
Computers in Biology and Medicine 120 (2020) 103746

Available online 9 April 2020
0010-4825/© 2020 Elsevier Ltd. All rights reserved.

Contents lists available at ScienceDirect

Computers in Biology and Medicine

journal homepage: www.elsevier.com/locate/compbiomed

Clinical ultrasound image standardization using histogram specification
Rahul Roy a, Susmita Ghosh c, Ashish Ghosh b,∗

a Department of Computer Science and Engineering, National Institute of Science and Technology, Berhampur, India
b Machine Intelligence Unit, Indian Statistical Institute, Kolkata 700108, India
c Department of Computer Science and Engineering, Jadavpur University, Kolkata, India

A R T I C L E I N F O

Keywords:
Clinical ultrasound images
Histogram specification
Image standardization

A B S T R A C T

This article presents a novel ultrasound image standardization approach. This method aims to preserve the
non-linear relationship in the echo-textures while ensuring the endurance in the transformed image. This
is achieved by utilizing the concept of histogram specification. A reference cumulative distribution function
(CDF) of a considered distribution is used to process the test images. Initially, the shape and scale parameter
of the distribution are estimated for each type of echo-texture from the reference ultrasound images of a
particular organ. These parameters are used to estimate the prototype parameter set. The obtained prototype
parameter set, along with a distribution function, is then used to construct a reference CDF. This CDF, in
turn, is used as a transfer function in the histogram specification technique for standardizing the given input
image. The efficiency and stability of the proposed approach are investigated and compared with the linear
scaling technique. Four measures are used to evaluate the algorithms on three data sets. The results show that
the proposed approach provides better standardization of images and is invariant to the gain of the scanning
device as opposed to linear scaling.

1. Introduction

Ultrasound image scanning suffers from a different source of in-
tensity variations [1,2]. One such variation in intensity range occurs
due to the non-uniform pressure applied on the transducer during
scanning. The transducer is a hand-held device, and the amount of
pressure applied by practitioners on the transducers cannot be uniform.
This non-uniformity of pressure turns out to be a source of intensity
range variation among each instance of scanned images for the same
organ despite being scanned with the same device. The other source
of variation in the intensities in the images is due to the difference
in operating frequency of the devices and gain used during scanning
for different individuals. These sources of variability in the images
possess a significant challenge in the design of automated segmentation
and classification system for the extraction of structures and identifica-
tion of anomalies in the organs [3]. Moreover, they are a significant
source of a hindrance to the computation of indicators for quantitative
analysis [4,5].

The problem of standardization of ultrasound images is ill-studied
in the field of ultrasound imaging research. Eltarozy et al. [6] was the
first to introduce a linear scaling mechanism for the standardization of
ultrasound images and study its effect on the diagnosis of bifurcation
plaque. Loizou et al. [7,8] showed that de-speckling followed by stan-
dardization provides a better segmentation of structures of the carotid
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artery and have used the same linear scaling before segmentation of
carotid artery structures from ultrasound images. Linear scaling scales
the intensities without taking into consideration the distribution of the
echo-textures (gray shades). It results in the loss of the actual reflective
information of the organ. It motivated us to design a mechanism for
ultrasound image standardization, which preserves the distribution of
the echo-textures in the ultrasound images such that there is no loss of
reflectivity of the organ. The approach performs the standardization
by matching the histogram of the intensity distribution concerning
considered distribution that can best characterize the ultrasound im-
ages. Histogram specification notion is used to build the model for
standardization [9] i.e., a prototype of shape and scale parameter set of
the considered distribution is estimated from the representative images.
This parameter set is used for building the cumulative distribution
function. The obtained CDF act as the transfer function for image stan-
dardization. It is assumed that the images follow mixture distribution.
Thus for each kind of echo-texture, the prototype parameter set (shape
and scale parameter) is estimated.

