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interventions. However, many patients do not get the medical advisory service in time. At the same
time, the doctors also need an assistant tool to classify the patients according to the severity level of
CVI. We propose an automatic classification method, named CVI-classifier to help doctors and patients.
In this approach, first, low-level image features are mapped into middle-level semantic features by a
concept classifier, and a multi-scale semantic model is constructed to form the image representation
with rich semantics. Second, a scene classifier is trained using an optimized feature subset calculated by
the high-order dependency based feature selection approach, and is used to estimate CVI's severity. At
last, classification accuracy, kappa coefficient, F1-score are used to evaluate classification performance.
Experiments on the CVlimages from 217 patients’ medical records demonstrated superior performance
and efficiency for CVI-classifier, with classification accuracy up to 90.92%, kappa coefficient of 0.8735
and Flscore of 0.9006. This method also outperformed doctors’ diagnosis (doctors rely solely on

images to make judgments) with accuracy, kappa and F1-score improved by 9.11%, 0.1250 and 0.0955
respectively.

Chronic venous insufficiency (CVI) affect 15-25% of the general population and occur significant financial bur-
dens on the healthcare system, costing up to a billion dollars each year in the United States!, and often occur in
. thelower limbs. Clinical manifestations of lower limbs CVI include superficial femoral vein dilatation or varicose
. veins, leg weakness, heavy, tenderness, edema, skin nutritional changes, venous ulcers®. In addition, CVI can
. involve the superficial vein, traffic vein, and deep vein or even the entire lower limb venous system. This disease
can be caused by primary or secondary factors, and venous reflux or proximal obstruction is the main hemody-
namic change’. Due to the diversity of clinical manifestations and the complexity of pathophysiological changes,
correct diagnosis is the foundation to provide accurate treatment*.

The commonly used classification system of CVI includes the CEAP (Clinic, Etiologic, Anatomic and
Pathophysiological) system and VCSS (Venous Clinical Severity Score) scoring system>®. The levels in clinical
manifestations in CEAP system range from CO (symptoms, no signs) to C6 (active ulcers). The CEAP system
has been accepted widely and been applied in clinical diagnosis, and effectiveness evaluations. However, the
CEAP classification is descriptive, and does not register objective complaints and is not a severity score’. Thus,
Rutherford improved the CEAP system and proposed the VCSS system which includes 10 scoring items (pain,
edema, venous claudication, pigmentation, scleroderma, ulcers, ulcers diameter, duration of disease, recurrence
and quantity)® with each item ranging from 0 to 3. The higher the total score, the more serious the CVT’s severity.
However, VCSS is more comprehensive and more responsive to venous disease. These classification systems are
designed to offer doctors indicative information when they make decisions. However, the application of these
scoring systems is depend on doctors’ experience and subjective judgement. Furthermore, these scoring systems
require professional knowledge, which is difficult for patients to apply self-evaluation.

We propose an automatic classification approach based on optical images to evaluate CVI’s severity, named
CVI-classifier. In CVI-classifier, a multi-scale semantic model® is used to explore the middle semantic infor-
mation contained in low-level features such as texture, shape, color and spatial relationship. A scene classifier
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based on middle-level semantic features is adopted to estimate CVT’s severity as high-level semantics. In order
to improve classification accuracy, feature selection method based on high-order dependency is introduced to
obtain the optimal feature subset. This automatic classification approach provide patients with an easy access to
online medical services and doctors can work out appropriate treatment from large amount of similar medical
records.

Related Work
With the rapid development of modern medical imaging technology, automatic medical image classification has
become more and more important for diseases diagnosis, medical references and surgical planning'*-'2. Medical
image classification approaches have already been used for cancer detection'?, stroke identification', Alzheimer’s
disease'®, etc., however, no classification approach for CVI images exists at present. Moreover, traditional medical
image classification methods are mostly based on low-level image features, such as color, texture and shape'®.
These low-level features cannot reflect certain hidden information in the medical images, creating the “semantic
gap” problem between low-level features and high-level information, which is one of the biggest challenges for
medical image classification!”.

To reduce the semantic gap, Bag of Visual Word (BoVW) model'®" is introduced to form middle-level fea-
tures for describing high-level semantics. A typical procedure of BoVW model is illustrated as follows:

1. animage is sampled efficiently with various local interest point detectors® or dense regions®', and is de-
scribed by local descriptors?%

2. A codebook consisting of several codewords is learned with clustering techniques, such as K-means and
spectral clustering, to quantize the local features into discrete values;

3. The visual histogram achieved by calculating the occurring frequency of each visual word is used to repre-
sent the medical image.

BoVW has been used in medical image classification tasks and achieved inspiring performance. However,
there are still some design choices to make in different steps of BoOVW model, including the choice of local feature
descriptor, dictionary learning and middle-level semantic image representation.

The delicate design of local features depicting different aspects of visual appearance is the basis for the success
of BoOVW models in medical image classification. Due to its invariance to translation, illumination, and scale,
SIFT and its improved versions, such as SURF, become the most popular local descriptor??%. Considering the
dimension of SIFT-based local features is high, affine moment invariants that can produce small-sized compact
feature vectors with minimum information redundancy are proposed®. The above descriptors are computed
based on the local region around some key points, however, most medical images have little meaningful key
points and structures in the lesions, so patch-based BoVW models are proposed to medical image classification
tasks?. In these approaches, medical images are partitioned into multiple blocks and local descriptors are calcu-
lated according to block intensity. All these types of features have been proven to be very powerful descriptors to
detect and describe local features in images. However, the single local descriptor may perform poorly when the
image contains complex background due to the fact that a portion of extracted features may come from the noisy
background. In practice, a combination of multiple local features”” often yields better performance on image
representation.

