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Abstract
Breast cancer is the most frequent type of cancer. Breast pathological image processing has become an essential tool for the
early detection of breast cancer. Using medical image processing to help doctors discover probable breast cancer as early as
possible has long been a hot issue in medical image diagnostics. This work systematically elaborates on a breast cancer
recognition technique based on image processing from four perspectives: breast cancer detection, picture segmentation, image
registration, and image fusion. The achievements and application scope of supervised learning, unsupervised learning, deep
learning, CNN, and so on in breast cancer examination is expounded. The prospect of unsupervised learning and transfer
learning for breast cancer diagnosis has been prospected. Finally, the privacy protection of breast cancer patients is put
forward. The accomplishments and application breadth of supervised learning, unsupervised learning, deep learning, CNN,
and other methods in breast cancer examination are discussed. Unsupervised learning and transfer learning have been
considered for breast cancer detection. Finally, breast cancer sufferers' private rights are advocated for. Pseudocolor display
uses an image as a baseline and superimposes the image's grey and contrast characteristics to be fused with the benchmark
image. The tomographic presentation technique may simultaneously show the merged three-dimensional data in crosssectional, coronal, and sagittal pictures, making it easier for the observer to diagnose. The three-dimensional presentation
approach, specifically three-dimensional reconstruction, involves displaying the merged breast data in the form of threedimensional pictures, which allow for a more intuitive observation of the lesions' spatial anatomical location. The back
projection was the first approach to 3D reconstruction. There are two popular reconstruction approaches at the moment:
filtered back projection and convolution back projection. Three-dimensional images have a high information capacity, and
future three-dimensional image fusion technologies will focus on image fusion research. New image fusion approaches are
developing as a result of the advancement of multidisciplinary research. Image fusion research will concentrate on wavelet
transform, nonlinear registration based on finite element analysis, and artificial intelligence technologies in breast image
fusion.
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Introduction
Breast cancer is among the frequent types of cancer.
According to a Chinese Women's study, breast cancer is the
leading cause of malignant tumors in Chinese women, and
the incidence rate is growing year by year. The key to
lowering breast cancer mortality is early detection and
treatment. Mammography is by far the most widely used
technique for detecting breast cancer. The best approach to
minimizing breast cancer mortality is early intervention and
therapy. Mammography is now the most commonly used
technique for detecting breast cancer. However, due to the
massive volume of data and the poor imaging characteristics
of early breast cancer, early detection is highly challenging.
Image processing of breast pathology, which primarily
involves examining masses, calcifications, and breast
density, has become an essential means of early diagnosis of
breast cancer with the advent of image processing
technology and early diagnosis technology. In breast
mammography, one of the most common symptoms of
breast cancer is bulk. The following are the fundamental
processes of pathological image processing: The first step is
image preparation, which involves removing background,
marker, pectoral muscle, and noise, as well as breast
segmentation and picture enhancement. Second, a basic
image processing approach is used to locate the region of
interest. Then, characteristics that might represent quality

are retrieved, such as texture and morphological traits.
Finally, the neoplasm and normal tissue were distinguished
based on the retrieved factors. A substantial breast density is
another indication of breast cancer on X-ray imaging [1]
A range of medical pictures with various imaging methods
is the subject of breast pathology image processing. X-ray
imaging (X-CT), magnetic resonance imaging (MRI),
nuclear medicine imaging (NMI), and ultrasonic imaging
(UI) are all familiar sources of medical imaging applied in
health centers. X-ray imaging (X-CT) is used to identify
cerebral vascular disorders and intracranial bleeding,
primarily using X-ray tomography, such as brain
tomography [2].
Breast cancer diagnosis based on medical imaging is based
on the gathering and analysis of medical images. Image
acquisition speed resolution has considerably increased over
the years.
On the other hand, image diagnosis is restricted by the
doctor's expertise, competence, and other subjective criteria,
and its capacity to replicate and promote is limited. The
image processing technology is used in medical imaging
processing to reduce reliance on clinicians. Lesion
detection, image segmentation, image registration, and
image fusion are examples of medical image processing. [5,
6]
.
