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A B S T R A C T

Liver is the heaviest internal organ of the human body and performs many vital functions. Prolonged cirrhosis and
fatty liver disease may lead to the formation of benign or malignant lesions in this organ, and an early and reliable
evaluation of these conditions can improve treatment outcomes. Ultrasound imaging is a safe, non-invasive, and
cost-effective way of diagnosing liver lesions. However, this technique has limited performance in determining
the nature of the lesions. This study initiates a computer-aided diagnosis (CAD) system to aid radiologists in an
objective and more reliable interpretation of ultrasound images of liver lesions. In this work, we have employed
radon transform and bi-directional empirical mode decomposition (BEMD) to extract features from the focal liver
lesions. After which, the extracted features were subjected to particle swarm optimization (PSO) technique for the
selection of a set of optimized features for classification. Our automated CAD system can differentiate normal,
malignant, and benign liver lesions using machine learning algorithms. It was trained using 78 normal, 26 benign
and 36 malignant focal lesions of the liver. The accuracy, sensitivity, and specificity of lesion classification were
92.95%, 90.80%, and 97.44%, respectively. The proposed CAD system is fully automatic as no segmentation of
region-of-interest (ROI) is required.
1. Introduction

Liver is the largest internal organ in the body. It neutralizes toxins,
assists in the processing of proteins and fats from digested food, keeps
important nutrients, and produces and secretes bile [1,2].

According to the American Cancer Society, liver cancer is the 8th
leading cause of cancer related death in women and 5th in men world-
wide [3]. The death rates due to liver cancer have tripled since the year
2000. One of the reasons is the lack of tools to detect early symptoms of
the disease [4], and hence many patients are diagnosed with liver cancer
in an advanced stage. Lesions of the liver are often found by chance
during a routine check-up with ultrasound examination [5]. Thus,
differentiating the lesion type at the time of diagnosis can be beneficial to
the patients. Focal liver lesions can either be benign (non-cancerous) or
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malignant (cancerous). Examples of benign lesions are liver cysts, liver
abscesses, hemangioma, focal nodular hyperplasia, and hepatic adenoma
[6]. Malignant lesions are hepatocellular carcinoma (HCC), chol-
angiocarcinoma, biliary cystadenocarcinoma, and lesions from metasta-
ses (MET) originating from cancers in other organs [6]. Preexisting
conditions such as fatty liver disease and cirrhosis can increase the risk of
developing a liver cancer [7].

Histopathological examination (HPE) of a biopsy sample is the gold
standard to characterize a liver lesion. However, biopsy is an invasive
and costly surgical procedure. Ultrasound imaging has been used as a
common diagnostic tool for initial diagnosis of the liver because it is non-
invasive, non-ionizing and cost-effective. However, it is difficult for ra-
diologists to determine the nature of the lesion based on the images
alone. To overcome this shortcoming, we developed a computer-aided
lytechnic, 599489, Singapore.
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diagnosis (CAD) system to aid in the characterization of liver lesion using
ultrasound images.

The literature review on the development of CAD systems to
discriminate between the different liver lesions is scarce (see Table 1).
Aside these papers, there are also CAD systems developed for fatty liver
disease and cirrhosis [8]. Acharya et al. [9–12] investigated multiple
techniques to develop a robust algorithm to assist in the early diagnosis
of liver diseases such as fatty liver disease and cirrhosis. Having a CAD
system to detect liver lesions at an early stage could be helpful in iden-
tifying the severity of the lesions, including cancer at earliest possible
time [8].

Several authors have used contrast-enhanced ultrasound (CEUS) im-
ages for the identification of focal liver lesions [13–15]. A few CAD
systems were also developed using CEUS images. Sugimoto et al. [16]
and Shiraishi et al. [17] used CEUS images for the automated identifi-
cation of focal liver lesions.

In this work, we proposed to develop an automated CAD system for
the classification of liver lesions into normal, benign, and malignant
classes using conventional ultrasound images. CEUS images were not
considered in this work as the examination is invasive and involves
additional costs to the patients. In most countries, CEUS is performed as
the second-line imaging method after inconclusive baseline ultrasound
for the diagnosis of benign focal liver lesions [18]. Fig. 1 illustrates the
different types of focal liver lesions included in this study.

