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Deep learning models often suffer from dataset imbalance, which can lead to substantial 

intra-class feature variability, thereby making classification more challenging. The 

classification if breast histopathology images (BHIs) are particularly complex in medical 

diagnosis, as it involves significant intra-class variability. Earlier models have suffered from 

both classification accuracy and class variance issues, which are addressed and solved by 

the proposed Dual Channel–Spatial Attention on ResNet (DCSARNet) CNN model. The 

model effectively captures subtle class variations and region of interest, while addressing 

dataset imbalance by model metrics. This research proposes DCSARNet, a custom deep 

learning model for BHI classifier. The implemented architecture integrates both Channel 

Attention and Spatial Attention, which enhance informative features as well emphasize 

regions. The combination in DCSARNet has achieved robust features from, Invasive Ductal 

Carcinoma (IDC) images, facilitating accurate grading. The backbone ResNet50 can works 

on hidden features to reduce the mis-classification rate. The experiment is conducted on 

Kaggle benchmark IDC dataset and achieved superior performance. The proposed model 

effectively addresses intra-class variability and dataset imbalance, enabling reliable and 

accurate breast cancer diagnosis. DCSARNet achieves an accuracy of 98.42%, recall of 

97.45%, sensitivity of 96.83%, and specificity of 98.51%, marking a significant 

improvement over existing methods. 
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1. INTRODUCTION

About 20 million new cases of breast cancer have been 

reported since 2020, making it a serious worldwide health 

concern [1]. It can form in the milk ducts and the lobules, 

which are the glands that produce milk, among other areas of 

the breast tissue. Early identification is essential to prevent 

cancer from moving to other parts of the body [2]. Breast 

tumors are generally divided into two categories: benign (non-

cancerous) and malignant (cancerous) [3]. Malignant tumors 

can spread quickly because of their rapid cell division, 

whereas benign tumors usually do not develop into cancer. 

Both types may appear irregular under a microscope, making 

manual analysis challenging [4]. To overcome these 

limitations, AI-based analysis of breast cancer biopsies has 

gained popularity showing improvements in diagnostic 

accuracy and efficiency [5].  

AI techniques and deep learning models allow medical 

professionals to analyze extensive histopathology image 

datasets with high precision, facilitating early breast cancer 

detection and enabling prompt, personalized treatment plans 

[6]. By automating breast histopathology images (BHIs) 

classification, AI can enhance diagnostic accuracy, ensuring 

that patients receive accurate diagnoses and appropriate 

treatment [7]. Specifically, AI algorithms assist in the 

automated classification of BHIs, providing more reliable and 

reproducible results than manual detection [8]. The two main 

techniques for identifying and diagnosing breast cancer are 

mammography and biopsy. Radiologists can identify early 

cancer symptoms with the use of mammography, a low-dose 

X-ray procedure. However, in order to prevent false positives,

mammogram interpretation calls for skill [9]. In a biopsy,

tissue samples from the afflicted breast regions are examined,

and pathologists use a microscope to categorize the tumors.

Manual histopathology image analysis is complex and time-

consuming, prompting researchers to explore machine

learning (ML) for improved detection and classification.

CNNs have emerged as the preferred method for classifying

BHIs due to their superior performance across various visual

data types [10]. Attention mechanisms are a recent

advancement that enhances model performance by focusing on

crucial image areas [11]. Channel Attention (CA) prioritizes

informative channels within feature maps by calculating a

weighted average across channels, but this can reduce spatial

detail [12]. Spatial Attention (SA), however, emphasizes

important image regions while preserving spatial layout,

reducing resolution after the attention layer to cut

computational complexity [13]. Together, CA and SA

improve classification accuracy by retaining key spatial

relationships in the images [14].
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This study proposes a new model, Dual Channel–Spatial 

Attention on ResNet (DCSARNet), which incorporates CA 

and SA modules at different resolutions within the ResNet50 

backbone [15]. This design enables the model to capture 

contextual information across samples for improved accuracy. 

Testing on benchmark BHI datasets demonstrates the model's 

robustness and generalizability [16].  

