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Abstract---Deep Learning has indeed been widely used in many 

fields/areas of medicinal images classification, and a large number of 
publications have been published documenting its success. The key 

for achieving effective diagnosis and therapy is accurate 

characterization of medical pictures. However, because image 

interpretation is highly dependent on the subjective opinion of 
doctors, the results of image processing vary greatly amongst 
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clinicians at different levels. Picture classification, target 

identification, and image analysis have all improved dramatically in 

recent years with environmental image data sets in domain of Image 

Processing. In this paper, we have presented a systematic survey on 
feature extracting and classifying the medical images using deep 

learning methods. Two new ideas are presented in this work. First and 

foremost, we classified presently trendy publications in a multi-level 
configuration. Second, this research article concentrates on 

supervised and poorly supervised learning techniques. 

 
Keywords---medicinal image classification, deep learning, supervised 

learning, poorly supervised learning. 

 
 

Introduction  

 

The goal of medicinal image classification is to implement modifications in 
anatomical structures more clear in images. Because of the significant 

improvement in diagnosing efficiency and high accuracy, it frequently plays a vital 

role in computer assisted treatments and cognitive medicines. Scanning 
techniques such as X-RAY, CT scan, MRI, PET-MRI and Ultrasound, etc. has 

emerged as the majority image-assisted methods for radiologists and 

physicians to identify diseases, assess treatment plan, in health care facilities. 
Regardless of the fact that a variety of algorithms have been described, and also 

some of them are effective in certain conditions, image classification remains one 

of the most difficult subjects in computer vision due to the challenges in feature 
extraction. Medical images are more challenging to identify discriminate 

characteristics from typical RGB images because, the previous technologies 

implemented generally suffers from blur, noise, poor contrast, and other issues. 

Convolutional neural networks (CNN) fruitfully accomplish characteristic 
depiction of images, and therefore is the top trending subject matter for research 

in image processing, because of the deep learning techniques. The well built 

classification systems assigns a relevant tier to every image pixel at the pixel level 
categorization. In contrast to semantic segmentation, feature extraction requires 

not just pixel level categorization, but also the distinction of specimens based on 

specified sections. We concentrate on formation and advancement of deep 
learning model for medical image classification. Medical imaging is becoming 

more significant in the early identification, diagnosis, as well as the treatment of 

diseases. It is also the motive for quicker and more thorough treatment. 
 

Materials and Methods  

 

We examined existing literatures in three areas for supervised learning methods: 
backbone network selection, network block design, and cost function 

improvement. The literatures on poorly supervised learning methods are 

examined on the basis of transfer learning, and interactive classification. This 
study organizes the literatures significantly differently from previous surveys, 

making it easier for reader to realize the essential logic along with guiding them in 

the direction of advancement in medical images classification using deep learning 
algorithms. (Taghanaki et al., 2020) looked at the evolution of semantic and 
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medical picture segmentations and divided image classification solution in 6 

categories. They were deep architectures, data organization, loss function, 
sequencing model, poorly supervised, and multi-tasking techniques. (Seo et al., 

2020) investigated on classic ML methods. They were Markov random fields, k-

means clustering, and random forest. Moreover, the authors investigated on the 
newest deep learning implementations such as ANN, CNN, RNN, and so on, to 

develop a more comprehensive survey on feature extraction and classification of 

medical images.  

 
 

 

 
 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

Figure 2(a): An Overview of the Survey 

 
(Tajbakhsh et al., 2020) looked at ways to segment medical images with 

incomplete datasets, focusing on two primary dataset limitations. They 

were limited annotations and poor annotations. (Eelbode et al., 2020) 
examined and summarized the optimization strategies utilised in medical picture 

classification tasks, which were mainly based, either on Dice scores or Jaccard 

indices. All of these studies contribute to the advancement of medical picture 
classification methods. 
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Supervised learning 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2(b): Architecture of a Network based on Supervised Learning 

 

Backbone Network Selection: 
(Benali et al., 2020) defined backbone as: The feature detection network employed 

within the Deep CNN architecture is referred to as the “backbone”. The network's 

input is encoded into a feature representation using this feature extractor. The 
feature detection system is referred to as the backbone in Deep cnn models and 

articles. These feature detection systems synthesise information from the image, 

which are subsequently up-sampled to form structured masks. In order to extract 
features, CNNs are utilised. AlexNet, VGGNet, and ResNet are just a few of the 

