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Abstract

Bangladeshi street food undoubtedly forms an important aspect of culinary culture, however, its
automatic identification has been largely unstudied because of the lack of appropriate datasets
and visual similarities among food categories that already exist. This paper offers a framework
for recognizing Bangladeshi street food based on machine vision and deep learning. The
contribution of the study lies in the fact that it offers a custom dataset of 4,000 original images
and then augmented it to 16,000 images. Five pre-trained CNN models (InceptionV3,
DenseNet121, MobileNetV2, NASNetMobile, Xception) were evaluated using the standard
metrics. The baseline model of MobileNetV2 demonstrated the accuracy of 93.75%. Further
research was based on two-stage transfer learning. The model obtained 99% accuracy, precision,
recall, Fi-score , which is much more than that obtained by the MobileNetV2 model. Grad-CAM

and LIME technologies were used for better interpretability of the learning model.
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1 Introduction

Bangladeshi street food is an important part of the country's culinary culture, with popular foods
such as Velpuri, Fuska, Jhalmuri, Chotpoti, Boot Makha, Pakora, and Papor Vaja being widely
consumed across different regions. These foods differ in their ingredients, texture, shape, color,
and presentation, while several categories also share similar visual characteristics, making their
recognition challenging from images. Variations in lighting, viewpoint, background, serving
style, and preparation further increase the difficulty of automated classification. Traditionally,
food identification relies primarily on human visual recognition, which can be subjective and
time-consuming. Recent advances in artificial intelligence, computer vision, and deep learning
provide new opportunities for developing automated food recognition systems capable of
learning visual characteristics directly from images.

Although deep learning has been successfully applied to general food image classification,
comparatively limited research has focused specifically on Bangladeshi street foods. The absence
of a dedicated benchmark dataset and the visual similarity among local food categories create
additional challenges for developing reliable recognition systems. Therefore, this research
develops a dedicated Bangladeshi street food dataset and investigates multiple pretrained CNN
architectures using transfer learning, followed by a two-stage MobileNetV?2 fine-tuning approach
to improve classification performance.

1.1 Background

Food is an important component of cultural identity, and Bangladesh has a diverse street food
culture consisting of numerous traditional and locally popular foods. Street foods such as Fuska,
Velpuri, Jhalmuri, Chotpoti, Pakora, and Papor Vaja are widely consumed across different
regions of the country. Although these foods are visually recognizable to people familiar with
them, automatic recognition is challenging because their appearance can vary considerably
depending on preparation method, ingredients, serving style, lighting conditions, camera
viewpoint, and surrounding environment.

Recent advances in computer vision and deep learning have significantly improved the ability of
machines to recognize and classify objects from images. Convolutional neural networks (CNNs),
in particular, have demonstrated strong performance in image classification because they can
automatically learn hierarchical visual representations from image data. However, training deep
CNNs from scratch generally requires large, diverse, and carefully labeled datasets. For
specialized domains such as Bangladeshi street food, large publicly available datasets are limited
or unavailable.



Transfer learning provides an effective solution to this problem. Instead of learning all visual
features from the beginning, a model pretrained on a large-scale dataset such as ImageNet can be
adapted to a new classification task. The pretrained network already contains general visual
representations that can be further specialized for the target domain. This approach can reduce
training requirements while achieving strong classification performance.

In this research, a dedicated Bangladeshi street food image dataset was constructed to address the
lack of a domain-specific dataset. The dataset initially contained 4,000 images across ten food
categories. Image augmentation was subsequently used to increase the dataset to 16,000 images
and introduce additional variation in image orientation, scale, position, and appearance. This
expanded dataset was used to investigate the effectiveness of different pretrained CNN
architectures for street food recognition.

1.2 Problem Statement

Although there have been technical progress in food identification using deep learning
techniques, research into Bangladeshi street food remains limited. Datasets available are
insufficient for representing local food classes and classification is made difficult because of
similarity in their colors, textures, ingredients, and presentation. Furthermore, it is vital to choose
the model that has a good trade-off concerning accuracy and computational efficiency. As a
result, the study proposes a dedicated dataset, tests multiple pretrained convolutional neural
networks, and suggests a two-step MobileNetV2 transfer learning framework to enhance the
recognition performance.

1.3 Objectives of the Research

The primary goal of this work is to create an effective deep learning system which can recognize
street food images in Bangladesh.

Specific objectives are to:

1. Create a personalized image database of 10 categories of food items in street food from
Bangladesh.

Use the right image augmentations to expand data sets

Pre-processing and transfer learning methods for automatic street food classification.
Evaluate different pre-trained CNNss.

Design an effective architecture with respect to classification accuracy and computational
efficiency.

6. Design a two-stage MobileNetV2 transfer learning model using selective fine-tuning.

ol o



7. Check the proposed model using standard criteria and visualization methods for
classification.

8. Interpret the predictions of the model by using Explainable Al techniques such as LIME
and Grad-CAM.

1.4 Significance of the Research

The research improves the process of developing a computer vision solution. The created data set
provides images relevant to the local context and can become a basis for research in the area of
identifying foods and related to Machine Learning technology.

The offered two-stage model based on MobileNetV2 shows that a Light CNN can effectively
classify objects with the help of transfer learning and fine-tuning techniques. This is especially
useful for applications where resources may be limited. Besides, the use of Explainable Al gives
more details on what visual features were used for the classification process.

1.5 Scope of the Research

The research emphasizes image classification in ten popular types of street food in Bangladesh.
The methodology applies food images in RGB color space and uses deep learning approaches to
identify those foods. Specifically, the study evaluates several pretrained CNN models, and also
enhances MobileNetV2 through the implementation of a two-stage finetuning process.

This study focuses on identifying individual food classes, instead of determining nutrient
contents, recognizing multiple foods co-existing, or doing live video recognition tasks. Thus, the
proposed framework enables implementation of those tasks later in the future.



2 Literature Review

Machine vision technology and deep learning technique have advanced considerably in terms of
food identification while gaining popularity in the area of automatic categorization of food types.
Early methods were based primarily on manually measured characteristics of food items like
color, structure, shape etc., that are susceptible to changes in illumination, background and
presentation. In order to overcome the drawbacks of early techniques, more recent studies have
shown a growing tendency to use methods based on deep learning technology, especially
Convolutional Neural Networks (CNNs), transfer learning and lightweight systems to achieve

successful food identification.

2.1 Prior Studies

Using transfer learning, pre-trained CNNs will be evaluated as a way of finding a fast, accurate,
and practical system for deployment [1].Researchers have used both Lightweight architectures
like MobileNetV2 and MobileNetV3, and have achieved very good accuracies up to 93-95%
given the relatively low computational requirements; hence are well adapted to real-time
applications and mobile use cases [1] [2] [3]. Also, due to the variability of food within a class
and the similarity of many foods visually, it can be difficult to classify foods accurately
[5].Recent review articles state that CNN is the architecture that has remained predominant in
food recognition due to its capability of automatically extracting hierarchical image features.
However, recent architectures have shown further advancements in visual food category
recognition, such as Vision Transformers (ViTs), CNN-Transformer hybrids, attention models,
and ensemble learning methods [6]. In order to improve the performance of the models while
also reducing the cost of training the models, research-ers have used transfer learning with
pre-trained models including MobileNet, ResNet, and DenseNet. Researchers have begun
collecting Large Scale data sets to improve generalization of the models for example, Food-11,
Food-101, Chinese FoodNet. However, many of the cases have a limited cultural diversity of
food and under represent foods that are specific to certain regions [6].Studies focusing on food
safety also highlight the public health importance of street food. In developing countries, lack of
personal hygiene, food handling practices, and correct regulations still play their role in causing
food-borne diseases [7].Developing countries, particularly those with street food, present further
challenges when it comes to developing a machine vision system. Street food is prepared
informally, presents food in various ways, and typically has poor hygiene, all of which add to the
complexity of street food’s visual qualities and public health risk [7] [9]. Research done on the
knowledge, attitudes and practices of street food vendors shows that while many street food
vendors have basic food safety knowledge, there is a lot of deficiency in food safety practices



and sanitation infrastructure [9]. There has recently been significant effort to create localized
databases of food information. Examples are Indonesian and African food data sets to provide
culturally relevant data used to improve the accuracy of recognition [8] [10] .In addition to food
classification, the application of machine vision technology has been a key technology in food
quality inspection and safety assurance. Advanced imaging technologies like hyperspectral
imaging, thermal imaging, X-ray imaging, magnetic resonance imaging (MRI), RGB-D cameras,
and stereo vision systems have been combined with deep learning algorithms to evaluate food
quality, estimate food volume, detect bruises, identify contaminants, and assess food freshness
[11]. As a result, there is no comprehensive way of developing a fast and accurate machine
vision system for culturally appropriate street foods. The objective of this study is to develop a
Bangladesh street food recognition system using real world datasets collected from cooks who
prepared food in a variety of environ-ments. nutritional interventions and improved public health
monitoring. Traditional methods of collecting dietary data are limited by their reliance on manual
food records, where users visually assess the components of their meals and then estimate the
nutrition associated with each meal based on this visual assessment, a process that can introduce
considerable error. Classifying food images, in general, has been a strong suit for Convolutional
Neural Networks (CNNs), which are a form of deep neural networks commonly used for image
classifi-cation. CNNs have also performed well with many other complex dataset types [12] .A
few works have investigated how to detect objects and to recognize multiple food items in one
image for realistic dining scenarios where multiple food items are present in a single image.
Pouladzadeh and Shirmohammadi came up with a mobile food recognition system assisted by
cloud computing that utilizes selective search, CNN feature extraction, and support vector
machine classification to recognize multiple foods simultaneously with an overall accuracy of
over 94% [13].The mobile food recognition is playing an increasingly important role in research
due to the accessibility of mobile devices for dietary monitoring and nutrition management. To
enable automatic dietary assessment using smartphone apps, NutriNet developed a deep CNN
model that was trained on more than 225,000 images of food and beverages [14]. FoodAl also
successfully deployed transfer learning to the Healthy 365 app that handles around 400,000
images from 756 food categories in Singapore [15]. In spite of the advances outlined above,
perfor-mance in real world implementation is still negatively affected by changes in lighting,
occluded food, and issues surrounding image quality [15]. Most food recognition systems
currently available have not been trained on the conditions found at street food outlets and rely
on controlled datasets, which are either expensive or difficult to obtain in low resource
environments such as Bangladeshi street food [16]. In addition, the methods of calorie estimation
currently available are not always practical in natural environments, and require controlled
imaging environments and special hardware or fixed assumptions about the portion sizes [16]. In
recent years, the object detection methods are more developed, using the YOLO model to make
the food object detected in real time. YOLOvV3 was successfully used in junk food detection,
achieving a high accuracy rate of around 98% and real-time processing speed [17]. Similarly, a
YOLOv4 model was developed to recognize food items in fast food restaurants with a mAP of



93.29% and to provide an estimation of calorie information and record the food intake using an
Android application [18].

The development of machine vision has also been seen to be a fast one in automated fish species
recognition for the conservation of biodiversity and the management of fisheries. CNN-based
architectures such as ResNet, EfficientNet, and hybrid deep learning models have also
demonstrated high recognition accuracy for freshwater fish species; and transfer learning and
object detection based on YOLO have also demonstrated the possibility of recognizing the
species efficiently and in real time, with lower computational costs. Moreover, models based on
the vision transformer (ViT) and attention-based models have been more effective in the task of
differentiating visually similar fish species under challenging environmental conditions. Most of
the current systems are based on a relatively small or controlled dataset, and are not often easily
transferable to real-world environments for freshwater due to domain shift, class imbalance,
water turbidity, occlusion, and differences in illumination. These studies highlight the need for
creating larger, representative datasets as well as lightweight deep learning architectures that are
deployable on mobile/edge devices, which are also pertinent to food recognition systems
[22].The importance of street food recognition for cultural tourism, nutrition and public health
has generated several studies focusing on this topic. The mobile assistant application developed
for pedestrians who consume street food in Bandung used the CNN image classification method
to identify street foods with local names, and then displayed the nutritional information of street
food using an Android application [23]. The developments show that mobile and edge computing
is gaining in significance for real-world food recognition applications.

The study results showed a high accuracy (around 80%), but highlighted the importance of
increasing the number of samples and the accuracy of the recognition method for the
identification of similar street foods found in the pictures [23].There are numerous CNN
architectures (DenseNetl121, Incep-tionV3, MobileNetV2, and Xception) used in food imaging
applications and many of them have shown signif-icant performance on multiclass item
detection..Culturally-specific datasets have also been developed to recognize Indonesian
traditional food [27], African food and Indian food and to create indigenous food datasets for
tourism applications to reduce the geographical bias found in the existing food recognition
systems.FoodCam developed an on-device food recognition system that can be used to recognize
food without relying on cloud processing which alleviates communication latency and privacy
concerns of the users [28].

Edge-computing-based food recognition systems were also developed, such as a combination of
mobile and cloud computing, realizing both low response time and high recognition accuracy
with low energy consumption, more recently [29].

Similarly, the ensemble CNN models created for visually impaired users yielded the recognition
rates over 95% which showed that the combination of various deep learning models was proved
to be effective [30], [31].Multi-level Attention Feature Fusion Network (MAF-Net) is an
example that integrates multi-level CNN features, self-attention mechanism and subclass center



loss for better than 90% Top-1 accuracy on multiple benchmark datasets and better fine-grained
food recognition [32], [33].

Deep Learning, specifically CNN has made significant strides in recognition of food images and
has been able to improve on traditional methods of machine learning by automatically extracting
hierarchical visual features [5] [12]. Currently, there are also New Models including YOLO and
Mask R-CNN which provide multi food detection and segmentation functionality for possible
applications in estimating calories and moni-toring dietary intake [4] [16] [17] [18].

In order to boost the robustness of the models, researchers often use image rotation, image
flipping, brightness adjustment, zooming, translation, noise injection, and geometric
transformations. These methods have the ability to diversify the dataset, decrease over-fitting and
boost classification performance, especially if training data is scarce [3], [5], [24]. The results of
survey studies and have always shown that the use of the transfer learning technique along with
the use of effective data augmentation techniques has been proven to yield better results than
training CNN models from scratch.[5],[12],[24].

