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 Despite the prevalence of this disease, the existing method for obtaining an 

exact breast cancer diagnosis would need a lot of time and labor. It needs a 

qualified pathologist to manually process and review histopathological 

images to distinguish the characteristics that characterize different cancer 

severity levels. Building a model for automatically detecting, segmenting, 

and classifying breast lesions using histopathological images seems to be the 

goal of this work. Various deep learning methods have been used in 

computational pathology for the diagnosis of cancer. Improved faster 

recurrent convolutional neural network (IMFRCNN) is a supervised learning 

system with proposed for recognizing small items like mitotic and non-

mitotic nuclei. To protect small items from vanishing in the deep layers, this 

system uses expanded layers in the spine. To close image and the things gap 

size includes, this approach uses expanded layers. The region proposal 

network has been created for precise tiny object identification. Researchers 

examined time for training and testing time for various techniques for 

identifying objects. The total accuracy of benign/malignant categorization in 

proposed system reaches 96.5%. The proposed technique offers a thorough 

and non-invasive method for identifying and categorizes an area of abnormal 

breast tissue. 
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1. INTRODUCTION 

Modern digital copies of glass slides were typically table-top equipment that scanned glass slides 

and provided whole-slide images quickly and affordably, frequently automating intermediary stages like 

tissue segmentation and focus plane choice [1]. The creation of a high-resolution digital photomicrograph for 

an entire histological or cytology slide was referred to as whole-slide photography [2]. Although tumors 

remain the most common type of cancer in women, a sizable portion of the samples examined in pathology 

labs come from individuals with the condition [3]. Hematoxylin eosin stains have endured as the go-to stain 

for histological examination of individual cells. The fine tissue and cell features can be highlighted by this 

straightforward dye mixture [4].  

Similar to this, our method has made suitable therapy recommendations according to the lessons 

learned. Breast cancer refers to a disease of the brain cell that causes the cell to deteriorate while becoming 

inactive [5]. This would contribute to dementia. Deterioration of mental, behavioral, and effective 

communication was dementia symptoms that impair people's capacity for autonomous action. Cognitive 

problems make up one of the Alzheimer's disease's signs. The client might forget current occurrences in the 

https://creativecommons.org/licenses/by-sa/4.0/
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initial stages. As the illness worsens, someone would gradually lose details [6]. Sentiment analysis, 

electromyography signals diagnosis, and cardiovascular illness categorizations from an electrocardiogram 

(EKG) signal were some well-known machine learning applications in the biomedical field [7]. Using a 

microscope, histopathological images were acquired, and specimens of the breast tissue from the afflicted 

areas were collected. Hematoxylin and eosin have been utilized to stain the tissues to identify tumors [8]. 

Eosin colors the remainder of the cells pink, while hematoxylin gives the nucleus a dark purple color. By 

including a strong average percentage accuracy and recollection, tiny items could be detected and classified 

using the region-based convolutional neural network (RCNN). Tiny items disappearing in images would be a 

prevalent problem with deep learning models because small things have a high proportion variation between 

the image and the object. By nearly maintaining the geometry of the nucleus, the RCNN minimizes the loss 

of nuclei. This technique reduced the frequency of false negatives and false positives while aiding in the 

recovery of nucleus characteristics from the basal layer.  

Imaging diagnostics include breast magnet resonance imaging (MRI), mammography, and breast 

ultra-sonography has become the preferred method of breast screening. Various imaging modalities were 

linked to various indications [9], [10]. Soft tissue lesions can easily be detected with MRI for screening the 

breast cancer. However, it's expensive, has a propensity for false positives, and takes a while to scan. As a 

result, breast MRI was primarily advised for women have a high risk of developing breast cancer [11]. 