CNNs accessible. These systems have been assessed on some well used metrics 

and datasets, including ImageNet, and are mostly used for object computer vision 

tasks. The classifier in image classification or image processing classifies an 
unique part of an image, calculates component per image, and calculates the 

likelihood of matching a class. Object detection, on the other hand, requires the 

prototype to be able to distinguish several things in a single image as well as 
provide dimensions that identify the items' places. This demonstrates that object 

detection are more challenging than image classification. (Ibtehaz et al., 2020) 

presented MultiResUNet, which includes the Residual Path called ResPath, which 
requires encoder characteristics to complete additional convolution operations 

before merging with equivalent decoder features. The “MultiRes U-Net” model 

outperforms the “standard U-Net”, according to the authors. (BiswajeetPradhan et 
al., 2021) They also highlighted that the MultiRes U-Net must be responsive to 

future testing across several modalities. One of the obstacles in biomedical image 

classification is the variance in the feature points, such as the dimensions of a 

brain tumour. They integrated the resultant image characteristics after applying 
additional convolutional filters of size 3x3, 5x5 and 7x7 simultaneously. They also 

included a residual link, which has been shown to be effective in biomedical 

image classification. Finally, to accommodate additional spatial information, they 
added an 1x1 convolutional layer. A MultiRes block is the name for this type of 

alteration. The fact that the first link connects the encoder as well as decoder 
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before first pool and in the last deconvolution process is a disadvantage of the 

skip connections. Because the characteristics from the decoder contained low-
level report and the characteristics from the encoder contain high-level report, a 

likely syntactic gap between the two feature sets was detected. For liver and liver-

cancer analysis, (Dey et al., 2020) established a cascading method of two-
dimensional as well as three-dimensional networks. The hybrid 2D/3D cascade 

network may significantly enhance classification precision while also decreasing 

learning time and cost. To accomplish brain dis-section classification, (Valanarasu 

et al., 2020) proposed KiUNet, which is cascade network. When detecting tiny 
anatomical features with fuzzy noise borders, the performance of vanilla U-Net is 

severely hampered. To solve this problem, the authors developed the Ki-Net, a new 

over-complete structure in which the intermediate layer's spatial dimension be 
bigger than the entered figures. As a result, the suggested Ki-Net surpass U-Net in 

terms of capturing the edges, to improve total classification accurateness. Ki-Net 

not just increases classification accurateness. Moreover, it gains quick confluence 
meant for minute anatomical feature and unclear borders because it can leverage 

both poor tiny edges feature maps as well as bulkier shape feature maps by 

making use of Ki-Net plus U-Net. A conditional Generative Adversarial Network 
(cGAN) was presented by (Singh et al., 2020) to segregate breast cancers 

contained by the target region in mammograms. This network grasps information 

to detect cancer regions and generate classification outcomes. The network learns 

to differentiate actual nature of the problem and the generative network's 
classification results, prompting the generative network to produce trademark 

that are as accurate as possible. When the quantity of training sample is small, 

the cGAN works well. (Conze et al., 2020) used torrent prê-trained encoders-
decoders as cGAN generator for intestinal multiorgan classification, and the 

adverse network was used as segregator to enforce the prototype and construct 

pragmatic organ classifications. (Boutillon et al., 2020) Combined earlier figures 
with provisional neural network to support prototypes to track overall anatomic 

features with regard to shape and location details, to formulate classification 

result as precise as feasible. 
 

Network Block Design 

 

A block design is the rate of occurrence of the construction made up of a set and a 
family of subgroups called blocks. They are chosen so that the frequency of the 

components meets specific criteria, resulting in uniformity in the collection of 

blocks. (Amrouch et al., 2020) The phrase "block design" generally relates to a 
Balanced Incomplete Block Design (BIBD). It is especially a 2-design, that has 

historically been the most researched subject due to its use in experimental 

designs. (Meng et al., 2020) suggested a “V-Net” (LV-Net) which performs a smaller 
amount of process than V-Net for liver analysis by extending intensity separable 

complexity to the creation of 3D networks. The attentive parameters generated at 

different network layers trained on the Clinical Liver dataset were studied using a 
low-resolution VNet. In the top two network levels, the attentive gateways offer a 

rough outline of the organs, but not in the lower resolution scenarios. The second 

classification images formed at lower layers of the protocol stack trained on the 
Clinical Liver dataset were also studied using the low-resolution VNet. Despite the 

fact that the major goal of the second classification images is not to refine the 

final classification formed at the model's last layer, authors were able to see a 
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relationship between the appearance of each term and its activation in the 

classification points of interest. On the second classification level, the attentive 

image accurately matches with the organ, however on the first classification level, 

the attention appears to concentrate on the liver boundaries. Whereas in depth-
wise separable, CNN is an excellent strategy to lessen the quantity of prototype 

