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Abstract
Today, breast cancer is one of the most common causes of cancer in women. Precise diagnosis of
cancerous tissues based on images is essential in disease treatment before the disease progression.
Although there are several image techniques for diagnosing, magnetic resonance (MR) imaging contains
extensive clinical information which usable with other image modalities such as mammography and
ultrasound. In this study, the hybrid of an autoencoder network with ResNet architecture was proposed to
signi�cantly improve classi�cation accuracy to diagnose breast cancer lesions into two categories:
benign and malignant in MR images. Using the MR breast cancer images of the QIN-Breast database, the
results present the employment of an autoencoder as a preprocessor can enhance the e�ciency of CNN
and ultimately lead to an accurate diagnosis of benign and malignant tissues by 97.65%. The proposed
method signi�cantly improved the classi�cation from the point of view of speed, accuracy, and precision.
This cancerous tissue classi�cation was employed only using MR images without manual segmentation
and feature extraction.

Introduction
According to the World Cancer Organization, one in eight women in the United States develops breast
cancer [1], and it is generally the leading cause of death for women worldwide. By considering the latest
�gures released by the University of Oxford in 2017, breast cancer is the �fth leading cause of death
globally, killing more than 600,000 people annually. Therefore, the accurate and early detection of
cancerous tissues is critical. It can be very effective in quickly identifying malignant tumors as an initial
step before the disease progress. Breast cancer has several symptoms like breast deformity, skin dimples,
discharge of �uid from the nipple, or eczema of the epithelial tissue [2]. The diagnosis and treatment of
breast cancer increase life expectancy in women. Therefore, �nding diagnostic methods has a signi�cant
role in improving the patient's condition [3]. There are currently several ways for diagnosing this cancer,
such as breast self-examination, mammography, and breast magnetic resonance (MR) images. MR
imaging is a valuable diagnostic technique due to its high and acceptable sensitivity in dense breast
tissues. This high-contrast MRI is very operative for the early detection of breast cancer in women at high
risk of the disease. It detects the presence and spread of breast cancer in higher grades compared to
mammography [4]. Additionally, MR images are a widespread and auxiliary clinical technique applicable
with other imaging modalities like mammography and ultrasound [5, 6]. Breast cancer is one of the most
common cancers studied by researchers using medical tests and imaging such as mammography,
ultrasound, tomography [7–10]. On the other hand, deep learning (DL) networks perform well in
diagnosis, especially in medical image processing. This study aimed to provide an intelligent method for
differentiating breast cancer lesions into benign and malignant using the ability of DL networks to
classify lesions with higher e�ciency and better accuracy. Accordingly, after the literature review in the
Section of Related Works, the MR images were utilized as inputs of autoencoder to have the images with
more principal and accurate features. Thereafter, the reconstructed MR images of autoencoder were used
as the inputs of CNN to classify the breast images into two groups of benign and malignant masses (the
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Section of Method). Subsequently, the outcomes and the evaluations were reported in the Section of
Experimental Results. Finally, the result analysis was done in the Section of Discussion and Conclusion.

Related Works
Some DL models and machine learning methods have been used to diagnose breast cancer types in the
literature. Rakhlin et al., 2018 presented a method using a deep convolutional neural network (CNN) to
analyze the histological image of breast cancer. By integrating several deep neural network architectures
and optimized decision tree classi�cation, the images have been classi�ed into four groups with an
accuracy of 87.2% [11]. Platania et al., 2017 presented a method called an automatic diagnosis of breast
cancer using deep learning and diagnosis (BC-DROID), which provides an automated region of interest
detection and diagnosis in mammography and MRI using CNN with the classi�cation accuracy of 93.5%.
To achieve higher accuracy, CNN was trained using the de�nite desired areas emerged by physicians.
Then, the proposed system could classify the selected areas as benign or malignant in one step. To fast
recognize breast cancer using neural networks, after the feature reduction by independent component
analysis (ICA), the support vector machine (SVM) was utilized as a classi�er. In addition to the higher
e�ciency of classi�cation, the calculation cost decreased. Besides, the SVM performance compared to
other classi�cation methods like arti�cial neural networks (ANN), K-nearest neighbors (KNN), and radial
basis function network (RBFN). The best performance was achieved when they utilized the RBFN with the
classi�cation accuracy of 90.49% using reduction features obtained of ICA [12]. Rasti et al., 2017,
reported a novel computer-aided diagnosis (CAD) system in breast dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) [13]. The CAD system is designed based on a mixed ensemble of
convolutional neural networks (ME-CNN) to diagnose benign and malignant tumors. Their proposed
algorithm was a modular and image-based ensemble, which could stochastically partition the high-
dimensional image space through simultaneous and competitive learning of its modules. The proposed
system was assessed on our database of 112 DCE-MRI studies, including solid breast masses, using
various classi�cation measures. The ME-CNN model achieved an accuracy of 96.39%. Yurttakal et al.,
2019 presented that CNN performance is better in image classi�cation compared with feature-based
methods. CNN was employed to diagnose lesions as malignant or benign tumors using MRI images.
They achieved the accuracy classi�cation of 98.33% using only pixel information and a multi-layer CNN
architecture [14]. The deep-learning-based techniques were established for a doubtful region of interest
(ROI) segmentation and classi�cation using MRI modalities [15, 16].