Mammography has limits for those with dense breast tissue because of its great sensitivity to the 

identification of abnormal cells. The transducer transforms electrical signals into ultrasonic waves for breast 

imaging [12]. The reflected sound waves could be processed by a computer to produce an image based on the 

varying ultrasonic wave amplitudes and echoes times [13]. Ultra sonography has the benefit of real-time 

examination and no ionizing radiation [14]. Ultrasound can be utilized in medicine for echo-guided  

biopsy investigations. Nowadays, the most popular testing methods are mammography and breast  

ultra-sonography [15]. Also, it takes a lot of time and high level of expertise to differentiate between different 

subtypes of breast cancer using digital pictures created from biopsy samples that have been collected.  

The staining procedure, lab procedures, and scanner brightness all produce significant color 

differences when creating histopathology images, making it difficult to effectively train a multi-class 

convolutional neural network (CNN) model, particularly in light of borderline instances [16]. Since digital 

images may well have clutter and insufficient brightness, image augmentation and preprocessing were crucial 

phases [17]. The effectiveness of extracting features and also the outcomes of image recognition could both 

be dramatically improved by picture preprocessing. The mathematical standardization of information 

gathering, a frequent step in many feature descriptor approaches, was akin to pretreatment [18]. To solve 

issues caused by color discrepancies, preprocessing must follow grayscale principles. Image enhancement 

aims to make photographs easier for viewers to understand or interpret or to give "better" input to other 

automated [19]. There have been two categories of image-enhancing techniques: frequency domain and 

spatial domain. The previous works with individual pixels directly, whereas the latter uses the image's 

Fourier transform [20], [21]. Typically speaking, an active contour system or a snake model based on curve 

assessment approaches would be employed. Moreover, a significant drawback of active contours was their 

failure to deal with shadowing or determine the boundaries of items that overlap them [22]–[25]. 

Size and shape were concepts included as part of the morph metric assessment. Analysis of an 

organism's fossil evidence seems to be a common procedure [26]. The effects of mutations on design, 

development, and modifications that take place, the shape's correlation with environmental parameters, and 

methods for assessing quantitative features of a certain shape [27]. For the cell and also the nucleus, the 

following morph metric features—increased mean values—were statistically significant: area, convex area, 

and outline [28]. Identification of items or regions of interest in an image using textural clues. By assessing 

feature points at every place in the image and deriving a collection of statistics from the distributions of the 

feature points, statistical techniques may be used in texture analysis to investigate the geographical extent of 

gray levels [29]. Discrete wavelet transforms, which typically classify images of malignant cells, are based 

on textural cues. The local binary pattern component, a potent technique utilized in computer vision and 

applications involving pattern recognition, has been presented here and employed for surface recognition and 

categorization [30]. Co-occurrence at the gray level, the characteristics of the matrix wavelet and the law's 

texture were retrieved. Here, the significance of the work is mentioned. 

‒ By addressing the inter-class resemblance of tiny items while maintaining unique forms, the improved 

faster recurrent convolutional neural network (IMFRCNN) would be a useful concept for enhanced 

feature extraction. 

‒ A critical challenge would be to count the dilated layers and utilize the dilating rate in each one. 

‒ 3 dilated layers with a dilatation rate of 2 were employed in the proposed model to handle this crucial 

work without changing the morphology of mitotic nuclei. 



Int J Artif Intell  ISSN: 2252-8938  

 

Improvised mask faster recurrent convolutional neural network for breast … (Pattan M. D. Ali Khan) 

2001 

‒ By making tiny objects larger, the proposed model corrects the mismatch between the image and  

object-covered areas in deep layers. As a result, there can be less size disparity between the foreground 

and backdrop.  

‒ During mitotic identification, it aids in reducing categorization, end-effectors, and localization degradation. 

The other sections of the research were structured so that section 2 explains the database, 

characteristics, and categorization of the IMFRCNN. While section 3 gives a review of the literature. 

Outcomes are covered in section 4. Lastly, conclusion and recommendations for further research are covered 

in section 5. 