Initially, the intensity levels are grouped in different categories
of echo-textures. It is assumed that three kinds of echo-textures are
present in ultrasound images. Grouping is carried out using fuzzy
C-means clustering [10]. The use of fuzzy C-means helps to form
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Fig. 1. Five number summary plot for mean intensity of different type echo-textures.

soft clusters where all 𝐿 levels of intensities belong to every echo-
texture with some degree of belonging [11,12]. The use of the degree
of belonging for each echo-texture preserves the contribution of the
distribution while highlighting a particular echo-texture and suppress-
ing others. It helps in the proper estimation of the parameters for
a particular echo-texture. In the second step, the scale and shape
parameters of the assumed distribution function are estimated for each
kind of echo-texture from the representative image. This shape and
scale parameters taken together form a parameter set representing an
image. It is noteworthy that the representative image set comprises
images of the same organ from a particular angle of view. After that, a
prototype parameter set is computed to the obtained parameters for
calculating the cumulative distribution function (CDF). We estimate
the parameters from the representative images and find a prototype
parameter instead of selecting or averaging over the representative
images for estimating the parameter of the distribution. Averaging of
the representative image would be difficult due to the varying size
of the image and varying angle of orientation of scanning, and the
prototype image would not generalize the reference CDF. The obtained
prototype parameters are plugged into the distribution function to form
the CDF that acts as a transfer function for histogram specification.
Finally, a new image is transformed using the obtained transfer function
and the histogram specification algorithm. Two distribution functions,
namely Nakagami [13] and generalized gamma [14] are considered in
this experiment.

The main advantage of the proposed approach is that it preserves
the non-uniform distribution of the echo-textures. This act, in turn,
preserves the characteristics of the echo-textures in the images. The
method is scale-invariant as the CDF (for transformation) is computed
on the prototype parameter set obtained from the parameter sets cal-
culated from the representative images. It may be noted here that this
methodology for non-linear image standardization is the first of its kind
as per the best knowledge of the authors. Though we have shown the
method for standardization of clinical ultrasound, however, this can be
extended to other imagery with the proper choice of the underlying
distribution for modeling the CDF of the image. Experiments are carried
out on three datasets, namely, ultrasound images of the carotid artery,
slices of the 3D ultrasound image of heart and thyroid. Quantitative
analysis of the transformation process is made using four indices,
namely speckle strength index, peak signal to noise ratio index, cor-
relation preservation index, and entropy. The results obtained showed
significant performance improvement over the existing techniques.

The rest of the article is organized as follows. Section 2 provides
a description of the investigations on the echo-textures of ultrasound
images. In Section 3, details of the proposed standardization strategy is
provided. Experimental results and their analysis are given in Section 4.
Finally, conclusion and future scope of work are presented in Section 5.

2. Investigation on echo-textures characteristics in ultrasound im-
ages

An investigation about the statistics of the echo-textures is carried
out to establish the relationship among the echo-textures empirically.
Three echo-texture patches are manually extracted from the carotid
artery image dataset, and the mean of each patch is calculated. Five
statistics of the computed means is shown using a boxplot in Fig. 1.
Although the results of carotid artery images are presented in the
article, similar experiments were performed on other datasets, and the
results obtained showed similar trends. It is evident from the figure
that the inter-quartile range of the mean of the hypo-echogenic echo-
textures is small, and they tend to be close to the median value.
However, the hyper-echogenic and echogenic echo-textures have a
broader inter-quartile range and the median is close to the first quartile
of the echo-textures’ distribution. Thus it can be inferred that they have
a skewed distribution.

Linear scaling of the image would not preserve the skewness of the
echo-texture distribution. It would alter the intensity range of the organ
in the image which otherwise is necessary to characterize the tissues of
an organ for correct diagnosis.

3. Proposed methodology

In this work, a novel image standardization technique is developed.
The intuition of the work is to form a transfer function with the CDF
of a distribution using a prototype parameter set for each type of
echo-texture. It characterizes the distribution of intensity for the echo-
textures of an organ in an ultrasound image. The prototype parameter
set is an exemplar/representative of the parameter sets, which are
the shape and scale parameters of considered distribution that would
be used as reference distribution for histogram matching. The CDF
constructed using the prototype parameter set is used as a transfer
function for histogram specification of the test image. The use of such
a transformation would preserve the non-linear relationship of the
echo-texture while standardizing the images.

