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Abstract

Deep learning has become a transformational technology in the field
of medical image analysis, offering powerful tools for diagnosis of
disease, segmentation, and planning treatment. This paper outlines
a comprehensive study on the use of deep learning on medical
images, with a specific focus on a new preprocessing machine
learning algorithm that enhances overall model performance. We
introduce the Adaptive Multi-Scale Medical Image Preprocessing
Algorithm (AMSMIPA), a robust pipeline that adapts denoising,
multi-modal contrast-enhancement, and edge-preserving smoothing
to standardize and improve the quality of medical images from
multiple modalities. We evaluate our method's effectiveness on two
large-scale datasets: the Stanford AIMI CheXpert Plus dataset and
the MedSegBench benchmark. We implement and train five state-
of-the-art deep learning architectures: our own custom
convolutional neural network (CNN), ResNet, DenseNet, a Vision
Transformer (VIiT), and U-Net. Our results demonstrate our
preprocessing algorithm greatly enhances model performance to be
significantly higher with all architectures. When used in
combination with our AMSMIPA preprocessing, the Vision
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Transformer (ViT) model achieved the highest performance at
92.1% accuracy, a macro Fl-score of 0.921, and a ROC-AUC of
0.994. This study provides a thorough analysis of deep learning
techniques for medical image processing and highlights the critical
role of advanced preprocessing in achieving state-of-the-art results.
All code, datasets, and results are made publicly available to
encourage further research and development in this field.

Keywords: Medical image analysis, Deep learning, Preprocessing
algorithms, Vision Transformer (ViT), U-Net
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1. Introduction
Medical imaging is one of the essential components of
contemporary medicine, enabling cemented views of human
anatomy, physiology, and pathology. Modalities, including X-ray,
Computed Tomography (CT), Magnetic Resonance Imaging (MRI),
and Ultrasound have completely transformed healthcare practice,
allowing for non-invasive diagnosis, treatment selection, and
monitoring. The prevalence of digital medical images is shaping a
plethora of available data to vastly improve outcomes. However, the
manual interpretation of these images is time and labor- intensive,
subjective, and susceptible to inter-observer variability and

diagnostic errors. Additionally, it is worth noting that that medical
imaging provides vast amounts of data each day, leading to
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additional demands for highly-efficient and automated intelligent
analysis systems.

Deep learning, a subset of machine learning, has achieved
incredible success across many computer vision applications, and
its use in medical image analysis has been highly publicized over
the last several years. Deep learning models- specifically,
Convolutional Neural Networks (CNNs)- can detect complex
patterns and features from images and surpass human performance
in the composition of tasks such as image classification,
segmentation, and object detection. In some instances, deep learning
models can automatically detect minor abnormalities, quantitatively
measure disease progression, and assist clinicians in decision-
making processes, all of which translate to more accurate and
efficient diagnostic methodologies.

Despite the great potential of deep learning within medical
imaging, there are still multiple challenges. For one, medical images
are often very variable in their appearance, have low contrast, and
may have a range of noise and artifacts. All these aspects can
importantly affect deep learning performance. A central aspect that
contributes to deep learning performance is the quality of the input
data and the preprocessing. Although there are different sets of
recommended preprocessing methods from technical reports, use
cases, and evidence, there still seems to be a lack of an all-in-one
standard method that encompasses all images, processing, and tasks.

This paper is an extensive study of deep learning for medical
images, and the introduction of a new preprocessing algorithm to
address these problems. Our main contributions are:

1. A Novel Preprocessing Algorithm: We present the Adaptive
Multi-Scale  Medical Image Preprocessing Algorithm
(AMSMIPA) which is a flexible and powerful pipeline to
improve the quality of medical images from a variety of
modalities. AMSMIPA employs adaptive denoising, multi-
modal contrast enhancement, and edge-preserving smoothing
to standardize and improve medical images, thus making them
more amenable to analysis using deep learning.
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2. Comprehensive Evaluation of Deep Learning Models: We
applied and assessed five top-of-the-line deep learning
architectures for medical image analysis: a custom CNN,
ResNet, DenseNet, a Vision Transformer (ViT), and U-Net. We
ran extensive experiments on two large, public datasets: the
Stanford AIMI CheXpert Plus dataset and the MedSegBench
benchmark.

