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Abstract

Multi-face recognition remains an active area in deep learning domain, excelled by the need for
enhanced security and efficiency in various applications. The motivation for proposing this automatic
multi-face recognition system originates from the increasing demand for non- intrusive and reliable
identification methods in educational institutions to automate the attendance process in classrooms and
seminar halls. The proposed system focuses on multi-face detection and multi-face recognition in live
class photos and videos using Multi-Task Cascaded Convolutional Networks (MTCNN) and FaceNet
respectively. The custom dataset has been prepared and face augmentation is done on custom dataset to
improve the recognition rate of pretrained FaceNet model. This CNN based deep neural network model
is designed to deploy a multi-face recognition system which is capable of detecting and recognizing the
student faces in live classroom environment. The system is tested with variations in poses, expressions,
lighting effects, and occlusion by ensuring high reliability in various conditions. The benefits of the
proposed system are, it automates the attendance process in educational settings, thereby eliminating the
manual entry. The proposed system is implemented in real-life conditions which will automatically
recognize students' faces and mark their attendance in classrooms. Finally, this work provides the
directions to improve further the robustness and accuracy of the multi-face recognition systems.
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. Introduction:

With the advancement of computer vision, face recognition systems have not only become non-
subjective but also automatic. Face recognition comprises methods to identify or confirm an individual’s
identity by their face. This can be used in detecting and recognizing the people in images, videos, and in
real life. Earlier, these systems work with facial landmarks which is extracted manually by computer
scientists based on position and size of eyes, nose, and lips. Now a days modernized face recognition
models like FaceNet and OpenFace are actively implemented in various real-life scenarios like finding
missing persons, banking systems, security systems etc. Also in several educational institutions, these
systems are implemented to monitor the activities of students for ensuring that students are regularly
present in their classrooms. These systems work on the principle of creating a unique face print of each
input image by analyzing key facial marks like jawline, distance between eyes and nose contours. Haar
Cascade classifier plays the vital role in face detection. It extracts Haar-Like features from the boundary
areas of faces and then used them to identify face by judging the shape and sizes of eyes and ears with
minimum latency. By using ResNet with Haar Cascade, the limitations of the later models like lighting
conditions, face poses and orientation escaped. After detecting facial landmarks, these system captures
the feature points to map the structure of the face. These points include edges of face, structure of nose
and mouth. To ensure accurate results, input images are adjusted to account for orientation and lighting,
while variations in pose and size are minimized to normalize all images. CNNs are used then to extract
the facial embeddings, which are simply the numerical vectors that represent the person’s face in the latent
space. After completing the faceprint the system then stored it with itself and whenever required
compares it against the given database of faces to verify and identify the human being. Based on these
criteria in this paper, CNN-based FaceNet has been implemented for face recognition with 2D face
images and also introduces an automated multi-face recognition attendance system. This system can be
used in real life during exams or in daily teaching activities. With the use of this system, the traditional
calling of student’s names or checking ID cards will be compromised.

This paper is structured as follows: Section 2 presents an in-depth literature review of existing research
on face recognition systems employing deep learning models. Section 3 outlines the proposed
methodology. A comprehensive analysis of the results and discussions is done in section 4. Lastly,
Section 5 provides concluding remarks and suggests directions for future work.

LITERATURE REVIEW

In this section the literature review pertaining to various deep learning models along with automating the
process of face identification were explored in the subsequent sections.



