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Abstract. Due to recent growth in technology, machine learning has emerged to be an effective
auxiliary tool in medical field. However, the effectiveness of transfer learning architectures
trained on non-medical image data remains unclear. In this paper, two VGG-16 models, a type
of pre-trained Convolutional Neural Network architecture, were constructed to classify kidney
CT images that belong to four categories: normal, stone, cyst, and tumor. Two VGG-16 models
have identical parameters except for the pre-trained weights: one has pre-trained weights trained
on ImageNet, and the other one trained on a random large-scale dataset. To gather a more
detained insight into model’s performances, saliency maps and Grad-CAM are employed to
assess the models' ability to extract relevant features from the CT images. The result
demonstrated that VGG-16 model that is trained on ImageNet can achieve 98.96% accuracy,
which is about 30% higher than the other VGG-16 model. The saliency maps and Grad-CAM
also support the difference in test accuracy: the model with random pre-trained dataset has
saliency map that highlights the whole picture and Grad-CAM image that does not highlight any
part of the CT image data, showing that it cannot correctly locate the key features. Additionally,
the model with ImageNet can correctly highlight the principal features in both maps. In this study,
the utilization of ImageNet is proven to be effective in the usage of transfer learning in processing
medical image. Future research and exploration should focus on further enhancing the
application of transfer learning in the medical field.
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1. Introduction

Kidney serves as indispensable component in the elimination of waste substances from blood and the
equilibrium of water as well as essential minerals within the human body [1]. The importance of kidney
cannot be overstated, as impaired kidney function can result in both significant suffering and mortality;
notably, Chronic Kidney Disease (CKD), a type of abnormality of the kidney, has ascended to be the
16th principal cause of mortality, impacting an estimated population of over 800 million individuals
worldwide [2]. Predominant kidney abnormalities include the formation of kidney cyst, stone, and tumor
[3]. Therefore, kidney cysts are fluid-filled sacs, which form on the surface of the kidney [4]. Kidney
stones are crystalline concretion of minerals that develop within the kidney. They are closely associated
with end-stage renal failure, impacting approximately 12% of the global population [5]. In terms of
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kidney tumor, it can be further categorized into two different phenotypes: benign tumor and malignant
kidney tumor, also known as renal cell carcinoma (RCC). RCC has emerged to be one of the ten most
common cancers on a global scale [4, 6].

The early stages of kidney abnormality often manifest without symptoms and gradually progress
over the course of several years until reaching the end stage [7]. The principal treatment of end-stage
renal failure is renal replacement, which typically incurs a significant financial burden for the majority
of patients [8]. Therefore, early-stage detections and interventions are crucial in found in preventing and
delaying the progression of kidney abnormalities [8]. Computed tomography (CT) imaging is highly
preferred by radiologists in diagnosing kidney abnormality due to its capability to produce high-
resolution images characterized by clear anatomical details, optimal contrast, and superior spatial
resolution [4]. However, radiologists and nephrologists may occasionally encounter challenges in
accurately diagnosing certain cases, leading to the possibility of misdiagnosis [9]. Furthermore, the
current standard CT screening procedures are frequently associated with exorbitant financial costs [10].

In recent times, deep learning emerged as a highly efficient and cost-effective approach for
ameliorating Kidney disease diagnosis via image processing and classification. Collecting medical
images, nevertheless, poses significant challenges for scientists [11]. Ethical issues such as safeguarding
patients’ privacy, ensuring anonymity, and obtaining informed consent are closely associated with the
data-gathering process [11]. Various laws and regulations are set to ensure the ethical standards are
compiled during all process of data collection. As a result, the availability of medical data is relatively
limited compared to other fields. Furthermore, the situation is exacerbated by the lack of sufficient
public medical image datasets, despite the existence of several published researches in related fields [4].

Transfer learning offers an effective solution by leveraging the ability to transfer learned parameters
from pre-trained Convolutional Neural Network (CNN) models trained on large datasets [12].
Specifically, transfer learning involves two approaches: feature extraction and fine-tuning [12].
ImageNet is a large database that consist of more than 14 millions of annotated images often used in
transfer learning [12]. The utilization of ImageNet in transfer learning, which encompasses diverse
images across various domains, enables a pre-trained model to learn shapes similar to those in the target
domain through images belonging to other fields [12]. However, it is worth nothing that the VGG-16
model’s pre-trained weights are derived from training on the ImageNet dataset, which primarily consists
of general images rather than medical images. This issue also arises with transfer learning-based
algorithms for other medical data set recognition [13-15]. Therefore, the extent to which these pre-
trained weights can be effectively transferred and applied to medical imaging tasks requires further
investigation and exploration. Very Deep Convolutional Networks (VGG) is a type of CNN model that
is one of the best computer vision models [16]. VGG can be trained on ImageNet, which allows it to
transfer pre-trained weights from general images to specific target models. Despite its simplicity, VGG
has been proven to be able to classify 1000 images in 1000 distinctive domains with an accuracy of 92.7%
[16]. Such performance highlights the effectiveness and reliability of VGG for image classification tasks,
further supporting its suitability for application in the classification of Kidney CT Images.

