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ABSTRACT

Image recognition technologies have found widespread application in do-
mains such as object detection, medical imaging, and autonomous driving.
Beyond these applications, they offer promising potential in tackling so-
cial challenges, such as identifying children involved in begging activities
through intelligent analysis of visual data. The existing data on child
begging is scarce and often presents outdated information. Our research
demonstrates that image classification models, such as CNN, VGG16, and
EfficientNet, can be effectively trained on images captured from public
cameras to identify children engaged in begging. This data can be used
for quicker and more effective interventions. To further improve detection,
we integrated background learning into our approach. The classification
models may struggle to distinguish between similar features across envi-
ronments (for example, misidentifying a poorly dressed child in a ghetto
as a beggar). Incorporating background learning can help mitigate such
errors by providing contextual understanding. We further proposed an
“Integrated Dual Image Classifier” to learn the background and foreground
separately and then subsequently combine both model prediction proba-
bilities. In this method, background understanding is incorporated with
the foreground prediction for recognition. The test accuracy results from
the integrated dual model approach showed a reduction in false negatives
and false positives (Failure to detect actual instances and incorrect iden-
tification of false instances as accurate, respectively), with test accuracy
above 70%.
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1. INTRODUCTION

Artificial Intelligence (AI) is a field of computer
science technology that focuses on the simulation of
human intelligence by machines. Machine models
are trained with real-world data, enabling them to
perform tasks that traditionally require human in-
telligence. AI can streamline complex, time-intensive
tasks, delivering rapid results with high accuracy, and
is transforming industries like healthcare, finance,
and agriculture. In healthcare, Al is used for disease
diagnosis and treatment recommendations based on
clinical data. In finance, Al is used for fraud detec-

tion and stock market predictions by analyzing pat-
terns and utilizing Al-driven algorithms. In agricul-
ture, crop monitoring using drone imagery is a valu-
able application. AI has the potential to be a trans-
formative tool for social good, addressing challenges
and creating meaningful solutions that benefit soci-
ety. For example, in disaster response, Al is used
for flood mapping to identify disaster-affected areas
using satellite images, enabling faster response and
efficient resource allocation. In this research, we are
leveraging AT to address child begging, a social issue
in many developing nations.

According to the Registrar General of India, ap-
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proximately 45,000 children are involved in begging
[1]. Studies show that many beggars in Bangladesh
are children, and begging is often organized [2]. In
many developing nations, it is common to see children
begging on the streets and at traffic signals. Begging
activities, usually part of organized operations, are
sometimes linked to serious social crimes such as child
abduction, forced labour, and exploitation, severely
endangering a child’s safety and well-being. Tradi-
tionally, data on begging is collected through surveys,
which require manual effort and result in time delays.
Al-powered data collection can automate the identi-
fication process while addressing challenges related
to limited data availability and the need for time-
sensitive data acquisition. The data collected can en-
able effective interventions and rehabilitation by the
respective authorities, which is the motivation for our
research.

Computer vision can be used to identify children
involved in begging by analyzing image data from
public cameras, which can be achieved through image
classification models trained on task-specific datasets.
In this study, CNN (Convolutional Neural Network)
and variations of CNNs (VGG16, EfficientNet) were
trained using publicly available images (Begging and
Normal child), and the results were compared to
identify the best fit model for the task (Efficient-
Net). We conducted additional experiments for back-
ground /context learning by training the model using
image categories and subcategories based on the im-
age background. Background learning can mirror hu-
man behavior by analyzing the context and recogniz-
ing complex scenarios, which has demonstrated im-
proved results, highlighting the effectiveness of back-
ground learning. Finally, we introduced an integrated
dual-model approach, where background analysis was
performed using background-trained models, followed
by foreground analysis using foreground-trained mod-
els. Then we combined both judgments to detect the
begging child. This dual-layered approach showed
an enhancement in detection accuracy by considering
both subject characteristics and environmental con-
text.

This paper outlines three sets of experiments in
detail —

(1) To identify the best-fit image classification
model among CNN, VGG16, and EfficientNet for this
task.

(2) To fine-tune the best model (EfficientNet), in-
corporating background learning, by categories and
subcategories using training data categorized by
background types associated with begging and non-
begging children (normal).

(3) Training the best-fit model to learn back-
grounds and foreground features separately and sub-
sequently integrating both for final prediction, en-
hancing the reliability and accuracy.

For the first two experiments, a dataset of 600

images was taken from publicly available sources for
training the image classification models. For the third
experiment, we utilized two distinct sets of images
for training the image classification models: a set of
200 foreground-only images depicting “Begging” and
“Normal” activities, and a set of 300 background im-
ages sourced from publicly available internet images,
representing various environments. The experiments
are designed and conducted with multiple combina-
tions of different numbers of neural network layers,
datasets, and architectures.

The paper is organized into the following sections.
Firstly, a comprehensive literature review and social
impact analysis are presented to contextualize the so-
cietal challenges that can be addressed through image
classification methods, followed by an introduction to
the methodology used in the study, including the ex-
perimental setup and underlying data. The following
section explains the detailed experimentation results
and provides a comparison of the experimental out-
comes. The Final section touches upon the discus-
sions, implications, and future work.

