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Abstract. Liver biopsy remains the gold standard in monitoring progression of liver fibrosis which is associated with 

an abnormal increase in collagen, and descriptive scoring systems are still being used to grade biopsy samples. 

Several studies have built classification systems to automatically score liver fibrosis. However, all these systems have 

been established for stained samples or to measure only the collagen percentage. In this paper, an automated scoring 

system for liver fibrosis is designed for second harmonic generation images, which measures not only the collagen 

percentage but also quantifies morphological features of collagen fibers as well. The applicability of different 

collagen segmentation algorithms for liver fibrosis scoring is investigated. By proposing a Gaussian-mixture-model 

based method to quantify collagen percentage and using other morphological features of collagen fibers, high 

specificity and sensitivity of scoring, of early and late stage fibrosis are achieved with a neural network classifier. 
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1 Introduction 

Liver fibrosis is a result of wound healing process which accumulates extracellular matrix (ECM) proteins such as 

collagen [1]. Liver biopsy remains the gold standard in monitoring fibrosis progression in which a small sample of 

tissue is removed with a needle, stained, examined under a microscope, and graded based on a descriptive or semi-

quantitative score by trained pathologists [2, 3]. However, besides the potential complications following biopsy, there 

are inherent drawbacks, such as sampling error, staining variations and inter- and intra-observer variability in the 

interpretation of the needle biopsy results [2-4]. With the developments in both mode-locked lasers and highly-sensitive 

optical sensors, non-linear optical microscopy such as second harmonic generation (SHG) becomes an affordable option 

for tissue imaging [5]. Comparing to the conventional collagen imaging by transmitted light microscopy of histological 

tissue sections stained with Masson’s trichrome or picrosirius red, SHG is more specific for fibrillar collagens and does 

not need the samples to be stained that excludes variations in staining resulting from different batches of stains, 

protocols, time dependant fading, and photobleaching [6]. 

Using the features extracted from images, mainly the collagen percentage, several studies have reported to build 

image analysis systems to automatically quantify liver fibrosis so as to exclude observer discrepancies [7-13]. By 

applying quantitative measurements to classification tools such as neural network [11] or support vector machine, 

automated scoring can be achieved. However, either of these systems are established for stained samples [7-12] or only 

measure the collagen percentage [7-10, 13].  

In this paper, we have designed an automated liver fibrosis scoring system for SHG images, by measuring not only 

the collagen percentage but other morphological features of collagen fibers as well. We also investigate the applicability 

of different intensity-based collagen segmentation algorithms and their performance on quantifying fibrosis progression 

and scoring the liver samples.  

2 Method 

Fig. 1 illustrates the block diagram of the proposed automated liver fibrosis scoring system. First, the SHG image 

acquired from the microscope will be segmented into collagen area and non-collagen area. Next, each collagen fiber is 

traced and identified. Several morphological features of collagen fibers are quantified, which are used to train a back-

propagation neural network. Finally, the trained classifier can be used to automatically score a liver tissue image 

according to the fibrosis progression.    
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Fig. 1 Block diagram of the proposed liver fibrosis scoring system 

 

3 Collagen Segmentation 

A good collagen segmentation algorithm should be able to detect fine collagen fibers with low intensities. In order to 

retain these important structures of fine collagen fibers, four different segmentation algorithms based on pixel 

intensities were tested, namely Otsu thresholding, K-means clustering, Fuzzy-C-means clustering (FCM) and a method 

based on Gaussian mixture model (GMM).  

Global thresholding identifies the pixels as either foreground or background, based on a threshold which can be set 

manually or generated automatically by employing various criteria. Otsu method is a classic global threshold algorithm 

which aims to find the best threshold to minimize intra-class variance and maximize the between-class variance [14]. 

The K-means clustering is one of the most popular and iterative clustering methods for image classification [15, 16]. 

The Fuzzy-C-means clustering method works similar to K-means clustering while each pixel is assigned a degree of 

belongingness (membership) to clusters rather than strictly assigning to one cluster [17]. In this way Fuzzy C-means 

handles the uncertainty in the data.   

The Gaussian Mixture Model (GMM) method assumes that the distribution of intensities is a mixture of several 

Gaussian distributions, each corresponding to a separate tissue class. The expectation maximization (EM) algorithm is 

usually used to find the optimal parameters of the distributions and mixing coefficients [18]. In our application, it is 

assumed that the intensity of pixels in the SHG image can be modeled as the mixture of two Gaussian distributions, one 

representing collagen area with strong SHG signals and the other representing the background. 