In this study, two VGG16 models were constructed and compared. One model had randomly
initialized weights, while the other model utilized ImageNet as the pre-training dataset. The evaluation
was performed on a publicly available online dataset [17]. The performance of each model was evaluated
and compared using metrics such as accuracy score and loss rate. However, solely relying on these
numbers does not offer a comprehensive understanding of the underlying reasons for a model’s success
or underperformance. To gain a deeper insight into the models’ performance, this study employed
techniques such as Grad-CAM, saliency maps, and confusion matrix to provide explanations and
visualization that shed light on the factors contributing to the models’ performance.

The remaining sections of this paper are organized as follows: Section 2 presents a description of the
dataset and the approach. Section 3 presents the results and provides an analysis. Section 4 discusses the
conclusion, along with potential future works.
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2. Methods

2.1. Dataset preparation

This study uses a publicly available dataset found on Kaggle [17]. This dataset contains 12,446
distinctive RGB-based CT image data in different size divided into four unique categories: cysts, normal
(cases), (kidney) stones, and tumors. Specifically, the dataset contains 3,709 cysts, 5,077 normal cases,
1,377 kidney stones, and 2,283 tumors [18]. These data were gathered with the help of Mehedi Hasan,
a Medical Technologist, from multiple hospitals in Bangladesh. Figure 1 provides a sample CT image
with tumor.

Figure 1. A sample CT image with Tumor.

2.2. CNN-based kidney CT images classification

As a type of deep learning model that can extract key features through convolving grid-like topology,
CNN is especially suitable for processing images [18]. What sets CNN apart from other deep learning
models is its capability to learn and extract the unique features and patterns within images. In a
conventional CNN architecture, the initial component is the convolutional layer, succeeded by a pooling
layer, and ultimately a fully connected layer [19] (shown in Figure 2). Typically, a convolutional layer
is paired with a pooling layer, performing the feature extraction process of a CNN [19]. The output from
the previous layers is subsequently mapped to the final output layer through a fully connected layer.

The convolution layer processes the images with a kernel, which is an array of numbers. At every
position of the input, the kernel's individual elements are multiplied with the corresponding elements of
the input. The resulting products are then summed together to calculate the value of that specific position
in the output. Since features can be located anywhere within the input image, the kernel needs to traverse
the entire image. This movement of the kernel across the image is referred to as convolution, and the
step size by which the kernel moves is known as the stride. After the entire input image has been
convolved, an output is generated consisting of all the summed products between the input and the
kernel. This output is referred to as the feature map [18].

To minimize the number of learned parameters, which is also known as the dimensionality, pooling
layer provides two different pooling methods: global average pooling and max pooling. As suggested
by the name, global average pooling is to take the average value of all components in the feature maps
whereas the maximum value of each patch is chosen in max pooling. The most significance difference
between the two pooling methods is that global average pooling can reduce the feature map’s size down
to 1x1, but in the other case the size remains the same [18].

Ultimately, the pooled feature maps are flattened to facilitate output computation. Connecting pooled
features to neurons in the fully connected layer, the final result is produced [18].

VGG Very Deep Convolutional network (VGG) is published by Simonyan and et al. in 2015 [19].
Compared to other CNN architecture, VGG is known for its higher level of depth, typically 16 to 19
layers. The depth allows for a more complex and expressive feature representation. Additionally, VGG
is characterized by its very small (3x3) convolution filters followed by 2x2 max-pooling layers. This is
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useful for constructing deeper architecture and simplifies the implementation process [19, 20]. A notable
advantage of VGG is its ability to leverage pre-trained weights on large scale dataset, providing
transferability to VGG. By specifying ImageNet as the dataset for the pre-trained weight to be trained
on, the model can benefit from the knowledge and feature representation learned from vast amounts of
data. Alternatively, if no pre-trained weights are specified, a random large-scale dataset would be used
to initialize the weights [20].

In this study, the CNN models are constructed based on VGG-16 architecture due to lack of sufficient
amount of medical image data. There are 1000 neurons in the output layer in the VGG-16 model
originally, corresponding to the 1000 categories in the dataset of that publication; however, in this study,
there are only four classes, so the output layer is reduced to four neurons in order to match the number
of categories. This study focuses on the difference between performances of VGG-16 models trained
with ImageNet and without ImageNet; hence, two identical models are constructed. The only difference
is that one model has weights specified to ImageNet and the other one is set to none.

The evaluation of model performance typically involves assessing test accuracy, which provides an
indication of the model's classification capabilities but lacks explanatory insights. Therefore, saliency
maps and Grad-CAM are used in this study to provide a more comprehensive insight into the
performance of the models. Saliency map highlights the features and areas that impact the prediction
the most with bright pixels. On the other hand, Grad-CAM is a technique to generate class specific heat
map, which can also show the features that are extracted from the feature map.
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Figure 2. The structure of a CNN (Photo/Picture credit: Original).

