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Abstract: Early detection using screening mammography is instrumental in improving the breast cancer prognosis. Lesions in the breast are important 

signs of cancer and it is a challenging task to segment them with precision even with advanced deep learning methods. In this manuscript, we modify 

the cutting-edge CNN architecture called U-Net especially developed for segmentation of “bio-medical” images. We replace the encoder segment of 

the U-Net architecture with scalable and efficient Efficientnetb3 network. The model learns the local and global context in the input mammogram 

images and predicts a precise pixel-wise segmentation map for the lesion. These detected maps can assist the radiologists in reviewing the lesion 

location and shape in order to differentiate between benign and malignant lesions. We train and evaluate our model on the full mammographic (MG) 

scan images from the publicly available curated DDSM dataset (CBIS-DDSM). Our model yielded mean Intersection over Union (IoU) of 0.956 and 

Dice similarity coefficient of 0.968 between the radiologist marked ground truth masks (GTMs) and the segmented lesion maps generated by our 

model. This study aims to show that utilizing pre-trained encoder backbones in U-Net can result in faster convergence and high precision in lesion 

detection and segmentation tasks. 
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1. INTRODUCTION 

Breast cancer affects approximately 1 in every 8 (or 12 percent) U.S. women at some time in life, and that it is the second highest cause 

of death for women in the United States [1]. According to a 2021 statistics published by the “American Cancer Society (ACS)”  there 

will be 281,550 new cases of breast cancer out of a total cancer cases 927,910 in women. The projected number of deaths from breast 

cancer will be 43,600 deaths. Further ACS surveillance research (2015-2017) predicts the Lifetime Probability of Developing and 

Dying from Cancer in women is 12.9 % and 2.5 % respectively [2]. During the period 1991 to 2014, according to ACS, the overall 

cancer death rate dropped by 25%, resulting in approximately 2,143,200 fewer cancer deaths [3]. Part of the reason for this reduction 

in mortality is advancements in mammography screening and traditional computer-aided diagnostic methods (CAD) [4]. In the last two 

decades, computer-aided detection and diagnosis (CADD) systems have been created to help radiologists discover and diagnose lesions 

found on breast imaging tests, therefore offering a second opinion. Deep learning, namely “Convolutional Neural Networks (CNNs), 

have recently been applied in mammography images for object localization and identification, risk assessment, and classification tasks 

[5][6][7]. We built our model based on the U-Net architecture and utilized a pre-trained backbone network in the encoder segment. We 

further utilized batch normalization [20] and dropout [21] layers in our segmentation model architecture. We used the largest curated 

mammogram public dataset available with labeled images, CBIS-DDSM [22] and augmented the images using data augmentation 

techniques to train our model.”   

2. MATERIALS AND METHODS 

2.1 Screening Mammography 

“Screening mammography has been successful in lowering the breast cancer mortality rate in patients by approximately 40%. 

Mammography procedure uses low-dose X-rays to project the internal tissues of the breast and captures images from 2 angles of each 

breast: the “craniocaudal CC)” view and the “medio lateral-oblique (MLO)” view (Figure 1). These images are inspected by 
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experienced radiologists for signs of malignant tumors (lumps, micro calcification, asymmetries and distortions). Suspicious cases are 

called back for further diagnostic evaluation. For full field digital mammography (FFDM) mammography sensitivity is reported to be 

between 77–87% and specificity in 89–97% range respectively. 

 

 

”  
 

 
Figure 1. The “craniocaudal(CC) view” on the left and “mediolateral-oblique (MLO) view” on the right. 

 

The objective of mammography is to detect breast cancer early, usually by detecting masses or abnormal regions in the X-ray images 

that have been generated. Doctors or skilled radiologists are usually the ones who notice such anomalies.  

2.2 Mammography Databases 

Mammographic databases contribute to the advancement of algorithms for the identification and diagnosis of breast lesions. To train 

our mammary lesion detector and assess its performance, we need mammograms with pixel level annotations by medical experts. We 

evaluated several public databases and selected the “curated version of the Digital Database for Screening Mammography (CBIS-

DDSM) for our study. This dataset is made available in collaboration by “Massachusetts General Hospital, the University of South 

Florida Computer Science and Engineering Department, and Sandia National Laboratories”. 

