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Abstract: Accurate histopathological image classification plays a crucial role in cancer detection and diagnosis. In 

automated cancer detection methods, extraction of histological features of malignant and benign tissues is a challenging 

task. This paper presents a modified approach on octave convolution to extract high and low-frequency features which 

help to provide a comprehensive representation of histopathological images. Proposed octave convolution model is used 

to perform histopathological image classification using three different optimization strategies. Firstly, an optimal alpha 

value of 0.5 is used to give equal importance to both high-frequency and low-frequency feature maps. This balanced 

approach ensures that the model effectively considers critical high-frequency features as well as low-frequency features 

of cancerous tissues. Secondly, high-frequency and low-frequency feature maps are extracted and down sampled into half 

the spatial dimension size to reduce the computational cost compared to standard CNN. Thirdly, training and validation 

was conducted using ReLU, PReLU, LeakyReLU, ELU, GELU and Swish activation functions. From the experiment, it 

was concluded that PReLU is the best activation function for capturing intricate patterns inherent in cancer-related 

histopathological images. Combining all these optimization strategies, the proposed method proved to provide a 

classification accuracy of 93% and also to reduce the computational cost by 50%. Performance validation against pre-

trained models, CNN variants and vision transformer-based models has also been conducted, which proved superior 

performance of the proposed model.  

 

Index Terms: Histopathological Image, Octave Convolution, High and Low Frequency Feature Extraction, Spatial Down 

Sampling. 

 

 

1.  Introduction 

Cancer stands as a significant global health concern, imposing a considerable burden of morbidity and mortality, 

ranking as the second most prevalent cause of death worldwide [1]. As per the study of International Agency for Research 

on Cancer (IARC), one in five individuals worldwide develops cancer during their lifetime. The COVID-19 pandemic 

has significantly disordered the diagnosis and treatment of cancer, resulting in a notable increase in advanced-stage cancer 

cases and mortality rates [2]. In this global scenario, proper diagnosis and treatment of cancer is one of the most significant 
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public health issues in our society. Biopsy is a critical procedure in cancer detection and analysis. It is known as the gold 

standard test for cancer. It allows the pathologists to examine the sample of suspicious tissue under a microscope. This 

process aids in confirming cancer presence, identifying its type and grade, determining its stage, and guiding treatment 

decisions. Biopsy is a crucial step in the cancer diagnostic and treatment process, providing valuable information that 

helps healthcare professionals deliver the most appropriate care for cancer patients. 

Automated histopathological image analysis can provide objective and quantitative measurements of various features 

such as size, shape, and characteristics of nuclei, nuclei-cytoplasm features and tissue structures. These quantitative data 

can be valuable for disease diagnosis, treatment planning, tracking disease progression and research. Automated 

histopathological image analysis is not intended to replace the expertise of pathologists but rather to complement and 

enhance their capabilities. Pathologists remain essential for result validation, integration of clinical data, and to make 

critical diagnosis decisions based on the comprehensive assessment of patient cases. 

Convolutional Neural Networks (CNNs) have been highly successful in various artificial intelligence-based tasks. 

But CNN has some limitations such as computation and memory overhead, loss of fine-grained details in pooling layers, 

and adaptation to information bottleneck. These limitations can be overcome by the octave convolution method. The 

octave convolution method is employed to overcome the constraints of conventional convolutional neural networks when 

dealing with multi-scale information and also to reduce computational overhead. It achieves this by processing feature 

maps at multiple frequencies, dividing them into high-frequency and low-frequency components. In conventional CNN, 

it processes the entire feature map at once, which can be computationally expensive and memory-intensive, especially for 

deeper networks and high-resolution images. Octave Convolution reduces the computation and memory overhead by 

processing feature maps at different frequencies separately. Pooling operations in CNNs reduce spatial resolution, leading 

to a loss of fine-grained details. Octave Convolution helps to contribute better feature extraction by processing the high-

frequency band and low-frequency band separately. In very deep CNNs, the receptive field becomes larger, potentially 

causing an information bottleneck, where small-scale details may be neglected. Octave Convolution's design facilitates 

better information flow between frequency bands, helping to mitigate this bottleneck. 