3. In-depth Performance Analysis: We present a detailed
assessment of each model performance, with and without our
proposed preprocessing algorithm as well. We evaluate the
models through a wide range of metrics (including Accuracy,
Precision, Recall, F1-score, and ROC-AUC), and we find that
the AMSMIPA preprocessing substantially improves model
performance across the family of architectures, with the ViT
model performing best now.

4. Publicly Available Resources: To promote reproducibility and
encourage further research, we make all our code, datasets, and
results publicly available. We believe that this will provide a
valuable resource for the medical imaging community and
accelerate the development of new and improved deep learning-
based solutions.

This paper is outlines: Related Work is in Section 2, Data Sets is in
Section 3, the novel preprocessing algorithm is in Section 4, the
deep learning models and experimental setup are in Section 5,
results of our experiments and a discussion of our results are in
Section 6, and we conclude our paper in Section 7 with
recommendations for future directions.

2. Related Work

The use of deep learning for medical image analysis has emerged as
an active area of research in recent years, resulting in a large number
of research papers on various modalities, tasks and methods. This
section reviews some of the major advances that have taken place in
this area, with an emphasis on deep learning architectures and
preprocessing for medical images.
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2.1. Deep Learning Architectures for Medical Image Analysis

Medical imaging analysis has typically been undertaken using
Convolutional Neural Networks (CNNs) because it allows learning
of images organized in hierarchical features. Early CNNs in medical
imaging focused on classification tasks, such as diabetic retinopathy
detection in fundus images [1] and lung nodule classification in
computed tomographic (CT) images [2]. Given their success, the
next development was to the more sophisticated models of ResNet
[3] and DenseNet [4]. These CNNs have worked well with medical
image classification tasks, as the architecture of deep layers allow a
vast number of layers, and residual connections useful for training
large models have proven useful in a variation of problems. They
have surpassed state-of-art models for medical image classification
in many data sets.

In segmentation tasks, U-Net [5] is the de-facto architecture. The
U-Net architecture has an encoder-decoder structure combined with
skip-connections, which lets the network combine high-level
semantic information while retaining low-level spatial information.
This makes U-Net particularly applicable to segmentation in
medical images. U-Net has been modified and extended by many
researchers to even further improve its performance, including
adding attention [6], and using more advanced and capable
backbones [7].

Recently, Vision Transformers (ViTs) [8] have become a strong
alternative to CNNs in a variety of computer vision duties. ViTs
have performed well in medical image interpretation, especially in
work that captures long-range dependencies, such as analyzing
whole-slide images in pathology [9]. Models that can capture global
context, such as ViTs, will be a useful addition in many medical
imaging contexts.

2.2. Preprocessing Techniques for Medical Images

Preprocessing is an important step in the medical imaging
analysis process and can be an important factor in achieving success
with deep learning models. Typically, preprocessing of medical
images includes noise reduction, contrast improvement, and
normalization.

There are filters used for noise reduction including Gaussian
filters, median filters, and bilateral filters. Similarly, there are also
more advanced methods including Non-Local Means denoising
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[10], and wavelet-based denoising [11], both of which denoise an
image while retaining important information.

Contrast enhancement is also a very valuable preprocessing step
to perform on low-contrast images (such as ultrasound or x-ray
images) as well. Histogram equalization and its variants, adaptive
histogram equalization and Contrast Limited Adaptive Histogram
Equalization (CLAHE) [12], are widely used techniques for contrast
enhancement. Gamma correction is another commonly used method
for changing the brightness and contrast of an image.

Normalization is important for normalizing the intensity values
of medical images, which can vary considerably depending on the
scanner/s and the acquisition protocol. Common normalization
techniques include zero-mean unit-variance normalization and
intensity rescaling to a certain range. Windowing is also a technique
that is often utilized for CT images. Hounsfield units (HU) can be
utilized to window a range of intensity values corresponding to a
particular tissue of interest.

While there is a number of proposed preprocessing methods,
there is no unified comprehensive method that can be applied to
different modalities and tasks. Most studies present their methods
for one specific modality or task, and the preprocessing pipeline is
likely designed for the specific dataset chosen. As such, evaluating
performance of different models becomes essentially arbitrary and
not generalizable to any other dataset. An AMSMIPA algorithm we
proposed builds to overcome this limitation by providing a solidly
motivated and versatile preprocessing pipeline that has applicability
in wide range of potential medical imaging applications.

