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1. INTRODUCTION

The classification of medical images such as lung and colon plays an important role in the healthcare field
[1]. This classification allows healthcare professionals to diagnose diseases such as cancer, infections, or other
conditions more accurately and efficiently [2]. It also contributes to the development of early detection and
disease monitoring methods, potentially saving patients' lives [3]. Understanding the classification of lung and
colon has significant implications for the prevention, diagnosis, and treatment of serious diseases [4].

Knowledge Distillation (KD) in machine learning involves transferring learning from a teacher model
that has a large size to a student model that has a smaller size [5]. This process uses the soft prediction of the
teacher model to train the student model, allowing it to learn not only from the original data but also from the
probabilistic output of the teacher model [6]. This technique is essential for implementing models on resource-
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constrained devices such as smart phones or embedded systems, as it enables the creation of smaller and faster
models without sacrificing accuracy, thus improving the efficiency and performance of real-world applications,
especially critical in fields such as medical image recognition. [7].

Advances in deep learning technology have had a significant impact on the classification of lung and
colon cancers, offering a promising methodology for improving diagnostic accuracy and efficiency. Byeon et
al. [8] developed and validated a deep learning model to classify digital pathology images of colon lesions and
achieved an average diagnostic accuracy of up to 97.3%. Talukder et al. [9] introduced a hybrid ensemble
feature extraction model for lung and colon cancer detection, so as to achieve a high degree of accuracy, which
can support clinical diagnosis. Baleci et al. [10] presents a novel approach that combines 3D image analysis and
series classification for lung nodule images with an accuracy value of 92.84. Alshmrani et al. [11] proposed
deep learning architecture for multi-class lung disease classification, including COVID-19, with superior
performance metrics. Research focusing on lung cancer detection using computational intelligence techniques
on CT scans reported the modified AlexNet-SVM classification model managed to get an accuracy value of
97.98% [12]. Research by Pandit et al. [13] conducted research to improve prediction accuracy and reduce lung
tumor recognition processing time using multispace images in the pooling layer of convolutional neural
networks and achieved a classification accuracy value of 99.5%.

KD is a technique for compressing models and improving efficiency by transferring knowledge from
complex models to simple models without compromising performance [14]. It is important in medical image
classification to implement lightweight models on resource-constrained devices that enable fast and accurate
diagnosis in clinical settings or with portable medical devices. This method maintains the predictive quality of
deep models while reducing size and computational demands.

Several previous studies have used KD methods to produce lighter models for various classification tasks.
Multi-target knowledge distillation via student self-reflection (MTKD-SSR) improves performance on visual
recognition tasks by enhancing teachers' knowledge disclosure and students' knowledge digestibility [15].
Neuron manifold distillation (NMD) emulates teacher output distribution and learning feature geometry,
exhibiting a consistent accuracy-speed trade-off [15]. In graph neural networks (GNN), KD improves
performance by learning node-specific distillation temperatures, demonstrating its flexibility and applicability
across different model architectures [16]. Generalized knowledge distillation (GKD) facilitates transfer of
learning between different or overlapping task domains, emphasizing the versatility of the KD [17]. KD enables
efficient model deployment on edge devices for tasks that require real-time processing, such as medical image
classification, important in diagnosing critical conditions such as lung and colon cancer, where fast and
accurate classification can have a major impact on patient outcomes [18].

This research aims to apply the knowledge distillation method to medical image classification, especially
in the case of lung and colon image classification using various transfer learning models. This research
contribution is carried out with the main purpose of compressing complex models into simpler models while
maintaining a high level of accuracy in the lung and colon classification work. The model created is expected
to be applied to devices with limited resources, such as mobile devices or edge devices.

The research question to be answered is to find out how well the classification performance with KD
techniques is accompanied by conducting a comparative analysis of several popular transfer learning models
namely DenseNet, MobileNet, InceptionV3, Xception and Resnet50. By answering these questions, this
research is expected to make a valuable contribution in the development of more efficient and effective medical
image classification methods, as well as increase our understanding of the potential of knowledge distillation
in improving the performance of models used in healthcare applications.

2. METHODS
The framework proposed in this research includes several stages from data preparation to comparing the
performance of each transfer learning model which can be seen in Figure 2.