The entire work is divided into two phases. In the first phase, distri-
bution parameters are estimated for each representative image of the
particular organ. It may be noted that the representative set includes
the images of the organ under investigation from different subjects
and scanned with the same or different types of ultrasound devices
at a different instance of time. After that, in the subsequent phase,
a histogram matching of the test image is done with the reference
transfer function, i.e., the CDF function constructed by plugging in the
representative parameters obtained during the estimation phase. The
generalized gamma [14] and Nakagami [13] distributions are used in
this connection for modeling echo-textures as they can mimic different
kinds of distributions under different scattering conditions [15]. A
detail block diagram of the work is shown in Fig. 2. The following
subsections describe each of the modules in detail.



Computers in Biology and Medicine 120 (2020) 103746

3

R. Roy et al.

Fig. 2. Block diagram of the proposed approach.

Fig. 3. CDFs constructed from the average of the representative images and from
the average of the parameters obtained from each of the representative images. The
blue colored line shows the CDF obtained from average image and the green line
shows the CDF constructed with average parameter set obtained by aggregating the
parameters from each image. The red line represents the parameter set computed from
each representative image.

3.1. Echo-texture grouping

The organs provide different degrees of reflection, depending on the
difference in impedance of the tissues of the organ. Thus, the image
formed from these reflections has a mixture of different intensity levels.
As per clinical ultrasound literature, these reflected echo-textures can
be grouped into three categories, namely hypo-echogenic, echogenic
(normal), and hyper-echogenic [16]. Hence, three clusters are consid-
ered for grouping the echo-texture. Nonetheless, this number may be
varied depending on the need for finer granularity in the grouping of
intensities in the image. The intensities in the image may have overlap

due to the partial volume effect during scanning. Furthermore, soft
clustering of the intensity provides the degree of belonging to each clus-
ter, which could be used for weighing the histogram of the intensities.
It would help in focusing on a particular type of echo-texture among
the available echo-textures without any loss in the continuity of the
distribution function. Thus, we adopt the fuzzy C-means clustering [10]
algorithm for grouping the intensities of the image.

An image 𝐼 ∈ Z have 𝐿 level of intensities. Each intensity is assigned
a membership of belonging to each of the three echo-textures. Thus, the
membership 𝜇𝑗 (𝑙) for 𝑙 ∈ 𝐿 belonging to echo-texture 𝑗 is computed as

𝜇𝑗 (𝑙) =
1

∑3
𝑘=1

(

|

|

|

𝑙−𝑐𝑗
|

|

|

|𝑙−𝑐𝑘|

)

2
𝛼−1

(1)

where the cluster center 𝑐𝑗 is calculated as

𝑐𝑗 =
∑𝐿

𝑙=1(𝜇𝑗 (𝑙))
𝛼𝑙

∑𝐿
𝑙=1(𝜇𝑗 (𝑙))𝛼

. (2)

Here 𝛼 is the fuzzifier.
Initially, the cluster center is set to a random value of 𝑙, and the

membership is updated iteratively until the cluster center stabilizes.
Each echo-texture distribution is obtained by weighing the histogram of
the image intensity with the membership value of each intensity level.
Scaling allows focusing on the intensities that describe the echo-texture.

3.2. Parameter estimation

The shape and scale parameters for the considered distribution of
each echo-texture are estimated from the image. Consequently, they
are used to form the exemplar set of parameters. The variability in size
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Fig. 4. Probability density function (PDF ) plot for the estimated parameter (a) m, (b)
s of hypo-echogenic echo-texture from the representative images..

and scale of the image and the organs causes hindrance in creating
an aggregate representation of the image from which the parameters
could be estimated. So, the parameters from each image are measured
that helps to obtain scale and size invariant representation of the
parameters. Another pitfall is that the average of the representative
image set alters the intensity distribution. Thus, the CDF obtained has
a different shape and scale as opposed to the CDF obtained from the
prototype parameters set. This finding can be seen in Fig. 3. This
variation in shape and scale would result in alteration in the reflective
information of the organ. Thus, it is better to obtain the parameters
estimated from the representative images and then form the prototype
parameter set for the construction of the CDF.