“The DDSM database [23] contains approximately 2,620 film-screen screening mammography exams, with pixel-level ground truth 

annotation of lesions. In total dataset contains 695 normal cases, 1925 abnormal with locations and boundaries of abnormalities. The 

abnormality and pathology distribution in the dataset are shown in Figure 2 and 3, respectively. 

 

 

Figure 2: Abnormality distribution in the CBIS-DDSM mammographic dataset. 

 

The dataset includes 753 calcification and 891 mass abnormalities, annotated with ROIs; patient age; rating of something like the 

subtlety of such anomaly from 1 to 5;  descriptors of mass form, mass margin, calcification type, calcification distribution, and breast 

density; and overall BI-RADS assessment from 0 to 5 [22]. The patient's case contains four images in CC and MLO perspectives of 

the left and right breasts. In this paper, both training and testing employ the curated breasted imaging subset of digital screening 

mammography database (CBIS-DDSM), which contains a subset of the original DDSM images in standard DICOM format.” The 

dataset contains 3,061 mammograms of 1,566 unique cases. Each mammogram file consists of the three types of images shown in 

Figure 4.  
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Figure 3: Pathology distribution in CBIS-DDSM dataset. 

 

 

 

 

 

 

Figure 4: CBIS-DDSM dataset images types 

 

 

 

 

2.3 MODEL ARCHITECTURE 

U U-Net is the state-of-the-art object segmentation framework used in our model [17]. It is “fully convolutional neural network” design 

that can segment objects in 2D or 3D pictures quickly and precisely. The resilience of this technique, even with little training data, is 

one of its advantages. The U-Net design is based on an encoder-decoder architecture. On the left is the down-sampling side and up-

sampling to the right. The left side is a traditional FCN, consisting of a series of 3x3 convolutional blocks, “Rectified Linear Unit 

(ReLU)” activation function, and a 2x2 max-pooling operation with two “down-sampling” steps. After each block, the number of 

feature maps is doubled (Figure 5). 
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Figure 5: U-Net architecture developed by Ronneberger et al (2015). 

 

2.4 Image Preprocessing 

We downloaded all mammographic images in CBIS-DDSM databases from The Cancer Imaging Archive [24]. There are two main 

aspects we had to address in the preprocessing stage. Firstly, the CBIS-DDSM mammogram scans are saved as 16-bit arrays in DICOM 

[25] format with pixel values ranging from [0, 65535] (2¹⁶ = 65535) which can slow down the learning process of our deep model. We 

converted all images in DDSM to JPEG format so we could visualize or manipulate them using the standard image processing and 

visualization libraries- OpenCV, pillow, and Matploblib etc. Secondly, the files downloaded from CBIS-DDSM are stored in a very 

nested folder structure and file names had no file type descriptors. This made access to the image folder using a python script a very 

daunting task. We moved all the nested files into a single folder and renamed the files according to their type-Full Mammogram, ROI 

cropped Image, and Mask Image (binary 0/1).For our study we only used the Full mammogram images and their corresponding binary 

masks. Both mass and calcification cases were included. We perform a series of pre-processing steps on our images in the jpeg format. 

Firstly, we remove a small percentage of the image on all sides to take away the white edges that can interfere with the model learning. 

Our images are processed using the “Contrast-Limited Adaptive Histogram Equalization (CLAHE)” filtering to improve the poor 

contrast of breast tissues in the grayscale images [26] . After CLAHE filtering the small details, textures and features in the mammogram 

are enhanced that would otherwise be difficult for the model to learn [27]. All the images are then resized to 224 X 224 (divisible by 

32). Using skimage library we carry out median filtering [28] to remove the salt and pepper noise and smoothen the images before 

feeding to the data transformation pipeline. 

                                    

            

 

2.5 Semantic Segmentation Model 

Our U-Net based model with encoder-decoder based architecture captures the context in the input mammograms in the encoder path 

and carries out up-sampling in a non-linear manner in the decoder path to generate pixel wise segmentation maps.  In our 

implementation of the U-Net model, we modify the encoder segment with Efficientnetb3 network backbone, where backbone refers to 

the name of the CNN model without the last dense layers (basically used as the feature extractor) to build the segmentation model 

(Figure 6). We selected Efficientnetb3 as they are shown to achieve better accuracy and efficiency than most CNN models (Figure 7). 