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Detection of Breast Cancer
Breast cancer screening approaches are primarily based on
image processing of lesion detection, lesion site matching,
and extraction of lesion feature values. Breast cancer
detection can use supervised learning or traditional image
processing to pinpoint the location of a potential lesion. One
of the most effective profound learning instances in recent
years is image processing with Convolutional Neural
Networks (CNN). In breast cancer image analysis, CNN is
used to map the input layer, pool layer, modified linear unit,
link layer, and output layer, and forecast the information
represented by medical pictures. Setio et al., for example,
retrieved the characteristics of pulmonary nodules from 9
distinct orientations of 3D chest CT scans, chose the
suitable candidate as the center, and categorized the
candidates using CNN [3, 11].
Ross et al. split the 3D picture into 2D patches and then
randomly rotated the 2D patches to obtain the "2.5D" image.
The CNN was utilized to detect early cancer characteristics
from a 2.5D image. Combining deep learning and image
processing enhances lesion detection accuracy, but nondeep
learning classifiers such as support vector machines are
difficult to attain high accuracy [12]. The accuracy of the
CNN algorithm is dependent on expert training of initial
markers and requires a wide variety of case coverage. As a
result, the promotion of CNN in the field of medical image
processing is constrained by resources "transfer learning,"
which can reduce CNN's reliance on initial marker training
to a certain extent, but the application of transfer learning
itself is limited, making it challenging to find transfer
learning application conditions between medical images of
human organs [13, 14].
Tumor markers can help in the early detection of breast
cancer. Tumor markers are chemicals that tumor cells make
and release during growth and reproduction. When the
amount of these chemicals reaches a particular level, they
may be recovered from breast pictures. Early feature values
can be detected via SIFT (scale-invariant feature transform)
or HOG (Histogram of Oriented Gradient), among other
methods. Combining image processing technology with
reinforcement learning technology can significantly
minimize reliance on a human doctor's experience. Twodimensional slices are processed using image processing
technology, and then reinforcement learning is utilized to
establish the enhancement target. The best choice strategy is
determined by assessing the pathological correctness of each
discrete two-dimensional slice to maximize the advantage of
deciding the pathological correctness of the entire group of
two-dimensional pieces. The segmentation, extraction,
three-dimensional reconstruction, and three-dimensional
presentation of human breast, surrounding soft tissue, and
lesion are accomplished using the analysis and processing of
two-dimensional slice images. Following feature calibration,
reinforcement learning is utilized to assess the lesion and
area around the breast quantitatively. Continual tries do
learning out in conjunction with the revenue objective.
The objective is to maximize revenue value. According to
the reinforcement learning approach, breast cancer does not
need to generate proper breast cancer identification action.
Reinforcement learning is based on self-learning, which
means that it is continually attempting and making mistakes
and constantly recording the maximum value of revenue in a
trial-and-error process until the technique of determining the
total value of income is discovered [8, 9].
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Breast Cancer Image Segmentation
The medical image segmentation examines the similarity of
feature elements between pictures and separates the image
into multiple sections based on the provided feature
variables. Cells, tissues, and organs are the most common
objects in medical picture segmentation. The region-based
segmentation approach primarily depends on the image's
spatial local attributes, such as grayscale, texture, and other
pixel
statistical
properties.
The
boundary-based
segmentation approach primarily uses gradient information
to identify the target's border. For example, the rapid
marching algorithm and the watered transform medical
image segmentation technique can segment the picture
quickly and correctly [15].
Image segmentation technology has advanced significantly
in recent years, owing to the growth of other developing
areas, and new approaches developed through
interdisciplinary research have emerged indefinitely. Some
novel picture segmentation approaches for breast cancer
diagnosis have been developed, including the statistical
method, the fuzzy theory method, the neural network
method, the wavelet analysis method, the model-based
snake model (dynamic contour model), and the combination
optimization model. Even though new segmentation
approaches have been developed, the results are not perfect.