2. LITERATURE REVIEW AND SOCIAL
IMPACT

Many developing countries are facing an increase
in begging activities; at times, children are forced to
take up begging due to various vulnerability factors.
There are reports on recruitment agents misusing the
opportunity as a business. Beggary points to a so-
cial disorganization. Studies based on Bangladeshi
society show that a significant amount of the beggar
population is children, and this has been executed as
an organized activity [2].

Child begging falls under the categorization of
child abuse as per WHO, which defines child mal-
treatment as those under the age of 18 years suffering
from physical and/or emotional ill treatment, negli-
gence, and commercial or other exploitation, which
results in actual or potential harm to the child’s
health, survival, and development [3]. At the root
level, poverty and social vulnerabilities, for example,
unemployment, mental health issues, discrimination,
illiteracy, and disability, are identified as factors lead-
ing to begging [4]. To reduce this, the government
and policymakers must adopt approaches to priori-
tize social assistance and support welfare programs
for rehabilitation. Children who are forced to beg
are at high risk, which calls for immediate action.
To prevent child begging, proper planning and reg-
ulations must be in place, along with rehabilitation
efforts. For the rehabilitation process, human actions
are required; the process of identifying children in-
volved in begging can be assisted and well-automated
using an Al-supported machine. Building on image
detection, Al models can be trained to identify in-
stances of child begging through background-aware
learning. Categorizing the contextual environments
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of begging children into distinct groups enhances the
model’s training efficiency and accuracy.

There are studies in various domains in which deep
learning, particularly CNNs, have been applied to ad-
dress complex classification and detection tasks. For
instance, Farhat et al. (2020) developed a deep learn-
ing technical solution for child labor detection using
a CNN and Transfer learning method, studying child
labor videos for classification [5]. Their research used
CNNs to recognize instances of child labor in various
industrial settings by analyzing video frames. The
similarity between this paper and our research area
lies in the nature of tasks involving the detection of
vulnerable children in challenging environments, for
which CNNs are well-suited. In our research, we
adapted this architecture in the initial experiments
and designed our CNN models with additional layers,
adjusted hyperparameters, and background learning
to improve accuracy in identifying begging children.

Paredes et al. (2023) utilized CNNs to develop
an emotion recognition algorithm specifically tailored
for individuals with Down syndrome, achieving higher
accuracy through transfer learning and microexpres-
sion analysis [6]. If compared to our research area
of identifying begging children, although the con-
text differs, the underlying challenge of identifying
patterns is similar. Our research aims to leverage
these capabilities, addressing the unique challenges
posed by child begging and further enhancing the
model. Building upon advancements in deep learn-
ing, a study by Oluwalade et al. (2021) explores the
deployment of neural network architectures for ac-
tivity recognition using data from smartphones and
smartwatches [7]. The research evaluates models such
as Long Short-Term Memory (LSTM), Convolutional
Neural Networks (CNN), and Convolutional LSTM
(ConvLSTM), concluding that convolutional models,
particularly when utilizing accelerometer data from
smartwatches, exhibit superior performance in classi-
fying a range of activities. Mekala et al. (2016) ex-
plored foreground-background classification for activ-
ity detection in surveillance videos, comparing seven
background subtraction methods [8]. Gradient-based
techniques achieved the highest accuracy (97.44%),
while ViBe ensured spatial coherence. Challenges in-
cluded ghost elimination, shadow removal, and pa-
rameter tuning. The study highlights the importance
of optimizing background subtraction for improved
ROI detection in surveillance-based activity recogni-
tion. Poor background modeling can lead to false
positives (e.g., noise detection) and false negatives
(missed objects). Xiao et al. (2020) analyze how ob-
ject recognition models rely on image backgrounds
[9]. Their findings show that models can classify
images using backgrounds alone, but often misclas-
sify when backgrounds change adversarially (result-
ing in up to 87.5% error), and that more accurate
models depend less on backgrounds. They introduce

ImageNet-9 (IN-9) to study foreground-background
separation and propose a challenge to improve model
robustness. The paper suggests that models should
be designed to balance background dependence ap-
propriately, rather than ignoring it entirely.

The above background learning utilized train-
ing images with variations such as “only back-
ground” with the foreground separated, “only fore-
ground” with the background separated, “mixed
backgrounds”, and “no foregrounds”, where the fore-
ground is removed and replaced with black. These
may result in less representation of real-world scenar-
ios.

This paper discusses the automatic detection of
a begging child using an image classification model
trained on background learning. Achieved by intro-
ducing a dual-model approach, to learn foreground
and background features separately and then inte-
grating both. The background model focused on
background features, and the Foreground model on
foreground activities. The background model cate-
gorizes environments such as markets, streets, and
traffic, while the foreground model identifies specific
actions like begging postures. By integrating the
probabilistic outputs of these models, we achieve a
more robust and context-aware classification due to
improved generalization, which results in better ac-
curacy in complex environments. Training FG and
BG separately helps mitigate adversarial misclassifi-
cation risks by preventing over-reliance on one feature
set. This model adaptation can be utilized by com-
munities, institutions, and the government to identify
children who beg and then streamline the rehabilita-
tion process for these children, ultimately bringing
about a significant change in the lives of the affected
children and, consequently, the broader society.

3. METHODOLOGY

A technical solution for identifying children in-
volved in begging is proposed using a CNN (Convolu-
tional Neural Network). The study has extended the
application of child begging identification by incor-
porating standard CNN techniques, including data
augmentation, hyperparameter tuning, background
learning techniques, and integrating foreground and
background learning.