The parameters of each echo-texture distribution is estimated using
the Maximum Likelihood Estimation (MLE) technique. Here, general-
ized gamma and Nakagami distributions are considered to model the
echo-texture distributions. The probability distribution functions are
defined by Eqs. (3) and (4)

𝑝𝐿 ( 𝑙| 𝑠, 𝑚, 𝜎) = 𝑠
𝛤 (𝑚)𝜎𝑚𝑠

𝑙𝑚𝑠−1𝑒−
(

𝑙
𝜎

)𝑠

, 𝑙 > 0 (3)

and

𝑝𝐿 ( 𝑙| 𝑚, 𝜎) = 2𝑚
𝛤 (𝑚)(2𝜎)𝑚

𝑙2𝑚−1𝑒−
𝑚
2𝜎 𝑙

2
, 𝑙 > 0. (4)

Here, 𝑠, 𝑚, and 𝜎 is the shape correction factor, shape, and scale
parameter of the distributions, respectively. 𝛤 represents the gamma
function. It may be noted that the derivation of MLE for the generalized
gamma distribution is shown in this article. Nonetheless, the MLE for
estimation of parameters by considering Nakagami distribution can be
derived similarly.

Fig. 5. Reference transfer function alongwith the image normalized CDF for (a)
hypo-echogenic, (b) echogenic and (c) hyper-echogenic echo-textures for ultrasound
image.

The MLE for estimation of the parameters from 𝑛 data points is done
as

(𝑚, 𝑠, 𝜎) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑚,𝑠,𝜎

𝑛
∏

𝑖=1
𝑝𝐿(𝑙𝑖, 𝑠, 𝑚, 𝜎); (5)

(𝑚, 𝑠, 𝜎) = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑚,𝑠,𝜎

𝑛
∏

𝑖=1

𝑠
𝛤 (𝑚)𝜎𝑚𝑠

𝑙𝑚𝑠−1𝑒−
(

𝑙
𝜎

)𝑠

. (6)

Applying negative of logarithm to Eq. (6) and simplifying it we get,

(𝑚, 𝑠, 𝜎)

= argmin
𝑚,𝑠,𝜎

( 𝑛
∑

𝑖=1

(

−𝑚𝑠 ln 𝑙𝑖 +
(

𝑙𝑖
𝜎

)𝑠)

+

( 𝑛
∑

𝑖=1
ln 𝑙𝑖 + 𝑛 ln

(

𝑠
𝛤 (𝑚)𝜎𝑚𝑠

)

))

.

(7)

The last term in Eq. (7) produces a constant value and does not
influence the optimization process. Thus, by ignoring the constant term,
it can be written as

(𝑚, 𝑠, 𝜎) = argmin
𝑚,𝑠,𝜎

( 𝑛
∑

𝑖=1

(

−𝑚𝑠 ln 𝑙𝑖 +
(

𝑙𝑖
𝜎

)𝑠)
)

. (8)
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Table 1
Data set description.

Data set Image size No. of images Representative set size Test set size

Carotid 391 × 376 102 40 62
Thyroid 282 × 303 83 36 47
Cardiac 224 × 208 111 44 67

Here, estimation of the parameters (viz., 𝑚, 𝑠, 𝜎) is done for all the
three category echo-textures from each of the images in the represen-
tative set. All the parameters obtained from the representative images
are used to obtain a prototype set of parameters that can provide an
average description of the data. It may be noted that MLE needs an
initialization of the parameters. So, we adopt the method given in [17]
to initialize 𝑚0 as

𝑚0 =
𝜇(ℎ2𝑖 )

𝜈(ℎ2𝑖 )
; (9)

where 𝜇 and 𝜈 are the mean and standard deviation of the histogram
of each echo-texture. The scale parameter 𝜎0 is set to the standard
deviation of the histogram of the echo-texture and shape correction
parameter 𝑠0 is set to 1.

As evident, the likelihood function is non-convex. Thus, the opti-
mization of the task could result in the local optimum solution. So, we
proceed with a heuristic approach defined in [18] along with MLE for
estimation of the parameters. However, the constraint on the data used
for evaluation must be greater than zero is explicitly asserted, such that
there is no failure in the estimation. This assertion would result in a
scale parameter to be higher than zero, and thus, there would be less
chance of failure in the estimate.

