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ABSTRACT 

 

Computed tomography is a popular imaging modality for 

detecting abnormalities associated with abdominal organs 

such as the liver, kidney and uterus. In this paper, we 

propose a novel weighted locality-constrained linear coding 

(LLC) method followed by a weighted max-pooling method 

to classify liver lesions into three classes: cysts, metastases, 

hemangiomas. We first divide the lesions into same-size 

patches. Then, we extract the raw features in all patches 

followed by Principal Components Analysis (PCA) and 

apply K means to obtain a single LLC dictionary. Since the 

interior lesion patches and the boundary patches contribute 

different information in the image, we assign different 

weights on these two types of patches to obtain the LLC 

codes. Moreover, a weighted max pooling approach is also 

proposed to further evaluate the importance of these two 

types of patches in feature pooling. Experiments on 109 

images of liver lesions were carried out to validate the 

proposed method. The proposed method achieves a best 

lesion classification accuracy of 96.33%, which appears to 

be superior compared with traditional image coding 

methods: LLC method and Bag-of-words method (BoW) 

and traditional features: Local Binary Pattern (LBP) features, 

uniform LBP and complete LBP, demonstrating that the 

proposed method provides better classification. 

 

Index Terms—Image patch analysis, weighted LLC 

method, weighted max-pooling method, liver lesions 

classification. 

 

1. INTRODUCTION 

 

According to the American Cancer Society, 

approximately 33,190 new cases of liver cancer are 

expected to occur in the U.S. in 2014 [1]. Computed 

tomography (CT) images are widely used by clinicians for 

detection, diagnosis, and monitoring of liver lesions [2]. 

Liver lesions seen on CT are classified as being benign 

(such as hepatic cysts and hemangiomas) or malignant (such 

as metastases and hepatocellular carcinoma). In many cases 

biopsy is needed to confirm the lesion diagnosis. To reduce 

the number of biopsies, and the associated risks, a non-

invasive automatic lesion classification method would be 

beneficial. 

Several published works deal with automated 

classification of liver lesions [3-6]. In [3] the authors used 

average gray level and Haralick texture features followed by 

sequential search algorithms and genetic search to represent 

image features. Then, three sequentially feed forward neural 

networks were used to classify the lesion types. In [5], 

authors used first-order and second order spatial statistics 

and temporal features to represent the lesion. 

Recently a bag-of-words (BoW) [7, 8] method, deriving 

from local features like key points or image patches, 

appeared to be a promising object classification method. It 

treats a single image as an order-less collection of local 

features, quantizes the descriptors into visual words, and 

represents the image as a histogram of these words. BoW 

enables automated diagnosis of liver lesions [9], 

circumventing the challenge of their varying appearance. 

However, in the BoW model, each feature from an image is 

assigned to the nearest codeword by hard assignment, which 

can cause substantial information loss when the feature is 

located around the boundary of several code words [10]. To 

address this problem, the LLC method [11] is proposed. It 

utilizes locality constraints to project each descriptor into its 

local-coordinate system, and the projected coordinates are 

integrated by max pooling to generate the final 

representation. 

Motivated by the fact that the interior and boundary 

regions of liver lesions may contribute differently to the 

lesion feature representation, in this paper we propose a 

weighted LLC method followed by a weighted max-pooling 

for lesion classification. We first extract raw features from 

all patches, apply PCA to select the largest eigenvalues, and 

build a feature dictionary. Then, the different weight for 

each patch is assigned based on whether the patch is located 

at the interior lesion part or at its boundary, producing a 

weighted LLC coding of the image. To further differentiate 

these groups of patches, we also propose a weighted max 

pooling method. Both weighted LLC and weighted max 

pooling contribute to the improved performance of the 

lesion classification. We further analyzed the effect of the 

weights assigned to the interior lesion region and boundary 

region in relation to the classification performance. The 
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proposed model shows promising results compared with 

other state-of-the-art methods. 

 

2. METHOD 

2.1 Preprocessing 

Our Dataset (Fig. 1) contains portal-phase CT images of 

109 liver lesions: 39 cysts, 46 metastases, and 24 

hemangiomas. These CT  images are acquired using GE 

Healthcare or Siemens Medical Systems scanners with the 

following parameters: 120kVp, 140–400 mAs, and 2.5–5.0-

mm section thickness. A radiologist circumscribed each 

lesion and provided its diagnosis (established by either 

biopsy or classic radiological appearance). Fig. 1 shows 

examples of circumscribed lesions from the dataset.  

 
Fig. 1. Typical examples of circumscribed (red outlines) Cysts, 

Metastases and Hemangiomas. 

