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Abstract
Context. Image enhancement algorithms can be used to enhance the
visual effects of images in the field of human vision. So can image
enhancement algorithms be used in the field of computer vision? The
convolutional neural network, as the most powerful image classifier at
present, has excellent performance in the field of image recognition. This
paper explores whether image enhancement algorithms can be used to
improve the performance of convolutional neural networks.
Objectives. The purpose of this paper is to explore the effect of image
enhancement algorithms on the performance of CNN models in deep
learning and transfer learning, respectively. The article selected five
different image enhancement algorithms, they are the contrast limited
adaptive histogram equalization (CLAHE), the successive means of the
quantization transform (SMQT), the adaptive gamma correction, the
wavelet transform, and the Laplace operator.
Methods. In this paper, experiments are used as research methods. Three
groups of experiments are designed; they respectively explore whether the
enhancement of grayscale images can improve the performance of CNN in
deep learning, whether the enhancement of color images can improve the
performance of CNN in deep learning and whether the enhancement of
RGB images can improve the performance of CNN in transfer learning?
Results. In the experiment, in deep learning, when training a complete
CNN model, using the Laplace operator to enhance the gray image can
improve the recall rate of CNN. However, the remaining image
enhancement algorithms cannot improve the performance of CNN in both
grayscale image datasets and color image datasets. In addition, in transfer
learning, when fine-tuning the pre-trained CNN model, using contrast
limited adaptive histogram equalization (CLAHE), successive means
quantization transform (SMQT), Wavelet transform, and Laplace operator
will reduce the performance of CNN.
Conclusions. Experiments show that in deep learning, using image
enhancement algorithms may improve CNN performance when training
complete CNN models, but not all image enhancement algorithms can
improve CNN performance; in transfer learning, when fine-tuning the pretrained CNN model, image enhancement algorithms may reduce the
performance of CNN.
Keywords: Image Enhancement, Convolutional Neural Networks, Deep Learning,
Transfer Learning
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Chapter 1
Introduction
1.1 Problem background
In recent years, deep learning performs well in the field of image recognition,
and convolutional neural networks (CNN) are the most outstanding models. As a
very classic CNN model, the Lenet5 model has been proven many times in
handwritten digit recognition. And the 152-layer “Resnet” network can achieve
more than 95% accuracy in the task of one thousand classifications [36], which
makes the CNN model widely used in the field of image recognition in recent
years. In addition, for the data sets with the small number of images, or to reduce
training time, a pre-trained CNN network can be used for transfer learning.
Among them, fine-tuning the pre-training network is the most common transfer
learning method. Two important ways to train the CNN model are to train the
complete CNN model and fine-tune the pre-trained CNN model. However, no
matter what kind of training method, before training the CNN models, the image
data sets are usually processed in various ways, such as image cropping,
extending the number of images, data normalization, and image enhancement.
How to improve the recognition performance of the CNN model is an endless
study, and the quality of the image dataset has a great impact on the performance
of the model. Because in the image dataset, due to factors such as illumination or
camera, the contrast of images will be insufficient, resulting in insufficient
features in the images. One research has shown that image preprocessing is
essential when training CNN models, which can effectively improve the
recognition performance of CNN models. [38] And image enhancement is a very
important part of preprocessing. So, it is important to research the relationship
between image enhancement and the CNN model.
An image enhancement algorithm can emphasize the overall or local
characteristics of the images, clear the unclear image, emphasize certain features
of interest, suppress features that are not of interest, enlarge the difference
between the features of different objects in the images. It can improve image
quality, enrich information, enhance image interpretation and recognition, meet
the needs of some special analysis, and make images more suitable for human
visual systems and experience [11]. Image enhancement has a lot of strategies,
and it can be divided into “Spatial Domain Methods” and “Frequency Domain
Methods” according to the principle [11]. Among them, the Fourier transform is
a typical “Frequency Domain Method”. Comparing with Fourier transform,
although the wavelet transform has a larger computational cost, it can reduce the
errors, so the wavelet transform is a good algorithm that belongs to the
“Frequency Domain Methods” [39]. There are many methods of “Spatial Domain
Methods”, which can be roughly divided into enhanced image contrast and
enhanced local features of the images. There are many ways to enhance image
contrast. The contrast limited adaptive histogram equalization (CLAHE), the
successive means of transform (SMQT), and the gamma correction are some of
them. They have different advantages and disadvantages. The CLAHE algorithm
10

has proven to perform well on medical image X-ray images [32]. SMQT can
extract the structure in a robust manner which makes it insensitive to changes in
bias and gain, and compare with histogram equalization; it can reduce problems
with oversaturation and artifacts [12]. Gamma correction can enhance contrast
and brightness on darker images. [6]. Edge enhancement is one of the ways to
enhance the local features of the image, and the Laplace operator can effectively
extract and enhance the edge information of the images. But machine vision and
human vision are different. Whether image enhancement algorithms can improve
the performance in image recognition of the Convolutional neural network? Few
studies have shown the impact of image enhancement algorithms on training
CNN models.

1.2 Objectives
In order to explore the influence of the image enhancement algorithms on the
CNN model, the experimental method is adopted as the research method. In
order to use image enhancement algorithms with different principles as much as
possible, in the experiment, successive means quantization transform (SMQT),
contrast limited adaptive histogram equalization (CLAHE), Adaptive gamma
correction, Wavelet transform, and Laplace operator were used to enhance the
original image. The original images and the enhanced images by different image
enhancement algorithms will be compared on the CNN model by two different
types of training: train the complete CNN model and fine-tune the pre-trained
CNN model. The stakeholders of the thesis are those people who use the CNN
model for image recognition, and the conclusions of this thesis can provide a
reference for them whether using image enhancement algorithms when training
the CNN models.

1.3 Research questions
RQ1: Whether increasing image intensity can improve the performance in image
recognition of the Convolutional neural network when training a complete
Convolutional neural network?
Motivation: RQ1 is used for exploring the influence of image intensity on
training a complete convolutional neural network, the conclusions of this
research question can provide a proposal and help for the image preprocessing
strategy when training a complete CNN model.
RQ2: Whether increasing image intensity will influence the performance in
image recognition of the Convolutional neural network when using transfer
learning (fine-tuning)?
Motivation: RQ2 is used for exploring the influence of image intensity on finetuning a pre-trained CNN model (transfer learning), the conclusions of this
research question can provide a proposal and help for the image preprocessing
strategy when fine-tuning a pre-trained CNN model (transfer learning).
The null hypothesis 1: Increasing the image intensity can’t improve the
performance in image recognition of the Convolutional neural network when
training a complete Convolutional neural network.
11

Alternative Hypothesis 1: Increasing image intensity can improve the
performance in image recognition of the Convolutional neural network when
training a complete Convolutional neural network.
The null hypothesis 2: Increasing the image intensity will not reduce the
performance in image recognition of the Convolutional neural network when
using transfer learning.
Alternative Hypothesis 2: Increasing the image intensity will reduce the
performance in image recognition of the Convolutional neural network when
using transfer learning (fine-tuning).
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Chapter 2
Background
2.1 Transfer learning
Although the CNN model has excellent performance in the field of computer
vision, training a complete CNN model usually requires a large number of data
sets, otherwise, the model is prone to over-fitting, and the over-fitting will result
in poor generalization ability of the model [19]. In many fields, such as the
medical field, the number of image data sets is limited; training a complete CNN
in such data sets is very hard. However, transfer learning can solve this problem.
Fine-tuning is the most common strategy for transfer learning, which means
change the parameters of a pre-trained CNN model [20]. There are many
strategies for fine-tuning. The common methods are fine-tuning all convolutional
and fully-connected layers, or to freeze some layers and fine-tune the remaining
layers. This thesis will study the effect of image enhancement algorithms on
transfer learning (fine-tuning).