An analysis of the estimated parameter distribution is carried out
to find the near-optimal representative set that could generalize the
distribution model for each category of echo-texture characteristics. It
was observed that the distribution is skewed for most of the parameters,
and in some cases, they are multi-modal (refer FIgs. 4(a) and 4(b)). It
is evident that for the left-skewed distribution of parameters, the mode
would lie between the first quartile and the median, whereas for the
right-skewed data, the mode is between the median and the third quar-
tile [19]. In the case of a multi-modal distribution, the skewness would
depend on the highest mode of the distribution. Thus, it can be seen
that the choice of the median provides a near-maximum occurrence
of the parameter value in both cases. Henceforth, the median value of
parameters is considered to construct the prototype parameter set. This
obtained prototype parameter set is finally used for building the CDF
model to be used in the histogram matching as a reference model.

3.3. Histogram specification

Histogram specification [9] is used with this approach to transform
the distribution of the image 𝑦 with respect to the reference generalized
model. Initially, the probability distribution 𝑝𝑟 for each level 𝑟 of the
image is computed as

𝑝𝑟 =
𝑛𝑟
𝑛

, 𝑟 ∈ [0, 𝐿 − 1] (10)

Here 𝑛𝑟 is the number of pixels with level 𝑟 and 𝑛 is the total number of
pixels in the image. This probability distribution function PDF is used
for constructing equalization transfer function (the CDF 𝐹 (𝑟)) as

𝑦𝑟 = 𝐹 (𝑟) = (𝐿 − 1)∫

𝑟

0
𝑝𝑟(𝑤) 𝑑𝑤. (11)

The reference CDF, 𝑅(𝑙) act as a specified transfer function for trans-
forming the intensities. In this connection the CDF is generated by
integrating Eq. (4) which gives

𝑦𝑟𝑒𝑓𝑟 = 𝑅(𝑙) = ∫

𝑙

0
𝑝𝑙(𝑡, 𝑠, 𝑚, 𝜎) 𝑑𝑡 = 𝑦𝑟. (12)

or,

𝑦𝑟𝑒𝑓𝑟 = 𝑅(𝑙) = (𝐿 − 1)
𝛾
(

𝑚,
( 𝑙
𝜎

)𝑠)

𝛤 (𝑚)
− 𝑦𝑟. (13)

To solve Eq. (13), the estimated prototype parameters, i.e., 𝑚, 𝑠, 𝜎 are
plugged and the value of 𝑦𝑟𝑒𝑓𝑟 is estimated. Computation of 𝑅−1 does
not have a closed form, so an iterative approach is formulated by
minimizing

𝑙⋆ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑙

𝑅(𝑙) = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑙

(

𝛾
(

𝑚,
(

𝑙
𝜎

)𝑠)
− 𝑦𝑟𝛤 (𝑚)

𝐿−1

)

. (14)

This (Eq. (14)), actually means constructing a look up table between
the input intensity level and output intensity level such that the two
intensity levels have the same CDF value.

Fig. 5 shows the normalized transfer function of each type of echo-
texture for an image and the reference transfer function (in this case
the CDF) obtained by plugging in the prototype parameters to the
generalized gamma distribution function. The obtained lookup table
can be used for specification of the input histogram to obtain the
standardized image.

The entire discussion is summarized in Algorithms 1 and 2.

Algorithm 1 Histogram Specification based Image Standardiza-
tion:Estimation
for each image 𝑖 in representative set 𝑇 do

Group the image into 𝑘 clusters and obtain the membership of each
intensity level
Compute the histogram ℎ of the image 𝑖
for each cluster 𝐶𝑖 do

Multiply the membership values corresponding to cluster 𝐶𝑖
with histogram ℎ to get ℎ′
Create a data vector 𝑑 from the histogram ℎ′

Estimate the parameters using MLE with 𝑚0, 𝑠0𝜎0 and 𝑑
Store the estimated parameters in 𝐏𝑖

end for
end for
𝐏𝑟 = median of 𝐏;