Efficientnet models scale and generalize very effectively as shown in the ICML 2019 study by Google AI team [29][30]. The 

efficientnetb3 backbone was pre-trained on 2012 ILSVRC “ImageNet” dataset for faster and better convergence. Fixed size 224 x 224 

RGB (3 channels) images and masks serve as input to our model. We train the model utilizing “Adam” Optimizer and hyper parameters 

include “Learning Rate (LR)” of 0.0001, batch size of 8 and 100 epochs (Keras early stopping function) and a combination of “binary-

focal” loss and “Dice” loss function. 
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Figure 6: Baseline network architecture EfficientNet-B0 by Google using “mobile inverted bottleneck convolution (MBConv)”[29] 

 
 

Figure 7: Block diagram of our modified U-Net Segmentation Model 

 

 

 

2.6 Computational Environment 

 

All experiments in this study were carried out using the cloud based “Google Colab” research platform hosting open source “Jupyter 

notebooks”. We use “Tensorflow” framework and “Keras” API to build, compile and train the model. Development was carried out 

using windows workstations and T4 TPU and P100 GPUs, high RAM and hardware accelerator made available through Google Colab 

Pro. The entire dataset was uploaded to the Google Drive cloud storage. The code was written in Python 3.7 using standard Python 

libraries such as ScikitLearn, Numpy, Pandas, Segmentation Models, Albumentations, OpenCV and Matplotlib etc were used. 

2.7 Evaluation metrics  

The Dice index coefficient (DI), commonly recognized as the F1 score, as well as the Intersection over Union (IOU), commonly known 

as the Jaccard index, are metrics that we used to compare the automated predicted maps with GTMs in order to assess the performance 

of both the DL models (Figure 8).” The number of actual positive pixels is TP, and false positive rate is FP, and the number of false 

negatives was FN. The dice index assesses the similarity of segmented lesions with irregular borders and annotated ground truth maps. 

The intersection ratio here between resulting segmentation BBs as well as the ground truth BBs is evaluated by IOU. TPs are given 

greater weight in the DI score than FPs and FNs. TPs, FPs, and FNs are given more weight in the IOU score. The IOU score, like DI, 

spans from 0 to 1, with 0 indicating no overlap and 1 representing fully overlapping segmentation. 

 

 
Figure 8: Performance metrics of the segmentation model. 
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3. RESULTS AND EVALUATIONS 

“We trained our proposed model to segment breast cancer lesions on MGs using the augmented CBIS-DDSM data-set. U-Net 

architecture is capable of transferring the complete feature maps to the corresponding decoders and concatenating them to the up-

sampled decoder feature maps, resulting in precise segmentation. Table 1 shows the evaluation metrics of our model in terms of mean 

IOU and mean F1 score.” Figure 9 shows the training and validation loss curves during the model training, “the validation accuracy 

curves converged, and there was no obvious over fitting. Figure 10 shows the model F1 score and mean IoU during the training. Figure 

11 shows the full mammogram images from the CBIS-DDSM database with the lesion, the ground truth mask given by radiologists” 

and the lesion mask predicted by our model. 

 
 

 
 

Table 1: Model performance with Efficientnetb3 backbone 

 
 

 
Figure 9: Model Valdiation and Training Loss Curves during the last 5 epochs 

 

 

 

 
Figure 10:  The F1 score and the IOU score curves over the training epochs 

 

 

 

 

 

 

Performance Metric Loss Mean IoU Score Mean F1 score 

Efficientnetb3 0.033 0.956 0.968 
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Figure 11: Input Image, Ground Truth annotations by the experts and the predicted masks generated by our model. 

 

4. DISCUSSION  

Our research used CBIS-DDSM dataset to evaluate the proposed model for semantic segmentation of mass and calcification lesions in 

MGs. The model can be perfected with the increase in availability of well labeled medical images that have good resolution. “Data-

Augmentation” techniques can be used to increase the size and variability of the dataset and reduce the probability of over fitting. 

Tuning the hyper parameters may also help improve model performance metrics. Going forward we will modify our segmentation 

model to classify the segmented regions into malignant or benign class. 

