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Abstract

Research into machine learning and deep learning methods for image categorization has been sparked by
the explosion of visual content available on digital platforms, with particular interest in domains such as
food image recognition. With so many food-related images available on the internet and social media
platforms, automated food image categorization is a major difficulty. Deep Convolutional Neural Network
architectures offer a promising approach by leveraging pre-trained models and transfer learning to extract
meaningful image representations. EfficientNetB0 is an example of a pre-trained deep learning
architecture that has demonstrated impressive ability in extracting high-level features from images. This
study explores the effectiveness of using deep features extracted from the average pooling layer of a fine-
tuned EfficientNetB0 model for the classification of complex food images using the Food-101 dataset.
Subsequently, the features extracted are passed as input to a Categorical Boosting (CatBoost) classifier. To
assess performance, we compare the classification accuracies of CatBoost, Support Vector Machines with
various kernels, and a Random Forest classifier, all utilizing the same set of extracted features, against the
accuracy of the end-to-end fine-tuned EfficientNetB0O model. Our experiments reveal that the proposed
EfficientNetB0-CatBoost framework achieves the highest classification accuracy for classifying complex
food images, highlighting the potential of CatBoost for efficient classification of deep features.

Categories: Al applications, Image Processing and Analysis, Deep Learning
Keywords: food image classification, deep learning, categorical boosting, machine learning, efficientnet

Introduction

The integration of deep learning and machine learning methodologies has ushered in a new era of
problem-solving across various fields [1]. Machine learning techniques provide powerful tools for
detecting complex patterns in large datasets. By utilizing these techniques, it is possible to identify
minute variations in colors, textures, and forms, enabling highly accurate classification of food images [2].
On the other hand, deep learning has emerged as a powerful approach for handling high-dimensional and
complex data, demonstrating unparalleled capability in modeling intricate patterns and relationships
within complex datasets [3]. When it comes to feature extraction, convolutional neural networks (CNNs)
have shown themselves to be highly proficient, collecting hierarchical representations of images with
ease [4]. The collaboration between deep neural networks and machine learning algorithms has
significantly expedited and enhanced the accuracy of classification processes, marking a notable
advancement in addressing complex challenges within diverse domains [5]. The classification of deep
features extracted from transfer-learned pre-trained networks has yielded promising results in the past [6-
7]. This integration has brought about transformative changes, particularly in the realm of food image
classification [8], a pivotal aspect in today's digitally driven landscape characterized by the widespread
sharing of visual content.

There are several researchers who have applied deep learning and/or machine learning for classification of
food-related images. We discuss some of these works next. Medus et al. [9] presented a method for using
CNNs in heat-sealed food trays for real-time packaging control using hyperspectral imaging systems. The
CNN architecture and training methods achieve a global fault detection accuracy of over 94%. The
algorithm can be combined with automated production line control at a maximum speed of 14 food trays
per second, resulting in a total computation time of 70-105 ms. Bossard et al. [10] introduced a unique
application of Random Forest (RF) for automated food image recognition. The process shares knowledge
across all classes by simultaneously mining discriminative portions. To increase efficiency, the authors
utilized patches that are aligned with image superpixels as components. The model achieved 50.76%
accuracy, outperforming all compared methods except CNNs, including Support Vector Machine (SVMs)
on Improved Fisher Vectors and existing part-mining algorithms. Jiang et al. [11] provided a three-step
algorithm that combines nutritional evaluation and food recognition using deep models. The system
classifies food items into categories, analyzes nutritional elements, and identifies multi-item food items
using a three-step algorithm. This results in clear insights into good eating habits and daily recipe
guidance for users. Pandey et al. [12] presented a multilayered CNN pipeline-based automated food
identification system. Preprocessed images are utilized to train and fine-tune the network, and for
increased accuracy, the filter outputs are fused. According to experimental results, the proposed ensemble
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architecture outperformed state-of-the-art models on a large real-world food identification database and
a new collection of Indian cuisine images. Aguilar et al. [13] proposed a strategy to improve food image
recognition performance by combining multiple classifiers based on convolutional models. Using the
maximum similarity between decision templates and test image decision profiles as the similarity
measure, the method outperforms standalone CNN models. A five-layer CNN was utilized by early
researchers [14] to identify 5,822 images from 10 food categories in a small-scale food image dataset.
When it came to classification, the CNN model outperformed the bag-of-features model and SVM, with an
overall accuracy of 74%. The accuracy was increased to more than 90% by employing geometric
modifications in data augmentation approaches. Because there were not enough training data, the CNN
model had trouble fitting. Rather than simply increasing the number of training epochs, larger
improvements may be achieved by collecting more training data and optimizing the network architecture
and hyperparameters.