 

2.2 Patch extraction and feature extraction 

The cropped lesions are divided into multiple patches 

with M*M pixels. For each patch, we extract the raw pixel 

values and apply PCA to select the most informative 

features and reduce the computational complexity. The first 

D components of the PCA, which are the components with 

the largest eigenvalues that capture most of the variance in 

the data, serve as a basis for the patch description. 

 

2.3 Dictionary reconstruction 

In this step, we convert feature vectors represented by 

patches into visual words by applying K-means to the 

features extracted from all patches in the datasets. The 

centroid of each cluster is selected to generate a dictionary 

of K visual words. Thus, the cluster centroids serve as the 

dictionary of visual words. 

 

2.4 Weighted LLC coding 

Once we obtain the dictionary B with K visual words, 
we represent the image as an LLC histogram.  

Denote   D N

1 2 NX x ,x , , x R    as a collection of 

image features, in which each column ix corresponds to one 

feature extracted from the patch with M*M pixels, and N is 

number of patches. Given the vocabulary 

2

K

1[ , ,.. , R. ]K

DB b b b   , the LLC  coding  [11] 

Z RD N of an input image could be solved by the 

following objective function: 

2
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            (1) 

 

where λ is a weight parameter for adjusting the weights of 

locality,  denotes element-wise multiplication, and 
1K

id R  is locality adaptor that gives different freedom 

for each basis vector proportional to its similarity to the 

input descriptor 
ix . Specifically,  

( , )
exp( )i

i

dist x B
d


                      (2) 

where 
1( , ) [ ( , ),..., ( , )]T

i i i Kdist x B dist x b dist x b and 

( , )i kdist x b is the Euclidean distance between 
ix and each 

element of the dictionary B . is used for adjusting the 

weight decay speed for locality adaptor. 

In a classic LLC coding process [10], all features have the 

same weights. Therefore, they have equal contribution to 

the feature coding. However, the image patches located in 

the boundary or in the interior part of the object may 

contribute differently to the feature representation. An 

“interior patch” is defined as a region that more than 85% of 

its pixels are located inside the lesion. Otherwise, the region 

is considered as “boundary patch”. We seek to learn a more 

discriminative codebook, which reduces the feature 

quantization loss for those more important features. In this 

way, more useful information will be kept in feature coding 

process, and the image representation can be better. To this 

end, we propose a weighted LLC coding formulation for 

codebook learning: 

i i

i 1

T

i

argmin w (|| x Bz || λ||d z ||)

s.t.1 z 1, i

i i i

N



  

 


        (3) 

where w i is a weighted parameter with different values  for 

interior and boundary patches. By using Eq. (3), we can 

map different patches to the dictionary of visual words to 

obtain the weighted LLC code.  

 

2.5 Weighted max-pooling  

After coding each descriptor vector, the codes are pooled 

together to generate a CT image representation. The original 

LLC uses a naive max pooling method which ignores the 

location of patches[11]. The naive max pooling method will 
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ruin the important information of lesions by blending the 

boundary and interior patches together indiscriminately. 

To enhance the different contributions of boundary 

patches and interior patches in our feature analysis, we 

propose a weighted max pooling method by incorporating 

the weights that are presented in Eq. (3) into the max 

pooling process. If the type of interior patches contribute 

more than the type of boundary patches to the representation 

of the image, larger weights should be assigned to their max 

pooling process. The weights used for weighting the LLC 

codes are the same as the weights of this patch during the 

coding procedure. 

Suppose an image contains N patches and the codebook 

size is K, then after the weighted max pooling, this image 

region will be represented by a K dimensional feature f , 

the jth  dimension (j=1,2,…,K) of f  is calculated by  

   
1 1 2 2

( 1) ( 1)

max{w z , w z ,..., w z ,

w z ,..., w z }

j j j P Pj

P P j N Nj

f

 


      (4) 

where P  is the number of interior patches of the object. 

In this paper, we divide the patches into boundary patches 

and the interior patches and the corresponding weights for 

these two patches are 1w  and 2w . Thus the Eq. (4) could 

be reformulated as follows: 

1 1 1 2 1

2 ( 1) 2

max{w z , w z ,..., w z ,

w z ,..., w z }

j j j Pj

P j Nj

f




      (5) 

where 1 2w w 1  . 

After obtaining the weighted LLC features for each 

lesion, we apply support vector machines (using LIBSVM 

[12]) to classify the lesions into their diagnosis.  