CNN is a general term that refers to a class of
Deep Neural Networks specifically designed for grid-
like structured data and uses convolutional layers
as a base. A convolutional layer performs convo-
lutional operations to detect patterns and features
in an image, enabling the identification of a begging
child. Convolutional operations are, in simple terms,
a dot product between two functions, where one func-
tion (filter) is a learnable parameter ‘Kernel’, and
the other metric is the restricted portion of the im-
age—the Kernel slides across the image, producing
an image representation [10]. CNN can have multiple
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Layers of Convolutional layers (Conv), Pooling Lay-
ers (PL), and Fully Connected layers (FC), with the
flexibility of having different numbers of these layers
and different filter sizes (Kernels). VGG16 has a spe-
cific CNN architecture with 16 layers (13 conv, 3 FC
layers, a fixed 3x3 convolutional filter). This model
captures complex patterns and fine-grained features
for image identification. On the other hand, the Ef-
ficientNet model’s architecture optimizes in a princi-
pled manner by scaling the depth, width, and resolu-
tion simultaneously. This model is more efficient in
terms of memory and computational requirements.

CNN and its variants, such as VGG16 and Effi-
cientNet, are utilized in the experiments to evaluate
their effectiveness for the task and identify the best-
fit model. EfficientNet was recognized as the best-fit
model for this task. The selection of these models
was based on their proven capabilities to deliver high
accuracy and efficiency.

Data augmentation was strategically applied dur-
ing model training, enhancing images through hor-
izontal flipping, shearing, and zooming, thereby in-
creasing the dataset’s diversity and improving model
performance. Demonstrating that even established
methods can be powerful when applied thoughtfully
and in novel contexts.

Hyperparameter tuning helps optimize the model
output and maximize the performance of the CNN.
Hyperparameters are predefined values assigned to
the algorithm’s parameters before the training pro-
cess, defining the architecture used in the research. In
our experiments, the hyperparameters were adjusted
to evaluate the model’s performance using multiple
combinations, aiming to identify the optimal config-
uration. Several hyperparameters, including image
dimensions, batch size, and filter sizes across convo-
lutional layers (32, 64, 128, 256 filters), as well as
specifying the number of units in dense layers (512,
256, 14, 2), were utilized in the study.

The model was trained using Google Colab, lever-
aging a T4 GPU with 12 GB of VRAM for accel-
erated computations. The system environment in-
cluded Python 3.1 and TensorFlow /PyTorch (version
2.15). Training was conducted on Google Colab, a
cloud-based environment, ensuring efficient process-
ing while managing computational constraints.

Further enhancement of the image classification
model is achieved by introducing background learning
through “Subcategories” and subsequently through
“Sub-labelling”, which was completed by categoriz-
ing the training images according to the background,
for example, (Begging child in traffic, street, and mar-
ket; normal child in traffic, street, and market). Con-
text learning helps the classification models to de-
tect child begging in public places with improved ef-
ficiency. Additionally, a dual-model approach was in-
troduced by training the best-fit image classification
model to learn foreground and background features

separately, and subsequently combining their predic-
tions to enhance classification accuracy.

A dataset of thumbnails of images featuring beg-
ging children, normal children, and various back-
grounds was manually classified using keyword
searches in the Google search bar, such as “Begging
child India”, “Begging child Mumbai”, and “School
areas in Mumbai”, among others, and manually an-
notated for each image. These keywords were used
to ensure the dataset includes region-specific photos
that reflect the real-world context of child begging
in India and also helped to capture images that are
more representative of the problem, including varia-
tions in age, posture, surroundings, and social condi-
tions. This approach ensures a diverse and contextu-
ally relevant dataset for training an accurate model.

The biggest challenge in the research was manually
labelling the images to create the dataset for train-
ing, through manual observation, such as gestures or
postures that might resemble begging.

(i) Group Behaviour: Identifies whether the in-
dividual is alone or part of a group, disabled (e.g.,
multiple children performing similar actions), often
observable in public areas like traffic signals, streets,
markets

(ii) Key Items: Bowls, crutches, or containers be-
ing used for collecting money or food. Absence of
Play Materials: Lack of toys or props that signify
play or casual activities.

(iii) Condition of Clothes: Torn, dirty, or under-
dressed clothing that may indicate economic hard-
ship. Body Hygiene: Signs of neglect, such as un-
kempt hair or visible malnutrition.

The study was structured around three key cat-
egories of experimental evaluation. The accuracy
(training & validation) was compared to conclude
from the results (Tables 3 to 8). Accuracy gives a
general sense of performance. Training accuracy is a
measure of how accurately a machine learning model
predicts outcomes on the data on which it is trained,
allowing it to learn patterns and make predictions.
It reflects how well the model has learned patterns
and relationships within the training data. Valida-
tion accuracy is a measure of how well the trained
model performs on a separate “validation” dataset
that model has not seen during training and is moni-
tored during training. This metric is crucial because
it indicates how well the model generalizes to new,
unseen data. Accuracy was chosen as a simple and
effective evaluation method. Finally, we conducted
testing on 38 independent images, and test accuracy
was measured. Test accuracy is checked after train-
ing to evaluate how well the model generalizes to new,
real-world data (Table 1).

3.1 Proposed Experiments and Methods

Experiment (1): Identifying the best image clas-
sification model: Established CNN and Variations
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of CNNs (VGG16, EfficientNet) are used to train
and learn the features of an image to identify a beg-
ging child. The best-fit Model identified (EfficientNet
Functional Architecture) was further used in experi-
ments (2) and (3).

