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Introduction

Results

Hand Eczema is one of the most frequent dermatoses with grave consequences for patients as well as society as a whole, potentially leading to
impairment or disability to work in many professions. Computer-aided
detection of hand eczema could support patients in their decision whether
to visit a dermatologist.

All experiments are evaluated by 9-fold cross-validation, once on 18 front,
once on 18 back side images, accounting for the presumed differences
in the skin’s structure and features (e.g., wrinkles or hair density). We
report an F1 score of up to 58.6% (accuracy 89.3%) for front sides and
an F1 score of up to 43.8% (accuracy 88.2%) for back sides of hands.

We devise a method for hand eczema segmentation based on Support
Vector Machines (SVMs) (Vapnik, 2000) and conduct several experiments with different feature sets. We choose the F1 score as our primary
measure, and achieve an F1 score of 58.6% for front sides of hands and
43.8% for back sides, which outperforms several state-of-the-art methods
that were test on our gold standard data set as well.

(a) F1: 74.32%, acc.: 98.59%

(b) F1: 87.36%, acc.: 92.05%

(c) F1: 68.17%, acc.: 82.37%

(d) F1: 70.13%, acc.: 93.82%

Features

(a) Grayscale image.

(b) Gradient magnitude from
grayscale image (Sobel
operator).

Fig. 1: Difference between eczematous and healthy skin.

For all feature calculations, we
consider a pixel’s neighborhood
patch of 41 ◊ 41 pixels. Figure 1 highlights some differences between textures of skin;
red shows an eczematous region, green two healthy regions
(the lower shows smooth skin,
the upper skin with hand lines,
respectively), and their magnification.

Our experiments utilize several different features of the patches: Texton distributions as investigated in (Varma and Zisserman, 2005), Color
moments as suggested by (Al Abbadi et al., 2010), and features calculated from Gray level co-occurrence matrices (GLCMs) as introduced by
(Haralick et al., 1973).

Data Preprocessing

Fig. 3: Examples of high-quality predictions: F1 scores and accuracies.

(a) F1 score in precision-recall space.

(b) Area error of classifiers compared to experts.

Fig. 4: Performance of selected experiments.

Figure 3 shows a selection of images with the highest prediction quality
reached. For several experiments with different settings, the F1 score
over 18 front sides images is shown in Figure 4a. Figure 4b shows the
area error (ignoring whether positive predictions are true or false) of the
classifiers compared to experts, showing similar performance as humans.
Our results show that combining different families of features, preprocessed before being fed into an SVM classifier, leads to superior eczema
classification as compared to several state-of-the-art techniques.

Partners
(a) SMOTE creating data example (He and Garcia, 2009).

(b) Tomek links identified (He and Garcia, 2009).

Fig. 2: Data Preprocessing.

Our data exposes an average imbalance of 1:8 on front side and 1:15 on
back side hand images between eczema and healthy skin pixels. Thus, we
oversample the minority class with the Synthetic Minority Oversampling
Technique (SMOTE) algorithm (Chawla et al., 2002), see Figure 2a, and
identify Tomek links (Batista et al., 2004), see Figure 2b. We remove
their negative class example only to not further diminish the positive class
examples. To train the SVM, we sample a subset of up to 1 % (about
104 examples) in a randomized, stratified fashion from the training data.
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