Deploying machine learning models, particularly those using histopathological images for cancer diagnosis, into 

clinical settings faces several challenges. AI models can offer real-time decision support, providing pathologists with 

immediate feedback or alternative diagnoses based on the histopathological images. This can be particularly useful in 

time-constrained environments where rapid and accurate decisions are needed.  

The rest of the paper is structured as follows: Section 2 describes the related work relevant to the proposed method. 

Section 3 details the proposed model, which incorporates a modified octave convolution methodology. Section 4 explains 

the experimental results and performance analysis. Finally, Section 5 concludes the paper and outlines the future work. 

2.  Related Works 

Automated Cancer detection using histopathological images contributes to the advancements of cancer research and 

accurate diagnosis. Handcrafted features designed by a domain expert are utilized in traditional machine learning 

algorithms and automatically learned discriminative features are utilized in deep learning models for image classification. 

Conventional feature extraction algorithms such as Scale Invariant Feature Transform [3], Extended Local Binary Pattern 

[4] and Gray Level Co-occurrence Matrix [5] are used for handcrafted feature extraction and for the analysis of 

histopathological images and tumor segmentation. 

But it requires domain specific knowledge of an expert to identify the useful features. The supervised method of 

classification results in high computational load and low efficiency. Deep learning models, mostly Convolutional Neural 

Networks (CNNs) use convolutional layers to extract high level features from images. A hybrid CNN approach combines 

the possibilities of known hand-crafted features and autogenerated features of deep learning network for providing better 

result in image segmentation and classification task [6].  
In the transfer learning approach, a pre-trained network model is initially trained on a large image database, acquiring 

knowledge that can be leveraged for new and distinct classification tasks [7]. From the pre-trained models, classification 

layers can be removed and new classification layers relevant to the particular problem can be added. The weights gained 

by the pre-trained models during the training can be used as weight initializers for the new problem of categorization of 

histopathological images. The fine tuning of weights based on the target task helps to capture useful features faster and 

also to improve accuracy of the model. Transfer learning methods for histopathological image analysis are used with pre-

trained models such as VGG-16 [8], INCEPTION V3 [7], ResNet -50, DenseNet -161 [9]. Even though transfer learning 

offers improved generalization and enhanced performance, it still faces challenges such as domain shift, dataset bias, and 

limitations in feature transferability [10]. 

ResHist- a feature learning model inspired from ResNet-50 performs in a better way for learning the discriminative 

features. ResHist is a 152 layered model. Transfer learning is employed for the first 130 layers, and the final 22 layers of 

the model undergo training from scratch specifically on breast cancer histopathological images [11]. This model 

demonstrates a commendable performance with an accuracy of 84.34% and F1-score of 90.49% in the binary 

classification of histopathological images. A slide-based histopathology analysis framework is done using HipoMap 

which employs a feature aggregation approach. A pre-trained model is used to identify clinically relevant morphological 

features from patches within the slides. HipoMap -a one dimensional class representation is generated from this feature 
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aggregation and it is utilized by machine learning algorithms for the analysis of histopathological images [12]. 

Ensemble transfer learning enhances overall performance by combining individually trained pre-trained networks. 

Ensembling of the pre-trained networks which are fine tuned to the target task provides more robust results compared to 

the individual models [13]. In the multimodal lightweight XGBoost algorithm used for the prediction of brain tumor 

grading, an ensemble of XGBoost classifiers is used. Based on the performance, each classifier is weighted and their 

weighted sum leads to final prediction [14]. But ensemble models are computationally expensive by requiring more 

training time, more storage requirements with their associated parameters. To reduce the model complexity, squeeze and 

excitation network (SENet) model is employed. SENet plays a crucial role by recalibrating each feature map dynamically, 

enhancing its discriminative power through the selective amplification or attenuation of individual channels. This process 

relies on global spatial information, contributing to improved feature representation [15]. The SENet model with hybrid 

squeezing method involves dual modes of squeezing applied to feature maps. The first mode focuses on colour-based 

spatial squeezing, while the second involves channel-wise pooling [16]. This hybrid squeezing methodology aims to 

optimize the feature extraction process, combining both spatial and channel-level information for a more efficient and 

effective representation of complex patterns in the data. Based on the squeezed value, the feature maps are excited back. 