Input Image

(224x224x3)
Output
EfficientNetB0 (2 classes)
GlobalAverage Dense
Pooling Q@ u‘mts)
T EC
Dense
Dropout(0.5) (256 units)

Fig.1: EfficientNet_2 Functional architecture.

Experiment (2): The best fit model, EfficientNet
to learn image background techniques: EfficientNet
model identified in experiment (1) is further trained
to distinguish the backgrounds (such as traffic signal,
crowded markets etc.) using sub categorizing and
sub-labelling of the training images as per the back-
grounds, where the child begging is prominent and
least common. Learning about the surroundings of a
begging child helps with contextual understanding.

Experiment (3): The best fit model to separately
train the backgrounds and foregrounds and inte-
grate both models: The foreground alone (“Begging”,
“Normal”) and multiple backgrounds where the child
begging is highly prominent and less likely (‘Market’,
‘Street’, ‘Traffic’, ’Over Bridge’, ’Ghettos’, "House’,
'KidsPlayArea’, ’School’), where trained separately
to create separate EfficientNet models (Foreground
model and Background model). The probabilistic
output of these two models was integrated for the
final classification of the image.

3.2 Underlying Data

There were no pre-existing research datasets to
learn from or build upon for this issue (Child beg-
ging identification). The ground truth is the man-
ually verified labels assigned to each image in the
dataset. These images were used solely for academic
research purposes to extract visual features for model
development, ensuring ethical use in compliance with
research standards.

(i) A unique thumbnail images dataset featuring
Begging child, Normal child, different environments
like traffic areas, market, schools were created manu-
ally by using keyword search in google search bar like
“Begging child India”, “Normal child India”, “Beg-
ging child Mumbai”, “Begging child Delhi”, “Normal
child in street India”, “children in traffic areas India”,
“traffic areas in Delhi”, “School areas in Mumbai”
etc. (Fig. 2 - 5 below)

(ii) Each image was annotated as either ‘begging’
or ‘normal’ and surrounding categories (like school,
market, traffic), based on objective observations and
human verification. This ground truth is essential for
training and evaluating image classification models
to ensure they accurately identify children who are
begging.

(iii) For the first two experiments, a data set of 600
images (300 of begging child and 300 of Normal child)
was created, and for the third experiment, 500 images
(200 foreground only and 300 different background
images) were used; however, different sample sizes of
images were used in each experiment.

(iv) For the third experiment to create the 200-
image data set for foreground-only images, an online
platform (remove.bg) was used. (Fig. 6 below).

(v) In the experiments model architecture, the
image was resized to 150*150 pixels for CNN and
224*224 pixels for VGG16 and EfficientNet.

(vi) 38 unseen images during training and valida-
tion were tested for different models’ comparison (Ta-
ble 1).

Fig.4: Sample Images of different backgrounds.
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Begging Child Delhi

Google

Al Images News Videos Maps Books

~ Color v Creative Commons licenses ~

SnappyGoat.com

child the beggar india asia poverty

child the beggar india asia pove

Fig.5: Sample Images of keyword search.

Fig.6:
(2 of begging and 2 of normal, respectively).
age Sources: which permits free use - non-commercial
PUTPOSES.

Sample Images of foreground-only images
Im-

4. EXPERIMENTS AND RESULTS

4.1 Experiment (1): Identification of the best
image classification model for the identi-
fication of the begging child.

Three established image classification models with
architectural variations were trained and tested under
this experiment: a) CNN, b) VGG16, c) EfficientNet.

4.1.1 Experiment (1a) Basic CNN Model:

Three different sub-experiments of CNN with mul-
tiple combinations of Conv, PL, FC, and Batch Nor-
malization(BN) were used for training and validation
to choose the best CNN model (Details in Table 3)

CNN_1: Initialized the experiment with 3 Conv,
3 PL, 1 FC layers and 200 image sample size (100
training and 100 validation)

CNN_2: From the previous experiment, increased
by an additional layer of Conv, PL, and FC along with
Batch Normalization to improve feature extraction
and accelerate training. 200-image sample size (100
training and 100 validation)

CNN_3: Increased to 8 convolutional layers, the
training image size was increased to 500 to improve
the model’s generalization with more diverse exam-
ples, and 100 samples were used for validation. Tested
the model on 38 unseen images during training and
validation, and the test accuracy is shown in Table 1.

FC
Dense Dense
(512 units) (256 units)
FC FC
v
Input Image Output e
(150x150x3) Neurons (2 units)
v
Output (2
classes)

Flatten
Conv 32 filters + BN

Output Output
N Neurons
# Conv 256 filters + Max
pooling

Conv 32 filters +
Max pooling
Output
Neurons

Output
Neurons

Conv 64 filters + BN T Comv 256 fitters
+BI
Output
Neurons
Conv 64 filters +
fax pooling

Output
Neurons

|
Iz

Conv 128 filters +
Max Pooling
Output
Neurons

Output
Neurons

I’

Conv 128 filters +
BN

Fig.7: CNN architecture (Experiment CNN_3).

Observations from CNN model experiments:
Increasing conv, FC layers, and training data size
improved validation accuracy and reduced validation
loss; however, these models showed overfitting (Over-
fitting: Training accuracy > Validation accuracy;
Validation loss: Discrepancy between the prediction
and the actual value). CNN experiments gave a val-
idation accuracy range of 70% to 77% (Training and
validation accuracy in Table 3).