Fig. 2 shows the segmentation results of a sample SHG image using four different methods.  

 

Fig. 2 Segmentation results using different algorithms. (a) Raw image, (b) Otsu method, (c) K-means clustering, (d) Fuzzy-C-

means clustering, and (e) Gaussian mixture modeling 

4 Feature Extraction 

First, SHG images are segmented into collagen and background. The features of the collagen are then extracted from 

the foreground image. The percentage of collagen is widely used as an important feature to score liver fibrosis. Four 

morphological features, namely, the number of fibers per mm
2
, average fiber length, cross-link density and average 

cross-link space of collagen are also used as features. The morphological features of collagen fibers were extracted 

using an algorithm described in [19].  

Let original SHG image, :f Q where 
2N denotes the image domain and [0, 4095]Q  . The SHG 

image is first segmented to separate collagen from the background. Let : {0,1}g  denotes the collagen image 

after segmentation where g( ) = 1x when pixel x is a collagen pixel, and g( ) = 0x otherwise. The set of 

collagen pixels is given by:  1 : ( ) 1,C x g x x   . 
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In order to generate features, the following distance transform d is computed for collagen 

pixels:

( ) 0

( ) min
y

g y

d x y x



  . It is essentially the closest distance to the background from a collagen pixel. For all 

background pixels, ( ) 0d x  .The neighbors of radius r  within pixel x are defined 

as ( ) { : ; }rN x y x y r y    .The cross-link points are defined as the global maximum points in a 

neighborhood: 
2

( )
{ : ( ) max { , ( )}, }

ry N x
C x d x d y x


    

where is a threshold parameter and 2C consists of global maximum points.  

Starting from these cross-link points x , fibers were traced through a set of local maxima points until the end of the 

fiber or another cross-link point was reached. With boundary points of the neighborhood of pixel 

x: ( ) { : ; }rB x z x z r z     , then local maxima points are defined as: 
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where  is a threshold parameter and 3C consists of local maxima points.   

The skeleton of each fiber in the image was extracted by connecting cross-link points 2C  and local maxima 

points 3C . Then, number of fibers, average fiber length, cross-link density and average cross-link space were quantified. 

Cross-link density is defined as the ration between number of cross-link points and total fiber length in the image. 

Cross-link space is calculated as the average distance between two neighbor cross-link points from the same collagen 

fiber.  

5 Experimental Results 

5.1 Material 

All the liver tissue samples in this study were extracted from bile duct ligated rats. Bile duct ligation of rats will 

generate a wound in the liver and then lead to fibrosis. A total of 15 rats were ligated and sacrificed at intervals of 2, 4 

and 6 weeks (n = 5 per week). 5 control rats were also sacrificed at week 0.  A tissue slice with 50um thickness is 

sliced from each liver, and a total of 4 SHG images (4068 x 4095 pixels, ~ 4.1 x 4.1 mm) were scanned for each tissue 

slice.  

Another tissue specimen with 4um thickness is sliced from each liver, stained, imaged by light microscope, and 

scored by a pathologist. The score is then used as the ground-truth of fibrosis stage of each liver tissue to train and test 

the performance of the proposed scoring system. 

5.2 Statistical Analysis and Classification 

The receiver operating characteristic curve (ROC) was a plot of sensitivity versus specificity by changing the 

discrimination threshold of a classifier system. The area under the curve (AUC) was used to evaluating the performance 

of the classification system. In this study, we adopted the AUC calculation method from [20] which is a simple 

generalization of AUC for multiple class classification problems. The AUC measurement of each class against the rest 

classes reflects how well each class is separated from others. The overall AUC measurement of a system is calculated as 

the average of AUC measurements of each class, which reflects the overall performance of the classifier.  

A neural network was trained and tested with 10-fold cross-validation. In each cross-validation round, nine-tenth of 

the images were used as the training set while features extracted from these images were used to train the back-

propagation neural network, which consisted of an input layer, a hidden layer of 5 nodes and an output layer of 5 nodes. 

Each output node corresponds to one class among score from 0 to 4. After the neural network is trained, the features 

extracted from the remaining one-tenth of the images were fed into the network and each of these test images was 

assigned to a class based on the output of the network. Then, the true positive and false positive rates were calculated 

according to the classification results and the scores generated from the pathologist. The overall AUC and AUC of each 

class were then generated. By repeating the above procedures for 10 times and averaging the AUC measures, the 

measures are generated to evaluate the performance of the classifier.  

