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Abstract— Screening mammography has been clinically practiced 
as a common method for monitoring any potential breast diseases, 
especially in denser breasts among women. The advancement in 
medical imaging technology proved that the integration of 
artificial intelligence had given a significant impact on the breast 
screening process. However, due to various demographic patient 
backgrounds in clinical profile and non-standardized 
configurations of the developed intelligence models, such 
application is incapable of being applied by a health practitioner. 
Commonly, the deep learning method trained on a single network 
classifier has resulted in lower performance accuracy. With the 
motivation to improve the performance of classifying the dense 
breast, this paper proposes an improved classification model using 
deep learning approach of Convolutional Neural Network (CNN) 
and Support Vector Machine (SVM) employed on different sets of 
publicly established mammogram images of craniocaudal (CC) 
and medio-lateral (MLO) views. In this study, pre-trained CNN 
models, namely GoogleNet, ResNet50, ResNet101 and AlexNet, are 
used with SVM as a classifier. The proposed method for the 
classification of breast density region is superior to the existing 
methods as indicated from model performance quantitative results 
of accuracy, precision and area under the curve (AUC) of its 
receiver operating characteristic (ROC) curves. Significant 
improvement in model performance has been obtained using 
ResNet50 and GoogleNet with SVM classifier with > 94% 
accuracy and AUC > 0.95. Furthermore, the model is proved to 
have good feature extraction capabilities to work for various 
breast density images that can be further explored into detecting 
malignancy from screening mammogram images.  

Index Terms— Breast density, convolutional neural network, 
deep learning, support vector machine, mammogram, transfer 
learning.  

I. INTRODUCTION

REAST-related diseases are often associated with the 
presence of malignant cells, which is prevalent in breast 

cancer cases, especially among women aged 40 and above [1]. 
In conjunction, screening mammography has become the gold 
standard as an initial screening method for breast cancer 
detection introduced in the 1970s [2] for early cancer detection 
to improve breast cancer mortality rate over the years [3]. 
Related to breast cancer occurrence, breast density is one of the 
risk factors physicians assess during mammogram screening 
and reporting. It is associated with a higher risk of having 
malignant lesions [4]. In addition, many worldwide countries 
have made it mandatory to report breast density levels in the 
patient’s mammogram report, and the patients must be notified 
of any necessary further clinical actions [5]. Although high-
density breasts tend to be seen but not limited to younger 
patients and have lower chances of developing malignant 
tumors [6], awareness among women motivate them to seek 
specialist services of finding out the breasts’ health status 
through screening mammograms, especially those with a family 
history of cancer. As clinically practiced, an ultrasound (US) or 
3D mammogram of Digital Breast Tomosynthesis (DBT) is 
commonly recommended by health professionals to 
complement screening mammograms for denser breasts since it 
obscure abnormalities within the fibroglandular breast region, 
which  is visually difficult to make the clinical diagnosis [4], 
[5].  

The Breast Imaging-Reporting and Data System (BI-RADS) 
introduced by the American College of Radiology (ACR) is 
commonly used for scoring [7] that categorized the lesion types 
such as masses and calcifications. Other attributes, including 
architectural distortion and breast density to associate final 
findings, were also concluded in a mammogram report [6]. The 
increased risk associated with dense breasts is approximately 
1.6 to 2.2-fold, according to studies conducted in which single 
or multiple radiologists measured BI-RADS in a controlled 
manner [8] during the reporting process.  

The reporting process is often interpreted differently that 
prone to biasing among different inter and intra-rater observers, 
including misdiagnosis. For example, in a nested case-
controlled study of breast cancer patients, 75% showed the 
increased risk of developing cancer with cases that went 
unnoticed on screening mammography [9]. This is because the 
breast lesions visually have the same image intensity as the 
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surrounding fibroglandular tissues in the images were obscured 
by overlaying of morphologically similar surrounding 
fibrograndular tissues, where masking has been linked to lower 
detection rates in denser breasts [10]. Additionally, as shown in 
Figure 1, classifying breast density level is especially difficult 
among fibroglandular tissue density (b), and the presence of 
abnormality in the dense region (c) could also alter the 
judgment between inter-rater observers [11]. 

