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Abstract—Breast ultrasound is one of the most common 

clinical practices for imaging abnormalities in the breast. 

Many modalities for identifying the type of cancer that exist 

in detected lesions have been proposed. However, the goal 

to provide a more accurate identification of whether cancer 

exists or not and how problematic they appear, is yet to be 

achieved. There’s need to provide improved accuracy for 

the identification of breast cancer. Improved accuracy will 

enhance effective detection, leading to effective treatment. 

This paper integrates the efficiency of LightGBM algorithm 

and the effectiveness of XceptionCNN with Bayesian 

Optimization for the early detection of breast cancer from 

Ultrasound Images. The model was tested on 600 female 

patients between the ages of 25 and 75 years, with 780 

images. Performance evaluation based on the breast 

Ultrasound images shows that our model produced an 

improved accuracy of 99.6%, which outperforms other 

state of the art models. This improved accuracy shows that 

integrating LightGBM and XceptionCNN with Bayesian 

Optimization greatly improves Breast cancer detection and 

thereby greatly impacts on its treatment.    

Keywords— LightGBM, XceptionCNN, Breast Cancer Detection, 

Bayesian Optimization, Ultrasound Images. 

I. INTRODUCTION  

Over the years, breast ultrasound has proven to be a method 

for imaging palpable abnormalities in the breast, which 

distinguishes cystic from solid masses [1]. Therefore, it stands 

as a potential alternative to mammography, which describes the 

procedure for breast cancer detection in good time. In low-

resource countries, Ultrasound can be adopted because it is 

cheaper, cost-effective and has a broader scope of clinical use 

[2]. The goals of various imaging modalities are detection of 

breast cancer in good time and accurate assessment of lesions 

[3]. LightGBM applies a histogram-based methodology which 

partitions data into trunks using a histogram of the distribution. 

It increases model efficiency and saves memory. It has proven 

to be effective for malware and breast cancer detection [4][5].  

 The study by [6] used data augmentation to add to the size of 

the original dataset for improved learning of CNN models. Their 

Machine Leaning classifier achieved 99.1% accuracy on the 

Breast Ultrasound Image. In order to distinguish benign and 

malignant Breast Tumors in Ultrasound images, [7] used Deep 

Learning model to propose the Filer Network (NF-NET) model 

which achieved an accuracy of 73%, a precision of 69%, recall 

of 80% and 0.74 F1 score.  A study by [8] used image fusion 

method with ensemble CNN (VGGNet, ResNet, DenseNet) 

architecture on Breast Ultrasound Images. The model obtained 

94.62% accuracy, 90% precision and 91.14% F1 score. [9] 

developed a semi-supervised GAN model to augment the Breast 

Ultrasound Images. CNN was used to classify the synthesized 

Images. The model achieved 90.41% accuracy. Similarly, 

reference [10] combined Image decomposition and fusion 

techniques with adaptive spatial fusion technology to propose a 

reliable classification method for Breast Ultrasound Image 

tumor. The proposed model obtained 95.5% accuracy, 98% 

Precision, 94% recall and 96% F1-score. A study by [11] 

combined the effectiveness of LightGBM algorithm with 

efficiency of XceptionCNN model for efficient and effective 

malware detection using the malimg dataset. It was compared to 

other novel models on malware detection, the model achieved 

the best classification and training accuracy. However, the 

model was only tested on malware classification domain.  

In this paper, by taking advantage of the power of pre-trained 
CNN model for image feature extraction and Bayesian-
Optimization for tuning of hyper-parameters, with an additional 
Gradient Boosting (LightGBM) framework, we introduce a 
faster and more accurate approach for classifying Breast 
Ultrasound Images. 
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We organize the rest of the paper as follows: we discuss the 
methodology/technique used in section Two, the results of our 
experiment and its implication in section Three and summary 
with conclusions made based on our research objectives in 
section Four. 