Algorithm 2 Histogram Specification based Image Standardiza-
tion:Histogram Specification

Cluster the image 𝑦 into 𝑘 echo-textures;
Compute the histogram ℎ for image 𝑦;
for each echo-texture cluster i do

Multiply the membership for cluster i with histogram ℎ and form
ℎ′.
Compute the CDF table for 𝑇1 from histogram ℎ′;
Construct the reference CDF table 𝑇2 using the distribution
function and the parameter 𝐏𝑖

𝑟;
Add to the lookup table 𝑇 by matching each intensity level in 𝑇1
to 𝑇2 in the echotexture such that it satisfies Eq. (14);

end for
Compute 𝑍 using the lookup table 𝑇 and 𝑦;

Algorithm 1 summarizes the estimation of the reference parameter
set 𝐏𝑟 using the parameters estimated from echo-textures of each rep-
resentative image. The estimated parameters are stored in 𝐏. It may be
noted that in this case, we compute 12 parameters for the three echo-
textures from each image. The median of the parameters in 𝐏 is used
to form the reference parameter set. Algorithm 2 provides the pseudo-
code for obtaining the lookup table 𝑇 using the reference CDF and the
new image CDF. The lookup table is formed by matching the CDF table
𝑇1 and 𝑇2 by satisfying the criterion mentioned in Eq. (14). This lookup
table is used as a reference for transforming the image 𝑦 to 𝑧.



Computers in Biology and Medicine 120 (2020) 103746

6

R. Roy et al.

Fig. 6. (a) & (e) Original carotid sample image. Standardized images obtained by: (b) & (f) linear scaling, (d) & (g) Nakagami distribution based histogram specifications and (d)
& (h) generalized gamma distribution based histogram specifications.

Fig. 7. (a) & (e) Original thyroid sample image. Standardized images obtained by: (b) & (f) linear scaling, (d) & (g) Nakagami distribution based histogram specifications and (d)
& (h) generalized gamma distribution based histogram specifications.

Table 2
Average measure computed from the transformed images obtained by different algorithms.

Algorithms SSI PSNR index CPI Entropy

Linear scaling 1.134692 0.968279 0.815449 3.765017
Generalized gamma 0.981671 1.006161 0.857928 3.636084Carotid
Nakagami 0.995816 0.966979 0.821769 3.632351

Linear scaling 1.700286 0.968709 0.920427 4.405153
Generalized gamma 1.364173 0.969946 0.97443128 4.15665507Thyroid
Nakagami 0.932464 0.980919 0.94042 4.706737

Linear scaling 1.343727 0.943173 0.598651 2.714678
Generalized gamma 1.192361 0.965244 0.616144 2.652373Cardiac slice
Nakagami 0.855534 0.960511 0.658417 3.042202

4. Experimental results and analysis

Experiments are carried out on an Intel Core i7 3.40 GHz processor,
with 16 GB RAM, Windows operating system, and Python programming
environment. The measures used for testing were programmed in Mat-
lab. Three image databases, viz., carotid artery data set [20,21], slices
from the 3D ultrasound of heart from CETUS data set [22] and thyroid
image data set [23] are used in the experiment. The details of the data
set are provided in Table 1. Here, it is to be noted that we have ensured
that the test set and representative image set are mutually exclusive.

The cumulative results of test images of each data set are reported in
the article.

4.1. Measures

The performance of the techniques is evaluated using the measures,
namely speckle strength index (𝑆𝑆𝐼), PSNR index (𝑃𝑆𝑁𝑅𝐼 ), corre-
lation preservation index (𝐶𝑃𝐼), and entropy (𝐻). It may be noted
that this measure evaluates the quality of the restored images and
does not present any information on the characteristics of the echo-
textures. There is no such evidence in the literature describing the
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Fig. 8. (a) & (e) Original cardiac slice sample image. Standardized images obtained by: (b) & (f) linear scaling, (d) & (g) Nakagami distribution based histogram specifications
and (d) & (h) generalized gamma distribution based histogram specifications.

association of these quantitative measures to the echo-texture. A higher
value for the PSNR index and correlation preservation index indicate
better performance of the technique. On the contrary, the speckle
strength index and entropy are expected to be low in transformed
images obtained from the techniques. For computing the measures, let
us assume 𝑦 to be the input image and 𝑧 the transformed image. The
measures are computed using Eqs. (15)–(18).