 

 

2. METHOD 

The proposed approach modifies the IMFRCNN architecture, incorporating ResNet101 pre-trained 

weights from the common objects in context (COCO) 2017 dataset. In addressing the challenges posed by 

histopathology images, particularly with mitotic nuclei's poor visual ratio, and deep learning models undergo 

crucial preprocessing stages. Utilizing ResNet101 features such as pooling, convolutional layers with  

stride 2, and strategic max-pooling, the method aims to reduce image size, preserve rich information, and 

prevent the disappearance of small items. This enhances the feature extractor's ability to discern meaningful 

characteristics within histopathological images. 

 

2.1.  Dataset description 

Researchers have used a breast cancer dataset in this study is a histopathological database. Figure 1 

illustrates the 9,109 microscopic images of breast tumor tissue obtained from 82 patients utilizing various 

magnification variables that comprise the breast cancer histopathological imaging classification. It now has 

2,480 benign samples and 5,429 cancerous ones. In addition to the PandD Laboratory for Pathological Anatomy 

and Cytopathology in Parana, this database was developed. Since it enables future comparison and assessment, 

humans think that researchers would consider this dataset to be beneficial [31]. Cancer was referred to as a 

malignant tumor since the lesion can spread to distant areas, invade other tissues, and lead to death. 

Researchers investigate hidden trends in the information using advanced analytics. Three files were 

produced. The real bounding boxes for every class, in addition to the classes. Following the training phase, 

researchers make predictions using these images. The name of the image, the class, and the bounding box 

coordinates has all been stored in this folder. More than one object may be present in a single photograph. 

Hence, there could be more rows in a single image. 

 

 

 
 

Figure 1. Histopathological image dataset for breast cancer 
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2.2.  Methodology 

The IMFRCNN architecture has been tweaked to create the proposed approach. The IMFRCNN 

with ResNet101 pre-trained weights from the COCO 2017 dataset were utilized in this system. One of the 

crucial stages of models based on deep learning was pre-processing. To improve the contrasts, a variety of 

preprocessing methods have been used, including random adjustments of comparison, brightness, and hue. 

Mitotic nuclei have a poor visual ratio in histopathology images. The image-to-object ratio was strong in 

these kinds of photos since the nuclei were tiny [20]. 

Pooling and a few convolutional layers with stride 2 were features of the ResNet101 that seem to be 

useful for reducing the length of both the input image and the objects included within it. As we previously 

explained, one goal of employing a pooling layer would be to decrease image size while maintaining rich 

information. After max-pooling, the stretched layers enlarge objects while maintaining the dimensions of the 

supplied images by using the rich information obtained from the output of max-pooling. Thus, after the  

max-pooling layer, a stretched layer was utilized to prevent the disappearance of items. This method lowers 

the likelihood of small items disappearing, as illustrated in Figure 2, which aids the feature extractor in 

learning the good characteristics of in-depth blocks. Although big-scale increments at once affect the shape 

of nuclei, a high dilated rate was advantageous for increasing object size [24]. 

The morphology of mitotic and non-mitotic nuclei with similar shapes and sizes was altered by more 

dilated layers. Using only 3 expanded levels out of ResNet101's total of 101 layers was intended to prevent 

small items from dissipating in deep layers while maintaining the shape of nuclei. IMFRCNN has been 

generated in conv3 block1, conv4 block1, and conv3 block2, as shown in Figure 3 dilated convolutional node. 
 

 

 
 

Figure 2. Filter without dilation rate 
 
 

 
 

Figure 3. A dilated convolutional node 
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Regardless of the size of the input, the region of interest (ROI) pooling layer separates the proposed 

regions' characteristics into smaller areas and outputs fixed-size characteristics. The ROI pooling layer's 

result in the proposed method was 7×7. The next fully connected layers, SoftMax, including bounding box 

extrapolation branches, would then be given the result characteristics of the ROI pooling layers in IMFRCNN 

as illustrated in Figure 4. 