Previous breast cancer detection techniques have included 

traditional ML models like sparse representation, Support 

Vector Machine (SVM), and K-Nearest Neighbors (KNN) 

[17]. While effective, these models struggle with feature 

representation quality and computational efficiency [18]. 

Ensemble learning methods and deep learning approaches, 

such as CNNs, have since advanced classification accuracy, 

with some models achieving up to 96% accuracy on BHI 

datasets [19, 20]. Recent studies show that attention-based 

models significantly enhance classification by locating 

informative regions within raw images, often eliminating pre-

processing steps [21, 22]. This work aims to further improve 

BHI classification by leveraging both spatial [23] and CA [24] 

across different deep learning architectures [25]. Table 1 

clearly explains about various state of art models and its 

limitation over brain diagnosis. 

Table 1. Literature survey 

S 

No. 
Method Limitation Suggestions 

1 Histopathological breast image classification [26] 
For low resolution images, prediction of 

tumor is difficult. 

Proposed pixel-based 

segmentation 

2 Metastasis detection and classification of histopathology [27] The miss classes rate is more. 
Improve dataset size and 

layers robustness 

3 
Deep residual CNN network for histopathological breast 

cancer [28] 

Model accuracy is less due to weight 

file. 

Build weight file with custom 

and robust 

4 
Cubic Support Vector Machine (SVM) based 

histopathological breast cancer analysis [29] 
Pixel based segmentation. Post processing 

5 AI based breast cancers diagnosis [30] Miss classifications rate is more. Dataset customization and size 

2. METHODOLOGY

This article introduces an innovative deep neural network 

architecture called the DCSARNet, which employs a 

ResNet50 backbone. The DCSARNet network incorporates 

two attention mechanisms derived from previous research, 

namely CA and SA, originally introduced in the study by Toa 

et al. [31]. 

2.1 DCSARNet network architecture 

In CA, the deep features across multiple layers are 

combined through averaging and pooling operations. This 

process generates focused features that highlight specific 

objects within the image [32]. By globally averaging across 

the features at the channel level, CA produces a concise feature 

representation, effectively learning the importance of attention 

[33]. Conversely, SA performs spatial averaging in the feature 

space to capture the spatial content of the image. 

Consequently, both SA and CA ensure that the features 

extracted from the ResNet-50 backbone layers are establish 

around the regions of interest in the image. Figure 1 shows an 

illustration of the recommended approach [34]. A batch of 

BHI photos with a scaled resolution of 64 × 64 × 3 is fed into 

the ResNet 50 backbone model. The extracted features are 

inputted into the CA module with Global Average Pooling 

(GAP) layer which creates a dominant channel selection to 

pass through the next intermediate Res layer in the ResNet50 

pipeline [35]. The output from the intermediate Res layers is 

provided as input the SA module where the spatial information 

regarding the selected channels in highlighted [36].  

Figure 1. The block illustration of the proposed Dual Channel Spatial Attention mechanism on ResNet50 Features extracted from 

breast histopathology images (BHIs) dataset 

2.2 Channel Attention and Spatial Attention modules 

Figure 2(a) explains the procedure tailed in Medium 

stranded attention crosswise 2D tensor features 𝑔(𝑐) =
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Figure 2. Attention-based networks 

where, 𝑛 gives the dimensionality of the feature matrix and is 

called as CA module as shown in Figure 2(a). Similarly, the 

SA in Figure 2(b) is obtained as the maximum pooling across 

𝜒𝑛
(ℓ)

∈ 𝑅𝑛×𝑛×𝑍 features in layer ℓ as:

( ) ( ) 2 2g arg max
n

n n
Zs

n
x

x R


 


= 


(2) 

The features 𝑓𝑛
(𝑐)

 (channel) and 𝑓𝑛
(𝑠)

 (spatial) are trained at

Figure 2(a) displays the production of completely associated 

layers. Finally, these are attached mathematically with the 

novel structures to produce concentrating samples (𝑥𝑐 = 𝑥 ⋅

𝑔𝑛
(𝑐)

)(𝑥𝑠 = 𝑥 ⋅ 𝑔𝑛
(𝑠)

) . Stimulatingly, both station and three-

dimensional (𝑥𝑐 = (𝑥 ⋅ 𝑔𝑛
(𝑐)

) ⋅ 𝑔𝑛
(𝑠)

) concentrations have also

been functional in-direct which has shown improvements to 

words quality of the architectures. On the other hand, the fully 

connected attention layers learn the feature less intensely when 

the average or maximum pooling is used. 

