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Abstract: The evolution of Deep Learning (DL) enables the solutions for numerous real-time problems, including the 

finding of malignancies in the medical domain. The Convolutional Neural Network (CNN) delivers attractive and 

robust results in terms of classifying and detecting useful patterns from images that help radiology experts to detect 

Breast Cancer (BrC) very accurately and on time. A novel Multi-Output based DeepCNN model with parallel hyper-

parameter optimisation using Random Search and Bayesian Search methods is proposed in this study. The proposed 

model that not only classifies the Mammogram images as normal, benign, and malignant but also determines the 

location of tumors and malignancies with an optimised approach. The tuning of the hyper-parameters process 

involves two different stages and parallel tuning of classification and localisation of the proposed model. The first 

stage involves tuning hyper-parameters in hidden layers, namely the number of filters, learning rate, number of 

epochs, batch size, and hidden activation. The second stage of hyper-parameter tuning involves the dense and 

classification layers that include dropout rate, model optimiser, and output activation. Further, the performance of 

the proposed deepCNN model is compared with six state-of-art transfer learning models, DenseNet169, 

EfficientNetB4, InceptionV3, ResNet101V2, VGG19, and Xception. Finally, the results of all the models are evaluated 

using metrics such as precision, recall, F1 score, and IoU that show the proposed model achieves the best test 

accuracy rate of 96.39% and IoU accuracy of 84.41% using the Bayesian Search approach as compared with 

Random Search approach and pre-trained models with the same configuration. 

 

Keywords: deep learning, convolutional neural network, breast cancer, random search, bayesian search, 

mammogram images. 
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I. INTRODUCTION 

In 2020, the World Health Organization (WHO) announced that breast cancer cases exceeded lung cancer in 

terms of finding new cancer cases compared with 2.21 million lung cancer to 2.26 million breast cancer [1]. 

Early detection of breast cancer will save millions of lives, as well as the financial stability of their families is 

endangered. Breast cancer can occur in anyone with or without any underlying medical history or condition and 

usually has increased risk in women compared to men who inherit mutations to specific genes, such as BRCA1 

and BRCA2 [2, 3]. Tumors in Breast cancer are generally classified as benign and malignant [4]. In most cases, 

benign tumors are caused due to abnormalities of epithelium cells. They cannot grow further, but in some rare 

cases, they turn out to be cancerous and grow abnormally known as cancer [5]. Among the various screening 

techniques available to detect breast cancer, the mammogram imaging technique is quite easy to access and 

reliable worldwide. For each breast, mammography allows for the recording of two views: the mediolateral 

oblique (MLO) view, which is a side view, and the craniocaudal (CC) view, which is a top-to-bottom view, as 

shown in Figure 1a to Figure 1d. The modern era of Artificial Intelligence (AI) and the recurrent development of 

Machine Learning (ML) and deep learning algorithms provide solutions to many real-time problems that were 

unsolved previously, particularly in the medical domain. Some of the top algorithms like K-Nearest Neighbour 

(KNN), Support Vector Machine (SVM), Naïve Bayes (NB), Random Forest(RF), and Deep Convolutional 

Neural Networks (DCNN) produce the best performance on image classification and object detection problems 

[6]. However, DeepCNN gives the predominant performance compared to classical machine learning algorithms 

due to its ability to automatic feature extraction and learning of complex features in the huge volume of images. 

The architecture of the typical DeepCNN model is shown in Figure. 2. It contains the principle components of 

an input layer, output layer, and two or more hidden layers that are arranged in a three-dimensional shape 

(                  ). Subsequently, the hidden layers are made up of convolutional layers, different 

types of pooling layers, batch normalisation layers, dense layers, and finally end with, dropout layers as optional 

[7]. Together with this, the evolution of Transfer Learning [8] makes ImageNet types of DeepCNN classifiers 

more popular than any other machine learning algorithm for image classification tasks in all domains. Despite 

the success rate of TL and DeepCNN algorithms, Hyper-Parameter Optimisation (HPO) offers felicity to data 

scientists to adjust the vital learning parameters in various layers in the model, which improves the stability of 

the model and provides the finest result in almost all the time [9, 10].  