The above studies illustrate the potential of object detection frameworks in real-world
applications of dietary assessment systems.

Food analysis using CNN based machine vision systems is always better than conventional
inspection methods in terms of objective, automatic, and non-destructive analysis of food [5],
[11], [24].

Despite great advances in food recognition research, there are some issues that have yet to be
resolved. Due to high intra-class variation and inter-class similarity, occlusion, different
illumination, complex background and varying food presentation, it becomes difficult to make an
accurate classification of food images [5], [6], [12], [24].

These data sets also are very skewed towards common international dishes, and there is a
significant lack of regional and traditional dishes [8], [10], [19], [27].

Therefore, researchers are interested in creating more culturally diverse datasets, creating
lightweight deep learning architectures, creating multimodal learning frameworks that
incorporate recipes and ingredient information, few-shot learning approaches, and
transformer-based models that can recognize more recipes with greater accuracy and efficiency
of deployment [6], [24], [26].

In the broader context, the literature highlights that deep learning has made substantial progress
in facilitating automatic food recognition, with CNN, transfer learning, attention mechanism,
object detection models showing strong performance compared to traditional machine learning
models.



2.2 Research Gap and Motivation

As shown in the reviewed studies, the use of deep learning and transfer learning for food image
recognition is effective. But there are some gaps in the literature. The existing food recognition
databases are mostly on the global food or on the widely studied food categories and Bangladesh
traditional, regional foods have been given less attention. The absence of dedicated datasets
makes it challenging to build and test recognition systems with the visual features of the
Bangladeshi street foods.

Another significant challenge is the visual similarity of food categories. The color, texture,
ingredients, shape and presentation of street food in Bangladesh can be similar. Depending on the
light source, perspective, background and presentation of the food, the classification accuracy
can change again. Previous research has also demonstrated intra-class variation and inter-class
similarity to affect food recognition in the real world. The choice of an appropriate CNN
architecture is also important. Deeper, more powerful networks can offer good feature extraction
capabilities, but they're not necessarily appropriate for applications with limited resources.
Alternatively, architectures like MobileNetV2 provide a balance between computational
efficiency and classification ability, which are lightweight architectures. Our previous work has
shown the effectiveness of MobileNetV2 for food recognition, leading to its attention for food
classification in the region.

Considering these gaps, this research is driven by the desire for a specific Bangladeshi street
food dataset and an accurate and efficient recognition system which can be computed.



3 Computer Vision for Bangladeshi
Street Food Recognition

In this research, the basic technology to recognize street food in Bangladesh is computer vision.
The proposed system uses computer vision techniques to analyze the images of the food products
and classify the food into predefined categories without manual feature extraction. This method
could serve as an effective solution for street food recognition in real-world scenarios and
facilitate automated dietary assessment, which alleviates some difficulties arising from the
manual recording of food.

The research targets Bangladeshi street food, as there are limited food recognition datasets for
street food items in Bangladesh. To overcome this gap, a Bangladeshi Street Food Dataset
(BSFD) has been created, which includes ten popular street food items: Badam, Boot Makha,
Chanachur Makha, Chotpoti, Fuska, Hawai Mithai, Jhalmuri, Pakora, Papor Vaja, and Velpuri.
Images were taken from different locations and subjects under varying environmental conditions
such as lighting, angle of view, background and food presentation. This diversity allows the
proposed recognition system to learn a representative visual features of each food category.

In the proposed framework, the images collected are processed using computer vision techniques
prior to providing them to the deep learning models. Images are preprocessed and augmented for
quality and diversity of the data set. These processed images are then fed to the pretrained
convolutional neural network (CNN) models for food classification. To select the best model for
Bangladeshi street food recognition, five CNN models: InceptionV3, DenseNetl21,
MobileNetV2, NASNetMobile, and Xception are analyzed.

The research results are shown on the experiments, which prove that the food recognition using
computer vision can be used even if the images contain complex background and environmental
changes. The proposed framework is able to successfully learn discriminative visual features
needed to accurately classify images through the use of image pre-processing, image
augmentation, transfer learning, and fine-tuning. MobileNetV2 model was found to be the best
model to assess and it was optimized using a two-stage approach to fine-tuning.

In general, computer vision is a basis of the proposed street food recognition system in

Bangladesh. It helps in automatically analysing the street food images, helps in efficient feature



extraction with the help of deep learning models and helps as the foundation to recognize the

street food categories accurately in the real world when there is street food in Bangladesh.

3.1 Deep Learning

In this research, deep learning is the most common method to develop the proposed Bangladeshi
street food recognition system. It can automatically extract representative visual features from
the street food images of Bangladesh and classify them into the pre-defined food classes. The
proposed system directly learns features from these images collected, and do not require
manually designed feature extraction methods, which makes the approach effective to recognize
the street food automatically.

The study uses deep learning algorithms to identify the images of street food in Bangladesh
captured in real-world, unconstrained settings. In these images, there are differences in lighting,
background, camera angle and food arrangement which makes classification more difficult. To
face these challenges, some of the popular and pre-trained Convolutional Neural Network (CNN)
Architecture were used to check which one is well suited for recognition of Bangladeshi street
foods. The models evaluated are: InceptionV3, DenseNet121, MobileNetV2, NASNetMobile
and Xception.

In addition, transfer learning is performed with pretrained weights from ImageNet and image
augmentation to boost learning performance. The augmented dataset enables the deep learning
models to learn more representative visual features and improves their ability to classify
previously unseen street food images. In addition, the study introduces a two-stage fine-tuning
method for the top-performing model, MobileNetV2, using a pretrained model to make it more
adaptable to the Bangladeshi Street Food Dataset.

The experimental results show that deep learning is an effective solution for recognition of street
food in Bangladesh. In the different CNN architectures evaluated, MobileNetV2 showed the best
baseline performance, and following fine-tuning, the proposed architecture achieved an overall
classification accuracy of 99%. This study reveals that deep learning can learn discriminative
visual features for accurate recognition of the images of Bangladeshi street foods under various
real-world settings.

In general, deep learning is used as the basis of the proposed recognition system. With transfer
learning, image augmentation and fine-tuning, the proposed system can correctly and
consistently classify images of street food in Bangladesh.

3.2 Convolutional Neural Networks (CNN):

In this research, the mostly adopted deep learning models for automatic recognition of
Bangladeshi street food images are Convolutional Neural Networks (CNNs). The proposed
recognition system is based on CNN transfer learning models to automatically extract the visual
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features of food images and classify the food images into a predefined street food category.
Conventional image classification methods rely on manually engineered features to represent the
images, but CNNs learn the representative visual patterns directly from the training images. This
will allow the models to understand complex features like colour, texture, shape and structural
appearance which differentiate one category of food from another.

The CNN is chosen for its ability in image classification and food recognition task. The images
of Bangladeshi street foods have been captured in real world scenarios, which introduces a lot of
variations in terms of lighting, camera angle, background, object positioning, and presentation.
The experimental comparison revealed that the performance of each CNN architecture in terms
of feature extraction and classification were different. The research also suggests that certain
food categories, such as Fuska and Velpuri, were challenging to classify as the food was visually
similar in terms of color, texture, ingredients, and presentation style. However, the CNN models
learned representative visual features for most food categories and augmentation of images
significantly helped to boost their overall classification accuracy. The confusion matrices in the
experimental results exemplify the fact that most of the predictions were correctly classified,
while there were a few predictions classified incorrectly between classes that were visually
similar.

In conclusion, Convolutional Neural Networks are the backbone of the proposed Bangladeshi
street food recognition system for feature extraction and classification. They have the capability
to automatically learn hierarchical visual representations from images, thus achieving accurate
category recognition for a wide range of categories of street food collected under real-world
conditions.

3.3 Fine-Tuning

The fine tuning is an essential part of the suggested Bangladeshi street food recognition system,
which further enhances the accuracy of the pretrained CNN model after transfer learning. The
fine-tuning technique was implemented on the best-performing CNN architecture
(MobileNetV2) from the models tested in this research. The goal of the fine-tuning process was
to fine-tune the pretrained features from ImageNet more effectively for the specific nature of
images of street foods in Bangladesh, resulting in higher classification accuracy and less
inter-class confusion between similar street food images.

The proposed fine-tuning framework is based on a two-step approach.The experimental results
demonstrated in the study showed that the proposed fine-tuning strategy improved the overall
classification performance to a great extent. The fine-tuned model outperformed the baseline
model (MobileNetV2) by a significant margin and had fewer -cross-categorization
misclassifications. The training and validation curves also show a good stability of the model
convergence, without excessive overfitting, which demonstrates the efficacy of the two-step
optimization process in improving the model learning capacity.

Overall, fine-tuning plays a crucial role in the proposed Bangladeshi street food recognition
system. The proposed framework is capable of transferring the generalized visual information
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into the target dataset with a customized classification head and an optimized pre-trained
MobileNetV2 network. This allows the model to attain the best classification results, which is
one of the main contributions of this research.

3.4 ImageNet

In this research, all convolutional neural network (CNN) models make use of the pretrained
knowledge learned from ImageNet. To avoid random initialization of the networks, the proposed
Bangladeshi street food recognition system uses models pre-trained on the ImageNet data set.
These learned weights are those that are pre-trained on the models, instead of receiving them,
they will be used for figuring out common image properties before being fine-tuned for the
Bangladeshi street food classification task. This approach is the basis for the transfer learning
strategy that was used in this study.

The five CNN architectures that were tested are the InceptionV3, DenseNet121, MobileNetV2,
NASNetMobile and Xception, all pretrained with ImageNet weights using the TensorFlow Keras
Applications library. The proposed framework leverages pretrained models that provide generic
feature extraction without the need to train the networks with the image of basic visual patterns.
As a result, the models can focus on learning the unique characteristics of Bangladeshi street
food images during the training process.

Prior to training, all the images were pre-processed to match the format of the pre-trained
ImageNet models. The images were scaled to the input size needed for each CNN architecture,
and then normalized before fed into the CNN. This pre-processing step ensured that the input
data was formatted in the same way as the pretrained models and also made the feature
extraction process efficient during training and testing.

The experimental results have shown that the contribution of the pretrained weights of the
ImageNet for the CNN models has played a crucial role in the overall recognition performance.
The pre-trained feature representations helped the models to learn the features of Bangladeshi
street foods with less training.

All in all, ImageNet is a crucial resource assisting the proposed street food recognition system
for Bangladesh, providing feature representations for all the CNN models tested. The application
of ImageNet weights helps to achieve efficient transfer learning, to get the model converged
quickly and thus to the high classification performance of the proposed recognition system.
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4 Methodology

The methodology employed for creating the suggested machine vision-based recognition system
for street food in Bangladesh is introduced in this chapter. Moreover, the process of dataset
accumulation and preparation is explained with reference to image augmentation and
preprocessing methods, techniques of transfer learning, and systems architecture, as well as the
MobileNetV2 two-stage tuning method used in this research. The experimental approach is
developed to make sure that data are prepared according to the same principles to guarantee an
unbiased testing of the analysed deep-learning methods.

4.1 Proposed Workflow

The method that was used in this research has been developed for reaching successful and fast
results in determining images of Bangladeshi street food. The method includes the numerous
steps starting with preparing data and finishing with evaluation of the output of the trained model
. The key components help maintaining the quality of data, increasing the generalizability of the
model and ensuring successful classification outcomes when working with real data . The flow
chart of the method is presented in figure 4.1.

Dataset Preparation

¥

Data Preprocessing

1

Data Augmentation

N— A

1

r ™~

Transfer Learning Setup

~— A

1

- ™~

Training Configuration

— g

1

/ ™~

Model Evaluation

— A

Figure 4.1: Overall Workflow of the Proposed Machine-Vision-Based Bangladeshi Street Food
Recognition System.
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The process consists of six main steps including preparation of the dataset, data preprocessing,
augmentation of data, transfer learning setup, training configuration, and performance
evaluation. After obtaining the evaluation results of the model, it was subject to the next stage
involving Explainable Al (XAI) technologies such as LIME and Grad-CAM aimed to explain the
results of the classification. The stage of XAl is discussed apart from the evaluation stage since
its aim is different from the objectives of the training process. Hence, it can be said that every
stage contributes to making the system more efficient. The details of each stage are discussed
below,

Dataset preparation

The first step in the development of the model consisted of the creation of the dataset of images
of Bangladeshi street food. Due to the absence of any benchmark dataset publicly available in
this area, images were collected in the real world with the help of smartphone cameras.
Moreover, some additional authentic images were downloaded from popular social media
platforms like Facebook and Instagram to ensure a larger variety of the dataset. The images that
were collected are representative of ten popular Bangladeshi street food types that have been
taken in various lighting conditions, angles, backgrounds, and serving methods, which allowed
the model to learn features that are very similar to the way it is used in real life.

Data Augmentation and Preprocessing

Data was then augmented to increase the variety of data used for training the model and mitigate
overfitting using image augmentation techniques after data collection. The augmentation process
created several variations of each of the original images by horizontally flipping, rotating,
zooming, shifting the width, shifting the height, and shearing the original images. This resulted
in the number of images in the dataset, 16,000 images.

All images were preprocessed prior to the training of the model after augmentation. All images
were resized to 224 x 224 pixels to comply with the input size of the chosen CNN models. All
pixel values were normalised to the range [-1, 1] and the labels were also one-hot encoded. 80%
of the dataset was used for training, 10% was used for validation and the remaining 10% was
used for testing.

Transfer Learning Using Pre-trained CNN Models

The dataset that underwent preprocessing was applied to train a variety of advanced CNN
models via transfer learning. Pretrained weights learned from the ImageNet dataset were used in
place of creating deep networks from scratch in order to increase speed of convergence and
performance on the classification tasks. The selection of CNN architectures was based on their
popularity, the presence of different architectural designs and complexity levels, as well as their
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ability to extract features. The chosen CNN architectures were InceptionV3, DenseNetl21,
MobileNetV2, NASNetMobile, and Xception.