This will help to highlight or attenuate the corresponding feature maps based on the relevance of information content. 

This model shows a better performance of 91% accuracy and F1 score for binary classification of histopathological images 

with 35% reduction in the computational load. But the proposed method based on modified octave convolution helps to 

produce 93% accuracy with 50% reduction in computational cost. 

3.  Proposed Methodology: Modified Octave Convolution Method 

Octave convolution is a novel approach in the realm of convolutional neural network layer which is designed to 

operate on two distinct frequency bands within the input feature map, dividing it into low-frequency band and high-

frequency band. The primary goal of this technique is to enhance the network's ability to capture information at different 

scales. The low-frequency band is responsible for capturing broader contextual information, enabling the model to 

understand larger patterns and relationships in the data. On the other hand, the high-frequency band is dedicated to 

focusing on finer details and ensuring that the network can discern and emphasize intricate features. 

Octave Convolution involves processing low-frequency and high-frequency feature maps separately through parallel 

sets of convolutional filters, enabling the network to selectively capture fine details in the high-frequency band and 

broader context in the low-frequency band. This technique enhances the model's ability to discern both fine-grained and 

global information within the input data. This enables the network to leverage the strengths of both types of filters and 

represent the multi-scale information present in the input feature map in a better way. Both high and low frequency 

components carry valuable information, and their significance depends on the specific analysis of the diagnostic task at 

hand.    

For histopathological images, both high and low frequency features are important for the accurate diagnosis and 

analysis of cancer.  High frequency features in histopathological images are indeed important for several reasons: These 

features capture fine details at a cellular level, such as the morphology of nuclei, cytoplasmic structures, cellular 

boundaries and the presence of abnormal tissue growth or invasion. At the same time, low frequency features capture the 

global patterns and structures in the histopathological images. Low frequency information represents the broader 

architectural organization of tissues, including the arrangement of cells, colour information, stroma, and extracellular 

components. These features provide contextual information that is crucial for understanding the overall tissue structure 

and identifying abnormalities within the larger histological context. Certain pathological conditions are characterized by 

alterations in the overall tissue structure rather than fine cellular details. For example, fibrosis, inflammation, or necrosis 

can lead to changes in tissue architecture that can be better captured by low frequency features. So, all these details are 

crucial for accurate identification and quantitative analysis of pathological conditions of tumor tissues.  

In the conventional octave convolution model, low frequency feature maps are down-sampled or compressed to 0.5h 

x 0.5w size to reduce the spatial redundancy but the high frequency bands are kept at the same dimension [17]. In the 

proposed octave convolution model, both high-frequency and low-frequency feature maps are compressed to a size by 

half, aiming to alleviate redundancy in spatial information and reduce computational cost. To control the balance of 

distinct features between the high frequency and low frequency bands, octave convolution incorporates a ratio based 

mixing mechanism [18]. It involves a mixing parameter – alpha (α) that determines how much information from low 

frequency and high frequency feature maps should be mixed during the convolution operation. The concatenation 

mechanism in the modified octave convolution method combines the information from high-frequency and low-frequency 

bands. Concatenation ensures that the feature maps relevant to both fine-grained details and coarse features are stacked 

as the output of this custom layer. This helps in capturing more comprehensive and informative representations and 

contributes to the effectiveness of the Octave Convolution method in handling multi-scale information efficiently. Figure 

1 illustrates the block diagram of the modified octave convolution model.
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Fig.1. Block diagram of modified octave convolution model 

Let input tensor and output tensor are denoted as X and Y respectively. Input tensor X is represented by 𝑋 ∈ 𝑅ℎ×𝑤×𝑐 

where h and w denote the spatial dimensions and c the number of feature maps or channels. This will be convolved with 

high frequency and low frequency kernel 𝑊 = [𝑊𝐻 , 𝑊𝐿]. The input tensor will be factorized into 𝑋𝐻 𝑎𝑛𝑑 𝑋𝐿 which 

corresponds to high frequency feature maps (𝑋𝐻) and low frequency feature maps (𝑋𝐿). Here, a ratio parameter α is 

selected to define the mixing ratio of number of channels for low frequency feature maps and to high frequency maps. 