4.1.2 Experiment (1b) VGG16 Model:

VGG16 used transfer learning and varied training
size for three different experiments for training and
validation to choose the best VGG16 model (Details
in Table 4)

VGG16 Base: The base model of 13 Conv and
3 FC layers was used to initialize the Experiment,
and a 600-image sample size (500 training and 100
validation)

VGG16 Transfer 1 (CNN): The VGGI16 pre-
trained model serves as the base model (trans-
fer learning), leveraging the pre-trained model and
adding custom classifier layers to improve perfor-
mance, with a 600-image sample size (500 training
and 100 validation).

VGG16 Transfer 2 (CNN): Like the previous trans-
fer learning experiment, but with reduced training
image size to study and compare the outcome. 200
image sample size (100 training and 100 validation).
Tested the Model on 38 independent images unseen
during training and validation, and the test accuracy
is in Table 1.

Observations from VGG16 model experiments: All
VGG16 models achieved 99% training accuracy and
85% validation accuracy (after 25 epochs run); How-
ever, overfitting continues even for VGG16. Transfer
Learning with reduced training samples showed re-
duced validation loss (Training and validation accu-
racy in Table 4)

4.1.3 Experiment (1c) EfficientNet Model:

There were two architectures tested: Sequential
and Functional architecture, and different layers for
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Input Image Output
(224*224*3) (2 classes)
VGG16 (Base) DEiEe
(2 units)
iFIatten T FC
Dense
Output Neurons ?(256 i)

Fig.8: VGG16 architecture (Transfer Learning).

three different experiments for training and valida-
tion to choose the best EfficientNet model (Details in
Table 5)

EfficientNet (sequential): The experiment with the
sequential architecture is using a simple linear stack
of layers and a 600-image sample size (500 training
and 100 validation)

EfficientNet_1 (Functional): The Functional archi-
tecture used in this model is more complex, allowing
more flexibility to the model. And a 600-image sam-
ple size (500 training and 100 validation)

EfficientNet-2 (Functional): Increased the FC
layer in the functional architecture to find the dif-
ference in the outcome and 600 image sample size
(500 training and 100 validation). Tested the Model
on 38 independent images unseen during training and
validation, and the test accuracy is in Table 1.

Input Image
(224x224x3)
v Output
EfficientNetBO (2 classes)
v
GlobalAverage Dense
Pooling 2 uAmts)
) - RE
Dropout(0.5) ense

FC . (256 units)

Fig.9: EfficientNet_2 Functional architecture.

Observations from EfficientNet model experiments:
The EfficientNet model with Sequential architecture
removed the overfitting issue with an accuracy at
50%; However, EfficientNet model with functional
architecture and additional FC layer achieved 98%
training and 99% Validation accuracy and this Model
shows underfitting (Training accuracy < Validation
accuracy) (Training and validation accuracy in Table
5)

Result of experiment (1): The EfficientNet model
(Functional) gave the best results. Hence, chose this
model to upskill by image background learning in fur-
ther experiments.

4.2 Experiment (2): Training the best-fit
Model to learn Backgrounds and Fore-
grounds to enhance the accuracy

For image background learning, the technique used
was to classify the images into 14 subcategories, based
on the location/surroundings associated with both
begging and non-begging child activities in public,
and then train the model to learn features from those
classifications. This method will provide more back-
ground learning of the two classes of children (begging
and normal), where they are often observed. There
are areas, such as traffic and markets, where both
categories of children are seen, and some surround-
ings where begging activities are less prevalent and
the probability of finding a begging child is very low,
for example, playgrounds and school areas.

(i) Begging: Market Areas, Public places, Traffic
areas, Street, and over bridges.

(ii) Normal: Market Areas, Public places, Traffic
areas, Street, over bridge, ghettos, House, School, and
Kids’ play areas.

The above 14 subcategories were used to train the
model through two distinct approaches: “Learn with
Subcategories” and “Learn with Subcategories and
Sub-labelling” (Fig. 10 and Fig. 12, shown below).
The model EfficientNet-Functional architecture, the
best from Experiment (1), was used here for the im-
age background learning method.

4.2.1 Experiment (2a) Learn with Sub-categories:

The images are categorized into 14 subcategories
based on the various backgrounds within Begging and
Normal circumstances (Fig. 10,11), with a sample
size of 600 images (500 for training and 100 for vali-
dation). Tested the model on 38 independent images
unseen during training and validation, the test accu-
racy is in Table 1.

Normal Noormal Normal N:rl:vnal Normal  Begging Bedvggei:g
Traffic | Bridge Street  areas Schooli Traffic bridge
g Normal Begging
Categori i .
ategories Normal Normal Public Normal  Begging Public Begging

Ghettos  Markets Pl House Market Street

places

Fig.10: The image sub-categories structure as per
the background.

Observations from subcategories model experiment:
The model achieved 85% training and 97% valida-
tion accuracy (100 epochs), and underfitting is seen
in this model (Training accuracy < Validation accu-
racy). (Training and validation accuracy provided in
Table 6).