The growth of artificial intelligence (AI) in general has 
prompted researchers to investigate its application in medical 
imaging as a means of assisting tools in doing tedious and 
repetitive tasks to assist or at least at par with the function of an 
actual radiologist. To improve this, works on stages are made 
to create personalized breast assessments for different patients, 
such as automatically recognizing the prevalence of breast 
cancer gene-mutations and breast density level. Moreover, the 
development of computer-aided detection (CAD) system that 
implements deep learning as a subset of AI has been performed 
and integrated the algorithm in mammograms, especially in 
detecting cancer through various methods [11]–[15]. For 
example, a recent study conducted by [14] has employed 
mammogram images in their proposed model to detect cancer 
cases amongst UK and US patients. The result of the study has 
proved to reveal a lower false detection rate of human rater by 
5.7% [14]. Nevertheless, breast density level is proven to be a 
major risk contributing to the presence of cancer through risk 
assessment studies by [16], [17] along with less developed 
density classification model developed according to specific 
demographics and limited manufacturer’s images during 
training [7], [18].  

Motivated by this, our goal is to propose a deep learning 
model that automatically learns features of density regions in 
mammograms and classifies them into non-dense and dense 
categories of breast mammograms. Finally, it will be tested on 
other manufacturer images. The features are extracted using 
several state-of-the-art pre-trained Convolutional Neural 
Network (CNN) models for comparison by employing the 

transfer learning method. The improvement of the model 
includes the implementation of the Support Vector Machine 
(SVM) as a classifier and is assessed through several model 
evaluation matrices. Furthermore, to assess the problem of 
generalizability caused by training using a single 
manufacturer’s images, the algorithm's performance is tested on 
another manufacturer’s dataset. In addition, a basic image pre-
processing method is applied to the images prior to training to 
increase the system’s performance further. The rest of the paper 
is organized as follows. Section II reviews some related literary 
works. In Section III, the details of our methodology are 
presented. Finally, section IV is the result and discussion, 
whereby Section V is the conclusion of this work. 

II. LITERATURE REVIEW 
Due to the prevalence of mammography as a key screening 

technique for breast cancer diagnosis, researchers in image 
processing have emphasized work on classification and 
detection algorithms employing these images. Common 
objectives among these researches are to improve false-positive 
diagnoses among radiologists, as well as to reduce the workload 
when done manually. The methods developed, including semi-
automated breast density classification using the conventional 
method, using hand-crafted features extracted from each class 
to acquire unique characteristics as feature vectors extracted 
from information such as edges, intensity, and contrast from the 
mammogram training images [19], [20]. For example, studies 
conducted by [17] and [21] developed a semi-automated 
measuring approach for extracting features of intensity and 
textural patterns of gray-level co-occurrence matrix (GLCM) 
on the denser area. The odds ratio (OR) per standard deviation 
of the unadjusted cross-sectional measure was calculated using 
logistic regression and provided as the OR per standard 
deviation of the unadjusted cross-sectional measure with the 
additional info of the patients’ body mass index (BMI) and age 
resulted in OR of 1.90 (95% confidence interval (CI) 1.73 to 
2.09), equivalent to a fourfold interquartile risk ratio [6], [21]. 
Meanwhile, research done in [20] compared performances of 
using different feature vectors of the mammogram images 
through different kernel sizes of Law’s mask analysis, trained 
using several machine learning classifiers such as probabilistic 
neural network (PNN), the neuro-fuzzy classifier (NFC) and 
SVM with the highest accuracy at 91.2%.  

In practice, two machine learning-based tools accessed by 
radiologists to assess breast density falls into two assessment 
categories: volumetric such as Volpara, and area-based (i.e. 
Laboratory for Individualized Breast Radiodensity Assessment 
- LIBRA) methods [21]. The difference between the two 
methods relies on the inclusion of skin during scoring 
estimation. However, due to the higher positively skewed 
distribution of volumetric breast density, estimation obtained 
from volumetric algorithms are more difficult to correlate with 
radiologists' assessments [21], resulted in radiologists receiving 
significantly lower scores than expected. This shows that breast 
density categorization tools in two-dimensional aspects are 
beneficial for classification purposes [7], [22]. Although proven 
to have significantly high accuracy, semi-automated method 

  
Fig. 1. Breast tissues within Level 3 density in MLO view image (a) Fatty 
region (b) Fibroglandular region (c) Dense region (d) Pectoral muscle (e) 

Possible artefacts. 
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requires in depth knowledge of the input images to extract 
hand-crafted features associated with different objectives of the 
study with radiologist’s guidance as well as multiple trials 
needed to ensure the specific descriptor as absolute to the 
algorithm [20], [23]. 