𝑆𝑆𝐼 =

√

𝑠𝑧
𝜇𝑧

𝜇𝑦
√

𝑠𝑦
; (15)

where 𝜇(⋅) and 𝑠(⋅) are the mean and variance of 𝑧 and 𝑦.

𝑃𝑆𝑁𝑅𝐼 =
log10

255
√

𝑀𝑆𝐸𝑧

log10
255

√

𝑀𝑆𝐸𝑦

; (16)

where

𝑀𝑆𝐸𝐼 = 1
𝑀𝑁

(𝐼 − 𝑆𝑚𝑜𝑜𝑡ℎ(𝐼))2.

Here 𝐼 is the corresponding image and the 𝑆𝑚𝑜𝑜𝑡ℎ(𝐼) is its smoothen
version. For computation of 𝑀𝑆𝐸𝑧, 𝐼 is set to 𝑧. If there is no loss in
the PSNR value in the transformed image, then PSNR index would be
1. If the PSNR index becomes greater than 1, there is a gain in PSNR
and vice versa.

𝐶𝑃𝐼 =
𝜔𝑧𝑦

√

𝑠𝑧
√

𝑠𝑦
; (17)

where 𝜔𝑧𝑦 is the co-variance of 𝑧 and 𝑦 and 𝑠𝑧 and 𝑠𝑦 are the variance
of the image 𝑧 and 𝑦 respectively. Higher value of CPI indicate better
performance of the algorithm.

𝐻(𝐼) = −
255
∑

𝑖=1
𝑝𝑖log2𝑝𝑖, (18)

where

𝑝𝑖 =
ℎ𝑖(𝐼)

∑255
𝑘=1 ℎ𝑘(𝐼)

. (19)

Here, ℎ(𝐼) is the histogram of image 𝐼 .

4.2. Parameters

There are two parameters namely the number of clusters 𝐾 and
the fuzzifier 𝛼. The number of clusters 𝐾 is set to the number of the
echo-textures present in the images. As per medical literature [6], echo-
texture in ultrasound images can be predominantly grouped into three
categories. Hence, we have set the value to 3 in the experiment. The
value of fuzzifier 𝛼 is set to lie in [1.5, 3). Too small or too large value of
the fuzzifier would result in improper characterization of the vagueness
in the echo-texture. Thus it is determined experimentally by varying the
fuzzifier within the specified range. [24].

4.3. Linear scaling

Algebraic linear scaling of the image is performed to align the me-
dian value of each echo-texture type that remains close to a predefined
scope. This predefined range was experimentally determined from a
study in [6]. It was found from the study that the median gray value
of blood was 0–5, and that of the adventitia was 180–190. Thus, the
brightness of all pixels in the image is adjusted according to the linear
scale defined by selecting the two reference regions. We have used the
same specified range in our experiment.

4.4. Result and analysis

Experiments are carried out on three datasets, namely carotid
artery, thyroid, and cardiac slice image dataset. The visual results of
two test images from each of the three datasets is shown in Figs. 6–8.
It is evident from the figures that linear scaling tends to alter the echo-
textures as opposed to the proposed histogram specification approach.
Moreover, the standardization of the images is not uniform as the
gain of the device imposes a bias on the standardization process as
opposed to the proposed approach. On comparing the results obtained
from the histogram specification with two different distributions, it can
be seen that there is a loss of contrast in the results obtained with
Nakagami distribution as opposed to a generalized gamma distribution.
The generalized gamma distribution preserves the intensities well,
especially those belonging to the high echo-texture region. On the
contrary, the Nakagami distribution based histogram specification well
preserves the low and echogenic echo-texture in the images. It can be
evidently seen from Figs. 6(c)–(d).