At the moment, the research focuses on a knowledge-based
segmentation method. Some prior knowledge is introduced
into the segmentation process via some means to constrain
the computer segmentation process, allowing the
segmentation results to be controlled within a range we can
understand without going too far [16]. For example, if the
grey value of a tumor in the liver differs significantly from
that of the normal liver, the tumor and the normal liver will
not be treated as different tissues. The approaches
mentioned above have their own set of restrictions. The
outcomes are satisfactory in certain circumstances but not
ideal in others. Human involvement is also demanded [17].
Medical image segmentation differs significantly from
image segmentation in other disciplines. The current
classical algorithms' performance in medical picture
segmentation is poor. It is still required to research to
improve picture segmentation's accuracy, speed, flexibility,
and robustness [18]. The image segmentation approach based
on previous knowledge may effectively regulate the picture
segmentation border. In the segmentation of intrahepatic
mass, for example, the image segmentation technique based
on prior knowledge can distinguish the intrahepatic group
and normal liver by grey value. Image segmentation based
on previous knowledge, on the other hand, necessitates a
considerable amount of past data. The more past data there
is, the more accurate the results will be. Ghesu et al., for
example, employed deep learning and edge space learning
to recognize and segment cardiac ultrasound pictures using
2891 times of cardiac ultrasound data [17, 18]. Exploration of
parameter space and data sparsity are significant aspects in
improving the efficiency of medical picture segmentation.
Brosch et al. developed a 3D deep convolution coder
network to separate multiple sclerosis brain lesions and
usual brain areas using convolution and deconvolution [19].
In brain tumor segmentation research, data normalization
and data enhancement algorithms improve picture
enhancement and core areas of suspected tumors, and good
results are obtained [20]. The study of medical image
segmentation methods reveals the following notable
8

International Journal of Research in Pharmacy and Pharmaceutical Sciences

characteristics: it is difficult for any single existing image
segmentation algorithm to achieve satisfactory results for
general images, so more emphasis should be paid to the
effective combination of multiple segmentation algorithms.
Because of the complexity of human anatomical structure
and the systematicity of function, although studies on
automatic segmentation of medical images to distinguish the
required organs and tissues or find the lesion area has been
conducted, the existing software packages generally cannot
complete the automatic segmentation. Manual intervention
of anatomy is still required [21]. Because a computer cannot
now accomplish picture segmentation, the human-computer
interactive segmentation technique has progressively been
the focus of study. The development of innovative
segmentation techniques is primarily focused on
characteristics that are automated, accurate, quick,
adaptable, and resilient. The future development direction of
medical image segmentation technology is the full use of
classical segmentation technology and current segmentation
technology [22, 23].
Breast Cancer Image Registration
The first mock exam of image fusion is image registration.
Multiple modalities or types of picture registration and
fusion are required in breast cancer clinical diagnosis. More
information can assist doctors in providing more accurate
diagnoses [24]. In the clinical diagnosis of breast cancer,
medical image registration primarily locates reference
points in two or more pictures; the reference point is
identified in a coordinate system by spatial location
transformation, such as rotation. Registration necessitates
one-to-one correspondence of points across pictures; that is,
each point in one image space has analogous points in
another image space, or in the context of medical diagnosis,
the points in the image may be properly or roughly precisely
matched [25–27]. There are two forms of registration: those
based on external features and those based on internal
features. Registration based on internal visual characteristics
is non-invasive and traceable, which is the focus of
registration algorithm research [28].
There are two primary types of medical registration research
for breast cancer: the first uses a deep learning network to
evaluate the similarity of two pictures and drive iterative
optimization. The second uses a depth regression network to
predict the conversion parameters directly. The former
utilizes deep learning to measure similarity and still requires
the standard registration technique for iterative optimization.