 

 

(a). Right-side CC                    (b). Left-side CC                             (c). Right-side MLO         (d). Left-side MLO  
 

Fig. 1. Craniocaudal(CC) and Mediolateral Oblique(MLO) views of Breast Mammogram 
 

In the past few years, many researchers proposed classical machine learning models as well as various deep 

learning models to classify the different types of images that diverge from natural images to medical images. 

The requirement of TL and DeepCNN model is crucial for many fields. The authors of [11] presented work on 

multi-class breast cancer classification using both ML and DL methods, employed a histopathological image 

dataset for their breast cancer classification task, and three transfer learning models, VGG16, VGG19, and 

ResNet50, achieved an accuracy rate above with 93% in all three models. The development of TL not only 

saves the developer’s implementation time but also allows for finding the best solutions for any uncovered 

domains that do not require knowledge in TL. The authors of [12] implemented the VGG16 and GoogleLeNet 

models for the Crop types mapping process using Malawi and Mozambique crops datasets, which gives a decent 

amount of accuracy rate of 83% for the Malawi dataset and 90% for the Mozambique dataset. The authors of 
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[13] performed to find the Return Oriented Programming (ROP) based cyberattacks in computer chips using the 

CNN-based DeepReturn model and RNN-based DeepVSA models that attain a high ROP detection rate of 

95.2% with a minimal error rate of 0.29%. The authors of [14] established to build four distinct DeepCNN 

models based on the ensemble techniques to classify breast cancer using two TL models such as VGG16 and 

VGG19. The authors also used a hyper-parameter optimisation process to optimise the learning rate and batch 

size of the models to improve the performance of the model. Finally, the authors got an average accuracy rate of 

93.51% for fully trained VGG16 with VGG19 models and 95.29% for fine-tuned VGG16 with VGG19 models. 

The flexibility of TL is very high from using a minimal volume of data and adjusting the configuration of the 

model structure up to every single parameter in the hidden layers. The authors of [15] published drug response 

prediction in treated and untreated liver cancer cells using ResNet101 based customised model. They retrained 

only the last three layers of the model and got the accuracy values. Their proposed model achieved 97.5% 

accuracy when compared to non-retrained models ResNet18 and InsecptionV3. Most of the researchers applied 

DeepCNN and TL models only for the classification problem, while few of them had performed object 

localisation using DeepCNN. The author of [16] provided a special learning approach to the customised 

DeepCNN model that was specially built for moving object tracking and localisation using natural image 

datasets. The author used the Center Point Matrix (CPM ) and Region of Interest (ROI) to fix the object in the 

input images. But due to the complexity of finding and localising the objects in the input images (frames), 

finally, the author claims that the proposed model does not perform well as expected and does not provide the 

result metrics in the numerical format.  

 

 
Fig. 2. Typical architecture of DeepCNN Model 

 

Based on the understanding of various authors’ works and their implementation nature of TL and 

DeepCNN models, Few researchers only tried the three class modes normal, benign, and malignant; and the 

majority of them only used those strategies to categorise breast cancer in binary form. Additionally, we note 

from earlier studies that only a small number of researchers employ the DeepCNN model alone in conjunction 

with the localization feature for object categorization. However, due to the complexity of medical images, 

particularly mammogram images, none of them are capable of handling breast cancer or any other type of 

medical image data. The following contributions are made in this study to attempt to close these gaps in the 

field: 

i.) To develop a novel Multi-Output DeepCNN model (MODCNN) for tumor localization and breast cancer 

classification as Normal, Benign, and Malignant classes. 

ii.) To use Bayesian search and Random search to implement parallel hyper-parameter tweaking on the suggested 

model. 

iii.) Using the six cutting-edge Transfer Learning models DenseNet169, EfficientNetB4, InceptionV3, 

ResNet101V2, and Xception, apply the same suggested methodology. 

 

II. METHODS AND MATERIALS 

A. Dataset and Data Augmentation 

Two datasets, the well-known standard INBreast [17] and the recently developed Categorised Digital 

Database for Low Energy and Subtracted Contrast Enhanced Spectral Mammography (CDD-CESM) [18] that 

implements Contrast-enhanced spectral mammography imaging modality are used in this study to identify early 

breast cancer and localise the tumour (benign, malignant) portion in the mammogram image. These two datasets 

are well organised and follow the breast cancer imaging standards such as Breast Imaging-Reporting and Data 

System (BI-RADS) [19] and the American College of Radiology (ACR) [20]. Mammogram images are 
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generally classified based on the BI-RADS standard that the assessment carried out by the radiology expert. 