To overcome this, a newer deep-learning approach includes 
the use of the CNN model that bypassed the feature selection 
method by automatically learning all features in the image [24]. 
The implementation of a CNN-based algorithm enabled the 
development of a single end-to-end model that directly used the 
image with minimal pre-processing steps. However, through 
literature search, most deep-learning-based algorithm using 
breast mammogram studies for abnormality classification  such 
as [12], [14], [19], [25]–[27] as opposed to classify breast 
density [7], [10], [11]. As example for density classification, 
[11] classify levels 2 and 3 of breast mammogram images by 
implementing AlexNet CNN using 14,000 normal 
mammogram images using scratch and transfer learning 
method that showed transfer learning was able to adapt to 
scratch based-CNN to a negative margin of only 0.0025% 
accuracy trained using balanced dataset. Due to the 
unavailability of ground truth in the dataset of this study, the 
authors made comparison by calculating percentage density 
(PD%) estimation using LIBRA software. In a study using 
FFDM INbreast public dataset by [18], the author pre-resized 
and augmented the images 4-fold of its original training 
number, and this resulted in increasing performance 
tremendously by implementing transfer learning on three pre-
trained CNN models, with the highest accuracy of 99.72% 
using DenseNet to classify images of dense or non-dense based 
on the presence of a malignant lesion. Additionally, [10] 
applied transfer learning to detect malignancy on exclusively 
collected mammogram images from various breast density level 
images. The study concludes that with a higher density of 
breast, the CNN performance lowers to 84.3% detection 
accuracy at level 4 as the effect of masking of the lesion on 
dense region compared to level 1 at 95% detection accuracy 
[10]. Meanwhile, [28] combined levels 1 & 2 and levels 3 & 4 
as dense and non-dense for classification using scratch-based 
CNN model and also employed similarity index for segmenting 
asymmetric region between both breasts that, emphasizing the 
importance of segmentation and image registration before 
detection and classification protocol in the algorithm. These 
studies show the classification task by the implementation of 
state-of-the-art CNN architectures into own dataset were able 
to lessen the computational burden by transferring its learned 
weights into own case through transfer learning method, with 
significantly high performance. However, using a single 
manufacturer for training is another issue faced by researchers 
to make sure their algorithm is applicable in clinical settings 
that include various manufacturers. Authors in [7] addressed 
this issue by combining three manufacturers’ mammogram 
images in their InceptionV3 network to classify the images into 
lower risk (non-dense) and higher risk (dense) using cropped 
MLO images. The author catered the imbalanced dataset issue 
by tuning the class weight of the loss function for training. A 
variety of training input data were able to enhance the testing 

performance when tested on other manufacturer’s images’ to 
92% testing accuracy.  
 Introducing SVM as a CNN-hybrid classifier substituting 
softmax layer has been applied that showed significant 
improvement in various studies, including breast abnormality 
[12], [19], [25], [26], to increase the performance of CNN based 
algorithm further. An earlier study by [19] applied CNN and 
SVM specifically for breast lesion detection through multiple 
pre-processing steps, using geostatistics function as shape 
descriptor features which were then used to classify masses 
region within an image. The features were used to segment 
suspected areas to be trained by the CNN and able to have 
84.62% detection accuracy. A semi-automated study that 
implemented SVM to classify dense and non-dense 
mammogram images showed the highest performance of 91.6% 
using SVM compared to other classifiers such as PNN and NFC 
in [20], also by using texture features extracted manually. 
Meanwhile, both [12] and [25] applied SVM with CNN as the 
main training backbone to classify lesion abnormality in 
mammograms and show the accuracy of 97% using the MIAS 
dataset. Additionally, [25] suggested that SVM may offer better 
optimization and is nearly related to the dataset’s diversity and 
non-linear nature. Moreover, the SVM was able to achieve an 
easier global minimum and withstand more noise, making it 
imperceptibly more resilient to a large number of parameters. 
As a result, SVM models may offer significant convergence and 
robustness advantages over standard CNN models. As breast 
densities are characterized by the variance of image intensities, 
as seen in Figure 1, this suggests a good implementation of 
SVM on classifying breast densities.  