Training Configuration

Once the framework for transfer learning was created, the training began to ensure that no model
except for the one being evaluated had received any prior training. The dataset was split into
parts, where 80% was allocated for training, while both validation and testing received 10%
each. Each model was trained with the use of mini-batch gradient descent with the batch size of
32. The input image underwent resizing and normalization before being fed into the network.
The training was provided by the Adam optimizer, with categorical cross-entropy being
implemented as the loss function. To stabilize the process of training and prevent overfitting,
such callbacks techniques as ModelCheckpoint, EarlyStopping, and ReduceLROnPlateau were
used. This way of doing things allowed the models to converge efficiently.

Model Evaluation

Standard classification metrics were utilized to evaluate the performance of the trained models.
The model’s performance was measured in terms of accuracy, precision, recall, and Fi-score,
involved during the evaluation of its performance, which made the evaluation very
comprehensive. Also, confusion matrices were generated to evaluate the precision of predictions
per each class and check whether there are some remaining misclassified classes based on the
similarity between different food categorizations. The curves showing training/validation
accuracy and corresponding loss were analyzed so that to check the convergence processes and
detect possible instances of overfitting during the training before the model deployment.

In conclusion, this proposed workflow combines systematic data preparation, image
pre-processing/augmentation, transfer learning, model training, performance evaluation, and
Explainable Artificial Intelligence in an effort to develop a single recognition system.

4.2 Dataset Collection

The performance of image classification systems based on deep learning is heavily dependent on
the quality, diversity and representativeness of the training set. As there is no image dataset for
Bangladeshi street food recognition, a custom image dataset was created for this research. The
aim was to produce a good variety of real and authentic street food images to accurately depict
the look of popular street foods from Bangladesh in the real world.

4.2.1 Data Acquisition
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The data set was mainly assembled through the use of camera of the devotees of different street
food stalls in diverse public areas of Bangladesh. The photos were taken in a mostly horizontal
format, which is the most common format for mobile photos. Some images were also taken on
the vertical axis. To further expand the dataset, however, a handful of images were also obtained
from public social media outlets, such as Facebook and Instagram. Images were only used for the
dataset if they clearly represented the targeted food categories.

The images in this study were deliberately taken in natural settings, unlike many other food
recognition datasets which are collected in controlled laboratory environments. It allows the
trained model to gain strong visual representations more representative of real deployment
conditions, enhancing it for better generalization to unseen data.

4.2.2 Street Food Categories

The dataset includes ten street food types that are frequently found in different regions in
Bangladesh. These foods were chosen due to their relevance to the local culture, popularity
among the general population, and visual variety. Each food type includes certain number of
components, features, colors, and its own style.

The selected foods are represented in Table 4.1.

Table 4.1: Bangladeshi Street Food Categories

Class Label Street Food
C1 Velpuri

C2 Papor Vaja
C3 Fuska

C4 Jhalmuri

C5 Boot Makha
C6 Chanachur Makha
C7 Chotpoti

C8 Pakora

C9 Hawai Mithai
C10 Badam
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1.Velpuri 10.Papor Vaja 2.Fuska 3. Jhalmuri
(400 images) (400 images) (400 images) (400 images)

-

4.Boot Makha 5.Chanachur Makha 6.Chotpoti 7.Pakora
(400 images) (400 images) (400 images) (400 images)

8.Hawai Mithai 9.Badam

(400 images)

([

(400 images)

Figure 4.2: Sample images of the ten Bangladeshi streetfood.

Figure 4.2 shows pictures of various types of street food included in the database. These images
enable to analyze varieties in visual appearance, creation, presentation techniques, lighting
conditions, and background environments.

In some cases, these street foods have similar appearance. For example, “velpuri” and “fuska” as
well as “chotpoti” and “boot makha” include similar components and garnishing styles, which
can lead to difficulties in distinguishing them only by their looks.
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4.2.3 Dataset Size

In the beginning, 400 original images were amassed for each category of the ten street food
types, leading to a total of 4,000 images. In order to increase the size and quality of the training
data, the dataset was augmented, leading to a total of 1,600 images for each category and
yielding an overall dataset of 16,000 images.

The distribution of images for each category before and after the augmentation process is
displayed in Table 4.2.

Table 4.2: Dataset Distribution Before and After Augmentation.

Class Label Street Food |[Number Of Images Number Of Images

Type Before Augmentation After Augmentation

C1 Velpuri 400 1600

C2 Fuska 400 1600

C3 Jhalmuri 400 1600

C4 Boot Makha  |400 1600

C5 Chanachur 400 1600
Makha

C6 Chotpoti 400 1600

C7 Pakora 400 1600

C8 Hawai Mithai |400 1600

C9 Badam 400 1600

C10 Papor Vaja 400 1600

Total 4,000 16,000

Maintaining an equal number of images for every class helps reduce class imbalance and enables
the models to learn representative features from all food categories equally, leading to a fair and
reliable evaluation.

4.2.4 Real-World Image Variability

The main goal of the dataset gathering process was to capture the variations that occur in the
actual street food environment. Contrary to controlled picture datasets, the collected images
contain huge differences regarding environmental and photographic conditions.
The dataset comprises images taken in:

e Different types of light, such as natural daylight, evening time, and artificial lighting.

e Varied angles and views.
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e Different kinds of backgrounds including street-side stalls, outdoor markets, and crowded
streets.
Differences in the scale of images and depth.
Differences in the serving dishes, pin plates, newspapers, and disposable container.
Different styles of garnishing and composition of ingredients.

These differences cause extra complexity in the classification problem but allow for the creation
of efficient representations which develop algorithms that are less sensitive to any changes in the
environment.

4.2.5 Challenges During Data Collection

Several practical problems were faced while gathering the complete data of street foods from
Bangladesh. Street food is usually made and eaten outdoors, often under unsteady lighting
conditions, in shade, when some parts of the image are obscured, or when there is background
noise.

One problem that occurred was the need to keep a decent mix in each class. This same food can
be presented in many different ways and may have different ingredients and preparation styles
depending on the vendor. Hence, images were taken from several locations and from various
vendors to obtain these natural variations as well as to increase the representativeness of the
dataset.

The dataset created in the study is a custom dataset that contains a wide range of street food
images from the real world, which can be used for the classification of street food images using
deep learning algorithms. The photographs consist of images taken from the street and images
selected from public online photos to ensure a wide variety of food appearance in the street,
while preserving the class balance of the photographs.

4.3 Dataset Description

Performance of deep learning models is greatly influenced by the quality and variety of a dataset.
A huge street food image database comprising 10 common street food categories in Bangladesh
was created to build an accurate and strong street food recognition system. The dataset aimed to
capture the natural variation in the appearance of street food, thus allowing the trained models to
function well in actual real-world environments.

This is an unique dataset created for this particular application because as compared to many
available public datasets, the data here represents authentic Bangladeshi street foods which is not
usually found in western or international cuisine. Images are varied in ingredients, presentation
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style, containers of serving, light conditions, viewing angle, and background, resulting in a
realistic measure for assessing image classification algorithms.

4.3.1 Dataset Composition

The dataset has 16,000 images. 1,600 in each class. The ratio of the pictures enables the total
number of images to be constant for each type and thus reduces class imbalance.

The full dataset composition is presented in Table 4.2. So, the balanced number of images for
each type helps to have an unbiased learning experience without a favor for the classes with
greater quantities of pictures for training.

4.3.2 Characteristics of the Dataset

Images collected from the database are highly varied and display distinct visual characteristics.
Since images were taken from real-world situations, we can see a significant amount of
intra-class variation within classes where at the same time classes differ from each other.

The dataset shows varying and changing:

Types and colors of food.

Styles of decoration.

Amount of ingredients.

Utilization of platters, bowls, newspapers, and disposable containers.

Camera distance and angles.

Lighting conditions and shadows.

The backgrounds both inside and outside.

Extensions of hiding from covers from cutlery and other objects around.

The above variations make the dataset more practical in terms of real-world street food

recognition and also increase the works of deep learning models.

4.3.3 Dataset Diversity and Generalization

An important goal of dataset creation was to guarantee that the models trained would function in
real life, not just in laboratory settings. For this reason, the dataset was purposely made to
contain photos taken in different environmental circumstances.

Some instances of different conditions in the dataset are:
Bright sunlight and very small illumination.

Different smartphone cameras used.

Many angles of sight.

Different volumes and servings of food.
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e (luttered images.
e Natural shadows and reflections.

All the mentioned variations should make the models capable of learning useful visual
representations no matter how the situation changes in the real world around them.

4.3.4 Dataset Quality

All the images collected were manually checked for overall quality and correctness prior to
training. Photos that were not in focus enough, duplicated, corrupted or misidentified were not
included. All images were manually verified to ensure trustworthy class labels for each image
and its corresponding street food category.

Moreover, the number of images was kept constant on each category resulting in a balanced
dataset to enable fair model training and unbiased performance evaluation.

4.3.5 Importance of the Dataset

The proposed dataset is the bedrock of this study and caters to the absence of publicly available
datasets focused on the recognition of street food in Bangladesh. The developed food dataset is
unique in that it represents the visual attributes of street foods from Bangladesh from authentic
environments, compared to existing international food datasets that mostly represent food from
western countries or China.

This dataset will not only enable the creation of precise deep learning systems but also serve as a
resource for future studies in food recognition and dietary evaluation, nutritional monitoring, and
computer vision studies on Bangladeshi cuisine. It is balanced, highly visual and has realistic
environmental conditions and is suitable to test transfer learning methods and build realistic

machine vision applications.

4.4 Dataset Organization

Efficient model training, validation and testing require proper organization of the data set. A
well-structured dataset makes the data management easier also reduces labelling mistakes, and
can be used with deep learning frameworks like TensorFlow and Keras. Before the street food
images were collected, they were classified and divided into different food categories on a
systematic basis, and then preprocessed and trained in the model in this research.
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4.4.1 Class-wise Folder Organization

The obtained photographs have been sorted into ten individual folders, each of which
corresponds to one of the Bangladeshi street food categories. The folders become class labels in
the course of the model training. The filenames of the pictures were not changed in folders,
because the image label was assigned automatically according to the parent folder.

The dataset directory structure is shown below.

The directory structure of the dataset is illustrated below.

Bangladeshi_Street_Food_Dataset
(Root Directory)

Pl

- ) Boot Chanachur - Hawai Papor
Velpuri Fuska Jhalmuri Makha Makha Chotpoti Pakora Mithai Badam Vaja

Figure 4.3 : Directory structure of the Bangladeshi street food dataset.

4.4.2 Dataset Splitting

Once the dataset was organized, the image filename and class labels were documented into a
Pandas DataFrame. The data set was then divided into three sections Using the train_test split()
function in scikit-learn package.The data set was then divided into three subdata sets. Using
train_test_split() from the Scikit-learn package. The dataset was split into 80% training, 10%
validation and 10% testing.

The data used for training the deep learning models was the training data set, and the remainder
of the data was used for testing. validation dataset was used to monitor the efficiency of the
models, as well as The training dataset was optimized, while the testing dataset was used for
fundamental Evaluation of models performance on images not encountered.
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The final repartitioning of the dataset is shown in Table 4.3.

Table 4.3: Dataset Distribution

Dataset Subset | Percentage | Number of Images
Training 80% 12,800

Validation 10% 1,600

Testing 10% 1,600

Total 100% 16,000

4.4.3 Label Assignment

During the process of data loading, the data generator of TensorFlow/Keras automatically
identified the respective class labels from the name of the respective folder. Hence, it was not
necessary to alter the name of every single image. The folder names worked as the categorical
labels which were suitable for one-hot encoding for multi-class classification in the
preprocessing phase.

4.4.4 Label Encoding

The process of data loading consisted of different categories of street food that were assigned a
specific class label depending upon the parent directory name with the help of the
TensorFlow/Keras data generator. The class labels are then converted into one-hot encoded
format class mode='categorical' for multi-class classification. One-hot encoding indicates that
each class is represented in the form of a binary vector which helps the Softmax output layer to
give output in the form of a probability for each of ten categories of street food. This method of
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encoding is beneficial from the standpoint of deep learning as it helps in computing categorical
cross-entropy loss.

4.4.5 Advantages of the Dataset Organization

The adopted dataset organization offers several benefits during model development process:

Arranges photos based on their food associations.

Simplifies automatic loading of data from TensorFlow/Keras data generators.

Avoids having to name each image file.

Aids in effective batch generation while training the model.

Supports the automatic splitting of the dataset into training, validation and testing sets.
During the pre-processing, a testing sets is set.

e Supports multiple deep learning models in training and evaluating them in a consistent
data structure.

The performance of all the evaluated models could be compared fairly in identical experimental
conditions, as all of these models were trained with the same pipeline for organizing and
pre-processing the data.

The Bangladeshi street food data set was carefully categorized into individual folders by each
food class so that during data loading, the class labels can be automatically recognized by
TensorFlow/Keras. The data was kept in this class wise folder structure even after data
preparation and the training, validation, and testing subsets were created programmatically in the
pre-processing stage, with a random data split. This organization made the management of
datasets easier, ensured efficient model training, and established a common platform for
assessing various deep learning models.

4.5 Image Augmentation

One of the major preprocessing for deep learning is 'image augmentation' which simply means
augmenting dataset with created data such as varying versions of existing images. It provides
more powerful and generalized feature representations for convolutional neural networks
(CNNs) through the process without needing to collect extra images. To enhance the
performance of deep learning models as classifiers, image augmentation was used as the
technique for this research.

The data set was well balanced, but to increase diversity of the available images, images were
augmented separately prior to the preprocessing step, to diversify the dataset and minimize
overfitting. Thus the number of images was 16000, which gives 1600 images per class.
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4.5.1 Purpose of Image Augmentation
The major goals of Image Augmentation in this study were to:

Make more training points, using more memory but no extra images.
Make the model more robust to generalize to unseen images.

Remove overfitting due to small data sets.

Represent real world changes in orientation, position and scale of images.

Strengthen the performance of their trained models to cope with environmental
fluctuations.

e Exposing the models to multiple variations of the same image, the network is able to
learn the general visual features of each food type instead of just memorizing the image
pattern.