The ratio α is selected to vary between 0 to 1 (𝛼 ∈ [0,1] ) to find the best balance of high and low frequency feature maps. 

Based on the ratio, α times low frequency feature maps and (1- α) times high frequency feature maps are assigned. These 

feature maps are reduced to half in spatial dimension using max pooling method. 

The high frequency feature map with respect to location (p, q) is represented as convolution of input tensor with high 

frequency kernel WH 

 

𝑌𝐻
(𝑝,𝑞) =  ∑ ∑ (

𝑊𝑤
𝑗=1

𝐻𝑤
𝑖=1 𝑋(𝑝+𝑖,𝑞+𝑗) ∗ 𝑊𝐻

(𝑖,𝑗))                                                      (1) 

 

The low frequency feature map with respect to location (p, q) is represented as convolution of input tensor with low 

frequency kernel WL is represented as 

 

𝑌𝐿
(𝑝,𝑞) =  ∑ ∑ (

𝑊𝑤
𝑗=1

𝐻𝑤
𝑖=1 𝑋(𝑝+𝑖,𝑞+𝑗) ∗ 𝑊𝐿

(𝑖,𝑗))                                                       (2) 

 

These two frequency maps are max pooled. Therefore, spatial dimension of the feature map is reduced to half in size. 

After max-pooling, the high frequency feature map is having the dimension 𝑋𝐻 ∈ 𝑅
ℎ

2
×

𝑤

2
×(1−𝛼)𝑐

 and low frequency feature 

map is having the dimension  𝑋𝐿 ∈ 𝑅
ℎ

2
×

𝑤

2
×𝛼𝑐

. Then these pooled layers are concatenated to form the output tensor Y. 

 

𝑌 =  𝑓(𝑝𝑜𝑜𝑙 (𝑌𝐻
(𝑝,𝑞)

, 2)  ||𝑓(𝑝𝑜𝑜𝑙 (𝑌𝐿
(𝑝,𝑞)

, 2)                                                             (3) 

 

In this modified octave convolution model, the number of floating-point operations (FLOPs) is reduced to 50%. The 

number of FLOPs in a Conv2D layer can be calculated as 

 

𝐹𝐿𝑂𝑃𝑠 = 2 × 𝑘𝑒𝑟𝑛𝑒𝑙 𝑠𝑖𝑧𝑒2 × 𝑖𝑛𝑝𝑢𝑡 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 × 𝑜𝑢𝑡𝑝𝑢𝑡 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 ×
𝑖𝑛𝑝𝑢𝑡 ℎ𝑒𝑖𝑔ℎ𝑡×𝑖𝑛𝑝𝑢𝑡 𝑤𝑖𝑑𝑡ℎ

𝑠𝑡𝑟𝑖𝑑𝑒2                 (4) 

 

For octave convolution layer, the number of FLOPs can be calculated as the summation of number of FLOPs of high 

frequency and low frequency feature maps (hf_channel and lf_channel) 

 

𝐹𝐿𝑂𝑃𝑠 = 𝐹𝐿𝑂𝑃𝑠ℎ𝑓_𝑐ℎ𝑎𝑛𝑛𝑒𝑙 + 𝐹𝐿𝑂𝑃𝑠𝑙𝑓_𝑐ℎ𝑎𝑛𝑛𝑒𝑙                                                        (5) 

 
By reducing the spatial size of both high-frequency and low-frequency feature maps into half, the number of floating-

point operations is correspondingly reduced to 50%. It leads to reduction in the computational complexity of the model 

to 50%. 