2. Data collection

This study was approved by the Medical Research Ethics Committee,
University of Malaya Medical Centre, Malaysia (Protocol No. MEC
937.13). The liver ultrasound images and HPE results were retrieved
retrospectively from the Radiological Information System and Electronic
Medical Record system of the Department of Biomedical Imaging, Uni-
versity of Malaya Medical Centre, Kuala Lumpur, Malaysia. The data
were collected for a period of 3 years, from the year 2014–2017, and
Table 1
Selected published studies on the CAD system for focal liver lesions.

Authors, Year Number of Images Methodology

Features Cl

Mittal et al. [19], 2011 N: 16
C: 17
H: 18
HCC: 15
MET: 45

� Textural �

Virmani et al. [20], 2013a HCC: 27
MET: 27

� Textural
� GA-SVM

�

Virmani et al. [21], 2013b N: 21
C: 12
H: 15
HCC: 28
MET: 32

� Textural
� PCA

�

Virmani et al. [22], 2014 N: 21
C: 12
H: 15
HCC: 28
MET: 32

� Textural
� PCA

�

Hwang et al. [23], 2015 C: 29
H: 37
M: 33

� Textural
� PCA

�

Manth et al. [24], 2016 H: 16
HCC: 28

� Textural �

Present study N: 78
B: 26
M: 36

� Radon transform
� Top-Hat
� Bi-EMD
� ADASYN
� PSO

�

ROI¼ region of interest, Acc¼ accuracy, Sen¼ sensitivity, Spec¼ specificity, B¼ benign, C¼ cy
N¼ normal, GA-SVM¼ genetic algorithm-support vector machine, PCA¼ principal componen
ensemble, SVM¼ support vector machine, SSVM¼ smooth support vector machine.
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included 463 ultrasound images from 101 patients (86 males, 15 females,
aged 58.5� 15.1 years) to develop the CAD tool. Ultrasound imaging
findings were validated with biopsies. Table 2 shows the total number of
images (78 normal, 26 benign, and 36 malignant) used in each class.

3. Methodology

A graphical representation of the proposed technique is reflected in
Fig. 2.

3.1. Pre-processing

The ultrasound images (256� 256 pixels) were subjected to contrast
limited adaptive histogram equalization (CLAHE) [25]. CLAHE works by
enhancing to small tiles (8� 8 pixels) and bilinear interpolation is used
to combine neighboring tiles to remove boundaries, resulting in equalize
intensity and improve contrast [26].

Subsequently, Radon transform and Top-hat filtering were applied.

3.2. Features extraction

The Bi-dimensional empirical mode decomposition (BEMD) [27] is
then executed to extract features from the top-hat transformed liver
images. BEMD is the 2-D extension of the empirical mode decomposition,
which uses a sifting process which considers the neighbouring windows
to detect extrema iteratively [28]. The sifting process uses radial basis
function to connect the maxima and minima points, forming an
‘envelope’.

The local mean is found by averaging 2 envelopes and deducted from
the liver image to find the first intrinsic mode functions (IMF), and the
process is repeated to extract other IMFs. The riding waves (oscillations
with no zero-crossing between extrema) are removed, and uneven
amplitude are smoothed by the sifting process.

The BEMD [29] extracts a 2-D finite number of oscillatory
Segmentation of ROI Performance (%)

assifier Used Acc Sen Spec

NN Yes 86.40 – –

SVM Yes 91.60 – –

SVM Yes 87.20 – –

NNE Yes 95.00 – –

ANN Yes <96.00 – –

SSVM Yes 94.30 – –

PNN No
(Fully-automated)

92.95 90.80 97.44

st, H¼ hemangioma, HCC¼ hepatocellular carcinoma, M¼malignant, MET¼metastases,
t analysis, ANN¼ artificial neural network, NN¼ neural network, NNE¼ neural network



Fig. 1. The different types of focal liver lesions.

Table 2
The number of ultrasound images used in normal, benign, and malignant classes.