Consequently, this has been improved in our proposed 

model by applying the CA across features one Res Block and 

then SA on the features of CA affected Res Block which has 

proved to preserve the structural data. So that Proposed 

DCSARNet Model have more flexible to migrate in terms of 

training and testing. 

2.3 DCSARNet model building 

The two-dimensional input feed features of BHI 𝐼(𝑥, 𝑦) ∈
𝑅2 represented by 𝑥 converts into estimated features at the 1st

Res Block as shown in Figure 3. These features are denoted by 

𝑓𝑛
(𝑟1)

. Ford C  channels in the required samples 𝑦 ∈ 𝑆𝑑×𝑚×𝑛,

the 1 × 1 difficulties with 𝑑1 filters will generate a arithmetic

median at the outcome as 𝑅𝑑1×𝑚×𝑛. The productivity of the

CA component in Figure 2(a) formulates into: 

( )( )( )( )1
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where, {𝛩𝐴1
, 𝛩𝐴2

}  are accessible samples of the required

network on related features 𝑔𝑛
(𝑟1)

 and 𝜎  is of the sigmoid 

function [37]. For an input feature, the CA network's output 

can be expressed as: 

( )( )min :
c

c c c xx = arg L Θ w x x


 (4) 

where, an element-wise product is indicated by the operator 

(.). A loss function Lc is used to train the weighted linear wx(x) 

features using the channel model parameters ɵc. The original 

feature x is multiplied element wise by the learnt attention 

network's output features [38]. 

Correspondingly, the obtained spatial wavelet features are 

learned by the fully connected layers. The outcome of the 

Weighted Spatial Attention Module (WSAM) in Figure 2(b) is 

formulated as: 

 ( )( )( )( )( )2 1
A A xx = σ Θ relu Θ w x (5) 

For an input feature, the SA network's output can be 

expressed as: 


 ( )( )( )arg min : .

S

s S S xx L w x x


=  (6) 

wherever, the operative (•)  denotes a sample wise 

development. The 𝑤𝑥(𝑥)  linearly projected spatial features

with weights 𝑤𝑥 which trains with medium block elements 𝛩𝑠

by means of a cost function 𝐿𝑠 . The original features are

multiplied element-wise by the learnt attention network's 

output features. Lastly, the backbone ResNet50 features for 

classification are fused with the acquired consideration plots 

for BHI in a session tag during the training process [39]. 

However, any backbone classifier can be used for 

generating attention map features [40]. The global feature 

extractor ResNet50's attention maps produced by each layer 

are shown as: 

( ) ( )  2

1 2
, l lc M N

na n A n A
f f f R  =  (7) 

where, n is the image pointer in the specified batch and the 

variable directs attention to the residual layer's output. Here 
(𝐴1) are CA modules described above and (𝐴2) are spatial.

The features in the classifier network, represented by Ml × Nl, 

where, l is the layer number, and the attention mappings at the 

output of residual layers have the same dimensions. The 

training results in attention features  𝐹𝑛(𝐿1) and  𝐹𝑛(𝐿2)  across

each individual residual layers in the ResNet backbone as: 

( )) 1( ) (1
.    

l l

class class

n L n A n ri
F f f l layer number

=
=  = (8) 

The Adam optimiser and categorical cross-entropy loss 

function form the foundation of the model. Using the trainable 

parameters 𝜃𝐷𝐶𝑆𝐴𝑅 , the predictive model in Figure 2 trains on

the local features from 𝐹𝑛(𝐿𝑙)(𝑥̃) by refining the loss function

𝐿𝐷𝐶𝑆𝐴𝑅  throughout the whole dataset as follows:

 ( )( )arg min : F ,
l

DCSAR

DCSAR DCSAR DCSAR n L
L y



 = (9)
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Figure 3. The complete end-to-end architecture of Dual Channel Spatial Attention mechanism with ResNet50 backbone for BHI 

classification 

In this case, the song labels for which the ICD postures are 

recorded are shown by class labels y. The output contains 

SoftMax triggers, and the training parameters used in 

convolutional layers that are normal are adjusted using the 

cross-entropy loss ReLu activation function. The proposed 

DCSARNet network can be trained from start to finish. The 

overall learning rate of the network was set at 0.001. Every 

time the classifier's error rate stayed constant for more than ten 

intervals, the training rate decreased by 10% [41]. 