Here, the INBreast dataset is utilised for model testing, and CDD-CESM is used for the model training process. 

The second dataset CDD-CESM contains a total of 2006 images, which includes 1003 images in the Low 

Energy modality and 1003 images in Subtracted Energy modality from 326 women patients. Among them, the 

1003 Low Energy images are only considered for this study due to the data commonality that matches with the 

INBreast dataset. The implementation of Image classification or localisation using DL may require a huge 

volume of data and may be crucial to attaining a high accuracy rate, but the implementation of various data 

augmentation techniques, such as Shearing, Zooming, and random erasing, may lead to poor performance of the 

model due to the nature of medical images, especially the mammogram images [21, 22]. Also, the problem of 

localisation makes it a very challenging task too to maintain the pixel coordinates in the images. Image flipping 

(Horizontal) and contrast enhancement may be employed and best suited for both scenarios to increase the 

volume of the image and fix the object location within the specified pixel coordinates. The data augmentation 

techniques implemented in this study are shown in Table 1. The total number of images available in the 

INBreast dataset is 410, from 115 patients. Initially, all the images in the INBreast dataset are de-categorised as 

per their BI-RADS classes from class 0 to class 6 as Normal, Benign, and Malignant. After de-categorised all 

410 images, 272 images are included for the testing process from class 1(Normal – 65 images), class 2(Benign – 

224 images), class 4c(suspicion for malignancy – 23 images), class 5 (probably Malignant – 46 images), and 6 

(Biopsy proven Malignant – 8 images). In CDD-CESM, all 1003 images are involved in the augmentation 

process.  

 
TABLE I 

DATA AUGMENTATION ON INBREAST AND CDD-CESM DATASETS 

 
Dataset Name CDD-CESM INBreast 

Class No. of Images No. of Images 

Original Image Distribution 

Normal (N) 341 65 

Benign (B) 331 130 (224 – 94) 

Malignant (M) 331    77 (23 + 46 + 8) 

Total Images Before Augmentation  N + B + M 1,003 272 

Horizontal Flipping  

N 682 130 

B 662 130 

M 662 130 

Contrast Enhancement using CLAHE 

 

N 1,170 Not Implemented 

B 1,170 Not Implemented 

M 1,170 Not Implemented 

Total Images After Augmentation  N + B + M 3,510 390 

 

B. Data pre-processing 

In any image classification, object detection, or object localisation task, pre-processing plays a vital role 

that enables the desired model to become a more robust and reliable one [23]. Here, augmenting the data volume 

from 1,275 images to 3,900 images is a reasonably good incrementation; even though the total number of 

images is arguably low but the model structure and complexity are based on the data availability, and that 

should maintain the robustness as a top priority. There are three pre-processing techniques applied to the 

training set images, which are: image resizing, noise removal, and removal of pectoral breast muscle, which is a 

very important pre-process in breast mammogram image-based tasks [24, 25]. Once the necessary number of 

images have been obtained by using image augmentation methods, then the removal of breast pectoral muscle 

operation is performed by Fusion-based Graywolf and Particle Swarm-based U-Net process, and that should be 

done both on CDD-CESM and INBreast datasets. After the removal of the pectoral breast muscle, the removal 

of Poisson and Speckle noises was performed on all the images. Particularly mammogram images are more 

prone to these kinds of noise compared to Gaussian and Salt and pepper types of noises due to the image 

acquisition process and imperfections of the imaging system design techniques [26, 27]. The genetic algorithm 

(GA) [28] based denoise autoencoder technique was employed to remove the poison and speckle noises with 

high PSNR values of 39.43 against the Poisson noise and 37.91 against the Speckle noise. Before the conversion 

from RGB to Grayscale mode, resize process should be performed on all the images. The DeepCNN model that 

performs only Classification may have more freedom interms of image resizing as compared to the model that 

aims to build image classification with an image object localisation feature. Object localisation is regression 

kind of task that defines the objects in an image using bounding-box concept [29]. 