Drukker et al., 2020 evaluated an extended short-term memory network to analyze breast cancer
progression along with neoadjuvant chemotherapy at two and �ve years post-surgery. After the
segmentation of breast cancers in MR images, the features related to the kinetic curves were extracted.
The areas under the ROC curve in the prediction of this study at two years post-surgery were 0.80 [17].
Fusco et al., 2020 considered 45 patients subjected to DCE-MRI before and after the treatment. After
extracting 11 semi-quantitative parameters and 50 texture features, the standardized shape index had the
best results with a ROC-AUC of 0.93 to distinguish pathological response versus non-pathological
response patients [18]. Elanthirayan et al., 2021 considered the breast MR slices to examine the breast
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tumor section. They used a hybrid imaging procedure including Brain Storm Optimization Algorithm and
Shannon’s entropy thresholding and Active-Contour (AC) for tumor segmentation. The proposed
experiment on 150 2D breast MRI slices yielded the average accuracy of AC (> 93%) [19]. Typically, lesion
classi�cation using DL-based methods is employed without precise segmentation. Antropova et al., 2016
implemented the combination of a pre-trained CNN with SVM to breast MR classi�cation [20]. In addition
to their results, other literature con�rmed that �ne-tuning all layers towards breast MRI classi�cation are
necessary to attain high performance [14, 16, 21–25].

Because of CNN training by RGB ImageNet images in grayscale, there are various methods based on the
input to the pre-trained CNN like three-time points (3TP) method [22], precontrast, �rst postcontrast, and
second postcontrast frames [17], DCE-MRI, T2-weighted MR, and diffusion-weighted image (DWI) [22, 23,
26]. Participating in both temporal and spatial features of breast MR is challenging for DL networks,
especially for 2D images. In this regard, Antropova et al., 2018(a) employed maximum intensity projection
(MIP) to incorporate spatial information, whereas image enhancement did not cause miss any evidence
[27]. Hu et al., 2019 presented a pooling layer to reduce the image dimension at the feature level, instead
of the image level, as in the MIP case [25]. Recurrent neural networks, such as long short-term memory
(LSTM), were also practical for lesion classi�cation [28–30]. In each ROI, morphological features
extraction at different time points by a CNN were usable for LSTM training to predict the result based on
the entire DCE-MRI sequence. Some proposed CNN architectures corresponding to the 4D nature of DCE-
MRI by exploiting 3D convolutional layers [31–34] and by extracting unique features of DCE-MRI at
multiple scales [32].

Method
As usual, the proposed method includes preprocessing, feature extraction, and classi�cation. Although
unsupervised neural networks usually do not require data preprocessing, the preprocessing of dataset
images is necessary because of the variety of image acquisition systems with different quality and
image protocols. Autoencoder networks play a crucial role in unsupervised deep networking, the
autoencoders perform in two steps: coding and decoding. The outputs are reconstructed in the decoding
step using the extracted salient features in the �rst coding stage. Then, the reconstructed images are
enhanced with the reduced noises. Accordingly, in this study, the image quality was enhanced by an
autoencoder to improve the CNN performance in data processing and classi�cation. Thus, the obtained
images of the autoencoder were used as the inputs of CNN in which the images were automatically
parceled, and then the valuable features were extracted. According to the obtained features in the last
layer of CNN, the images were classi�ed into two groups of benign and malignant lesions (Fig. 1).

Database
In this study, breast T1-weighted MR images were provided by Vanderbilt University, PI Dr. Thomas E.
Yankeelov: QIN-Breast were utilized [35, 36]. This collection contains longitudinal PET/CT and
quantitative MR images collected to study treatment assessment in breast cancer in the neoadjuvant
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setting. Images were acquired at three-time points: before the start of treatment (t1), after the �rst cycle of
treatment (t2), and either after the second cycle of treatment or after all medicines (before surgery) (t3).
The PET/CT images were acquired with a support device built in-house to allow the patient to be in prone
to facilitate registration with the MRI data. The value of this collection is to provide clinical imaging data
for the development and evaluation of quantitative imaging methods for treatment assessment early in
the course of therapy for breast cancer.