Dictionary learning is another a critical component of BoVW, and can be divided into unsupervised and
supervised approaches®-*°. Unsupervised clustering techniques, such as the K-means, K-median clustering,
mean-shift clustering, hierarchical K-means, agglomerative clustering®'-**, are usually used for constructing the
visual dictionary. In these approaches, the feature vectors are clustered and the centroids of the clusters are used
to form the codebook. One of the common features of these unsupervised methods is that they only optimize
an objective function fitting to the data but ignoring their class information. Therefore, this reduces the dis-
criminative power of the resulting visual dictionaries. To create more discriminative visual words, supervised
dictionary learning techniques that optimize the dictionary for a specific classification problem are proposed, and
are proved to outperform corresponding unsupervised methods®. In recent work, Saghafi*® proposed a concept
space to illustrate the semantic relations between the visual codewords. They apply generative models such as
latent semantic analysis (LSA) and probabilistic latent semantic analysis (pLSA) to discover the latent semantic
relations between the initial codewords. N. Passalis* generalized and formulated the BoVW model as a neural
network, which is composed of a Radial Basis Function (RBF) layer and an accumulation layer. Moreover, the
proposed model can be trained in the supervised fashion when it is followed by a multilayer perceptron (MLP)
as classification layer. B. Fernando®® introduced the Gaussian mixture model for codebook generation that not
only generalizes the K-means algorithm by allowing soft assignments, but also exploits supervised information
to improve the discriminative power of the clusters. R. Ji* proposed a task-dependent codebook compression
framework to reduce dimension of BOVW, based on the supervise labels coming from the classification task.
Although supervised learning has been introduced to codebook generation, local labels are still ignored, which
impedes its overall performance.

After learning the visual words, all the encoded local features will be pooled to form an image-level feature
vector. However, a global histogram only reflects the holistic distribution of codewords, the information about the
spatial layout is lost, which could be important cues for image classification. To take advantage of spatial infor-
mation, Lazebnik et al.** proposed a spatial pyramid matching (SPM) framework by partitioning the image into
increasingly fine sub-regions and computing histograms of local features found inside each sub-region, which
has become a widely used strategy to incorporate spatial information. To further improve the SPM method,
Zhou et al.*! incorporated a multiresolution representation into the traditional BoVW model by constructing
multiple resolution images and represented each resolution image by features extracted from the sub-regions of
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two modalities of horizontal and vertical partitions. Although the above methods fully consider the spatial char-
acteristics of the image, they do not include local semantic that can effectively eliminate the ambiguity of the local
features. In order to further exploit local concepts of images, Y. Tanaka** proposed a multi-level resolution seman-
tic modeling method for automatic scene recognition, which constructs global image representation with concept
probabilities of local regions in each level resolution, and combine semantic representations of multi-level reso-
lution for scene recognition. Although these variants of the original BoVW model have a good descriptive ability
to depict spatial layout and semantic information of images, they are designed mainly for natural image scene
classification, and seldom have they been applied in the field of medical image classification.

To this end, considering local lesions of CVI images have meaningful semantics and several sizes, this paper
proposes a framework for discovering multi-level local semantics to improve the performance of automatic CVI
image classification. Differences from traditional BoVW models include: 1) Various features of local region
are combined to better exploit discriminative appearances. 2) Supervised learning approach directly based on
local-regions’ labels is used to generate visual vocabulary. 3) The final representation of global image is modeled
by the combination of middle-level semantics that are calculated by counting frequencies of local concepts at each
level resolution.

Results

In our experiments, all 221 images come from 217 patients’ medical records that were collected by three profes-
sional doctors of vascular surgery of Shanghai Sixth People’s Hospital affiliated to Shanghai Jiao Tong University.
Among the 217 patients, four of them are provided with two images taken from different perspectives. Therefore,
the number of images is not equal to the number of patients. These leg images in medical records are taken
by these professional doctors. In order to ensure the accurate recording of the patient’s situation, some photo-
graphing conditions are required, including sufficient lighting, simple background, and full coverage of leg area.
Since these images vary in size and have different backgrounds and lightness, they are resized to the same size
(250 x 700) according to the ratio of leg’s length and width, and are preprocessed including background reduction
and lightness normalization.

In order to train and evaluate concept classifier, the preprocessed images are divided into patches with size
15 x 15, 25 x 25 and 50 x 50 respectively, and these patches are annotated as described in method section.
Furthermore, the ground truth labels for global images come from the medical records that are not only deter-
mined by the image data, but also other evidence, e.g. color ultrasonography of deep venous at lower extremities,
venography of lower extremity etc. The labels of these images are classified ‘mild; ‘moderate’ and ‘severe’ catego-
ries according to the following treatments for patients. The patients in mild situation do not need to handle, or
wear elastic stockings, the ones in moderate situation need simple surgery, and the ones in severe situation need
a complex, systematic treatment plan. The abovementioned dataset includes 59 images labeled as mild situa-
tion, 97 images denoted as moderate class, and 65 images belonging to severe situation. The image dataset and
relevance labels can be downloaded from http://isyslab.info/CVI/CVI-img-datasets.zip and https://github.com/
shigiangdqq/CVI-classifier/tree/master/CVI-imgdatasets.

Classification accuracy, Kappa coefficient and F1-score are used to evaluate the corresponding classifiers.
Suppose M to be a confusion matrix, r is the number of rows, and x; is the value of row i and column i, x;, means
the sum value of the row i, and x, ; means the summary value of column i, N is the number of total samples, then,
the classification accuracy (Eq. 1) and Kappa coefficient (Eq. 2) are calculated as follows:

r
X
acc = i=17"ii

1
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Since the problem in this paper is multi-class classification, we use the average F1-score to evaluate classifier’s
performance®. Suppose C={C,, C,, ..., C}y} is the category set, and [M] is the category number. For a
binary-classification by treating C; as positive class and the other categories as negative class, the precision

P = —"_andrecall R = % are calculated respectively where TP, FP, FN denote true positive, false posi-
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tive and false negative, and then, the F1-score F/ = % is computed. In addition, for the evaluating whole
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performance of all classes, the average F1-score (Eq. 3) s calculated as follows:
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In this paper, all the experiments were conducted on MATLAB 2017b environment running on a computer
with Intel Core i7 3.4 GHz processor and 32 GB memory.

The Performance of Concept Classifiers. In order to train and test concept classifier, 2/3 samples of the
annotated patches which were labeled by three professional doctors are randomly selected for training, and the
remaining 1/3 samples are used for testing. In addition, the above process is repeated 20 times, and the averages
of the classification accuracy, kappa coeflicient and F1-score are used to evaluate the classification performance
of concept classifier. After prior comparisons of multiple kernel functions (Gaussian kernel functions with dif-
ferent parameters and different-order polynomial kernel functions) and two multi-class classification strategies
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Figure 1. Performance comparisons of the two concept classifiers at different divided scale. (a) Accuracy
comparisons of concept classifiers based on all features and ones based on selected features at each divided
scale; (b) kappa coefficient comparisons of concept classifiers based on all features and ones based on selected
features. (c) F1-score comparisons of concept classifiers based on all features and ones based on selected features
at each divided scale.

10 ®15*15 ©@25*25 O50*50
)
g o8-
3
806
©
04 -
0.2 - . . . .