In this study, we limit the number of objects in an image to one for the image localisation problem. Define a 

single object (tumor) in the image, known as single-object localization [30], because of the availability of tumor 

regions in train-test image datasets that naturally prevent the redundancy of an object in the same image and 
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same position, particularly for the medical image object localisation [31]. Each image in the CDD-CESM 

dataset has an average image size of 2355 × 1315 in height and width, but the INBreast dataset that is varying 

image sizes from one image to another. All the images that have benign and malignant tumors in those regions 

through bounding box coordinates are defined in x-min, y-min, x-max, and y-max format. In addition, the 

images that fall under the normal class have simply defined these four coordinates as zeros to indicate the 

images do not have any objects in particular. Initially, the tumor coordinates are defined in all benign and 

malignant class images to maintain their original size. Once all images are defined with their tumor localisation 

bounding box along with the class label, the original images are augmented with images using the imgaug and 

resized to 1024 x 1024. All the images are converted to RGB to Grayscale mode, converting the class labels to 

one-hot encode method, and all bounding boxes are rescaled from 0 to 1, which is more flexible to handle the 

data for regression problems. Finally, the datasets are going to be split in the train-test-validation form and 

maintain the ratio of 70% for training, 20% for validation, and 10% for testing. INBreast may separately 

maintain for testing, and CDD-CESM makes train-validation samples using 5-fold cross-validation. Figure 3a to 

3g shows the results of the images with all the pre-processing techniques mentioned above. 

 

(a)                           (b)                           (c)                        (d)                         (e)                            (f)                     (g) 
 

 

Fig. 3. Implemented pre-processing techniques on Image samples 

 

Figure 3a in the above-mentioned image sample displays an actual MLO image from the CEE-CESM 

dataset. The pectoral region removal is shown in Figure 3b, noise eliminated image is shown in Figure 3c, 

flipping and contrast enhancements have been applied images are shown in Figures 3d and 3e, and bounding 

boxes have been fixed for the tumor region images are shown in Figures 3f and 3g. 

 

C. Multi Output-based DeepCNN Model  

The proposed architecture of the Multi-Output DeepCNN model (MODCNN) builds to perform the dual task 

for breast cancer classification based on the image label and tumor localisation based on regression bounding 

box prediction using Keras Application Programming Interface (API) shown in Figure 4. Keras is a top-level 

API on TensorFlow that is used to build various types of Deep Learning Neural Network (DNN) models, 

allowing the model’s developer to do so quickly and with greater flexibility [32]. Among various available API 

types in Keras, the Sequential API is implemented in a wide range of domain problems, and it consists of layers 

that have been arranged in a stack-like structure; the inputs and outputs are passed between the layers in 

sequential order [33]. The sequential model is so easy to build, but the model provides less flexibility to the 

developer in any structural adjustments [34]. The Functional API model, in comparison, offers greater flexibility 

in creating and deploying more reliable models. The proposed Multi-Output DeepCNN model has been 

implemented as a functional model. The model starts the initial sequential type of layers for feature extractions 

and maximisation and two parallel sets of layer branches from the dense layers level, one for classification and 

another for localisation. Figure 4 shows the architectural design of the proposed model that implements using 

the Bayesian Search [35] hyper-parameter optimisation method, which outperforms the other implemented 

hyper-parameter tuning method called Random Search optimisation [36]. The proposed model receives its 

inputs in 1024 × 1024 × 1 dimensions, followed by seven consecutive convolutional 2D layers and Maxpooling 

2D layers for feature extraction and feature maximisation. Each 2D convolutional layer is fixed by its hyper-

parameters separately with a selection of the different number of filters that varies from 8 to 512 and with fixed 

kernel size, which is 3 × 3. Every convolutional layer in the model has Rectified Linear Unit (ReLU) family-
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based activation functions that are used for hidden layer activations which are chosen by the hyper-parameter 

tuning algorithms and pick the best one on the tuning process. Apart from the feature extraction part, the model 

is designed with two parallel dense layer branches, one for Classification and another one for object localisation 

at the bottom of the model. Both dense layers have different levels of layer depth. For dense classification, the 

branch consists of two fully connected layers with 128 and 64 calculation units and has one dropout unit 

followed by another fully connected layer. As in the dense localisation branch, it adds one more fully connected 

layer in the processing of the prediction of bounding box coordinates in mammogram images.  

