
PROCEEDINGS OF SPIE

SPIEDigitalLibrary.org/conference-proceedings-of-spie

Skin lesion boundary segmentation
with fully automated deep extreme
cut methods

Goyal, Manu, Ng, Jiahua, Oakley, Amanda, Yap, Moi Hoon

Manu Goyal, Jiahua Ng, Amanda Oakley, Moi Hoon Yap, "Skin lesion
boundary segmentation with fully automated deep extreme cut methods,"
Proc. SPIE 10953, Medical Imaging 2019: Biomedical Applications in
Molecular, Structural, and Functional Imaging, 109530Q (15 March 2019); doi:
10.1117/12.2513015

Event: SPIE Medical Imaging, 2019, San Diego, California, United States

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 18 Apr 2022  Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Skin Lesion Boundary Segmentation with Fully Automated
Deep Extreme Cut Methods

Manu Goyala, Jiahua Ngb, Amanda Oakleyc, and Moi Hoon Yapa

aVisual Computing Lab, Manchester Metropolitan University, Manchester, UK
bDepartment of Computer Science, University of Sheffield, Sheffield, UK

cDermNet New Zealand

ABSTRACT

The skin is the largest organ in our body. There is a high prevalence of skin diseases and a scarcity of dermatol-
ogists, the experts in diagnosing and managing skin diseases, making CAD (Computer Aided Diagnosis) of skin
disease an important field of research. Many patients present with a skin lesion of concern, to determine if it is
benign or malignant. Lesion diagnosis is currently performed by dermatologists taking a history and examining
the lesion and the entire body surface with the aid of a dermatoscope. Automatic lesion segmentation and eval-
uation of the symmetry or asymmetry of structures and colours with the help of computers may classify a lesion
as likely benign or as likely malignant. We have explored a deep learning program called Deep Extreme Cut
(DEXTR) and used the Faster-RCNN-InceptionV2 network to determine extreme points (left-most, right-most,
top and bottom pixels). We used the ISIC challenge-2017 images for the training set and received Jaccard index
of 82.2% on the ISIC testing set 2017 and 85.8% on the PH2 dataset. The proposed method outperformed the
winner algorithm of the competition by 5.7% for the Jaccard index.
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1. INTRODUCTION

Skin cancers such as melanoma have become more prevalent in recent years with a steadily rising incidence in
melanoma in the UK between 1993 and 2015 [1]. Early detection of melanoma improves the prognosis of the
disease. With a growing at-risk population and lack of healthcare professionals trained in skin cancer diagnosis,
there is an opportunity to develop CAD (Computer Aided Diagnosis) systems for skin lesions [2,3]. One important
aspect of CAD for skin lesion diagnosis is skin lesion boundary segmentation. Most of the publicly available
datasets of skin lesions do not have segmentation ground truths, as annotation of lesion segmentation is very
expensive and time consuming [4, 5]. Due to the varying characteristics and attributes of different types of skin
lesions, automated lesion segmentation with computers is a very difficult task [6].

However, recent advancement in deep learning has significantly improved the quality of these computer vision
systems to detect the abnormalities in the different medical imaging such as Magnetic Resonance Imaging (MRI),
dual-energy X-ray absorptiometry, ultrasonography, and computed tomography [7–11]. In healthcare, computer
vision systems are used for the evaluation of skin such as facial skin in face images and diabetic foot ulcers in foot
images [12–15]. CAD systems with deep learning technologies have great potential to support dermatologists in
near future with accurate skin lesion segmentation to improve lesion diagnosis [3, 16]. In further efforts to push
and improve CAD systems for skin lesions, the International Skin Imaging Collaboration (ISIC) holds annual
challenges for skin lesion segmentation and classification [17].

In the 2017 challenge, the winner algorithm achieved a Jaccard index score of 76.5%. In other works, Al-masni
et al, used the full resolution convolutional network inspired by VGG-16 scored Jaccard index of 77.1% [18] on
ISIC testing set 2017. Goyal et al. [19] presented an interesting work of Region of Interest (RoI) detection of
skin lesions using the similar dataset and proved object localization networks work better than segmentation
algorithms for the RoI detection. In this work, we have used similar RoI detection algorithms to get the four
extreme points to represent skin lesions in the dermoscopic images. These are later used for segmentation.
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Figure 1. Illustration of original images (the first row) and its corresponding ground truth in binary masks (the second
row).

