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Abstract

Quantitative evaluation of vitiligo is crucial for assessing treatment response. Der-
matologists evaluate vitiligo regularly to adjust their treatment plans, which requires
extra work. Furthermore, the evaluations may not be objective due to inter- and
intra-assessor variability. Though automatic vitiligo segmentation methods provide
an objective evaluation, previous methods mainly focus on patch-wise images, and
their results cannot be translated into clinical scores for treatment adjustment. Thus,
full-body vitiligo segmentation needs to be developed for recording vitiligo changes
in different body parts of a patient and for calculating the clinical scores. To bridge
this gap, the first full-body vitiligo dataset with 1740 images, following the interna-
tional vitiligo photo standard, was established. Compared with patch-wise images,
full-body images have more complicated ambient light conditions and larger variances
in lesion size and distribution. Additionally, in some hand and foot images, skin can
be fully covered by either vitiligo or healthy skin. Previous patch-wise segmentation
studies completely ignore these cases, as they assume that the contrast between vi-
tiligo and healthy skin is available in each image for segmentation. To address the
aforementioned challenges, the proposed algorithm in this study exploits a tailor-made
contrast enhancement scheme and long-range comparison. Furthermore, a novel confi-
dence score refinement module is proposed to manage images fully covered by vitiligo
or healthy skin. Our results can be converted to clinical scores and used by clinicians.
Compared to the state-of-the-art method, the proposed algorithm reduces the average
per-image vitiligo involvement percentage error from 3.69 % to 1.81 %, and the top 10
% per-image errors from 23.17 % to 8.29 %. Our algorithm achieves 1.17 % and 3.11 %
for the mean and max error for the per-patient vitiligo involvement percentage, which
is better than an experienced dermatologist’s naked-eye evaluation.
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(a) Melanoma (b) Psoriasis (c) Vitiligo

Figure 1.1: The differences between melanoma [2], psoriasis, and vitiligo are as follows:
Melanoma appears as dark spots, psoriasis lesions are typically red or pink patches covered
by silvery scales, while vitiligo lesions are usually white patches. Melanoma typically presents
as small spots, whereas psoriasis and vitiligo can spread over a large portion of the body’s
surface.

1. Introduction

Vitiligo is a skin disease caused by the loss of pigment. Accurate vitiligo assessment is impor-
tant to diagnosis, prognosis, and treatment selection. Widely used clinical vitiligo assessment
scores, such as the Vitiligo Extent Score (VES) [10], require dermatologists to estimate the
vitiligo involvement percentage by the naked-eye. The scores are regularly estimated for
tracking the change of vitiligo and adjusting the treatment promptly. Automatic evalua-
tion is critical to alleviate the burden of dermatologists and avoid inter- and intra-accessor
variability.

For skin cancers like melanoma [23] or basal cell carcinoma (BCC) [37], automatic seg-
mentation methods mainly focus on patch-wise images. For example, the most widely used
skin cancer dataset ISIC [13] contains thousands of patch-wise skin images that can be used
to evaluate automatic segmentation methods. It can be observed from the images in ISIC
that skin cancers, such as melanoma shown in Fig. 1.1(a), usually appear as small spots.
Also, the clinical evaluation process of melanoma focuses on the skin patch. Therefore, it is
reasonable that the automatic segmentation of melanoma images is primarily based on patch-
wise images. However, skin diseases like psoriasis and vitiligo, as shown in Fig. 1.1(b) and
(c), can affect a large portion of the body surface area, which differs from melanoma. Con-
sequently, the clinical evaluation of vitiligo, such as Vitiligo Area Scoring Index (VASI) [17],
is based on the percentage of the full-body surface involved in the disease. Aligning with
the clinical evaluation, the vitiligo automatic methods should focus on full-body lesion seg-
mentation. It should be highlighted that patch-wise segmentation is incapable of providing
results for clinical usage.

Previous vitiligo automatic segmentation methods are either limited to patch-wise im-
ages [24, 25] or one particular body part, such as the trunk [33] or face [12, 39]. None of
them consider the full-body evaluation, which makes the translation from automatic seg-
mentation results to clinical vitiligo scores difficult. It makes the translation from automatic
segmentation results to clinical vitiligo scores difficult. Full-body vitiligo segmentation is



essential for clinical usage, but it is more complicated than patch-wise vitiligo segmentation.
Firstly, full-body images have more complex ambient lighting conditions compared to patch-
wise images. Secondly, vitiligo can spread over a large portion of the body’s surface area.
Some body part images are fully covered by vitiligo lesions, and these images are totally
ignored in the patch-wise vitiligo dataset. In patch-wise segmentation, vitiligo lesions are
always surrounded by healthy skin for comparison within the same image. For example,
Fig. 1.2(a) shows images from a patch-wise vitiligo dataset [36], where vitiligo and healthy
skin are present in the same image. The coexistence of vitiligo and healthy skin within
the same image provides a reference for segmentation. Fig. 1.2(b) and (c¢) are hand images
covered respectively only by healthy skin and only by vitiligo. It is challenging to localize
the vitiligo and healthy skin in Fig. 1.2(b) and (c) due to the lack of a reference to the other
category. However, such images (solely covered by vitiligo/healthy skin) do exist in real clin-
ical applications, and they cannot be handled by patch-wise vitiligo segmentation methods.
Moreover, patch-wise vitiligo segmentation fails to consider long-range comparisons, which
are crucial for full-body vitiligo segmentation. Patch-wise segmentation mainly focuses on
small patch images, while full-body segmentation requires referencing healthy skin from a
broader context, as illustrated in Fig. 1.2(d). The vitiligo in the center of Fig. 1.2(d) needs
to perform long-range comparisons with healthy skin in other regions.