  From the literature, it can be summarized that the methods 
to fully automate density classification based on intelligence 
approach is severely limited as its significance for its 
association with cancer risk together in clinical profiling is 
important in mammogram image reporting. This could help the 
radiologists to screen the risk of potential cancerous mass in the 
breast through an early detection approach. The major 
challenges of the accurate breast density classification using 
deep learning approach lie in the variety of interpretation of 
breast density levels, low signal-to-noise level in mammogram 
images, presence of lesions in training image, and lack of large 
datasets with density and abnormalities ground-truth available 
for researchers [11], [24]. Therefore features extraction method 
is a fundamental task in the CNN model to improve the correct 
classification and further facilitate radiologists in their work. In 
this paper, a classification model based on CNN features 
extraction and SVM classifier is presented to improve the 
system’s performance in classifying breast density with the 
motivation to minimize the training losses of the model without 
lessening the efficacy. 

III. METHODOLOGY 

A. Mammogram Dataset Preparation 
1) CBIS-DDSM 

The Curated Breast Imaging Subset of DDSM (CBIS-
DDSM) is a publicly available mammogram dataset that is 
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the subset of its original database (Digital Database of 
Screening Mammogram - DDSM) comprising of 2620 
digitized screen filmed mammograms obtained through the 
collaboration of Massachusetts General Hospital, Sandia 
National Laboratories and the University of South Florida 
Computer Science and Engineering Department in 1997 with 
multiple ranges of image resolutions [29]. It is a publicly 
available mammogram that incorporates breast lesion images 
ranging from masses and calcification, supplemented with 
verified reports for each case including pathological 
categories, density level, BI-RADS categories and 
malignancy types. This study includes images from masses 
for training corresponding to different density classes. In 
addition, both breast views of craniocaudal (CC) and medio-
lateral oblique (MLO) are treated as separate image cases for 
training. Since it was formed as screen-filmed mammogram, 
the CBIS-DDSM dataset is considered as having low image 
quality compared to a full-field digital mammogram 
(FFDM). However, it is extensively used in previous studies, 
especially in studies for the classification of breast 
abnormality [12]–[15] and breast density classification [30]. 
For the purpose of binary classification of the dense and non-
dense breast in this study, classes 1 and 2 from the training 
set are combined as ‘Non-Dense’ as depicted in Figure 2 (a) 
and (b), while the remaining 3 and 4 as ‘Dense’ images as 
shown in Figure 2 (c) and (d). To develop and evaluate the 
system’s performance, 80% of the images are randomly used 
for training, while 10% is used for validation. The remaining 
10% is reserved as a never-seen dataset for testing purposes.    
 

2) MIAS 
A second dataset is used to assess the trained model's 

capacity to be tested on different datasets. The 
Mammographic Image Analysis Society (MIAS) are 
mammogram images obtained of the same group name from 
the UK Breast Screening Program [31]. It contained 322 
whole mammogram images of 1024 x 1024 resolution for 
normal, benign and malignant classes of MLO breast view 
only. The accompanying report includes ground-truth from 
radiologists, including the coordinates of suspected tumors 
location, breast tissue types and abnormality morphology. 
Like CBIS-DDSM, MIAS is consisted of a decompressed 
version of digitized screen-filmed mammogram that was 
then converted into portable gray-map image format during 
its post-processing stages [31]. The images categorized into 
non-dense and densely labeled as ‘Fatty - F’ and ‘Dense - 
D’ in its supplementary ground-truth report are chosen for 
the testing stage to analyze the developed system’s ability 
to be used on other images aside from the training images.  

 

B. Proposed Method  
This section discusses the overall proposed methodology to 

develop the system. Figure 3 depicts the overall schematic 
representation flow of the proposed experimental setup into 
stages of image pre-processing, CNN training and feature 
extraction, classification, and finally, performance evaluation. 
This experiment is conducted on a workstation equipped with 
an Intel CoreTM i7-10870H 2.3GHz processor, NVIDIA 

GeForce RTX2060 single graphic processor unit (GPU) graphic 
card, and 16 GB RAM memory for the purpose of training, 

tuning and testing the network. The system is developed in 
MATLAB© (Release R2021b, Mathworks, Natick, MA). 

 
1) Image Pre-processing  

All the images used for training, validation and testing 
are pre-processed prior to being introduced in the system. 
As the dense region is sensitive to the intensity level of the 
image, fewer modifications, including image enhancement 
was not applied to the image to maintain its originality. All 
manual annotations overlayed on the images were digitally 
removed while extracting the largest blob in the image 
(hence, the breast region) through image processing 
techniques. As the presence of pectoral muscle might be 
disguised as a dense breast region, it is also removed from 
all MLO view images from both datasets. The background 
region of the images is automatically limited to only include 
the breast region to reduce the image dimension 
subsequently lower the computation load. All the images are 
normalized to ensure the data distribution of each input 
pixel is identical and accelerates convergence while training 
the network. Original image size is retained and resized 
later, corresponding to different input image size 
requirements of different pre-trained networks. Double 
rescaling prior to training might cause loss of pixel 
information in exchange for longer computation time. To 
reduce the effect of overfitting, augmentation techniques 
including random rotation and rescaling are applied to the 
training images.   