4.5.2 Augmentation Techniques

Every original photo was augmented by six different techniques resulting in similar but new
training examples. The augmentation techniques were implemented in a way ensuring that the
semantic content of the photos was preserved while realistic differences usually encountered in
practical image acquisition are introduced. Description of the augmentation techniques used in
the present study can be found in Table 4.6.
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Table 4.4: Image Augmentation Techniques

Technique Parameter | Purpose

Horizontal Flip | Applied Simulates opposite viewing direction

Rotation 40° Introduces orientation variation

Zoom 0.2 Simulates different camera distances

Width Shift 0.2 Simulates horizontal object displacement

Height Shift 0.2 Simulates vertical object displacement

Shear 0.2 Introduces geometric distortion similar to perspective changes

The augmentation parameters were chosen so as to provide enough variability of images while
retaining the visual features of every food category. These transformations made it possible for
the models to learn invariant features.

4.5.3 Dataset Expansion

The technique used for image augmentation involved applying the selected techniques to all
original images, thus creating additional image variants without modifying the original class
labels. As a result, the file size of the image dataset has increased from 4,000 to 16,000 images.
The augmentation process is summarized in Table 4.5.
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Table 4.5: Dataset Size Before and After Augmentation

Description Number of Images
Original Dataset 4,000

Images per Class (Original) 400

Augmented Dataset 16,000

Images per Class (After | 1,600
Augmentation)

The equal distribution of augmented images across different classes ensures that all food classes
contributed equally to the learning process, thus eliminating class imbalance.

4.5.4 Representative Augmented Images

As an example of the process of augmentation, Table 4.7 illustrates some samples of the images
produced. In the figure we can see how various augmentation methods affect the image whereas
the identity of the food remains the same.
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Table 4.7: Data Augmentation effects on each image class

Street
Food
Classes

Original
Image

Augmented Images

Horizont
al flip

Rotation
40
degrees

Zoom:
0.2

Width
shift: 0.2

Height
shift: 0.2

Shear:
0.2

Velpuri

Fuska

Jhalmur

1

Boot
Makha

Chanach
ur
Makha

Chotpoti

Pakora

Hawai
Mithai
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Badam

Papor
Vaja

In Table 4.7 one can see the source image and its augmented images created with horizontal flip,
rotation (40°), zoom (0.2), shifting in the direction of width and height (0.2), and shearing (0.2).
The variations in the images will lead to improvement of the quality of the data and make the
deep learning systems stronger.

4.6 Image Preprocessing

Image preprocessing, being a basic step of image classification, is needed to convert the original
image to a unified service form, which can be used to train the model. The images with which
you may have come across can be of different dimensions, resolution, brightness and quality. If
not properly preprocessed, such variations can have an adverse influence on the learning process
and further decrease the classification efficiency of deep learning models. Therefore, a series of
preprocessing operations were applied to all images before they were used for training and
evaluation. The Image preprocessing pipeline is shown in Figure 4.4.

Image preprocessing

pipeline

Original Image Resize Normalize Data Generator Model Input

Figure 4.4: Image preprocessing pipeline for the Bangladeshi street food dataset.

4.6.1 Image Resizing

The images in the data set were of varying resolution based on the camera device and image
source. All images were converted to a common format, 224 x 224, prior to supplying the
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images to the neural networks to ensure uniformity amongst images for all the deep learning
architectures.

The chosen image dimensions are commonly found in Transfer Learning Networks like
MobileNetV2, MobileNetV3-Large, ResNet50, DenseNetl121, EfficientNetB0, ConvNeXt-Tiny,
Xception, NASNetMobile and InceptionV3. Also, by making the images of the same size, the
amount of computation becomes lower and processing of several images can be performed in a
batch.

4.6.2 Pixel Value Normalization

Typically, deep learning models have improved performance with normalized input features. In
this study, we have normalized pixel values using the following pre-processing formula:
Normalized Pixel Value = (x/127.5) — 1

where “x” corresponds to the original pixel intensity in the range from 0 to 255. Thus, pixel
values were converted in the range of [-1, 1]. Such a normalization contributes to numerical
stability during optimization as well while meeting pre-processing requirements of MobileNetV2

and other pretrained convolutional neural networks.

4.6.3 Data Loading

The ImageDataGenerator class was utilized in the TensorFlow/Keras framework to load the
images after preprocessing. By using a Pandas DataFrame to generate the images, both the paths
to the image files and the respective class labels were read by the framework. In this way,
different batch images of training, testing, and validation were created automatically.The batch
size for this training was determined at 32 which is the same for the validation and testing
purposes.

4.6.4 Label Encoding

Due to the process of image classification involving images of street food into 10 categories,
categorical class labels automatically got converted into one-hot encoding using the parameter
'class mode=categorical' of Keras’ data generator.

The one-hot encoding technique makes it possible for the Softmax layer of output to generate
probabilities of the images belonging to each of the ten food classes and therefore allows for the
use of the categorical cross-entropy loss function that is employed while training the model.
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4.6.5 Batch Generation

The ImageDataGenerator did not load images all at once in memory, but produced the images in
batches during the time of training. While usefully saving memory and processing power, this
method has helped the model in processing enough data at the same time, as the image data
contained 16,000 samples. The advantage of producing batches is using them while keeping the
images in the same pipeline for both training/validation and testing.

4.6.6 Benefits of Image Preprocessing
The study shows that there are several advantages of the operations of pre-processing. These are:

Gives the same dimension of the image for deep learning.

Normalizes the pixel intensity to stabilize learning.

Provides support for pre-trained convolutional neural network models.
Helps with using batch training mode.

Decreases the complexity of calculation processes.

Uses one data format for all the analyzed models.

AN

The importance of pre-processing algorithms lies in their impact on convergence, generalization,
and correctness of classification.The dataset was pre-processed by resizing the images to
224x224 pixels and normalizing them to the range from -1 to 1.After that, one hot encoding of
the class labels was carried out.With the help of TensorFlow/Keras, the batches of images were
formed which provided the models with uniform data and improved the training process of deep
learning models with the goal of ensuring the accuracy and correctness of street food
classification.

4.7 Transfer Learning

Transfer learning is a technique in the field of deep learning that is used to leverage a pre-trained
model for a different and related task. Transfer learning leverages pre-learned "what is going on
in the visual world," such as edges, textures, shapes, and what an object is. This process reduces
the size of training set and computation power needed and enhances its classification
performance.

In the present research, Transfer Learning has been employed for the development of an
automated street food recognition system on the streets in Bangladesh. Although the data used in
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this research is extensive, they are still small scale data that can be compared to large volumes of
image data. Thus, if the classification of images of objects with known names had a large
number of categories, such as those found in the ImageNet dataset [22] of millions of images of
various objects, the models could leverage a pre-trained representation learned from this dataset.
Thus the pretrained transfer learning models have proven to be efficient in solving Solve the
complex visual tasks and achieve good results in various applications based on the computer
vision.

4.7.1 Motivation for Using Transfer Learning

Deep Convolutional Neural Networks (DCNN) are trained using a large number of labeled
samples, which is impractical due to the high computational costs and time requirements. It's
time consuming to collect millions of labeled images, and in many real world applications,
including Bangladeshi street food, expensive can be a deal breaker. recognition. To overcome
this, the field of 'transfer learning' has emerged, which involves using a pre-trained model to
retain knowledge acquired by a previous classification task and transfer it to a new one.

Some reasons for implementing transfer learning in this work are:

Minimizing the number of training instances needed.
Decreasing training time and computational cost.
Enhancing the extraction ability of features.
Reducing the risk of overfitting.

Achieving higher classification accuracy.

AN e

These benefits make transfer learning a very promising option for image classification tasks with
a moderate-sized dataset.

4.7.2 Transfer Learning Process

The transfer learning method used in this research used several stages in sequence. To start the
process, the pretrained CNN model trained on the set of the ImageNet is used in the feature
extractor used was selected as such. The older classification part was removed from the trained
model and swapped with a new classification head made for the ten categories of the
Bangladeshi street food. At the next step, the new classification layers were trained on the
prepared Bangladeshi street food dataset with the help of the pretrained network that was utilized
as a feature extractor. In addition, MobileNetV2 architecture also included further fine-tuning
stage after the first training.

The whole transfer learning scheme used for the research can be seen on Figure 4.5.
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Figure 4.5: Transfer Learning Workflow of the research of Bangladeshi street food recognition.

The process of transfer learning applied for this research can be seen in Figure 4.5. It includes
the use of the pretrained model on the ImageNet dataset, the removal of the classification part, as
well as the training on the Bangladeshi street food dataset.

4.7.3 Pretrained Models

For the purpose of assessing how effective transfer learning is when it comes to recognition of
Bangladeshi street food, a number of advanced and widely recognized CNN architectures were
researched. The CNN architectures were selected because they have been reported to be effective
for image recognition tasks and have the capacity to obtain the features for classification from
complex images. The following are some of the pretrained models used in the present study,

1. InceptionV3
2. DenseNetl21
3. MobileNetV2
4. NASNetMobile
5. Xception
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Table 4.8 Summary of Selected Deep Learning Models.

Model Pretrained |Depth | Paramete| Key Features
Dataset rs (M)

InceptionV3 ImageNet [159 (23.9 Efficient modules, reduced compu-
tation

DenseNet121 ImageNet |242 |8.1 Feature reuse, smaller
size

MobileNetV2 ImageNet |105 |3.5 Lightweight, mobile-
friendly

NASNetMobile ImageNet |88 53 Auto-designed, opti-mized for mo-
bile

Xception ImageNet Depthwise separable, efficient de-

71 22.9 sign

All models used were initialized with ImageNet pretrained weights and adjusted so that they
could classify the 10 types of street food of Bangladesh. Following that, the performances of all
models were compared using the same dataset as well as preprocessing techniques and

evaluation technique.

4.7.4 Advantages of Transfer Learning

There are several interesting benefits for transfer learning over training deep neural networks
from scratch.Existing representations of features are used to significantly minimize the number
of training samples and improve efficiency and accuracy of the models in training.

The following are the major advantages of transfer learning:

Speedy convergence of models during training.
Lower complexity of computations.

Excellent acquisition of features from small data sets.
Good generalisation skills.

There is a very low risk of overfitting.

Very high rates of classification accuracy.
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Thus, transfer learning is a good alternative when it is difficult or even unfeasible to collect huge
sets of data for image classification problems.

The proposed Bangladeshi street food recognition system was based on the transfer learning
method. One of the key elements of the approach was the use of pretrained CNN networks
trained on the ImageNet dataset that could be used to get useful visual representations with some
minimal time loss.

4.8 MobileNetV2 Fine-Tuning

The MobileNetV2 architecture has been chosen as the basis of the proposed classification
framework since it is lightweight and computationally efficient while achieving superior results
on image classification. To enhance the classification performance of the model for Bangladeshi
street food recognition, a two-stage transfer learning technique was applied. The model was first
able to learn the features for a specific task through a custom classification head, after which it
was able to refine the pretrained feature plane through selective fine-tuning of deeper layers.

4.8.1 Proposed MobileNetV2 Architecture

MobileNetV2 is a compact convolutional neural network, which is very efficient in terms of
image classification. Applies depthwise separable convolution, and Inverted residual blocks, and
linear bottlenecks. The aforementioned techniques reduce the overall amount of parameters and
model complexity, especially when Compared with traditional convolutional networks.A
pre-trained model of MobileNetV2, with weights pre-trained on ImageNet dataset, was used in
this study. The classification head in the original model was replaced with an original
classification model designed to identify street food in Bangladesh.
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Figure 4.6: Proposed MobileNetV2 Custom head classification.

4.8.2 Phase 1: Feature Extraction

Output
(10 Classes)

+ Velpuri
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In the initial training phase, the pre-trained MobileNetV2 backbone was not tweaked in any way,

thus preserving the gains it previously made in feature representation. During this phase, only the

newly formed classification layers were trained on the prepared street food dataset.
The classification part consisted of the following components:

Global Average Pooling layer.

Fully connected layer with 256 neurons and ReLU activation function.
Batch Normalization layer.

Dropout layer, which had the dropout ratio of 0.35.

Batch Normalization layer.
Dropout layer, which had the dropout ratio of 0.25.

Also, there was a fully connected layer with 128 neurons and ReL U activation.

As a result, the Softmax output was produced, which contained 10 neurons that were intended

for the ten classes of street foods. Then L2 regularization was used in order to avoid the problem
of overfitting, which is peculiar to models of that type. Therefore, the training of the model was
carried out through the use of the Adam optimizer with learning rate of 0.001 and loss function
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categorical cross-entropy. The overall architecture of the proposed Phase 1 model is illustrated in
Figure 4.7.

Stage 1: Train Custom Head (Feature Extractor Frozen)

* Freeze all layers of Train Only Custom
MobileNetV2 Backbone Classification Head
( ]
| —» = —> —> —> —>
4
ﬂ L J
Y
Trainable
Optimizer: Adam | Learning Rate: 1e-3
Loss: Categorical Cross-Entropy | Batch Size: 32

o O 8 O

Convolutional Global Dense Batch
Block Average Layer(ReLU + N o
(MobileNetV2) Polling 2D L2) lormalization

Dropout

Dropout Layer Layer(Softmax)

Figure 4.7: Phase 1 of proposed MobileNetV2 Architecture with Custom Classification Head.

4.8.3 Phase 2: Fine-Tuning

After the custom classification head is trained, the next step is to fine-tune the pretrained
MobileNetV2 model. Only the last part of the pre-trained model was unfrozen and the previous
part was frozen. This method enabled the model to learn general visual attributes from ImageNet
while fine-tuning the upper layers of the model to learn about Bangladeshi street food images.To
prevent that the performance of the already learnt features would be affected by large updates to
weights, the learning rate was set relatively low (0.00001) for this phase. Also used was the
Adam optimizer and categorical cross-entropy loss function.

This two-stage training technique led to an increase in the performance of the model in terms of
differentiating visually similar street food categories and reducing overfitting.
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Figure 4.8 : Phase 2 focused on fine-tuning the pretrained MobileNetV2 model.

4.8.4 Training Strategy

Several techniques were incorporated during model training to improve learning stability and
prevent overfitting.

Early Stopping was used to terminate training automatically when the validation
performance stopped improving.

Model Checkpoint saved the best-performing model during training based on validation
accuracy.