 

 
Fig. 4. The Proposed Multi-Output Deep CNN Model 

 

D. Hyper-parameter optimisation for Multi-Output DeepCNN Model  

The Hyper-parameter is a set of parameters or attributes that should involve in every deep learning model 

that need to be manually defined and cannot be controlled by the training data itself [37]. Hyper-parameter plays 

a vital role in the success of the deep learning model for providing optimum results most of the time. Finding an 

ideal value for the hyper-parameters improves the efficiency and yields a better result for the model because 

they dictate the model complexity, learnability, and rate of convergence for model parameters. In the proposed 

Multi-Output DeepCNN model, the tuning of the hyper-parameter is performed in two stages feature extraction 

level and classification and prediction level in dense layers. Table 2 shows the configuration of hyper-

parameters that are involved in the proposed model, and as mentioned in the previous section, the entire model 

uses Random search and Bayesian search methods for hyper-parameter optimisation. The total number of trials 

performed to find the best hyper-parameter is 5, each trial was executed and found its best hyper-parameters 

separately, and the best trial is considered as the proposed one. The number of filters in the proposed model, in 

each convolution layer, is optimised and fixes the number of filters that varies from 16 to 128. Likewise, with 
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the availability of activation functions in hyper-parameter space, each convolutional layer founds its best-suited 

activation function also. Most of the hidden layers are settled with ReLU as a hidden activation function, except 

the third and fifth convolutional layers picked differently. The Leaky ReLU is chosen as the activation function 

for those two hidden layers. Batch size is another important hyper-parameter that defines the number of samples 

involved in the training process at the moment of the models’ training algorithm. Based on the availability of the 

image samples and the learning rate selected by the search algorithm, the batch size is fixed. 60 is the selected 

batch size of the proposed model that randomly selects the samples from the training pool. Apart from the 

feature extraction part, the model is designed with two parallel arrangments of dense layers, one for 

classification and another one for object localisation. Both dense layers are executed and find their hyper-

parameters with the implementation of two different functions for each and end with classifying the input image 

based on its class label in the classification layer and fixing the tumor location based on the prediction of 

bounding box coordinate points in the regression layer. The three hyper-parameters, namely the dropout rate, 

model optimiser, and output activations, are going to be selected at this level. The range of dropout rates for 

both classification and localisation is universally set from 0 to 0.5 of the total nodes available at the current 

dense layer. In the classification branch, there is only one dropout is present, and it fixes at the rate of 0.2, 

whereas in the localisation part, two dropouts are present and fix both at 0.3 rates. For model optimisation, the 

Adam optimiser is selected for both classification and localisation. Finally, due to the limited availability of the 

multi-class output activations, SoftMax was selected as a classifier for breast cancer classification based on the 

image label, and Sigmoid activation was selected for the prediction of Tumor Bounding Box coordinates. The 

overall architecture of the proposed Multi-Output DeepCNN is shown in Figure 5.    

 
TABLE  II  

 HYPER-PARAMETERS CONFIGURATION FOR RANDOM SEARCH AND BAYESIAN SEARCH 

Level of 

Optimisation 

Name of the  

Hyper-parameter 

Range of the Hyperparameter 

in Random Search 

Range of the Hyperparameter 

in Bayesian Search 

Hidden Layers 

Number of Filters 8 to 512 8 to 512 

Learning Rate 0.001, to 0.0000001 0.001, to 0.0000001 

Number of Epochs 10 to 500 10 to 500 

Batch Size 8 to 128 8 to 128 

Hidden Activation ReLU, LReLU, GReLU, PReLU ReLU, LReLU, GReLU, PReLU 

Dense and 

Classification layers 

Dropout Rate 0 to 0.5 0 to 0.5 

Model Optimiser 
SGD, Adam, AdaDelta,  

AdaGard, RmsProp 

SGD, Adam, AdaDelta,  

AdaGard, RmsProp 

Output Activation SoftMax, Sigmoid Linear, Sigmoid 

 
Fig. 5. Architecture of Breast Cancer Classification and Tumor Localisation Model 
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Both the configuration of Random search and Bayesian search hyper-parameter space mentioned in Table 2 

is set equally due to an unbiased chance to find the best hyper-parameters of the proposed model. Additionally, 

the Early Stopping training monitor is set to only the classification section with three no-improvement iterations. 