3.1.  Proposed Model Architecture 

Proposed model which utilizes a modified octave convolution model is shown below in Figure 2. Histopathological 

images of 128×128×3 size is applied to the proposed model. Firstly, they pass through a Conv2D layer of 128 filters to 
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extract the first level feature abstractions from the images. Then a series of modified OctConv2D_new layers are added 

to the model with 128, 64 and 32 filters. These layers are used with PReLU activation function and dropout rate of 20%. 

In these layers, high and low frequency features are extracted effectively. Followed by a flatten layer and dense layers of 

256 and 128 nodes are implemented. Finally, a dense layer with a single node is included for binary classification. The 

final node is activated with sigmoid activation function to do the binary classification of benign and malignant tissues. 

The block diagram of the proposed model architecture using modified octave convolution layers is shown in Figure 2 and 

layer description with output shape is mentioned in Table 1. 

 

 

Fig.2. Proposed model architecture utilizing modified octave convolution network 

The proposed architecture starts with an input layer which takes histopathological images from BreakHis dataset 

with size 128x128x3 is applied as input layer. It is followed by a Conv2D layer with 128 filters. These layers are 

responsible for learning local patterns and features from the input images. It is activated by the Parametric ReLU 

activation function. The Conv2D layer utilizes a set of adaptable filters on the input data to extract initial abstract features 

at the first level. It is followed by a modified octave convolution layer to capture both low frequency and high frequency 

features. The high frequency filters used in the octave convolution layer capture fine grained details whereas low 

frequency filters capture global information from the images. Three stages of the octave convolution layer used in the 

proposed model with 128, 64 and 32 filters for extracting multiple features from the different levels of abstraction. After 

extracting features from the convolutional layers, the Flatten layer is used to convert the multi-dimensional feature maps 

into a one-dimensional array vector. The flattened output is then passed to dense layers of 256 and 128 nodes. The final 

output layer is a single node layer with sigmoid activation function for classifying the histopathological images into binary 

classes of benign and malignant. 

Table 1. Layers of the proposed model with output size 

Layer Output Shape 

Input Layer (None, 128,128, 3) 

Conv2D Layer (None, 128,128,128) 

OctaveConv 2D_new_Layer (None, 64, 64 ,128) 

Activation (PReLU) Layer (None, 64, 64 ,128) 

Dropout Layer (None, 64, 64 ,128) 

OctaveConv 2D_new_Layer (None, 32, 32, 64) 

Activation (PReLU) Layer (None, 32, 32, 64) 

Dropout Layer (None, 32, 32, 64) 

OctaveConv 2D_new_Layer (None, 16, 16, 32) 

Activation (PReLU) Layer (None, 16, 16, 32) 

Dropout Layer (None, 16, 16, 32) 

Flatten Layer (None, 8192) 

Dense Layer (None, 256) 

Dense Layer (None, 128) 

Dense Layer (Sigmoid Activation) (None, 1) 

 

The model is trained using BreaKHis dataset with binary cross entropy loss function. The weights of the proposed 

model are optimized using Adam optimizer to minimize the loss function. Once trained, the model can be evaluated on 

test images in terms of performance measures such as accuracy, precision, recall and F1 Score by plotting the confusion 

matrix [19]. 
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4.  Results and Discussion 

4.1.  Dataset 

The BreaKHis dataset comprises a total of 7,909 histopathological images extracted from breast tumor tissues 

obtained from 82 patients [20]. These biopsy tissue specimens were stained with hematoxylin and eosin dye and collected 

in collaboration with the P&D Laboratory – Pathological Anatomy and Cytopathology in Parana, Brazil [20]. The dataset 

is characterized by 2,480 benign samples and 5,429 malignant samples. For evaluation purposes, dataset is distributed for 

training, validation and testing in the ratio of 80:10:10. Therefore the distribution of images for training, validation and 

testing are 6327, 791 and 791 respectively. 