II. METHODOLOGY 

A. Dataset 

We ran experiments on medical images of breast cancer 
using an Ultrasound Scan dataset. The dataset [12] examined in 
this study was collected in 2018. It’s at baseline and is freely 
accessible. The number of patients is 600 females between the 
ages of 25 and 75 years and contains 780 PNG images with an 
average image size of 500x500 pixels. The dataset is imbalanced 
and organized into three classes namely; normal (133), benign 
(487) and  malignant (210). However, each of these image 
classes also have the same number of segmented masked images 
associated with them. Fig. 1 shows the dataset distributions. 

 

 

 

 

 

 

 

 

B. Data Preprocessing  

The data was organized into two folders i.e Original and 

Mask, with each folder classified into the three classes. As 

shown in fig. 1, the actual scans of the dataset do not clearly 

show the identified lesions. The mask images make them 

obvious for cases where they exist. As part of our preprocessing 

pipeline, we normalized the images in the data folder using 

histogram equalization and overlapped them with their 

respective masks to produce another (preprocessed) image 

containing information about the breast scan and the lesions as 

shown in fig. 2. 

 

 

 

 

 

 

C. LightGBM   

As proposed by Microsoft [13], LightGBM is a powerful 

Gradient Boosting Decision Tree (GBDT) framework. The 

technique serves in Machine Learning models such as ranking 

and classification [14]. The framework operates leaf-wise 

splitting of the tree by using the best fit method. Leaf-wise 

splitting improves speed and decreases loss. When loss is 

reduced, improved accuracy can be obtained. In Fig. 3, we show 

the leaf-wise tree growth architecture of the LightGBM 

algorithm.  

 

 

 

 

 

 

 

 

Fig. 3: LightGBM Architecture [21] 

 

D. XceptionCNN Architecture 

 The Xception model was created from an 'extreme' 

interpretation of Google’s Inception model [15]. It is a linear 

stack of 36 independent convolution layers which makes use of 

depth-wise splitting technique and are connected together by 

residual connections. The network feature extraction is carried 

out by the layered stack. The 36 independent convolution layers 

are grouped into 14 modules, which are connected by linear 

residual connections, with the exception of the first and last 

modules [15]. 

 

E. Hybrid Modelling  

 

Fig. 4. Proposed model architecture  

As presented in fig.4, we overcame the challenge posed by 

insufficient dataset by implementing keras data generator 

approach [16], which created additional images from the 

existing preprocessed images by first rescaling, then creating 

shear-range images, and finally, generating both vertical and 

horizontal flipped images. This process generated additional 500 

images for each class. Secondly, we transformed the image 

dataset into numerical features by leveraging on the 

representational power of XceptionCNN pre-trained deep neural 

networks model [17]. The aim is to get the key information from 

the novel data and represent that information in a lower 

dimensionality space [18]. Finally, we adopted the LightGBM 

classifier for training because of how it speeds up training [19]. 

However, to achieve an accurate level of hyperparameters, we 
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Fig. 1. Vertical bar plot of the dataset distributions  

 
Fig. 2. Sample Data Transformation 

 

 



 

50 
 

made use of Bayesian Optimization, which is a more efficient 

hyperparameter tuning technique [20]. 

III. RESULTS AND DISCUSSION 

 Data augmentation resulted to a new data size of 2237 

images (normal: 620, benign: 925, malignant: 692). The data 

was further divided into 80% train set and 20% test set. Features 

of the trained data generated from Xception were fed into the 

LightGBM classification algorithm, producing a more accurate 

result across all classes. Table 1 shows the result of our 

experiment. The results from the confusion matrix of the 

LightGBM–XceptionCNN experiment revealed that the model 

achieved a very good true positive and true negative rates, with 

a low false positive and false negative rate as shown in Fig. 5. A 

total data point of 448 was obtained, which corresponds to the 

20% (test set) of the total dataset. 

 

 

 

 

 

 

 

 

 

       The performance of the LightGBM – XceptionCNN model 

based on sensitivity (recall), F1 score, balanced accuracy, and 

Precision were obtained using Eqn. (1) to (4) and are presented 

in Table 1.  

