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Abstract: Over a century ago, the only way for doctors to see what is going on inside a patient's body is 
to physically cut the patient open. On the other hand, this started to completely change when a variety 
of helpful medical imaging techniques are develop. These techniques are able to produce images of the 
patient's internal organs and bones without causing any discomfort to the patient. This paper has 
proposed a machine learning model that predicts the class of the disease. For training of machine 
content features are extracted from the image. Selected features are extract from the blocked image so 
cumulative prediction gives better output of image diagnosis. Experiment is perform on read medical 
images of malaria and skin cancer. Results shows that proposed MLMID (Machine Learning by Medical 
Image Diagnosis) model has improved the evaluation parameters values. 

Index Terms— Medical image diagnosis, Frequency Feature, Clustering, DIP. 
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I. INTRODUCTION 

The quality of the multidimensional images that 
are produced as a result of the development of 
medical imaging techniques such as 
photography and breast magnetic resonance 
imaging (MRI), for example, has shown 
tremendous improvement in recent years. Image 
analysis can either be performed manually by 
trained medical professionals or automatically 
by specialized software [1]. The manual analysis 
of medical images is a process that is laborious, 
time consuming, and prone to making mistakes. 
On the other hand, automatic analysis is 
performed by utilizing computational resources, 
which is significantly quicker, more accurate, 
and ultimately results in a significant 
improvement in the disease diagnosis of MRI 
medical disorders [2]. 

The technology of image segmentation is utilize 
to partition the medical image into various 
regions for the purpose of accurate identification 
and separation of diseased area. As a result, the 
medical image is an essential component in the 
diagnostic process for a variety of pathological 

conditions. As a result of their availability in 
digital format for use in the development of 
computer-aided design (CAD) applications for 
image processing and analysis methods [3, 4], 
medical images have become one of the most 
widely used practices in recent years. One of the 
most prominent topics at the moment is the use 
of machine learning (ML), which can be divided 
into two categories: moderated and 
unsupervised ML, to link a variety of medical 
images to one another. In the case of supervised 
learning, this paper train a model on a set of 
images for which this paper already know the 
label that corresponds to the ground truth. The 
classification of medical images is going to make 
use of a number of different supervised learning 
algorithms, such as Multilayer Perception (MLP) 
[5, 6], Support Vector Machine (SVM) [7], and a 
few others. These algorithms are well known in 
the medical imaging research literature. 

 

The purpose of this research is to examine deep 
learning methods in the context of the medical 
field and to determine whether or not these 
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methods are superior to the most recent and 
cutting-edge approaches. In addition to that, the 
features that are learned through the various 
methods of deep learning are evaluated as well. 
For instance, it is investigated whether or not 
the deep learning strategies are effective in 
mastering the features that are unique to the 
problem. automatically 

 

The remaining parts of the paper are divided up 
into a few sections. In the second section, this 
paper will elaborate on the research work that 
various scholars have done so far. Additional 
research has been published that details the 
proposed model with a block diagram and 
algorithm. In the fourth section of the paper, a 
comparison of the proposed model is carried out 
on a variety of evaluation parameters. The 
conclusion section of the paper discusses the 
findings. 

 

II. Related Work 

G. Wang et. al. in [8] applied CNNs embedded 
within a bounding box and scribble-based 
segmentation pipeline, a novel deep learning-
based interactive segmentation framework was 
proposed. This paper propose image-specific 
fine tuning as a means of making a CNN model 
adaptable to a particular test image. This image 
may be unsupervised (requiring no additional 
user interactions) or supervised (requiring such 
interactions) (with additional scribbles). For the 
fine tuning, this paper also propose a weighted 
loss function that takes into consideration the 
uncertainty based on the network and 
interactions. This framework was utilised in 
both of the following applications: 2-D 
segmentation of multiple organs from foetal 
magnetic resonance (MR) slices, where only two 
types of these organs are annotated for training; 
3-D segmentation of brain tumour core 
(excluding edoema) and whole brain tumour 
(including edoema) from different MR 
sequences, where only the tumour core in one 
MR sequence was annotated for training; 2-D 
segmentation of multiple organs from foetal MR 
slices; 3-D segmentation of brain tumour core. 