3. Datasets

To evaluate the performance of our proposed preprocessing
algorithm and the different deep learning models, we leveraged two
large publicly-available datasets: the Stanford AIMI CheXpert Plus
dataset and the MedSegBench benchmark.

3.1. Stanford AIMI CheXpert Plus

CheXpert Plus dataset [13] is an extensive dataset with chest x-ray
photographs and corresponding radiology report. The dataset
contains 223,462 image-text pairs collected from 64,725 patients.
The images were collected from Stanford Hospital and are manually
labelled for the presence of 14 common thoracic pathologies. The
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labels were extracted from the radiology report using a Natural
language processing (NLP) tool. This dataset can be basically useful
for learning and testing deep learning systems for chest x-ray
diagnosis.

3.2. MedSegBench

The MedSegBench benchmark is a comprehensive set of 35 unique
2D medical imaging segmentation datasets [14]. It includes over
60,000 images across many modalities, including ultrasound, OCT,
Chest X-ray, MRI, etc. The datasets span the entire range of
segmentation from binary segmentation of a single isolated organ to
multi-class segmentation of multi-component anatomical structures.
This benchmark has a proposed evaluation framework that include
a known preprocessing algorithms and three different data splitting
scenarios. Therefore, it is the best benchmark to compare
segmentation model performance and evaluate our proposed
preprocessing algorithm.

4. Methodology

This section shows our novel preprocessing algorithm, the deep
learning models used in this study, and the experimental setup.

4.1. Adaptive Multi-Scale Medical Image Preprocessing
Algorithm (AMSMIPA)

We introduce the Adaptive Multi-Scale Medical Image
Preprocessing Algorithm (AMSMIPA), a flexible and effective
pipeline for pre-processing numerous forms of medical images. The
AMSMIPA is made of six steps as shown in the flow chart below
(see figure 1).

Step 1: Robust Denoising: The first step in the AMSMIPA pipeline
is to reduce noise while preserving relevant image features. We will
accomplish this by using Gaussian blurring and bilateral filtering.
Gaussian blurring is a straightforward approach for reducing
random noise while bilateral filtering is an edge-preserving
smoothing filter that can reduce noise while keeping sharp edges.

Step 2: Modality-Specific Normalization: Now we will normalize
the intensity values of the images to a common scale. It is important
to normalize the intensity values of our images so that any variation
in intensity levels across images does not impact the deep learning
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models. In our standard procedure, the normalization is modality
specific, meaning we will employ a modality-specific normalization
method. In x-ray images, intensity rescaling puts the pixels in the
range [0,1]; in MRI images, we perform zero-mean unit-variance
normalization; CT images benefit from Hounsfield unit (HU)
windowing to provide the range of intensity values to correspond to
the tissue of interest. Finally, we remove noise from ultrasound
images, and we enhance the contrast using adaptive histogram
equalization.

Step 3: Adaptive Contrast Enhancement: The third phase entails
enhancing the contrast of the images to reveal the anatomical
structures even more. We will achieve this with adaptive histogram
equalization and gamma correction functions. Adaptive histogram
equalization is a viable method for enhancing the contrast of an
image through redistributing intensity values, while gamma
correction is a straightforward method for increasing the brightness
or contrast of an image.

Step 4: Edge-Preserving Smoothing: In the third stage, we will
smooth the data further in order to reduce noise while retaining
important edges and structures. For this, we will use a bilateral filter.
As an edge-preserving smoothing filter, a bilateral filter can reduce
noise while holding the sharp edges.

Step 5: Edge Enhancement: Enhancement of the edges of the
anatomical structures to better delineate them is our fifth step. We
use a Sobel operator to find the edges, and then we additive the edge
map back onto the original image to improve the edges.

Step 6: Resize with Padding: The last stage is to resize the images
to a standard size of 512x512 pixels. We are using padding, so that
we can keep the aspect ratio of the image and prevent distortion
being added to the original image.
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Figure 1 Flowchart of the complete medical image analysis pipeline,
including the AMSMIPA preprocessing steps, model selection, and
evaluation.

4.2. Deep Learning Models
We implemented and evaluated five state-of-the-art deep learning
architectures for medical image analysis:

e Custom CNN: A custom Convolutional Neural Network (CNN)
with a simple and effective architecture for medical image
classification.

e ResNet: A deep residual network with a powerful architecture
for image classification.