Reduce Learning Rate on Plateau automatically decreased the learning rate when
validation loss ceased to improve, allowing finer optimization during later stages of
training.

Batch Normalization improved training stability by normalizing intermediate feature
distributions.

Dropout randomly deactivated neurons during training to reduce overfitting and improve
generalization.

These techniques collectively contributed to improved convergence and robust model

performance.
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4.8.5 Advantages of the Two-Stage Fine-Tuning Strategy

The proposed two-step learning has several advantages compared to standard transfer learning.
These are,

It preserves the interesting pre-trained ImageNet features.

Gets features for tasks using a custom classification head.

Minimizes the chances of overfitting.

Boosts convergence steadiness.

Enhances the discrimination between closely similar classes of street foods.

Increases the accuracy of classifications and keeps costs down.

The method of gradual adapting of the pretrained model can provide the ability to successfully
transfer generic knowledge while at the same time learning features particular to Bangladeshi
street foods.

4.8.6 Performance of the Proposed Model

The proposed MobileNetV2 fine-tuning framework outperforms all the tested transfer learning
models. The feature extraction, selective fine-tuning, batch normalization, dropout and L2
regularization are sufficient to learn highly discriminative visual representations while achieving
excellent generalization performance.

The results of our proposed method suggest that the integration of lightweight deep learning
architectures and optimized two-stage transfer learning method in the field of Bangladeshi street
food recognition is effective.

4.9 Other Compared Models

In order to compare the efficacy of the proposed MobileNetV2 fine-tuning model, multiple
well-known state of the art CNN architectures have been included in the process. Although these
architectures are different in terms of their designs, they have been shown to be useful for the
image classification applications. Different models will provide a comprehensive assessment of
the results obtained in this field.

In order to compare the models fairly, all those models were pre-trained using ImageNet weights
and were trained on the same data and using the same data processing and evaluation techniques.
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4.9.1 InceptionV3

InceptionV3 can be considered as a deep convolutional network which employs Inception
modules making it more effective for extraction of visual features at multiple scales. The unique
aspects of the model related to the use of factorized convolution, as well as auxiliary classifiers
improves efficiency and stability of its training process.
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Figure 4.9: Architecture of the InceptionV3 transfer learning model used in this study.
4.9.2 MobileNetV2

To achieve high classification accuracy with low computational complexity, MobileNetV2 is a
small convolutional neural network. The architecture adopts the concept of inverted residual
blocks and linear bottlenecks to render efficient feature extraction by cutting down the number of
trainable parameters and computation steps while preserving performance to an acceptable level.
The design is well suited for resource-limited applications like embedded systems and
smartphones, and the resulting architecture, MobileNetV2. The design is ideal for mobile devices
with limited resources, like smartphones and embedded systems, and the resulting architecture.
Because of its efficient architecture and good transfer learning ability, MobileNetV2 has been
adopted widely for many computer vision applications such as image classification, object
detection and medical image analysis.
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Figure 4.10: Baseline MobileNetV2 transfer learning architecture.

4.9.3 DenseNet121

DenseNetl21 is a dense network, where the features of each layer are all linked to each other.
This design can be reused, boost gradient flow and lower the number of parameters to be trained.

The highly compact DenseNet121 network has proven effective in image classification tasks

with good parameter utilization.
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Figure 4.11: DenseNet121 transfer learning architecture.
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4.9.4 NASNetMobile

NASNetMobile is a neural architecture search (NAS)-based model whose architecture was
automatically optimized through machine learning techniques. It is specifically designed to
deliver strong classification performance while low computational demands that allow it to be
used in demanding environments like the resource-constrained environments.
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Figure 4.12: NASNetMobile transfer learning architecture.

4.9.5 Xception

Xception involves the upgrade of depthwise separable convolutions by substituting the typical
convolutional process with more effective methods of feature extraction. As a result, this
architecture is distinguished by its effectiveness in terms of computation and quality of
classification results, which make it ideally suitable for transfer learning problems which include
dealing with challenging datasets.Xception involves the upgrade of depthwise separable
convolutions by substituting the typical convolutional process with more effective methods of
feature extraction. As a result, this architecture is distinguished by its effectiveness in terms of
computation and quality of classification results, which make it ideally suitable for transfer
learning problems which include dealing with challenging datasets.
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Figure 4.13: Xception transfer learning architecture.

4.9.9 Comparative Evaluation

The pre-trained network is processed, trained and evaluated with the same street food dataset,
preprocesses and evaluation metrics from Bangladesh. This has guaranteed that the differences in
performances are due to the architectures themselves rather than the data processing or
experimental setup. The comparison was carried out in this manner, which enabled a precise
comparison of the pros and cons of each model in the area of street food image recognition. A
comparison of the conducted five pre-trained CNN architectures helped to evaluate the proposed
street food recognition system on the four mentioned CNN architectures.

Although the model we examined is very helpful to the use of transfer learning in the
application, it seems that the model we provided MobileNetV2 fine-tuned is the best framework
in terms of processing efficiency and classification performance.

4.10 Performance Metrics

The performance of the newly designed Bangladeshi street food recognition system was
evaluated using a number of standardized classification performance metrics. These metrics
provide an in-depth assessment of the ability of the system to classify by looking at various
elements of class performance. The same rules for calculation of the pre-trained CNN models
were applied to calculate results of different models for comparison purposes.

43



4.10.1 Confusion Matrix

The confusion matrix helps to present the classification results based on the comparison of the
predicted and actual classes. The numbers in each of the columns of the matrix corresponds to
the actual class while each row refers to the predicted class. The correct classifications are
represented on the principal diagonal line of the matrix while the values in the other locations of
the matrix correspond to the incorrect predictions. The confusion matrix gives insight into the
classes correctly recognized and which classes are more likely to be confused because of visual
similarities.

4.10.2 Accuracy

Accuracy is the percentage of correctly classified images to all test images. One of the most
widely used evaluation measures for multi-class classification problems.

The accuracy is defined as:

(1

TP +TN
TP+TN+FP+FN

Accuracy =

where:
e TP = True Positives
e TN = True Negatives
e FP = False Positives
e FN = False Negatives

Owing to the higher accuracy, the overall classification performance is improved

4.10.3 Precision

2
TP

Precision = ————

High precision indicates that the classifier produces fewer false-positive predictions.
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4.10.4 Recall

Recall assesses the fraction of true positive results among all positive predictions of the model.

3)

TP

Recall = TP-I-—FN

When recall is at a high level, it means that the model is able to recognize most of the cases of
the particular class type.

4.10.5 Fi-score

The Fi-score is a single score that incorporates both precision and recall to produce a harmonic
mean.

“4)

2X Precision X Recall
Precision + Recall

Fi-score =

This measure gives a well balanced evaluation of the categorization accuracy, especially when
comparing between different classes.

4.10.6 Classification Report

The precision, recall, Fi-score and support for each single class is summarized in a classification
report. It gives in depth details about the pros and cons of the classifier in each street food
category and enables comparing of different CNN models.
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Table 4.10: Summary of the evaluation metrics and their purpose.

Metric Purpose

Accuracy Overall classification performance
Precision Reliability of positive predictions
Recall Ability to detect actual positive samples
Fi-score Balance between precision and recall
Confusion Matrix Visualization of classification results
Classification Report | Per-class performance analysis

4.10.7 Importance of Multiple Evaluation Metrics

While classification accuracy is used as an overall measure of the performance of a model, using
it alone may not fully reflect the strengths and weaknesses of a multi-classifier model. This is
because precision, recall, Fi-score, confusion matrices and classification reports were also used
to provide a complete assessment of each model. This application of several evaluation metrics
makes the proposed system evaluated from various perspectives, and also the various evaluation
metrics provide comparison of the evaluated transfer learning models more reliable.

Confusion matrices, accuracy, precision, recall, Fi-score and classification report The proposed
street food recognition system was tested with the following in Bangladesh. Through these
complementary metrics, a detailed evaluation of the classification ability of each model was
carried out, which also allowed for a fair comparison of the CNN architectures evaluated. The
results obtained from these metrics are presented and discussed in the following chapter.
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S5 System Implementation

The implementation of proposed machine vision based Bangladeshi street food recognition
system is addressed in this chapter. Although the overall methodology is presented in Chapter 4,
this chapter is dedicated to the development and implementation of the proposed system with the
use of deep learning techniques. It covers the pipeline of implementation of a model from data
preparation to preprocessing, model development, model prediction, to explainable artificial
intelligence (XAI).

Kaggle Notebook was used to implement it using Python programming language and the
TensorFlow and Keras deep learning APIs. A custom dataset was created that includes 10 classes
of Bangladeshi street food items and used for the training and testing of various pretrained
Convolutional Neural Network (CNN) architectures using transfer learning. The dataset was
expanded and processed with image augmentation techniques and a standard preprocessing
pipeline prior to modeling to enhance recognition performance.

The implementation of the baseline CNN models and the proposed two-stage MobileNetV2
transfer learning framework is also described in this chapter. It also outlines the process of which
the trained model is used to make the image classification and how the Explainable Artificial
Intelligence (XAI) techniques like LIME and Grad-CAM were incorporated to explain the
prediction results. The information and explanations given in this chapter will help to understand
the complete picture of the implementation of the proposed recognition system for the
classification of street food in Bangladesh.

5.1 System Overview

In this chapter the implementation of proposed machine vision based street food recognition
system for identification of Bangladeshi street foods is presented. The system has been created
with transfer learning of pre-trained Convolutional neural network (CNN) architectures for
automatic image classification of 10 street food categories from the Bangladeshi regions. The
implementation combines the preparation of the datasets, pre-processing of the images, training
of the model, prediction and Explainable Artificial Intelligence (XAI) techniques into a single
stream. Experiments were run in the Kaggle cloud environment and the models were developed
using Python, TensorFlow and Keras.
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The first step in the implementation is to prepare the enhanced dataset and all the images are
resized to 224 x 224 pixel, normalized, and split into training, validation, and test sets. To
provide baseline performance, five pretrained CNN models, namely InceptionV3, DenseNet121,
MobileNetV2, NASNetMobile and Xception, were implemented by transfer learning. In a
comparative evaluation, the MobileNetV2 network was then improved with a proposed
two-stage transfer learning strategy with progressive fine-tuning to enhance the classification
accuracy without compromising the computational efficiency.

Once the model is trained, the optimized model can predict the class label of an unseen street
food image by predicting the class probabilities using the Softmax output layer. For better
interpretability and transparency of the recognition process, Grad-CAM and LIME were
integrated to visualize the regions of the image and the superpixels which contributed most to the
model's predictions. The rest of the paper explains each step of the system implementation in
detail: dataset processing, development environment, model implementation, prediction
workflow and XAI analysis. A general design of the implemented Bangladeshi street food.
recognition system is shown in figure 5.1. In the implementation, first an input image goes
through some preprocessing such as resizing and normalizing before it is fed to the evaluated
pretrained CNN models. The baseline models were compared and MobileNetV2 was chosen for
further optimization with the proposed two-stage transfer learning strategy. The optimized model
is then used to make the final prediction about the food category, and afterwards, Grad-CAM and
LIME are used to produce a visual explanation of the prediction to make the food system easier
to interpret.

Pretrained CNN
Models
(InceptionV3,

Image Preprocessing

Input Street Food (Resize 224x224, DenseNet121. Pen‘orme.mce
image Normalize) MobileNetV2, Comparison
NASNetMobile,
Xception)

v
Explainable Al Prediction (Food Proposed Two-Stage Best Model Selected
D I . .
(Grad-CAM & LIME) Category) MobileNetV2 Fine- (MobileNetv2)

Tuning

Figure 5.1: Overall System Architecture of the Implemented Bangladeshi Street Food
Recognition System .
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5.2 Development Environment

5.2.1 Hardware Configuration

The experiments were conducted with the hardware resources provided by the Kaggle Notebook
environment. GPU acceleration was used to minimize the overall time required for training deep
learning models.

Table 5.1: Hardware Configuration

Component Specification
Computing Platform Kaggle Notebook
Processing Unit GPU-enabled cloud environment

Graphics Processing Unit (GPU) | NVIDIA Tesla GPU*

System Memory Kaggle cloud environment

Storage Kaggle cloud storage

5.2.2 Software Environment

The proposed framework was developed utilizing the Python language and TensorFlow/Keras
deep learning framework. Others libraries were also employed for data manipulation and
performance evaluation.

49



Table 5.2: Software Environment

Software / Library | Purpose

Python Programming language
TensorFlow Deep learning framework

Keras Model development and training
Scikit-learn Dataset splitting and performance evaluation
NumPy Numerical computations

Pandas Data organization and analysis
Matplotlib Performance visualization
OpenCV Image processing

LIME Explainable Al

Seaborn Confusion matrix visualization

5.2.3 Training Configuration

The experiments were conducted with the hardware resources provided by the Kaggle Notebook
environment. GPU acceleration was used to minimize the overall time required for training deep
learning models. The proposed framework was developed utilizing the Python language and
TensorFlow/Keras deep learning framework. Others libraries were also employed for data
manipulation and performance evaluation. It must be noted that all CNNs used for the tests were
trained with the same partitions and preparatory procedures to guarantee the same conditions
during the process. The images were resized to 224 x 224 pixels and normalized prior to being
passed to the networks. Adam optimizer and categorical cross-entropy loss function were used
for the optimization of the models.

As for the proposed MobileNetV2 framework, the training process was divided into two stages.
During the first stage the backbone was frozen and only the classification head was trained. After
that, in the second stage, some layers of the trained backbon were fine tuned in order to improve
classification.
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The important parameters of training are provided in Table 5.3.

Table 5.3: Training Parameters

Parameter Value

Input Image Size 224 x 224 pixels

Batch Size 32

Optimizer Adam

Loss Function Categorical Cross-Entropy

Output Activation Softmax

Initial Learning Rate (Phase 1) 0.001

Fine-Tuning Learning Rate (Phase 2) | 0.00001

Epochs (Phase 1) (Proposed two | 10

staged transfer learning model)

Epochs (Phase 2) (Proposed two |20

staged transfer learning model)

Weight Initialization ImageNet

Callbacks EarlyStopping,
ReduceLROnPlateau,
ModelCheckpoint,
CSVLogger

5.3 Model Implementation

This part deals with the use of the convolutional neural network models in order to recognize
Bangladeshi street food. The convolutional networks were built on the foundation of TensorFlow
and Keras platforms. The models were trained in the Kaggle Notebook environment using
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Python programming. The programming team used the transfer learning method for all models,
applying the transfer learning technology with the use of ImageNet pre-trained weights, at the
same time improving the efficiency of the neural network training process.