 
2) Training & CNN feature Extraction 

Four pre-trained networks are employed and tested on 
both datasets, namely as GoogleNet [32], AlexNet [33], 
ResNet50 and ResNet101 [34]. The overall proposed 
transfer learning process is illustrated in Figure 4. The 
training process includes the feature extraction layers and 
fine-tuning of the learned model. The feature extraction 
process in CNN involves the repetition of three basic CNN 

Fig. 3. Overall methodology for improvement of density level classification 
model on mammogram images using Convolutional Neural Network (CNN) 

and classifiers.  
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layers, which are the convolutional, pooling layer and its 
activation function. The framework design of these three 
layers depends on the type of pre-trained network used. 
Rectified Linear Unit (ReLu) non-linear activation 
functions are used in all pre-trained CNN in this study. This 
activation function is preferred by the CNN developers 
because of its ability to overcome vanishing gradient 
problems that allow faster and better performance of the 
model [27]. 

Earlier CNN layers are used to extract visually interpreted 
high-level image features that is usually observed firsthand 
such as the edges and corners [32], [33]. In contrast, low-
level features, for instance, the images’ spatial and contrast 
information, are captured towards the end layers prior to 
entering the fully connected layer (FCL) [32], [33]. Finally, 
the extracted learned features are concatenated for the final 
flattened features before entering the classification stage. 
Fine-tuning is done by varying the training parameters such 
as the learning rate and choosing best mini-batches number 
per iteration to get the best result. The selected training 
parameters are set to default for ideal comparison between 

all models, as summarized in Table II. This study utilized 
the network’s own classifier by using the softmax layer right 
after the FCL layer and also by using SVM..  

 
3) Classification 

 For classification stage,  classifiers of each pre-trained 
network are compared to the SVM classifier to evaluate the 
performance ability of all the models to differentiate dense 
and non-dense regions in mammogram images.  

a) Pre-trained CNN classifier 
In a common CNN network, the classification layer consists 
of two layers: activation function (softmax), and the 
classification layer comes immediately after the FCL layer. 
A softmax function calculates the probability of each class 
from which the input belongs, where the probability, f of 

each class are defined as in Eq. 1. 
  

𝑓𝑓(𝑦𝑦𝑖𝑖) =  
𝑒𝑒𝑦𝑦𝑖𝑖

∑ 𝑒𝑒𝑦𝑦𝑘𝑘𝑘𝑘
 . 

(1) 

 
Once a test input image goes through the model for testing, 
the neural output of y is calculated for each feature class of 
the trained network. Then, the exponential of a particular 
class is computed over a total of the exponential of each 
class with the corresponding neural output to produce the 
probability value f. The highest value of f between the 
classes will be considered as the final class prediction. 

b) Non-Linear Support Vector Machine (SVM) 
In this study, a supervised learning algorithm SVM 
classification is applied for the comparison of performance 
between CNN and SVM classifiers. The original CNN layer 
is frozen after the FCL, and the resulted features are used as 
input to SVM. Determination of the hyperplane using the 
SVM algorithm functioned to separate the input features 
between the classes. The algorithm works by considering a 
feature to be classified represented as a point in n-
dimensional space as the coordinate of this point (features). 
SVM performs the classification task by drawing a 2D or 
3D hyperplane in such a way that all points in one category 
are at one side or the other side of the hyperplane. There 
could be more than one hyperplane that exists between the 
categories, and the SVM tries to separate the best way 
between the two categories, in a sense that it maximizes the 
distance (margin) to all points in either category. If a point 
falls into this margin, it is called the supporting vector, 
where the constraints of the points of each category should 
be on the correct side of the hyperplane. The algorithm 
works by solving a convex optimization problem that 
maximizes the margin 𝛾𝛾, where:  

 
max
𝑤𝑤,𝑏𝑏

 𝛾𝛾(𝑤𝑤, 𝑏𝑏), (2) 

 
   in such that the linear separating hyperplane Eq. 3: 

 
∀𝑖𝑖 𝑦𝑦𝑖𝑖(𝑤𝑤𝑇𝑇𝑥𝑥𝑖𝑖 + 𝑏𝑏) ≥ 0, (3) 

 
where (w,b) is a set of points of the optimal hyperplane in 
the linear line of x and y. However, the simplicity of the 

TABLE II 
TRAINING PARAMETERS FOR ALL PRE-TRAINED CNN MODELS. 