performance because it may cause loss of accurateness in medical picture 

classification, necessitating the use of alternative methods. (Wang et al., 
2020) had developed a Non-local U-Net for medical picture classification to solve 

the difficulties of local convolution. During both up-sampling and down-sampling, 

the non-native U-Net uses the intra-attention technique as well as universal 
computing section to take out entire picture's information, which can increase the 

final classification accuracy. The non-native section may be implemented to 

advance the performance of various CNN. The attention process can be seen to be 
effective in boosting image classification accuracy. In reality, while spatial 

attention seeks out fascinating regions of the image, channel attention seeks out 

intriguing qualities. When dealing with three dimensional biological images, 

dimensional data training is more difficult than when working with two 
dimensional biological images. Because of the unavailability of huge training 

examples, a wide range of factors and a larger memory is needed. Training is 

substantially more complex and expensive in order to provide satisfactory 
predictions. Superposition of multi-scale convolutions was used by (Lei et al., 

2021) to liver tumor classification, which shows a significant improvement in 

accuracy. 
 

Cost Function Improvement 

 
The "objective function" is the function we wish to minimize or maximize. It's also 

known as the "cost function", "loss function", or "error function" when it 

is minimized. (Shruti Jadon et al., 2020) The cost function boils down all of the 

positive and negative characteristics of a potentially complicated system to a 
single value, a scalar value, that can be used to rank and compare viable 

solutions. A loss function must always be chosen for calculating the model's error 

throughout the optimizing phase. As a result, it's critical that the function 
accurately reflects the design objectives. (Chen et al., 2020) introduced an 

innovative regularization name depending on Hausdorff distance to strengthen the 

cross - entropy loss function. The Hausdorff Distance is a phenomenon that 
classification processes use to track the quality of the system. The ambition of 

every classification model is to enlarge the Hausdorff Distance. However, it is not 

generally utilized as a loss function because to its non-convex character. The 
authors developed three kinds of Hausdorff Distance cost functions, where every 

individual cost error contains some usage scenarios and guarantees tractability. 

These three options are based on how Hausdorff Distance can be used as a part of 

a cost function: 

 Calculating the maximum of all Hausdorff errors 

 Calculating the lowest error value from the obtained error values via putting 

a spherical structure of some radius 

 Calculating the maximum of a convolution kernel positioned at the peak of 
lacking classified pixels 

 



         7856 

(Yao et al., 2020) introduced a “Structural Similarity Loss” (SSL) to accomplish a 

high optimistic linear association among the ground truth features and the 
predicted fearures. Structure comparing, Cross-Entropy load coefficient 

computation, and mini-batch cost determination were the three steps into 

which the authors divided. The "e-coefficient", that can assess the quality of 
continuous association between ground truth as well as estimation, was obtained 

as a part of the Structure comparison as mentioned in this paper: 

       a – μa + C       b – μb + C 

e = | ___________ _ ___________ | 
              σa + C  σb + C 

 

C is a strengthening factor with an experimental value of 0.01. ‘μa’ is the localized 
mean and ‘σa’ is the ground truth’s (‘a’) standard deviation. ‘a’ is the central point 

of the localized area. ‘b’ is the expected probability of the localized area. They 

employed the degree of correlation as a coefficient for the cross entropy cost 
function, which is described below. 

 

fx,y = (1 ∗ ex,y) > βemax 
 

(Karimi et al., 2020) reported a process for maternal period brain 

MRI classification that used a fully CNN architecture with deep monitoring and 

remaining connectivity and achieved good classification precision. In reality, deep 

supervision not only enhances network training efficiency while constraining the 
unfairness and consistency of features extracted in every phases. The diversified 

and overlapped surface of the organ in both 2D and 3D biological pictures 

presents a significant challenge to researchers in the classification field. The 
classification field is poor due to the varying sizes of the organs of the body as well 

as the unclear boundaries between the tumor site and its surrounding tissues in 

image processing. 
 

Poorly Supervised Learning 

 

 

 

 

 
 

 

 
 

 

 