1 2 3 4 5
different catalogs of CVI

Figure 2. The comparison of concepts accuracies at each divided scale. 1 - normal skin, 2 - reticular vein or
telangiectasia, 3 - varicose veins, 4 - pigmentation or edema and 5 - vein ulcers.

(one-vs-one and one-vs-all), we chose a quadratic polynomial kernel as the SVM classifier kernel function, and
adopted one-vs-one strategy to achieve multi-classes classification. For the comparison, the CC_all which means
the concept classifier is trained using all region features in each divided scale, and the CC_selected which means
the concept classifier is trained based on the optimized subset which is selected from all region features by the
approach proposed in the method section. The accuracy averages and kappa averages of 20 repeated trains and
tests are shown in Figs 1 and 2, respectively.

From the results, we can find as follows. 1) For each scale, the classification accuracy and Kappa coefficient of
CC_selected are higher than the ones of CC_all, since the selected feature subset does not contain redundant and
noisy features, the classification accuracy and generalization of the concept classifier trained with these features
are improved. 2) For each concept, the highest classification accuracy of varicose veins is at divided scale 15 x 15,
the best accuracy of reticular vein or telangiectasia is at divided scale 25 x 25, the accuracies of vein ulcers and
pigmentation at divided scale 25 x 25 and 50 x 50 are much better than the ones at divided scale 15 x 15. These
results can prove that the proper size of the image patch is important for classifying specific CVI’s category. 3)
The accuracy of normal skin at all scales are more than 90%, because the visual characteristics of normal skin are
different from others. Therefore, CVI-classifier uses multiple concept classifier based on optimized features to
yield the middle-level semantics.

The Performance of Scene Classifier. In our experiments, we choose the concept classifier with best
accuracy in the above 20 repeated trainings to classify all image patches for image representation. Since our
dataset is small, we want to use as many samples as possible to explore meaningful patterns in scene classifier
training. In order to guarantee the scene classifier’s generalization, after classifying the patches of all images using
the selected concept classifier, we use 2/3 samples of our image dataset as training set and the remaining 1/3
samples as testing set. Considering that the 2/3 patch samples are distributed in all images and the proportion of
these samples is very small, the samples for training concept classifier is not as the same as for training scene clas-
sifier. The above scene classifier training is repeated 20 times, and the averages of accuracy, kappa and F1-score
are utilized to evaluate the performance of scene classifier. After prior comparisons of multiple kernel functions
(Gaussian kernel functions with different parameters and different-order polynomial kernel functions) and two
multi-class classification strategies (one-vs-one and one-vs-all), we chose a linear kernel as the SVM classifier ker-
nel function, and adopt one-vs-one strategy to achieve multi-classes classification. As the category of image patch
is related to its position, we count the concept occurrence frequency in the upper and lower part of the CVI image
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Full Features 88.82% 0.8446 | 0.8773 |45
Selected Features 90.92% 0.8735 | 0.9006 |32

Table 1. The Performance of Scene Classifier Based on Selected Features From Combined COVs.

mild 92.14 7.38 0.48
true class moderate 8.16 81.84 10.00
severe 1.66 7.78 90.56

Table 2. Confution Matrix Based On All Semantic Features For Scene Classifier.

mild 94.05 5.24 0.71
true class moderate 6.58 84.74 8.68
severe 1.25 6.39 92.36

Table 3. Confution Matrix Based On Optimized Features For Scene Classifier.

15%15 84.93% 0.7890 0.8288
25%25 83.88% 0.7747 0.8216
50*50 87.04% 0.8172 0.8542
Combined 90.92% 0.8735 0.9006

Table 4. The Comparisons Of Classification Performance At Each divided Scale and The Combination Of All
Divided Scales.

respectively as represented in Methods section. Finally, the global image representation is achieved by combining
the region-wise image representation of each divided scale. The dimension of the new image representation is 45,
including the COV's from whole image at all scales (3 x 5=15), and the COV's from the lower and upper image at
all scales (3 x 10=30). Because of the training strategy mentioned above, the feature selection process is carried
out for each repeated experiment. The comparison of the average accuracy and kappa coeflicient of 20 times is
displayed in Table 1. The confusion matrixes of 20 times are shown in Tables 2 and 3. The average number of
selected features is 32, which is smaller than the dimension of original feature sets.

From the above results, we can conclude as follows. 1) the average accuracy is 90.92%, the average kappa
coefficient is 0.8735, and the average F1-score is 0.9006 for determining the severity of CVI using the optimized
feature subset. 2) For mild, moderate and severe category, the classification accuracy is increased by 1.91%, 2.90%,
and 1.80% respectively when scene classifier uses optimized features. 3) The average number of selected features
for 20 experiments is 32, which is smaller than the dimension of all features. Since the redundant and noisy fea-
tures are removed, the optimized feature subset leads to the better performance. In CVI-classifier, the classifica-
tion performance is improved by feature selection approach.

In order to verify the efficiency of CVI-classifier, we used the trained concept classifier and scene classifier to
classify the 50 randomly selected images. The average times of image representation calculating, scene classifica-
tion at each divided scale are counted. The times of achieving middle-level image representations are 5.4493 sec-
onds for 15 x 15 scale, 5.6567 seconds for 25 x 25 scale, and 5.0736 seconds for 50 x 50 scale. Moreover, the
average time of classifying images is 0.0081 seconds. In addition, we use MATLAB Parallel Computing Toolbox**
to achieve multi-scale middle-level image representation. This parallel computation needs 5.802 seconds. That
means if we use parallel computing to extract multi-scale image representation features on the server, the total
computation time will be reduced by almost 2/3, which can satisfy the needs of mobile devices.

The Comparison with Other Method. In this subsection, CVI-classifier is compared with the semantic
modeling proposed in** and the K-means clustering based multi-resolution bag-of-features model in*! to prove
its better performance.

The semantic modeling in* uses the grid with a fix size to divide image, while in CVI-classifier, the grids with
several sizes are used to divide image. According to the basic idea of the semantic modeling, in Table 4, the scene
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Figure 3. The comparisons of classification performance of CVI-classifier and the K-means based approach
(k=5, 10, 50, 100, 300, 500, 1000).

mild moderate severe overall Fl-score_avg | kappa
doctors 84.24% 78.68% 82.14% 81.81% 0.8051 0.7485
CVI-classifier 94.05% 84.74% 92.36% 90.92% 0.9006 0.8735

Table 5. The Comparisons Of Classification Performance At Each divided Scale and The Combination Of All
Divided Scales.

classification results at each divided scale and the combination of all divided scales are reported. For fair compar-
ison, the same feature selection approach is adopted in all experiments.