4.2.2  Experiment (2b)_Learn with Subcategories

and Sub-labelling:

In the second method, an extra layer for learn-
ing the image background is added by sub-labelling
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Input Image

(224x224x3)
2 *Qutput
EfficientNetBO (14 classes)
‘ A
v
Global Average Dense
Pooling (14 units)
A
I FC
Dense
it (1) e ¥ (128 units)

Fig.11:

chitecture.
*The highest probability amongst sub-categories is

used to determine begging or normal child

EfficientNet Learn with sub-categories ar-

the images into “Begging” and “Normal”, and fur-
ther sub-categorizing them according to the 14 back-
grounds (Fig. 12,13), with a sample size of 600 im-
ages (500 for training and 100 for validation). Tested
the model on 38 independent images unseen during
training and validation, the test accuracy is in Table
1.

o Over Bridge Street Play areas School
i Normal
i
Publi
Image Sub- Ghettos Markets i c i
categories aces
Market Over bridge Street Public

3 Begging Traffic places

Fig.12: The Image subcategories sub-labelling back-
ground structure.

Input Image
(224x224x3)

Output
Category1*

Output
Category 2*
»

Il *Probability

EfficientNetBO Dense Dense
(& ur‘uts) © \'mns)

7'y

v
GlobalAyerage FC

Pooling

v

Dropout(0.5) Dense

(128 units)

Fig.13: EfficientNet Learn with sub-categories ar-

chitecture.
*Category 1 and Category 2 refer to two

subcategories (Begging or Normal)

Observations from subcategories and sub-labelling
model experiment: The models achieved 98% training
accuracy, and the validation accuracy touched 99%
(after 100 epochs). There was less underfitting ob-
served. (Training and validation accuracy provided
in Table 7)

Result of Experiment (2): The model architecture
utilized image background learning through subcate-
gories and sub-labelling, resulting in improved overall
accuracy.

4.3 Experiment (3): Training best fit Model
to separately learn Backgrounds and Fore-
grounds, and integrating both model
probabilities to enhance the prediction by
adding background context awareness (In-
tegrated Dual Image Classifier)

The model EfficientNet, the best model from ex-
periment (1), was used here for the image background
and foreground learning. For training backgrounds
and Foregrounds separately, two sets of training im-
ages were used (foreground alone images and multiple
background images) (Fig. 14 and Fig.15 below).

(i) Foreground alone images of 2 classes of children.

Normal
Foreground

Begging

Fig.14: The foreground image classes for the fore-
ground model.

(ii) Background images of eight different loca-
tions/surroundings where the child was found beg-
ging and not begging. [For example, there are lo-
cations where begging and normal children can be
found (example: traffic areas), similarly, there are
places where begging children are rarely seen (exam-
ple: school area)]. Here, the training images were a
mix of mostly the entire image and a few foreground-
separated background images.

Over

street traffic ghettos

bridge
Background

Play
areas

school house market

Fig.15: The background image classes for the back-
ground model.

4.3.1 Experiment (3a)_Training Background model

and Foreground model:

The first part of the “Integrated Dual Image Clas-
sifier” involves training models for foreground and
background only. The training dataset was divided
into background and foreground sets to train the
models independently (Fig. 14,15 above and archi-
tecture in Fig. 16,17 below).

Observations from Background model experiment:

The models achieved 85% training accuracy and 90%
of validation accuracy (after 100 epochs), and under-
fitting is seen in this Model (Training accuracy < Val-
idation accuracy). (Training and validation accuracy
provided in Table 8)
Observations from the Foreground model experi-

ment: The models achieved 80% training accuracy
and 85% validation accuracy (after 100 epochs), and




414 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.3 July 2025

Input Image
(224*224*3)

Output
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Pooling (8 units)
i T EC
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Fig.16:
ture.

EfficientNet Background model architec-

Input Image
(224*224*3)
EfficientNetB7 (C;Utr’”t )
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Global Average Dense
Pooling (2 units)
FC

Dense

Dropout (0.5) FC ™ (512 units)

Fig.17: EfficientNet Foreground model architecture.

slight overfitting is seen in this Model (Training ac-
curacy > Validation accuracy). (Training and valida-
tion accuracy provided in Table 8)

4.3.2  Experiment (3b)_Combining Background and
Foreground Models Training and Probability
Analysis for Background and Foreground (In-

tegrated Dual Image Classifier)

The second part of the “Integrated Dual Image
Classifier” is initiated after building separate models
for the background and foreground. The background
model prediction is leveraged for foreground predic-
tion, ensuring a context-aware decision-making pro-
cess.

Firstly, to obtain probabilities for background and
foreground, the two pre-trained models from Exper-
iment (3a), the background and foreground models,
were used to generate predictions for the input im-
age. Each Model outputs the probability scores for
relevant classes (Example, the probability of “Beg-
ging”, “Normal”, “Street”, “House”, and so on) for
the input image. Classes shown in Fig. 16 and Fig.
17.

Followed by calculation of background judgment
and foreground judgments: The classification process
first involves background judgment, followed by fore-
ground analysis conditioned on the background re-
sult. Based on the foreground prediction probability
above a threshold, images are categorized as either

Input Image

Foreground
2. Normal
2. Begging

Load Models

Model Prediction
probabilities

Background

1. Street 2. Traffic
3. Market 4. House
e 5.  Ghettos 6. Overbridge
e S 7. Playareas 8. school
¥ 13
Background Foreground judgement
judgement
= Check Background
o High judgement
1. Ghettos 1. Market
2. House 2. Street
3. Playareas 3. Traffic Category 1 I
4. school 4. Overbridge l
l l Probability Probability

oy it Gt Begging >0.4? Begging >0.7?