In 2019, international vitiligo experts achieved a consensus for standardizing vitiligo pho-
tos [9] and recommended it for reproducible evaluations. In the standard, the international
vitiligo experts defined standard positions of body parts to comprise a set of images for
vitiligo patients, and the body surface area percentage of each image accounts for the total
skin surface area. Per-image vitiligo involvement percentage can be obtained by calculating
the number of predicted vitiligo and skin pixels from segmentation results. Combining the
body surface area percentage with the per-image vitiligo involvement percentage, the per-
patient vitiligo involvement percentage can be obtained. With a full-body dataset following
the aforementioned international vitiligo photo standard (VPS) and an automatic full-body
segmentation method, the segmentation result can be applied for clinical usage.

To bridge the gap between vitiligo segmentation methods and clinical scores, this paper
makes the following contributions:

1. The authors point out that due to the discrepancy in clinical evaluations of skin cancers
and vitiligo, segmentation of vitiligo should not follow the previous patch-wise scheme.
Only full-body vitiligo segmentation, whose dataset follows the international vitiligo
photo standard, can be applied for clinical usage. Thus, the first standard full-body
vitiligo dataset is established, consisting of 1740 body part images. These images
adhere to the international vitiligo photo standard.

2. A tailor-made contrast enhancement scheme is proposed to address the complicated
light conditions of full-body images. To enable long-range comparisons between large
lesions and healthy skin in the distance, the integrated successive dilation is employed
in the proposed algorithm.

3. The authors reveal that in the full-body dataset, the pixel-wise intensity of vitiligo and
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Figure 1.2: Comparisons between patch-wise vitiligo images (left) and body-parts vitiligo
images (right). (a) vitiligo and healthy skin coexisted in all patch-wise images. (b) and
(c) are hand images covered only by healthy skin and only by vitiligo, respectively. (d) the
body-part vitiligo image needs long-range comparison for large lesion segmentation.

healthy skin has a large range of overlap due to complicated ambient light conditions.
However, the mean intensity of vitiligo pixels is consistently higher than that of healthy
skin pixels in the same image set. Based on this discovery, a novel confidence score
refinement module is proposed to effectively handle images with pure healthy skin and
pure vitiligo.

4. This paper conducts a comparison with a dermatologist’s evaluation. The result from
the proposed algorithm is better than an experienced dermatologist’s naked-eye eval-
uation. The proposed algorithm achieves state-of-the-art performance in Intersection-
over-Union, per-image involvement percentage, and per-patient involvement percent-
age.

In summary, the proposed algorithm improves the performance by including more healthy
skin data and utilizing the proposed contrast enhancement, longer range comparison, and
confidence score refinement schemes. This work presents the first vitiligo segmentation al-
gorithm designed for full-body images, following the international vitiligo photo standard
proposed by medical experts. Following the clinical standard ensures that the developed
method is valuable for clinicians. This work is important as it addresses the real-world
vitiligo automatic diagnosis problem: how to automatically diagnose vitiligo lesions when
vitiligo and healthy skin do not coexist in the same image. Previous works have entirely ig-
nored these cases and have performed poorly on images fully covered only by vitiligo or skin
due to the lack of contrast. The proposed algorithm utilizes cross-referencing between images
from the same patient to establish contrast between vitiligo and healthy skin, providing a
practical solution for these cases. As a result, this work generates clinical vitiligo scores auto-
matically and offers an effective way to bridge the gap between image segmentation methods
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and clinical applications. The proposed algorithm provides a slightly better estimation than
the naked-eye estimation of an experienced dermatologist, reducing the workload of derma-
tologists. The research was approved under National Healthcare Group, Singapore, DSRB
(Domain Specific Review Board) Protocol Number 2014/01015 on 26th April 2018.

The rest of the paper is organized as follows. Section II summarizes the previous related
works and their drawbacks. Section III provides the details of the datasets used in this work.
Section IV describes the proposed algorithm, and Section V presents the experimental results.
Section VI concludes this work.

2. Related Work

This section gives an overview of the previous works related to full-body vitiligo segmenta-
tion. It begins with previous work in bridging the gap between medical imaging and clinical
usage. Then the literature on automatic skin lesion diagnosis is reviewed. The difference in
clinical evaluation metrics for skin cancer and vitiligo indicates that the automatic vitiligo
segmentation methods should not follow the previous patch-wise scheme and full-body vi-
tiligo segmentation should be established for clinical usage. In the last part of this section,
previous vitiligo segmentation methods are also reviewed.

2.1. Efforts for Bridging the Gap Between Medical Imaging and
Clinical Usage.

The emergence of artificial intelligence boosts the accuracy of image-based automatic diagno-
sis. However, the discrepancy between general image recognition methods and requirements
of automatic diagnosis introduces gaps in clinical translation. These gaps may render devel-
oped methods ineffective for clinicians. The first concern is that the evaluation metrics of
general image recognition methods are inadequate to describe patient conditions, and clin-
ical evaluation is essential for assessing these methods. In organ delineation, Xu et al. [30]
discovered that widely used evaluation metrics, such as the Dice score, are inadequate for
describing the results in delineation. They suggested that the evaluation should incorpo-
rate physician-reported assessments. Similarly, Diwakar et al. [7] suggested that automatic
diagnosis should be assessed using both statistical metrics and observations from medical
experts. The second concern is variations in data collected from different institutions. These
variations result in non-independently and identically distributed (non-iid) datasets among
data collected by different institutions. To address this issue, researchers proposed innova-
tive frameworks in federated learning [38] and feature ensemble techniques [27] to enhance
the generalization capability for non-iid data in retinal and COVID-19 datasets, respectively.
To better address the variations, medical scientists also proposed numerous consensus-based
guidelines to standardize Al in healthcare fields. For instance, a consensus-based guide-
line known as the Image Biomarker Standardization Initiative was published [42]. This
initiative aims to standardize each step from data acquisition to post-analysis techniques in
image-based biomarker processing. Similarly, medical scientists also developed standards and