 

X. Ouyang  et. al. in [9] creates a dual-sampling 
attention network so that chest computed 
tomography can automatically differentiate 

COVID-19 from community-acquired pneumonia 
(CAP) (CT) . When it comes to making decisions 
regarding diagnoses, this paper specifically 
propose a new online attention module that 
utilizes a three-dimensional convolution neural 
network (CNN) to zero in on the infected areas 
of the lungs. It is important to take note of the 
fact that there is an imbalanced distribution of 
the sizes of the infection regions between 
COVID-19 and CAP. This is in part due to the 
rapid progression of COVID-19 after the onset of 
symptoms. As a result, this paper devise a 
strategy involving dual sampling in order to 
compensate for the imbalanced learning. 

 

S. Zhang et. al. in [10] presents a fast medical 
image super-resolution (FMISR) method. This 
method uses the same three hidden layers as the 
super resolution convolution neural network to 
complete feature extraction. It is essential that a 
deep learning network be properly designed so 
that it processes images in the low resolution 
space rather than the high resolution space. This 
makes it possible for the super-resolution 
reconstruction to be carried out in a more 
effective manner. It is absolutely necessary to 
add a sub-pixel convolution layer and perform 
mini-network substitution in the hidden layers 
in order to make improvements to the speed of 
image reconstruction. While the hidden layers 
are suggested as a method for ensuring the 
quality of the reconstruction, the FMISR 
framework that this paper have developed 
performs significantly faster and produces 
images with a higher resolution. 

 

P. Qin  et. al. in [11] proposed a method was 
developed for the classification of benign and 
malignant thyroid nodules that is based on the 
combination of conventional ultrasound 
elasticity images using convolutional neural 
network. This method should introduce richer 
feature information. First, the conventional 
network model completes pre training on 
ImageNet and then applies transfer learning to 
move the feature parameters to the ultrasound 
image domain. This allows for the extraction of 
depth features and the processing of small 
samples. After that, in order to create a hybrid 
feature space, this paper combine the depth 
features of traditional ultrasound images with 
those of ultrasound elasticity images. In the end, 
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the classification on the hybrid feature space is 
finished, and a CNN model that covers the entire 
process from beginning to end is implemented. 

 

Quan Quan  et. al.in [12], proposed a Attentive 
Dense Circular Net (ADCN), which is based on 
Convolutional Neural Networks, is a 
classification network. As it is both efficient and 
novel. The ADCN combines concepts from dense 
and residual networks with the attention 
mechanism. These concepts serve as the basis 
for the ADCN. 

 

II. Proposed Model 

This section of the paper, provides an 
explanation of the proposed MLMID, which 
stands for Machine Learning for Medical Image 
Diagnosis. Figure 1 depicts a flow diagram of the 
work that needs to be done in order to improve 
comprehension of the model. In this section, an 
explanation is given for each individual 
component of the model. 

 

Image Pre-Processing 

The input image contains noisy data, which must 
be cleaned up by applying a filter in order to get 
the pixel value back to normal. In order to get rid 
of the noise, the proposed model uses a weiner 
filter. The image is then converted into a 
particular format after it has been resized to 
correspond with the working environment of 
the model. Therefore, if image I is the input 
image, then image Ip is the preprocessed image 
that is obtained by applying resizing, grey 
conversion, and the weiner filter. 

Ip=Image_preprcessing(I) 

Remove Noise 

As a linear estimation of the original image, the 
Wiener filter is able to eliminate the additive 
noise as well as reduce the mean square error. 
As a result, the mean() and variance (2) of every 
pixel can be calculated using Equation 1 and 
Equation 2 [13].. 
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Where I is an input image, having filter, NxM 
N=M=3, x and y are positioned in NxM block. 
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Changes as per Weiner filter is done by Eq. 3 
where v2 is noise variance. 

 

Feature Extraction  

The pre-processed image is then blocked into 
pixel values of a fixed nxn size. The features are 
extracted from the image that has been blocked. 
Histogram and discrete wavelet transform 
(DWT) features are extracted from the image in 
the proposed model so as to increase the work 
efficiency [13]. The CCM used in the model 
consists of 16 pixels. The image is first divided 
into four blocks by the DWT algorithm, and then 
the low frequency parts of the images are taken 
from those blocks and used in the classification 
process. 