Once the model has been fixed with its best hyper-parameters both in terms of classification and tumor 

localization, the final Multi-Output DeepCNN model is saved and ready to test the new unseen INBreast dataset 

samples. Consistently, the pre-trained models, DenseNet169, EfficientNetB4, InceptionV3, ResNet101V2, 

VGG19, and Xception, are configured with the same hyper-parameter range and methods to compare the 

performance of the proposed model to find the overall best model among the all. 

 

III. EXPERIMENTAL RESULTS 

The proposed Multi-Output DeepCNN model explained in the previous section was implemented in Google 

Colab with Free GPU selection. All Pre-trained models such as DenseNet169, EfficientNetB4, InceptionV3, 

ResNet101V2, VGG19, and Xception, with pre-processing techniques, including the removal of the Pectoral 

breast muscle, noise removal process, and augmentation, were implemented. The Evaluation metrics are 

methods that are applied to validate or qualify the performance of the DL models [38]. In the evaluation of the 

proposed model along with pre-trained models, we employed various types of evaluation metrics, mainly for the 

classification process. The metrics such as accuracy, precision, recall, and F-Score are calculated using the 

following formulas: 

          
     

          
         (1) 

 

                
  

     
         (2) 

        
  

     
       (3) 

 

          
                 

                 
     (4) 

Moreover, the Confusion Matrix has been constructed to validate the model performance on INBreast test 

data. Further, the evaluation process of the object localisation, Intersection over Union (IoU), and IoU Loss 

metrics have implemented the prediction of the Bounding box of the tumor portion using Equations 5 and 6 

respectively. 

 

     
               

             
            (5) 

 

                   (6) 

 

IV. Results of the Multi-Output DeepCNN Model 

The obtained results from the proposed Multi-Output DeepCNN using Random search and Bayesian search 

methods are shown in Table 3, and the best hyper-parameters selected using these techniques are presented in 

Table 4. The results of accuracy, loss for classification, and IoU, IoU loss of localisation are shown in Figure 6 

to Figure 9.  
TABLE III  

PERFORMANCE EVALUATION OF PROPOSED MODEL USING RANDOM SEARCH AND BAYESIAN SEARCH 

Performance Measures MODCNN Random Search MODCNN Bayesian Search 

Validation Accuracy 93.88 % 95.42 % 

Test Accuracy 94.69 % 96.39 % 

Validation Loss   0.39    0.29  

Test Loss   0.31   0.22  

Precision 93.90 % 96.12 % 

Recall 93. 85 % 96.25 %  

F-Score 93.90 % 96.15 % 

Validation IoU 78.66 % 81.90 % 

Test IoU 80.32 % 84.41 % 

Validation IoU Loss   0.39    0.25  

Test IoU Loss   0.34    0.19  
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Fig. 6. Accuracy rate of MODCNN using Bayesiyan Method                          Fig. 7. Loss rate of MODCNN using Bayesiyan Method 

 
TABLE  IV 

SELECTION OF BEST HYPER-PARAMETERS USING RANDOM SEARCH AND BAYESIAN SEARCH 

Hyper-parameters 
Best HPO value using MODCNN  

Random Search 

Best HPO value using MODCNN  

Bayesian Search 

No. of Filters 16, 32, 64 and 128 32, 64, 128 

Learning Rate 0.00017 0.00012 

No. of Epochs 89 59 

Batch Size 38 60 

Hidden Activation GReLU ReLU 

Dropout Rate 0.2 (classification), 0.2, 0.3 (localisation) 0.2 (classification), 0.3, 0.3 (localisation) 

Model Optimiser 
Adam (classification), AdaDelta 

(localisation) 
Adam (classification), Adam (localisation) 

Output Activation 
SoftMax(classification), 

Sigmoid(localisation) 

SoftMax(classification), 

Sigmoid(localisation) 

 

         Fig. 8. IoU rate of MODCNN using Bayesiyan Method      Fig. 9. IoU Loss rate of MODCNN using Bayesiyan Method 

 

From the above Tables 3 and 4, the performance of classification, localisation, and selection of hyper-

parameters of the proposed model is displayed. The implementation of both the Random and Bayesian search 

methods gives the best-fine-tuned hyper-parameters to the proposed model of their own. But, compared to 