guidelines for pathology research [29], particularly in the context of next-generation sequenc-
ing (NGS), to reduce variations in tissue acquisition and method validation for pathology
imaging. Physicians specializing in hepatic tumors proposed a recommendation for image-
guided ablation methods development for liver tumors [19]. Similarly, to standardize vitiligo
segmentation, vitiligo experts proposed an international vitiligo photo standard [9]. The
standard observed that only standard full-body segmentation can be translated to vitiligo
clinical scores. However, previous vitiligo segmentation approaches primarily focused on
patch-wise segmentation, and none of them followed this standard.

2.2. The Gap Between Segmentation Results and Clinical Evalua-
tion Metrics in Skin Images

The majority of skin lesion segmentation datasets consist of patch-wise images. This is
reasonable for cancerous lesions such as melanoma. Because the clinical evaluation process
for these types of cancer primarily concentrates on the local skin region initially and subse-
quently determines whether the lesion is cancerous or not, patch-wise segmentation results
for cancerous skin diseases [14-16, 18] closely align with the clinical evaluation metrics. Fol-
lowing the trends of these automated segmentation methods for cancerous skin diseases,
patch-wise vitiligo [24, 25] segmentation methods were developed to alleviate the workload
of dermatologists. However, these methods ignored the fact that clinical evaluation metrics
for vitiligo are different from those for cancerous skin diseases. As shown in Fig. 1.1, vitiligo
can affect a large skin surface, in contrast to the small-size skin cancer lesions. Therefore,
the widely used clinical evaluation scores for vitiligo [10, 17] are based on the percentage of
lesion involvement on the full-body skin surface. Due to the requirement of full-body clin-
ical evaluation, patch-wise vitiligo segmentation results are not sufficient for clinical usage.
Full-body vitiligo segmentation methods must be developed for clinical applications.

2.3. Previous Vitiligo Segmentation Datasets and Methods

For studying vitiligo segmentation, researchers have established several datasets. However,
these datasets focus either on patch-wise images [4] [36], or one particular body part [39] [12].
With the above-mentioned vitiligo datasets, the majority of previous vitiligo segmentation
methods deal with patch-wise images [4, 24, 25]. ISBI20 [21] segments vitiligo lesions by
directly applying InceptionV2 [32] to patch-wise vitiligo images. Bian et al. [4] proposed
a weakly supervised classification-segmentation workflow for patch-wise vitiligo image seg-
mentation. Toh et al. [33] segmented trunk images using linear spectral clustering (LSC)
superpixel [1]. Li et al. [39] proposed a face vitiligo segmentation method based on special
synthetic face images and wild-position images. HybridSeg [12] directly applies YOLO3 [28]
and UNet++ [41] as a detection-segmentation workflow to vitiligo segmentation. The pre-
vious methods focus on patch-wise or particular body-part segmentation, such that their
results do not align with vitiligo clinical metrics.
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Figure 2.1: An example of an image set following the international vitiligo photo standard.
There are 15 images in a set include a) trunk(front), b) trunk (back), c¢) trunk (left), d)
trunk(right), e) palm, f) legs(front), g) legs(back), h) legs (left), i) legs (right), j) dorsum of
the hand, k) left arm (back), 1) right arm (back), m) feet, n) right arm (front), and o) left
arm (front).

(a) Samples from SFVD (b) Samples from NAFD

Figure 2.2: Some samples from (a) SFVD and (b) NAFD. SFVD is the clinical vitiligo full-
body dataset, and it follows the international vitiligo photo standard. NAFD is the healthy
non-standard body-part images from a public dataset [3].

3. Datasets

Two datasets are introduced in this section. The first one is the main dataset used for
training and testing in this research. It is a full-body standard dataset that follows the
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Table 3.1: Standard Full-body Vitiligo Dataset information, categorized by patients and by
body-part name.?

by patient | patientid |1 |2 [3]4|5 |6[7|8]9]10 [11[12|13|14[15] 16|17 |18|19]20 |
| no.of imgsets [ 11 |7 |5 |7]8 |2]5|3]|7]7 |7 ]1 15 |6 |6 |7 |6 |7 17 |6 |
‘ body-part name ‘ no. of imgs ‘ body-part name ‘ no. of imgs ‘ body-part name ‘ no. of imgs ‘
| (a) trunk (front) | 111 | (b) trunk (back) | 113 | (c) trunk (left) | 112 |
by body-part name | (d) trunk (right) | 112 | (e) palm | 114 | (£) legs (front) | 120 |
| (g) legs (back) | 120 | (h) legs (left) | 120 | (i) legs (right) | 120 |
| (j) dorsum of the hand | 114 | (k) left arm (back) | 120 | (1) right arm (back) | 120 |
‘ (m) feet ‘ 104 ‘ (n) right arm (front) ‘ 120 ‘ (0) left arm (front) ‘ 120 ‘

international vitiligo photo standard. The second dataset consists of publicly available non-
standard healthy skin images. The inclusion of additional images provides the segmentation
model with a greater number of healthy skin samples to suppress false positives.