Figure 2. Illustration of our proposed fully automated method for lesion segmentation

2. DATASET AND GROUND TRUTH

ISIC 2017 Segmentation Challenge consists of 2000 training images, 150 validation images and 600 testing images
[17]. The ISIC 2018 Challenge has almost the similar images for training as the previous challenge, but the testing
set consists of 1000 images. The organizers decided not to release the ground truths for this year challenge. The
dermoscopic images are of varying sizes. We resized them to 500 × 375 pixels to improve the performance of
the algorithm and to reduce the computational costs. We also used the PH2 dataset [20] as a testing set. This
consists of 200 dermoscopic images categorized as naevus and melanoma. The sample images with ground truths
are shown in the Figure 1.

3. METHODOLOGY

There are many state-of-the-art automatic segmentation methods (including Fully Convolutional Networks, U-
Net, and SegNet) which have performed very well on both non-medical and medical segmentation datasets
(Pascal-VOC, MS-COCO) [14, 21–25]. Deep Extreme Cut is a semi-automatic method that uses the extreme
points (bounding box) as the input to enable precise segmentation of an object [26]. Deep Extreme Cut uses
DeeplabV2 with Resnet101 as the base network [27]. For precise segmentation, a human annotator is needed to
select the extreme points. Instead of using dermatologists or another human to provide these extreme points, we
used Faster-RCNN with InceptionV2 architecture to locate the extreme points to make a semi-automated system
become fully automated for skin lesion segmentation [19,28]. The brief architecture of the fully automated method
is shown in Figure 2. We used the Shades of Gray algorithm as the pre-processing method for normalization of
dermoscopic images [29]. The following section describes each stage of our method.

3.1 Pre-Processing

The ISIC Challenge dataset is comprised of dermoscopic skin lesion taken from all over the world using different
dermatoscopes and cameras. Hence, it is important to perform pre-processing for color normalization and
illumination with a color constancy algorithm. We pre-processed the dataset with Shades of Gray algorithm [29]
as shown in the Figure 3, where the background skin has unified contrast and color.
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Figure 3. Examples of color normalization by Shades of Gray algorithm [29].

3.2 Faster R-CNN

After image pre-processing, we used Faster R-CNN [28] to get the extreme points of skin lesions in dermoscopic
images. We used pre-trained model called Faster-RCNN InceptionV2 on MS-COCO dataset [30] to train the
network on ISIC 2017 skin lesion dataset for RoI detection. We made the changes in the final layers of Faster-
RCNN network to get single bounding box per testing image similar to the related work [19].

3.3 DEXTR

Deep Extreme Cut [26] is a semi-supervised segmentation algorithm that performs segmentation using 4 most
extreme points of the object, provided by manual input of the human or expert annotator. In our case, we
used the coordinates of the bounding boxes from Faster R-CNN to fully automate the system without any
human intervention. The extreme points are used as input of the DEXTR network to perform the semantic
segmentation. These input images are trained with DeeplabV2 architecture with ResNet101 [30], which outputs
a probability map representing whether a pixel belongs to an object or to a background class. The classification
of each pixel in the image results into a binary mask of the segmentation, The examples of this method for the
segmentation of the skin lesions are shown in the Fig. 4. One of the salient feature of our proposed method is
we did not include any post-processing method to further improve the performance. Post-processing methods
can be influenced by different types of skin lesions.

3.4 Performance Metrics

In medical imaging, Sensitivity and Specificity are the standard evaluation metrics. Whereas Dice Similarity
Coefficient (Dice) is often used by segmentation researchers In medical imaging, Sensitivity and Specificity are the
standard evaluation metrics. Whereas Dice Similarity Coefficient (Dice) is the metric often used by researchers
in segmentation [31,32]. We report our findings for Jaccard Index, Dice, Sensitivity, Specificity and Accuracy as
our evaluation metrics for segmentation.