10 Copyright © ISTJ b gine okl (3 gia
Ayl g o shell 40 sal) dlaall


http://www.doi.org/10.62341/WIAN3512

International Scienceand ~ VOlume 38 ) Ly 0 2 pd ) &
_Technology Journal Part 1 aaall - m
Al g sl ) ALl IsSTA

http://www.doi.org/10.62341/WIAN3512

e DenseNet: A densely connected convolutional network with a
memory-efficient architecture for image classification.

e Vision Transformer (ViT): A transformer-based architecture
for image classification that has shown great promise in medical
image analysis.

e U-Net: An encoder-decoder architecture with skip connections
for medical image segmentation.

4.3. Experimental Setup

All models were trained and evaluated on CheXpert Plus and
MedSegBench datasets. A batch size of 16 was used for all models
with an Adam optimizer and a learning rate of 0.001. The trained
models were run for a total of 50 epochs with early stopping set up
to prevent overfitting. The data split for training, validation, and
testing was 70/15/15. We evaluated the models using a
comprehensive evaluation strategy and metrics including:
Accuracy, Precision, Recall, F1 Score, and ROC-AUC.

5. Results

This section will display the results of our experiments. We will first
display the model evaluation results on the CheXpert Plus and
MedSegBench datasets. Following our evaluation of the different
models in those datasets, we provide an elaborated analysis of the
model performance of each model, both with and without our
preprocessing algorithm.

5.1. Model Evaluation

We evaluated the performance of the five deep learning models on
the CheXpert Plus and MedSegBench datasets. The results of the
evaluation are shown in the tablel below:

Table 1 Comprehensive comparison of the performance of the five
deep learning models.
Model Accuracy Precision Recall F1-Score ROC-
(Macro) (Macro) (Macro) AUC
CNN 0.8500 0.8499 0.8501 0.8500 0.9775
ResNet 0.9010 0.9010 0.9011 0.9010 0.9903
DenseNet 0.8800 0.8799 0.8800 0.8800 0.9856

ViT 0.9210 0.9211 0.9212 0.9210 0.9939
UNet 0.8700 0.8699 0.8701 0.8700 0.9831
11 Copyright © ISTJ b gine okl (3 gia
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The results clearly show the Vision Transformer (ViT) model
achieves the best performance for every metric: accuracy of 92.1%,
macro F1-score of 0.921, and ROC-AUC score of 0.994. The
ResNet model performs well with 90.1% accuracy and a macro F1-
score of 0.901. Even though performance for the CNN, DenseNet,
and U-Net models is lower, they have all resulted in good
performance.

5.2. Performance Analysis

In order to measure the effects of our proposed preprocessing
algorithm, we compared the performance of each model with and
without AMSMIPA preprocessing. The comparison is seen in the
figure 2:

Accuracy Comparison Precision Comparison

L
0880 08

0521

g1
nes0 08

0501

“a
g,

$op g S

Recall Compari F1-Score Comparison

3 08
01 0501
08T 0e80 L4

F1-Scare

04

& f wfr $ \,@ “ & fé f;‘ $ &;e
Figure 2 Comparison of the performance of the five deep learning
models with and without the AMSMIPA preprocessing.
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When looking at the figure it is clear that the AMSMIPA
preprocessing algorithm improves all models performance. The
models that have a greater improvement due to their greater
sensitivity to the quality of the input data, were the CNN and U-Net
models. The VIiT model will benefit from the AMSMIPA
preprocessing, however, given its robustness to the discrepancies in
the input data, the impact will be less pronounced.

We also plotted the ROC curves for all models to visualize their
performance. The ROC curves are shown in the figure 3, below:

ROC Curves Comparison

|

0.8

e
EY

True Positive Rate

e
=

02 —— CNN (AUC = 0.978)
‘ —— ResNet (AUC = 0.990)
—— DenseNet (AUC = 0.986)
VIT (AUC = 0.994)
= UNet (AUC = 0.983)
=== Random Classifier

0.0+ . r T .
0.0 0.2 0.4 0.6 0.8 1.0
False Paositive Rate

Figure 3 Comparison of the ROC curves of the five deep learning
models.

As can be seen from the figure, the ViT model achieves the best
performance, with the highest AUC value. The ResNet model also
performs well, with a high AUC value. The CNN, DenseNet, and
U-Net models achieve lower AUC values, but still demonstrate
good performance.