The MRI data consist of DWIs, DCE images, and multi-�ip data for T1-mapping. The MRIs were obtained
using a dedicated 16-channel bilateral breast coil at 3.0T (Philips Achieva with the MammoTrak table).
DWIs were acquired with a single-shot spin echo (SE) echo planar imaging (EPI) sequence in three
orthogonal diffusion encoding directions (x, y, and z). For 14 patients, b = 0 and 500 s/mm2, TR/TE = 
2500 ms/45 ms Δ = 21.4 ms, δ = 10.3 ms and 10 signal acquisitions were acquired. For 19 patients, b = 0
and 600 s/mm2, TR/TE = “shortest” (range = 1800–3083 ms/43–60 ms) Δ = 20.7–29 ms, δ = 11.4–21
ms and 10 signal acquisitions were acquired. For four patients, b = 50 and 600 s/mm2 for two patients),
TR/TE = “shortest” (range = 1840–3593 ms/43–60 ms) Δ = 20.6–29 ms, δ = 11.5–21 ms and 10 signal
acquisitions were acquired. Before the DCE-MRI acquisition, data for constructing a T1 map were
acquired with an RF-spoiled 3D gradient echo multi-�ip angle approach with ten �ip angles from 2 to 20
degrees in 2o increments. For both the T1 map and DCE scans, TR = 7.9 ms, TE = 4.6 ms, and the
acquisition matrix was 192x192x20 (full-breast) over a sagittal square �eld of view (22 cm2) with slice
thickness of 5 mm. For the DCE study, each 20-slice set was collected in 16 seconds at 25 time points for
just under seven minutes of dynamic scanning. A catheter placed within an antecubital vein delivered 0.1
mmol/kg (9–15 mL, depending on patient weight) of gadopentetate dimeglumine, Gd-DTPA, (Magnevist,
Wayne, NJ) at 2 mL/sec (followed by a saline �ush) via a power injector (Medrad, Warrendale, PA) after
the acquisition of the �rst three dynamic scans (baseline).

Preprocessing
To accurately detect breast cancer, the most critical step is image preprocessing to enhance the breast
MR images and reduce the noises of MR imaging instruments and patient movements. The various
stages of preprocessing include removing border areas, contrast enhancement, removing noise via �lters,
etc. In this study, an autoencoder was employed for image preprocessing to reduce noise and extract the
saliency features of images.

Convolutional Neural Networks
ResNet was considered as the structure of CNN in this study. According to the literature, the ResNet
network is e�cient in image analysis and classi�cation. In this model, after input parcellation, the data
processing is started. In a Residual block, the input image is processed by a convolution layer, a ReLU
layer, and a convolution layer. These transformations produce an F(x) which its output is added to the
input of the previous layer. The input data are processed by the modules or passed to the next step
without performing any special operations. These networks use stochastic gradient descent instead of
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adaptive techniques to prevent interference in the learning process. In this structure, the number of layers
increased without any performance reduction.

Experimental Results
All network implementation steps were performed using Matlab software version R2019b on Intel core i7-
8700K system with 4.5 GHz processor, 32GB RAM, and Nvidia GTX 1080 Ti Graphic card.

Materials
After selecting the MR images in the middle of the imaging phase to have the entire breast tissue, the
images were labeled as positive (1535 malignant) and negative (2565 benign). The initial 16-bit images
were converted to 8-bit ones to make calculations more available. After this step, the images were used
as inputs of the autoencoder. Autoencoders acted as unsupervised learning via unlabeled data by which
the networks reconstruct the outputs that had the minimum differences with 3690 input images. The
autoencoder was used as a preprocessing step to provide enhanced images with reduced noises and
saliency features. The original images had a slight noise due to electrical waves of an imaging system
and patient movement.

In this step, to investigate autoencoder performance in noise reduction, the Gaussian noise with a mean 5
was added to the image by the size of 192×192 for autoencoder training. 90% and 10% of data were used
for the training and testing of autoencoder, respectively. Figure 2 represents the autoencoder training
using 3690 images along 100 epochs. In this way, the autoencoder achieves desired performance in fast
convergence.

A sample of input (noisy) and output (denoise) images of the autoencoder can be seen in Fig. 3 to
understand the autoencoder performance. The output reconstructed image with the same size as the
input image is accessible with higher contrast and reduced noises.

Besides, the mean squared error (MSE) in Fig. 3 illustrates the differences between the initial image and
the Gaussian noisy images (red) as well as between the initial image and the autoencoder output images
(blue). The former and latter were represented as Before (red) and After (blue) in Fig. 4. Accordingly, in
addition to the signi�cant action of the autoencoder in noise reduction, the output images were
reconstructed by salient features that they caused to have images with higher quality in the point of view
image analysis and classi�cation.