 

 

 
 

Figure 4. ROI block for localization and categorization on IMFRCNN 

 

 

2.3.  Improved faster recurrent convolutional neural network 

To identify distinct items in an image and create a bounding box around a particular object, 

techniques called object recognition and segmentation have been used. One technique for object recognition 

and segmentation was a convolutional neural network-based multi-scale local and global feature 

representation (MFR-CNN) [32]. MFR-CNN serves as the foundation for mask R-CNN, which expands its 

use in picture categorization. Figure 5 shows how its network architecture was structured. 

The procedure results in the loss of data sources, causing the ROI and extracted characteristics of 

the original image to be displaced. Following the completion of the network design, the MFR-CNN was 

learned using the ultrasound images, the matching biopsy information, and the radiologist-drawn tumor 

contours as the ground truth [22]. The information from the training set was utilized to build a model, which 

was subsequently evaluated against the validity collection to make sure it was accurate and stable. The 

training technique divided randomly the gathered instances into a training dataset and testing set. 

IMFRCNN's model function loss was described as in (1). 

 

𝐿 = 𝐿𝑐𝑙𝑎𝑠𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑚𝑎𝑠𝑘 (1) 

 

 

 
 

Figure 5. IMFRCNN's structure 

 

Mean average precision (mAP) is to measure the lesion detection/segmentation efficiency on the 

testing set and trained MFR-CNN model as given in (2). Where A is segmentation of model results; B is the 

appropriate tumor outline expert radiologist has drawn as a real clinical lesion. 𝑁𝑥
𝐷𝑅 seems to be the 

overlapping area between the model-identified lesion and also the genuine medical lesion regions have real 

clinical lesions size. 𝑁𝑡 stands for the number of images. Reliability was utilized to confirm the proposed 

method's overall lesion categorization efficiency. In (3) analyze the evaluation measures such as true positive 

(TP), true negative (TN), false positive (FP), and false positive (FN). 

 

𝑚𝐴𝑃 =
𝐴∩𝐵

𝐴∪𝐵
=

1

𝑁𝑡
∑ (

𝑁𝑥
𝐷𝑅

𝑁𝑥
𝐷 )

𝑁𝑡
𝑥=1  (2) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) (3) 
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3. RESULTS AND DISCUSSION 

The outcomes of the radiologists' tumor contour analysis have been displayed in Figure 6. Breast 

ultrasound images of two separate malignant tumors can be seen in Figure 6(a), while benign tumors can be 

seen in Figure 6(b). The actual reference image occupies the left side of the image, and also the real masking 

created by a qualified radiologist using the original image has been shown on the right side. 

 

 

    
(a) (b) 

 

Figure 6. Detections of samples (a) malignant tumor and (b) benign tumor 

 

 

The learning algorithm continuously reduced until the conclusion of 25K iterations, after 2.3K 

iterations. By including a total of 100 bounding boxes for every category, the largest amount of anchor boxes 

in regional proposal network (RPN) was set to 300, whereas in the outcome, it must be set to 200. A variety 

of blocks in the proposed IMFRCNN employ varying numbers of dilated layers using variable rates of 

dilation. Applying dilated layers using dilation rates that vary between 2 to 5. All variations' outcomes can be 

seen in Figure 7. 

 

 

 
 

Figure 7. Rate of learning 

 

 

Loss behavior in general indicates that the model progressively acquired better features for region 

suggestions. Ultimately, the proposed model's overall loss has been estimated and seems to be 0.15, as shown 

in Figure 8. The total loss was 0.52 after the first iteration and climbed to 0.7 after 7K iterations. The 

unpredictability of categorization, RPN objectless and localization loss up to 2.1K iterations seems to be the 

source of the overall loss's rising behavior. After 2.1K iterations, all losses dropped gradually, resulting in a 

reduction in the overall loss. It was found that the losses of the IMFRCNN dropped as the number of 

iterations increased, indicating that the proposed model learned more effectively as repeats were added. 

Typical object recognition algorithms have been honed for 25K steps in the same surroundings. All 

experimental models’ outcomes were contrasted with those of the proposed IMFRCNN. The proposed model 

outperformed the opposition regarding average accuracy. According to Table 1, the proposed method 

performed better for the average precision (AP) and mAP accuracy measures. 