The weights and biases are initialised at random using the 

zero-mean unit Gaussian distribution function. The 

momentum factor remained at 0.90. Using TensorFlow 2.0 

APIs, all of the models—both proposed and state-of-the-art—

were trained using the Adam optimiser on an 8 GB NVDIA 

RTX1070 GPU with 16 GB of RAM. The next sections 

provide a detailed description of the outcomes of extensive 

experimentation. 

3. EXPERIMENTATION, RESULTS AND DISCUSSION

Four architectures namely, ResNet50 (With No Attention), 

CRANet, SRANet, and DCSARNet for BHI image estimation 

on two benchmark datasets from Kaggle. Here, datasets, 

metrics and experiments conducted on the Proposed and the 

State-of-the-arts were discussed extensively. 

Figure 4. Samples from breast histopathology images (BHIs) 

datasets applied for training the proposed model 

3.1 Datasets and evaluation metrics 

162 complete stand transparency pictures of IDC in breast 

cancer from two classes of specimens scanned at 40 × make 

up dataset – I. For training and testing, 277,524 patches with 

198,738 IDC -ve and 78,786 IDC +ve are offered; each image 

has a resolution of 50 × 50. To evaluate our models, another 

dataset that is quite opposite to the first one with 40 ×, 100 × 

and 400 × optical zoom is considered from dataset – II [2] as 

BreaKHis. However, the number of samples positive 

(malignant type - 5429) and negative (benign type - 2480) are 

around 6909. The sample annotated BHI’s from the 

benchmark datasets are shown in Figure 4. We separated the 

datasets into 20% for testing and 80% for training for the 

experiments. To assess their models' performance, they used 

several metrics: Mean Recognition Accuracy (mRA): which 

indicates the overall accuracy of the model in correctly 

identifying poses. Mean F1 Score (mf1): These metric 

balances precision (how often a correct prediction is made) 

and recall (how many actual positives are identified). Micro 

Precision (MP) and Micro F1 Score (MF1): 

These metrics consider all classes together across different 

training sets. Macro Precision (M-P) and Macro F1 Score (M-

f1): These metrics look at the average performance across all 

datasets, focusing only on classes that exist in all datasets. 

1

1 i iC

i i i i
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C TP TN FP FN=
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=

+ + +
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In this subsection, we outline the training parameters 

utilized across BHI datasets, building upon the detailed 

configuration and architecture of the backbone network 
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ResNet50 is discussed in Section 3. The first step was to 

standardize the frame resolution at 64 × 64 for all datasets. In 

the next step, alongside ResNet50, we explored other standard 

architectures such as VGG-16, InceptionV3, GoogleNet, 

ResNet101as backbone models. For all these models, weights 

and biases were initialized using a Gaussian function with unit 

variance and zero mean. First, the global feature network's 

learning rate was fixed at 0.001 and kept that way through 

training. The cost function for all primary systems was binary 

equalness-entropy, which was enhanced utilizing the Adam 

equalizer. A momentum factor of 0.900 was chosen for the 

network illustrated in Figure 4. The selection of filters and 

other layers was guided by prior works referenced in the 

comparative methods. 

The assessment of the proposed DCSARNet and other 

models is performed using four experiments. Firstly, 

performance was assessed on the BHI datasets using the above 

metrics is performed and reported across two folds. 