From the above results, we can conclude as follows. 1) the classification results at each divided scale are differ-
ent, because the middle-level semantic features depend on the divided scale. 2) Although the best accuracy and
kappa coeflicient are 87.04% and 0.8172 at single divided scale, these results are lower than the ones based on the
combination of all divided scales, since the combined middle-level features are more distinguishable, and can
provide meaningful and useful information for scene classification.

In comparison with the method proposed by L. Zhou et al.*!, we replace the concept classifier with K-means
clustering method in CVI-classifier to generate the visual codebook. The numbers of cluster center are 5, 10,
50, 100, 200, 300, 500 and 1000 respectively, and the classification result is shown in Fig. 3. The best result of
the K-means based method is achieved with the cluster number of 500, and the accuracy, kappa and F1-score
are 75.68%, 0.6376 and 0.7039 respectively. While the SVM-based method achieved 90.92%, 0.8735 and 0.9006
respectively, and they are 15.24%, 0.2359 and 0.1967 higher than the best result from K-means-based method.
The reason for this is that these local semantic annotations produced by supervised learning methods are more
distinguishable for deciding the severity of CVI than the ones based on unsupervised learning approaches such
as K-means clustering.

The Comparison with Doctors’ Judgments. In order to validate our method, the results are compared
with the judgements of a group consisting of 20 doctors who have prior knowledge about CVI (but not the images
in our dataset). They have long been engaged in microcirculation clinical surgeons and belong to the group of
varicose vein, Chinese Society of microcirculation. These 20 doctors made their choices only based on optical
images, not including evidences from other diagnostic methods such as color ultrasonography of deep venous
at lower extremities and venography of lower extremity. In the process of evaluation, there is no communication
between the other 20 doctors and the 3 doctors who participated in image annotation, there is also no commu-
nication among 20 doctors In our experiments, the CVI images are randomly sorted, and each doctor provides
the diagnostic results for CVI images independently. The average classification accuracy of the human group is
calculated to evaluate their performance. The single category and overall classification accuracy of each approach
are shown in Table 5. In addition, as shown in Fig. 4, we plot the ROC curve and compute its AUC (Area Under
Curve) for each category for comparing the performances of 20 doctors and CVI-Classifier.

The accuracies of CVI-classifier and doctors are 90.92% and 81.81% respectively. Since CVI-classifier is based
on quantitative indicators computed from objective image, the accuracies of CVI-classifier for mild, moderate
and severe category are 94.05%, 84.74% and 92.36% respectively, which are 9.81%, 6.06% and 10.22% higher
than the conclusions drawn by doctors. The classification performance of doctors is less than 100%, and these
diagnoses are disagreement with actual ground truth labels, as these 20 doctors, which have different personal
experiments and prior knowledge, only utilized optical images for diagnosis. However, compared with 20 doctors’
performance, CVI-classifier achieved a higher classification results due to the elimination of some subjective
factors. To further analyze the performance of the classifier, we also compared the average of F1-score and the
AUC for each class. The average F1-score of CVI-classifier is 0.9006, and is improved by 0.0955 compared with 20
doctors. For each categories, the AUCs are 0.9488 for mild, 0.8882 for moderate and 0.9436 for severe. Compared
with 20 doctors, the AUCs are improved by 0.0588 for mild, 0.0757 for moderate and 0.0608 for severe respec-
tively. These indicators show that CVTs classification performance is superior.

To further illustrate the impact of physician subjective factors on classification, we present the confusion
matrix of 20 doctors’ classification and some examples of misclassified images in Table 6. From this Table, we can
see that 12.20% mild images are classified as moderate class, 14.92% moderate images are predicted as mild class,
and 14.86% severe images are annotated as moderate class. Because each doctor have different comprehensions
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Figure 4. he ROC curves for all categories by doctors and CVI classifier.
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mild 84.24 12.20 3.56
true class | moderate 14.92 78.68 6.40
severe 3.00 14.86 82.14
precision: 81.01 66.30 93.75

Table 6. Confution Matrix Of 20 Doctors’ Classifiction Result For CVI Dataset.

for ‘reticular vein or telangiectasia’ and ‘varicose veins, these two classes are misclassified by several doctors. For
example in Fig. 5, the mild image in column one is classified as moderate class by 7 doctors, and the moderate
image in column three is annotated as mild class by 9 doctors. Since changed colors, closed and active ulcers
included in skin changes are often affected by conditions when the images are taken, doctors may not notice small
ulcers or distinguish the changed color from the darker skin. For instance, the serious images in column 5 and 6
are annotated as heavy class by 7 and 6 doctors, respectively. To further analyze these conflicts, we used Cohen’s
kappa coefficients to calculate the inter-rater reliability between each doctor and the ground truth?. In addition,
we also used the same approach to calculate the inter-rater reliability between the ground truth and the classifi-
cation results of CVI-classifier. The average, maximum and minimum value of Cohen’s kappa coefficients for 20
doctors are 0.7232, 0.9151 and 0.3385 respectively. While the Cohen’s kappa coefficients between the ground truth
and the classification results of CVI-classifier is 0.8580. Although this value is lower than doctors’ maximum, it is
higher than doctors’ average. This comparison indicates that the performance of the classifier is within the vari-
ability of manual experts. Therefore, in order to reduce the above conflicts, CVI-classifier use computational and
quantitative ways to find out the difference between several classes.

Discussion

In this study, we proposed an automatic classification approach for classifying CVI images to provide information
on CVTs severity. This automatic classification approach is based on multi-scale sematic modeling, in which the
low-level image region features at several divided scales are mapped to middle-level semantic features which are
used to predict CVI’s severity. In order to improve the classification performance, the high-order dependency
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labeled mild moderate severe
mild 13 14 9 6 1 1
moderate 7 6 10 13 7 6

severe 0 0 1 1 12

image

based feature selection approach is introduced in training the concept and scene classifiers. Experimental results
show that CVI-classifier outperforms other methods, such as single semantic modeling, K-means clustering
based multi-resolution bag of features model, and even doctors” judgments (solely based on images), in terms of
accuracy, kappa coefficient, F1-score, etc.

The advantages of CVI-classifier are objective and low-cost. It is not like the Villalta*” scoring system that rely
on doctors’ assessments for various symptoms. CVI-classifier make decisions only based on objective informa-
tion. Compared with professional equipment such as ultrasonography, taking photos by mobile phone, pad and
camera is low-cost. Furthermore, the requirements for taking photos including simple background, uniform
illumination, and covering entire leg are easy to satisfy. In addition, CVI-classifier can automatically adjust the
brightness and shallow of the photos. This is important for large-scale patients to use it.