Figure 2(c): Architecture of a Network based on Poorly Supervised Learning 

Transfer Learning 

 
"Transfer learning" is a method which is used in Machine Learning method. In 

this technique, a model formed for one work is utilized as the starting point for a 
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model of dissimilar job. (Subhashis Banerjee et al., 2020) In deep learning, 

transfer learning effectively works if the model characteristics gained during the 

first task are generalized. Transfer learning is commonly used: (i) To avoid having 

to train several machine learning systems from the beginning to fulfill comparable 
tasks, saving time and resources. (ii) As a cost-cutting measure in areas of 

machine learning where large amounts of data are required, such as image 

classification or natural language processing. To carry out syntactic 
classifications of mechanized instruments using video of vascular 

generating tumors and surgical techniques, (Kalinin et al., 2020) used multiple 

models, which were trained in advance on ImageNet as encoders of curved 
network (U-Shaped). These models were VGG-11, VGG-16, and ResNet-34 

networks. (Brochard et al., 2020) utilized VGG-11, which are trained well in 

advance on ImageNet, as an encoder of a classification system to segment MRI 
images of the shoulders. Studies showed that using a pre-trained network to 

improve classification accuracy is beneficial. We can say that a pre-trained system 

on ImageNet could find out certain general characteristics required for both 

medicinal as well as natural images, removing the need for re -training while fine-
tuning is beneficial to model training. While adapting pre-trained model of natural 

scenes to medical image processing applications, the domain addictiveness may 

be a concern. Furthermore, because the pre-trained model frequently depend 
upon datasets of two-dimensional images, the transfer learning approaches are 

rarely relevant to three-dimensional medical image processing. If the quantity of 

medical images datasets containing annotations is high, the impact of pre-
training on model's performance may be less. (Deepa et al., 2021) used transfer 

learning methodology to detect brain tumor. The described network structure is 

designed using the transfer learning. For 20 iterations, they utilized a batch 
normalization size of 200. Firstly, the network is trained and certified. Secondly, 

the system is verified and evaluated with MRI images data. The models sort the 

raw data into two categories: tumor and non-tumor.  As a result, one can detect 

the existence of a tumor in certain images. The Deep Network Designer is a 
toolbox in MATLAB which is used for implementation. They presented a 

comparison of various ResNet variations such as ResNet-50, ResNet-101, and 

ResNet-152. The process of transfer learning modifies all of the networks. The 
AlexNet was finely tuned by (Maqsood et al., 2019) for identifying the Alzheimer's 

disease. The four steps of their methodology are as follows. The intended domain's 

MRI images are first pre-processed by executing contrasting procedures. 
Secondly, as a preliminary step for learning the new task, the AlexNet system is 

pre-trained on ImageNet. Thirdly, AlexNet's convolutional neural networks are 

fixed, as well as the last 3 fully connected levels, including one softmax layer, one 
completely connected layer, and one output layer, are replaced with new layers.  

Finally, through training on the Alzheimer's dataset, the modified AlexNet is fine-

tuned. The suggested technique gives the accurate results for the different types 

of classification problem, according to the experimental findings. (Kute et al., 
2019) describes a "component-based face recognition system that was developed 

utilizing a transfer learning technique for forensic applications". It describes how 

knowledge gained from one area, such as whole facial images, is utilized to 
classify face components. However the face and all of its features are different, 

they transmit traditional details that is utilized to transfer knowledge from one 

sector to another. Apart from that, incomplete captured faces such as the 
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front, bottom, and top portion, as well as the right-side, left-side, lower-side, and 

upper-side diagonal, are used to join partial and whole face images. 
 

Interactive Classification 

 
For automated anatomic tagging of coronary arteries, (Yang et al., 2020) presented 

an uninterrupted conditional residual design “convolutional network CPR-GCN”. 

The authors demonstrated that the GCN-based strategy outperformed traditional 

and current depth learning-based approaches in terms of performance and 
resilience. The structure of the chart has excellent information depiction efficiency 

as well as good characteristic programming capabilities. Therefore, the results 

obtained from GCN in medical image classifications are encouraging. (Darbeha et 
al., 2020) introduced SAU-Net, which is concerned with model interpretability and 

robustness. Using supplementary-shaped streams, the suggested architecture 

seeks to highlight the problems of poor edge classification performance in medical 
images. Shape streams and regular texture streams, can record extensive shape 

dependent information simultaneously. Moreover, the decoder employs both 

spatial and channel attention structures to give details about learning ability of 
model at every U-Net level. Finally, one can characterize the extremely triggered 

area of each and every decoder's block by extracting learnt shapes.  The learnt 

shape maps are further used to determine the correct forms of the model's 

interesting divisions. The SAU-Net can learn difficult characteristics of things 
using a gated shape stream. It is a better interpretable model than earlier work. 

(Kampffmeyer et al., 2020) investigated on uncertainties and interpretability of 

colorectal polyp syntactic classification in CNN. Authors proposed the key idea of 
directed back propagation for network gradient interpretation. The gradient 

correlating with each pixel in input is retrieved through back propagation, 

allowing the network's features to be displayed. Pixels with positive gradient 
values in a picture are been given more attention in the back propagation process 

due to their high relevance. Pixels with negative gradient values are been ignored. 