Parameter Settings 
Optimizer 

Initial Learning Weight 
L2 Regularization Rate 

Epoch 
Mini-batch Size 

Adam 
0.0001 
0.0001 

40 
30 

 

 
Fig. 4. Proposed transfer learning process with feature extraction and classification using the network’s layer and Support Vector Machine (SVM) for breast 

density classification 
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SVM can be a problem if the points cannot be clearly 
separated by the hyperplane in larger training features [19]. 
Overcoming this problem includes increasing the training 

data for imbalanced class problems through augmentations, 
finding the separating hyperplane in the higher dimensional 
space and projecting back to the original space. In this study, 
the computation of the margin of the hyperplane is 
optimized as its input features were already well learned by 
the trained CNN network layers. The setting parameters for 
SVM are summarized in Table III.   

 
To conclude, a newly proposed method for improving the 

performance of a pre-trained model to classify dense regions in 
mammogram images is proposed using CNN features 
extraction and SVM classifier as a learning algorithm. This 
improvement method for classifying the dense regions based on 
density level is summarized as follows: 
 
1. The pre-processing of the mammogram images is 

conducted to remove unwanted regions such as pectoral 
muscle and manual annotations in the background. 

2. Image normalization and image resizing are applied as 
attributed to the pre-trained CNN network. 

3. The features information from the image is extracted using 
the feature extraction function of the pre-trained network. 

4. Based on the default training parameters of the pre-trained 
network, the features extracted from the image is 
classified using the SVM algorithm as a learning classifier 
to replace the pre-trained CNN classifier.  

 
4) Performance Evaluation 

 In this study, the model's performance parameters are 
calculated using the values from the confusion matrix, which are 
the true positive (TP), true negative (TN), false positive (FP) and 
false negative (FN) for each model. The accuracy, sensitivity, 
specificity, and precision are then computed as denoted by Eq. 4 
to Eq. 7.  

 Accuracy =  TP+TN
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝑇𝑇𝐹𝐹+𝐹𝐹𝑇𝑇

  (4) 

 Sensitivity/recall =  TP
(TP+FN)

  (5) 

 Specificity =  TN
(TP+FN)

  (6) 

 Precision =  TP
(TP+FP)

  (7) 

 

Additionally, the system's performance is evaluated using its 
area under the curve (AUC) calculated from its Receiver 
Operating Characteristics (ROC) probability curve, which is 

calculated by plotting true-positive vs false-positive rates for 
each models. The improved model is named ‘Pre-trained CNN 
+ SVM’, and its performance evaluation is per discussed in 
Tables V and VI. Gradient-weighted Class Activation Mapping 
(Grad-CAM) heat map is employed on sample images to 
visualize the critical localization of the image during testing on 
lower and higher performance models for qualitative 
comparison.  

IV. RESULT AND DISCUSSION 

A. Result of pre-trained CNN models for training & validation 
The training performance using CBIS-DDSM dataset for all 

four pre-trained CNNs and their respective specifications can 
be observed in Table IV, showing the highest validation 
accuracy using the ResNet50 model (92.09%).  

However, it is shown to be prone to overfitting as the training 
progresses as the validation loss differs from its validation loss 
to 0.36 margin in the final epoch training. This suggests the 
lower mini-batch number could be employed during training in 
the future. All four networks were trained in significantly close 
training time margins with the same epochs and mini-batches 
per iteration except for ResNet101. An early stopping method 
is applied when signs of overfitting appear and performance 
plateaus during training. The best training vs validation loss 
was observed in the GoogleNet model, having a margin of 

±0.08, as can be seen in Figure 5, where the best loss occurred 
at iteration 21x30 = 630th. The trend shows validation data 
represents the training dataset closely, although it appears noisy 
on some points, possibly due to the low number of validation 
data.  

TABLE III 
SETTING PARAMETERS FOR NON-LINEAR SVM. 