Normal Benign Malignant

Abcess Cysts Haemangioma HCC MET

78 5 17 4 26 10

Total 78 26 36
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components also known as IMF into different scales. 3 x IMFs (Imf1coeff,
Imf2coeff, and Imf3coeff) and 1 x residue (res) were obtained from the BEMD
decomposition. The Imfxcoeff is the scale of the IMF component where x
represents level 1, 2, or 3, and coeff denotes the coefficient of the IMF
component. Subsequently, the DCT coefficients [30] were extracted from
the IMFs and residue to obtain more distinctive features for the classifi-
cation of the three classes. Fig. 3 shows the output (Radon transform,
Top-hat, DCT coefficient, and BEMD) of normal, benign, and malignant
liver lesion images. The 2-D DCT coefficients were then converted to a
1-D feature vector by concatenating rows of the 2-D DCT [31].
3.3. Features reduction

A total of 264,240 features were extracted from the DCT coefficients.
Due to the massive number of extracted features, the features are
reduced, and only statistically significant features are retained. Hence, an
analysis of variance (ANOVA) is carried out to reduce the size of the
feature set. Next, an adaptive synthetic sampling approach (ADASYN) is
executed to make up for the unbalance class distribution. Then, of the
particle swarm optimization (PSO) is applied to choose 30 optimum
features for classification.
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The ANOVA [32] is a statistical test that computes the differences and
their variation among the three classes (normal, benign, and malignant).
The p-value and F-value parameters are used to determine the signifi-
cance of the features. The p-value and F-value are inversely related. A low
p-value (<0.001) indicates statistical significance and a high F-value
indicates that the feature is indicative of the large difference among
features subjected to the test [32]. After the ANOVA test, a total of 14,460
significant features were selected.

The ADASYN [33] generates synthetic data samples from the
extracted data to ensure that the number of samples is proportionately
distributed in each class. After applying ADASYN, the number of samples
of the normal, benign, and malignant class is 78, 78, and 85 respectively
(refer to Table 2 for the number of samples before ADASYN). The main
purpose of introducing ADASYN in this work is to reduce the learning
biases instilled during the training process by producing synthetic data to
balance out the sample data in the three classes. The algorithm starts off
by computing the degree of imbalances among the three classes. Then, it
determines the number of data samples required in the minority classes.
The parameters are set to Euclidean distance with a neighbor k¼ 5.

The PSO [34] is a swarm-based optimizer approach that is performed
to select a set of features required for optimal diagnostic performance
when fed into the classifier. The PSO mimics the conduct of a flock of
birds hunting for food within a compound. The birds start off with zero
knowledge of the food whereabouts. However, they gain confidence in
their knowledge of the food location after every round of hunt. Hence,
this is an optimizer technique whereby the PSO searches for the best
route (features) to correctly identify the normal, benign, and malignant
classes. A subset of features was randomly chosen and fed into a classifier
wrapped in the PSO and optimized using misclassification error itera-
tively. A total of 30 features were selected by the PSO. The PSO
Fig. 2. The proposed methodology to
develop the CAD system.



Fig. 3. Sample of outputs of normal, benign, and malignant liver lesions.
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parameters used in this work are set at w¼ 0.730, c1¼ 1.496, and
c2¼ 1.496 where w, c1, and c2 represent inertia weight, personal
learning coefficient, and global learning coefficient respectively.
3.4. Classification

A few classifiers namely the probabilistic neural network (PNN) [35]
with a spread of 0.03, support vector machine (SVM) with a sigma of 2.3
[36], linear discriminant analysis (DL) [37], k-nearest neighbor (kNN)
with k¼ 5 [38], and random forest (RF) with 100 trees and a minimum
leaf size of 1 [39] are applied in this work to classify the liver images into
normal, benign, and malignant class. A ten-fold cross-validation [40]
technique is implemented in this study. The performance of the proposed
system is based on the accuracy, sensitivity, and specificity yielded using
the test data. The receiver operating characteristic (ROC) curve is also
plotted to validate the effectiveness of the proposed system.

4. Results

The proposed algorithm was developed in the MATLAB environment
and trained on a workstation with an Intel i7-4770, 3.47 GHz Haswell
Processor using Microsoft Window 10, 16 GB, 1600MHz, CL9 DDR3-
RAM.

Fig. 4 (a) and (b) are representations of the selected features (total of
30 features) from the three classes after performing PSO (refer to Table
A1). Furthermore, specificity, sensitivity, and accuracy yielded for the
model trained with 2–30 features are recorded in Table 3. It is observed
that the diagnostic accuracy of the proposed algorithm increases with
increasing number of features. The best accuracy (92.95%) is achieved
with 29 features. This proposed technique yielded a maximum sensitivity
and specificity of 90.80% and 97.44% respectively in the discrimination
of the three classes.