CVI classifier is useful for patients and doctors. Patients with basic medical knowledge can get the medical
advisory service from compute system. This can help patients to seek medical care in time. For doctors, the
backend server automatically recommends the patients to doctors according to the severity though analyzing the
uploading images by the patients in the big data era.

In the future, we will accelerate our approach using GPU-based parallel algorithm and introduce deep fea-
tures to the framework of CVI-classifier. We will also construct a large-scale CVI image database, and mine more
information from images such as 3D information to achieved better classification. In addition, considering the
importance of subjective assessment we will develop a fusion system that will combine objective and subjective
aspects for CVI classification.

Methods

The basic idea of CVI-classifier is that a concept classifier is used to map local image features to middle-level
semantic information*®, and the annotation of global image as high-level semantic information is determined
by scene classifier which is trained based on the meaningful middle semantic features. Considering the lesion
size is an important basis for classification, multi-scale semantic modeling* is introduced to extract meaningful
middle-level semantic features which can describe image patches with different sizes properly. The flowchart of
CVI-classifier is shown in Fig. 6. First, the pre-processing step including background remove and image nor-
malization is utilized to eliminate the influence of background and lighting on the classification results. Image
background is removed manually, and image normalization is achieved by gray world algorithm®. In future, since
our follow-up work is applied to mobile devices, we can use leg contours as mask to cut images when capturing
leg images. This process can remove image background easily. Second, the CVI images are divided into patches by
multi-scale grids. Third, for each divided scale, the concept classifier is used to map the region features of image
patch to the middle-level semantic features. Next, the image representation based on the concept occurrence fre-
quency is calculated on each scale, and the image representations of all scales are concatenated as the multi-scale
semantic model for final image representation. At last, scene classifier based on these multi-scale semantic fea-
tures™ is adopted to classify the CVI’s severity which includes mild, moderate and severe classes. In addition,
in order to improve the classification performance, the concept classifier and scene classifier are trained using
optimized features achieved by high-order relevance based feature selection approach™'.

This study was approved by the ethics boards of Shanghai Sixth People’s Hospital affiliated to Shanghai Jiao
Tong University,and all experiments and methods were performed in accordance with the relevant guidelines and
regulations of Chinese Society of Microcirculation. In addition, informed consent for participation was obtained
from all participants or their relatives.

Semantic Modeling for CVI Image. There may be more than one category of CVI in one lower limb
image. In order to model this co-occurrence relationship, a semantic modeling approach based on local image
patch is proposed®. This method contains three stages: concept selection, local region classification and global
image representation. First, the concepts for semantic modeling are selected and notated in the image. The con-
cepts that we use include normal skin, reticular vein or telangiectasia, varicose veins, pigmentation or edema,
and venous ulcers, which are labeled from 1 to 5 respectively. Second, in order to be independent on the largely
varying quality of an automatic segmentation, lower limb image is divided into regular grids. Then, the concept
classifier based on support vector machine (SVM) is trained using the patch features and notated concepts. At
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Figure 6. The flowchart of CVI-classifier. The concept classifier is trained to map low-level image region
features to middle level semantic features, and the scene classifier is trained based on semantic features to
achieve high-level interpretations of the image content.

B |
B - E
= 1"3

1

1

2- reticular vein or

1- normal skin N .
telangiectasia

» 5
% 1 2 3 4 5
3- varicose veins 4 -pigmentation or 5 - venous ulcers é 0.33 0.08 | 028 | 0.25| 0.06
edema
B concept-occurrence vector (COV)
Concepts g
=
=)
| ©
>
variceal image image blockes block classification image representation
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last, the concept-occurrence vector (COV) which is a normalized histogram of the concept occurrences in the
image is computed as image representation. The flowchart of the semantic modeling process is shown in Fig. 7.

Medicals have found that 1) edema, skin changes or venous ulcers usually occur in ankle region, but may
extend to leg and foot, 2) Spider veins often are found on thighs, 3) Varicose veins can be found on foot, the calf,
the thigh or on the entire leg®?. That’s to say, except the normal skin and varicose veins which may be found on
the entire leg, other concepts can be divided into lower and upper groups according to the occurrence location.
Therefore, in order to improve the discrimination, we divide the images in two and introduce region-wise image
representation to reflect this phenomenon. An example for computing region-wise image representation is shown
in Fig. 8. In this example, firstly, the CVI image is divided into upper and lower parts from the middle of image,
which means that these two parts have same patches. Secondly, the concept distributions represented by concept
occurrence frequency are calculated in upper and lower halves respectively. Thirdly, the COVs from upper half,
lower half and whole region are concatenated as the fusion feature to represent original image. Since the concept
distributions in upper half, lower half and whole region are various, the combined feature can reflect the image’s
characteristics and is useful for classification.

Compared with Bag-of-Features methods*!, our semantic model uses supervised learning algorithm for con-
structing the word dictionary. The advantages of semantic modeling are as follows: 1) by introducing the notated
labels, the gap between the image understanding and the image representation is narrowed; 2) the dimension of
the image representation vectors based on semantic modeling is lower than the one from the Bag-of-Features
methods; 3) local information are collected in the COVs as the global representation.
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Image Representation by Multi-Scale Semantic Modeling.  Multiple lesions with different sizes and
different CVI categories may appear simultaneously in a CVI image. To get a proper description of region features
in the image, the image should be divided into grids with appropriate grid size, otherwise, the extracted region
features of image patches cannot represent the concepts whose sizes are significant different. Therefore, in order
to extract distinguishable and proper region features which can reflect the characteristics of various concepts, the
multi-scale semantic modeling for lower limb image is proposed. We believe that this model will lead to more
accurate concept classification that can improve the image representation.

The basic idea of multi-scale semantic modeling for image representation is to concatenate the region-wise
COVs at each divided scale. As shown in Fig. 9, this approach includes four steps: image divided by multi-scale
grids, image patch features extracted and concept annotated manually, feature selection and concept classifier
training, and the region-wise COVs computing and their combination for global image representation. In the
first step, considering the importance of the proper size of the image patch for classifying specific CVI’s category,
multiple grids with several sizes are used to divide the lower limb image. Based on the lesion size of different cat-
egories in CVI, 15 x 15, 25 X 25, and 50 x 50 grids are chosen for dividing.