 

Co-occurrence Matrix (CCM) 

With a specific end goal to get the surface of the 
image one of the vital technique is co-occurrence 
matrix. Here co-occurrence matrix exhibit the 
surface property by the relationship of the 
neighboring pixels [14]. It quantificational 
explains the surface component. In this paper 
four elements is chosen including contrast, 
energy, inverse difference, entropy. 
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Fig. 1 Block Diagram of proposed work. 
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Histogram Feature 

Here work has utilized B bins of histogram 
values. So image feature is counting of pixels 
range in [(1-B), (B+1 – 2B), ………(PB-M)], where 
M is max pixel limit and P is (M/B – 1). This can 
be understand as let image have 256 type of 
pixel values, now bins have values in range of 
[(0-15), (16-31), (32-47),………………….(250-
255)]. Small feature set of sixteen values are 
produced with the image in form of visual 
content so comparison takes less time. 

 

DWT (Discrete Wavelet Transform) 

In this work DWT frequency feature is use. Here 
fig. 2 shows detail steps of DWT where work has 
embedded watermark in LL region of the image 
[13, 15]. This block of image is obtain by filtering 
the image rows from the low pass filter then 
pass same to the low pass filter but here column 
are filter for the analysis. This block contain flat 
region of the image which do not have any edge 
information, so this is term as approximate 
version of the image. Low frequency region of 
images is taken for the image classification. 

 

BBlock(n, Ip) 

 

[ID Entropy Energy Contrast]CCM(B) 

 

LLDWT(B) 

 

F[[ID Entropy Energy Contrast], LL] 

 

During training input image has two class label 
first is infected and other is no infected hence 
each of blocked feature set is flag with same 
label. 

 

Training of Error Back Propagation Neural 
Network (EBPNN)  

In this case, the obtained feature vector is used 
as the input in the neural network, while the 
desired output causes the neural network to 
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make the appropriate weight adjustments. 
Therefore, a predetermined amount of iterations 
or epochs of work will be required to train the 
neural network. Error Back Propagation is taken 
into consideration for the training of the image 
diagnosis neural network in this step. [16] The 
training vector of the neuron is composed of the 
session features of the pre-processed dataset. 
The type of intrusion class, such as Normal or 
Infected, is the desired output in this scenario. 
Following the preprocessing, each and every 
feature that is present in the dataset is accepted. 
During training, both the input vector and the 
desired vector travel through the neural 
network so that neurons can learn correctly. The 
input has three layers, and so do the output and 
the desired output, each of which also has three 
layers. The number of neurons in the input layer 
will vary depending on the number of feature 
vectors. 

 

 A layer neural network is assume which 
have three layers.  
 Input layer neuron are identify by I, while 
hidden layer neuron are identified by j. Output 
layer neuron is identified by k. 
 Weights between neuron is represent by wij, 

where i and j are neuron layers.  
 Eq. shows output of neuron as per weight 
and biasing value bj:    
Xj =  xi . wij bj ------Eq. 13 

 

Proposed MLMID Algorithm 

 

Input: ID//Image  Dataset 

Output: TMID// Trained Medical Image 
Diagnosis 

1. IpPre_Process(ID) // Preprocessed 
Dataset 
2. Loop 1:d // Number of images 
3. BBlock(n, Ip) 
4. Loop 1:b // for each block in B 
5. [ID Entropy Energy Contrast]CCM(B[b]) 
6. LLDWT(B[b]) 
7. HHist(B[b]) 
8. DoImage_Class 
9. F[[ID Entropy Energy Contrast], LL, H] 
10. EndLoop 
11. EndLoop 
12. Loop 1: t // t: number of iterations  

13. TMIDTrain(TNN, F, Do) 
14. EndLoop 

 

III. Experiment and results 

Experimental Setup: Implementation of 
proposed model is done on MATLAB software 
2016a. Experiment is performed on machine 
having configuration of 4 GB RAM, i3 6th 
generation processor. Further validation of 
model is done by comparing proposed model 
with ADCN techniques proposed in [12]. 
 
Dataset: Proposed work experimental values 
are obtained from two dataset. Explanations of 
dataset with detailed features are shown in table 
1 and 2 [17].  
 