2.2 CNN
In this topic, how to build a good convolutional neural network is one of the keys
to the experiment. The CNN model needs to reduce the training time and have
better performance. As the most classic CNN model, the Lenet5 model has been
repeatedly proven to achieve good results in the field of image recognition, such
as achieving over 98% accuracy in handwritten digit recognition [14]. Moreover,
the structure of Lenet5 is relatively simple and the training speed of Lenet5 is
very fast. However, the activation function used in the initial Lenet5 model is the
“hyperbolic tangent” function, the pooling strategy is average-pooling, the loss
function is mean square error (MSE), the optimization algorithm is gradient
descent algorithm, and the classifier is Gaussian connections. These methods are
only a good choice in 1998. Now, many studies have published better activation
functions, pooling strategies, loss functions, optimization algorithms and
classifiers. Therefore, in the experiment, the original Lenet5 model needs to be
improved.

2.2.1 Activation function
Each layer of the neural network needs to choose one activation function, the
value of each neuron needs to be calculated by the activation function to obtain a
final value. In neural networks, the role of the activation function is to transform
the neural network from linear to nonlinear, so that the neural network can better
solve more complex problems. Common activation functions are the “sigmoid”
function, the “hyperbolic tangent” function, the “Relu” function and the “Elu”
function. There is a paper [18], the experiment compares four activation
functions. The CNN model was also used in the experiment. The CNN model
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used the structure of Lenet5. The experiment used the “MNIST” data set. The
experiment iterated a total of 95,000 times. After 95,000 iterations, the “ELU”
activation function reached the highest accuracy.

a) Sigmoid

b) Tanh

c) ReLU

d) ELU

Fig1. Four activation functions [18]

Fig2. Performances of four activation functions [18]
The conclusion of the paper is that it has been observed that “ReLU” the most
popular activation function performs better than “sigmoid” and “tanh”. Although
the accuracy of the “ELU” function is significantly better than the “ReLU”
function after 95,000 iterations, the “ReLU” function only needs about 30,000
iterations to reach the peak, which means that the calculation of the “ELU”
function is much larger than the “ReLU”, and the “ELU” adds a large amount of
calculation to obtain stability; “ReLU” function is faster and “ELU” is more
stable

2.2.2 Optimization function
When training a neural network, it is necessary to update the parameters in the
neural network by an optimization algorithm to minimize the value of the loss
function, such as weights and bias in each layer of the network. The most
classical optimization function is the gradient descent function, but the gradient
descent function has very obvious shortcomings: it is easy to reach the local
optimal value but it is difficult to reach the global optimal value. Therefore,
many optimization algorithms are updated based on the gradient descent
algorithm.
A paper proposes an optimization algorithm called “Adam” [9]. The Adam
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optimization algorithm is a ramification of the stochastic gradient descent
algorithm. Recently, it is widely used in deep learning applications, especially
tasks such as computer vision and natural language processing. The Adam
algorithm differs from the traditional stochastic gradient descent. Stochastic
gradient descent maintains a single learning rate (i.e. alpha) to update all weights,
and the learning rate does not change during training. Adam calculates an
independent adaptive learning rate for different parameters by calculating the
first-moment estimation and second-moment estimation of the gradient. Overall,
Adam is a good optimization function on the deep learning model. The following
figure shows the performance of different optimization algorithms for neural
networks on MNIST:

Fig3. Performances of different optimization functions [9]

2.2.3 Pooling layer strategy
In the CNN model, the role of the pooling layer is mainly to extract image
features, reduce the input size of the next layer. That means the pooling layer can
reduce the computation of the CNN, and prevent over-fitting. The common
pooling strategies are max pooling and mean pooling. Max pooling selects the
largest value in the pooling kernels, while mean pooling calculates the averages
of pooling kernels. So, the calculation of max pooling is much smaller than the
mean pooling.
Studies have shown that using the largest pooling layer can greatly reduce the
amount of computation when training CNN models and shorten the training time
[3]. In addition, there is a paper comparing the max pooling and the average
pooling. Experiments have shown that the maximum pooling on the “MNIST”
dataset can improve the accuracy around 1% to 1.5% compared to the average
pooling. In face recognition, the max pooling can improve the recognition
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accuracy around 4% to 5% than the average pooling [28]. Obviously, the max
pooling has a better performance than the average pooling in CNNǄ


2.2.4 Classification
The original Lenet5 model used the Euclidean Radial Basis Function (RBF)
based Gaussian connections classifier. The classifier has been completely
replaced and it is hard to find any documents about it. Now, in the CNN models,
the most common classifier is “softmax”. There is a paper show that the CNN
model using softmax has a very good performance on the recognition of street
view images [7]. And the cross-entropy cost function always uses with a softmax
classifier. Some papers show that using cross-entropy cost function and softmax
together has excellent performance on the CNN model [1] [10], so it is very
reasonable to use softmax and cross-entropy cost functions instead of Gaussian
connections and MSE.

2.3 Model evaluation
In this project, how to compare the performance of the same CNN model in
different data sets is the key. But in fact, comparing performance is very
complicated, it involves three factors. First of all, it needs to compare the
generalization performance of the CNN model. However, one test or one
experiment can only get the performance on the test set. Performance on the test
set is different from generalization performance. Second, the performance on the
test set will be influenced by the choice of the test set, the number of test sets and
the sample in the test set. Third, the CNN model is not always stable, that is,
using the same parameters to test multiple times on the same test set, the results
will be different. So selecting good evaluation method, performance
measurement, and hypothesis testing method is very important

2.3.1 Evaluation method
There are many evaluation methods in machine learning, including hold-out, Kfold cross-validation and bootstrapping. The hold-out method is the most basic
method, which directly divides the data set into two mutually exclusive sets, one
of the two sets is the training set and the other one is testing set. Since this
method has a big contingency, different methods of division will produce
different results, so the method is not stable. But this method only needs to train
the model once to get the conclusion, so it is more suitable for those very large
data sets, hold-out can reduce the training time. K-fold cross-validation is usually
used with Leave-One-Out, which divides the data set into K parts and tests K
times. Each subset is used as the testing set, which ensures that all data will be
tested once. Although K-fold crosses-validation is highly reliable, if using it on a
large data set, the calculated amount will be very large and the training time will
be very long. Bootstrapping is to randomly sample one data from the original
data set to testing set, repeat m times to get testing set, use the original data set as
a training set. When m tends to be infinite, about 36.8% of the data in the original
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data set will not appear in the testing set [34]. Studies have shown that due to the
bias of bootstrapping, it may show poor performance in large sample cases. Kfold cross-validation is severely biased upward for the small sample case [8]. So
bootstrapping performs better on small data sets, while K-fold cross-validation
performs better when the number of data set is big enough. At the same time,
there are also papers that show using K-fold cross-validation and Leave-One-Out
has good performance in image recognition. [17].