In the second step, various types of region features are extracted to improve the representation of image
patches. The kinds of region features include LBP (Local Binary Patterns)**, EHD (edge histogram descriptor)™,
GLCM (gray-level co-occurrence matrix)*, the variance and mean of dense SIFT*® in the image block, the mean
value of gradient™, the variance, median, and mean value of each channel in RGB and YCbCr color spaces®, and
the contextual features of neighbor blocks®. In addition, due to the significant correlation between the lower
limb CVT’s category and its position, the patch index is used as the patch feature. Compared with automatic
feature extraction, the training sample concept is annotated manually. This annotated step consists of select-
ing concepts and professional annotation. The concepts of these training samples are defined in the subsection
Semantic Modeling for CVI Image. In order to ensure the accuracy of labeling patch samples, these multi-scale
image patches are labeled by three medical professionals of vascular surgery of Shanghai Sixth People’s Hospital
affiliated to Shanghai Jiao Tong University. If the patch labels from three doctors are inconsistent, we adopt voting
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Figure 10. The flowchart of the feature selection approach. The feature importance is evaluated using the
combination of the class-conditional redundancy term, unconditional redundancy term, relevancy term and
second-order interaction.

to make decisions. If two doctors’ opinions are the same, patch label is annotated based on their suggestions. For
one patch, if the results of the three doctors are different from each other, we assign the label of its nearest patch.

In the third step, the concept classifier is trained to classify the patches of new samples. Considering the noisy
features which reduce the relevance between the category and the features, and the redundant features which limit
the generalization of the classifier, the optimized subsets of the region features are selected using a high-order
relevance-based feature selection approach to improve prediction accuracy. Then, a multi-class SVM® is trained
to form the concept classifier.

In the final step, the global image representation is computed. Because of the correlation between CVT’s sever-
ity and its position, region-wise VOC is introduced for global image representation. The final image representa-
tion based on multiple scale semantic model is the combination of region-wise image representation at each
divided scale. The combined image representation contains meaningful semantic information which is provided
by the supervised labels from professional doctors. Moreover, these combined features involve local, global, and
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multi-scale information which are introduced by image patches, the concept-occurrence frequency, and the mul-
tiple divided scales. Therefore, these combined features are more efficient and representative.

Feature Selection and Scene Classifier. At each divided scale, the grid size does not match all CVI’s
concepts. Therefore, some features in the combined features may be efficient, while others may be redundant.
Moreover, due to the classification errors in classifying the image patches using the concept classifier automati-
cally, some features among these combined features may contain noises, and cannot provided sufficient discrim-
inative information. In order to remove these redundant and noisy features which reduce the classifier’s accuracy
and generalization ability, we propose a high-order dependency based feature selection approach, which can take
into account the relevancy and redundancy among several variables and the relevancy between the variables and
the specific classification task.

This feature selection method (shown in Fig. 10) has three stages: entropy computing, feature importance
evaluating and search strategy. First, joint entropy, conditional entropy and marginal entropy are computed based
on joint, conditional, and marginal probabilities respectively. Since estimating these probabilities is very difficult,
the fuzzy membership as alternative and the Luca-Termini entropy are used to calculate the joint fuzzy entropy,
conditional fuzzy entropy and marginal fuzzy entropy®’. Second, the feature significance is measured by the novel
criterion based on the high-order dependencies which consider class-conditional redundancy term, uncondi-
tional redundancy term, relevancy term and second-order interaction®. Third, the forward search strategy is
adopted to find an optimized feature subset®.

Then, the scene classifier is trained to determine the severity of CVI. Taking into account doctor’s treatments
for CVT of different severity (for example, a mild patient does not need to handle or wear elastic stockings, a
moderate patient needs simple surgery, and a severe patient needs complicated surgery), the mild, moderate and
severe situations are used to label the global image. In this paper, mild class means that non-symptom or reticular
vein or telangiectasia, moderate class denotes varicose vein, and severe class contains edema, eczema and venous
ulcer. After obtaining an optimized feature subset for more efficient image representation, a multi-class SVM® is
trained for scene classification.

Data Availability
The image dataset and relevance labels can be downloaded from http://isyslab.info/CVI/CVI-img-datasets.zip
and https://github.com/shiqiangdqq/CVI-classifier/tree/master/CVI-imgdatasets.

References
1. Obi, A. T, Jackson, T. & Wakefield, T. W. Peripheral Venous Disease: Varicose Veins and Chronic Venous Insufficiency (2015).
2. Navarro, T. P, Dardik, A., Junqueira, D. & Cisneros, L. Vascular Diseases for the Non-Specialist (Springer, Cham, 2017).
3. Cronenwett, J. L. & Johnston, W. Rutherford’s Vascular Surgery, 2 Vols. (Saunders, 2010).
4. Chen, H., Reames, B. & Wakefield, T. W. Management of Chronic Venous Disease and Varicose Veins in the Elderly (Springer
International Publishing, 2017).
. Vasquez, M. A. & Munschauer, C. Presentation of Chronic Venous Disease (Springer International Publishing, 2014).
6. Passman, M. A. et al. Validation of venous clinical severity score (vcss) with other venous severity assessment tools from the
american venous forum, national venous screening program. Journal of Vascular Surgery 54, 2S-9S (2011).

7. Almeida, J. I., Wakefield, T., Kabnick, L. S., Onyeachom, U. N. & Lal, B. K. Use of the clinical, etiologic, anatomic, and
pathophysiologic classification and venous clinical severity score to establish a treatment plan for chronic venous disorders. J Vasc
Surg Venous Lymphat Disord 3, 456-460 (2015).

. Rutherford, R. B. et al. Venous severity scoring: An adjunct to venous outcome assessment. Journal of Vascular Surgery 31, 1307 (2000).
9. Kumar, A. et al. Adapting content-based image retrieval techniques for the semantic annotation ofmedical images. Computerized

Medical Imaging & Graphics the Official Journal of the Computerized Medical Imaging Society 49, 37-45 (2016).

10. Shimizu, K., Iyatomi, H., Celebi, M. E., Norton, K. A. & Tanaka, M. Four-class classification of skin lesions with task decomposition
strategy. Biomedical Engineering IEEE Transactions on 62, 274-83 (2015).

11. Mosqueralopez, C., Agaian, S., Velezhoyos, A. & Thompson, I. Computer-aided prostate cancer diagnosis from digitized
histopathology: A review on texture-based systems. IEEE Rev Biomed Eng 8, 98-113 (2015).