Table 1 Dataset of Skin Cancer. 
Images Class 

 

Maligant 

 

Maligant 

 

Benign 

 

Benign 
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Table 2 Dataset of Malaria diagnosis. 
Images Class 

 

Parasitized  

 

Parasitized 

 

Unifected 

 

Uninfected 

 

Results 

Table 3 Skin cancer detection models 
precision value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 0.7021 0.8718 19.46547 

200 0.6452 0.8571 24.7229 

300 0.6241 0.8359 25.33796 

400 0.599 0.8171 26.69196 

 

 

Table 4 Malaria detection models precision 
value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 0.74 0.9796 24.45896 

200 0.6 0.8899 32.57669 

300 0.4698 0.8261 43.13037 

400 0.4279 0.71 39.73239 

 

Table 3 and 4 shows that precision value of 
proposed modle is better as compared to 
previous ADCN. It is found that that use of 
histogram and CCM feature with DWT increase 
the learning of the neural network. Trained 
neural network performance is high as 
compared to previous existing models. Fig. 2 
shows that proposed MLMID has improved the 
average precision value by 29.514% as 
compared to ADCN. 

 

Fig. 2 Average precision value based comparison 
of medical image diagnosis models. 

 

Table 5 Skin cancer detection models recall 
value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 0.8049 0.7727 -4.16721 

200 0.7143 0.7826 8.727319 

300 0.6929 0.7868 11.93442 

400 0.7012 0.6907 -1.5202 
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Table 6 Malaria detection models recall 
value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 0. 7115 0.96 25.88542 

200 0.6061 0.97 37.51546 

300 0.4895 0.8867 44.79531 

400 0.4624 0.7313 36.77014 

 

Table 5 and 6 shows the recall evaluation 
parameters values. It is found that at different 
number of image dataset proposed model 
MLMID has improved the performance. Results 
shows that use of error back propagation neural 
network has increased the recall parameter  by 
19.99%. 

 

Table 7 Skin cancer detection models f-
measure value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 0.75 0.8193 8.45844 

200 0.678 0.8182 17.13517 

300 0.6567 0.8106 18.98594 

400 0.6461 0.7486 13.69223 

 

Table 8 Malaria detection models f-measure 
value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100  0.7255 0.9697 25.18305 

200 0.603 0.9282 35.03555 

300 0.4795 0.8553 43.9378 

400 0.4444 0.7206 38.32917 

 

 

 

Fig. 3 Average f-measure value based 
comparison of medical image diagnosis models. 

 

Table 7 and 8 shows the f-measure evaluation 
parameters values. It is found that at different 
number of image dataset proposed model 
MLMID has improved the performance of model. 
Similarly fig. 3 shows the average of all testing 
dataset of skin cancer and malaria images. 
Results shows that use of error back 
propagation neural network has increased the f-
measure values are improve by 25.09%. 

 

Table 9 Skin cancer detection models 
accuracy value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 77.551 84.6939 8.433783 

200 71.2121 84.1584 15.38325 

300 69.5364 83.2215 16.44419 

400 67.1875 78.3133 14.20678 

 

Table 10 Malaria detection models accuracy 
value comparison. 

Testing 
Image 

Set 

ADCN MLMID Improvement 
Percentage 

100 71.4286 97 35.02595 

200 60.101 92.5 42.56294 

300 48.8215 85 35.37894 

400 46.25 71.5711 35.02595 
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Fig. 4 Accuracy value based comparison of 
medical image diagnosis models. 

Accuracy value of medical image diagnosis of 
skin cancer and malaria is shown in table 9, 10. 
These tables shows that in all image dataset and 
at different image sizes proposed MLMID model 
has improved the detection accuracy. Fig. 4 
shows that proposed work accuracy is improved 
at all set of testing images. 

 

IV. CONCLUSIONS 

Learning through machine processing is 
becoming increasingly important in the field of 
medical image analysis. Different classification, 
detection, and segmentation challenges have 
been addressed by applying machine learning-
based algorithms. The performance of medical 
image analysis has been significantly improved, 
particularly as a result of the widespread 
application of deep learning approaches. In this 
work, three features are extract from the image 
and neural network has learned the extracted 
features of each image blockwise. Blockwise 
work has improved the learning of neural 
network as compared to whole image feature 
learning. Experiment is done on two real 
medical images dataset skin cancer and malaria. 
Result shows that accuracy of proposed MLMID 
is improved by 25.09%, similarly recall 
parameter  by 19.99% while f-measure values 
are improve by 25.09%.  In future scholars can 
apply other learning model to increase the 
performance of prediction. 
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