2.3.2 Performance metric
Among all classification problems, whether it is a two-category problem or a
multi-classification problem, accuracy and error rate are both the most common
and important metric. Accuracy is the ratio of the number of correctly classified
samples to the total number of samples, and the error rate is the proportion of the
number of samples with the wrong classification Accuracy is the ratio of the
number of correctly classified samples to the total number of samples.
   ൌ

ܶܲ  ܶܰ
ܶܲ   ܲܨ ܶܰ  ܰܨ

(1)

However, the error rate and accuracy do not meet all the task requirements, and
different metrics are required in different tasks. For example, in a system for
capturing deep-sea fish, in order to capture salmon, it is necessary to recognize
images of the salmon. Since the system does not need to capture all the salmon,
but it is important to ensure that as many salmon as possible are caught in the
fish caught. At this time, the image recognition system is more concerned with
"the proportion of the true salmon to all the fish which are considered as salmon",
that is, the “Precision” value. Precision's calculation method is shown in the
formula, where True Positive is the number of correctly identified salmon, and
False Positive is the number of fish that are not salmon but are considered as
salmon.
  ൌ

ܶܲ
ܶܲ  ܲܨ

(2)

In the medical field, on the identification system for detecting diseases, it is
necessary to ensure that the disease is not missed as much as possible. At this
time, the recognition system is more concerned with "The proportion of correctly
identified diseases in all disease cases", that is, the recall rate. Recall's calculation
method is shown in the formula, where “True Positive” means the number of
samples that are correctly detected, and “False Negative” means the number of
samples of diseases that have not been detected.
ܴ݈݈݁ܿܽ ൌ


  

(3)

For the unbiased two-class system, Precision and Recall are equivalent. In this
case, the F1 score can be used as the standard for performance measurement. The
calculation method of the F1 score is shown in the formula.
ͳൌ

ʹ ൈ ܲ ݊݅ݏ݅ܿ݁ݎൈ ܴ݈݈݁ܿܽ
ܲ ݊݅ݏ݅ܿ݁ݎ ܴ݈݈݁ܿܽ
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(4)

2.3.3 Hypothetical testing
Hypothesis testing is to verify whether the results of the experiment can overturn
the null hypothesis. There are many methods for hypothesis testing, such as Ttest, Paired T-test, Mann-Whitney test, F-test, Wilcoxon test, chi-square test and
Kruskal-Wallis test and so on. Different experiments and different evaluation
methods require different methods. [23].
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Chapter 3
Related work
3.1 Related literatures
One paper proposes to use adaptive region-based histogram equalization to
improve the contrast of grayscale images [33]. The paper uses the “Yale B”
database, the “Extended Yale B” database and the “CMU-PIE” dataset, which
contains a large number of face images with single-sided illumination and lowintensity. The paper uses the “Euclidean distance nearest-neighbor” classifier to
classify images. Experiments show that using an adaptive region-based
histogram equalization algorithm can improve the accuracy of image
classification to 100%. However, the “Euclidean distance nearest-neighbor”
classifier has lower accuracy for image classification than the CNN model. This
thesis also tried to use the datasets to experiment, but the CNN model performed
very well on the original dataset and can achieve 100% accuracy, so it can't be
proved that image enhancement can help CNN to perform better on these
datasets.
Studies have shown that using bimodal image enhancement can greatly improve the
accuracy of recognition when CNN is natural scene character recognition [21].
Different bimodal image enhancements will impact on the accuracy of image
recognition. The proposed bimodal image enhancement algorithm performs better
than the traditional bimodal image enhancement algorithm on ICDAR 2003 Robust
OCR dataset [29]. The recognition accuracy rate from about 70% has increased to
over 80%. Although the conclusion of the paper is obvious, the paper does not
compare the recognition rate on the original data set. In addition, the ICDAR 2003
Robust OCR dataset contains a large number of low-quality images, while normal
clear images account for only one-third of the data set. Under normal circumstances,
the dataset of the CNN model is most the clear images. The accuracy of CNN with
the bimodal image enhancement algorithm proposed in the paper is lower than the
accuracy of CNN with traditional bimodal image enhancement. Therefore, the paper
does not explain whether the image enhancement algorithm will affect the
recognition rate of CNN on the normal image dataset.
In addition, one paper has shown that using image enhancement function with the
Laplace operator can improve the performance of R-CNN and fast R-CNN in
pedestrian detection task [16]. The experiment in this paper compares the original
metro crowd image dataset with the enhanced image dataset with Laplace operator.
The result is Laplace operator can increase the detection rate of 2% and 1% in the
two R-CNN models respectively. The paper's experiments used transfer learning,
fine-tuning pre-trained R-CNN model. However, the experiment did not use crossvalidation and did not use hypothesis testing, which indicates that there is a high risk
in the conclusion of the experiment. In addition, there is also a difference between
target detection and image recognition.
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Chapter 4
Research method
4.1 Variable, Treatment, Object and Subject
In this project, the research method is the experiment. Because the project can be
designed as a technology-oriented experiment, it is relatively easy to control, and
all research questions can be concluded experimentally, so the experiment is the
best research method. In this project, the experiment can be designed as one
factor with more than two treatments. The subject of the experiment is the
convolutional neural network models. The object of the experiment is the image
data sets. The experimental factors (independent variable) and the treatments are
the image enhancement methods. The dependent variable of the experiment is the
performance of CNN model, this thesis use recognition accuracy and recall rate
and f1 score to measure

4.2 Image data set
In order to research the performance of CNN models on RGB images and
grayscale images, two data sets were selected in experiments. One of the data
sets is an RGB image data set and the other is a grayscale image data set.
The RGB image dataset comes from the "Cat VS Dog" dataset in the Kaggle
Challenge [25], which is typical of the nature image dataset. The training set
contains 12,500 images of cats and 12,500 images of dogs, the number of images
in the testing set is half of the training set, the label of the dog is 1, and the label
of the cat is 0. Since the model chosen by the experiment is Lenet5, it is
relatively simple and it is not easy to over-fit. In order to reduce the time spent on
the experiment, this thesis only selected 2000 images for training the complete
CNN model, in which the number of images of the cats is 1000 and the number
of images for dogs is 1000. In addition, because the number of data sets required
for transfer learning is small, this thesis used 1000 images for transfer learning,
where the number of images for the cats is 500 and the number of images for the
dogs is 500.
The grayscale image is from a dataset in Kaggle, which is a Chest X-ray image
for detecting pneumonia [27]; it is a very typical medical image data set. Chest
X-ray images were selected from pediatric patients of one to five years old from
Guangzhou Women and Children's Medical Center, Guangzhou. The data set
contains thousands of Chest X-ray images diagnosed as normal and thousands of
Chest X-ray images diagnosed as pneumonia X-ray images. Similarly, the
experiment randomly selected 1000 normal images and 1000 pneumonia images
for the experiment.
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4.3 Image processing
4.3.1 Filter low-quality images
Because there are not many images in the data set, it is necessary to ensure that
the images of the data set have high quality, so the experiment manually filter the
original datasets and remove some images. In the "Cat VS Dog" dataset, some
images have incorrect labels, such as images of dogs, are labeled as cat; and
some images are cartoon images such as "hello kitty"; and some images have
wrong subjects, for example, the subjects are humans rather than cats and dogs,
they need to be removed. In the Chest X-ray data set, some images have 3
channels; it means these images are "RGB" images, so they need to be remove.