>05 >05
YES | No YES No
YES No YE!

ie:
No S
Begging Begging

Fig.18: Integrated Dual Image Classifier (combining
background and foreground models).

Normal Normal

“begging” or “normal” (Fig. 18).

Calculation background and foreground judg-
ments:

(i) The background judgment process categorizes
an image based on the probabilities assigned to var-
ious background elements. The categories are di-
vided into ‘high’ and ‘low’ based on their significance
(‘High’ are those where both classes of children are
commonly seen, and ‘low’ are those where the begging
children are less probable to be found). ‘High’ back-
ground categories include ‘Market’, ‘Street’, ‘ITraf-
fic’, and ‘Over Bridge’, while ‘low’ categories include
‘Ghettos’, ‘House’, ‘KidsPlayArea’, and ‘School’. The
function calculates the sum of probabilities for each
set of categories. If the sum for the ’high’ categories
exceeds 0.5, the background is judged as ’Cat 1’; oth-
erwise, it is judged as ’Cat 2’. This classification helps
in understanding the environment where the activity
is taking place, providing context for further analysis.

(ii) The foreground judgment process focuses on
determining the nature of the features of the fore-
ground in the image, specifically whether it is ‘Beg-
ging’ or ‘Normal’. Foreground judgment is adjusted
based on the background judgment. If the back-
ground is classified as ‘Category 1°, the foreground
threshold for classifying the foreground as ‘Begging’ is
set lower at 0.4, meaning the model is more sensitive
to detecting ‘Begging’ in active environments. Con-
versely, if the background is ‘Category 2’, the fore-
ground threshold is raised to 0.7, making the model
more stringent in classifying 'Begging’ in less active
environments. This adjustment ensures that the fore-
ground classification considers the context provided
by the background.

To optimize classification accuracy, the model ap-
plies a 40% FG threshold in high-probability areas
(e.g., traffic) to capture moderate begging indicators.
In comparison, a stricter 70% threshold is used in
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low-probability regions (e.g., playgrounds) to avoid
misclassifying normal activities as begging. These
thresholds were established through empirical dataset
analysis, ensuring alignment with real-world patterns,
and refined through contextual analysis and exper-
imental validation. Multiple threshold values were
tested and fine-tuned during experiments to achieve
the best balance between false positives and false neg-
atives.

4.4 Comparison of performance output of var-
ious models (including existing and pro-
posed)

In this study, we first trained existing image classi-
fication models (CNN, VGG16, EfficientNet) with en-
hanced data augmentations, hyperparameter tuning,
and transfer learning methods to select the best-fit
model for classifying the begging children. Further,
the EfficientNet model was trained for background
learning by categorizing and labelling the two classes
(begging and normal) according to the surroundings.
The final Experiment introduced the dual classifier
model to learn the foreground and background sepa-
rately and integrate both model predictions for final
classification to identify a begging child. For a com-
parative study of these models, 38 distinct test images
were used (test accuracy).

In the first set of experiments (Experiment 1), the
EfficientNet model showed improved test accuracy.
The test accuracies were 64%(CNN), 50% (VGG16)
and 74%(EfficientNet). The findings revealed that
similar foreground subjects, when placed in differ-
ent backgrounds, led to misclassifications (for exam-
ple, a child in shabby clothing within a ghetto envi-
ronment was sometimes incorrectly classified as beg-
ging). Which might not be a real case. To resolve
this, background learning was considered (Experi-
ment 2).

EfficientNet trained for background learning by
Subcategorizing and sublabelling images based on
their background, showed higher test accuracies of
78% and 81%, respectively.

To further enhance background awareness, en-
abling better understanding of the environment im-
proved foreground classification. The background
model and foreground model were trained separately

Fig.19:

~ More example pictures of the classification res
e o N FESS T O ~

and then integrated; their performance was subse-
quently studied (Experiment 3). We referred to this
as the Integrated Dual Image Classifier. Although
the overall accuracy remained at a similar level, the
false negatives (failing to recognize the begging child)
were drastically reduced. Further work is required to
improve the efficiency of the foreground and Back-
ground model.

Table 1: Performance comparison of models.

Number Test
Methods of test A %
datasets ceuracy 7o
CNN 38 64%
VGG1'6 (Transfer ag 50%
Learning)
EfficientNet 38 74%
EfﬁmentNet Lea.rn 38 78%
with subcategories
EfficientNet Learn
with Subcategories and 38 81%
Sub-labelling
Integ?ated Dual Image 38 74%
Classifier

Note: For the results in Table I. Independent 38
images were separately used for performance
comparison

Table 2 compares performance of all models across
3 sample images shown in Fig. 19.

5. CONCLUSION

The proposed ’Integrated Dual Image Classifier’
method effectively reduces the false negatives in the
detection of begging children due to a context-aware
decision-making process and is an improvement over
singular classification. While foreground-background
separation enhances detection, further improvements
are needed in cases where foreground and background
features are highly intertwined (e.g., children sitting
on the ground in a way that blends with their sur-
roundings). Additionally, while optimizing efficiency,
the model needs to be improved for real-time deploy-
ment, reducing the need for high processing power
and minimizing computational costs.

ult

X

Images (Image 1 to 3) used for testing for the results in Table 2 below. Image Source: Licensed

under the Pizabay and Unsplash License, which permits free use and non-commercial purposes.
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Table 2: Comparison of the test results of the three images shown in Fig. 19 above.