12. Zhang, J., Xia, Y., Xie, Y., Fulham, M. & Feng, D. Classification of medical images in the biomedical literature by jointly using deep
and handcrafted visual features. IEEE Journal of Biomedical ¢ Health Informatics PP, 1-1 (2017).

13. Esteva, A. et al. Corrigendum: Dermatologist-level classification of skin cancer with deep neural networks. Nature 542, 115-118
(2017).

14. Kanchana, R. & Menaka, R. A research survey on computer aided diagnosis of ischemic stroke detection using ct and mri images.
International Journal of Applied Engineering Research 10, 38261-38266 (2015).

15. Padilla, P. et al. Nmf-svm based cad tool applied to functional brain images for the diagnosis of alzheimer’s disease. IEEE
Transactions on Medical Imaging 31, 207 (2012).

16. Wan, S. et al. Integrated local binary pattern texture features for classification of breast tissue imaged by optical coherence
microscopy. Medical Image Analysis 38, 104-116 (2017).

17. Aggarwal, P, Vig, R. & Sardana, H. K. Lung cancer detection using fusion of medical knowledge and content based image retrieval
for lidc dataset. Journal of Medical Imaging & Health Informatics 6,297-311 (2016).

18. Zhang, F. et al. Dictionary pruning with visual word significance for medical image retrieval. Neurocomputing 177, 75-88 (2016).

19. Diamant, I. et al. Task driven dictionary learning based on mutual information for medical image classification. IEEE transactions
on bio-medical engineering PP, 1-1 (2016).

20. Reza Zare, M., Mueen, A. & Seng, W. C. Automatic classification of medical x-ray images using a bag of visual words. Computer
Vision let 7, 105-114 (2013).

21. Avni, U,, Greenspan, H., Konen, E., Sharon, M. & Goldberger, J. X-ray categorization and retrieval on the organ and pathology level,
using patch-based visual words. IEEE Transactions on Medical Imaging 30, 733-746 (2011).

22. Tizhoosh, H. & Babaie, M. Representing medical images with encoded local projections. IEEE Transactions on Biomedical
Engineering PP, 1-1 (2018).

23. Azhar, R., Tuwohingide, D., Kamudi, D., Suciati, N. & Sarimuddin Batik image classification using sift feature extraction, bag of
features and support vector machine. In Information Systems International Conference (2015).

24. Lin, D., Sun, L., Toh, K. A., Zhang, J. B. & Lin, Z. Biomedical image classification based on a cascade of an svm with a reject option
and subspace analysis. Computers in Biology & Medicine 96, 128 (2018).

1521

o

SCIENTIFIC REPORTS |

(2018) 8:17952 | DOI:10.1038/s41598-018-36284-5 12


http://isyslab.info/CVI/CVI-img-datasets.zip
https://github.com/shiqiangdqq/CVI-classifier/tree/master/CVI-imgdatasets

www.nature.com/scientificreports/

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.
38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Karakasis, E. G., Amanatiadis, A., Gasteratos, A. & Chatzichristofis, S. A. Image moment invariants as local features for content
based image retrieval using the bag-of-visual-words model. Pattern Recognition Letters 55, 22-27 (2015).

George, Y., Aldeen, M. & Garnavi, R. Psoriasis image representation using patch-based dictionary learning for erythema severity
scoring. Computerized Medical Imaging & Graphics (2018).

Yu, J., Qin, Z., Wan, T. & Zhang, X. Feature integration analysis of bag-of-features model for image retrieval. Neurocomputing 120,
355-364 (2013).

Rueda, A., Arevalo, J., Cruz, A., Romero, E. & Gonzélez, F. A. Bag of Features for Automatic Classification of Alzheimer’s Disease in
Magnetic Resonance Images (Springer Berlin Heidelberg, 2012).

Lu, Z. & Wang, L. Learning descriptive visual representation for image classification and annotation. Pattern Recognition 48,
498-508 (2015).

Lu, Z., Wang, L. & Wen, ]. R. Immage classification by visual bag-of-words refinement and reduction (Elsevier Science Publishers B. V.,
2016).

Yang, J., Jiang, Y. G., Hauptmann, A. G. & Ngo, C. W. Evaluating bag-of-visual-words representations in scene classification. In Proc.
of the International Workshop on Multimedia Information Retrieval, 197-206 (2007).

Jurie, F. & Triggs, B. Creating efficient codebooks for visual recognition. In Proc. of IEEE International Conference on Computer
Vision, 604-610 Vol. 1 (2005).

Nister, D. & Stewenius, H. Robust scalable recognition with a vocabulary tree. Proc Cvpr 2,2161-2168 (2006).

Leibe, B., Mikolajczyk, K. & Schiele, B. Efficient clustering and matching for object class recognition. In British Machine Vision
Conference 2006, Edinburgh, Uk, September, 789-798 (2006).

Lobel, H.,, Vidal, R., Mery, D. & Soto, A. Joint dictionary and classifier learning for categorization of images using a max-margin
framework. In Klette, R., Rivera, M. & Satoh, S. (eds) Immage and Video Technology, 87-98 (Springer Berlin Heidelberg, Berlin,
Heidelberg, 2014).

Khadem, B., Farahzadeh, E., Rajan, D. & Sluzek, A. Embedding visual words into concept space for action and scene recognition. In
British Machine Vision Conference, BMVC 2010, Aberystwyth, UK, August 31-September 3, 2010. Proceedings, 1-11 (2010).
Passalis, N. & Tefas, A. Neural bag-of-features learning. Pattern Recognition 64, 277-294 (2017).

Fernando, B., Fromont, E., Muselet, D. & Sebban, M. Supervised learning of gaussian mixture models for visual vocabulary
generation. Pattern Recognition 45, 897-907 (2012).

Ji, R, Yao, H., Liu, W, Sun, X. & Tian, Q. Task-dependent visual-codebook compression. IEEE Transactions on Image Processing 21,
2282-2293 (2012).

Lazebnik, S., Schmid, C. & Ponce, J. Beyond bags of features: Spatial pyramid matching for recognizing natural scene categories.
Cvpr2,2169-2178 (2006).

Zhou, L., Zhou, Z. & Hu, D. Scene classification using a multi-resolution bag-of-features model. Pattern Recognition 46, 424-433
(2013).

Tanaka, Y., Okamoto, A., Han, X. H., Ruan, X. & Chen, Y. W. Scene image recognition with multi level resolution semantic modeling.
Ieice Technical Report 110, 169-174 (2010).

Mu, T., Goulermas, J. Y., Tsujii, J. & Ananiadou, S. Proximity-based frameworks for generating embeddings from multi-output data.
IEEE Transactions on Pattern Analysis & Machine Intelligence 34, 2216-2232 (2012).