It does not fully use the benefits of deep learning, it takes a
long time, and it is not easy to accomplish real-time
registration. As a result, only the latter is investigated and
described, and the conclusion is restricted to this type of
nonrigid registration technique. There are two approaches to
get tags based on supervised learning: the standard classical
registration technique is utilized for registration, and the
deformation field is utilized as tags. The second step is to
mimic the original picture as a stationary image, the
distorted picture as a moving image, and the simulated
distortion field as a label. The registration pair is sent into
the network to produce the deformation field, and the
moving image is interpolated to obtain the registration
image using unsupervised learning. It is comparable to the
3D image. The 3D picture is fed into the network to
generate the deformation field (dx, dy, dz), and then
interpolation is used to obtain the registration image.
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However, the registration of medical images of breast
cancer remains an unsolved classic challenge. In this sector,
there is no widely acknowledged gold standard and no big
matching database. Deep learning algorithms have shown
some success in breast cancer image registration. There are
several reasons for this: the expert knowledge of the field is
well utilized, the data are properly pre-processed and
analyzed by data augmentation, a particularly unique
network structure is designed for a specific task, and the
appropriate super parametric optimization method is used,
such as parameter adjustment based on instinct or the
Bayesian method.
Multimodality medical image registration, such as nonrigid
multimodal medical image registration based on PCANet
structure representation [29], is a novel trend in breast cancer
registration.
PCANet can learn intrinsic features from a large number of
medical pictures automatically using multilayer linear and
nonlinear transformation, which has higher information
entropy than the artificial feature extraction technique.
Multilevel image characteristics derived from each layer of
PCANet may represent multimodal pictures well. The
combination of medical image registration technology and
informatics theory provides a new avenue for breast cancer
image registration. The idea of maximal information
entropy, for example, is used to picture registration, which
may increase the variety of information while retaining the
essential information while ignoring the secondary
information. A novel trend in medical picture registration is
three-dimensional multimode image registration [30-35]. It
contains more information than a two-dimensional picture
and can better assist a doctor's diagnosis. Furthermore,
feature points are collected from existing breast cancer
pictures using specific novel image registration methods,
such as image identification of breast cancer based on
topology. They are integrated with a matching region with a
particular topological structure serving as the matching
template. Regions with comparable topological patterns are
discovered in the breast pictures; these regions may
represent breast cancer. The following are the critical
processes in picture detection of breast cancer based on
topology: the first is to extract feature points or feature areas
of a specified scale and combine them into topological
templates.
The topology of the to-be-matched picture is retrieved.
Regions with similar topology are discovered by comparing
the topology of the picture to be matched with the topology
template.
The similarity of alike topology and feature points in a
topology template is compared, and the product of topology
and feature point similarity is considered the final similarity.
Figure 1 shows a schematic design of picture recognition
based on topological structure. Figure 1 shows the topology
template on the left, the topology retrieved from the picture
to be matched on the middle, and the region with the
comparable topology on the right [36].
Other approaches, such as wavelet transform algorithms,
statistical parametric mapping algorithms, and evolutionary
algorithms, are being continually integrated into breast
cancer picture registration. The future development path of
medical image registration is the integration of multiobjective optimization, reinforcement learning, and other
approaches with medical image registration.
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Fig 1: Image recognition sketch based on topological structure.

Breast Cancer Image Fusion
Breast cancer picture fusion collects relevant information
from numerous images, filters redundant data, and increases
image medical value. From low to high image fusion, there
is signal level fusion, data-level fusion, feature level fusion,
and decision level fusion.
1. Signal level
The unprocessed sensor data is combined in the signal
domain to generate a fused signal at the most basic level.
The fused signal has the same shape as the source signal,
but it is of higher quality. The sensor signal can be
represented as a random variable mixed with various
associated sounds. In this instance, fusion may be regarded
as an estimating process, and signal level picture fusion is,
to a significant degree, the optimal concentration or
distribution detection problem of signal, requiring the
highest registration in time and space.