The proposed model performs best for median memory when compared to existing conventional 

methods for identifying objects. The proposed framework performed the best at AP and mAP as shown in 

Table 2. When model allow identifying one object in a given image its mean recollection as AP.  
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Figure 8. The proposed model's overall loss of average accuracy 
 

 

Table 1. Comparison of the proposed and existing 

system accuracy 
Techniques Backbone AP mAP 

16 ResNet101 19.78 21.89 

18 EfficientNet 24 24.68 
21 ResNet101 16.62 18.00 

Proposed model Modified ResNet101 25.38 26.18 
 

Table 2. Comparison of the proposed models based 

on memory 
Techniques Backbone AP mAP 

16 ResNet101 14.5 47.5 

18 EfficientNet 15.6 37.8 
21 ResNet101 12.3 41.5 

Proposed model Modified ResNet101 15.6 52.5 
 

 
 

Outcomes from object detection models were presented as bounding boxes using class labels.  

Figure 9 displays the top 5 models' results. In predicted results, frames represent expected non-mitotic nuclei, 

while green bounding boxes represent projected mitotic nuclei. Due to the intricacy of the images, the object 

recognition performance of the model in histopathological images remains very low. The other causes of 

poor achievement were intra-class heterogeneity and inter-class homogeneity. The absence of tiny items, 

moreover, meant that the feature extractor's efficiency stayed poor. To prevent small items from vanishing, 

various numbers of dilated levels at different hierarchical levels with varied dilatation speeds were utilized. 

The best outcomes were finally obtained with 3 dilated layers with a dilatation frequency of 2. Three crucial 

parameters that aid the feature extractor seem to be the location of dilated layers and their rate of dilatation. 
 

 

 Image 1 Image 2 
Ground Truth 

  
CenterNet 

  
IMFRCNN 

  

 

Figure 9. Comparison of various models using actual data 
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The most advanced model for identifying tiny objects, including such mitotic and non-mitotic nuclei 

seems to be the IMFRCNN. Utilizing domain adaptability and multi-model features fusion would help the 

IMFRCNN perform better. When a model learns from image features to microscopic images, its performance 

suffers. The structural differences between normal and microscopic images seem to be the cause of inferior 

performance. Using weights that have already been trained in the same domain might improve performance. 

In the process of transferring weights, the model must first be trained on microscopic images. The feature 

extractor determines how well a model performs. The architecture of histopathology images was 

complicated, stand-alone pattern extractors might well have trouble extracting characteristics. A different 

approach to extracting rich features might therefore be to be using numerous models for extracting features. 

Implemented both a normal faster recurrent convolutional neural network (normal FRCNN) and a 

FRCNN alone to demonstrate the effectiveness of our unique two-stage top-down cascade multi-scale 

suggestion-generating technique. The effectiveness of our proposed model in comparison to the other two 

benchmark models can be seen in Table 2. The IMFRCNN algorithm was enhanced by our unique proposal 

network for regions. Our contribution raises the bar for computerized breast cancer prognosis, potentially 

moving it closer to clinical practice becoming entirely automated. Figure 10 shows the confusion matrix. 

 

 

   
 

Figure 10. Confusion matrix 

 

 

4. CONCLUSION 

To quickly and accurately identify mitotic figures in breast cancer histopathology pictures, 

researchers suggest a novel IMFRCNN structure. In comparison to the earlier proposed research, our findings 

highlight the strength of our proposed model. The highest accuracy to date was achieved by our proposed 

model, which had an F-score value of 0.955. To identify mitotic figures, our model utilizes the characteristics 

that were learned, demonstrating the superiority of learning features over characteristics that were created. 

Further studies for mitotic detection and counting using whole‑slide imaging (WSI) could be conducted. 

Similarly to this, a hybrid model might be added to the object segmentation model's foundation to extract 

better features and improve efficiency. 
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