InTrainings Five models of Convolutional neural networks were applied as the reference. The
team assessed the models using the same set of techniques, methods of processing the data and
the assessment procedure. All pre-trained networks were based on the ImageNet pre-trained
weights passed to the new model from the ImageNet.

Out of all reference models evaluated, MobileNetV2 seems to be the best in terms of the
performance and effectiveness of classification. As a result, the MobileNetV2 model was
improved and enhanced with the help of two-phase transfer learning approach. The details of
both models are provided in the next chapter.

5.3.1 Baseline CNN Model Implementation

The baseline CNN architecture was created by deploying pre-trained models which can be found
in the TensorFlow Keras Applications library. Every model was initialized with pre-trained
weights on ImageNet, while the most recent fully connected classification layer was omitted
(include top = False). This way, the pre-trained convolutional backbone was used rather as a
general feature extractor for street food images from Bangladesh.

The authors followed the convolutional backbone by a global average pooling layer. that
transformed the feature maps derived from the above into a compact feature vector.Then, the
Softmax classification layer was applied. It was fully connected and had ten output neurons that
performed multi-class classification suited to ten street food categories. During baseline training,
the convolutional backbone did not change, suggesting that only the new classification layer
could be optimized. The Adam optimizer and categorical cross-entropy loss function were used
during the entire process, while EarlyStopping was introduced to avoid unnecessary training
when the validation results stop improving.

This method of implementation allowed getting the same transfer learning framework for each of
the architecture being studied and assures that any differences in results occur not due to
dissimilarities in training strategies but because of distinct feature extraction capabilities of the
pretrained CNN models.

5.3.2 Proposed Two-Stage MobileNetV2 Implementation

This section explains the practical implementation of the proposed MobileNetV2 framework. All
implementations are conducted on the Kaggle notebook environment using TensorFlow and
Keras libraries. The implemented framework strictly follows the architecture presented in
Methodology and has two different training procedures described below.
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During the testing phase, the preexisting MobileNetV2 framework (trained on ImageNet data)
will be used to initialized weights of MobileNetV2 backbone and our designed classification
header. Finally we construct a end-to-end model for the recognition problem. The complete
framework is separated into different procedures in the following script: a framework for model
generation, training, fine-tuning, prediction and evaluation, as shown below. In addition, we put
different Procedures and Training methods into stand alone codeblocks. You may run these
codeblocks separately, especially resume to train from saving checkpoints. Using this pipeline,
the implementation would automatically employ callbacks including ModelCheckpoint,
EarlyStopping, ReduceLROnPlateau, and CSVLogger to help automatic selection and
termination of training, and adjust learning rate as and when needed. Furthermore, a automatic
drawing will be created for visualizing the training process and history.

Finally after completion of all train/fine-tuning phases, the trainedMobileNetV2 model is
evaluated on the separated testing dataset to compute the final prediction probabilities on each of
the images and determine the predicted class labels. A series of classification matrices, report,
training history, and the final trained model in Keras format are also produced by the
implementation automatically.

The proposed MobileNetV2 model was implemented as a two-stage transfer learning framework
using TensorFlow and Keras. In Phase 1, the pretrained backbone was frozen and the custom
classification head was trained, followed by selective fine-tuning of the top 40 backbone layers
in Phase 2 using a lower learning rate. The best-performing model was then evaluated on the
independent test set using classification metrics, confusion matrix, and training curves. Finally,
the trained model was saved for subsequent inference and deployment.

5.4 Model Inference and Classification

Following the two-stage training and fine-tuning operations, the performance optimized
MobileNetV2 model was employed on test street food images which have not been previously
presented during the two previous training stages. This phase is the deployment state of the
trained model where in the already established weights and parameters of the model are
leveraged to process newly inputted images and output predictions as per established parameters
whereas any updates were made no parameters or model training were carried on any
parameters. The employed setup utilizes any of the processed photographs in the range of ten
street food classes found in the existing food groups.

In performing inference, any inputted image that enters the setup gets processed initially
consistent with the set up prerequisites of trained system network.
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Input image are being scaled up to 224 X 224 pixels range and are also getting normalized so
that values exist in the same range as to as it found during building up of original framework
model. The given image subsequently getting inputted within the trained Network such as
MobileNetV2 network framework where the characteristic aspects of the inputted imagery are
taken into consideration and after that this output result got passed onto in to classification block
specially constructed here- in for the developed work of model. By utilizing soft-max functions
as final layer within custom block set of code result will give a probability list for all the 10
categories for the given food group in input photograph, thereafter system predicts the food item
by selecting among those given values having the high chance; This way, by using all previous
two-stage transfer learning operation a test food image is put in to process yielding prediction of
food class from all the categories. Workflow Summary of inference is as below,

Input Image — Image Preprocessing — Trained MobileNetV2 — Custom Classification
Head — Softmax Probabilities — Predicted Food Category

Model Inference and Classification Workflow
(Bangladeshi Street Food Recognition System)

@ 'ﬁ‘ % g \\ all I \t\

p

1. Input Image 2. Image 3. Trained 4. Custom ’/ 5. Softmax Output
(Unseen Image) Preprocessing MobileNetV2 Classification Head / (10 Class Probabilities) /
+ Resize: 224 x 224 (Feature Extraction)
* Normalize [-1, 1] | J
R, 4 N Vo =Y
~, . Action 1 ! Action 2 Action 3
v - Extract visual | =Q===  Process features —_— I I Generate probability
V= features from | ===O= through custom ll scores for
input image i classification head | 10 food classes
J i T J

Work Step 1 Work Step 2
? Select class with Determine final

highest probability predicted food
category

Workflow Output
Predicted Bangladeshi

Street Food Category

; Input Preprocessing L Feature i Cl if ion Head [: Softmax Output [ T Action . Work Step l:] Workflow Output

Figure 5.2: Model Inference and Classification Workflow of Bangladeshi Street Food
Recognition System.
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Thus, the model has the potential of being assigned to detect the type of Bangladeshi street food
from images not previously encountered by the model. The output of classification provides a
direct representation of the model's predictions, while the Softmax function output shows the
degree of confidence attached to different types of classification.

6 Performance Evaluation of the Compared
CNN Models

This section discusses the performance of the compared CNN models.This is a discussion about
the performance evaluation of the compared CNN models.

To find out which of the compared convolutional neural network (CNN) models is the most
appropriate for the recognition of Bangladeshi street food, the performance evaluation of the
models was done. To evaluate, the following 5 CNN models were selected; InceptionV3,
DenseNet121, MobileNetV2, NASNetMobile and Xception, which have already proven their
performance in image classification tasks through transfer learning. To enhance the classification
performance using selective fine-tuning, a two-stage transfer learning model was also proposed
using MobileNetV2 as a baseline network.

All models were trained and tested with the same Bangladeshi Street Food Dataset (BSFD),
image size, optimizer, image preprocessing, training configuration, and evaluation metrics, to
ensure the models are trained and tested in the same experimental conditions. The dataset was
made up of 16,000 images of ten categories of Bangladeshi street foods, 1600 images per each
category. To enhance model generalization, image augmentation methods were used. All CNN
models were retrained with the augmented dataset.

Several quantitative criteria such as classification accuracy, precision, recall, and Fi-score were
used to assess the performance of each model. Further, the training and validation accuracy
curve, training and validation loss curve, confusion matrix and classification report were used to
analyze the learning behavior of each model. These methods help to assess the performance of
each CNN architecture in learning the visual properties of Bangladeshi food items in the street
and their generalisation to unseen images.

The experimental results of every pretrained CNN architecture are discussed in the following
subsections and the performance of the proposed two-stage MobileNetV2 transfer learning
architecture is evaluated.The assessment of various deep learning models for the classification of
ten categories of Bangladeshi street food provided substantial insights into their perfor-mance, as
outlined in Table 6.1.
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Table 6.1: Evaluation Matrices for All the Models

Models |Precision Recall IF.-score Accuracy

InceptionV [0.90 0.90 0.90 0.90

3

DenseNetl1 |0.92 0.92 0.92 0.92

21

MobileNet |0.94 0.94 0.94 0.94

V2

NASNetM |0.87 0.87 0.87 0.87

o-

bile

Xception [0.91 0.91 0.91 0.91

Custom  [0.99 0.99 0.99 0.99
InceptionV3

The 16,000 images of street food in ten food categories were used to augment the dataset and one
of the pretrained CNN architectures, named inceptionV3, was evaluated in the recognition of
Bangladeshi street food. The pretrained ImageNet weights were used to initialize the model, and
it was trained under the same experimental conditions that were used for all other evaluated
CNN models.

InceptionV3 - Training and Validation Loss InceptionV3 - Training and Validation Accuracy
— Tra?ninrt.) loss 0.90
=) == Validation loss
® Best epoch=10 0.85
1.0
> 0.80
&
w
% 0.8 5 0.75
- o]
0.6 < 0.70
0.65 = Training Accuracy
0.4 = Validation Accuracy
0.60 @ Bestepoch=10
2 4 6 8 10

Epochs

Figure 6.1: Training and Validation Loss and Accuracy Curves of InceptionV3.
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Figure 6.2: Confusion Matrix of InceptionV3 on the Test Dataset .

The training and validation curves are shown in the diagram, which indicate that InceptionV3
was able to learn the dataset steadily during the training process. The training loss and validation
loss decreased consistently with subsequent epochs, reflecting the ability of the model to learn
the representative visual features from the extended dataset. Meanwhile, the training and
validation accuracy improved steadily and leveled off towards the end of training. The difference
between the training curve and the validation curve is not very big, which indicates that the
model generalizes fairly well and does not fit the data strongly.

The confusion matrix also provides a detailed understanding of the accuracy of InceptionV3 in
each of the 10 street food categories in Bangladesh. The results of the prediction are mostly
gathered in the main diagonal of the matrix, suggesting most of the test images were classified
correctly. The food categories that were most highly recognised were the Papor Vaja, the Hawai
Mithai, the Pakora, the Badam and the Boot Makha which have a distinctive visual appearance.
Though the overall satisfactory results were obtained, there were some misclassifications noted
within each of the categories of similar food items. There was maximum confusion between
Fuska and Velpuri and smaller number of misclassifications were seen between Jhalmuri and
Chanachur Makha. These food groups are frequently the same colour, have a similar texture, the
same ingredients and the same type of serving size, which makes them harder to
differentiate.Based on the experimental results, the overall classification accuracy of
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InceptionV3 model is 90.38% with some 90% precision, recall and Fi-score. The results prove
that InceptionV3 was able to learn representative visual features from the modified dataset and
yield highly accurate classification results for Bangladeshi street food recognition.

DenseNet121

The augmented Bangladeshi Street Food Dataset was also tested with DenseNetl121 with the
same experimental setup. Like InceptionV3, the model was initialized with the pretrained
ImageNet weights, and was fine-tuned in a transfer learning manner.

The training and validation curves show stable convergence during the training. As can be seen,
the accuracy curves rose steadily with both while the loss curves fell continuously until the last
training epoch. The performance gap between training and validation shows a good agreement,
which demonstrates the model DenseNetl21 has successfully transferred to unseen images
whilst keeping its learning behaviour stable.

DenseNet121 - Training and Validation Loss DenseNet121 - Training and Validation Accuracy
18 === Training loss 0.9 —
16 —— Validation loss )

@ Best epoch=10
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@
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0.6 0.5 === Training Accuracy
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‘ —3 0.4 @ Bestepoch=10
02 2 4 6 8 10 2 4 6 8 10
Epochs Epochs

Figure 6.3: Training and Validation Loss and Accuracy Curves of DenseNet121.
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Figure 6.4: Confusion Matrix of DenseNet121 on the Test Dataset .

The DenseNetl121 correctly classified most of the test images for the 10 Bangladeshi street food
categories as shown in the confusion matrix. Some of the categories like Papor Vaja, Hawai
Mithai, Badam, Pakora and Boot Makha showed excellent accuracy. The few misclassifications
that were left were for food items that were similar in appearance.

The most erroneous identification was made between Velpuri and Fuska with a lesser number of
images of Jhalmuri and Chanachur Makha also identified incorrectly. These findings are in line
with the visual resemblance of these traditional Bangladeshi street foods.

According to the classification report, DenseNet121 produced an overall classification accuracy
of 92.13% along with an approximate precision, recall and Fi-score of 92%. Overall
DenseNet121 showed better performance than InceptionV3, and performed better on most food
categories for the feature extraction task.

MobileNetV?2

Without the use of the proposed fine-tuning strategy, the evaluated pretrained CNN architectures
were ranked in terms of classification performance, with MobileNetV2 being the best performer.
The model was trained with the augmented data with the same experimental conditions as for the
other CNN architectures.
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Figure 6.5: Training and Validation Loss and Accuracy Curves of MobileNetV2.
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Figure 6.6: Confusion Matrix of MobileNetV2 on the Test Dataset .

The training and validation graphs indicate steady learning, showing a drop in loss and an
increase in the accuracy of the model with a minute gap between them. The confusion matrix
shows decent classification accuracy for all food categories, with only little confusion for classes
like Vepuri and Fuskas, which look visually similar. Overall, MobileNetV2 attained 93.75%
accuracy with approximately 94% precision, recall, and Fi-score, which makes it the best
baseline model and ideal for the lightweight backbone for the suggested two-stage transfer

learning model.
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NASNetMobile

The augmented Bangladeshi Street Food Dataset was also used to test NASNetMobile. The
training accuracy and loss curve were shown to have converged properly as well as the validation
accuracy and loss curve during the training process.