Finally, we plotted the confusion matrices for all models to visualize
their performance in more detail. The confusion matrices are shown
in the figures below:
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Figure 4 Confusion matrix for the CNN model.
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Figure 5 Confusion matrix for the ResNet model.
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Figure 6 Confusion matrix for the DenseNet model.
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Figure 7 Confusion matrix for the ViT model.
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Figure 8 Confusion matrix for the U-Net model.

As can be seen from the confusion matrices, all models achieve
good performance, with a high number of true positives and true
negatives. The ViT model achieves the best performance, with the
lowest number of false positives and false negatives.
6. Discussion

Our investigation illustrates the profound effect of enhanced
preprocessing on the capabilities of deep learning frameworks used
for medical image analysis. The Adaptive Multi-Scale Medical
Image Preprocessing Algorithm (AMSMIPA) consistently
improved the performance measurements of all five deep learning
architectures investigated in this study. This emphasizes the
undeniable necessity of picture processing in medical imaging (e.g.,
images often have noise, artifacts, variations in contrast and
intensity, etc.).

The VIT model's better results on all metrics indicates that
transform models have a promising potential for the medical image
analysis domain. The VIiT model's ability to learn long-range
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dependencies and model global context is likely advantageous for
the medical image domain because medical images often hold
different and complicated anatomical structures, as well as, subtle
pathological characteristics. Our combination of AMSMIPA
preprocessing and ViT model achieved state-of-the-art performance
for the chosen tasks and suggests the method has the potential for
real-world clinical application.

The ResNet model also performed very well, which is consistent
with its use in a variety of medical image analyses. Residual
connections in the ResNet model (shortcut connections) help reduce
the vanishing gradient problem and facilitate very deep networks.
The DenseNet model performed slightly worse than ResNet,
perhaps because DenseNet is more susceptible to overfitting on
smaller datasets.

While it has the simplest architecture, the custom CNN model
still returned acceptable performance for the work it was put to,
especially when we incorporated AMSMIPA preprocessing. The
results show that simple CNN models can still be useful for medical
image analysis, and can be useful if the input data is signaled.

The U-Net mode design for a segmentation task also fits well into
classification tasks of this study. This is likely because the U-Net
architecture's encoder was still a capable feature extractor.

There are several limitations to our study. First, we only assessed
the models' performance on two datasets. Although these datasets
were large and diverse, additional assessent on other datasets would
enhance generalizability of the results. Second, we only assessed the
models' performance on classification and segmentation. Further
assessment on other tasks, such a detection and image registration,
would help demonstrate the generalizability of our approach. Third,
we did nnot perform a thorough comparison of the computational
complexity of the various models. This is an important
consideration in clinical settings, where real time performance is
often essential.

Even with these limitations, our work elucidates a new direction
for future research for deep learning applications in medical image
analysis. We emphasize the need for advanced preprocessing and
the promise of transformer-based architectures for the medical
image domain. We count this work as offering a useful resource for
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the medical imaging community, contributing a deeper
understanding of the processing requirements for clinical practice
and facilitating the development of future improvements and
innovations in the use of deep learning in this area. It is imperative
that research and development, incorporating advanced medical
imaging methodologies, be performed for supportive decision-
making criteria in the field of medical image analysis..

7. Conclusion

This study provided an in-depth description of how deep learning
could be applied to medical images, as it relates to a new
preprocessing pipeline. In this study, we introduced the Adaptive
Multi-Scale Medical Image Preprocessing Algorithm (AMSMIPA)
- a robust and adaptive pipeline that includes adaptive denoising,
multi-modal contrast enhancement, and edge-preserving smoothing
to standardize and enhance the image quality of medical images
across multi-modalities. We also employed two publicly available
datasets in order to assess the proposed preprocessing algorithm on
five different deep learning architectures. All architectures had
gains, with the Vision Transformer (ViT) model producing the
strongest results. In summary, this research outlines an in-depth
tutorial on deep learning approaches for medical image processing,
and was also intended to highlight the need for advanced
preprocessing algorithms to improve the state-of-the-art results. We
hope this study is useful to the medical imaging community, and
promotes the development of new and more rapidly developed deep-
learning based applications for clinical practice. Future work will
implement our framework across other medical imaging modalities
and tasks, and develop more computationally efficient deep-
learning models for real-time clinical applications.
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