2.1. Dataset

This dataset contains 25,000 histopathology images divided into 5 classes. All images are 768 x 768 pixels
in size and jpeg format. The images were derived from an initial sample of HIPAA-compliant and validated
sources, consisting of a total of 750 lung tissue images (250 benign lung tissue, 250 lung adenocarcinoma, and
250 lung squamous cell carcinoma) and a total of 500 colon tissue images (250 benign colon tissue and 250
colon adenocarcinoma), which were then expanded to 25,000 using the Augmentor package. This dataset
consists of five classes, each having 5,000 images, viz: benign lung tissue, lung adenocarcinoma, lung
squamous cell carcinoma, colon adenocarcinoma, and benign colon tissue. The dataset can be accessed at the
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following link:  https:/www.kaggle.com/datasets/andrewmvd/lung-and-colon-cancer-histopathological-

umages.

Fig. 1. Lung and Colon Dataset.
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Fig. 2. Flow of proposed research framework

2.2. Preproceesing

The preprocessing of the image dataset is done before feeding the data into the model for training. The
first step is normalization, where the pixel value ranges from 0-255 is converted to 0-1 using the Rescaling
layer of TensorFlow. After that, the dataset was divided into three parts: training data, validation data, and test
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data. The division is done with a ratio of 80% for training data, 20% for test data, and validation data is taken
from the training dataset by taking 20% of the training data. The loaded data is then cached to speed up access,
randomized in each batch, and refetched to prepare for the next batch during training. Finally, a garbage
collection technique is performed to free up memory from objects that are no longer used, thus ensuring
efficient memory usage during the training process.

2.3. Model Architecture

The proposed architecture involves the use of knowledge distillation from the teacher model to the student
model. In this process, the teacher model will perform transfer learning to the student model. Transfer Learning
is a technique in machine learning where a model that has been trained on one task is reused as a starting point
for training on another different task [19]. This technique is especially useful when the training data for a new
task is limited or insufficient to train a model from scratch.

2.3.1 Teacher Model

The teacher architecture model uses DenseNet169, a type of convolutional neural network architecture
consisting of several interconnected dense blocks [20]. The mathematical equation of DenseNet169 can be seen
in Equation 1.

y=x+ ) F(x) (M
i=1

DenseNet169 connects each layer with every other layer in a feed-forward fashion. The equation
expresses the output y as the sum of the input x and the F unction applied to all previous layers. This F function
represents a non-linear operation that is usually a combination of convolution, batch normalization, and ReLU
activation operations. This approach helps mitigate the vanishing gradient problem and allows reutilization of
features from previous layers, leading to better parameter efficiency and improved performance [21].

After the last block of DenseNet169, the GlobalAveragePooling2D layer is added to calculate the spatial
average of the output features of each channel. This results in a feature vector that is reduced in dimension but
retains important information. This is followed by a Dense layer containing 512 units and a ReLU activation
function, aiming to learn a more abstract representation of the features. To reduce overfitting during training,
Dropout is used with a dropout rate of 0.5 to randomly deactivate some units.

The training configuration in the teacher model uses the Adam optimizer which is efficient and often used
in training neural networks. The loss function used is sparse categorical crossentropy, suitable for multi-class
classification with labels that are not encoded to be one-hot. The metric used is accuracy, measuring how well
the model can predict the image class from the test dataset.

2.3.2 Student Model

The student model uses several popular transfer learning types such as DenseNetl21, MobileNet,
Resnet50, InceptionV3 and Xception. DenseNet121 is one of the variants of the DenseNet (Densely Connected
Convolutional Networks) architecture, which was introduced by Gao Huang, Zhuang Liu, Laurens van der
Maaten, and Kilian Q. Weinberger in 2017. DenseNet is designed to improve the efficiency of using the features
extracted by the layers in the network [22]. In the DenseNetl121 architecture, each layer is directly connected
to all subsequent layers. This means that the features generated by each layer are used as inputs for all
subsequent layers, which helps in reducing the gradient gradation problem and makes the network more
efficient in utilizing the features.

A dense block in DenseNet121 consists of multiple convolution layers with small kernel sizes (typically
3x3), and each convolution layer takes input from all previous layers in the block [23]. With this principle,
DenseNet121 can reutilize all the features generated by the previous layers, thus enabling high efficiency and
improved performance on various pattern recognition and image classification tasks.