Furthermore, the ROC curves are plotted with the sensitivity against
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the specificity as shown in Fig. 5. It can be noted that a high area under
curve (AUC) value of 0.941 is obtained for PNN classifier. Furthermore,
few classifiers namely the DL, kNN, RF, and SVM were employed to
validate the proposed algorithm. High AUC values are seen for all the
classifiers in Fig. 5 and therefore our proposed system is reliable. In this
study, the benign and malignant classes are treated as one (abnormal)
class and normal as another class. Hence it is a two-class problem for
ROC.

Table 4 records the average time needed to pre-process the ultrasound
liver images, to extract the features, and the time taken to identify the
liver images. It is noted that only approximately 23 s are needed for the
proposed system to diagnosis the liver images.

5. Discussion

Based on the output after applying radon transform and Top-hat in
Fig. 3, it is observed that the imf3 coefficients extracted from each class
are distinct. Hence, this shows that the proposed technique (radon
transform and BEMD) can capture minute variations in the different liver
images and are able to classify these images accordingly.

Table 1 shows a summary of selected works in the development of
CAD system to automatically classify the different liver lesions (benign or
malignant) using ultrasound images. Mittal et al. [19] developed an al-
gorithm to differentiate normal, benign (i.e. hemangioma and cysts), and
malignant (i.e. HCC and metastasis) lesions. They extracted textural
features from the images and fed them to the neural network classifier
which yielded an accuracy of 86.40%. Likewise, in the works by Virmani
et al. [20–22], they extracted textural features from the 5 classes of liver
images. An accuracy of 91.60% [20], 87.20% [21], and 95.00% [22] was
achieved using SVM classifier [20,21], and neural network ensemble
classifier [22] respectively.

Hwang et al. [23] employed different textural feature extraction
techniques to pick up characteristic features to identify the focal liver



Fig. 4. The bar plot of selected features extracted from the three classes.
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lesions. These features were reduced by PCA technique and fed to the
ANN classifier. Their proposed method has shown a high diagnostic ac-
curacy of more than 96.00%.

Manth et al. [24] developed a system to automatically distinguish
between benign (i.e. hemangioma) and malignant (HCC) liver lesions.
They have extracted textural features from 16 hemangioma and 28 HCC
liver lesions and obtained an accuracy of 94.30%.

Even though the proposed technique did not achieve the highest
performance in terms of accuracy, specificity, and sensitivity, it should be
noted that the works recorded in Table 1 required segmentation of the
region-of-interest (ROI) before extracting significant features for classi-
fication. Nevertheless, our proposed approach is fully-automated, and no
segmentation of ROI is required. Furthermore, we have implemented all
the existing techniques from the literature and found that our proposed
method obtained the highest diagnostic performance using our images.

The ultrasound liver images were only enhanced with CLAHE
whereas, in the works recorded in Table 1, the ROI was segmented in the
pre-processing step. This shows that the proposed method is robust as
15
this methodology can identify the liver lesion and extract distinctive
features without segmentation process. Nonetheless, the algorithm can
be improved by having a bigger data samples to train the performance of
the classifier.

The recorded studies have used textural features to classify the lesions
accordingly. In this work, we also employed a textual-based features
extraction technique to extract indicative features for classification. In
addition, ADASYN was introduced to balance the sample data in the 3
classes to ensure that no biases were introduced during the training
phase. Moreover, an optimization technique was applied to select a group
of features that will complement with one another to produce optimal
classification performance.

A 3-class classification problem was initiated in this work as the
number of images acquired in each benign and malignant class was
relatively small. Thus, the different abnormalities which are a cluster of
the benign class are combined into one class and the different cancerous
lesions such as the HCC and metastasis are grouped into the malignant
class. Nevertheless, we would like to expand this work into a 5-class



Table 3
The performance measures obtained using different number of features with the PNN classifier.