4.2.  Experimental Results for the Optimum Value of Alpha and Activation Function 

Experiments were conducted to find an optimal value for hyper parameter alpha of octave convolution and also to 

find the best activation function for the proposed model. In the proposed method of modified octave convolution network, 

the appropriate proportion of high-frequency and low-frequency features from histopathological images is extracted and 

down sampled. The division of feature maps into these two groups is decided by the mixing factor - alpha (α).  In the 

octave convolution process, a fraction α of the input feature channels is designated to extract low-frequency features while 

the remaining fraction (1−α) of the feature maps is reserved for high-frequency features. 

If α=0.3, 30% of the feature maps will be processed as low-frequency features, and 70% channels will be processed 

as high-frequency features. In case of first ‘OctaveConv2D_new’ Layer of the proposed model with 128 filters, α=0.3 

produces 38 low frequency channels and 90 high frequency channels. 
The proposed model is trained and validated for optimizing the α value (by varying α from 0 to 1) to effectively 

balance the extraction of fine-grained details and coarse patterns. This tuning process ensures that both types of features 

are processed efficiently, resulting in improved overall performance metrics. The model is evaluated with the BreaKHis 

dataset for 30 epochs. The tuning of the proposed model is done using the following hyperparameters to optimize model’s 

performance. The nominal values selected are learning rate = 0.0001(1e-4), using the Adam optimizer, batch Size: 32, 

dropout rate: 0.5, applied after the dense layers to mitigate overfitting, weight decay (L2 Regularization): 0.0005, with 

early stopping implemented based on validation loss. 

The training-validation accuracy and loss are plotted against the number of epochs as shown in Figure 3.a and 3.b. 

 

 

Fig.3. (a) Learning curve -training and validation accuracy (b)Loss curve -training and validation loss 

The performance evaluation of the model is carried out over the test images. Out of the 791 test images, 530 images 

represent malignant samples and 261 images represent benign samples which results in an imbalanced class distribution. 

To ensure a fair performance evaluation, weighted averaging is applied. This approach prevents the model from being 

biased towards the majority class while accurately reflecting the contribution of each class based on its proportion in the 

dataset. Mathematical formula for weighted average performance metrics is given below. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = ∑ 𝑤𝑖 (
𝑇𝑃𝑖

 𝑇𝑃𝑖+ 𝐹𝑃𝑖
) 

𝑛

𝑖=1
where wi is the weight for class i                                     (6) 

 

𝑅𝑒𝑐𝑎𝑙𝑙𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = ∑ 𝑤𝑖 (
𝑇𝑃𝑖

 𝑇𝑃𝑖+ 𝐹𝑁𝑖
)     

𝑛

𝑖=1
                                                        (7) 

 

𝐹1𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = ∑ 𝑤𝑖 (2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖×𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖+𝑅𝑒𝑐𝑎𝑙𝑙𝑖
)     

𝑛

𝑖=1
                                                  (8) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                   (9) 

 

The weighted average performance measures for different alpha values are plotted in Figure 4 and listed in the Table 

2. 
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Fig.4. Performance metrics of the proposed model for different alpha values 

Table 2. Performance measures of the proposed model for different alpha values 

Alpha 
value 

Accuracy Precision Recall F1Score 
Cohen’s Kappa 

Score 

α=0.1 91 91 91 91 80.5 

α=0.3 91 92 91 91 80.7 

α=0.4 92 92 92 92 81 

α=0.5 93 93 93 93 82.5 

α=0.6 91 91 91 91 81.7 

α=0.7 90 90 90 90 81.5 

 

 

Fig.5. High frequency and low frequency features of OctaveConv 2D_new_Layer -1 for histopathological sample images 

    

Fig.6. a. Confusion matrix                                                              b. Calculated performance metrics 

The experiment shows that an alpha value of 0.5 gives the best performance for the model by providing the right 

balance between high frequency and low frequency features. This shows that the model is giving equal emphasis to the 

high frequency details and low frequency details. Low-frequency details such as arrangement of cells within a tissue, 

including their alignment, clustering, or distribution of high frequency or fine-grained details such as cell boundaries, 

textures and colour variation of nuclei are also informative for distinguishing benign and malignant tissues. Assigning 

equal weightage to high frequency and low frequency features helps to enhance the model's ability for the classification 

of cancer in histopathological images. High frequency and low frequency features of OctaveConv 2D_new_Layer -1 for 
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histopathological sample images are plotted in Figure 5. The model evaluation is illustrated using confusion matrix and 

calculated performance metrics values in Figure 6.a & b.  