In the last step and after noise reduction and contrast enhancement by autoencoder, 70% of the
preprocessed images for training and 30% for testing were used in CNN de�ned in the Subsection of
Convolutional Neural Networks. This step was repeated for initial images to investigate the autoencoder
performance. The results showed the classi�cation of the preprocessed images using autoencoder has
higher performance w.r.t the non-preprocessed images. Figure 5 illustrates noisy and denoise images for
(a) negative (benign), (b) positive (malignant), which were used as inputs of CNN.
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Result Evaluation
To evaluate the performance of the proposed method, the criteria of accuracy, sensitivity, precision, and
speci�city using Eqs. 1 to 4 were calculated, 

Accuracy =
(TP+TN)

(TP+TN+FP+FN)
(1)

Sensitivity =
TP

(TP+FN)
(2)

Precision =
TP

(TP+FP)
(3)

specificity =
TN

(FP+TN)
(4)

Where TP, TN, FP, and FN are true positive, true negative, false positive, and false negative, respectively.
Tables 1 and 2 present the evaluation results of classi�cation implementation with and without
autoencoder, respectively.
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The performance evaluation results are acceptable in the two examined methods , and the differences in
the performance of the two networks are visible. The measured accuracy, sensitivity, precision, speci�city,
and negative detection rate are 97.65% and 89.73%, 95.88% and 84.28%, 97.8% and 88.39%, 98.71% and
93.12%, as well as 97.57% and 90.50% for the combined autoencoder and CNN and only CNN,
respectively. 

Discussion And Conclusion
Breast cancer is known as one of the causes of death in women. Correct diagnosis of cancerous tissues
based on images and obtaining the size of plaques is essential in treating this disease for the �rst steps
before the disease progresses. There are several methods for diagnosing this type of disease, among
which MRI is an extensive clinical method and is an assistant to other methods such as mammography
and ultrasound. CAD methods have been widely applied to diagnose lesions on breast MR images;
Recently, much attention has been paid to intelligent neural network-based methods in diagnosing the
disease. One of these methods is CNN for feature extracting in MR images with a high detection rate.
Besides, this fully automated method combined with an autoencoder as a preprocessor creates reliable
analysis and classi�cation in MR images.

In the proposed method, the main goal was the diagnosis of benign and malignant breast cancer lesions
on MR images with the best performance and high accuracy. For this purpose, the autoencoder network
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as a preprocessor to reduce noise combined with CNN has been proposed. The results presented that the
autoencoder network can improve CNN performance. In this regard, the accuracy of the CNN network with
the autoencoder network in diagnosing this disease was 97.65%. Table 3 summarizes selected studies in
the �eld of breast lesions classi�cation according to their histological type (benign vs. malignant) in
breast MRI using DL.

Table 3
Selected studies in the �eld of breast lesions classi�cation in breast MRI using DL

Method Result
Evaluation

Image Modality Author(s)

3D ResNet Acc = 85.5 DCE-MRI Lou et al., 2019

CNN(VGG) AUC = 0.88 DCE-MRI Antropova et al.,
2018(a)

3TP-CNN Acc = 74 DCE-MRI Gravina et al., 2019

CNN(VGG) + SVM AUC = 0.65 DCE-MRI Zhu et al., 2019

CNN(VGG) AUC = 0.88 ±
0.01

DCE-MRI (T1 and T2
weighted)

Haarburger et al.,
2019

MIP + CNN(VGG) + SVM AUC = 0.88 ±
0.01

DCE-MRI Antropova et al.,
2018(b)

CNN(ResNet34) AUC = 0.88 DCE-MRI Truhn et al., 2019

CNN(AlexNet) Acc = 76 DCE-MRI Marrone et al., 2017

DenseNet AUC = 0.811 Ultrafast DCE-MRI Dalmis et al., 2019

Dense LMST Acc = 0.847 DCE-MRI + DWI-MRI Zheng et al., 2018

Cross-Modal DL Acc = 94 DCE-MRI + mamography Hadad et al., 2017

CNN(ResNet50) AUC = 0.97–
0.99

DCE-MRI Zhou et al., 2019

3D CNN AUC = 0.801 DCE-MRI Li et al., 2017

Proposed Method
(Autoencoder + CNN)

Acc = 97.65 DCE-MRI Current Study

As shown in Table 3, different methods have been studied and analyzed for feature extraction and benign
and malignant tissue classi�cation. The performance of the proposed method is compatible with other
DL-based methods for analyzing MR images. The combination of CNN and autoencoder has signi�cantly
increased the speed, accuracy, and precision of cancerous tissue classi�cation without manual or semi-
automatic segmentation and feature extraction.
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Figures

Figure 1

Block diagram of the proposed method
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Figure 2

Autoencoder training using 3690 images

Figure 3
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A sample of input (noisy) and output (denoise) images of the autoencoder.

Figure 4

MSE between the initial image and the Gaussian noisy images (Before in red), MSE between the initial
image and the autoencoder output images (After in blue).
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Figure 5

Input and output of autoencoder as noisy and denoise images for (a) negative (benign), (b) positive
(malignant).