Deep Learning based Multi-face Recognition System for Automatic Attendance 205

R Kumar et al (2024) [1] provided the detailed investigations of how Convolutional Neural Networks
(CNN) can be used for age and gender classification based on the facial images. Their proposed face
recognition model gives better results with the CNN architectures, along with the data improvement
techniques. Based on this model, more than one face can also be detected. This increases precision and
reliability of its application in real life, particularly in attendance marking systems. Cuican Yu et al (2022)
[2] discussed a new meta-learning algorithm which specifically improves the face recognition model
through adversarial training method. The major improvements are addressed in dealing with occlusions
and variations showed in the facial features. This method also provides an online, model-specific data
augmentation process to gain better. Based on these approaches, multi-face recognition systems can be
improved further by applying in the real world applications in particular with automated attendance
monitoring. Obayya et al (2022) [3] describes an optimal deep transfer learning model for ethnicity
recognition from the facial images. They proposed a system that uses the combination of three pre-trained
deep learning models such as VGG16, Inception v3, and Capsule Networks, with integration of BILSTM
classifier. Also, this method is applied with Harris Hawks optimization for tuning hyperparameters. This
will help in optimum classification with high accuracy for benchmark datasets. These methods can be
applied in multi-face recognition attendance for improving the accuracy and robustness of the system in
various environments, for achieving the objectives of building a reliable face recognition system. Ruchay
etal (2023) [4] discussed cattle face recognition system built on pre-trained VGGFACE and VGGFACE2
models. Contrast enhancement and normalization techniques are also applied in image processing to
improve recognition accuracy. This method highly increases the efficiency and management of livestock
operations with an impressive recognition rate. Further these methods include an image augmentation as
well as fine-tuning process in neural networks, for applying the human face recognition attendance
management systems with the purpose of attaining better accuracy and reliability under actual conditions
by varying the parameters. This technique would yield significantly to enhance the effectiveness of
automatic process of attendance marking systems. Sruthi et al (2024) [5] proposed a new approach for
identifying the people and activities by using Wi-Fi sensing, based on a two-phase deep learning model.
This approach focuses on using Channel State Information of Wi-Fi signals to identify the person and their
attributes. More importantly, this implements an advanced multi-stage deep learning model to enhance
the accuracy and to minimize false negatives of their activities. Wang et al (2024) [6] discussed a new
model of face recognition with age as a feature and used deep transfer learning with Bald Eagle Search
Optimization. First, it preprocesses the quality of the facial images then it extracts the important features
using Inception v3, and finally classifies those features by fine-tuning a Deep Bayesian Network. It
significantly enhances the accuracy of face detection particularly in different people. These strategies
were very useful in the face-recognition-based attendance systems for solving the problems of aging,
lighting variation, and expression variation of faces for making a system with more accuracy. Mostafa et
al (2024) [7] discussed a real-time face mask detection model using YOLO. This work uses drone
surveillance in public spaces for the detection process. The model was able to differentiate between
people wearing masks, people who are correctly wearing masks, and even those who do not wear masks
with an impressive level of accuracy. This would potentially benefit face recognition- based attendance
systems, where similar YOLO-based frameworks which could be used to identify the faces in a real-time,
even in very challenging conditions. Golwalkar, R., & Mehendale, N. (2022 ) [8] proposed a face
recognition system that uses special FaceNet called as FaceMaskNet-21 to perform masked face
recognition from static images / videos and live video streams. Krishnaveni (2023) [9] provides a deep
convolutional neural network , which consists of a binary attention mechanism for detecting the facial
emotions. This work specifies the effectiveness of data normalization and regularization process along
with dropout procedure for gaining higher performance. These techniques are especially used in face
recognition systems for improving the facial features identification in difficult situations by making them
appropriate for the systems which recognize multiple faces in attendance marking systems. Nawaz et al
(2024) [10] discussed a deep learning-based model named AUFF-Net, which detects the deepfakes
related to FaceSwap and Face-Reenactment as an ideal combination of spatial as well as temporal
features. Inception-Swish-ResNet-v2 is applied for extracting the spatial data and Bi-LSTM for analysis
of temporal data, hereby, this system gives a good accuracy in identifying the changed facial videos. It
provides improved accuracy and reliability for the applications such as auto update of attendance, real-
time multi-face recognition system etc. Kumar et al (2023) [11] introduced a criminal face identification
system based on MTCNN. The system matches the facial features against a database of images of
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criminals, for detecting criminals. Surantha and Sugijakko (2024) [12], stated about a face recognition
model incorporated with liveness detection system for improving the performance when running on
Raspberry Pi devices. It achieves good accuracy using live face images and it can detect the normal and
level 2 spoof attacks, thereby this system improves the security of face recognition system in real-time
examples. Alhanee et al (2021) [13] discussed a facial recognition system for smart attendance which is
based on deep learning and transfer learning techniques. They used three CNN based methods such as
AlexNet, GoogleNet and SqueezeNet which was trained on a specific dataset. The results show that the
system has high prediction accuracy and reaches the best values with AlexNet, SqueezeNet, and also
with GoogleNet. It is particularly good for attendance management systems as it ensures the
identification to be correct while reducing the probability of human mistakes for tracking the
attendance. Sruthi et al (2022) [14] observed that person identification can take place with the help of
Wi-Fi signals. These signals can be like a fine-grained information which contains the details about the
presence of a person in a room. By using a single CNN model with a two phased deep learning system, a
Wi-Fibased person identifier is used. Based on the results, the said model can achieve an accuracy of 81.4
% to 83.9%. Guo et al (2023) [15] transformed the RGB images into color saturated HSV ones, and then
mapped them to a blurred plane to enhance the contrast of the images. The CNN layer is used to create
a feature classification. The deep learning layer extracts features from the input images and completes
the face recognition. Anghelone et al (2024) [16] surveyed the recent developments in the field of facial
recognition. They proposed that DeepFace and Deep CNNs to overcome the faced challenges, particularly
in poses, illuminations and expressions. They are also able to face the challenges of makeup and masks.
Huang, Y. H., & Chen, H. H. (2022) [17] stated that probe faces and low illuminated captured images
present a critical concern for the face recognition systems. They developed a system consisting of a
feature restorer and a network based on feature extraction along with an embedded module which is used
for matching and mapping the images to faces. Guodong Guo et Na Zhang (2019) [18] states that deep
convolutional neural networks has generated considerable interest in face recognition. There exist many
challenges in face recognition like pose variations, facial expressions, changes in the illumination etc,
for solving these challenges. Saibal Manna et al (2020) [19] discussed face recognition is being widely
used for tracking the criminal activities happening in various locations like at air terminals, banks and in
screening customers. Hence, for implementing a face recognition system for searching a criminal, a pre-
trained model like FaceNet is being used. This model was tested with 800 face pictures dataset, where
they were able to get better accuracy. Existing models perform well in controlled environments but
struggle in real world situations like poor lighting conditions, masks, images with low resolution, varying
background, varying head postures, hence more research is needed to be done in order to improve
generalization. Specifically in classroom or in lecture halls face recognition system meet challenges real
time images or video with dense or crowd faces, faces of diverse sizes, occluded faces by any body parts,
overlapped faces, faces looking down, up, faces tilted down or up etc. The public dataset for multi-face
recognition with the real time classroom / lecture hall environment is not found. Most of the literatures
focused on single face recognition based attendance system. Multi-face recognition system also not
considered the specific challenges of class room environment. But in the proposed multi-face recognition
system for classroom environment, custom dataset has been created by taking 10 samples of each student
and more face augmentation techniques are applied by considering the above-mentioned specific
challenges.