5. CONCLUSION 

To properly segment abnormalities such as mass and calcification in mammography (MG) images, “we created a segmentation model 

based upon U-Net architecture. By extracting low-level and high-level characteristics, our model provides a pixel-wise segmentation 

mask prediction for an unseen mammography scan.” Our U-Net-based model performs segmentation with the mean “Intersection over 

Union (IOU)” of 0.956 and a mean “F1” score of 0.968. Transfer learning was found to be beneficial in the development and attainment 

of segmentation precision. Future segmentation model architectures might be trained end-to-end even without requirement for pre-

learned weights on non-medical image data sets like “ImageNet”, especially with the development of medical data sets & associated 

public availability.  

REFERENCES 

 

[1] R. L. Siegel, K. D. Miller, H. E. Fuchs, and A. Jemal, “Cancer Statistics, 2021,” CA. Cancer J. Clin., vol. 71, no. 1, pp. 7–33, 

2021, doi: 10.3322/caac.21654. 

[2] American Cancer Society, “https://www.cancer.org/research/cancer-facts-statistics/all-cancer-facts-figures/cancer-facts-

http://www.jetir.org/


© 2021 JETIR September 2021, Volume 8, Issue 9                                                 www.jetir.org (ISSN-2349-5162) 

JETIR2109518 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f124 
 

figures-2021.html.” . 

[3] R. L. Siegel, K. D. Miller, and A. Jemal, “Cancer Statistics, 2017,” CA Cancer J Clin, vol. 67, pp. 7–30, 2017, doi: 

10.3322/caac.21387. 

[4] I. E. N. and Y. Y. J. Tang, R. M. Rangayyan, J. Xu, “‘Computer-Aided Detection and Diagnosis of Breast Cancer With 

Mammography: Recent Advances,’ in IEEE Transactions on Information Technology in Biomedicine, vol. 13, no. 2, pp. 236-

251, March 2009, doi: 10.1109/TITB.2008.2009441.” 

[5] D. Abdelhafiz, C. Yang, R. Ammar, and S. Nabavi, “Deep convolutional neural networks for mammography: Advances, 

challenges and applications,” BMC Bioinformatics, vol. 20, no. Suppl 11, 2019, doi: 10.1186/s12859-019-2823-4. 

[6] D. Abdelhafiz, S. Nabavi, R. Ammar, and C. Yang, “Survey on deep convolutional neural networks in mammography,” no. 

Dl, pp. 1–1, 2017, doi: 10.1109/iccabs.2017.8114310. 

[7] B. A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Cnn实际训练的,” Commun. ACM, vol. 60, no. 6, pp. 84–90, 2012. 

[8] A. Al Nahid and Y. Kong, “Involvement of Machine Learning for Breast Cancer Image Classification: A Survey,” Comput. 

Math. Methods Med., vol. 2017, no. i, 2017, doi: 10.1155/2017/3781951. 

[9] G. Litjens et al., “A survey on deep learning in medical image analysis,” Med. Image Anal., vol. 42, no. 1995, pp. 60–88, 2017, 

doi: 10.1016/j.media.2017.07.005. 

[10] R. Girshick, J. Donahue, T. Darrell, and J. Malik, “Rich feature hierarchies for accurate object detection and semantic 

segmentation Tech report (v5).” [Online]. Available: http://www.cs.berkeley.edu/˜rbg/rcnn. 

[11] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” 

IEEE Trans. Pattern Anal. Mach. Intell., vol. 39, no. 6, pp. 1137–1149, 2017, doi: 10.1109/TPAMI.2016.2577031. 

[12] “K. He, G. Gkioxari, P. Dollár and R. Girshick, ‘Mask R-CNN,’ 2017 IEEE International Conference on Computer Vision 

(ICCV), 2017, pp. 2980-2988, doi: 10.1109/ICCV.2017.322.” 

[13] G. H. Aly, M. Marey, S. A. El-Sayed, and M. F. Tolba, “YOLO Based Breast Masses Detection and Classification in Full-

Field Digital Mammograms,” Comput. Methods Programs Biomed., vol. 200, p. 105823, Mar. 2021, doi: 

10.1016/J.CMPB.2020.105823. 

[14] M. A. Al-masni et al., “Simultaneous detection and classification of breast masses in digital mammograms via a deep learning 

YOLO-based CAD system,” Comput. Methods Programs Biomed., vol. 157, pp. 85–94, 2018, doi: 

10.1016/j.cmpb.2018.01.017. 