3.1. Standard Full-body Vitiligo Dataset (SFVD)

SEFVD contains 1740 clinical body-parts images collected by the National Skin Center, Sin-
gapore, according to VPS [9]. 20 patients contributed to the dataset, and each patient has
serial sets of images as recorded in Table 3.1. It is the first standard full-body vitiligo seg-
mentation dataset and the largest vitiligo segmentation dataset in terms of image number.
An example of an image set is shown in Fig. 2.1 and details of the image number for each
body-part are recorded in Table 3.1. Each body-part surface area percentage is included in
the international vitiligo photo standard [9]. The resolutions of the vertical and horizontal
raw images are respectively 3000 by 4500 pixels and 4500 by 3000 pixels. These raw images
were resized to 508 pixels for the longer side while maintaining the aspect ratio and padded
to 508 pixels for the shorter side to create the final dataset. The annotation of the images was
conducted by part-time workers and checked by a dermatologist. The masks of annotation
are grayscale images, where pixel values of 0, 1, and 2 indicate background, healthy skin, and
vitiligo, respectively. Underwear, personal accessories, and hair are marked as backgrounds
in our dataset. These images were randomly split to 5-fold for cross-validation. Images from
the same patient are always in either training or testing sets to avoid information leakage.

3.2. Normal Arm and Foot Dataset (NAFD)

The additional healthy skin dataset is introduced in this research for false positive suppres-
sion. NAFD consists of 60 upper arm images, 59 foot images, 64 forearm images, and 177
palm images. These images were collected from a healthy people public dataset [3], which
does not follow the vitiligo photo standard. These images were processed in the same manner
as SFVD. Some samples from SFVD are depicted in Fig. 2.2(a) and NAFD is depicted in
Fig. 2.2(b).
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Figure 3.1: A block diagram of the proposed algorithm. The new modules are highlighted
in the dark green dash boxes. The four new modules in the proposed algorithm are NAFD
dataset, TCE, ISD, and CSR.

r Final Prediction

1
Long tail ‘H H
Vo Ll

v v v v

Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1

Dilation 3 x 3 Dilation 3 x 3 Dilation 3 x 3 Dilation 3 x 3
Rate =1 Rate =2 Rate =4 Rate =4

Conv 1x1 Conv 1x1 Conv 1x1 Conv 1x1
Conv 1 x1 Conv 1x1 Conv 1x1 Conv 1x1
C C J J
D
N

Figure 3.2: The architecture of the integrated successive dilation (ISD) module. ISD com-
bines features from four parallel convolution branches with different dilation rates.

4. The Proposed Algorithm

The proposed algorithm is designed based on the characteristics of full-body vitiligo images
and is summarized in Fig. 3.1. New blocks of the proposed algorithm are highlighted in
green dashed boxes. On the input side, additional healthy skin images, denoted as NAFD
in Fig. 3.1, are used to expose the segmentation model to a broader range of healthy skin
variations. Furthermore, a tailor-made contrast enhancement scheme, labeled as TCE in
Fig . 3.1, is proposed to provide the segmentation model with more reliable features. An
integrated successive dilation module, marked as ISD in Fig. 3.1, is employed to perform
long-range comparisons for large lesions. Lastly, a novel confidence score refinement module,
marked as CSR in Fig. 3.1, is proposed to correct the preliminary segmentation. The research
was approved under National Healthcare Group, Singapore, DSRB (Domain Specific Review



Board) Protocol Number 2014/01015 on 26th April 2018.

4.1. Normal Arm and Foot Dataset (NAFD) and the Tailor-made
Contrast Enhancement (TCE)

In medical settings, the dataset is usually small compared to other generic datasets. Small
datasets may lead to bias in the training data, especially for the settings in our study
where each fold of the training-testing split is based on patients, instead of images. In each
fold of the evaluation, the training dataset contains only skin images of around 16 patients.
Although the international vitiligo photo standard has reduced some variations in the images,
these small training sets make it hard to cover diverse human skin colors and textures. To
alleviate this, we introduce NAFD to provide a wider range of skin colors and textures to
the model in order to handle more diverse types of skin.

The segmentation performance of vitiligo is highly affected by light conditions. Images
from the same patient captured in different light conditions have various contrast levels
between vitiligo and skin. Low contrast between vitiligo and skin contributes to hard samples
in segmentation. Contrast enhancement can alleviate this issue and provide a reliable feature.
The widely used contrast enhancement [26] is not effective enough for vitiligo pixels due to
long-tail pixel intensity problems. For example, in Fig. 2.1(a) to (d), the darkest pixel is
from underwear or body hair. Standard contrast enhancement increases the contrast between
vitiligo and underwear, rather than the contrast between vitiligo and healthy skin. Thus,
we modified the widely used module by adding a long-tail check such that it can remove the
long-tail background pixels and focus on the contrast between vitiligo and healthy skin. The
enhancement is formulated as:

Max, — Min,

[o: I,L—M,L - M-o 41
( ing) * Maz; — Min, A (4.1)

where I; and I, are the input and output pixel values in one of the RGB channels, respec-
tively. The contrast parameters are sampled from intensity images and the same set of
parameters are applied to each of the RGB channels. Maz; and Min; are the maximum and
minimum pixel values of the input intensity image and Mazx, and Min, are the maximum
and minimum pixel values of the output intensity image. Mazx, is uniformly sampled from
(0.8, 1.0] and Min, is uniformly sampled from [0, 0.2]. To obtain the value of Maz; and
Min;, two values Maz;" and Min; are first uniformly sampled from [0.8, 1.0] and [0, 0.2],
respectively. The pixels between the 0-1st percentile and between the 99-100th percentile
are regarded as the long tail. The cut-off intensity of the long tail for both sides is denoted
as [Lmin, Limaz). To avoid losing too much pixel information during the enhancement, we set
Min; = min (Lpin, Min;*). The same operation is applied to the high-intensity end of the
image. Thus, this module stretches or squeezes the input image to a random output range
[Min,, Mazx,| with a function to reduce the effect of long-tailed pixels.