MobileNet is a convolutional neural network architecture designed by Google for use on mobile devices
and embedded applications with limited computing resources [24]. MobileNet aims to provide a good balance
between performance and efficiency, enabling the use of deep learning on devices with low processing power
and limited power consumption. In general, the MobileNet architecture consists of a series of depthwise
separable convolution blocks followed by several standard convolution layers and a pooling layer.

ResNet50 (50-layer Residual Network) is one of the very popular and successful convolutional neural
network architectures, which was introduced by Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun in
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the paper "Deep Residual Learning for Image Recognition" in 2015 [25]. ResNet50 is known for its ability to
train very deep networks with hundreds of layers without suffering from degradation issues common in very
deep networks.

InceptionV3 is one of the convolutional neural network architectures developed by Google, introduced in
the paper "Rethinking the Inception Architecture for Computer Vision" by Christian Szegedy in 2015 [26].
InceptionV3 is an advanced and more efficient version of previous Inception architectures (including
GoogleNet and InceptionV1/V2 [27].

Xception is a convolutional neural network architecture introduced by Frangois Chollet in the paper
"Xception: Deep Learning with Depthwise Separable Convolutions" in 2017 [28]. Xception stands for
"Extreme Inception" and is an extension of the Inception architecture. Xception replaces the standard Inception
module with depthwise separable convolutions, which aims to improve model efficiency and performance.

2.4. Knowledge Distillation

Knowledge Distillation (KD) is a method used to transfer knowledge from larger and complex models to
smaller and simpler models [29]. The main goal of knowledge distillation is to produce smaller models with
performance close to or even equivalent to that of larger models [30]. This process enables the use of models
that are more efficient in terms of computation and memory, making them suitable for implementation on
resource-constrained devices [31].

In this experiment, the transfer learning architecture uses DenseNet169 as the teacher model and several
types of transfer learning architectures as the student model. DenseNet169 was chosen because of its superior
ability to extract features from data with complex structures, while DenseNet121, MobileNet, ResNet50,
InceptionV3 and Xception were chosen as student models because they have simpler and lighter architectures.

The distillation process is done by transferring knowledge from the teacher model to the student model.
This is achieved by comparing the output of the two models using a predetermined loss function, namely Sparse
Categorical Crossentropy. The Sparse Categorical Crossentropy equation can be seen in Formula 2.

Lgcp = — Zil(’g iy 2

Where q;, y; is the probability predicted by the student model for the original label y;.

Sparse Categorical Crossentropy is a loss function used in classification problems, especially when the
output is an integer label and not a one-hot encoded vector [32]. It is a variant of the Categorical Crossentropy
function that is more efficient and practical in situations where we have integer labels. This loss function not
only considers the prediction error of the student model against the original label, but also the prediction error
against the probability distribution generated by the teacher model [33].

In addition to using loss functions, KD also uses the Kullback-Leibler (KL) Divergence method to
measure how well the student model output distribution approaches the teacher model output distribution that
has been softened using temperature () [34]. The equation for KL Divergence can be seen in the Formula 3.

pi
Lo =7 ) pllog (y ®)

Where pT and q! are the probability distributions of teacher and student with softening using temperature
7. The total loss function is a combination of Sparse Categorical Cross-Entropy Loss and KL Divergence as
shown in Formula 4.

Here, a is a weighting factor that controls the contribution of both loss components. By choosing
appropriate values of a and t, the student model is trained to emulate the behavior of the teacher model while
maintaining good performance on the original training data.

The weight optimization of the student model is done using Adam's optimizer, which is known for its
adaptive ability in setting the learning rate for each parameter. This optimization process aims to minimize the
loss function so that the student model can approach the performance of the teacher model [35].

In addition, the proposed distillation model uses callbacks to save the best weights of the model during
the training process [36]. This means that whenever there is an improvement in performance on the validation
data, the model weights will be saved. This technique helps in preventing overfitting and ensures that the
resulting model is the best one possible.
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2.5. Model Evaluation

In this research, the model evaluation process is conducted through a final evaluation on a pre-prepared
test dataset. The three models evaluated include the teacher model, the distilled student model, and the student
model trained from scratch. This evaluation aims to comprehensively compare the relative performance of the
three models. The evaluation process involves measuring the accuracy of each model on the test dataset, which
is then displayed as a bar graph.

The bar graph serves to provide a clear visual understanding of how well the model generated from the
distillation process performs compared to the reference model (teacher) and the model trained from scratch.
As such, it not only displays accuracy figures, but also facilitates visual analysis that makes interpretation of
the results easier.