No. Of F. TP TN FP FN Performances in %

Accuracy PPV Sensitivity Specificity

2 103 33 45 60 56.43 69.59 63.19 42.31
3 120 24 54 43 59.75 68.97 73.62 30.77
4 122 39 39 41 66.80 75.78 74.85 50.00
5 137 31 47 26 69.71 74.46 84.05 39.74
6 142 35 43 21 73.44 76.76 87.12 44.87
7 135 52 26 28 77.59 83.85 82.82 66.67
8 131 62 16 32 80.08 89.12 80.39 79.49
9 127 71 7 36 82.16 94.78 77.91 91.03
10 124 74 4 39 82.16 96.88 76.07 94.87
11 119 75 3 44 80.50 97.54 73.01 96.15
12 147 48 30 16 80.91 83.05 90.18 61.54
13 148 60 18 15 86.31 89.16 90.80 76.92
14 147 64 14 16 87.55 91.30 90.18 82.05
15 146 66 12 17 87.97 92.41 89.57 84.62
16 141 68 10 22 86.72 93.38 86.50 87.18
17 142 72 6 21 88.80 95.95 87.12 92.31
18 141 75 3 22 89.63 97.92 86.50 96.15
19 139 77 1 24 89.63 99.29 85.28 98.72
20 137 77 1 26 88.80 99.28 84.05 98.72
21 137 78 0 26 89.21 100.00 84.05 100.00
22 135 78 0 28 88.38 100.00 82.82 100.00
23 148 67 11 15 89.21 93.08 90.80 85.90
24 148 66 12 15 88.80 92.50 90.80 84.62
25 148 69 9 15 90.04 94.27 90.80 88.46
26 148 70 8 15 90.46 94.87 90.80 89.74
27 148 73 5 15 91.70 96.73 90.80 93.59
28 148 73 5 15 91.70 96.73 90.80 93.59
29 148 76 2 15 92.95 98.67 90.80 97.44
30 146 77 1 17 92.53 99.32 89.57 98.72

No. Of F.¼ number of features, TP¼ true positive, TN¼ true negative, FP¼ false positive, FN¼ false positive, PPV¼ positive predictive value.
The bold words signify that the results obtained are the best.

Fig. 5. The ROC plot for different classifiers.

Table 4
The average time performance for the proposed system.

Time taken in each step: Time taken (seconds)

Pre-process 0.073
Radon transform 0.063
Top-hat 0.015
BEMD 22.696
DCT 0.037
Classification 0.008

Total time was taken 23
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classification problem to characterize the different types of benign and
malignant lesions in future work. This requires a larger number of ul-
trasound images with varying types of liver lesions.

In addition, with more images collected for the next research work
16
deep convolutional neural network (CNN) method would be preferred to
automatically classify the ultrasound liver images into their respective
classes [41,42]. Currently, the number of images is limited and a 5-class
deep-learning based classifier is not recommended.

6. Conclusion

A fully automated liver lesions detection system is proposed in this
work to assist radiologists in a reliable diagnosis of liver lesions. Given
the good diagnostic accuracy obtained without any segmentation of ROI,
this system has the potential to be utilized in clinics and hospitals to serve
as a supporting tool in the evaluation of liver lesions in almost real-time.
Hence, it will reduce the workload of the radiologists as they do not need
to manually segment the ROI. Further, the proposed algorithm can also
be extended to identify the different stages of liver fibrosis.
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Appendix
Table A1
The statistics (mean and standard deviation) of selected features for normal, benign, and malignant liver lesion classes.