2.3. Implementation details

In this study, the TensorFlow framework was utilized for training the model. To analyze the performance
of the VGG-16 models trained on ImageNet and other datasets, two CNN models were constructed: one
with the weights set to ImageNet, and the other with weights set to none. Both models share the same
structure, which begins with a VGG-16 model. The input size for the model is set to 200x200 pixels.
The flatten layer is concatenated to the VGG-16 model to reshape the image for further processing.
Subsequently, a dense layer with 1024 neurons is incorporated, employing the Rectified Linear Unit
(ReLU) activation function. Finally, the output layer consists of four neurons, corresponding to the four
distinct labels, with the activation function set to SoftMax as the model performs multi-class
classification.

In consideration of the multi-class classification nature of the models, the chosen loss function for
this study is categorical cross-entropy. The models were compiled using the Adam optimizer and
accuracy was selected as the evaluation metric. To mitigate the overfitting problem on the training set,
an early stopping callback was employed. To reduce training time while still capturing important
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patterns, 30 epochs were run during the training process. The batch sizes were 100 which is identical
for training, validation, and test sets.

3. Results and discussion

There is a significant performance gap between the models trained with ImageNet and the one trained
with a random dataset. The accuracy of the test set for the ImageNet-trained model reaches 98.96%,
whereas the test accuracy of the model trained with the random dataset merely achieves 68.94%. These
discrepancies are further evident when comparing the confusion matrices, saliency map, and Grad-CAM.
Ideally, all predictions should lie into only the grids along the diagonal line of the confusion matrix,
representing true positive predictions, indicating 100% accurate prediction. However, in the confusion
matrix of the model trained without ImageNet (Figure 3), a large number of predictions lie into grids
that are not on the diagonal line, which represents a significant number of misclassifications. In contrast,
the confusion matrix of the ImageNet-trained model (Figure 4) exhibits a higher accuracy, with most of
the prediction lines aligning closely along the diagonal.

To gain deeper insights into these performance differences, saliency maps and Grad-CAM can be
used to identify the features that contribute most to the predictions. In the saliency map of the model
trained without ImageNet (Figure 5), light points are dispersed throughout the entire image, making it
challenging to pinpoint any specific feature of significance. This suggests that the model might not have
adequately learned the relevant features during training, resulting in a lower overall accuracy rate.
Similarly, the Grad-CAM for this model (Figure 5) does not highlight any specific areas, indicating a
lack of feature recognition by the model. On the other hand, both the saliency map (Figure 6) and Grad-
CAM (Figure 6) of the ImageNet-trained model exhibit highlighted areas that the model focuses on
during predictions. These findings suggest that the model has successfully learned and can rely on
certain discernible features in the images, contributing to its higher accuracy.

Based on the evidence provided above, it can be concluded that incorporating ImageNet as a pre-
training dataset has notably enhanced the model's performance and its ability to make accurate
predictions. One plausible explanation for this improvement is that even though ImageNet comprises
non-medical images, the model can still learn relevant features that can be applied across different
domains. For instance, the model might acquire knowledge about the shape and texture of kidney stones
by analyzing images of rocks in mountains or stones found on beaches. The wide range and abundance
of image data in ImageNet provides a valuable platform for the pre-trained model to learn transferable
features that can be effectively utilized in the target model, resulting in a better model performance.
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Figure 3. Confusion matrix of model without ImageNet.
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Figure 4. Confusion matrix of model with ImageNet.

Original Image Saliency Map GradCAM

Figure 5. Sample images of model without ImageNet: original image, saliency map, and Grad-CAM.

Original Image Saliency Map GradCAM

Figure 6. Sample images of model with ImageNet: original image, saliency map, and Grad-CAM.
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4. Conclusion

In conclusion, this study contributes to the understanding of the effectiveness of transfer learning
architectures trained on non-medical image data in the medical field. Specifically, the performance of
two VGG-16 models in classifying kidney CT images was evaluated, with divergent pre-trained weights
sourced from ImageNet and a random large-scale dataset. The experimental outcomes indicate that the
VGG-16 model trained on ImageNet weights achieved a remarkable accuracy of 98.96%, surpassing the
model trained on the random dataset by a substantial margin of approximately 30%. The validity of
these results was further substantiated through the analysis of saliency maps and Grad-CAM, which
demonstrated the inadequacy of the model with random pre-trained weights in accurately localizing
significant features, in stark contrast to the ImageNet-trained model's proficient identification of
principal features. Consequently, the utilization of the ImageNet dataset in the context of transfer
learning for medical image processing was proven to be an effective approach. It is recommended that
future investigations focus on refining the application of transfer learning methodologies within the
medical domain to foster continued advancements in this area.
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