2Around 10% of the total image sets lack one or two images from the standard 15 body-part sets. Due
to the costly nature of collecting medical images, we have included these sets in our dataset.
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4.2. Integrated Successive Dilation (ISD)

In cases where there is low contrast between vitiligo and healthy skin in large vitiligo lesions,
our baseline [40] model struggles to identify the interior portion of the lesion. In such
cases, the struggle may be related to the lack of interior feature enhancement and long-range
comparisons with healthy skin areas at a distance in our baseline model. Inspired by [11, 31],
we utilize ISD to perform long-range comparisons to enhance the interior features of large
lesions. ISD combines features from multiple convolutional layers with different dilation
rates. As shown in Fig. 3.2, we use four parallel branches but the last two branches have the
same dilation rates. This block is implemented right after the last layer of our backbone.

4.3. Confidence Score Refinement (CSR)

In the patch-wise vitiligo image studies, the vitiligo lesions are always surrounded by healthy
skin in the same image, as shown in Fig. 1.2(a). Thus, the contrast between vitiligo and
healthy skin can be used to distinguish vitiligo from healthy skin. However, some clinical
vitiligo images following the international standard have only vitiligo or healthy skin. As a
result, their contrast is not available for segmentation and diagnoses. The problem is common
on body parts with small surface areas such as hands and feet. The experiments show that
the state-of-the-art methods cannot handle these images well. Fig. 4.1 lists five SFVD images
with the highest segmentation errors, revealing that the results with the highest errors are
dominated by hand images with only vitiligo or with only healthy skin. To address this
challenge, we proposed a novel confidence score refinement module.

Before presenting our refinement module, we first analyze the pixel intensity distribution
of vitiligo and healthy skin. With complicated ambient light conditions on the skin surface
area of full-body images, it is not guaranteed that the pixel-wise intensity of vitiligo is always
brighter than healthy skin, especially when comparing vitiligo and healthy skin pixels from
different body parts. Fig. 4.2 shows the boxplot for the intensity of vitiligo and healthy
skin from 30 sets of images of patients. Each set consists of 15 body part images as shown
in Fig. 2.1. In each set, the red boxplot represents the pixel-wise intensity distribution of
vitiligo, while the blue boxplot represents the pixel-wise intensity distribution of healthy
skin. The red box, along with the nearest blue box, represents the intensity distributions of
vitiligo and healthy images in one image set. The first observation from Fig. 4.2 is that the
intensity of pixel-wise vitiligo and healthy skin overlaps to a large extent, which supports
that vitiligo is not always brighter than healthy skin. The variation in pixel-wise vitiligo
intensity poses challenges in the segmentation of vitiligo in full-body images. However, it
can be observed that the mean intensity of vitiligo, represented by a small triangle within
the red boxplot, is consistently higher than that of the healthy skin, across all 30 image sets.

We were inspired by these observations and set the design principle for the confidence
score refinement: segmentation may be more accurate if the mean intensity of the segmented
vitiligo is higher than that of healthy skin. Although there is variation in the means of
vitiligo and healthy skin, considering that the model may mistakenly predict healthy skin as
vitiligo and vice versa, a greater discrepancy between the two means leads to a more confident
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Figure 4.1: The top 5 prediction errors of the previous works, the baseline, and the pro-
posed algorithm. Img., GI', and Pred. stand for the original image, ground-truth, and
segmentation results, respectively. avg on the left side of each method stands for the average
percentage of the top 5 errors. Top error images are mainly from hand and foot images fully
covered by only vitiligo or only healthy skin.
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Figure 4.2: Boxplots of vitiligo and healthy skin intensity from 30 patient image sets. Each
set consists of 15 body part images as shown in Fig. 2.1. In each set, the red boxplot
represents the pixel-wise intensity distribution of vitiligo, while the blue boxplot represents
the pixel-wise intensity distribution of healthy skin. The red box, along with the nearest
blue box, represents the intensity distributions of vitiligo and healthy images in an image
set.

prediction. Based on the design principle, we propose the confidence score refinement (CSR).
The refinement applies to small body parts such as the palm, dorsum of the hand, and foot
images as shown in Fig. 2.1(e), (j), and (m). We take palm refinement as an example and the
steps are described as follows. Firstly, the trained model segments full-arm images, half-arm
images, palm-arm images, and palm images. The half-arm images and palm-arm images
are cropped from the full-arm images. The coordinates of the palm in the arm images are
detected by the hand keypoint detection tool Mediapipe [22]. With all images and their
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predictions for full-arm, half-arm, palm-arm, and palm images, the confidence scores are
calculated according to Eq. 4.2:

if all fg pixels pre-

—1 dicted as healthy
skin
Clocore = ] if all fg pixels pre- (4.2)