         Accuracy  =  
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑪𝒐𝒓𝒓𝒆𝒄𝒕 𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 

𝑻𝒐𝒕𝒂𝒍 𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 𝑴𝒂𝒅𝒆
 

           

Accuracy =  
TN+TP

TN+FP+TP+FN
  (1) 

Precision = 
TP

TP+FP
   (2) 

Recall =  
TP

TP+FN
   (3) 

F1 Score = 2 * 
Precision∗Recall

Precision + Recall
  (4) 

Where TN stands for True Negative, TP: True Positive, TN: 

True Negative, FN: False Negative.  

TABLE 1: PERFORMANCE OF LIGHTGBM – XCEPTIONCNN MODEL 

Metrics Value 

Accuracy 0.9955 

Recall 0.9958 

Precision 0.9955 

F1_Score 0.9955 

    

 Our hybrid LightGBM-XceptionCNN model with Bayesian 

Optimization for breast cancer detection using Ultrasound 

Images was measured using equ. (1) to equ. (4). From the 

outcome of the confusion matrix shown in fig. 2, the model 

achieved an accuracy of 0.9955, Recall of 0.9958, Precision of 

0.9955 and F1 Score of 0.9955. An Accuracy of 0.9955 implied 

that 99.6% instances of the model were correctly classified. 

Similarly, recall of 0.9958 implied that in 99.6% of actual 

malignant instances, the model was classified as malignant. A 

precision of 0.9955 shows that the model predicted 99.6% of 

malignant instances. Lastly, the F1-score of 0.9955 represents 

the model overall performance of 99.6%.  

 We compare the results in Table 1 to those obtained from 

recent and similar research with the same dataset. 

TABLE 2. COMPARISON WITH OTHER NOVEL TECHNIQUES 

Author Year Method Accuracy (%) 

Cao et al. [7] 2020 NF -- NET 73 . 0 

Pang et al. [9] 2021 CNN 90.41 

Moon et al. [8] 2020 CNN 

(VGGNet, 
ResNet, 

DenseNet) 

94.62 

Zhuang et al. [10] 2021 Fusion 

techniques 

95.48 

Kiran et al. [6] 2022 CNN 99.1 

Proposed (ours) 2023 LightGBM – 

XceptionCNN  
99.6 

 

 From the performance comparison presented in Table 2, our 

model has an improved accuracy of 99.6%, which outperformed 

the existing models for the detection of breast cancer using 

Ultrasound Images. This improvement may result in detecting 

breast cancer early, leading to early treatment. The strength of 

our approach was in combining the actual data with the masked 

image before pre-processing the data for the Machine Learning 

algorithm and adopting a bayesian Hyperparameter Optimizer 

which is known to be a powerful optimization approach. The 

overall improved performance accuracy will lead to early and 

accurate detection of breast cancer, which will reduce the 

number of early deaths. Breast Ultrasound images can produce 

great results when combined with machine learning.  

IV. CONCLUSION 

 We investigated the application of XceptionCNN and 

LightGBM algorithm with Bayesian optimization for early 

detection of breast cancer with Breast Ultrasound Images. We 

used XceptionCNN for feature extraction and LightGBM 

algorithm for training with Bayesian hyperparameter Optimizer 

for parameter tuning. Our model obtained an improved accuracy 

of 99.6% which significantly surpassed existing models for 

breast cancer detection as presented in Table 2. The model was 

tested on 600 female patients between the ages of 25 to 75 years 

Fig. 5. Confusion matrix 
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with about 780 images. The result shows that combining 

XceptionCNN with LightGBM algorithm produces a more 

accurate technique for the detection of breast cancer in good time 

from Ultrasound Images. It aids the detection of breast cancer 

accurately and in good time, thereby reducing the number of 

early mortalities. Breast Ultrasound images can produce great 

results when combined with Machine Learning.  
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