Specifically, 5-fold mAP gives the maximum average metrics 

across five successful runs on test data, whereas 1-fold metrics 

show averages following positive model testing. Secondly, the 

impact of the proposed attention mechanism was evaluated 

against previous models. Thirdly, a comparison was made 

between the proposed model and state-of-the-art networks on 

benchmark datasets. Additional Region of Convergence 

(ROC) plots were utilized to assess the fairness of DCSARNet 

models in accurately estimating class labels during testing. 

3.2 Evaluating the proposed DCSARNet with different 

backbone architectures 

The experiment involves training the model depicted in 

Table 2 with the attention model illustrated in Figure 2, 

referred to as DCSARNet. Notably, the highest 1-fold 

performance was achieved for the class dataset – 1, 

characterized by high volumes of training data, yielding 

clearly distinguishable features. The dual channel and SA 

mechanism effectively highlighted spatial content within the 

BHI dataset – I, enhancing the extraction of textural features 

and shape crucial for categorization. Likewise, the top 5-fold 

metrics yielded impressive results, on dataset – I. However, 

Table 2 shows the same metrics computed on dataset – II, 

which is 400 × more resolution when compared to dataset – I’s 

40 ×. The results shaped by our planned technique were 

impressive as the number of dataset samples used for training 

are far less than that of dataset – I. Moreover, the higher 

resolutions have a better inspiration on the techniques overall 

performance with less amount of data samples for training.  

3.3 Impact of proposed attention mechanism 

This subsection emphasizes the pivotal role of the projected 

Dual Channel and Spatial Attention (DCSA) block in the 

context of BHI recognition on the considered benchmark 

datasets. To assess its effectiveness, as shown in Figure 2, 

experiments were carried out by changing the suggested 

attention block in our network DCSARNet with two cutting-

edge attention models. Two of these attention models are 

based on Channel Attention (CRANet) [10] and Spatial 

Attention (SRANet) [11], while one model operates without 

attention (ResNet50 (With No Attention). Table 3 reports the 

results of experiments conducted in 1 – fold and 5 – fold 

operations on dataset – I and Table 4 on dataset – II. Table 2 

clearly explains about comparison of performance measures 

mRA (m RA), m f₁ (F1 Score), m – P (Precision) and m – fl 

(False Loss / False Rate (1 – F1)) analysis in this proposed 

model attains good improvement over existing models. 

Table 2. Parametric – comparison analysis of trained networks with the proposed loss on dataset – I 

Methods. m RA m f1 m - P m - f1 M - P M - f1 m RA m f1 m - P m - f1 M - P M - f1 

Training 1 - Fold 5 - Fold 

VGG-16 0. 8769 0. 8371 0. 8198 0. 7647 0. 724 0. 6999 0. 9391 0. 837 0. 8221 0. 7919 0. 7819 0. 7269

Google Net 0. 9202 0. 8404 0. 7778 0. 7461 0. 7137 0. 6481 0. 9128 0. 8035 0. 8077 0. 7659 0. 7571 0. 7198

ResNet34 0. 9591 0. 9169 0. 8678 0. 8348 0. 7791 0. 7747 0. 9241 0. 8088 0. 8702 0. 8269 0. 8154 0. 7844

InceptionV3 0. 9404 0. 8955 0. 8694 0. 8683 0. 8176 0. 7888 0. 9367 0. 8446 0. 8128 0. 7827 0. 7828 0. 75

DCSARNet 0. 9658 0. 9209 0. 8948 0. 8937 0. 843 0. 8142 0. 9621 0. 87 0. 8382 0. 8081 0. 8082 0. 7754
Note: DCSARNet: Dual Channel–Spatial Attention on ResNet. 

Table 3. Parametric – comparison analysis of trained networks with the proposed loss on dataset – II 

Methods m RA m f 1 m - P m - f1 M - P M - f1 m RA m f 1 m - P m - f1 M - P M - f1 

Training 1 – Fold 5 – Fold 

VGG-16 0. 862 0. 8222 0. 8049 0. 7498 0. 7091 0. 685 0. 9261 0. 824 0. 8091 0. 7789 0. 7689 0. 7139

Google Net 0. 9053 0. 8255 0. 7629 0. 7312 0. 6988 0. 6332 0. 8998 0. 7905 0. 7947 0. 7529 0. 7441 0. 7068