dicted as vitiligo

LYV I, — % Y9I, otherwise

where fg stands for the foreground, V' and S are numbers of predicted vitiligo and healthy
skin pixels. [, and I, are the values of the corresponding pixels in a normalized grayscale
testing image. Clqore is calculated based on all pixels in the image. The principle of the
refinement is that by cross-referencing all predictions related to palm regions, the most
confident prediction is selected as the final prediction. The first step for the refinement is
to construct Cieorerise for the left and right palms. The Ciepperise consists of four Clyppe values
from the arm-palm list (ArP), which includes full-arm, half-arm, palm-arm, and palm. There
are four refinement cases. Case 1 is when both left and right Cs.prei5: have two or more Cleppe
calculated as -1. It indicates that the model believes both palms should be all healthy skin.
The reason is that all four predictions of ArP include the palm region. If at least two of these
predictions are all healthy skin, then the final prediction of the palms should be set as all
healthy skin. One example of case 1 is shown in Fig. 4.3(a). Case 2 has two or more Cyeore
calculated as 1 in both left and right Cieoperise- It is similar to case 1, and the final prediction
of both palms should be all vitiligo. The remaining two cases are based on selecting the
highest score predictions. Case 3 is when the highest Cy.... in the left or the right Cs.orerist
corresponds to the original palm prediction. The original palm prediction is kept unchanged
in case 3. If the Cyeorerise 0f ArP does not fall into the aforementioned three cases, then it
falls into case 4. Case 4 processes the left and right palms separately and combines them as
the final palm prediction. For the left Cy.oreist, the prediction corresponding to the highest
Cscore, denoted as Predics, is selected as the most confident prediction. Imgps is the
image that corresponds to the Predi.s,. Note that Pred;.y is the segmentation result, not
a score. Then, hand detection is performed on Img.s: to obtain the hand bounding box
bboxiepr. Prediesy and I'mgs are cropped by bboxi.s. The cropped image and prediction
are denoted as I'mgcrops: and Predcrops. The right-side ArP is processed similarly to
get Imgcroprigns and Prederoprigne. The Imgceropiess and Imgeropyign: are combined as a
single image, which serves as the output image. Similarly, Predcrop;.s; and Predcrop,ign: are
combined as the output prediction. Fig. 4.3(b) shows an example of case 4. The refinement
deals with the same body parts of the same person but may correspond to different images,
e.g. palms from front arm images and palm images. However, the ground-truth of vitiligo
involvement percentage is kept almost unchanged before and after the refinement as shown
in Fig. 4.4. The refinement for the dorsum of the hand is the same as the palm. To detect
the foot keypoints, the Openpose [5] tool is used in front leg images.
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Figure 4.3: (a) An example of CSR case 1. Firstly, Cyseorerist is calculated for the left and
right palms. The Cieorerise contains Cyeore of full-arm, half-arm, palm-arm, and palm. In
case 1, both left and right Cyeorerisr have two or more —1. According to the refinement rule,
the refined palm prediction is set as all healthy skin. (b) An example of CSR case 4. In
case 4, the left and right palms are processed separately and then combined as the final
palm prediction. For the left Cy.orerise, the prediction corresponding to the highest Cyore,
denoted as Predi.y, is selected as the most confident prediction. Img,s: is the image that
corresponds to the segmentation result Pred.s;. Then, hand detection is performed on
Imges to obtain the hand bounding box bboxi.s:. Predis and Imgys are cropped by
bboxcsr. The cropped image and prediction are denoted as I'mgcropis: and Prederopiey:.
The four right palm images are processed similarly to get Imgcrop,ign: and Predcropyighs.
The I'mgcropie s and Imgeropy,ign: are combined as a single image, which serves as the output
image. Similarly, Predcrops and Predcrop,gn: are combined as the output prediction.

5. Experiments

5.1. Experimental Settings

The GLNet [40], originally designed for satellite images containing scattered small objects
and featuring a multi-layer smoothing function, is selected as the Baseline. This choice is
made because both vitiligo and satellite images consist of numerous scattered small objects,
unlike the large and salient objects typically found in PASCAL [8]. GLNet uses a ResNet50
with FPN as the backbone and employs the focal loss [20] with v = 6 for training. We
follow the learning rate decay scheme from [40]. For a fair comparison, we use ResNet50 as
the backbone of UNet [35], UNet++ [41] and DeepLabv3+ [6]. LSC [33] and ISBI20 [21]
use their original backbones because the backbone selection is a part of their methods for
vitiligo segmentation. The backbone of M-trans [34] is built with their gated axial attention
block. To obtain a more comprehensive evaluation, all previous methods and the baseline are
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Figure 4.4: Per-patient ground-truth percentage before and after the refinement.

Table 5.1: Results of the previous methods and the proposed algorithm.

method | year | skin | vitiligo | mean

LSC [33] 2018 0.7960 (+0.04) 0.3678 (40.03) 0.5819 (+0.02)
ISBI20 [21] 2020 0.8920 (40.03) 0.6639 (40.08) 0.7780 (£0.05)
UNet [35] 2018 0.9022 (40.02) 0.6493 (£0.06) 0.7758 (4+0.03)
UNet++ [12] 2022 0.9053 (+0.02) 0.6526 (40.08) 0.7790 (40.04)
Deeplabv3+ [6] 2018 0.8870 (+0.04) 0.6972 (40.06) 0.7921 (40.05)
M-trans [34] 2021 0.9322 (+0.02) 0.7417 (40.08) 0.8370 (40.04)
Ours - 0.9223 (40.01) 0.7758 (40.05) 0.8491 (+0.03)

evaluated using a 5-fold cross-validation with patient-based data splitting to prevent overlap
between the training and testing sets. 20% of the 1740 images were used as the testing set
in each fold. Due to the training speed, only the global branch of GLNet is applied in our
algorithm.