Features Normal Benign Malignant p-value F-value

Mean sd Mean sd Mean sd

Imf236052 2.81� 10�4 2.36� 10�3 �5.08� 10�4 2.05� 10�3 �1.26� 10�3 1.68� 10�3 0.0000 11.5750
Res27859 1.25� 10�5 2.51� 10�4 �1.08� 10�4 1.69� 10�4 7.74� 10�5 2.38� 10�4 0.0000 14.4250
Imf352408 1.52� 10�4 7.51� 10�4 2.39� 10�4 5.78� 10�4 �1.82� 10�4 7.16� 10�4 0.0002 8.6057
Imf15129 1.86� 10�3 7.08� 10�3 �3.44� 10�3 6.14� 10�3 �1.47� 10�4 7.05� 10�3 0.0000 12.1579
Res17926 1.78� 10�4 5.25� 10�4 �7.67� 10�5 4.26� 10�4 �4.65� 10�5 4.64� 10�4 0.0013 6.8268
Imf116735 �3.34� 10�4 9.50� 10�3 3.34� 10�3 9.40� 10�3 �4.79� 10�3 1.06� 10�2 0.0000 13.8789
Imf359869 �1.60� 10�4 6.14� 10�4 �1.49� 10�4 5.08� 10�4 5.92� 10�5 5.10� 10�4 0.0157 4.2248
Imf336269 �1.83� 10�4 1.70� 10�3 6.83� 10�4 1.33� 10�3 2.31� 10�4 1.65� 10�3 0.0031 5.9254
Imf335579 2.74� 10�4 9.00� 10�4 2.77� 10�4 8.02� 10�4 �1.62� 10�4 7.88� 10�4 0.0006 7.6655
Imf141101 �9.97� 10�4 1.00� 10�2 �3.89� 10�3 9.03� 10�3 3.70� 10�3 6.93� 10�3 0.0000 15.8198
Imf215795 �2.31� 10�3 5.88� 10�3 2.12� 10�3 5.96� 10�3 �7.01� 10�5 7.03� 10�3 0.0001 9.5121
Imf253833 4.98� 10�5 1.98� 10�3 �6.80� 10�4 1.58� 10�3 8.01� 10�4 1.90� 10�3 0.0000 13.3147
Imf128748 4.09� 10�3 1.26� 10�2 �3.78� 10�3 1.24� 10�2 �2.93� 10�3 1.37� 10�2 0.0002 8.7765
Imf123536 1.13� 10�4 5.18� 10�3 �1.36� 10�3 3.96� 10�3 2.26� 10�3 5.15� 10�3 0.0000 11.7654
Res42208 �1.42� 10�5 2.03� 10�4 �8.36� 10�5 1.22� 10�4 3.22� 10�5 1.86� 10�4 0.0002 9.0273
Imf362099 �1.23� 10�4 4.79� 10�4 1.32� 10�4 4.21� 10�4 1.69� 10�4 5.53� 10�4 0.0003 8.3684
Imf27119 �3.47� 10�3 1.47� 10�2 6.02� 10�3 1.24� 10�2 2.62� 10�3 1.52� 10�2 0.0002 8.9537
Imf114438 9.48� 10�3 1.97� 10�2 �1.63� 10�3 2.03� 10�2 �1.20� 10�2 1.70� 10�2 0.0000 26.0750
Imf321658 �1.55� 10�4 7.28� 10�4 �2.62� 10�4 6.40� 10�4 1.96� 10�4 7.41� 10�4 0.0001 9.4983
Imf359045 4.52� 10�5 5.56� 10�4 �9.41� 10�5 4.19� 10�4 �2.48� 10�4 4.52� 10�4 0.0006 7.6838
Imf145741 2.65� 10�3 1.25� 10�2 �6.57� 10�3 8.87� 10�3 �2.46� 10�3 9.66� 10�3 0.0000 15.3110
Imf346552 �1.65� 10�5 6.26� 10�4 3.68� 10�4 5.04� 10�4 �1.50� 10�4 5.56� 10�4 0.0000 18.2258
Imf123729 3.69� 10�3 1.80� 10�2 �9.87� 10�3 1.46� 10�2 3.75� 10�3 1.88� 10�2 0.0000 16.3404
Imf342559 1.36� 10�5 6.79� 10�4 �3.34� 10�4 6.02� 10�4 1.81� 10�4 6.58� 10�4 0.0000 13.2290
Imf130653 �1.51� 10�3 4.74� 10�3 1.47� 10�3 4.28� 10�3 1.16� 10�3 5.51� 10�3 0.0002 8.8189
Imf229153 3.70� 10�4 3.74� 10�3 �4.88� 10�4 2.99� 10�3 2.34� 10�3 3.06� 10�3 0.0000 16.1078
Imf140858 �5.70� 10�4 1.33� 10�2 �2.50� 10�3 1.08� 10�2 5.94� 10�3 1.05� 10�2 0.0000 12.0153
Imf238892 �7.12� 10�4 2.61� 10�3 1.63� 10�3 2.07� 10�3 �1.99� 10�4 2.61� 10�3 0.0000 19.7658
Imf154633 1.54� 10�4 7.74� 10�3 �1.62� 10�3 5.02� 10�3 2.83� 10�3 6.11� 10�3 0.0001 10.0808
Imf317825 5.03� 10�5 1.63� 10�3 �6.49� 10�4 1.12� 10�3 2.41� 10�4 1.30� 10�3 0.0001 9.4572

sd¼ standard deviation.
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