The confusion matrix indicates that the NASNetMobile could accurately identify a number of
categories related to Bangladeshi street food. Comparatively high classification performance was
obtained for food classes like Papor Vaja, Pakora, Hawai Mithai and Badam.
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Figure 6.7: Confusion Matrix of NASNetMobile on the Test Dataset
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Figure 6.8: Training and Validation Loss and Accuracy Curves of MobileNetV2.
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The maximum classification errors were seen between Velpuri and Fuska, and some other
mix-up was seen between Jhalmuri and Chanachur Makha. The results indicate that
NASNetMobile is not as effective in learning fine-grained visual differences among similar food
categories, as the other CNN models evaluated.

The classification report shows that the overall classification accuracy of NASNetMobile is
87.31%, with a precision of ~87%, a Recall of ~87% and a Fi-score of ~87%. Despite the
augmentation of the images, the performance of the model is still worse than the performance of
the original set of images, but the CNN with NASNetMobile architecture under-evaluated the
classification accuracy.

Xception

The augmented Bangladeshi street food dataset was used to evaluate the last pre-trained CNN
architecture, Xception. The learning behavior of the model was observed during the training
process, which showed a gradual increase in the training and validation accuracy and decrease in
the training and validation loss.

As seen from the confusion matrix, the accuracy of the Xception model has been relatively high
for the Bangladeshi street food categories with a few misclassifications. High reliability was
achieved for the categories Papor Vaja, Pakora, Hawai Mithai, Badam, Boot Makha, Chanachur
Makha, Chotpoti and Jhalmuri.

Like all the CNN models evaluated, the main classification problem was the classification of
Velpuri and Fuska of the same class and a smaller number of Jhalmuri images were misclassified
as Chanachur Makha. The results show that deeper CNN architectures still struggle with similar
food categories, implying that food visual similarity is a difficult problem to solve.
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Figure 6.9: Training and Validation Loss and Accuracy Curves of Xception.
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Xception Confusion Matrix
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Figure 6.10: Confusion Matrix of Xception on the Test Dataset.
The results of the classification report indicate that the overall accuracy of the classification of

Xception is 91.00% and the precision, recall, and Fi-score of the classification are around 91%.
When comparing overall classification performance, Xception is ranked between DenseNet121

and InceptionV3.

6.1 Proposed Two-Stage Transfer Learning Model

The five pretrained CNN architectures were compared and MobileNetV2 was chosen as the
backbone of the proposed recognition framework with the highest baseline classification
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performance. A two-stage transfer learning approach was followed to further enhance the
recognition accuracy.

In the first training step, the already trained MobileNetV2 backbone was kept frozen and only the
new classification head was trained with the Bangladeshi Street Food Dataset. In the second
stage, the upper layers of the unfrozen pretrained backbone were kept frozen and trained with a
small learning rate to fine-tune a high-level feature of ImageNet to the features of Bangladeshi
street food images. The training and validation curves show stable convergence at both stages of
training. The model had a brief peak in losses upon the unfreezing of the upper layers, but soon
rebounded and grew still better for the rest of the epochs. The accuracy of the training and
validation sets were close to 99% by the end of the training and the loss value was very low. The
confusion matrix also illustrates the efficiency of proposed framework. Almost all predictions are
clustered around the main diagonal, with close to 99% of the test images being correctly
classified. The proposed framework outperformed baseline model, MobileNetV2, significantly,
in terms of the confusion between visually similar categories (e.g., Velpuri and Fuska). The
classification report shows that the proposed framework has attained around 99% classification
accuracy and 99% precision, recall and Fi-score. This is the best result achieved by any of the
CNN architectures tested.

In general, the proposed two-stage MobileNetV2 framework showed very good classification
accuracy, making a good use of transfer learning, image augmentation, and selective fine tuning.

6.1.1 Performance of the Proposed Two-Stage Transfer Learning Model

To further enhancing the recognition accuracy of street food images in Bangladesh, a two-stage
transfer learning approach using MobileNetV2 network was proposed.

The proposed framework had two stages of training in contrast to the baseline CNN models,
which only trained a newly added classification layer with a pretrained backbone frozen. In the
first phase, the MobileNetV2 layers used to extract features were kept frozen and a new
classification head was trained on the expanded Bangladeshi Street Food Dataset. This enabled
the new layers to learn the visual features of the task while retaining the generic features learned
from ImageNet data. The MobileNetV2 backbone was then unfrozen and fine-tuned in the
second stage with a lower learning rate over the top 40 layers of the network. The fine-tuning
was selective and allowed the model to learn high-level features of the pretrained model and
adjust them to the visual properties of street foods in Bangladesh.

The convergence rate of the proposed model was validated throughout the training process, and
the training and validation curves showed that the model quickly converged to a stable state. The
accuracy of both training and validation data improved gradually throughout the initial training
phase since the custom classification head was learning discriminative features from the
expanded data set. The upper layers of the pretrained backbone were unfrozen at the beginning
of the fine-tuning stage, and a small drop in training accuracy and a small increase in training
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loss were found. This is normal as a greater number of trainable parameters are added in fine
tuning. But the model was soon steady and became better with the subsequent training epochs.
The proposed framework reached around 99.5% accuracy during training and 99.1% accuracy
during validation at the end of training, and the loss values decreased to less than 0.09 during
training and validation, which shows that there is no overfitting and it shows good convergence.
To further illustrate the efficacy of the proposed framework, the confusion matrix is also
presented. Most of the prediction results are clustered around the principal diagonal, meaning
almost all images were predicted correctly from the test images. Several classes such as Papor
Vaja, Boot Makha, Hawai Mithai, Badam were recognized perfectly and few isolated errors were
noted in similar classes like Fuska and Velpuri. The proposed framework significantly decreased
the confusion between these highly similar food categories, when compared to the baseline
model of MobileNetV2.

The classification report further validates the better performance of the proposed model. The
framework had an overall classification accuracy of ~99%, and precision, recall and Fi-scores of
99%. The number of perfect precision, recall and Fi-score were 100% for several food
categories, and the Fi-score for Fuska and Velpuri two of the most difficult categories before,
was around 97%. The proposed framework outperforms the baseline MobileNetV2 model by
over 5 percentage points in terms of classification accuracy, with a result of 93.75% accuracy.
The findings show the effect of using transfer learning, selective fine-tuning, and a customized
classification head to boost feature learning and achieve the best recognition accuracy for all the
CNN architectures tested.

6.1.2 Training and Validation Curves

The training and validation curves are used to gain insight into the learning behavior of the
models. The training accuracy curve increased with each epoch and showed a stable trend of
reaching around 99% at epoch 25, thus reflecting the progressive improvement of the recognition
ability of the model over time. The validation accuracy curve was nearly the same as the training
accuracy curve, indicating that the model was not overfitting, but rather generalizing well to
unseen data. A high accuracy in both the training and the validation sets is a good sign of robust
learning.

The loss curve for both training and validation steadily went down and started to level off around
10 epochs. The decrease was due to decreasing errors which led the model to improve its internal
representation of the food categories. The stabilization of loss values indicates that the model has
converged and continued training would result in marginal improvements, which is a desirable
behaviour during experiments with deep learning.
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Figure 6.11: Training and Validation Loss and Accuracy Curves of the Proposed Two-Stage
MobileNetV2 Model .

This is also a sign of consistency between the training and validation curves, and shows how

well regularization methods, like dropout and augmentation, are working. Dropout avoided
over-dependency of neurons, and augmentation boosted the diversity of the data set, minimizing
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the potential for overfitting. Combined, these approaches resulted in model accuracy of good
levels whilst keeping it generalizable.

Methodologically, the training and validation curves are used as diagnostic tools. If accuracy on
the training set had been increasing while the accuracy on the test set had been falling, it would
have meant overfitting. On the other hand, if both curves were lower, it would have indicated
under fitting. If there is a close fit of the curves, the architecture and the training approach has
been well-balanced.

The loss curves decrease smoothly, which further substantiates the disciplined learning process.
The progressive decrease in loss indicates that optimization algorithm was working well, as
opposed to abrupt changes where it would indicate instability. This stability was helped by the
Adam optimizer, which dynamically adjusted learning rates for efficient convergence.

The training and validation curves were generally very good, and the high level of learning
maturity reached by the fine-tuned MobileNetV2 was well demonstrated. The model not only
learned well during training but also performed well for the validation data, without suffering
from overfitting a problem common to many models. The result of this analysis is that the
implemented training strategy works and the model itself is reliable for deployment in real
applications for food recognition.

6.1.3 Confusion Matrix Analysis

A confusion matrix offers a very detailed breakdown of the accuracy of the model, indicating
correct predictions as well as false positives and false negatives. The fine tuned MobileNetV2
performed exceptionally well in this study with just three misclassifications at the end between
Velpuri and Fuska out of 1600 test samples. This is a marked improvement over the baseline
models that were more difficult with similar-looking categories. Several classes like Hawai
Mithai, Boot Makha, Badam and Papor Vaja were perfectly classified, where the model was able
to capture unique features of these foods with 100% accuracy.

The diagonal values of the matrix are correct classifications, and their high proportion reflects
the strength of the model. Errors (represented by off-diagonal entries) were very few, leaving
nearly no confusion between categories. This is important especially in food sets with a lot of
identical-shaped food items, food items of similar color or texture, or food products which are
not easily differentiated. The architecture adapted to the differences in the preparation style and
presentation, and the fine tuned version of MobileNetV2 was able to learn these subtle
differences and outperform other architectures.
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Figure 6.12: Confusion Matrix of the Proposed Two-Stage MobileNetV2 model on the Test
Dataset .

The confusion matrix is sometimes called the "truth mirror" of classification because shows the
true strengths and weaknesses of a model. For this case, it had proven that the MobileNetV2 had
grown into a very reliable classifier. A decrease in misclassifications shows that augmentation
and fine tuning techniques were effective at improving generalization. The model maintained
consistency in recognition with all categories while avoiding overfitting the dataset, thanks to
data diversification and regularization.

This analysis also underscores the need to consider models more than just how accurately they
perform. The accuracy measure is useful for providing a general sense of performance, but the
confusion matrix provides a breakdown of where and where not errors are being made and that
some classes are easier than others. For example, Velpuri and Fuska are traditionally difficult to
separate due to their visual similarities, yet the fine-tuned MobileNetV2 reduced errors in this
pair to a negligible level. This means that the model is now able to recognize these foods at a
human level. The diagonal elements dominate strongly in all categories, indicating confidence in
predictions, and the non-diagonal elements are small, suggesting that the model is able to deal
with complex, real-life situations. This is especially important in the noisy, light-challenging
environment of street scenes with several items of food, or other items of interest. The fine-tuned
MobileNetV2’s ability to maintain high precision under such conditions demonstrates its
readiness for deployment.
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Overall, the results of the confusion matrix analysis demonstrate that the fine-tuned
MobileNetV2 model performs better at classification than the baseline models. It almost
prevented visual category mix-ups, had 100% recognition across multiple classes, and had good
generalization performance globally. The performance level proves the effectiveness of the
augmentation and fine-tuning methods used, and proves that MobileNetV2 is the most reliable
architecture for Bangladeshi street food recognition.

6.2 Comparative Performance Analysis

For the evaluation of the effectiveness of the pretrained CNN architectures and proposed
two-stage transfer learning framework for Bangladeshi street food recognition, comparative
performance analysis was conducted. The models evaluated were InceptionV3, DenseNet121,
MobileNetV2, NASNetMobile, Xception, and the proposed two-stage MobileNetV2 model.
Experimental settings, preprocessing, and the same data set were used to train and evaluate all
models in the same way to ensure a fair comparison. They were evaluated with classification
accuracy, precision, recall and Fi-score before and after image augmentation.

Through the experimental results, it is observed that all the CNN models investigated benefited
from the use of image augmentation. The classification accuracies for these data were between
about 82% and 93% prior to augmentation. All models significantly improved the accuracy and
other metrics after augmenting the dataset with additional variations like changes in image
orientation, scale, and appearance, these models were exposed to a wider range of visual
features, allowing them to learn more representative visual features and generalize their
performance better.
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Figure 6.13: Comparative Test Accuracy of the Evaluated Transfer Learning Models .
The baseline CNN models with improvements performed well with the MobileNetV2 model
achieving the highest score of 93.75%, DenseNet121 with 92.13%, Xception with 91.00%,
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InceptionV3 with 90.38% and NASNetMobile with 87.31% accuracy. However, there were some
confusions among the similar food types like Velpuri, Fuska and Jhalmuri.

The two-stage transfer learning based MobileNetV2 model achieved about 99% accuracy,
precision, recall, and Fi-score, which is an increase of over five percent as compared to the
original MobileNetV2 model. Selective fine-tuning improved the learning of important food
characteristics by the model and decreased the number of food categorization errors between
similar foods.

6.3 Discussion of Experimental Results

Experimental results show that, image augmentation and transfer learning significantly improved
the performance of Bangladeshi street food recognition system. The dataset was increased from
4,000 to 16,000 images, which provided more variations in orientation, scale and appearance of
the images to be analyzed by the pretrained CNN models evaluated in this work so that they
learn more representative features and better generalize. All of the models were able to produce
acceptable performance, but due to differences between the models, their architectures, and
feature extraction capabilities, the classification accuracy varied. To eventually feature the
proposed framework, it was decided to use MobileNetV2 as the backbone of the network due to
its best baseline performance.

The proposed two-stage MobileNetV2 further enhanced the classification using a custom
classification head and fine-tuning selective of the pretrained backbone. With this training
approach, the model learned higher-level features that aligned with the features of Bangladeshi
street foods while preserving useful features that were pre-trained. This proposed model
performed well overall in comparison to other architectures tested and significantly minimized
the misclassifications between similar classes like Velpuri and Fuska, while also keeping a few
error rates. In overall, it is concluded that Dataset augmentation, Transfer learning and Selective
fine tuning is an effective method for automatic Bangladeshi street food recognition.
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7 Explainable AI Analysis

This section of the work shows the explanation for the Bangladeshi Street Food Recognition
System that utilizes the final fine-tuned MobileNetV2 model. Grad-CAM and LIME tools are
used in order to show the areas of the image that helped the model to classify the image and to
test whether the model detected relevant characteristics of a dish and did not pay attention to the
irrelevant details. The obtained findings give some qualitative information about the model's
work and can be used together with quantitative performance estimations that were presented
earlier in the paper.