4.3.2 Image type conversion
The two selected data sets are all JPG images. Studies have shown that neural
network image classifiers are vulnerable to adversarial images; JPG compression
often reverses the drop in classification accuracy to a large extent [22]. In order
to avoid the secondary compression of the original image in the image
enhancement process affecting the CNN model, the JPG images need to be
converted to PNG images before enhancing the original images.

4.3.3 Image channel conversion
Some studies have shown that the contrast limited adaptive histogram
equalization (CLAHE) method, the successive means quantization transform
(SMQT) method, the adaptive gamma correction method and the wavelet
transform should use different strategies on grayscale images and RGB images.
In the grayscale images, these image enhancement algorithms can act on the gray
channel. But in the RGB images, it is wrong to strengthen the RGB channels, it
will because it will destroy the original color distribution of the images. It is
effective to convert the RGB image into hue-saturation-value. (HSV) channel and
enhances the image by retaining the H channel, S channel and changing the V
channel [4] [5]. In order to prevent the influence of the conversion from RGB
images to HSV channels and from HSV channels to RGB channels, all the image
data sets including the original images will be converted from RGB channels to
HSV and convert back to RGB channels.

4.3.4 Image enhancement
The experiment performed image enhancement in the Matlab R2017a
environment. The contrast limited adaptive histogram equalization method is
used the function “adapthisteq()” in Matlab, which is the algorithm proposed by
Zuiderveld, Karel [35]. The experiment uses successive means of the
quantization transform method proposed by Julián Calderón González et al. [26].
The experiment uses adaptive gamma correction method proposed by Shih-Chia
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Huang et al. [6]. The experiment uses wavelet transform method proposed by
Ding X M et al. [24]. The image enhancement based on Laplace operator method
ͳ ͳ ͳ
uses the operator of ͳ െͺ ͳ for edge extraction [30]. Figures compare the
ͳ ͳ ͳ
performance of five image enhancement algorithms in two data sets.

a) Original

d) Gamma correction

b) SMQT

e) Wavelet transform

c) CLAHE

f) Laplace operator

Fig4. Enhanced images in “Cat VS Dog” data set with image enhancement
algorithms: a) Original image, b) Successive means quantization transform, c)
Contrast limited adaptive histogram equalization, d) Adaptive gamma correction
e) Wavelet transform, f) Laplace operator

a) Original

d) Gamma correction

b) SMQT

e) Wavelet transform
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c) CLAHE

f) Laplace operator

Fig5. Enhanced images in “Chest X-ray” data set with image enhancement
algorithms: a) Original image, b) Successive means quantization transform, c)
Contrast limited adaptive histogram equalization, d) Adaptive gamma correction
e) Wavelet transform, f) Laplace operator

4.3.5 Summary
In the Chest X-ray data set, the original data set is called A1, the JPG images are
first converted to PNG images, the data set is called A2, and this data set will
serve as the blank control group in the experiment. The images in A2 are
enhanced by CLAHE, SMQT, adaptive gamma correction, and Wavelet
transform Laplace operator methods, the data set after enhancement are called A3,
A4, A5, A6, and A7, respectively. The experiment will compare the performance
of A2 and A3, A4, A5, A6, A7 in the CNN model.

Fig6. Image processing of gray images
In the "Cat VS Dog" image data set, the original data set is called B1. The JPG
images are first converted into PNG images, the data set called B2. All images in
B2 were converted from RGB channels to HSV channels and converted back to
RGB channels. This data set is called B3 and B3 will be used as the blank control
group in the experiment. Convert B2 from RGB channel to HSV channel and
enhance the “Value” channel by CLAHE, SMQT, adaptive gamma correction,
Wavelet transform image enhancement respectively, and converts the enhanced
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HSV channel to RGB channel, at this time, the data sets are called B5, B6, B7,
B8 respectively. And enhance the images in B3 by Laplace operator, and the data
set is called B4. The experiment will compare the performance of B3 and B4, B5,
B6, B7, B8 in the CNN model.

Fig7. Image processing of RGB images

4.4 CNN model
4.4.1 Improved Lenet5
There are two convolutional neural network models in the experiment. The first
model is used to train the complete CNN model, and the second model is used for
transfer learning. In the first model, the experiment chose a simpler convolutional
neural network model. It is a modified LeNet5. The input layer is the matrix with
a 250×250×3 size. It has 5 layers, not including the input layer and the pooling
layer, which are the “convolution layer--pooling layer--convolution layer-pooling layer--fully connected layer--fully connected layer--output layer
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(softmax)”. The size of the convolution kernel is 3×3 and the step size is 1, and
the number of convolution boxes is 16 in each convolution layer. The pooling
layers use max pooling and the kernel size is 2×2, the step size is 2. In fully
connected layers there are 128 neurons in each layer, and the output layer uses
the softmax as a classifier. The size of all parameters in the model is
approximately 300M. In addition, because the model performance not stable
during training, in order to improve the stability of the model, the model uses the
“ELU” function as the activation function. In addition, in order to improve the
training speed of the model, the model uses “Adam” as the optimization
algorithm. The figure below is a simplified schematic of the model.

Fig8. Structure of improved Lenet5 model in the experiment [14]

4.4.2 Pre-trained VGG16
The experiment selected the VGG16 model in transfer learning. VGG16 has 16
layers in total, not including the input layer and the pooling layer, 13 of which are
convolutional layers, 2 of which are fully connected layers and one of which is
the output layer (softmax). The input layer is the matrix with a 224×224×3 size,
The size of convolution kernel is 3×3 and the step size is 1; the pooling layer uses
max pooling, kernel size is 2×2, the step size is 2. There are 4096 neurons in each
fully connected layer, and softmax is used as the classifier in the output layer. All
parameters of the model exceed 500M. In addition, since training the model
requires a long training time, in order to make the model train faster, the model
uses the “ReLU” function as the activation function and the model still uses the
Adam optimization algorithm. The reason for choosing VGG16 is that the
structure of the model is very easy to understand, the role of each layer is very
clear. Like the Lenet5 model, the convolutional layers and the pooled layers of
VGG16 are equivalent to do feature extraction on the images. Before entering the
fully connected layer, the shape of the matrix is 7×7×512, which is much smaller
than 224×224×3. The fully connected layers and softmax are used to classify the
extracted features. VGG16 can achieve high accuracy, its parameters are less
than VGG19 but the performance is not much different from VGG19 [15]. In the
experiment, the parameters of all convolutional layers of VGG16 are frozen, and
all the parameters of the fully connected layers and the softmax layer are
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removed, the experiment will build new fully connected layers and a softmax
layer. The figure below is a schematic representation of the model.

Fig9. Structure of VGG16 in the experiment [37]

4.5 Error reduction
It is conceivable that the results of this experiment will not be much different, so
in the experiment, how to minimize the errors has become the key to the
experiment. In this experiment, the number of images in the test set is not big;
and in order to speed up the learning progress, the learning rate does not take a
very small value, which would cause a large fluctuation in the results for each
training step. So on the test set, even if the model has converged, the results are
still not stable. After testing, the accuracy rate, f1 score, recall rate will fluctuate
within the range of 2% to 10%. This can make it difficult to determine a certain
accuracy rate, f1 score, recall rate in each train. To overcome this problem, the
experiment tested the testing set while training the convolutional neural network.
In order to ensure the testing results are the real results on all images in the
testing set, the experiment used the number of images in the testing set as the
value of “Batchsize” in the experiment. This ensures that all training images are
tested for each training step. After the training is finished, the CNN model is
converged, the experiment will take the mean value of accuracy rate, f1 score and
recall rate as the final results. In addition, it is pointed out in the literature that
CNN's recognition accuracy will be higher and more stable when the value of
“Batchsize” is larger [13], which is also very beneficial for the experiment. In
addition, in this experiment, a ten-fold cross-validation method was used as the
evaluation method. The ten-fold cross-validation needs to arrange the image data
sets in a certain order, the original image data set and the image enhanced by the
image enhancement algorithms need to be arranged according to the same
arrangement rule to ensure that the images in each data set are corresponding.
The images in the data set are then evenly divided into ten, and nine of subsets
are taken as a training set for each experiment, and the remaining one is used as a
testing set. Ten experiments were performed to obtain ten results, and the ten
results were recorded and subjected to paired T-test to obtain experimental
conclusions.