Another experiment was conducted to find the best activation function for the proposed model which improves the 

model's ability to capture features in histopathological images. The experiment showed that the Parametric Rectified 

Linear Unit (PReLU) activation function outperforms ReLU, Leaky ReLU, and ELU activation functions [21]. PReLU is 

a type of activation function that introduces an adjustable slope for negative values [22]. This adaptability in handling 

negative inputs contributes to its superior performance compared to other commonly used activation functions. Validation 

accuracy by progressing through different epochs is plotted in Figure 5. The findings underscore the effectiveness of 

PReLU in enhancing the learning capabilities of neural networks, making it a preferred choice in the classification of 

histopathological images for achieving improved model performance.  

The PReLU function is described as follows. 

 

𝑓(𝑥) = 𝑥 ;                𝑖𝑓 𝑥 ≥ 0;  
 

 𝑓(𝑥) = 𝑎𝑥 ;             𝑖𝑓 𝑥 ≤ 0; 
 

In ReLU activation, neurons with negative inputs always produce zero output, leading to vanishing gradient problem. 

PReLU addresses this issue by allowing a small negative slope which can help to prevent neurons from becoming inactive 

during training. The ability of PReLU activation function to model negative values ensures that the information in the 

dark regions of the images is also considered for the feature extraction stage. Dark nuclei are a valid symptom for 

malignancy in histopathological images. Therefore, PReLU activation function effectively captures features across high 

frequency and low frequency band and avoids vanishing gradient problem also. The graph shown in Figure 7 illustrates 

training accuracy and validation accuracy obtained over 30 epochs for different activation functions.   

 

  

Fig.7. Training accuracy and Validation accuracy vs epochs for different activation functions 

The proposed model is trained using various activation functions such as ReLU, PReLU, LeakyReLU, ELU, GELU 

and Swish to evaluate their performance in classifying benign and malignant cases. The performance evaluation metrics 

with different activation functions are obtained as shown in the Table 3. 

Table 3. Performance metrics with different activation functions 

Activation Function Accuracy Precision Recall F1 Score 

ReLU 90 90 90 90 

LeakyReLU 86 85 86 85 

ELU 84 83 84 83 

Swish 89 89 89 89 

GELU 88 88 88 88 

PReLU 93 93 93 93 

4.3.  Comprehensive Performance Analysis of the Proposed Model Against Pretrained Models 

The proposed model demonstrates better performance when compared to established pre-trained models, namely 

MobileNetV2, ResNet50, DenseNet 201, and InceptionV3. The evaluation involves disabling the top layers of these 

models and fine-tuning their weights on the BreakHis dataset. Despite the pre-trained models having deep-layered 

architectures and millions of learnable parameters, the proposed model surpasses them in terms of performance metrics 

such as accuracy, precision, recall and F1 score. The performance metrics is listed in Table 4. This indicates that the 

proposed model's design and training approach outperform the established pre-trained models in achieving enhanced 
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performance based on the evaluation metrics. Comparison of performance metrics of the pretrained models and the 

proposed model is plotted in the Figure 8. 

Table 4. Comparison of performance metrics of the models 

Model Accuracy Precision Recall 
F1 

Score 
Model Accuracy Precision Recall 

F1 

Score 

MobileNetV2 80 85 80 81 MobileNetV2 82 80 82 81 

ResNet50 79 82 79 79 ResNet50 68 72 68 68 

DenseNet201 81 80 81 80 DenseNet201 70 75 71 70 

Inception V3 68 81 68 68 Inception V3 64 71 64 64 

Proposed Model 93 93 93 93 
Proposed 

Model 
89 88 89 88 

 

 
(a)Using BreakHis Dataset                                                                           (b)Using BACH Dataset 

Fig.8. Comparison of performance metrics of the models  

4.4.  Comprehensive Performance Analysis: Proposed Model vs. State-of-the-art Models 

In addition to comparison with pretrained models, the performance of the proposed model was also evaluated against 

more recent architectures, such as the Vision Transformer (ViT) based model [23] and a CNN model utilizing vanilla 

convolution layers, configured with the same number of layers and filters as the proposed model. The performance of 

these models in terms of classification accuracy and computations are analysed. 