Parameter Settings 
Optimizer 
Learner 
Coding 

ObservationIn 
Function Evaluation 

Bayesian 
Non-Linear 

onevsall 
Column 

30 
 TABLE IV 

PRE-TRAINED MODELS SPECIFICATION AND TRAINING RESULTS  

CNN 
Architecture 

Para-
meters 

(million) 

Net-
work 
Depth 

Training 
Time 
(mins) 

Final 
Training 

Loss 

Final 
Vali-
dation 
Loss 

Vali-
dation 

Accuracy 
(%) 

GoogleNet 7 22 54.32 0.34 0.42 84.03 
ResNet50 25.6 50 53.20 0.25 0.61 92.09 
ResNet101 44.6 101 55.03* 0.27 0.52 78.60 
AlexNet 61 8 57.93  0.39 0.55 83.33 

*stopped early due to signs of overfitting at epoch 30 

 
Fig. 5. Best Training and Validation Lossess observed on validation frequency 

points during training of GoogleNet model. 
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To qualitatively observe the system’s performance after 
being trained, grad-CAM was applied with a sample of labeled 
test images, as shown in Figure 6. It showed the ability of the 
model to correctly identify the appropriate region to focus 
during prediction on the test image through Grad-CAM, where 
the red region emphasized dense (left) and non-dense (right) 
regions, respectively, on the correctly classified images. The 
comparison was made between two CNN models of GoogleNet 
(middle layer, Figure 6 (b) and (e)) and AlexNet (bottom layer, 
Figure 6 (c) and (f)) for both images. The red region on 
represents the region focusing on the density map of the images 
that are used to determine the class of the test images. Based on 
the second-best loss observed during training in Table IV for 
the AlexNet model (margin = ±0.16), the comparison is made 
to determine the best training model through Grad-CAM. The 
result shows scattered red region mapped, including out of 
breast region observed in AlexNet model heat map, compared 
to more focused red region observed from GoogleNet model. 
This observation significantly suggests better performance 
expected from GoogleNet compared to AlexNet models.  

B. Performance Comparisons of Pre-trained CNN models on 
different Datasets for models using CNN classifier 

Table V shows the result of the performance for each model 
tested on CBIS-DDSM and MIAS dataset, trained and 
classified using the original CNN pre-trained models. For 
CBIS-DDSM, the highest performance is observed using 

ResNet50 at 83.92% accuracy and AUC of 0.9009, along with 
the highest other metrics except for sensitivity scores.  
Meanwhile, when tested using another dataset MIAS, the result 
showed the highest accuracy using the GoogleNet model at 
94.93% with an AUC of 0.9941. Moreover, the same image pre-
processing were made to both datasets prior to the testing stage, 
significantly suggesting the models’ generalizability and 
applicability to other datasets.  

Overall, higher performance is seen when tested with the 
MIAS dataset for all models compared to the original dataset. 
This might be rooted in the variance of image density levels (4 
ground truth density levels) that contributed to its lower 
performance than the dataset used from MIAS (3 ground truth 
density levels). However, it is worth noting that both CBIS-
DDSM and MIAS are from different mammogram vendors 
where the difference lies in its data acquisition process, 
including radiation and contrast settings as well as post-
processing methods of extracting images to different formats 
(DICOM and .pgm) might further alter the differences between 
the two mammogram datasets. To conclude, both datasets could 
be classified at acceptable performance, even without model 
improvement being applied in the result yet.  

C. Result of Improved pre-trained CNN model using SVM 
classifier  

The comparison results between the pre-trained CNN and 
SVM classifiers are tabulated in Table VI using the MIAS 
dataset. The same pattern can be observed in all models except 
for ResNet101, showing better overall performance when 
applying SVM as a classifier to the testing set. Best accuracy is 
observed in GoogleNet + SVM at 95.39% accuracy and highest 
AUC at 0.9949, as well as the highest sensitivity, specificity and 
precision scores. Meanwhile, ResNet101 + SVM has lower 
accuracy (91.71%) by 0.46% when classified using the original 

 

  
(a) (d) 

  
(b) (e) 

  
(c) (f) 

Fig. 6. Original (a) Dense and (d) non-dense sample breast image and their 
respective foci of network prediction on correctly classified image using 

Grad-CAM, on GoogleNet for (b) and (e), AlexNet for (c) and (f). 

TABLE V 
BREAST DENSITY CLASSIFICATION USING PRE-TRAINED CNN MODELS FOR 

DIFFERENT TEST DATASET. 

