1760

RESEARCH ARTICLE
Machine vision-based Statistical texture analysis techniques for
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Abstract
Objective: To characterize human liver tissues by demonstrating the ability of machine vision, and to propose a new autogenerated report based on texture analysis that may work with co-occurrence matrix statistics.
Method: The retrospective study was conducted at Bahawal Victoria Hospital (BVH), Bahawalpur, Pakistan, and comprised
clinically verified computed tomography imaging data between October 2018 and September 2020. The image samples
and related data were used to segregate classes 1-4. Appropriate image classes belonging to the same disease were trained
to confirm the abnormalities in liver tissues using supervised learning methods, principal component analysis, linear
discriminant analysis, and non-linear discriminant analysis. Robust and reliable texture features were investigated by
generating testing classes. Overall performance of the presented machine vision approach was analyzed using four
parameters; precision, recall/sensitivity, F1-score, and accuracy. Statistical analysis was done using B11 software.
Results: There were 312 image samples from 71 patients; 51(71.8%) males and 20(28.2%) females. Among the patients,
19(26.7%) had abscess, 15(21.1%) had metastatic disease, 23(32.4%) had tumour necrosis, 6(8.5%) had vascular disorder,
and 8(11.3%) were normal. Principal component analysis, linear discriminant analysis, and non-linear discriminant analysis
showed high >97.86% values, but the discrimination rate was 100% for class 4.
Conclusion: Abnormalities in the human liver could be discriminated and diagnosed by texture analysis techniques using
second-order statistics that may assist the radiologist and medical physicists in predicting the severity and proliferation of
abnormalities in liver diseases.
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Introduction
The liver is a vital and the largest internal organ of the
human body that performs fundamental functions, like
detoxification, protein production, and blood filtration.
Liver diseases account for approximately 2 million deaths
per year worldwide due to complications of cirrhosis, viral
hepatitis, and hepatocellular carcinoma (HCC).1 According
to the World Health Organisation (WHO) Global Health
Estimates (GHE), liver diseases account for 62.6% of global
deaths, 54.3% of cirrhosis, and 72·7% of HCC and acute viral
hepatitis.2 The past several decades show that
abnormalities, like liver abscess, sometimes are severe
diseases and have experienced substantial epidemiology
changes and risk factors. The most common liver abscess
is caused by blood infection, an abdominal infection, an
infection due to injury, and bacterial or parasitic infection.
It is essential to recognize the abscesses' severity, diagnosis,
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and treatment to avoid untreated patients' complications.3
Infections and drug exposure cause damage to the liver.
Sometimes this leads to generating scars tissue or nonfunctioning cells in the liver, called fibrosis.4 Liver cirrhosis
is the next stage of fibrosis caused by liver diseases, like
liver injury, swelling, and abnormal growth of nonfunctioning cells.5 Hepatic metastases are 18-40 times
more conjoint than primary liver tumours.6 Liver
metastases typically hypo-attenuate on unenhanced
computed tomography (CT). If there is concomitant
hepatic steatosis, the lesions may be isolated or slightly
hyper-attenuating.
Necrosis, also mentioned as cell death or death of body
tissues, happens when viable cells turn out to be nonviable,
resulting in suspension of the cell contents. It is an
irreversible process caused by injury, radiation, or chemical
eﬀects. Necrosis is a common finding in acute and chronic
liver disease, and with the persistence of the underlying
cause, it is followed by progressive fibrosis.7 The extent of
necrosis ranges from individual cell necrosis to massive
hepatic necrosis. The pathologist's role is to evaluate the
pattern and capacity of tumour necrosis in the context of
other morphological changes and to suggest one or more
possible underlying causes.8 In others, most of the liver's
vascular disorders are uncommon, except portal vein
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thrombosis (PVT) in patients with cirrhosis. PVT is the
second cause of portal hypertension after liver cirrhosis.9 A
cross-sectional study in Pakistan10 discussed non-alcoholic
fatty liver diseases.
Traditionally, trained physicians visually assess medical
images for the detection, characterization, and monitoring
of diseases in radiology practice. Machine vision methods
provide computer-aided analysis in automatically
recognizing complex patterns in imaging data and
providing quantitative assessments.11 Image processing
and machine vision approaches are productive and
beneficial for the analysis of medical data. A study12 worked
on image analysis using colour and texture descriptors.
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The current study was planned to characterize human liver
tissues by demonstrating the ability of machine vision and
to propose a new auto-generated report based on texture
analysis that may work with co-occurrence matrix statistics.