1IL. Methodology
To make the attendance registering process easier, an automatic face biometric based attendance system
is proposed. The proposed system takes real time images of the classroom through the camera fixed in
the classroom and makes the attendance process easier by means of multi-face recognition rather than
single face recognition at a time. The proposed system uses the pretrained deep learning models for face
detection and face recognition. It employs MTCNN for face detection and FaceNet for face recognition.
The custom data set is prepared by taking the photo of each individual student during course registration.
Face augmentation supports the face recognition model get trained with more face samples of each
student. The figure 3.1 shows the custom dataset preparation process and the proposed system of multi-
face recognition in real time environment. FaceNet model has been trained with custom dataset. During
testing, while taking the attendance, the face capturing is done by the camera fixed the classroom. The
captured image contains the faces of students present in the classroom. The faces in the image are
detected by the MTCNN model, followed by cropping and then the cropped face is given to face
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recognition model. The face recognition model compares each face with the pre-trained dataset of
students from that course. If match is found, their attendance is recorded automatically. This makes it
easy to record attendance without putting in any manual efforts.
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Fig 3.1 Block diagram of the proposed multi-face recognition-based classroom attendance system

3.1 Dataset Preparation

A)  Training Dataset: To train the system, we considered the students who registered for a particular
course. Their individual photos and the classroom photo during lecturing are taken for this research work.
Totally 68 students were registered in that course. For each registered student, 10 samples were taken, and
these individual shots which were really helpful in getting the model to recognize each student. Besides
that, we also used some data augmentation techniques to give the model a little more reliability. We
simply used lighting, angles, background changes and light-room alterations to make more images than
what was originally there. We annotate the images by cropping the faces present in the images in the
dataset. We use labeling tool for this purpose. Text files containing the boundary box coordinates of the
faces in the images are generated.

B)  Testing Dataset: A blend of videos and images were used for testing. First, we saw video of
someone sitting in class filming what’s on the board from their phone with a multivariant point and live
action going on. We also employed footage from closed-circuit cameras (CCTV) which were installed in
classroom to record what students might be seen doing effectively situating the system as it could work
in actual classrooms.