5.2. Evaluation and Ablation Studies from Engineering Perspec-
tives

The proposed algorithm is evaluated following the experimental settings detailed in the
previous section. Table 5.1 reports mean IoU (mloU) for the foreground of the previous
methods and the proposed algorithm. The mean values of the 5-fold cross-validation result
are reported in the table and the standard derivations among 5 folds are recorded in the
brackets. Our proposed algorithm achieves an mloU of 0.8491 and outperforms state-of-the-
art medical segmentation network M-Trans with an mloU of 0.8370. Besides, compared to
M-Trans, the proposed algorithm was trained in 4 hours using four GPU cards, significantly
shorter than the M-trans training time of 33 hours on the same four GPU cards. We opted
not to compare our results with Li et al. ’s method based on synthetic images [39] due to
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Table 5.2: Ablation study of proposed modules.

model additional modules ‘ skin ‘ vitiligo ‘ mean

Baseline - 0.9201 (£0.01) 0.7560 (£0.05) 0.8381 (+0.03)
Baseline_ N NAFD 0.9211 (+0.01) 0.7591 (+0.05) 0.8401 (+0.02)
Baseline_ NI NAFD, ISD 0.9228 (+0.01) 0.7613 (£0.05) 0.8421 (+0.02)
Baseline_ NIE NAFD, ISD, TCE 0.9251 (+0.01) 0.7700 (+0.05) 0.8476 (+0.02)
Our result NAFD, ISD, TCE, CSR 0.9223 (+0.01) 0.7758 (£0.05) 0.8491 (+0.03)

Img

Baseline

Baseline N . %

GT

Figure 5.1: The comparison of predictions with and without NAFD. From top to down,
they are test images, predictions without NAFD, predictions with NAFD, and ground truth
denoted respectively as Img, Baseline, Baseline_ N, and G'T. Red dash boxes highlight
the differences between predictions with and without NAFD.

two main reasons: Firstly, the synthesis method [39] is designed for face images, not for full-
body images, and based on face detection. Secondly, while standard frontal face datasets
are abundant for synthesis, it is challenging to find standard full-body images.

The ablation study of the proposed modules is recorded in Table 5.2. The baseline with
NAFD is denoted as Baseline_ N. By adding NAFD to the training set, the foreground
mloU is improved to 0.8401. NAFD provides a wider range of skin colors and textures to
the model, allowing it to handle a more diverse range of skin types. The impact of NAFD
is visualized in Fig. 5.1. The test images, the baseline predictions without NAFD (denoted
as Baseline_ N), the predictions with NAFD (denoted as Baseline_ N), and the ground
truth (denoted as GT') are shown from top to bottom. As highlighted by the red dashed
boxes in Fig. 5.1, this demonstrates that false positives of vitiligo detection are reduced
by providing more samples of healthy skin to the network. The third row of Table III
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Img

Baseline_ N
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GT

Figure 5.2: The comparison of predictions with and without ISD. From top to down, they
are test images, predictions without ISD, predictions with ISD, and ground truth denoted
respectively as Img, Baseline N, Baseline NI, and GT. Red dash boxes highlight the
differences between predictions with and without ISD.

lists the results with NAFD and ISD [31], named Baseline_ NI. ISD further enhances the
performance to 0.8421 by enabling long-range comparisons for large lesions, as illustrated
in Fig. 5.2. The mloU is subsequently boosted to 0.8476 by incorporating the proposed
contrast enhancement scheme (referred to as Baseline NIE). This enhancement scheme
improves both background/foreground segmentation and the segmentation of low-contrast
images, as depicted in Fig. 5.3. The proposed enhancement scheme, which offers more reliable
features through comparisons between healthy skin, background, and vitiligo pixels, reduces
incorrect segmentation of background (e.g., patient’s bra) and lesions with low contrast. The
outcome of the proposed algorithm with the CSR model performing cross-reference to reduce
segmentation errors of hands and feet is documented in the last row of Table III. It surpasses
the baseline in vitiligo segmentation by a margin of 2%. Consequently, images that only have
vitiligo or healthy skin can be more accurately segmented. Examples of predictions before
and after the refinement process are presented in Fig. 4.3.

5.3. Evaluation from Clinical Perspectives

Vitiligo is a skin disease that can spread to a large ratio of the body’s surface area. Addition-
ally, the clinical evaluation metric of vitiligo involves calculating the percentage of vitiligo
on all healthy and vitiligo-affected skin. The per-image vitiligo involvement percentage is
defined as the ratio of vitiligo to all skin, including both healthy and vitiligo-affected skin.
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Figure 5.3: The comparison of predictions with and without the tailor-made contrast en-
hancement (TCE). From top to down, they are test images, predictions without TCE,
predictions with TCE, and ground truth denoted respectively as Img, Baseline_ NI,
Baseline. NIE, and GT. Red dash boxes highlight the differences between predictions
with and without TCE.

Table 5.3: Per-image vitiligo involvement percentage error.

Image Mean Top 1 Top Top
error error 10 20
error error
percentile 100 0.06 0.57 1.15
M-trans [34] 3.69%  98.84% 79.47% 69.43%
Our result 1.81% 34.14% 21.53% 18.27%

However, the IoU only measures the overlap between the prediction and the ground-truth,
which fails to measure the previously mentioned vitiligo percentage.