ResNet34 0. 9442 0. 902 0. 8529 0. 8199 0. 7642 0. 7598 0. 9111 0. 7958 0. 8572 0. 8139 0. 8024 0. 7714

InceptionV3 0. 9255 0. 8806 0. 8545 0. 8534 0. 8027 0. 7739 0. 9237 0. 8316 0. 7998 0. 7697 0. 7698 0. 737

DCSARNet 0. 9509 0. 906 0. 8799 0. 8788 0. 8281 0. 7993 0. 9491 0. 857 0. 8252 0. 7951 0. 7952 0. 7624

Table 4. The impact of proposed dual Channel and Spatial Attention on the dataset – I in multiple training folds 

Training Mode Models m RA m f1 m - P m - f1 M - P M - f1 m - r M - R 

1 – Fold 

ResNet34 0.649 0.6639 0.5126 0.704 0.5145 0.5612 0.5837 0.5475 

CRANet 0.6162 0.6399 0.4595 0.5944 0.5183 0.6365 0.5 0.5215 

SRANet 0.6276 0.5724 0.625 0.6964 0.6316 0.5609 0.6319 0.6932 

DCSARNet 0.9658 0.9209 0.8948 0.8937 0.843 0.8142 0.9658 0.9209 

5 – Fold 

ResNet34 0.6853 0.7234 0.6884 0.6177 0.6545 0.573 0.5262 0.7533 

CRANet 0.5859 0.6232 0.7129 0.5417 0.5027 0.5152 0.709 0.7877 

SRANet 0.5191 0.6471 0.6667 0.7241 0.6658 0.6347 0.6994 0.6757 

DCSARNet 0.9621 0.87 0.8382 0.8081 0.8082 0.7754 0.9621 0.87 
Note: CRANet: channel attention; SRANet: spatial attention. 
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Table 5. The impact of proposed dual Channel and Spatial Attention on the dataset – II in multiple training folds 

Training Mode Models m RA m f1 m - P m - f1 M - P M - f1 m - r M - R 

1 – Fold 

ResNet34 0.699 0.6139 0.4626 0.654 0.4645 0.5112 0.5337 0.4975 

CRANet 0.6662 0.5899 0.4095 0.5444 0.4683 0.5865 0.45 0.4715 

SRANet 0.6776 0.5224 0.575 0.6464 0.5816 0.5109 0.5819 0.6432 

DCSARNet 0.9558 0.8709 0.8448 0.8437 0.793 0.7642 0.9158 0.8709 

5 – Fold 

ResNet34 0.6353 0.6734 0.6384 0.5677 0.6045 0.523 0.4762 0.7033 

CRANet 0.6359 0.5732 0.6629 0.4917 0.4527 0.4652 0.659 0.7377 

SRANet 0.6691 0.5971 0.6167 0.6741 0.6158 0.5847 0.6494 0.6257 

DCSARNet 0.9521 0.82 0.7882 0.7581 0.7582 0.7254 0.9121 0.82 

Table 6. Proposed DCSARNet vs. state-of-the-art deep BHI image classification models on mRA metrics on dataset – I 

Ref. Deep Network Model Classification Procedure m RA (%) 

[21] Deep Belief Network (DBN) patch-based deep learning approach 80.34 

[22] Deep Neural Network (DNN) Deep Manifold Reservation Autoencoder 82.25 

[23] 
Visual Geometry Group Network

(VGG) – CNN 
Convolutional Features 82.27 

[24] Recurrent Neural Network (RNN) Image features are sequence representation 82.3 

[25] InceptionV3 
Convolutional features depth- model based on computer-aided transfer 

learning as a binary classifier 
87.2 

[27] 
Dynamic Convolution Neural 

Network (DCNN) 
CNN classification model for fast back propagation learning 80.56 

[28] CNN 
architecture based on self-integration to leverage semantic information 

from annotated images 
81.34 

[29] Deep residual network (ResNet) representation learning and cell nuclei recognition 88.53 

[26] Deep CNN Attention Based Model CA on residual features. 85.63 

[38] VGG-16 Dual Channel and Spatial Attention at multiple intermediate layers 87.69 