Random search, Bayesian search gives better results in terms of validation accuracy and test accuracy. The 

model produces 93.88% validation accuracy using the random search method, but this accuracy is significantly 

increased up to 95.42% when applying the bayesiyan method. Also, the performance of test data shows the same 

result pattern of 94.69% when applied a random search method and 96.39 % for the bayesian method produces 

superior performance for classification, as shown in Figure 10, with the Confusion Matrix format. Subsequently, 
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the model utilises the Bayesian hyper-parameter method, producing a better IoU and IoU loss of 84.41% and 

0.20 for the tumor localisation task as compared to random search produces only 80.30% and 0.34 IoU and IoU 

loss shown in Figure 11 to 13. But overall, both techniques perform well in the classification task as compared 

to the localisation task due to the nature of the distribution features of mammogram images.  

A. Results of Pre-trained Models 

Apart from the proposed Multi-Output DeepCNN model being built for breast cancer classification and 

tumor localisation, six state-of-the-art Pre-trained models are also implemented in the same datasets with the 

same hyper-parameters configuration. All six pre-trained models have utilised the original architectures of their 

own and frozen their layers in the lower level up to the final pooling layers and added the customised parallel 

layers, one for breast cancer classification and another for tumor localisation in the model’s dense and 

classification layers level. In the second stage of the hyper-parameter tuning process, all six pre-trained models 

are tuned only to the Dropout level, Model Optimiser, and Output Activations due to the frozen bottom-level 

feature extraction layers. Tables 5 to 8 show the implementation results of the CDD-CESM and INBreast data 

on all six pre-trained models for the classification and localisation process using both Random and Bayesiyan 

search methods, and Figures 14 to 17 show the overall comparison of the performance of all the models and 

methods we implemented.  

  
Fig. 10. The Proposed Multi-Output DeepCNN Model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 11. Original Pre-processed Mammogram Images 
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Fig. 12. Original Pre-processed Mammogram Images with Ground truth Bounding Box 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 13. Bounding Box Precited Images using Multi-Output DeepCNN Model Tumor Classification with Localisation 

 

 
TABLE V  

RESULTS OF PERFORMANCE MEASURES ON PRE-TRAINED MODELS (RANDOM SEARCH METHOD) 

Performance Measures DenseNet169 EfficientNetB4 InceptionV3 ResNet101V2 VGG19 Xception 

Validation Accuracy 83.11 % 90.79 % 89.68 % 88.76 %  80.27 % 90.89 % 

Test Accuracy 84.91 % 92.38 % 90.65 % 89.87 % 81.89 % 92.47 % 

Validation Loss  0.46   0.40   0.41   0.45   0.52   0.39  

Test Loss  0.40   0.31   0.34    0.36   0.45   0.32   

Precision 82.80 % 90.71 % 90.00 % 89.10 % 81.60 % 91.97 % 

Recall 82.90 % 91.05 % 90.03 % 89.03 % 81.34 % 91.05 % 

F-Score 82.83 % 90.90 % 89.98 % 89.91 % 81.54 % 91.78 % 

Validation IoU 72.88 % 79.37 % 77.67 % 74.39 % 63.80% 79.10 % 

Test IoU 73.57 % 80.21 % 78.59 % 75. 11% 65.01 % 79.89 % 

Validation IoU Loss 0.57 0.38 0.46 0.50 0.66 0.41 

Test IoU Loss 0.53 0.32 0.40  0.44 0.61 0.35 

     
TABLE VI  

RESULTS OF PERFORMANCE MEASURES ON PRE-TRAINED MODELS (BAYESIYAN SEARCH METHOD) 

Performance Measures DenseNet169 EfficientNetB4 InceptionV3 ResNet101V2 VGG19 Xception 

Validation Accuracy 87.68 % 94.21 % 92.83 % 90.36 % 84.89 % 94.56 % 

Test Accuracy 89.57 % 94.94 % 93.21 % 91.13 % 86.28 % 95.97 % 

Validation Loss 0.38 0.27 0.30 0.34 0.43 0.29 

Test Loss 0.32 0.23 0.25 0.29 0.37 0.21 

Precision 87.30 % 94.11 % 92.60 % 90.10 % 83.90 % 94.35 % 

Recall 89.30 % 94.76 % 93.05 % 91.03 % 86.14 % 95.67 % 

F-Score 89.23 % 94.60 % 93.05 % 90.98 % 86.14 % 95.25 % 

Validation IoU 80.67 % 81.80 % 78.69 % 77.30 % 71.96 % 82.50 % 

Test IoU 81.54 % 82.62 % 79.88 %  78.38 % 72.75 % 83.76 % 

Validation IoU Loss 0.48 0.34 0.35 0.37 0.57 0.32 

Test IoU Loss 0.41 0.27 0.27 0.30 0.49 0.26 
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TABLE VII 

