbreaking deep learning version, plays a pivotal position in age-invariant face popularity. via mapping
facial features into a excessive-dimensional space, FaceNet generates embeddings—numerical representations—which
are sturdy to age-associated variations. This innovation offers a critical solution for growing facial popularity structures
capable of correctly figuring out individuals across various age corporations.

1)

2)

3)

4)

Robust Face Embeddings: FaceNet excels in generating facial embeddings that are resilient to age-related
variations, ensuring reliable representations across diverse age groups.

Age-Invariant Training: FaceNet supports age-invariant training by incorporating a loss function considering both
identity and age information, fostering the learning of features consistent across different age demographics.

Addressing Age-Related Challenges: FaceNet's embeddings provide a foundation for age- invariant face
recognition, mitigating concerns related to variations in facial appearance due to aging.

Enhanced Generalization: The model's ability to learn discriminative features beyond age- specific characteristics
complements the generalizability of face popularity systems throughout diverse age companies.
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5) Age-Adaptive Data Augmentation: FaceNet integration enables effective facts augmentation techniques tailored
for age invariance, permitting the model to recognize faces below diverse age- related modifications.

1. Evaluation Across Age Groups: Special attention should be given to assessing the face recognition system's
performance across different age groups, validating the age invariance of the model for real-world scenarios.

Data Flow Diagram

A DFD is a logical version of the machine. The model does not depend upon the hardware, software program and
information systems of file company. It tends to be smooth for even non- technical users to understand and
consequently serves as an exquisite conversation device. DFD may be used to signify computerized limitations for
proposed system at pa very high degree; the complete machine is proven as a unmarried logical method clearly figuring
out the sources and destination of information. that is regularly called level DFD. Then the processing is exploded into
primary procedures and the identical is depicted aslevel one DFD.
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4. Working-flow of Application

The proposed age-invariant face popularity gadget involves a multi-step workflow designed to as it should be perceive
and fit faces inside input pictures. to start with, the user submits an image containing one or more faces. The machine
employs numerous strategies consisting of part detection, skin colour segmentation, or deep learning algorithms to hit
upon and extract these faces from the enter image.
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Following the face extraction technique, the machine specializes in characteristic extraction, aiming to seize exclusive
traits intrinsic to every face, together with shape, texture, and shade. considerably, these features are chosen for his or
her resistance to age-related modifications, ensuring the machine's robustness over time.

ultimately, the gadget conducts a thorough evaluation of the extracted facial capabilities with the ones stored in a pre-
current database. This assessment relies on a selected similarity measure, which include Euclidean distance, cosine
similarity, or neural community-based totally methods. The resulting distance metric quantifies the similarity among
the enter face and capability matches stored inside the database.

This distance is then compared against a predefined threshold value, which serves as a criterion for determining
whether the input face is recognized as the same person as the closest match. If the calculated distance falls below or
equals the threshold, the system confidently identifies the input face as belonging to the same person as the match.

In essence, this age-invariant face recognition system offers a systematic and comprehensive approach to identifying

faces while mitigating the impact of age-related changes, thereby enhancing the accuracy and reliability of face
recognition over extended periods.
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FIG. 5 WORKING FLOW OF APPLICATION
IV. EXPERIMENTAL RESULTS

The version architecture consists of a CNN, which includes green internet, serving as the picture encoder and a
transformer-primarily based encoder-decoder architecture for generating captions. specially, a Transformer Encoder
Block is used to encode image capabilities, even as a Transformer Decoder Block generates captions based totally at
the encoded image features. The model is skilled using a sparse specific pass-entropy loss function and optimized with
the Adam optimizer with a custom getting to know fee agenda. at some stage in schooling, the model learns to partner
photos with their corresponding captions by minimizing the move- entropy loss among predicted and floor-truth
captions. additionally, early stopping is hired to save you overfitting, and facts augmentation techniques, which
includes random flipping, rotation, and contrast adjustment, are carried out to enhance generalization.

a class diagram is an illustration of the relationships and supply code dependencies amongst instructions inside the
Unified Modeling Language (UML). on this context, a category defines the techniques and variables in an item, that's a
specific entity in a program or the unit of code representing that entity. magnificence diagrams are beneficial in all
types of object- orientated programming (OOP). The concept is numerous years old however has been subtle as OOP
modeling paradigms have evolved.

In a category diagram, the instructions are arranged in companies that percentage commonplace characteristics. a class
diagram resembles a flowchart wherein classes are portrayed as packing containers, each container having three
rectangles inner. The pinnacle rectangle consists of the name of the magnificence; the middle rectangle contains the
attributes of the elegance; the lower rectangle contains the strategies, additionally called operations, of the elegance.
lines, which might also have arrows at one or both ends, connect the containers. these traces define the relationships,
additionally known as institutions, among the instructions. It represents the varieties of gadgets living within the gadget
and the relationships among them.

After training the model, captions are generated for randomly selected images from the validation dataset. The image
features are extracted using the educated CNN, which might be then handed to the decoder to generate captions.
ultimately, the anticipated captions are decoded and displayed alongside their corresponding snap shots.

V. CONCULSION

In end, the orchestrated integration of MTCNN for unique face detection and alignment, complemented with the aid of
the powerful FaceNet model for feature extraction and popularity, unveils a promising paradigm in age-invariant face
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reputation. by using harnessing MTCNN's adeptness in accurate face localization and alignment, coupled with
FaceNet's talent in producing sturdy embeddings, this method establishes a resilient basis for age-invariant recognition.
regardless of challenges associated with data variety, moral issues, and real-global variability, the collaborative synergy
among these fashions offers a compelling road for crafting extra resilient and accurate age- invariant face popularity
systems, fostering improvements in facial reputation generation.
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