[38] ResNet34 Dual Channel and Spatial Attention at multiple intermediate layers 88.32 

[38] ResNet101 Dual Channel and Spatial Attention at multiple intermediate layers 86.12 

Proposed DCSARNet – ResNet50 Backbone Dual Channel and Spatial Attention at multiple intermediate layers 98.42 

Table 7. Proposed DCSARNet vs. state-of-the-art deep BHI image classification models on mRA metrics on dataset – II 

Ref. Deep Network Model Classification Procedure m RA (%) 

[21] DBN patch-based deep learning approach 81.02% 

[22] DNN Deep Manifold Reservation Autoencoder 80.25 

[23] VGG – CNN Convolutional Features 81.7 

[24] RNN Image features are sequence representation 80.33 

[25] InceptionV3 
Convolutional features -model based on computer-aided transfer learning 

as a binary classifier 
80.4 

[27] DCNN CNN classification model for fast back propagation learning 86.93 

[28] CNN 
architecture - based on self-integration to leverage semantic information 

from annotated images 
84.7 

[29] ResNet representation learning and cell nuclei recognition 85.11 

[26] Deep CNN Attention Based Model CA residual features. 87.92 

[38] VGG-16 Dual Channel and Spatial Attention at multiple intermediate layers 86.12 

[38] ResNet34 Dual Channel and Spatial Attention at multiple intermediate layers 86.56 

[38] ResNet101 Dual Channel and Spatial Attention at multiple intermediate layers 85.34 

Proposed DCSARNet – ResNet50 Backbone Dual Channel and Spatial Attention at multiple intermediate layers 98.42 

Row 1 in Tables 3 and 4 illustrates the pure ResNet50 

architecture without any incorporated attention mechanism 

within its layers. Due to the absence of an attention-module, 

the feature distribution appears distorted across the images. In 

contrast, the other set of rows in both tables utilizes a CA, 

spatial and DCSA model in the network of the universal 

feature analysis. This integration allows the consideration 

component to concentrate on enhancing the distribution of 

convolution features across frames, resulting in an improved 

feature representation. While the CARNet depicted in row 2 

of Tables 3 and 4, exhibited satisfactory performance, it faced 

limitations due to the universal median of estimated and 

comprehensive mechanisms. However, SARNet, showcased 

in row 3, managed to preserve spatial information to some 

range by concatenating the average and sum of complete 

workings. Nevertheless, challenges arise when spatial 

information is unevenly distributed across images of the same 

class, as observed in Figure 4. However, when multiple 

attention blocks are interconnected, like the DCSARNet 

addresses the drawbacks and improves courtesy structures, as 

explained in row 4 of Tables 3 and 4. It's important to note, 

however, that including 2-attention representations in 

sequence among every ResNet model can lead to 

computational inefficiency during the training process. 

3.4 DCSARNet versus the state-of-the-arts 

A thorough evaluation was conducted to assess the 

performance of DCSARNet towards frame work of BHI image 

classification approaches. Various contrast systems were 

qualified from scrape on designated two databases, with 

hyperparameters adjusted to maximize the average recognition 

accuracy (mRA). The consequences of this experimentation 

are summarized in Table 5. Upon analysis of Table 6, it is 
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evident that DCSARNet attained the maximum mRA 

associated to previous similar systems on our considered 

benchmark datasets. It also showcases the impact of the 

implemented model in terms of frameworks. Furthermore, 

Table 4 concludes that ResNet50 with DCSA demonstrates 

strong performance due to its depth and residual connections 

when operating on full scale input pixels. As the system's 

understanding nature raises (ResNet101) or falls (ResNet34), 

inner or circular layers may lack discriminative features for the 

given perception feed resolution. To improve mRAs, it is 

suggested to raises the basic image dimensions for ResNet101 

and decrease it for ResNet34. 

The DCSARNet – ResNet50 Backbone architecture 

prominently employs a sequential alternation between 

Channel and Spatial Attention mechanisms across its layers. 