7.1 Gradient-weighted Class Activation Mapping
(Grad-CAM)

In this study, Gradient-weighted Class Activation Mapping (Grad-CAM) was used to investigate
the decision making process of the proposed Bangladeshi street food recognition system. The
MobileNetV2 was trained and fine-tuned before using Grad-CAM to visualize the regions in the
image that most influenced the classification.

The proposed framework involved training and testing the final fine-tuned MobileNetV2 model,
and then using Grad-CAM to analyze the results. The aim was to investigate if the model
classified the images of Bangladeshi street food based on the actual food or on irrelevant
background information. This analysis gives the researchers increased confidence in the
reliability of the system they've created, as they are able to see the visual evidence that led to
each of their predictions.

Grad-CAM Heatmap

Grad-CAM Overlay

Figure 7.1: Grad-CAM image overlay and heatmap for the ‘Pakora’ street food class.
The research shows the Grad-CAM analysis on an image from the Pakora category. The created

heatmap displays arecas of the image that drive the model's output the most. From the
visualization, it can be noticed that the model is focused on the Pakora, specifically its texture
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and morphological features. The regions highlighted in these images show that the model learns
the visual discriminative features for recognizing the food category. Compared to this, the other
objects in the scene that are not being classified are given less attention during the classification
process.

The Grad-CAM results also validate the effectiveness of the proposed recognition framework in
a realistic scenario. The images taken with the Bangladeshi Street Food Dataset may have
different lighting conditions, backgrounds, viewing angle and food presentation, so the capability
of the model to focus on the food item and not on the environmental objects around the picture is
very crucial. The visualizations also validate that the fine-tuned MobileNetV2 model captures
meaningful features from the food images while reducing the impact of irrelevant parts of the
images.

The qualitative evaluation results given in the research are confirmed with the help of the
Grad-CAM analysis. The good classification accuracy rate of the fine-tuned model,
MobileNetV2, is further supported by visual evidence indicating that the model does not rely on
background information to make its predictions but on the representative features of the food
items. This shows that the proposed model has gained powerful visual representations by transfer
learning, image augmentation, and two-stage fine-tuning.

In general, the implementation of Grad-CAM improves the transparency of proposed
Bangladeshi street food recognition system.

7.2 Local Interpretable Model-Agnostic Explanations
(LIME)

To gain deeper insight into the prediction results of the proposed Bangladeshi street food
recognition system, local Interpretable Model-Agnostic Explanations (LIME) was used as well.
In addition to Grad-CAM, LIME offers visual explanations which can be used to understand how
the optimized model, MobileNetV2, is interpreting images of Bangladeshi Street foods.LIME
along with Grad-CAM offers visual explanations to understand how the optimized model,
MobileNetV2, is interpreting images of Bangladeshi Street foods. LIME highlights the regions in
an image most relevant to a given prediction, thus offering more insights into the trustworthiness
of the created recognition model.
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Original Image ‘ LIME Mask

et

LIME Explanation

Figure 7.2: LIME image overlay and heatmap for the ‘Pakora’ street food class.

After the final fine-tuned MobileNetV2 model was created, LIME was used to provide
explanations for each prediction result. The visualizations generated enable the researchers to
examine the model's predictions, where they see whether it is based on the property of the food
itself, or on "background" data, unrelated to the food. This analysis is used in conjunction with
quantitative evaluation metrics, as it gives a visual interpretation of the decision making process
used in the model.

The research illustrates the application of LIME with one image from Pakora category. The
visualization splits the image into several regions and shows the regions most strongly associated
with the prediction. The highlighted areas are important because they show that the model is
based largely on the texture and apparent structure of the food at the moment it is being eaten to
determine the type of food. The rest of the regions are largely not emphasized and do not seem to
make much difference to the prediction.

The results from the LIME analysis agree with the results shown in the research in the
Grad-CAM. The two visualization approaches show that meaningful food properties are the main
points of focus when it comes to classification in the proposed model.

In general, LIME is effective to visualize the predictions of proposed Bangladeshi street food
recognition system. The model's explanations illustrate the ability of the fine-tuned
MobileNetV2 model to correctly detect the representative features of food images in Bangladeshi
street food images. LIME analysis, in conjunction with Grad-CAM, not only improves the
transparency and reliability of the proposed recognition framework but also gives visual
evidence to the model's recognition process.
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8 Comparative Analysis

To compare the proposed fine-tuned MobileNetV2 model with the previous works, datasets, and
architectures, this chapter is presented. The salient contribution, merit, and limitation of the study
are highlighted.

8.1 Baseline Model Performance and MobileNetV2
Selection

The previous studies of food recognition reported the accuracy ranging from 85%-92% using
DenseNet121, InceptionV3, and Xception models. These models were shown to be effective, but
they required significant computer power and longer training periods and were sometimes not
applicable in systems with limited hardware capabilities. By comparison, the finely tuned
MobileNetV2 reached a 99% accuracy, precision, recall, and Fi-score, outperforming previous
benchmarks and setting a new state-of-the-art mark. The incredible improvement demonstrates
the power of light architectures as a competitor to and even as a superior alternative to heavy
architectures when using augmentation and regularization methods. The use of dropout, batch
normalization, and L2 regularization increased the generalization and prevented overfitting of
MobileNetV2, resulting in high accuracy in all visually similar food categories. The efficiency of
its design enabled the model to have high representational power with low computational cost,
especially in using depthwise separable convolutions. The trade-off between accuracy and
efficiency makes this extremely convenient and applicable for real-world use, particularly in
resource-limited scenarios like Bangladesh where mobile and embedded devices are the primary
platforms for technological solutions. Finally, it is shown that, through careful fine-tuning of an
innovative architectural model, it is possible to create models that are both powerful and
accessible, to make the boundary between academic research and application less daunting.

8.2 Comparison of the Proposed Dataset with Existing
Food Datasets

International cuisine data sets, like Food-101, UEC-Food256 and others, have international
cuisines, but not cultural specificity nor do they always capture the richness of local food
traditions. However, the dataset which has been curated in this study is extremely cultural since it
only contains Bangladeshi street foods. In contrast to the existing global data which are based on
standardized or web scraped images, our data were obtained from street food vendors through
field visits and on-site photography, which is more authentic and real world, capturing diversity.
This method revealed the natural variations in light, presentation, garnishing and serving style,
making the data set more difficult but also more representative of reality. This authenticity
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presented some unique challenges, specifically the comparatively high visual resemblance of
categories (e.g., Velpuri vs Fuska) that is hard to differentiate even for human viewers. The
challenges were not daunting, however, and the well-tuned MobileNetV2 gained near-perfect
classification, demonstrating a versatility to culturally specific datasets. Furthermore, this data
set helps to maintain the identity of local foods in Al research contexts, giving street foods from
Bangladesh a place in the world of technological context. This work not only enhances
technological capabilities but also bolsters the social significance of Al applications, establishing
a foundation for practical and meaningful applications in real-world settings.

Accuracy

Previous works on food recognition consistently achieved 85-92% accuracy using the
architectures like DenseNetl21, InceptionV3, and Xception. These models showed to be
effective, but their computational requirements and training durations were high, making them
impractical for resource-limited settings. MobileNetV2, however, with fine tuning, has
performed at the state of the art level at 99% accuracy, precision, recall, and Fi-score, which is a
new benchmark in the field of food classification research. The deliberate methodological
choices were responsible for this remarkable improvement. Furthermore, the model's superior
performance proves that with proper optimization, lightweight models can outperform traditional
deep models well. The model showed robustness to visually similar food categories. The
comparison highlights that innovative lightweight architectures, coupled with comprehensive
statistical validation, have the potential to reshape the landscape of food recognition studies and
open doors for greater food recognition applications, such as dietary monitoring, nutrition
education, and public health campaigns.

8.3 MobileNetV2 as the Best-Performing Model

The MobileNetV2 model has obtained the best results regarding classification accuracy from all
the models which are being evaluated in this study, thus demonstrating the effectiveness of its
lightweight design. Its inverted residuals and separable convolutions reduce the computation
complexity but still allow it to offer high-quality classification. Pre-trained ImageNet features
were fine-tuned, making it possible for the model to successfully adapt to Bangladeshi street
food characteristics.

The fine-tuning process combined with batch normalization as well as dropout and L2
regularization allowed MobileNetV2 to learn features that it used to discriminate between
visually similar classes, including Velpuri and Fuska. The accuracy, precision, recall, and
Fi-score of the model reached about 99% of accuracy which is higher than that of the other
models used in this study. The fact that MobileNetV2 is highly effective in classification as well
as applicable on the embedded and mobile devices makes it an excellent option for future usage.
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Overall, the results show that effective modification of the lightweight architecture allows highly
accurate results to be obtained even when there are no powerful algorithms used in the system.

8.3.1 Strengths

The MobileNetV2 model was fine-tuned showing notable advantages. The model’s accuracy,
precision, recall, and Fi-score reached near-perfect scores of approximately 99%, easily
distinguishing between the ten Bangladeshi street food categories. Similarly, it performed
successfully in separating foods that may have been perceived as similar, such as Velpuri and
Fuska, thus proving that the augmented training data and the two-stage fine-tuning process were
effective.

Another benefit is that the model is lightweight. Compared to other similar models, it succeeds in
achieving high classification performance and efficiency. Moreover, it demonstrates low
computational and memory requirements, which makes it a suitable option for mobile and
embedded applications.

8.3.2 Weaknesses

Although MobileNetV2 obtained good classification performance, there are still some limitations
in fine-tuning. The dataset is relatively small compared with large benchmark datasets, such as
Food-101 and UEC-Food256. It is more street food specific and limited to Bangladeshi food
only, thus may not be able to be used on different types of food. Besides, the image may be
affected by poor lighting conditions, occlusion, changing background, and low image quality,
which also may affect the performance of the system.

In addition, the system can only be used for image-based classification. It also does not take
advantages of multimodal information and continuous learning, as well as nutrition estimation or
video-based identification. LIME and Grad-CAM have already been applied to make the model
more interpretable and in the future, modelling might become more reliable and effective by
validating the explanations by using these techniques.
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9 Limitations

Though the proposed machine-vision-based Bangladeshi street food recognition system
performed well in classification accuracy, there are some limitations in terms of our research
methodology and the context in which this system would be used in the future, such as
limitations in the scope of our dataset, different image acquisition environments and potential
deployment challenges.

9.1 Dataset scope and diversity

The dataset prepared as part of our project currently comprises images from ten selected
categories of Bangladeshi street foods. Our dataset does vary from food to food in terms of
lighting conditions, view angles, backgrounds and presentation styles, and cannot claim to
include the visual variation found within all Bangladeshi street foods or their diverse display on a
real world setting. Some foods may look more similar to others, hence poses a higher task of
distinction of food items from the selected menu. Thus, expanding the dataset in size along with
incorporating new food items and varied visual representations of those selected categories
would strengthen the overall capability and generalization ability of our proposed method.

9.2 Real world environmental variations

Performance of the current system could be degraded under imaging conditions such as, a very
low or a very high illumination scenario; a severely blurry an image; one where parts of the dish
is occluded; a viewer looking at the dish from a very different angle; a complex cluttered
background image and many more other conditions where we wouldn’t be able to get an exact
similarity compared to the condition in which we prepared and tested our data. We utilized image
augmentation techniques for overcoming these issues but it can't reproduce an actual real world
setting. We need to conduct a test on an independent set of samples from various conditions for
proving real-word practicality.
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10 Conclusion & Future Work

This paper proposed a deep learning model for recognizing food images through computer vision
techniques. It developed a tailored dataset, consisting of 4,000 images from 10 various street
food classifications, then enlarged it to 16,000 images using data augmentation techniques.
Different pre-trained CNN models, for example, InceptionV3, DenseNet121, MobileNetV2,
NASNetMobile, and Xception, were tested under the same conditions.

10.1 Conclusion

The comparison of the results confirmed that the usage of the augmented dataset enhanced the
performance of models in terms of classification. MobileNetV2 showed the best performance
considering baseline models, with an accuracy of 93.75%, and hence, a two-phase transfer
learning method was implemented, in which a specific classification head was added to
MobileNetV2, and the top part (40 layers) of the network was fine-tuned. The efficiency of this
model was indicated by reaching almost 99% in accuracy, precision, and recall on the testing
dataset and a significantly better performance comparing to the original architecture.

Grad-CAM and LIME were also applied for providing visual feedback on the classification
process and confirming that appropriate food attributes played a role in classification. All in all,
the results of the study support the idea that the light-weight architecture of MobileNetV2,
combined with transfer learning, image augmentation and selective fine-tuning can provide an
accurate and effective solution for Bangladeshi street food recognition.

10.2 Future Work

The proposed system produced reliable classification results, but there remain several options for
future work. The dataset could be enlarged to include more classifications of food products,
larger amounts of the original images, and more pictures taken in different conditions. Future
research could also be dedicated to aspects of real-time identification with the help of mobile or
edge devices, especially because the compact version of MobileNetV2 is particularly useful in
this case.

The future work could also cover extensions of the proposed system beyond the classification of
images and its applying in real-life situations of the detection of food, assessing nutrition facts
and recognizing street food in videos. It would also be beneficial to investigate more
explainability approaches that would offer deeper understanding of the decisions the model
makes. Finally, successful deployment of the model in mobile/web applications would help turn
the proposed system from a laboratory prototype into an actual system for recognizing street
food in Bangladesh.
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11 Publication History

The paper titled “Machine-Vision-Based Bangladeshi Street Food Recognition” prepared for
submission to the 6th International Conference on Emerging Trends and Technologies on
Intelligent Systems (ETTIS-2026) and passed the peer-review and revision process accordingly.
The study was accepted for presentation and publication in the framework of the conference
which took place from 01 to 03 July 2026. The presentation of the paper at this event was given
in collaboration with various international academic and research institutions such as IIT
Roorkee, NSUT Delhi, Petroleum-Gas University of Ploiesti (Romania), Universit¢ de
Haute-Alsace (France), Northeastern University (USA). The acceptance and presentation at the
conference demonstrates the significance and value of the study in the implementation of
machine vision and deep learning methods in the sphere of recognition of street food in

Bangladesh.
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