4.6 Experiments
Since most of the public CNN models are trained through RGB images, the input
layer is a three-channel matrix, which means that transfer learning cannot train
grayscale images. So there are three groups of experiments. Experiment 1 uses
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the X-ray grayscale images to train the complete CNN model in the improved
Lenet5 model. Experiment 2 uses the "Cat VS Dog" RGB images to train the
complete CNN model in the improved Lenet5 model. Experiment 3 uses the "Cat
VS Dog" RGB images to do transfer learning in the pre-trained VGG16 model,
freeze the convolution layers and fine-tune full connection layers and output
layer.
Experiments were done on a computer with an i7-8750H CPU @2.20GHz, with
16.0GB of RAM (not all of it was used during runtime), and an NVIDIA
GeForce GTX 1070 GPU. Our CNN classification implementation relies on the
usage of Python (3.5) along with the TensorFlow (1.8.0) frame.

4.6.1 Experiment 1
Using Chest X-ray images as data sets, experiments were performed on the
improved LeNet5 model using five different image enhancement algorithms.
Since the sizes of the original images are large and different, the length and width
of the images are basically between 1000 pixels and 2000 pixels. In order to
reduce the training time of the CNN model and unify the size of the input layer,
the experiment resizes the size of images to 250×250, the experimental results
show that the image has a very high accuracy after resize. The experiment uses a
learning rate of 0.0001, the number of iterations of 300, and the “Batchsize” of
200. Since in this experiment, all pneumonia images need to be detected as much
as possible, the recall rate is more important than the precision rate. In many
medical fields, the recall rate is often used as the metric to improve the rate of
disease recognition or detection. For example, in this paper on breast cancer
detection, recall rate is used as the metric instead of precision rate and f-measure
[40]. So, the experiment uses accuracy and recall rate as metrics of performance.
The table below shows the results of the experiment.
Accuracy (%)
Original
SMQT
CLAHE
Gamma
Wavelet
Laplace

1
96.9
97.5
97.9
96.7
97.5
98.0

2
98.2
98.2
98.2
97.9
98.3
98.2

3
95.5
94.3
95.4
95.0
95.9
97.0

4
95.9
97.0
97.7
96.7
96.0
98.0

5
97.3
96.4
98
97
97.6
99.0

6
98.6
98.2
99
99.1
98.6
100

7
99.2
99.1
99.5
98.6
99.1
99.3

8
98.4
97.7
98.5
97
98.5
99.0

9
96.2
94.5
94.5
96
95.9
93.3

10
97.7
98.1
97.7
97.5
97.4
98.6

Mean
97.39
97.1
97.64
97.15
97.48
98.04

Median
97.5
97.6
97.95
97
97.55
98.4

Table1. Accuracy in 10-fold cross-validation of experiment1
Recall (%)
Original
SMQT
CLAHE
Gamma
Wavelet
Laplace

1
96.3
96.9
97.8
96.1
96.1
97.0

2
97.5
97.3
97.4
97
97.5
96.6

3
92.6
90.5
92.1
91.8
93.3
95.0

4
95
99
98
98.2
96.5
97.0

5
97.5
96.7
98
97.5
97.9
99.0

6
98.6
97.1
98
98.7
98.8
100

7
98.5
98.9
99
98.1
98.2
98.6

8
99.2
97.9
98
99.1
100
98.2

9
99.5
96.6
97.3
99.2
98.4
100

10
95.7
96.5
96.4
95.6
95.7
99.0

Table2. Recall rate in 10-fold cross-validation of experiment1
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Mean
97.04
96.74
97.2
97.13
97.24
98.04

Median
97.5
97
97.9
97.8
97.7
98.4

4.6.2 Experiment 2
Using the "Cat VS Dog" images as the data set, experiments were performed on
the improved LeNet5 model using five different image enhancement algorithms.
The length and width of the original dataset image range from 100 pixels to 500
pixels and they are resized to 250×250. The experiment uses a learning rate of
0.0001, the number of iterations of 500, and the “Batchsize” of 200. Since the
two types of data set do not have a bias, the accuracy and F1 score are used as
metrics to measure performance. The following table shows the results of the
experiment.
Accuracy (%)
Original
SMQT
CLAHE
GAMMA
Wavelet
Laplace

1
70.3
72.9
72.8
78.2
71.8
73.3

2
69.7
70.7
68.5
67.4
67.2
70.0

3
68.9
70.5
67.1
64.5
66.2
67.7

4
70.5
70.5
71
70.8
68.1
72.1

5
74.1
69.6
71
74.3
75.1
72.0

6
67.9
68
70.7
70.1
68.8
67

7
67.5
71.2
68.1
71.5
70.6
71.5

8
69.8
71.1
67.7
68.2
67.5
67.6

9
70.3
69.5
72.4
69.5
71.6
73.3

10
70.9
66.1
69.7
67
67.2
72.7

Mean
69.99
70.01
69.9
70.15
69.41
70.72

Median
70.05
70.5
70.2
69.8
68.45
71.75

Mean
69.85
69.33
69.6
69.63
68.66
70.22

Median
70.15
70.4
69.75
67.7
67.95
71.35

Table3. Accuracy in 10-fold cross-validation of experiment2
F1 score (%)
Original
SMQT
CLAHE
GAMMA
Wavelet
Laplace

1
71.2
70.9
72.2
77.7
68.3
71.9

2
69.1
71.3
67.6
66.8
67.0
68.5

3
70.1
70.3
66.7
66.9
65.6
67.4

4
71.5
70.5
71.5
70.5
68.7
73.5

5
73.6
68.3
73
74.3
74.5
72.5

6
66.7
66.7
69.8
67.7
67.1
64.8

7
66.6
72
67.7
70.1
70.1
71.4

8
70.2
71.1
67.1
67.1
66.6
68.2

9
68.8
66.5
69.7
67.5
71.1
71.3

10
70.7
65.7
70.7
67.7
67.6
72.7

Table4. F1 score in 10-fold cross-validation of experiment2

4.6.3 Experiment 3
Using the "Cat VS Dog" images as the data set, experiments were performed
transfer learning on the pre-trained VGG16 model using five different image
enhancement algorithms. And the image was resized to 224×224 before training.
The experiment used the parameters in the VGG16 model convolutional layers
and frozen all convolutional layers. Remove all fully connected layers and output
layer and build new fully connected layers and output layer for training. The
experiment uses a learning rate of 0.00005, the number of iterations of 1500, and
the “Batchsize” of 100. Accuracy and F1 score were used as performance metrics.
The following table is the experimental results.
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Accuracy (%)
Original
SMQT
CLAHE
Gamma
Wavelet
Laplace