 RESULTS OF HYPER-PARAMETERS TUNING ON PRE-TRAINED MODELS (RANDOM SEARCH METHOD) 

Hyper-parameters DenseNet169 EfficientNetB4 InceptionV3 ResNet101V2 VGG19 Xception 

Dropout Rate 0.1, 0.2 0.2, 0.2 0.1, 0.3 0.1, 0.1 0.2, 0.2 0.1, 0.2 

Model Optimiser Adam Adam AdaGard Adam Adam AdaDelta 

Output Activation 
SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax 

(C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

 
  TABLE VIII  

RESULTS OF HYPER-PARAMETERS TUNING ON PRE-TRAINED MODELS (BAYESIYAN SEARCH METHOD) 

Hyper-parameters DenseNet169 EfficientNetB4 InceptionV3 ResNet101V2 VGG19 Xception 

Dropout Rate 0.1, 0.1 0.1, 0.2 0.1, 0.2 0.2, 0.1 0.2, 0.2 0.2, 0.2 

Model Optimiser Adam AdaDelta Adam Adam AdaDelta Adam 

Output Activation 
SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

SoftMax 

(C) 

Sigmoid (L) 

SoftMax (C) 

Sigmoid (L) 

 

               Fig. 14. Accuracy, IoU of Pre-trained Models                           Fig. 15. Accuracy, IoU of Pre-trained Models  

                     using Random search optimisation                                                   using Bayesiyan search optimisation 

 
      

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

 

 

 
Fig. 16. Acc.Loss, IoU Loss of Pre-trained Models                                 Fig. 17. Acc.Loss, IoU Loss of Pre-trained Models  

                     using Random search optimisation                                                using Bayesiyan search optimisation                                                   

 

The above figures show the comparison of all six pre-trained models’ performance against each other's test 

accuracy, IoU Accuracy, test losses, and IoU losses. From these results, the Xception pre-trained model 

outperforms all other models with 95.97% of accuracy and 0.21 loss. While EfficientNetB4 also performs well 

and is very close to the accuracy and loss values of Xception model results with 94.94% and 0.23 loss. Also, in 

the tumor localisation process, Xception pre-train model shows better IoU accuracy and IoU loss values with 
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83.76 % and 0.26, followed by EfficientNetB4, which produces 82.62% and 0.27 loss. Notably, in the tumor 

localisation process, the Random search implemented EfficientNetB4 pre-trained model outperformed compared 

to Xception model with a very small difference in values, 79.37% against 79.10% and 0.38 against 0.41 in terms 

of loss. Furthermore, the proposed Multi-Output DeepCNN model with Bayesiyan hyper-parameter optimisation 

outperforms both the random search implemented proposed model and all six pre-trained models that classify 

breast cancer that with tumor localisation with a high classification accuracy rate and IoU accuracy rate of 

96.39% and 84.41% with a minimal amount of losses 0.22 and 0.19 for model loss and IoU loss respectively. 

 

V. CONCLUSION 

The Exponential growth of Computer Vision is an essential need for solving various real-time problems the 

human community is facing in the current era. Medical domain, particularly in radiology, deep learning-based 

CNN models are leading to providing reliable solutions for finding various types of cancers, including breast 

cancer. In this study, a Multi-Output based Deep Convolutional Neural Network Model was presented that not 

only classifies the breast cancer from the mammogram images but also localises the tumor portion in the 

mammogram images too. The problem of solving classification with localisation using the CNN model is 

always complex to achieve high performance, especially using medical images. However, the proposed model 

with the bayesiyan hyper-parameter optimisation method exhibits better performance as compared to random 

search optimisation and implementation of various pre-trained models such as DenseNet169, EfficientNetB4, 

InceptionV3, ResNet101V2, VGG19, and Xception with 96. 39% of classification test accuracy and 84.41 % 

localisation IoU accuracy.  
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