Sensitivity =
TP

TP + FN
(1)

Specificity =
TN

FP + TN
(2)
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Figure 4. Examples of producing binary masks from dermoscopic images with Faster-RCNN & DEXTR

Accuracy =
TP + TN

TP + FP + TN + FN
(3)

Jaccard =
TP

(TP + FP + FN)
(4)

Dice =
2 ∗ TP

(2 ∗ TP + FP + FN)
(5)

4. EXPERIMENT AND RESULTS

We used the ISBI-2017 dataset to train all the networks on a GPU machine with the following specification:
(1) Hardware: CPU - Intel i7-6700 @ 4.00Ghz, GPU - NVIDIA TITAN X 12Gb, RAM - 32GB DDR5 (2)
Deep Learning Software: Tensorflow and PyTorch. We trained both Faster-RCNN and DEXTR with the default
learning rate as reported in the original papers [26,28] for 200 epochs. We did not include any data-augmentation
technique or post-processing methods.

The ISIC challenge 2017 testing set consists of 600 dermoscopic images and the PH2 dataset consists of 200
images. Table 1 and Table 2 summarize the performance or segmentation evaluation metrics of our method
and other state-of-the-art segmentation methods. Our method achieved a Jaccard index score of 82.2% for the
ISIC testing set 2017, which outperformed the FCN, U-Net, SegNet, and FrCN by 10%, 20.6%, 12.6%, and 5.1%
respectively. When compared to the algorithms that were placed first and second in the competition, our method
outperformed them by 5.7% and 6% respectively. We also achieved better scores in the PH2 dataset.

Our proposed method was less accurate than the comparators for the metric, Specificity. Specificity measures
the non-skin lesion pixels that are correctly detected by the method; we did not add any post-processing methods
to improve it. Figure 5 illustrates the segmentation results when compared to the ground truth annotations.

5. CONCLUSION

Automatic skin lesion boundary segmentation is an important preliminary step in the development of a lesion
diagnosis CAD system for skin cancers. In this work, we have proposed a fully automated segmentation method
based on DEXTR to segment the skin lesions and an RoI provided by the Faster-RCNN method. We pre-
processed the images with a color constancy algorithm for normalization and illumination, as dermoscopic images
may be captured using different devices and lighting conditions. We tested our proposed algorithm on two publicly
available datasets of skin lesions, the ISBI Challenge dataset 2017 and the PH2 dataset. Notably, we did not
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Table 1. Performance evaluation of our proposed methods and state-of-the-art algorithms on ISIC Skin Lesion Segmenta-
tion Challenge 2017

Methods Accuracy Dice Jaccard Index Senstivity Specificity

First: Yading Yuan (CDNN Model) 0.934 0.849 0.765 0.825 0.975

Second: Matt Berseth (U-Net) 0.932 0.847 0.762 0.820 0.978

FCN 0.927 0.838 0.722 0.800 0.967

U-Net 0.901 0.763 0.616 0.672 0.972

SegNet 0.918 0.821 0.696 0.801 0.954

FrCN 0.940 0.870 0.771 0.854 0.967

Faster-RCNN+DEXTR (Proposed Method) 0.947 0.885 0.822 0.910 0.961

Figure 5. Examples of segmentation produced on dermoscopic images of ISIC Challenge and PH2 dataset by the proposed
method (Faster RCNN & DEXTR): (a) white boundary represents the ground truth (b) blue boundary represents the
segmentation produced by the proposed method.
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Table 2. Performance evaluation of our proposed methods and state-of-the-art algorithms on PH2 Dataset

Methods Accuracy Dice Jaccard Index Senstivity Specificity

FCN 0.928 0.890 0.802 0.953 0.941

U-Net 0.925 0.876 0.780 0.867 0.976

SegNet 0.934 0.894 0.808 0.916 0.966

FrCN 0.950 0.918 0.848 0.945 0.954

Faster-RCNN+DEXTR (Proposed Method) 0.957 0.922 0.858 0.978 0.951

include any data-augmentation and post-processing methods as training dataset of 2000 dermoscopic images
for skin lesion segmentation is proven to be sufficient for training the proposed method. Our proposed method
outperformed the other state-of-the-art segmentation methods and challenge winner. This study only focuses
on a single class of skin lesion segmentation. In the future studies, segmentation algorithms can be used to
accurately detect and segment other types of skin lesion (multi-class segmentation) such as seborrheic keratosis,
melanocytic naevus, basal cell carcinoma, melanoma.
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