Materials and Methods
The retrospective study was conducted at Bahawal Victoria
Hospital (BVH), Bahawalpur, Pakistan, and comprised
clinically verified computed tomography imaging data
between October 2018 and September 2020. Grey level cooccurrence matrix (GLCM) was constructed which contains
second-order statistics to retrieve pixels' information from
grey-level distribution within the regions of interest (ROIs)
as introduced by Haralick et al.13 IRB (364/IOP) was
obtained from the Islamic University of Bahawalpur
(Institute of Physics).
The samples were studied after discussion with expert
radiologists involved in the management. Each patient's
diﬀerent sample sizes were taken according to the variation
based on the disease's apparent visual symptoms. The
range of the samples was 2-5 per patient. The imaging data
were collected on digital video discs (DVDs). Doctors and
radiologists involved were consulted at each step.
The images were collected from infected patients,
metastatic having secondary tumour, tumour necrosis, and
vascular disorders. Patients on ventilators, patients with
renal function tests, and children were excluded. Due to the
low socioeconomic status of the area, the biopsy was not
possible for patients to confirm clinical data. The golden
standard for the final diagnosis was serum alphafetoprotein (AFP) and liver’s triphasic multidetector CT in
which non-ionic intravenous (IV) ultravist contrast was used
to enhance the diseased pattern.
The first step consisted of a collection of image datasets
with two categories of the liver; normal liver (NL) and
diseased liver (DL). The second category included four
subcategories; infected liver, liver metastasis, tumour

Figure-1: Abnormalities highlighted in diﬀerent liver subjects (a) Infected liver or
liver abscess (b) Metastatic liver (c) Tumour necrosis in liver (d) vascular
abnormal area in the liver.

necrosis liver, and vascular disorder liver. Four DL classes
were constructed to compare them for tissue
characterization (Figure 1). Comparison between NL and
DL led to the identification of ROIs. Disease details, tumour
size, and gross features were obtained from pathology
reports. The CT images were loaded separately on an image
processing software.14 ROIs having dimensions 8x8 were
chosen to compare NL and DL tissue texture (Figure 2). In
the next step, the CT images were converted into a greylevel eight-bit image format, followed by image
segmentation by refining the texture of the lesion by
considering its exact position. By extraction of ROIs,
Haralick texture features were calculated. Data were
statistically analyzed using B1115 software. The B11 module
allowed visualization of sample distributions within a
feature space, statistical analysis of these distributions, and
classification of feature vectors. Moreover, it implements
non-linear supervised classification procedures: 1-nearest
neighbour (1-NN) classifier and an artificial neural network
(ANN). Projection techniques provided further feature
reduction. Methods implemented in the B11 module
comprised principal component analysis (PCA),16 linear
discriminant analysis (LDA)17 and nonlinear discriminant
analysis (NDA).18
Confusion matrices were subsequently constructed to
classify NL and DL data, and the following parameters were
calculated:19 Precision = true positive (TP) / (TP + false
positive [FP])(1); Recall / Sensitivity = TP / (TP + false
negative [FN])(2); F1-score = (2˟TP) / (2˟TP + FP + FN)(3);
and Accuracy = Sum of TP / Total number of ROI(4).
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There were 312 image samples from 71 patients;
51(71.8%) males and 20(28.2%) females. Among
the patients, 8(11.3%) had NL, and 63(88.7%) had
DL; 19(26.7%) abscess, 15(21.1%) metastatic
disease, 23(32.4%) tumour necrosis, and 6(8.5%)
vascular disorders (Table 1). From the 3210 ROIs,
224(7%) were from NL images and 2986(93%)
from DL images. During the comparative study
of class 1, 1209(40.5%) ROIs were chosen,
302(10.1%) from class 2, 1171(39.2%) from class
3, and 304(10.2%) from class 4. PCA, LDA, and
NDA classification rates were worked out for all
the four DL classes (Table 2). The texture features
for ROIs related to DL and NL were compared
(Figure 3). Confusion matrices were obtained
from all classes for PCA, LDA, and NDA, which
showed accuracy >97.86%, but the
discrimination rate was 100% for class 4 (Table
3).

c)
Figure-2: Construction of regions of interest (ROIs)
using dimensions 8 x 8, (a) infected liver
or liver abscess, (b) metastatic liver, (c)
tumour necrosis in liver, (d) vascular
abnormal area in the liver, and (e)
normal liver.

Discussion
The study focussed on classifying four liver
diseases; infection, metastasis, tumour necrosis,
and vascular disorder. This was done with the
help of texture analysis using machine visionbased statistical methods.