Dataset Trainer / 
Classifier 

Accu-
racy AUC Sensiti-

vity 
Speci-
ficity 

Preci-
sion 

CBIS 

GoogleNet 0.8112 0.8572 0.7857 0.8174 0.5116 
ResNet50 0.8392 0.9009 0.7273 0.8889 0.7442 
ResNet101 0.7972 0.8809 0.675 0.8447 0.6279 
AlexNet 0.7902 0.7819 0.7407 0.8017 0.4651 

MIAS 

GoogleNet 0.9493 0.9941 1 0.906 0.9009 
ResNet50 0.8783 0.9869 0.9869 0.9902 0.9130 
ResNet101 0.9217 0.9831 0.97 0.8803 0.8739 
AlexNet 0.8756 0.9857 1 0.797 0.7568 

  
 

TABLE VI 
BREAST DENSITY CLASSIFICATION USING IMPROVED PRE-TRAINED CNN AND 

SVM CLASSSIFIER USING MIAS DATASET. 

Trainer / Classifier Accu-
racy AUC Sensiti-

vity 
Specifi

-city 
Pre-

cision 
GoogleNet 0.9493 0.9941 1.0000 0.9060 0.9009 

GoogleNet + SVM 0.9539 0.9949 1.0000 0.9138 0.9099 
ResNet50 0.8783 0.9869 0.9869 0.9902 0.9130 

ResNet50 + SVM 0.9401 0.9869 0.9900 0.8974 0.8919 
ResNet101 0.9217 0.9831 0.9700 0.8803 0.8739 

ResNet101 + SVM 0.9171 0.9833 0.9794 0.8667 0.8559 
AlexNet 0.8756 0.9857 1.0000 0.7970 0.7568 

AlexNet + SVM 0.9078 0.9850 0.9789 0.8525 0.8378 
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CNN softmax function (92.17%) but better AUC at 0.9833. A 
significant improvement trend is observed when SVM is 
applied for both datasets when other parameters are included on 
AUC, sensitivity and precision scores.  

Figure 7 shows the models’ accuracy on both CBIS-DDSM 
and MIAS datasets using original pre-trained CNN and SVM 

classifiers. From all 8 models trained in this study, 5 models 
were improved using SVM classifier with the highest accuracy 
upgrade by +6.18% can be observed when improving the model 
using SVM with ResNet50 in MIAS dataset, and increase of 
+4.9% in AlexNet for CBIS-DDSM test images.  

From the results, the proposed improvement using SVM 
classifiers are proven to increase the system’s performance in 
detecting dense and non-dense regions. Furthermore, non-linear 
kernels applied during hyperplane determination enable data 
variance to be captured and separated accordingly, providing 
better classification performance.   

For quantitative assessment, best model accuracy from the 
several studies are presented in Table VII for studies using 

deep-learning approach to classify dense and non-dense breasts 
in mammography. Performance of the proposed improved 
model outperformed the others with best accuracy of 95.39%. 

CONCLUSION 

In conclusion, the proposed improvement of the pre-trained 
model for extracting features of breast density regions in 
mammogram images with high variability between classes (i.e. 
CBIS-DDSM) needs a good classifier by introducing separating 
hyperplane through SVM to categorize the image better during 
classification. From the results, the overall system performance 

can be observed in GoogleNet+SVM, having the best accuracy 
of 95.39%, AUC of 0.9949 as well as highest sensitivity, 
specificity and precision scores. Furthermore, the training 
performance of GoogleNet also showed the best both 
qualitatively by observing its Grad-CAM heat map as well as 
quantitatively through its best validation vs training losses 
graph. Meanwhile, ResNet50+SVM also showed promising 
results when applied with the SVM classifier as it showed the 
most significant accuracy upgrade compared to using the 
original softmax classifier.  

This study also demonstrated good performance of the 
system’s generalizability when tested on other manufacturers’ 
datasets. Although both datasets performed well within the 
same model, it is to note here that both datasets are from 
different manufacturer sources. Thus the dissimilarity may 
include settings that affect image quality, total radiation, and 
the manufacturer’s ‘post-processing’ options. Lower 
performance observed might be affected by data variance in the 
training dataset (CBIS-DDSM), as well as class imbalance 
during training (lower dense image by two-third during 
training). As the CBIS-DDSM also includes lesions in non-
dense images, this might cause the system to generalize it 
during training as a dense region and further lowers the training 
efficiency. This study is expected to be further expanded into 
testing the image from FFDM sources and datasets excluding 
abnormalities and tested for all four density classes. A publicly 
available dataset with segmented dense region ground truths is 
crucial for the further deep-learning-based algorithm to be 
developed. A suitable enhancement technique pertaining to the 
density information of the image might be explored in the future 
for the specific task of breast density classification as well as 
detecting masses appearance within the image.  
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