The negative gradients may result with noisy representation of descriptive 
information if they are used in the presentation of key pixels. The back 

propagation procedure modifies the neural network's back propagation. Hence, 

the negative valued gradients are set to 0 on every layer. Only positive 

valued gradients are allowed to surge back through the system and finally display 
those pixels, avoiding the creation of noisy representations. To increase model’s 

training efficiency, (Glocker et al., 2020) suggested a different learning strategy for 

classification of anatomical features from unmatched CT scan images and the MRI 
images, as well as a new cost function employing information characterization. 

The normalization layer, which is utilised for multiple modalities, is built in 

distinct variables, whereas CNN layer is built in shared variables. Samples for 
every modal are loaded individually in each training step. They are forwarded 

to shared convolutional layers as well as independent normalization layers, where 

the logarithms for calculating knowledge distillation losses are acquired. (Beyer et 
al., 2020) introduced the Vision Transformer (ViT), which is used to analyze 

images easily. A considerable amount of researchers has recently used the 

transformer to classify medical images. (Adeli et al., 2021) In terms of extracting 
the features, CNNs offer a big advantage. At the patch level, the low-level factors 

create the main points, lines, as well as some basic image structures. When we 

recognize the fundamental visual characteristics, the most troubling information 
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is about the high-level visual syntactic information. A question arises that how 

the elements interact for the formation of an object, as well as how spatial 

placement of objects interacts to build an image. Currently, the transformer is 

much more successful in dealing with these aspects' relationships. 
 

Other techniques implemented 

 
(Gajendra Raut et al., 2020) proposed “Deep Learning Approach for Brain Tumor 

Detection and Segmentation” which is a CNN model for brain tumour detection. 

To begin, brain MRI scans are enhanced in order to gather enough data for deep 
learning. After that, the image is pre-processed to reduce noise and prepare them 

for the next stage. The proposed system is trained on pre-processed MRI brain 

pictures and uses characteristics extracted during training to classify newly input 
images as tumorous or normal. Back propagation is used to reduce error and 

produce more accurate outcomes. To construct the image, autoencoders are 

employed to remove irrelevant features, and the tumour region is then segmented 

using the K-Means technique. (Aryan Sagar Methil et al., 2021) proposed “Brain 
Tumor Detection using Deep Learning and Image Processing”. A unique approach 

for detecting brain cancers from diverse brain images is based on performing 

several image pre-processing methods such as histogram equalization, followed by 
a CNN. The experiment was done out on a dataset that included tumours of 

various shapes, sizes, properties, and positions. For the classification challenge, 

a CNN was used. CNN acquired a recall of 98.55 percent on training dataset set 
and 99.73 percent on the evaluation data. 
 

Results and Discussions  
 

The suggested Ki-Net surpass U-Net interms of capturing the edges, to improve 

total classification accurateness. The attentive parameters generated at different 

network layers trained on the Clinical Liver dataset were studied using a low-
resolution VNet. In reality, deep supervision not only enhances network training 

efficiency while constraining the unfairness and consistency of features extracted 

in every phases. The diversified and overlapped surface of the organ in both 2D 
and 3D biological pictures presents a significant challenge to researchers in the 

classification field. The classification field is poor due to the varying sizes of the 

organs of the body as well as the unclear boundaries between the tumor site and 
its surrounding tissues in image processing. We can say that a pre-trained 

system on ImageNet could find out certain general characteristics required for 

both medicinal as well as natural images, removing the need for re -training while 
fine-tuning is beneficial to model training. Vision Transformer accomplishments 

in medical image classification jobs should not be overlooked. Some conventional 

components of CNN, including activation functions, dropouts, and batch 

normalization, may become roadblocks to growth. 

 

Conclusion  

 
The purpose of this study is to provide an overview of the methodologies often 

used to classify medical images. These methodologies can also be used to detect 

various diseases such as brain tumors, malaria detection from blood swarm 
images, covid-19 via chest X-RAY, heart disorders, kidney diseases, liver tumor, 
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breast cancer detection, and many more. Different strategies for medical image 

classification are discussed in this paper. This work is done after a review of 42 
research papers. The key for achieving effective diagnosis and therapy is accurate 

characterization of medical pictures. However, because image interpretation is 

highly dependent on the subjective opinion of doctors, the results of 
image processing vary greatly amongst clinicians at different levels. This study 

organizes the literatures significantly differently from previous surveys, making it 

easier for reader to realize the essential logic along with guiding them in the 

direction of advancement in medical images classification using deep learning 
algorithms. All of these studies contribute to the advancement of medical picture 

classification methods. Various researches have produced extraordinary outcomes 

by defying convention. Such concepts are equally deserving of further 
investigation. 
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