1
96.7
96.2
94.8
94.9
91.0
92.0

2
96.0
94.6
95.6
93.1
93.3
93.0

3
91.2
89.2
90.5
90.5
88.5
85.5

4
85.3
88.4
85.1
89.0
86.7
89.0

5
92.3
88.3
92.4
92.2
90.2
92.3

6
88.9
89.5
90.1
91.0
88.4
90

7
94.7
86.9
94.3
91.6
91.1
88

8
91.4
92.2
90.3
91.4
91.9
90

9
93.2
85.6
87.9
87.9
87.2
88.4

10
91.6
88.5
89.2
89.2
88.0
90.3

Mean
92.13
89.94
91.02
91.08
89.63
89.85

Median
91.95
88.85
90.4
91.2
89.35
90

Mean
91.64
89.4
90.45
90.49
88.76
89.26

Median
91.75
88.35
89.95
90.5
88.75
89.3

Table5. Accuracy in 10-fold cross-validation of experiment3
F1 score (%)
Original
SMQT
CLAHE
Gamma
Wavelet
Laplace

1
96.4
96.2
94.7
94.9
90.0
91.7

2
95.8
94.5
95.5
92.6
93.0
92.6

3
91.0
89.1
90.2
89.5
87.2
85.1

4
83.5
87.8
83.5
88.4
85.4
88.4

5
92.5
87.9
92.2
92.0
89.7
91.8

6
88.0
88.8
89.5
90.3
87.8
89

7
94.5
85.9
93.5
90.7
90.3
86.9

8
90.7
91.5
89.7
91.0
91.3
89.8

9
93.0
84.7
87.2
87.0
85.7
87.7

10
91.0
87.6
88.5
88.5
87.2
89.6

Table6. F1 in 10-fold cross-validation of experiment3
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Chapter 5
Result and Discussion
5.1 Statistical hypothesis testing
Since the experiments use ten-fold cross-validation, ten results are produced for each
experiment. So the thesis used the paired T-test for hypothesis testing. And there is a
report shows the variance of k-folds cross-validation cannot be unbiasedly estimated
[31]. That means the hypothesis testing should use the population variance and
population standard deviation rather than the sample variance and sample standard
deviation. In the paired T-test, it is necessary to compare the relationship between ܶ௧
and ݐఈǡିଵ in one-sided test, and reject the null hypothesis when ܶ௧ is larger than (or
equal with) ݐఈǡିଵ, where α is the confidence interval. When the Ƚ is 0.05, the ݐǤହǡଽ
is 1.83 [41]. The formula for ܶ௧ is as follows [34], where Ɋ is the mean value of the
differences and ɐ is the population standard deviation of the differences:

ܶ௧ ൌ ሃ

ξߤܭ
ሃ
ߪ

(4)

In “Experiment 1”, comparing the accuracy between original images and the images
Ǥଶଽൈξଵ

enhanced by SMQT, theܶ௧ ൎ ȁ Ǥ଼ଶ ȁ ൎ ͳǤͳʹ , because 1.12 is smaller than 1.83,
so there is no significant difference. Comparing the accuracy between original
Ǥଶହൈξଵ

ȁ ൎ ͲǤͻ͵, because
images and the images enhanced by CLAHE, the ܶ௧ ൎ ȁ
Ǥ଼ହ
0.93 is smaller than 1.83, so there is no significant difference. Comparing the
accuracy between original images and the images enhanced by adaptive gamma
Ǥଶସൈξଵ

ȁ ൎ ͳǤ͵ͷ, because 1.35 is smaller than 1.83, so there is
correction, the ܶ௧ ൎ ȁ
Ǥହସ
no significant difference. Comparing the accuracy between original images and the
Ǥଽൈξଵ

images enhanced by wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͲͷ, because 1.05 is
Ǥଶ
smaller than 1.83, so there is no significant difference. Comparing the accuracy
between original images and the images enhanced by Laplace operator, the
Ǥହൈξଵ

ȁ ൎ ͳǤͷ͵, because 1.53 is smaller than 1.83, so there is no significant
ܶ௧ ൎ ȁ
ଵǤଷସହ
difference. Comparing the recall rate between original images and the images
Ǥଷൈξଵ

enhanced by SMQT, the ܶ௧ ൎ ȁ ଵǤ଼ସ ȁ ൎ ͲǤͷʹ, because 0.52 is smaller than 1.83,
so there is no significant difference. Comparing the recall rate between original
Ǥଵൈξଵ

images and the images enhanced by CLAHE, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤ͵, because
ଵǤଷସ
0.37 is smaller than 1.83, so there is no significant difference. Comparing the recall
rate between original images and the images enhanced by adaptive gamma correction,
Ǥଽൈξଵ

the ܶ௧ ൎ ȁ ଵǤ ȁ ൎ ͲǤʹ , because 0.27 is smaller than 1.83, so there is no
significant difference. Comparing the recall rate between original images and the
Ǥଶൈξଵ

images enhanced by wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͻͶ, because 0.94 is
Ǥ
smaller than 1.83, so there is no significant difference. Comparing the recall rate
between original images and the images enhanced by Laplace operator, the
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ଵൈξଵ

ܶ௧ ൎ ȁ
ȁ ൎ ʹǤͶͲ, because 2.40 is bigger than 1.83, so there is a significant
ଵǤଷଶ
difference between the recall of original images and the recall of the images
enhanced by Laplace operator. Because the recall rate between original images and
the images enhanced by Laplace operator has a significant difference, this thesis also
compares the accuracy and recall rate between Laplace operator and other algorithms.
Comparing the accuracy between the Laplace operator and the SMQT, the
Ǥଽସൈξଵ

ܶ௧ ൎ ȁ ଵǤଵହ ȁ ൎ ʹǤͷͺ, because 2.58 is larger than 1.83, so there is a significant
difference. Comparing the accuracy between the Laplace operator and the CLAHE,
Ǥସൈξଵ

the ܶ௧ ൎ ȁ Ǥହ ȁ ൎ ͳǤͻ , because 1.69 is smaller than 1.83, so there is no
significant difference. Comparing the accuracy between Laplace operator and the
Ǥ଼ଽൈξଵ

adapt gamma correction, the ܶ௧ ൎ ȁ ଵǤଷଶ ȁ ൎ ʹǤͳ͵ , because 2.13 is larger than
1.83, so there is a significant difference. Comparing the accuracy between the
Ǥହൈξଵ

Laplace operator and the wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͶ, because
ଵǤଶଵ
1.46 is smaller than 1.83, so there is no significant difference. Comparing the recall
ଵǤଷൈξଵ

rate between the Laplace operator and the SMQT, the ܶ௧ ൎ ȁ
ȁ ൎ ʹǤͳ ,
ଵǤଽ
because 2.16 is larger than 1.83, so there is a significant difference. Comparing the
Ǥ଼ସൈξଵ

recall rate between the Laplace operator and the CLAHE, the ܶ௧ ൎ ȁ
ȁൎ
ଵǤସସ
ͳǤͺͶ, because 1.84 is larger than 1.83, so there is a significant difference. Comparing
the recall rate between Laplace operator and the adapt gamma correction, the
Ǥଽଵൈξଵ