C)  Face Augmentation: Face augmentation is the process of generating a greater number of face
images for the dataset if the number of images in the dataset is limited. The generated images have
different levels of brightness, contrast, rotations, horizontal or vertical flips and zoom. Each newly
generated image act as a training image for a particular class. These images with differences in conditions
help training the model for prediction in unforeseen circumstances. Fig 3.2 shows augmented images
generated from one image.

Algorithm 1 Face Augmentation
1: Require: Detected face regions from the detection algorithm, image augmentation

techniques (e.g., rotations, flips, zoom)
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2: Preprocess Face Images:
— Resize the detected face images to a fixed size (e.g., 224 x 224 pixels) suitable
for the face recognition model.
— Normalize the pixel values (e.g., scale pixel values between 0 and 1).
3: Data Augmentation:
4: for each face image do
5: Apply random augmentations:
— Horizontal flips
— Rotations (e.g., 15 degrees)
— Zooming in/out
— Brightness/Contrast adjustments
6: Retain both original and augmented images for training.
7: end for

Fig 3.2 Face Augmentation results of one student face sample
3.2 Multi-face Detection with MTCNN

Multi-task Cascaded Convolutional Networks are an advanced type of neural network specifically
designed for facial detection and alignment tasks. MTCNN integrates three stages of convolutional
networks to predict face and landmark locations in a coarse-to-fine manner. The initial stage, called the
Proposal Network, generates candidate windows and their bounding box regression vectors. These
candidates are refined in the second stage, the Refine Network, which further reduces the number of false
positives. The final stage, the Output Network, accurately locates facial landmarks and refines the
bounding boxes. MTCNN is particularly efficient due to its multi-task loss function that
simultaneously optimizes both face detection and alignment. This integration allows MTCNN to perform
robustly across various facial orientations and occlusions. Furthermore, its hierarchical structure enables
effective extraction and processing of features at different scales, improving detection accuracy and
speed. MTCNN’s capability to handle complex scenarios and provide precise landmark localization
has made it an essential tool in real-time face recognition and alignment applications, greatly enhancing
the performance and reliability of attendance systems.

Algorithm 2 Face Detection Algorithm
1: Input: Image data, pretrained face detection model
2: Output: Faces identified/detected
3: Preprocess Input:

— Convert the input image to grayscale (if using a grayscale detection method like OpenCV’s Haar
cascade).

— Resize the image to ensure consistency for the face detection model (if needed).
4: Apply Face Detection Model:

5: for each image do
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6: Pass the image through the face detection model.
7: if a face is detected then
8: Extract bounding boxes around the detected faces.
9: Store or display the bounding boxes on the image.
10: Return the bounding box coordinates for further face recognition.
11: end if
12: end for
13: Postprocessing:
14: if faces are detected then
15: Crop the image using the bounding box coordinates to isolate the faces.
16: Store these cropped face regions for further augmentation and recognition tasks.
17: end if
18: End of Detection:
— Save the detected face regions for face recognition and augmentation tasks.
— Log the number of faces detected in each image.

3.3 Multi-Face Recognition with FaceNet: FaceNet has transformed the field of face recognition by
providing a high-accuracy method for directly mapping face images to a Euclidean space. This mapping
facilitates easy face verification, recognition, and clustering tasks. FaceNet works on the principle of
using a deep convolutional network that focuses on optimizing the embeddings directly, rather than
relying on constraining features such as the outputs from the final layer. The core idea is that images of
the same person should be close together in this space, whereas images of different persons should be
significantly distant. This is quantified using a triplet loss function during training, which simultaneously
minimizes the distance between an anchor and a positive (both of which are different images of the same
person) and maximizes the distance between the anchor and a negative (an image of a different person).
The success behind the Facenet is that it uses a discriminative embedding using a triplet loss function
instead of relaying on traditional classifications. The loss function is used with the aim to minimize the
Euclidean distance between projection of similar images. Then in the next step it maximizes the same
distance between projection of dissimilar images. The loss function can be mathematically expressed
as[20]:

£(A, P,N) = max (|£(4) — {(P)[§ — |£(4) = F(N)

|3 4 @, 0)

where A, P, and N represent anchor, positive, and negative images, respectively, with f(x) as the CNN
embedding function. a is the margin that is used to avoid overlapping of images. It uses Adam optimizer
and it combines gradient descent along with variable momentum. It enables FaceNet to handle large
changes in gradient magnitudes. It calculates exponential moving averages of mean- first moment and
then the uncentered variance- second moment of gradients. L2 normalization is used in this system to
ensure unit length of all projections of images. This confines the images to a hypersphere and so saves
storage and increases space utility. This also enable us to only use angular information for comparing
images. The normalization also increases the stability of projections by reducing the variance between
them. This increases the use of FaceNet in recognizing images in difficult lighting and pose situations.
This normalization, along with semi-hard negative mining, which prioritizes challenging samples during
training, is effective in reducing intra-class variance and improving separation between classes. For our
face recognition project, integrating FaceNet can greatly enhance our system’s ability to recognize and
verify individuals accurately. The use of triplets for training, chosen based on hard positive and hard
negative mining, ensures that the model is robust and can generalize well on unseen data. This is crucial
for scenarios where the model needs to perform with high reliability across varied lighting conditions,
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poses, and facial expressions. Moreover, the FaceNet model’s capability to operate on real-time video
makes it an ideal choice for surveillance applications, where quick and accurate face recognition is very
important. The lightweight nature of the embeddings also means that it can be deployed in systems with
limited computational resources.

3.4Automatic attendance registering

i)Image Capture: The first step in this system is to capture images by a camera installed inside the classroom.
Then the system process the images to continue with face detection.
ii)Face Detection and Extraction: This was implemented using a cascade of classifiers called MTCNN
to facilitate face detection. This approach is better at capturing facial landmarks such as eyes, nose and
mouth. If there are faces in this region, they will be cropped to give a smaller image for further analysis.
iii)Face Encoding: The cropped face images from the face detection process is further processed by the
FaceNet. FaceNet convert the faces into numerical representation. Each face is encoded as a 128-
dimensional vector using the pre-trained convolutional neural network. These are vectors that represent
each of the points, such as fingerprint for each.
iv)Face matching: Once we get the encoded vectors, the machine compares them with those stored in
the database. To do this in DIib, which excels at facial embedding comparison. We're using the dlib
library to identify both faces from images and videos. it then compares it with the datasets greatest quality
image, and upon matching that one, identifies the student and output the student ID
v)Attendance update : Once it recognizes the face, automatically system updates the attendance data
for that student in database mean faculty can have a look or control over students attendance statistics if
desirable.
Algorithm 3 Face Recognition
1: Require: Augmented face dataset, pre-trained face recognition model (e.g., VG-GFace, FaceNet)
2: Training Phase:
— Split the dataset into training and validation sets.
3: for each epoch do
4: Shuftle the data and divide it into mini-batches.
5: for each mini-batch do
6: Pass each image through the recognition model:
— Conv Layer 1: Apply Conv2D with 32 filters of size 3 x 3, ReLU activation.
— Apply max-pooling with pool size 2 x 2.
— Conv Layer 2: Apply Conv2D with 64 filters of size 3 x 3, ReLU activation.
— Apply max-pooling.
— Dense Layer: Flatten and pass through a Dense layer with 128 units, ReLU activation.
— Output Layer: Pass through a Dense layer with softmax activation for classification.
7: end for
8: end for
9: Testing Phase:
— Input a new test image into the trained model.
— Predict the individual’s identity by passing the test image through the model.
— Output the top predicted identity.
10: Loss Calculation:
— Compute the categorical cross-entropy loss to compare model predictions with true labels (for
multi-class face recognition).
11: Backpropagation and Parameter Update:
— Calculate the gradients of the loss with respect to model parameters and Update the model
parameters using the Adam optimizer.
12: Validation:
— Split the dataset into training and validation sets.
— For each epoch, shuffle the data and repeat the training process on minibatches.
— Compute training and validation accuracy at the end of each epoch and log the loss, accuracy and
othe relevant metrics.
13: Face Recognition Output:
— Once the model is trained, pass a test image (or new face) through the model to predict the