2. Pixel level
The pixel-level image fusion is the most fundamental of the
three stages. After pixel-level picture fusion, the resulting
image has additional detailed information, such as edge and
texture extraction, useful for further image analysis,
processing, and comprehension. It may also reveal the
possible target, which aids in assessing and recognizing the
potential target pixels. This approach can conserve as much
information from the source picture as feasible while
increasing the richness and features of the fused image [37].
This benefit is unique and only available in pixel-level
fusion. However, the limits of pixel-level picture fusion
cannot be overlooked. Because it operates on pixels, the
computer must analyze a significant amount of data, and the
processing time is very long, so the fused image cannot be
presented in time, and real-time processing is not possible.
Furthermore, the volume of information in data transfer is
enormous, and it is quickly impacted by noise. Furthermore,
if you directly participate in picture fusion without rigorous
image registration, the fused image will be blurred, and the
target and details will be illegible and inaccurate.
3. Feature level
The goal of feature-level image fusion is to extract feature
information from a source picture. The feature information
in the source image is information on the target or region of
interest, such as an edge, person, structure, or vehicle. The
feature information is then examined, processed, and
combined to produce the fused picture features. Target
identification based on fused features outperforms the
original image in terms of accuracy. The picture data is
compressed via feature-level fusion before being examined
and processed by a computer. Memory and time used will

be decreased when compared to the pixel level, and the realtime performance of the necessary image will be enhanced.
Feature-level image fusion needs less image matching
precision than the first layer and has a higher processing
performance. However, because it extracts picture
characteristics as fusion information, it will lose a
significant amount of detailed information.
4. Picture Fusion
Picture fusion at the decision level is a cognitive-based
approach that is not only the highest degree of image fusion
but also the highest level of abstraction. Image fusion at the
decision level is being pursued [38]. The feature information
received from the feature level picture is employed
according to the particular needs of the problem, and then
the optimal choice is produced directly based on certain
criteria and the credibility of each conclusion, that is, the
likelihood of the target's presence. The computation of
decision level image fusion is the shortest of the three fusion
levels, however this technique is heavily dependent on the
previous level, and the picture is not as clear as the previous
two fusion methods. The decision level image fusion is
difficult to accomplish, yet noise has the least impact on
picture transmission.
To summarise, data-level fusion is the process of
immediately processing gathered data to produce the fused
image, which serves as the foundation for high-level image
fusion. The information included in distinct pictures is
preserved through feature-level fusion. The greatest degree
of picture fusion is decision-level fusion, which is based on
subjective requirements. Data level fusion is the primary
approach used in breast medical picture fusion.
Multimodality medical image fusion, for example, is a
technique that combines information from many
dimensions. It has the potential to give more complete and
reliable data for the clinical identification of breast cancer
[39]
. Image fusion is separated into two steps: image data
fusion and fusion image presentation. At the moment, breast
image data fusion is primarily dependent on pixels, which
process the picture point by point and total the grey levels of
the corresponding pixels in the two photographs. However,
the image will be blurred to some amount as a result of
employing this approach. The fusion technique based on
breast image characteristics must extract image features and
perform target segmentation and other image processing.
Fusion picture display options include pseudocolor,
tomographic, and three-dimensional displays.
Conclusion
Deep learning and reinforcement learning are close
combinations of machine learning algorithms and breast
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cancer image processing that have achieved significant
progress. Breast cancer image processing differs
significantly from other noise reduction, grayscale
transformation, target segmentation, and feature extraction.
The standard image processing approach is not directly
applicable to the processing of breast cancer images. Deep
learning accumulation in image processing cannot be
immediately applied to breast cancer image processing.
Reinforcement learning is a category of unsupervised
learning, as opposed to deep learning. It employs an
incentive mechanism that does not need a considerable
sample space. When compared to deep learning,
reinforcement learning offers a broader application and a
cheaper cost of promotion. Furthermore, reinforcement
learning has produced excellent results in chess, manmachine games, and other suited disciplines for
sophisticated logic processing. Integrating reinforcement
learning and medical image processing will play a more
prominent role in breast cancer clinical diagnosis and
prediction.
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