ȁ ൎ ʹǤͲ, because 2.06 is larger than 1.83, so there is a significant
ܶ௧ ൎ ȁ
ଵǤସ
difference. Comparing the recall rate between Laplace operator and the SMQT, the
Ǥ଼ൈξଵ

ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͻͻ, because 1.99 is larger than 1.83, so there is a significant
ଵǤଶ
difference.
In “Experiment 2”, comparing the accuracy between original images and the images
Ǥଶൈξଵ

enhanced by SMQT, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͲʹ, because 0.02 is smaller than 1.83,
ଶǤସ
so there is no significant difference. Comparing the accuracy between original
Ǥଽൈξଵ

images and the images enhanced by CLAHE, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͳͶ, because
ଵǤଽ଼
0.14 is smaller than 1.83, so there is no significant difference. Comparing the
accuracy between original images and the images enhanced by adaptive gamma
Ǥଵൈξଵ

correction, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͶͳ, because 0.41 is smaller than 1.83, so there is
ଷǤହହ
no significant difference. Comparing the accuracy between original images and the
Ǥହ଼ൈξଵ

images enhanced by wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͺʹ, because 0.82 is
ଶǤଶସ
smaller than 1.83, so there is no significant difference. Comparing the accuracy
between original images and the images enhanced by Laplace operator, the
Ǥଷൈξଵ

ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͲͺ, because 1.08 is smaller than 1.83, so there is no significant
ଶǤଵହ
difference. Comparing the f1 score between original images and the images enhanced
Ǥହଶൈξଵ

by SMQT, the ܶ௧ ൎ ȁ
ȁ ൎ ͲǤͷͶ, because 0.54 is smaller than 1.83, so there is
ଷǤଷ
no significant difference. Comparing the f1 score between original images and the
images enhanced by CLAHE, the ܶ௧ ൎ ȁ

Ǥଶହൈξଵ
ଵǤ଼ଽ
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ȁ ൎ ͲǤͶʹ, because 0.42 is smaller

than 1.83, so there is no significant difference. Comparing the f1 score between
original images and the images enhanced by gamma correction, the ܶ௧ ൎ
Ǥଶଶൈξଵ

ȁ
ȁ ൎ ͲǤʹ͵ , because 0.23 is smaller than 1.83, so there is no significant
ଷǤସ
difference. Comparing the f1 score between original images and the images enhanced
ଵǤଵଽൈξଵ

by wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͶͷ, because 1.45 is smaller than 1.83,
ଶǤ
so there is no significant difference. Comparing the f1 score between original images
Ǥଷൈξଵ

and the images enhanced by Laplace operator, the ܶ௧ ൎ ȁ
ଶǤଷ
0.51 is smaller than 1.83, so there is no significant difference.

ȁ ൎ ͲǤͷͳ, because

In “Experiment 3”, comparing the accuracy between original images and the images
ଶǤଵଽൈξଵ

enhanced by SMQT, the ܶ௧ ൎ ȁ ଷǤଷ ȁ ൎ ʹǤͲ, because 2.06 is bigger than 1.83,
so the accuracy of the original images is significantly better than the accuracy of
images enhanced by SMQT. Comparing the accuracy between original images and
ଵǤଵଵൈξଵ

the images enhanced by CLAHE, the ܶ௧ ൎ ȁ
ȁ ൎ ʹǤͲ, because 2.06 is bigger
ଵǤ
than 1.83, so the accuracy of original images is significantly better than the accuracy
of images enhanced by CLAHE. Comparing the accuracy between original images
ଵǤହൈξଵ

and the images enhanced by adaptive gamma correction, the ܶ௧ ൎ ȁ
ȁ ൎ ͳǤ͵͵,
ଶǤହ
because 1.33 is smaller than 1.83, so there is no significant difference. Comparing the
accuracy between original images and the images enhanced by wavelet transform, the
ଶǤହൈξଵ

ܶ௧ ൎ ȁ
ȁ ൎ ͵ǤͶʹ, because 3.42 is bigger than 1.83, so the accuracy of original
ଶǤଷଵ
images is significantly better than the accuracy of images enhanced by wavelet
transform. Comparing the accuracy between original images and the images
ଶǤଶ଼ൈξଵ

enhanced by Laplace operator, the ܶ௧ ൎ ȁ ଷǤଵଷ ȁ ൎ ʹǤ͵Ͳ, because 2.30 is bigger
than 1.83, so the accuracy of original images is significantly better than the accuracy
of images enhanced by Laplace operator. Comparing the f1 score between original
ଶǤଶସൈξଵ

images and the images enhanced by SMQT, the ܶ௧ ൎ ȁ
ȁ ൎ ͳǤͺ͵, because
ଷǤ଼଼
1.83 is equal with 1.83, so the accuracy of original images is significantly better than
the accuracy of images enhanced by SMQT. Comparing the f1 score between original
ଵǤଵଽൈξଵ

images and the images enhanced by CLAHE, the ܶ௧ ൎ ȁ
ȁ ൎ ʹǤͲͷ, because
ଵǤ଼ସ
2.05 is bigger than 1.83, so the accuracy of original images is significantly better than
the accuracy of images enhanced by CLAHE. Comparing the f1 score between
original images and the images enhanced by adaptive gamma correction, the
ଵǤଵହൈξଵ

ܶ௧ ൎ ȁ
ȁ ൎ ͳǤʹ͵, because 1.23 is smaller than 1.83, so there is no significant
ଶǤଽ
difference. Comparing the f1 score between original images and the images enhanced
ଶǤ଼଼ൈξଵ

by wavelet transform, the ܶ௧ ൎ ȁ
ȁ ൎ ͵Ǥʹͺ, because 3.28 is bigger than 1.83,
ଶǤ଼
so the accuracy of original images is significantly better than the accuracy of images
enhanced by wavelet transform. Comparing the f1 score between original images and
ଶǤଷ଼ൈξଵ

the images enhanced by Laplace operator, the ܶ௧ ൎ ȁ
ȁ ൎ ʹǤͳ͵, because 2.13
ଷǤହଷ
is bigger than 1.83, so the accuracy of original images is significantly better than the
accuracy of images enhanced by Laplace operator.
32

5.2 Result
In “Experiment 1”, although CLAHE and wavelet transform and Laplace
operator image enhancement algorithms can improve the mean accuracy and
recall rates, according to paired T-test, only Laplace operator image enhancement
has a significant difference on recall rate with the original data set. There are no
significant differences in all other accuracy and recall rates. And comparing
enhanced images, in accuracy, the Laplace operator has a significant difference
from SMQT and gamma correction but has no significant difference from
CLAHE and wavelet transform. In recall rate, the Laplace operator is
significantly larger than the other four image enhancement algorithms. And the
mean accuracy, mean recall, median accuracy and median recall of Laplace
operator are larger than others. So in this data set, using the Laplace operator to
enhance the images can improve the performance of the CNN on the Recall rate,
and the Laplace operator is the best algorithm in these five image enhancement
algorithms.
In “Experiment 2”, the mean F1 score of the data set enhanced by Laplace
operator is the highest, the original data set was higher than the mean F1 scores
of data sets enhanced by the other four algorithms. The median F1 score of the
data sets using SMQT and Laplace operator are higher than the original data set,
and the data sets using CLAHE, gamma correction and wavelet transform are
lower than original data set. On mean accuracy, the data sets using SMQT,
adaptive Gamma correction, and Laplace operator are higher than the original
dataset; data sets using CLAHE and wavelet transform are lower than the original
dataset. On median accuracy, the data sets using SMQT, CLAHE and Laplace
operator are higher than the original data set, and data sets using gamma
correction and wavelet transform are lower than the original data set. However,
all data sets have no significant difference in accuracy and F1 score.
In “Experiment 3”, in the mean accuracy, median accuracy, mean F1 score and
median F1 score, all data sets processed by the image enhancement algorithms
are lower than the original data set. And after paired T-test, it was found that only
the accuracy and F1 score of the data set using adaptive Gamma-corrected have
no significant difference from the accuracy and f1 score of the original data set.
And the accuracy and F1 scores of the data sets processed by the other four
image enhancement algorithms are significantly lower than the accuracy and the
F1 score of the original data set.