Parameters , and r , which are used for feature extraction, are set as 1.5, 0.2 and 5 in this study as suggested in 

[19].  

We first adopt the most widely used feature – collagen percentage as the only input feature for the neural network. 

The AUC measures of the classification results using different segmentation algorithms are shown in table 1.  
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Table 1. AUC for classifier using collagen percentage as the only feature 

Stage 0 1 2 3 4 Overall 

Otsu 0.76 0.37 0.63 0.60 0.70 0.61 

Kmeans 0.73 0.37 0.65 0.60 0.73 0.61 

FCM 0.73 0.45 0.65 0.58 0.74 0.63 

GMM 0.91 0.56 0.61 0.68 0.83 0.72 

 

As seen, GMM method achieves better segmentation than other techniques using the same features. Also, each class 

is better separated from the other classes with the use of GMM compared to other methods, especially for the Stage 0 

group, which is very valuable since the early detection of disease is always very important.  

We further studied whether morphological features of collagen fibers are meaningful to monitor the fibrosis 

progression by combining fibers per mm
2
, average fiber length, cross-link density and average cross-link space with 

collagen percentage to generate a new feature set for training using the same procedures to calculate AUC measures 

which are shown in Table 2.  

Table 2.  AUC for classifier using all five features 

Stage 0 1 2 3 4 Overall 

Otsu 0.89 0.69 0.66 0.76 0.84 0.77 

Kmeans 0.90 0.64 0.69 0.75 0.84 0.76 

FCM 0.92 0.65 0.69 0.75 0.81 0.76 

GMM 0.97 0.81 0.76 0.87 0.97 0.88 

 

The overall performance of the classifier using different segmentation methods are all improved by an average of 

16%. Moreover, the best performance of separating a class is achieved for early stage for all the segmentation methods, 

which reveals that these four morphological features are highly relevant to the early fibrosis detection. Among all, the 

classifier using the features from the GMM based method still achieves the better performance than the classifier using 

the features from other methods, which proves that it is important to retain fine collagen fibers for the segmentation 

algorithms.  

The support vector machine (SVM) based classifiers are also tested to compare the performance with neural network 

using all five features extracted with GMM segmentation method. Two common approaches for multiclass SVM are 

where each classifier distinguishes between one of the class to the other (one versus all) or between every pair of classes 

(one versus one) [21]. Polynomial kernel is used in this study for both multiclass SVMs. The procedures to calculate 

AUC for SVMs are same as those used for neural network which were described earlier. The results of AUC using 

different classifiers are shown in Table 3. All the classifiers achieve good performance for early and late stage fibrosis, 

while neural network based system has better discriminability for mid stage fibrosis than SVM based system.  

6 Conclusions 

In this paper, an automated scoring system for liver fibrosis diagnosis is proposed, by using not only the collagen 

percentage but other morphological features of collagen fibers. From the results, we can conclude that global 

thresholding method such as Otsu method and clustering methods such as K-means and Fuzzy-C-means using pixel 

intensity only are insufficient for collagen segmentation in SHG images. Comparing to these three methods, GMM 

method is able to detect fine collagen fibers which shows its strength for the accurate interpretation of collagen structure 

changes along with the fibrosis progression. We assume the distribution of background signals is Gaussian while all 

types of noise with different distributions are considered to be mixed together. However, if the system is limited by one 

specific type of noise, such as shot-noise which has a Poisson distribution, the mixture modes based segmentation 

algorithm should be modified. Moreover, we illustrated that those morphological features of collagen fibers such as 

fiber length, cross-link density and cross-link space are valuable measures for monitoring fibrosis progression, 

especially for early fibrosis detection. The proposed system is able to score stage 0 and stage 4 samples with high 

specificity and sensitivity, and achieve acceptable results for other stages.  

Table 3.  AUC for different classifiers using all five features and GMM method 

Stage 0 1 2 3 4 Overall 

Neural Network 0.97 0.81 0.76 0.87 0.97 0.88 
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SVM 

(one versus all) 
0.89 0.60 0.57 0.68 0.86 0.72 

SVM 

(one versus one) 
0.91 0.85 0.61 0.67 0.86 0.78 
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