A comparative study20 presented a classification
rate of about 95% for fatty and cirrhosis liver CT
images. The sensitivity and specificity were
Table-1: Demographic data of the patients.
96% and 94%, respectively, using the
Sr# Number of Gender
Age
Inclusion
Existing disease process/lesion
probabilistic neural network (PNN) classifier.
Patients n (%)
limit (years)
criteria
A study21 proposed the classification of liver
1
19
Male-12 (63.1)
28-56
Abscess
Infection, Amoebic/ Bacterial
lesions into malignant and benign using
Female-7(36.8)
comparative analysis. The final accuracy
2
15
Male-11 (73.3)
40-70
Metastatic
CA Colon, CA gall Bladder, CA Prostrate,
obtained by positron emission tomography
Female-4 (26.6)
CA Ovary, CA Breast
(PET)/CT,
magnetic resonance imaging (MRI),
3
23
Male-18 (78.2)
40-70
Tumour Necrosis HCC following sequally of Hepatitis B, C
and
fused
PET/CT and MRI was 66.7%, 80.0%,
Female-5(21.74)
and
94.7%,
respectively. One study22 found
4
6
Male-6 (100)
40-50
Vascular Disorder AV malformation , Hemangioma
an accuracy of 84.5%, sensitivity 84.1%, and
5
8
Male-4(50)
40-55
Normal
specificity 84.9% for the diagnosis of HCC
Female-4 (50)
using
the optimal binary logistic regression
CA: Cancer antigen, HCC: Hepatocellular carcinoma, AV: Arteriovenous malformation.
Table-2: Statistical analysis of comparisons of the diﬀerent diseased liver with normal liver using cursor size 8 x 8.
Statistical Techniques

Principal Component Analysis
Linear Discriminent Analysis
Non-linear Discriminent Analysis
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Statistical Outcomes
Selected Samples/Subjective
Region of Interests (ROIs)
Classification Rate
Misclassification data vectors
Classification Rate
Misclassification Ratio
Classification Rate
Misclassification Ratio

Class 1

Class 2

Class 3

Class 4

105
1209
1206/1209 (99.75%)
3/1209 (0.25%)
1199/1209 (99.17)
10/1209 (0.83%)
1207/1209 (99.83%)
2/1209 (0.17%)

55
302
298/302 (98.67%)
4/302 (1.32%)
300/302 (99.33)
2/302 (0.66%)
302/302 (100%)
0/302 (0.00%)

90
1171
1153/1171 (98.46%)
18/1171 (1.54%)
1146/1171 (97.86%)
25/1171 (2.13%)
1162/1171 (99.23%)
9/1171 (0.77%)

62
304
304/304 (100%)
0/304 (0.00%)
304/304 (100%)
0/304 (0.00%)
304/304 (100%)
0/304 (0.00%)
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Table-3: Confusion matrices for diﬀerent classes (class 1 = normal liver versus liver abscess,
class 2 = normal liver versus liver metastasis, class 3 = normal liver versus tumour
necrotic liver, class 4 = normal liver versus vascular disorder in the liver).
Confusion Matrices
for diﬀerent classes
Class 1

Class 2

Class 3

Statistical Precision
Recall /
F1-Score
Techniques
(Sensitivity)
PCA
LDA
NDA
PCA
LDA
NDA
PCA
LDA
NDA
PCA
LDA
NDA

0.998
0.995
0.998
0.974
0.987
1.000
0.993
0.987
0.997
1.000
1.000
1.000

0.999
0.995
1.000
0.974
0.987
1.000
0.988
0.986
0.994
1.000
1.000
1.000

0.998
0.995
0.999
0.974
0.987
1.000
0.990
0.987
0.995
1.000
1.000
1.000

Accuracy
99.75%
99.17%
99.83%
98.68%
99.34%
100.00%
98.46%
97.87%
99.23%
100.00%
100.00%
100.00%

Abnormalities in the human liver could be discriminated
and diagnosed by texture analysis techniques that may
assist radiologists and physicians to predict the severity
and proliferation of abnormalities in liver diseases.
Disclaimer: The text is based on a PhD thesis.
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Figure-3: Comparison of texture features distribution for the region of interest (ROI) of dimensions 8x8 within the diseased liver (marked in red) and normal liver (marked in green)
by principal component analysis (PCA), linear discriminant analysis (LDA) and nonlinear discriminant analysis (NDA) for all classes (from left to right), respectively.
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