5.3 Discussion
From the results of “Experiment 1”, we can know that the image enhancement
algorithm based on Laplace operator can improve the Recall rate of CNN on Xray images when training the complete CNN model. From this, we can reject the
null hypothesis 1 and accept the alternative hypothesis 1. However, not all image
enhancement algorithms can improve the performance of CNN. Only some
suitable image enhancement algorithms can improve the performance of CNN.
Compare Laplace operator with other algorithms, the results show that Laplace
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operator is the best algorithm in these five image enhancement algorithms, which
means on one data set, different image enhancement algorithms have different
performance. After further experiments, it is found that using both the original
data set and the data set enhanced by the Laplace operator has bad performance;
the mean accuracy and the recall rate are both 97.21%, which is worse than using
only the original image data set or the enhanced image data. Among the five
image enhancement algorithms, only the Laplace operator image enhancement
algorithm enhances the edge information of the X-ray image. In Experiment 1,
edge enhancement was positive for recall rates. In practical applications, it is
unrealistic to try to perform multiple image enhancement algorithms on a data set.
Therefore, if there is no research to prove that an image enhancement algorithm
is effective in a certain data set; it is better to use the original data set.
In “Experiment 2”, after paired T-test, there was no significant difference
between the image enhanced by the Laplace operator and the original image in
accuracy and F1 score. Comparing with the results of Experiment 1, it can be
concluded that an image enhancement algorithm has different effects on the CNN
model in different data sets. However, in the mean and median accuracy, and the
mean and median of the F1 score, it can be found that the Laplace operator is still
the highest group in Experiment 2.
From the results of “Experiment 3”, we know that SMQT, CLAHE, Wavelet
transform and Laplace Operator will reduce the performance of VGG16 when
fine-tuning. The image data set enhanced by Adapt Gamma Correction has no
significant difference from the original image data set. But the mean accuracy,
median accuracy, mean F1 score and median F1 score of original image data set
are all higher than image data set enhanced by Adapt Gamma Correction. The
possible reason is that the VGG16 model was trained on the ImageNet dataset [2],
the images in the data set are all natural images. Therefore, the parameters in the
convolutional layers are more suitable for extracting the features of the natural
images, rather than extracting the features of the enhanced images. Therefore, in
practical applications, when fine-tuning on natural images, it is better not to use
image enhancement algorithms for image preprocessing. Image enhancement
algorithms are likely to reduce the performance of pre-trained CNN models.

5.4 Threat analysis
In this thesis, experiments use the appropriate metrics and paired T-test to ensure
the conclusion validity. In addition, in order to reduce the threat of internal
validity, the experiments carried out 10-fold cross validation test which can
reduce the contingency of the experiment.
The threat of the experiment mainly comes from the external validity of the
experiment. Since there are too many strategies on one image enhancement
algorithm, such as the adaptive gamma correction method, there are many papers
publish different kinds of adaptive gamma correction methods. Laplace operator
also has many kinds of operators. Since the experiment uses one of the Laplace
operators, the conclusion can’t be applied to all image enhancement algorithms
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based on Laplace operators. And because there are many strategies to transfer
learning, the conclusions of the experiment only apply to the fine-tuning method,
not all the transfer learning methods. In addition, since the experiment only
selected two data sets, and two CNN models, the conclusions are not necessarily
applicable to all X-ray data sets and all CNN models.
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Chapter 6
Conclusion and Future work
6.1 Conclusion
In this paper, experiments have shown that the image enhancement algorithm
based on Laplace operator get a positive conclusion on the "X-ray" data set when
training the complete CNN models. It is proved that when training a complete
CNN model, there is the possibility of using image enhancement algorithms to
improve the performance of CNN models. In addition, experiments found that
CLAHE, SMQT, adaptive gamma correction, and wavelet transform, four image
enhancement algorithms did not perform positively on the "X-ray" data set when
training the complete CNN models. In addition, in the X-ray dataset, the Laplace
operator is significantly better than the other four image enhancement algorithms.
It is proved that different image enhancement algorithms performance differently
on the same CNN model, and not all image enhancement algorithms can improve
the performance of CNN models when training a complete CNN model. In the
RGB data set, all the enhanced image data set by five image enhancement
algorithms including Laplace operator have no significant difference from the
original data set. It is proved that one image enhancement algorithm in the
different data set will influence the performance of CNN model differently.
In addition, experiments have shown that using “fine-tuning” to do the transfer
learning in CNN models, CLAHE, SMQT, wavelet transform, Laplace operator,
four image enhancement algorithms have the negative performance on the
natural image data set, which will reduce the performance of the CNN models.
Although the image data set using adapt gamma correction has no significant
difference from the original data set, all of mean accuracy median accuracy,
mean F1 score and median F1 score are lower than the original data set. It is
proved that when using fine-tuning to do the transfer learning in CNN models,
there is the possibility of using image enhancement algorithms to reduce the
performance of pre-trained CNN models.

6.1.1

Answering RQs

RQ1
Increasing image intensity can improve the performance in image recognition of
Convolutional neural network when training a complete Convolutional neural
network, but not all image enhancement algorithms can improve the performance
of CNN, and it is necessary to select an appropriate image enhancement
algorithm according to the data set.
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RQ2
Increasing image intensity can reduce the performance in image recognition of
the Convolutional neural network when using transfer learning (fine-tuning).
Although not all image enhancement algorithms will reduce the performance of
CNN, it is better not to use image enhancement algorithms on transfer learning.

6.1.2

Hypothesis testing

According to the paired T-test, it was found that when training a complete CNN
model, using the Laplace operator on the “X-ray” dataset can improve the
performance of the CNN model. Therefore, this thesis can reject the “null
hypothesis 1” and accept the “alternative hypothesis 1”: Increasing image
intensity can improve the performance in image recognition of the Convolutional
neural network when training a complete Convolutional neural network.
According to the paired T-test, it was found that in the transfer learning, using
the SMQT, CLAHE, Wavelet transform and Laplace Operator on the "Cats VS
Dogs" data set will reduce the performance of the CNN model. Therefore, this
thesis can reject the “null hypothesis 2” and accept the “alternative hypothesis 2”:
Increasing the image intensity will reduce the performance in image recognition
of the Convolutional neural network when using transfer learning (fine-tuning).

6.2 Future Work
In order to reduce the external validity threat of the experiment, more data sets
and more image enhancement algorithms will be used in the experiment in the
future work. In addition, the image enhancement algorithms will be chosen based
on the characteristics of the data sets. Moreover, using more CNN models and
more strategies of transfer learning can also reduce external effectiveness threats
in experiments. Moreover, more experiments can be designed to specifically
research the impact of Laplace operators on the performance of CNN models.
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