 

3. RESULT 

We implemented the weighted LLC model to classify 

liver lesions into three classes (cysts, metastases, and 

hemangiomas). Evaluation for our dataset was conducted by 

using a leave-one-out cross-validation method. Our method 

contains three free parameters that are needed to be pre-

defined: number of PCA components D, the dictionary size 

K and the patch dimension *M M . Different parameters 

sets were experimentally tested in order to obtain the 

highest performance accuracy. The optimal parameters were 

K=140, D=18, and M=7.  

Values of 1w were chosen between 0 and 1 with 0.1 

increments. 1w 0  indicates that the interior patches have 

no contribution to the final classification, while 1w 1  

means that the boundary patches could be neglected. The 

relationship between 1w and classification accuracy (by 

comparing the predict labels with the radiologist diagnosis) 

is presented in Fig. 2. For each lesion class, the accuracy 

was measured by using different weights. 

 
Fig. 2. Accuracy of lesion classification with different weights.  

 

Differences in performance accuracy among the lesion 

classes were found. The cysts exhibit the highest 

classification performance compared with metastasis or 

hemangiomas, while the latter shows the lowest 

classification accuracy. For all lesion classes, the best 

accuracy was obtained by using 1 2w 0.7 w 0.3 ， . This 

result indicates that the interior patches are more dominant 

in the classification process but the boundary region also 

includes useful information that can not be neglected. By 

using 1w 0.7 , the average classification accuracy was 

96.33% (red line in Fig. 2), showing that the proposed 

method can provide good lesion classification.  

When these two patch regions were considered equally 

as in the traditional LLC method ( 1w 0.5 ), the accuracy 

decreased to 91.74% as shown in Fig. 2. Therefore, the 

presented weighted LLC method, which favors the inter-

lesion region, could provide better lesion representation, 

thus lead to better classification results. 

To evaluate the classification sensitivity and specificity 

for each class of lesions, Table 1 shows the confusion 

matrix using the optimal 1w 0.7 , which reveals that in a 

few cases, hemangioma is confused with metastases. This is 

a reasonable result since these lesions sometimes have 

similar visual appearance, and radiologists can confuse 

these two diagnoses. 

We compared the proposed weighted LLC with the 

traditional feature coding methods: LLC and BOW. The 

state-of-the-art features: the local binary pattern (LBP) 

feature [13], uniform LBP [14] and complete LBP [15] are 

also implemented on our dataset to conduct the comparison, 

because all these approaches reported excellent results in 

image classification tasks.  The corresponding classification 

results are shown in Table 2. Our method shows higher 
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accuracy compared with LLC and BOW. The proposed 

method appears to have substantially better performance 

than the other features, with an improvement of 19.27%, 

33.94%, and 12.84%, in comparison with the LBP, uniform 

LBP, and CLBP, respectively. Thus, the proposed method 

could provide significant better discrimination between 

different classes of liver lesions (p<<0.01). 

 

Table 1. Confusion matrix with 1w 0.7 in the interior 

lesion region and 0.3 in the boundary region.  

 Cysts Metastases Hemangiomas 

Cysts 39 0 0 

Metastases 0 45 1 

Hemangiomas 0 3 21 

 

Table 2. Average classification accuracy using different 

textural feature (%). 

 Cysts Metastases Hemagiomas Mean 

accuracy 

Proposed 

method 

1 97.82 87.50 96.33 

LLC 94.87 93.48 83.33 91.74 

BOW 94.87 93.48 70.83 88.99 

LBP 79.49 82.61 62.50 77.06 

Uni_LBP 64.10 76.09 33.33 62.39 

CLBP 89.74 89.13 62.50 83.49 

 

 

 

4. CONCLUSION AND FUTURE WORKS 

This work presents an approach to automatic classify 

liver lesions into three different classes of diagnoses: cyst, 

metastasis and hemangioma. Since the interior and 

boundary regions of the lesions contribute differently to the 

classification success, we propose a weighted LLC method 

and weighted max-pooling method. Experimental results 

show that both the interior and boundary of the lesions 

contribute to the lesion classification. When the weights on 

the interior lesions are 0.7, the proposed method achieves 

the best overall accuracy of 96.33%, which appears to 

outperform the traditional LLC method for lesion 

classification as well as competing methods.  
There is still room for the improvement of the proposed 

method. In our work, we just assign different weights based 

on two categories: interior patches and the boundary patches. 

Each patch may have different contributions to the 

classification due to its geometry property and spatial 

location. We could enhance our method in the future by 

assign different weights to each patch based on their 

contributions in the classification tasks. In addition, since 

the accuracies for different lesion classification tasks with 

same weight are variable, we could use different weights to 

classify the different lesions. 
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