Deep pre-trained CNNs harness the power of transfer learning for adaptation to smaller classification
tasks [15]. These networks are pre-trained on a larger dataset — ImageNet — that contains a million images
pertaining to different object categories. Transfer learning in the current application would involve the
fine-tuning of ImageNet weights on the smaller food image datasets, facilitating the transfer of knowledge
from one domain to another. We cite some examples of deep pre-trained CNNs that have been
successfully adapted for food image recognition. Some of the earliest works simply focused on
distinguishing between food and non-food images; Singla et al. [16] employed the GoogLeNet pre-trained
model to achieve the task, with high classification accuracies being obtained. It becomes especially
challenging to differentiate food items when their colors and textures appear similar in images. Due to
high inter-class similarity and substantial intra-class variation, food image classification remains a
particularly difficult challenge in computer vision. In a recent work [17], the authors compared five pre-
trained networks, InceptionV3, DenseNet121, MobileNet, EfficientNetB0, and Xception, and found that
EfficientNetBO, InceptionV3, and Xception performed the best for classification of images from the Food-
101 dataset. DenseNet121 gave the worst performance as compared to other models. Konstantakopoulos
et al. [18] successfully classified Mediterranean food images using the EfficientNet pre-trained model.
They achieved 83.4% accuracy by fine-tuning the EfficientNet model and 78.9% accuracy without fine-
tuning. A similar experiment was conducted by Liu [19] who compared EfficientNetB0 and ResNet50 pre-
trained models on images from the Food-101 dataset. The classification accuracy of EfficientNetB0
(75.14%) was found significantly higher than ResNet50 (62.34%). Ittisoponpisan et al. [20] found
EfficientNet to be effective for the classification of Thai food images.

This study specifically endeavors to assess the classification accuracy achieved by categorical boosting
(CatBoost) (machine learning) utilizing deep features extracted from the EfficientNetBO model (deep
learning) for food image recognition from a complex benchmark dataset.

Materials And Methods

A scrutiny of literature reveals that several experiments on food image classification have been conducted
on the deep pre-trained EfficientNet model, with high accuracies (>80%) being achieved on complex
images from the benchmark Food-101 dataset. The EfficientNetBO model [21] demonstrates an advanced
architecture intended to effectively extract complex patterns from input images. The input flow consists
of convolutional layers, the middle flow consists of repeated mobile inverted MBConv blocks [22-23], and
the exit flow consists of a convolutional, global average pooling and fully connected layers. For deep
feature extraction, we use the Global Average Pooling layer, which is the fourth penultimate layer of the
fine-tuned EfficientNetB0 model. Figure ! illustrates the process of extracting feature maps from this
model.
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FIGURE 1: The deep pre-trained EfficientNetB0 model fine-tuned for the
food image classification task.

Adapted from Igbal et al. [24].

The EfficientNetB0 model is especially well suited for food image recognition due to the following
reasons:

1. EfficientNetBO is well suited for food image recognition due to its compound scaling, which balances
network depth, width, and input resolution for optimal accuracy and efficiency. Compound scaling
increases input resolution, allowing the model to preserve and analyze more pixel-level information,
which is essential for distinguishing visually similar dishes.

2. EfficientNet’s balanced scaling helps it learn both fine-grained details and high-level patterns more
effectively than ResNet (which scales depth) or DenseNet (which primarily increases connectivity).

3. Its use of MBConv blocks and squeeze-and-excitation mechanisms enables effective extraction of fine-
grained visual features — crucial for distinguishing similar food items.

4. The Global Average Pooling layer captures a high-level representation that captures global
characteristics of the food item — such as overall shape, color distribution, and texture patterns, while
reducing overfitting.