Model evaluation is an important stage in this research as it allows us to measure the effectiveness of the
knowledge distillation method in producing smaller models that still perform well. The results of this
evaluation provide insight into how knowledge distillation can maintain or even improve the accuracy of
student models compared to teacher models and models trained from scratch. In addition, this evaluation can
also reveal potential weaknesses or areas of improvement of the distillation method used, thus providing
direction for further research and development.

3.  RESULTS AND DISCUSSION

According to the research methods conducted, the results of this study show how each stage in the
proposed framework contributes to the achievement of the research objectives. Experimental results for the
training of the teacher model (DenseNetl69), student models (DenseNetl21, MobileNet, ResNet50,
InceptionV3 and Xception) trained from scratch, and student models generated from the knowledge distillation
process. Each model is evaluated based on its training and validation performance, measured using accuracy
and loss metrics. To provide a comprehensive overview, the results are visualized through accuracy and loss
curves over the training epochs, as well as through a table summarizing the accuracy and loss values at the end
of training.

Figure 4 shows the training and validation accuracy curves for each model. These curves help visualize
how the model performance improves as the number of epochs increases. The DenseNet121 student model
during training has almost the same accuracy value as the DenseNet169 teacher model. The DenseNet121
student model also generally outperformed the performance of the student model built from scratch without
using transfer learning during validation. The MobileNet student model during training has a higher accuracy
value than the DenseNet169 teacher model. The MobileNet student model also generally outperformed the
performance of the student model built from scratch without using transfer learning during validation. The
ResNet50 student model during training has an accuracy value that is equal to the teacher model, DenseNet169.
The ResNet50 student model also generally outperformed the performance of the student model built from
scratch without using transfer learning during validation. The InceptionV3 student model during training has
an accuracy value that is equal to the teacher model, DenseNet169. The InceptionV3 student model has also
generally outperformed the performance of the student model built from scratch without using transfer learning
during validation. The Xception student model during training has a higher accuracy value than the
DenseNet169 teacher model. The Xception student model has also generally outperformed the performance of
the student model built from scratch without using transfer learning during validation.

Figure 5 displays the distiller loss curve, which illustrates the decrease in loss value during the training
process. Lower loss values indicate that the model is able to minimize its prediction error. All transfer learning
models applied to the student model show lower loss values than the teacher model and student stracth model.
The comparison between the teacher and student models will provide insight into the efficiency of the
distillation process in reducing loss without overfitting.

Table 1 summarizes the training performance of the models by presenting the final values of accuracy
and loss on both the training and validation data. These values provide a quantitative indication of how well
each model learns from the given data and how well they can generalize to data they have not seen before. The
data shows that the performance of the Xception model is the model with the highest accuracy value in the
student model.
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Table 1. Comparison of Student Model Accuracy Value.
Transfer Learning Student Model Accuracy

DenseNet121 0.8074

MobileNet 0.9432

ResNet50 0.8905

InceptionV3 0.8905

Xception 0.9695

Transfer Learning Model Comparison
0.9695
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Fig. 3. Comparison Chart of Transfer Learning Model on Student Model

These training results will form the basis for further evaluation on test datasets, which will help determine

the effectiveness of the knowledge distillation method in generating smaller models that still perform well. By
analyzing the training results in detail, we can understand the strengths and weaknesses of the proposed

approach and provide recommendations for future research.
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Fig. 4. Training dan Validation Accuracy from (a) DenseNet121, (b) MobileNet, (c) ResNet50, (d)

InceptionV3 and (d) Xception
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4. CONCLUSION

This research successfully demonstrates that the knowledge distillation method can be effectively used to
compress complex models into simpler models without sacrificing performance. Using DenseNet169 as the
teacher model and various transfer learning architectures as student models (DenseNet121, MobileNet,
ResNet50, InceptionV3, and Xception), this research evaluates the performance of each model based on
accuracy and loss value. The results showed that all student models generated through the KD process were
able to achieve accuracy close to or even exceeding the teacher model in some cases. In particular, the Xception
model as a student achieved the highest accuracy of 96.95%. The evaluation process also revealed that KD can
maintain or even improve the accuracy of student models compared to teacher models and models trained from
scratch without transfer learning. In conclusion, KD is an efficient method to reduce the size and computational
demands of deep learning models, which is particularly beneficial for applications on devices with limited
resources such as mobile or edge devices.
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