[15] V. Badrinarayanan, A. Kendall, and R. Cipolla, “SegNet: A Deep Convolutional Encoder-Decoder Architecture for Image 

Segmentation,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 39, no. 12, pp. 2481–2495, 2017, doi: 

10.1109/TPAMI.2016.2644615. 

[16] F. Yu and V. Koltun, “Multi-scale context aggregation by dilated convolutions,” 4th Int. Conf. Learn. Represent. ICLR 2016 - 

Conf. Track Proc., 2016. 

[17] W. Weng and X. Zhu, “INet: Convolutional Networks for Biomedical Image Segmentation,” IEEE Access, vol. 9, pp. 16591–

16603, 2021, doi: 10.1109/ACCESS.2021.3053408. 

[18] H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid scene parsing network,” Proc. - 30th IEEE Conf. Comput. Vis. Pattern 

Recognition, CVPR 2017, vol. 2017-Janua, pp. 6230–6239, 2017, doi: 10.1109/CVPR.2017.660. 

[19] A. Chaurasia and E. Culurciello, “LinkNet: Exploiting encoder representations for efficient semantic segmentation,” 2017 

IEEE Vis. Commun. Image Process. VCIP 2017, vol. 2018-Janua, pp. 1–4, 2018, doi: 10.1109/VCIP.2017.8305148. 

[20] S. Ioffe and Christian Szegedy, “Batch Normalization: Accelerating Deep Network Training by Reducing,” J. Mol. Struct., 

vol. 1134, pp. 63–66, 2015. 

[21] 2014. Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever, Ruslan Salakhutdinov; 15(56):1929−1958, 

“Dropout: A Simple Way to Prevent Neural Networks from Overfitting.” 

[22] R. S. Lee, F. Gimenez, A. Hoogi, K. K. Miyake, M. Gorovoy, and D. L. Rubin, “Data Descriptor: A curated mammography 

data set for use in computer-aided detection and diagnosis research,” Sci. Data, vol. 4, pp. 1–9, 2017, doi: 

10.1038/sdata.2017.177. 

[23] W. Heath, M., Bowyer, K., Kopans, D., Moore, R. & Kegelmeyer, “DDSM-Heath, M., Bowyer, K., Kopans, D., Moore, R. & 

Kegelmeyer, W. The Digital Database for Screening Mammography. In Yaffe, M. (ed.) Proceedings of the Fifth International 

Workshop on Digital Mammography, 212–218 (Medical Physics Publishing, 2001).” . 

[24] “The Cancer Imaging Archive (TCIA) https://www.cancerimagingarchive.net/.” . 

[25] S. A. Graham RN, Perriss RW, “DICOM demystified: a review of digital file formats and their use in radiological practice. 

Clin Radiol. 2005 Nov;60(11):1133-40. doi: 10.1016/j.crad.2005.07.003. PMID: 16223609.” 

[26] A. M. Reza, “Realization of the Contrast Limited Adaptive Histogram Equalization (CLAHE) for Real-Time Image 

Enhancement. The Journal of VLSI Signal Processing-Systems for Signal, Image, and Video Technology 38, 35–44 (2004). 

https://doi.org/10.1023/B:VLSI.0000028532.” 

[27] B. M. et al. Pisano, E.D., Zong, S., Hemminger, “Contrast Limited Adaptive Histogram Equalization image processing to 

improve the detection of simulated spiculations in dense mammograms. J Digit Imaging 11, 193 (1998). 

https://doi.org/10.1007/BF03178082.” 

[28] M. Storath and A. Weinmann, “‘Fast Median Filtering for Phase or Orientation Data,’ in IEEE Transactions on Pattern Analysis 

and Machine Intelligence, vol. 40, no. 3, pp. 639-652, 1 March 2018, doi: 10.1109/TPAMI.2017.2692779.” 

[29] M. Tan and Q. V. Le, “EfficientNet: Rethinking model scaling for convolutional neural networks,” 36th Int. Conf. Mach. Learn. 

ICML 2019, vol. 2019-June, pp. 10691–10700, 2019. 

[30] H. Alhichri, A. S. Alswayed, Y. Bazi, N. Ammour, and N. A. Alajlan, “Classification of Remote Sensing Images Using 

EfficientNet-B3 CNN Model with Attention,” IEEE Access, vol. 9, pp. 14078–14094, 2021, doi: 

10.1109/ACCESS.2021.3051085. 

 

http://www.jetir.org/