Based on the experiments, the proposed modified octave convolution network achieved a classification accuracy of 

93%, outperforming the ViT model, which achieved 90%, and the CNN model, which reached 89% on the same dataset 

for the same number of epochs. Additionally, the computational efficiency of the proposed model is compared in terms 

of number of trainable parameters and FLOPs of these models and it is listed in Table 5 [24]. Model evaluation parameters 

listed in the Table 5 demonstrated the superior performance of the proposed model in histopathological image 

classification. Histopathological images often contain both fine-grained cellular details and broader tissue patterns, which 

are challenging to capture simultaneously. 

Table 5. Comparison of performance metrics of the models 

Model Accuracy 
Number of trainable 

parameters 
FLOPs 
(G=109) 

Proposed model 93 2,058,576 1.42 G 

CNN Model 89 8,665,313 5.61G 

Vision transformer-based model 90 36,376,521 6.57G 

 

The proposed modified octave convolution network, by separating high and low-frequency components, effectively 

captures both localized nuclear features and global features like cell arrangement and tissue invasions. In contrast, Vision 

Transformer-based models excel primarily in capturing global image representations due to their self-attention 

mechanism and may not be efficient in capturing fine grained details. The CNN models, though capable of capturing 

detailed local features, often fail to fully integrate broader contextual information like cell arrangement patterns. This 

makes them less efficient than the proposed model in handling the multi-scale nature of histopathological images. Also, 

the proposed model has a lower number of trainable parameters and requires fewer FLOPs, resulting in reduced model 

complexity and improved computational efficiency.
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5.  Conclusions and Future Work 

Octave convolution is a method which processes the information in multiple frequency bands in order to capture 

both fine grained and coarse features. In the proposed method, the octave convolution model is modified by reducing the 

spatial dimension of high frequency and low frequency bands to half the size; which leads to 50% reduction in 

computational complexity. The proposed method of modified octave convolution model demonstrated an improvement 

in accuracy for histopathological image classification for distinguishing benign and malignant tissues by reducing 

computational complexity. The proposed model gives a promising performance measure with 93% test accuracy, 

precision, recall and F1 score respectively with a 50% reduction in computational load in terms of FLOPs. Also, the 

proposed model outperformed well with PReLU activation function compared to ReLU, Leaky ReLU and ELU. The 

performance of the proposed model is analysed with the pre-trained models MobileNetV2, ResNet50, DenseNet 201, and 

InceptionV3 and also evaluated against some recent architectures such as Vision transformer-based model and CNN 

Variants. From the performance measures, it is proved that the proposed model outperforms well against these state-of-

the-art models in terms of accuracy and computational efficiency. 

As the future work, model is to be validated against real-world dataset (clinical archives), which would better 

demonstrate the model's generalizability. Also, the model could be enhanced through multi-modal image fusion, 

combining histopathological images with MRI or PET scans to extract richer, more comprehensive information, 

improving diagnostic accuracy. Integrated into AI-driven diagnostic tools, it could assist pathologists in real-time clinical 

settings, streamlining workflows and enabling automated or semi-automated diagnostics. To address privacy concerns in 

medical data sharing, federated learning is proposed as a viable solution for training models across multiple institutions 

without centralized data storage [25]. This decentralized approach can enable collaborative medical research while 

safeguarding sensitive patient information. This is especially beneficial in resource-limited areas with fewer specialized 

pathologists, providing reliable diagnostics and scalable solutions. Future research could focus on optimizing the model 

for mobile devices or embedded systems, extending its reach to rural clinics and expanding its applicability in diverse 

healthcare environments. 
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