For example, in Fig. 5.4, two predictions are recorded as (a) and (b). For each prediction,
the predicted vitiligo is marked as a red box, the predicted/ground-truth skin as a black
box, and the ground-truth vitiligo as a blue box. In Fig. 5.4(a), the predicted vitiligo to skin
percentage is 13%, while the ground-truth vitiligo to skin percentage is 0.8%, resulting in a
difference of 12.2% between the prediction and the ground-truth percentages. In Fig. 5.4(b),
the difference in percentage between the prediction and the ground-truth is much larger at
49.6%. From a clinical perspective, prediction (b) is considered much less accurate than
prediction (a). However, if we evaluate (a) and (b) solely based on IoU, both of them have
the same IoU value of 5.3%.

This example demonstrates why it is necessary to evaluate the proposed algorithm using
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Figure 5.4: Vitiligo involvement percentage vs IoU evaluation. Two predictions are recorded
as (a) and (b). For each prediction, the predicted vitiligo is marked as a red box, the
predicted /ground-truth skin is marked as a black box, and the ground-truth vitiligo is marked
as a blue box. For each prediction, from left to right are predictions, ground-truths, and the
results of two evaluation metrics, IoU and percentage error.

both mloU and the vitiligo involvement percentage. While mIoU measures spatial overlap,
the vitiligo involvement percentage provides insight into the extent of the disease on the
overall skin area. Evaluating the model using both metrics ensures a more comprehensive
assessment of its performance.

5.3.1. Per-Image Vitiligo Involvement Percentage (PIVP)

PIVP is the initial metric chosen for assessing performance from a clinical standpoint. PIVP
is defined as the ratio of vitiligo area over skin area on an image. The error between the
estimation and ground-truth is an indicator of the performance of the algorithm. The average
of the top 1, 10, and 20 errors are given in Table 5.3. The results show that the proposed
algorithm reduces top errors in a huge range as compared to the previous best method,
M-trans. The error distributions of M-trans, baseline, and the final result are recorded in
Fig. 5.5(a), (b), and (¢). For a better illustration, the 18% to 99% error range is zoomed
in the same figures. The first observation is that our baseline outperforms the M-Trans in
max error. The PIVP max error of M-Trans is 98.84% while the max error of the baseline
is 62.57%. PIVP max error is further reduced to 34.14% with our proposed algorithm.
Our proposed algorithm performs not only well in reducing top errors but also excellent in
accurate segmentation. The left-most bars of Fig. 5.5(a), (b), and (c) indicate the predictions
with less than 1% error. Ours has much more (around 7% of the total image number) accurate
segmentation than M-trans.

Fig. 5.6(a) is the comparison of the error for every 10 percentiles of the images to the
baseline. Fig. 5.6(b) is the same comparison with all the previous methods. In these two
figures, the X-axis is the average per-image error of the top y percentile of total images, where
y is the value from the Y-axis. Therefore, lower lines correspond to more accurate methods.
Fig. 5.6(a) shows that our algorithm has an all-image average error of 1.814%), outperforming
the baseline whose average error is 2.227%. Fig. 5.6(b) shows that our result outperforms all
the previous methods. The figures and tables in this section show the proposed algorithm
consistently outperforms the baseline and the previous methods.
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Figure 5.5: Error distribution of (a) the previous best method M-trans, (b) the baseline, and
(c) the proposed algorithm. In each histogram, max error and accurate predictions (marked
as “image with less than 1% error”) are highlighted.

5.3.2. Per-Patient Vitiligo Involvement Percentage (PPVP)

According to [9], our full-body vitiligo images can be used to calculate the Per-Patient
Vitiligo Involvement Percentage (PPVP). The error of PPVP is defined as:

PV, GV,

B
-6 =0 1
,;W PS,  GS, (5:1)

where B is the number of body-parts images of the current image set and wy is the body
surface area percentage defined in the international vitiligo photo standard.® PV, PS,,

3:Face images are discussed separately in the previous paper [39] and not included in this equation.
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Figure 5.6: (a) and (b) are the comparison of the sorted per-image error by every 10 percentile
for the proposed algorithm with the baseline and previous methods, respectively.

GVp, and G S, are the numbers of predicted vitiligo pixels, predicted skin pixels, ground-
truth vitiligo pixels, and ground-truth skin pixels for image b, respectively. Two sets of
images from each of the 5 folds are randomly selected for the dermatologist’s naked-eye
evaluation. In total, 10 sets of full-body images containing 150 images are used for full-body
evaluation and they account for 10% of our total clinical images. The comparison between
our result and an evaluation result of a senior dermatologist with 26 years of vitiligo diagnosis
experience is recorded. The max and mean error of our result are 3.11% and 1.17%, while
the max and mean error of the dermatologist are 3.17% and 1.24%. The comparison shows
that the proposed algorithm performs better than the dermatologist.

6. Conclusion

In this paper, the authors pinpoint that patch-wise segmentation is not suitable for clinical
usage and therefore, propose the first automatic vitiligo full-body segmentation algorithm
for the standard vitiligo images. The first standard full-body vitiligo dataset, consisting of
1740 images, has been established for this research and the results have a good translation
to clinical vitiligo scores. An additional non-standard healthy skin dataset, NAFD, has been
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added to the training set to reduce false positive prediction. The segmentation performance
is subsequently improved by a newly proposed tailor-made contrast enhancement module and
the integrated successive dilation module. Additionally, a novel confidence score refinement
scheme is proposed to rectify the preliminary predictions of hand and foot images by cross-
referencing multiple images within the same image set. The proposed algorithm significantly
outperforms previous vitiligo segmentation methods and networks in the average of the top 1,
10, and 20 errors and the mean error. The vitiligo clinical score is obtained automatically for
the first time with this work. The proposed algorithm provides a slightly better estimation
than the naked-eye estimation of an experienced dermatologist, reducing the workload of
dermatologists.
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