Deep Learning based Multi-face Recognition System for Automatic Attendance 211

individual’s identity.
— Output the top predicted identity for the face
IV Experiment Results and Discussions

a) System Setup

The system is equipped with a 13th Gen Intel Core i5-13500H processor running at 2.60 GHz, along
with 16 GB of RAM, ensuring smooth multitasking and efficient performance for demanding
applications. The device operates on a 64-bit Windows 11 Home Single Language OS, Version 23H2,
which was installed on 06-07-2024, with the latest Windows Feature Experience Pack
1000.22700.1041.0 providing additional enhancements.PTZ Dome Camera type with the specification
of CCTV CAMERA Ezviz H8 Pro — 2K Pan/Tilt Camera is fixed in the classroom / lecture hall of 8.5m
x 8.5 m dimenstion. We built and executed the system on Google Colab. Fig 4.1 shows our wall mounted
camera installed in real time classroom environment. Installed the TensorFlow and other helpful libraries
to handle tasks of face detection, feature extraction, recognition etc. Moreover, the cloud setup allowed
us to train and test the model easier. Fig 4.2 shows the images used for training our model, these have
been taken from our college student’s database.

Fig 4.1 shows the camera setup in the classroom

)

1 2 3

Fig 4.2 Sample Input images for training
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Fig 4.3 Sample Input Images for testing

Fig 4.3 represents the images we used to test the functioning of our face detection model. Each photo
represents a live photo that was taken from a wall mounted CCTV camera during a live classroom
session. These photos are vital for our use case as these shows the classroom environment for which we
are developing our system.

Fig 4.4 Multi-face Detection by MTCNN

Table 4.1: Face Detection evaluation metrices for various test images

Test Total True False False Precision Recall Accuracy | F1Score
images | number of Positives Positives Negatives rate rate in%
faces (TP) (FP) (FN)
1 22 20 1 2 0.95 0.91 86.96 0.93
2 17 16 0 1 1.0 0.94 94.16 0.97
3 19 18 0 1 1.0 0.95 94.74 0.97
4 23 20 0 3 1.0 0.87 86.96 0.93
5 34 33 1 1 0.97 0.97 94.29 0.97
6 34 32 0 2 1.0 0.94 94.18 0.97

Fig 4.4 represents the output images that were extracted after the completion of the face detection phase
of our MTCNN based model. These images show the efficiency and accuracy of our model in a real time
environment like a live classroom session. In this study, we have evaluated the performance of the
MTCNN algorithm for face detection in the context of automatic face recognition-based attendance
systems. Our experimental results, as summarized in Table 4.1, demonstrate the efficacy of MTCNN in
accurately identifying faces across a diverse set of images. The MTCNN algorithm exhibited a high
detection rate across various image scenarios, with an overall detection accuracy of 91.9%. Specifically,
the algorithm successfully detected 20 out of 22 faces in Photol. In the remaining images, MTCNN
showed consistent performance, with an average precision rate of 0.99 and recall rate of 0.93. These
results affirm the robustness of the MTCNN approach in handling different conditions and variations in
facial images. The implications of these findings for automatic face recognition-based attendance
systems are significant. The high accuracy and reliability of MTCNN enhance the feasibility of
implementing such systems in real-world applications. By ensuring reliable face detection, MTCNN
minimizes errors in attendance tracking, thereby improving the overall efficiency and accuracy of
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automated systems. In comparison to other state-of-the-art algorithms, MTCNN’s performance
underscores its potential for deployment in practical scenarios requiring precise and efficient face
detection. Our results align with findings from recent literature, which also highlight the superiority of
MTCNN in addressing challenges associated with face recognition in varied environments [21][22].
Overall, the MTCNN algorithm proves to be a robust and effective tool for face detection tasks, and its
integration into attendance systems promises to enhance accuracy and operational effectiveness.

V Conclusion
The proposed multi-face recognition based automatic attendance system in classroom / lecture halls
makes the attendance registering process easier and also reduces the human error and fake attendance
problems. Specific challenges in the classroom face recognition in the real time environment are
identified through this study. The custom dataset is prepared, and the face augmentation techniques are
applied to overcome few of the challenges as well as to meet the requirement of deep learning models of
face recognition. With the proposed model, we achieved 91.9 % multi-face detection accuracy and 76 %
multi-face recognition accuracy. As the seating in the classroom setup is flat one, still we are facing few
challenges such as occluded faces and overlapped faces. In future we enhance the face-recognition
accuracy by addressing the issues with flat seating arrangement. Also, plan to create a large dataset with
more number of samples per classes and to enhance the face augmentation process through generative
adversarial network based learning.
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