Sharma, G. & Martin, J. Matlab: A language for parallel computing. International Journal of Parallel Programming 37, 3-36 (2009).
Vogel, J. & Schiele, B. Semantic Modeling of Natural Scenes for Content-Based Image Retrieval (Kluwer Academic Publishers, 2007).
Wongpakaran, N., Wongpakaran, T., Wedding, D. & Gwet, K. L. A comparison of cohen’s kappa and gwet’s acl when calculating
inter-rater reliability coefficients: a study conducted with personality disorder samples. Bmc Medical Research Methodology 13, 61
(2013).

Kahn, S. R. Measurement properties of the villalta scale to define and classify the severity of the post-thrombotic syndrome. Journal
of Thrombosis Haemostasis 7, 884 (2009).

Zhang, ], Li, T, Lu, X. & Cheng, Z. Semantic classification of high-resolution remote-sensing images based on mid-level features.
IEEE Journal of Selected Topics in Applied Earth Observations ¢ Remote Sensing 9, 2343-2353 (2016).

Cepeda-Negrete, J. & Sanchez-Yanez, R. E. Gray-world assumption on perceptual color spaces. In Pacific-Rim Symposium on Image
and Video Technology, 493-504 (2013).

Li, L. J., Su, H., Lim, Y. & Li, F. E. Object bank: An object-level image representation for high-level visual recognition. International
Journal of Computer Vision 107, 20-39 (2014).

Vinh, N. X, Zhou, S., Chan, J. & Bailey, ]. Can high-order dependencies improve mutual information based feature selection. Pattern
Recognition 53, 46-58 (2016).

EKIof, B. et al. Revision of the ceap classification for chronic venous disorders: consensus statement. Journal of Vascular Surgery 40,
1248-52 (2004).

Bruno, D. O. T. et al. Lbp operators on curvelet coeflicients as an algorithm to describe texture in breast cancer tissues. Expert
Systems with Applications 55, 329-340 (2016).

Saavedra, . M. & Bustos, B. An Improved Histogram of Edge Local Orientations for Sketch-Based Image Retrieval (Springer Berlin
Heidelberg, 2010).

Shirvaikar, M., Huang, N. & Dong, X. N. The measurement of bone quality using gray level co-occurrence matrix textural features.
J Med Imaging Health Inform 6, 1357-1362 (2016).

Yang, H. et al. Research on the content-based classification of medical image. Journal of Medical Imaging & Health Informatics
(2017).

Chakraborty, J., Mukhopadhyay, S., Singla, V., Khandelwal, N. & Bhattacharyya, P. Automatic detection of pectoral muscle using
average gradient and shape based feature. Journal of Digital Imaging 25, 387-99 (2012).

Brancati, N, Pietro, G. D., Frucci, M. & Gallo, L. Human skin detection through correlation rules between the ycb and ycr subspaces
based on dynamic color clustering. Computer Vision & Image Understanding 155, 33-42 (2017).

Zhang, E. et al. Lung nodule classification with multilevel patch-based context analysis. IEEE transactions on bio-medical engineering
61, 1155-66 (2014).

Wang, Y. & Zhang, Y. Novel multi-class svm algorithm for multiple object recognition. International Journal on Smart Sensing &
Intelligent Systems 8, 1203-1224 (2015).

Khushaba, R. N., Kodagoda, S., Lal, S. & Dissanayake, G. Driver drowsiness classification using fuzzy wavelet-packet-based feature-
extraction algorithm. IEEE Transactions on Biomedical Engineering 58, 121-131 (2010).

Ghaemi, M. & Derakhshi, M. R. E. Classifying different feature selection algorithms based on the search strategies. In International
Conference on Machine Learning, Electrical and Mechanical Engineering (2014).

Acknowledgements

This work is supported by National Natural Science Foundation of China under Grant 61772217 and Grant
71771098, and Independent Innovation Research Fund of HUST under Grant 2017KFYX]J225. The authors
would like to thank all doctors came from vascular surgery of Shanghai Sixth People’s Hospital affiliated to
Shanghai Jiao Tong University for their participating in our experiments.

SCIENTIFICREPORTS|  (2018)8:17952 | DOI:10.1038/s41598-018-36284-5 13



www.nature.com/scientificreports/

Author Contributions

Z.Xue and J. Mei proposed the ideas of this approach. Q. Shi and W. Chen conceived the experiments and wrote
this manuscript. S. Yin, Y. Pan preprocessed data, J. Mei and Y. Fu analysed the results. All authors reviewed the
manuscript.

Additional Information
Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

. | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2018

SCIENTIFIC REPORTS |

(2018) 8:17952 | DOI:10.1038/s41598-018-36284-5 14


http://creativecommons.org/licenses/by/4.0/

	An Automatic Classification Method on Chronic Venous Insufficiency Images

	Related Work

	Results

	The Performance of Concept Classifiers. 
	The Performance of Scene Classifier. 
	The Comparison with Other Method. 
	The Comparison with Doctors’ Judgments. 

	Discussion

	Methods

	Semantic Modeling for CVI Image. 
	Image Representation by Multi-Scale Semantic Modeling. 
	Feature Selection and Scene Classifier. 

	Acknowledgements

	Figure 1 Performance comparisons of the two concept classifiers at different divided scale.
	Figure 2 The comparison of concepts accuracies at each divided scale.
	Figure 3 The comparisons of classification performance of CVI-classifier and the K-means based approach (k = 5, 10, 50, 100, 300, 500, 1000).
	Figure 4 he ROC curves for all categories by doctors and CVI classifier.
	Figure 5 The number of doctors for predicting each severity category on some images.
	Figure 6 The flowchart of CVI-classifier.
	Figure 7 Semantic model for CVI image.
	Figure 8 An example of computing the region-wise image representation.
	Figure 9 Image representation using multi-scale semantic modeling.
	Figure 10 The flowchart of the feature selection approach.
	Table 1 The Performance of Scene Classifier Based on Selected Features From Combined COVs.
	Table 2 Confution Matrix Based On All Semantic Features For Scene Classifier.
	Table 3 Confution Matrix Based On Optimized Features For Scene Classifier.
	Table 4 The Comparisons Of Classification Performance At Each divided Scale and The Combination Of All Divided Scales.
	Table 5 The Comparisons Of Classification Performance At Each divided Scale and The Combination Of All Divided Scales.
	Table 6 Confution Matrix Of 20 Doctors’ Classifiction Result For CVI Dataset.