5. Its lightweight architecture offers high performance with fewer parameters, making it ideal for practical
applications. Despite its compact size, it maintains high classification accuracy on food datasets such as
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Food-101, where images have complex visual cues and subtle class differences.

Overall, EfficientNetBO achieves strong accuracy on food datasets while remaining computationally
efficient. In the current work, we aim to enhance the deep learning performance of the EfficientNet model
for food image recognition by using it as a feature extractor and leveraging the effectiveness of categorical
boosting to classify the extracted deep features. Previous works have highlighted the significance of the
top-most average pooling layer in deep pre-trained networks as an efficient feature extractor for various
computer vision applications [25-26]. EfficientNetB0 has 237 layers and is known to be a very deep model,
which is also a reason for the high recognition accuracies it achieves. In the current experiments, the top-
56 layers of EfficientNetBO are fine-tuned on the target food image dataset, while the lower 181 layers
retain the original ImageNet weights. The pipeline of the proposed methodology for food image
recognition is illustrated in Figure 2.

— P_re_-Tramed Feature
s EfficientNetB0 Extraction Laver
alase Model R
Y
Classification | Classifiers
Results

FIGURE 2: Pipeline for the proposed EfficientNet-CatBoost framework.

CatBoost, Categorical Boosting

The pre-trained EfficientNetBO model is harnessed to glean intricate features from the Food-101 dataset
images. These features are derived from the Global Average Pooling layer, resulting in a feature vector
initially shaped as (3, 3, 1280). To prepare these features for downstream analysis, we flatten the vector,
transforming it into a tensor of shape 11,520. Each image in the dataset undergoes this transformation,
generating a set of 11,520 features. The activations of the global average pooling payer of the
EfficientNetBO model are subsequently passed as input to the classification phase that comprises of a
CatBoost classifier. Yandex researchers created the robust gradient boosting library CatBoost [27] to
effectively handle categorical information in machine learning applications. It is notable for being
scalable, resilient, and capable of achieving excellent results on a variety of datasets. CatBoost is a flexible
and effective gradient boosting toolkit that performs well with categorical data, reduces overfitting, and
generates reliable and comprehensible models. To test the efficacy of the proposed CatBoost model on the
extracted features, we compare its performance with other machine learning classifiers, such as SVM and
RF that are reported to have achieved acceptable accuracies for food image classification when trained on
popular image features such as Scale Invariant Feature Transform, Speeded Up Robust Features, and
Histogram of Oriented Gradients [28].

Results

The following food categories from the Food-101 dataset [10] were used for the experimentation: Apple
Pie, Breakfast Burrito, Carrot Cake, Cheesecake, Chicken Wings, Chocolate Cake, Donuts, French Fries,
French Toast, Fried Rice, Garlic Bread, Hot Dog, Ice Cream, Lasagna, Macaroni & Cheese, Omelette, Onion
Rings, Pancakes, Pizza, Ramen, Red Velvet Cake, Samosa, Sushi, Tacos, and Waffles, twenty five in all. Each
class comprised 750 training samples and 250 test samples. Therefore, there were 18,750 training images
and 6,250 test images available for the training and testing phases, respectively. The dataset displayed
high inter-class similarity and large intra-class variation that may possibly confuse the machine learning
and deep learning models. Some samples are displayed in Figure 3, which illustrate the subtle similarities
in colors and textures of certain food categories such as Garlic Bread, Pizza, and Ramen.
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Waffles

FIGURE 3: Some samples from the Food-101 dataset showcasing the
complexity of the food images.