Model }nmpalge Predicted Label | Ground Truth | Correct/Incorrect
Image 1 Normal Child Normal Child Correct
CNN Image 2 Begging Child Begging Child Correct
Image 3 Begging Child Normal Child Incorrect (False positive)
Image 1 Begging Child Normal Child Incorrect (False positive)
VGG16 Image 2 Normal Child Begging Child Incorrect (False negative)
Image 3 Begging Child Normal Child Incorrect (False positive)
Image 1 Normal Child Normal Child Correct
EfficientNet Image 2 Normal Child Begging Child Incorrect (False negative)
Image 3 Begging Child Normal Child Incorrect (False positive)
) ) Image 1 Normal Child Normal Child Correct
Isilfl‘fgcclz:let;ertielgearn with Image 2 Normgl Chil.d Begging Clllild Incorrect (False neg.at.ive)
Image 3 Begging Child Normal Child Incorrect (False positive)
EfficientNet Learn with | Image 1 Normal Child Normal Child Correct
Subcategories and Sub- Image 2 Normal Child Begging Child Incorrect (False negative)
labelling Image 3 Normal Child Normal Child Correct
. Image 1 Normal Child Normal Child Correct
gif:lnlerig\;t Chll;gflrg Zerd Image 2 Begging Clllild Begging Clllild Correct
Image 3 Normal Child Normal Child Correct
Note: Images 1 and 3 depict normal children; however, they are particularly tricky as the presence of a begging
feature could lead to being mistaken for a begging child. Image 2 (begging) presents a significant challenge due
to its combination of shabby clothing and happy expressions in a public setting, as it blends both poverty and non-
begging cues.
e  False Positive (FP): Model incorrectly classifies a normal child as a begging child
e False Negative (FN): Model incorrectly classifies a begging child as a normal child

Table 3: CNN Ezxperiments and Their Performances.

Number of Numb.er of Number of | Number of | Training | Validation
S.No Pooling
Conv Layers Layers FC Layers | BN Layers | Accuracy | Accuracy
CNN_1 3 3 1 0 99% 70%
CNN_2 4 4 4 99% 70%
CNN_3 8 4 3 4 99% 7%
Table 4: VGG16 Experiments and Their Performances.
S No Number of | Number of FC Training Accuracy Validation
' Conv Layers Layers Accuracy
VGG16 Base 13 3 99% 86%
VGG16_Transferl_(CNN) 13 2 99% 85%
VGG16_Transfer2_(CNN) 13 2 99% 85%
Table 5: EfficientNet experiments and their performances.
S No Number of | Number of | Extra Number of | Training | Validation
' Conv Layers | FC Layers FC Layers Accuracy | Accuracy
EfficientNet (sequential) 20 1 1 50% 50%
EfficientNet_1 (Functional) 20 1 0 96% 90%
EfficientNet_2 (Functional) 20 1 1 98% 99%

Table 6: Background Learning EfficientNet with Subcategories experiments and their performances.

Number Number of Extra Number of | Training | Validation
S.No of Conv FC Lavers Number of epochs Accurac Accurac

Layers v FC Layers P ' i
Efﬁ(nentNe‘F Learn with 20 1 1 100 85% 97%
Subcategories
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Table 7: Background Learning EfficientNet with Subcategories and Sub-labelling experiments, and their

performances.
Number Number of Extra Number of | Training | Validation
5-No of Conv FC Layers Number of epochs Accuracy | Accuracy
Layers FC Layers
EfficientNet Learn with
Subcategories and Sub- 20 1 1 200 98% 99%
labelling

Table 8: Separate learning of Backgrounds and Foregrounds experiments and their performances.

Number Number of Extra Number of | Training | Validation
S.No of Conv FC Lavers Number of enochs Accuracy | Accurac
Layers Y FC Layers P ' '
EfficientNet Background 918 9 1 200 85% 90%
Model
EfficientNet Foreground 918 9 1 200 80% 85%
Model

6. DATA USAGE DISCLAIMER

This study utilizes publicly available thumbnails
of children to extract features for model development,
sourced from the internet solely for academic research
purposes, specifically for training and evaluating the
proposed machine learning model. We acknowledge
the copyright limitations and associated risks. The
images are not redistributed or used for commercial
purposes and are not intended for misuse, exploita-
tion, or the identification of individuals. The use of
such data is solely aimed at addressing socially rele-
vant challenges in a research context.

7. IMPLICATIONS & FUTURE WORK

A neural network model with image background
learning demonstrates broader potential. It demon-
strates that a robust Al-assisted system can be de-
veloped for identifying children involved in begging,
supporting social intervention efforts such as reha-
bilitation processes. These Al-assisted systems (Al
Cameras) can be utilized in locations where begging
activities are more common, such as traffic signals,
crowded tourist spots, and busy markets. The data
collected from these AI systems can be utilized by
governments, NGOs, and other organizations for in-
formed actions and policies aimed at reducing child
begging. In the Future, the following can be explored
as an extension of this study:

(i) Improving current models with improved learn-
ing on image foreground detection by adding other
feature mappings like posture trained using Medi-
aPipe, which will be an added advantage to the cur-
rent Model.

(ii) Semantic foreground detection by utilizing
background model predictions, aiming to improve the
accuracy of detection through a combined score of

background and foreground analysis.
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