Furthermore, the same comparison is carried out in dataset – 

II and the results are presented in Table 7. Comparisons 

between DCSARNet and framework attention mechanisms 

highlight the greater presentation of ResNet50, and dual 

attention on par with previous works.  

The outcomes indicate a straight correlation among the CA 

consideration blocks and the classifier's presentation across all 

datasets. 

Figure 5. Region of Convergence (ROC) plots showing a comparison between various backbone architectures with our proposed 

Dual Channel–Spatial Attention on ResNet (DCSARNet): (a) dataset – I, (b) dataset – II 

(a) (b) 

(c) 

Figure 6. Performance measures: (a) clarity score, (b) accuracy, (c) training time analysis 
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3.5 Region of Convergence curves 

Upon reviewing the tabulated values above on BHI datasets 

– I and II with our proposed loss function applied to standard

deep architectures as backbone training networks, several

insights emerge based on the ROC plots in Figure 5. Figure

5(a) shows ROC on dataset – I and 5(b) on dataset – II. The

ResNet50 in the plots is applied with only SA block as

reference. Firstly, classification across the two datasets

demonstrates improved performance attributed to the

extremely discriminatory classes between features produced

utilizing dual channel and spatial accurate training. However,

the presentation on GoogleNet, and InceptionV3 closely align

with our proposed DCSARNet on ResNet50. This similarity

can be attributed to the attendance of outstanding influences

throughout the network, which act as attention mechanisms.

Secondly, the light DCSARNet model exhibits less

complexity and greater robustness compared to other models.

This is evidenced by its fewer trainable parameters in

comparison to standard models. Thirdly, DCSARNet

demonstrates a +ve recall rate across all datasets associated to

additional models. This observation is supported by the ROC

plots in Figure 5, showcasing the efficacy of our proposed loss

function. Figure 5(a) clearly explains about False Positive Rate

(FPR) of dataset 1 it is directly taken from Kaggle database

and Figure 5(b) explains about dataset 2 applied FPR in both

the cases proposed method attains more improvement over

other state of art models.

Figure 6 obviously clarifies about concert events analysis of 

various state of art models, in this implemented DCSARNet 

model got improvement differentiated to existing models. 

Figure 6(a) explains clarity score, which provides detailed 

pixel information and color contrast analysis. Figure 6(b) 

describes that accuracy of proposed model. Figure 6(c) shows 

the training parameters and time analysis. it is observed that 

proposed DCSARNet model got good improvement. The 

ResNet34, ResNet 101, VGG-16, GoogleNet and InceptionV3 

models are existing models which have used to compare the 

proposed DCSARNet backbone of ResNet 50 custom model. 

4. CONCLUSIONS

This work proposes a novel approach for BHIs 

classification using the DCSARNet architecture, designed to 

address prominent challenges in existing datasets, such as 

significant within-class feature variations and class 

imbalances. Attention mechanisms have shown promise in 

tackling these issues by improving classification accuracy; 

however, existing methods have struggled with capturing 

subtle variations among samples within classes and in 

precisely adjusting the region of interest for classification. 

DCSARNet overcomes these limitations by simultaneously 

applying CA to select the most informative Channels and 

Spatial Attention to focus on influential regions within those 

channels, thereby enhancing the model’s ability to 

differentiate BHIs more accurately. The novelty of this work 

lies in the dual-CA mechanism, which uniquely combines 

Channel and Spatial Attention to provide a more targeted and 

efficient feature representation. While previous models faced 

limitations in highlighting relevant regions within highly 

variable datasets, DCSARNet effectively addresses these 

challenges, resulting in improved classification accuracy. 

Extensive experimentation using the ResNet50 backbone, 

along with other state-of-the-art architectures, demonstrates 

DCSARNet’s robustness and effectiveness. One noted 

limitation, however, is the model's occasional difficulty in 

precisely capturing tiny variations within classes, which can 

impact the precision of region-of-interest adjustments. Despite 

this, DCSARNet consistently outperformed existing deep 

learning methods on two Kaggle benchmark IDC breast cancer 

datasets, underscoring its contribution and potential to 

establish a new benchmark for BHIs classification. This work 

sets a foundation for further advancements in handling finer 

variations within breast histopathology datasets. 
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