All experiments are performed in Python (3.7 version). The images were resized to 224x224 (RGB color)
prior to application to EfficientNetB0. The EfficientNetBO model was trained on the Food-101 dataset for
around 40 hours using an Intel Core i7 11th generation CPU with 16GB RAM, without GPU acceleration.
The hyperparameter selection process is crucial to the performance of both deep learning models and
traditional classifiers. To ensure robustness and generalizability, we employed a systematic tuning
approach using grid search, which allowed us to identify optimal configurations, rather than relying on
arbitrary choices. For the EfficientNetBO model, training was performed using the Stochastic Gradient
Descent (SGD) optimizer with a learning rate of 0.1 and momentum of 0.9. A dropout rate of 0.5 was
employed to mitigate overfitting and promote more robust learning. The model was trained with a batch
size of 32 across multiple epochs, allowing for iterative refinement of its weights. Additionally, a flexible
learning rate schedule was maintained during training to adaptively optimize performance across epochs.
For the CatBoost classifier, key parameters include the number of trees, tree depth, and learning rate-all of
which significantly influence model complexity and convergence behavior. Specifically, we set the tree
depth to 5, optimized the learning rate to 0.01, and used 1,000 trees. To prevent overfitting and ensure
robustness, we applied early stopping and L2 regularization, which collectively improved the classifier’s
accuracy and stability on food image data. For SVM, hyperparameters were tuned using grid search,
resulting in gamma = 0.1 and C = 1 as the optimal configuration. In the case of the RF classifier, we
configured the model with 200 trees (number of estimators) and a maximum depth of 30 per tree,
balancing performance with computational efficiency.

Table I presents the accuracy results of various approaches explored in our study. We compare with the
baseline EfficientNetB0O model that has proved to outperform other deep learning models like ResNet,
DenseNet and MobileNet for food image classification [17-20]. For the classification phase, we test the
efficacy of CatBoost, SVM (linear, Gaussian, and polynomial kernels), and RF classifiers on the extracted
deep features.
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Model Methodology Accuracy
(Baseline) EfficientNetBO Deep learning 81.49%
EfficientNetB0-Random Forest Deep learning + Machine learning 74.15%
EfficientNetB0-SVM (linear) Deep learning + Machine learning 84.61%
EfficientNetB0-SVM (Gaussian) Deep learning + Machine learning 82.46%
EfficientNetB0 (Polynomial) Deep learning + Machine learning 79.45%
EfficientNetB0-CatBoost (Proposed) Deep learning + Machine learning 87.53%

TABLE 1: Comparison of classification performance across different deep learning models on the
Food-101 food image recognition task.

Discussion

Figure 4 presents the training accuracy and loss curves of the proposed model, illustrating the learning
progression over epochs. The accuracy curve reflects how well the model improves in correctly classifying
training samples, while the loss curve indicates the model’s error reduction during training. A smooth
decline in loss and a steady rise in accuracy typically signify effective learning and convergence.
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FIGURE 4: Training accuracy and loss curves of the proposed model,
illustrating the learning dynamics and convergence behavior over
successive epochs.

As observed from Table I, the baseline EfficientNetB0O model achieved an accuracy of 81.49%, serving as a
reference point for hybrid approaches. Among the machine learning classifiers, CatBoost significantly
outperformed others, reaching the highest accuracy of 87.53%. SVM with a linear kernel also showed
strong performance at 84.61%, surpassing the baseline. SVM with a Gaussian kernel and Polynomial
kernel achieved moderate results at 82.46% and 79.45%, respectively. The RF model lagged behind with
only 74.15%, indicating a poor fit for the extracted deep features. Among all methods, the proposed
EfficientNet-CatBoost framework achieved the highest accuracy of 87.53%, demonstrating its superior
performance for food image classification. Overall, combining deep learning with advanced machine
learning methods, particularly CatBoost, led to improved classification performance.

Conclusions

This study explores the synergistic combination of strong classification algorithms, such as CatBoost with
deep feature extraction from very deep pre-trained models. Our goal is to improve performance and
accuracy in food image classification tasks by determining the best feature extraction and classification
method combination via careful experimentation and review. Our research concludes by demonstrating
how well the deep learning models — specifically, the EfficientNetBO0 architecture — perform for challenges
involving the categorization of food images. The EfficientNetBO architecture is trained on 18,750 images
of the benchmark Food-101 dataset encompassing twenty five food categories. We sought to assess the
classification accuracy by extracting deep features from the global average pooling layer of the
EfficientNetBO model, and passing them into conventional machine learning classifiers like CatBoost,
SVM, and RF, for classification. Our findings show that CatBoost outperforms SVM and RF, achieving the
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highest test accuracy of 87.53%, demonstrating its effectiveness in classifying food images using deep
extracted features. This suggests that combining categorical boosting with deep learning can enhance
classification performance. However, to ensure broader applicability, future work should explore potential
dataset biases, overfitting risks, and the scalability of this framework in real-world food recognition
systems.
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