The box plot of five statistics of different measures computed from
each of the datasets obtained using different algorithms is shown in
Figs. 9–12. It is evident from the figures that linear scaling has a
high speckle strength index & entropy, and low PSNR & correlation
preservation index. The Nakagami distribution based histogram spec-
ification has a low PSNR index except for the thyroid image dataset.
This variation is due to the increase in mid-level echo-texture and
lowering in hyper echo-texture. Thus a higher entropy is observed
for the results obtained from Nakagami distribution based specifica-
tion. The generalized gamma distribution based histogram specification
produces a more stable normalized image as opposed to the others.
This findings can be concluded from the entropy value and CPI value
provided in Table 2. In fact, the histogram specification-based approach
better preserves the correlation in the intensity of the pixels in the
standardized image which can be corroborated from the CPI value
boxplot shown in Fig. 12. This result is observed because the density of
the gray level approximates the non-linear relationships among echo-
texture efficiently. Moreover, it could be noticed from the boxplot of
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Fig. 9. Boxplot of speckle strength index of transformed: (a) carotid artery image dataset, (b) cardiac slice image dataset, (c) thyroid image dataset obtained from the standardization
techniques.

the measures that the inter-quartile range is quite low in the case
of a histogram specification-based approach as opposed to the linear
scaling. This leads to the conclusion that the proposed histogram spec-
ification based standardization approach is not affected by the gain of

the devices. Furthermore, there is a low variance in the results obtained
using the proposed technique.

Quantitative results provided in Table 2 also corroborate to the
same findings. It can be concluded from the low SSI and high PSNR
value that the histogram specification based image standardization
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Fig. 10. Boxplot of relative PSNR index: (a) carotid artery image dataset, (b) cardiac slice image dataset, (c) thyroid image dataset.

reduces the noise component in the resultant image. Furthermore,
the low entropy value and high CPI observed in the resultant image
obtained from the proposed approach over the result obtained from
linear scaling confirms the stability of the method.

Some visual changes were noticed in the results obtained from the
proposed image standardization approach with different distributions.

However, the average quantitative measure does not reflect much of
the significant difference, and both the distributions have more or less
similar performance in all the data sets. So it is tough to comment on
the choice of distributions at this point of time, and furthermore, the
detailed analysis would be needed.
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Fig. 11. Boxplot of entropy obtained by the standardization techniques on: (a) carotid artery image dataset, (b) cardiac slice image dataset, (c) thyroid image dataset.

4.5. Discussion

An investigation is made to study the effect of three different kinds
of statistics to form the representative parameter set for constructing
the reference CDF. The result is shown in Fig. 13. It could be observed
that the median set of parameters, provide the best performance as

opposed to the first quartile and mean of the estimated parameters
from the representative set. The use of the mean of parameters as
a representative for CDF construction increases the entropy of the
images and make the transformed image unstable as opposed to the
first quartile. On the contrary, the use of the first quartile increases
speckle strength. This increase creates a loss of correlation among the
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Fig. 12. Boxplot of correlation preservation index obtained by the standardization techniques on: (a) carotid artery image dataset, (b) cardiac slice image dataset, (c) thyroid
image dataset.

echo-textures in the images. We also repeated the same experiment
for Nakagami distribution based histogram specification, and similar
results were observed.

The histogram-based specification better captures the non-linear
nature in the echo-texture as opposed to the linear one. So, there is
some suppression in speckle strength in the transformed images. Linear

scaling tends to scale the speckle intensity causing an increase in power
of the speckle. Moreover, maintaining the non-linearity in the echo-
texture helped in preserving the correlation of the gray level in the
image. This phenomenon is quite evident from the CPI value presented
in Table 2. The use of generalized gamma distribution for construction
of reference CDF showed better performance compared to Nakagami
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Fig. 13. Effect of different statistics as criteria for parameter estimation for generalized
gamma based histogram specification.

distribution. This discrepancy is observed because the Nakagami dis-
tribution suffers from a type-II error resulting in the loss of contrast
of hyper echo-texture [25]. This results in the low heavy tail and, in
turn, error in fitting the hyper echo-texture. Hence, a degradation in the
standardization of performance is noticed with Nakagami distribution.

The time required for the initial construction of the prototype
parameter is 𝑂(𝑐𝑚𝑛𝑝) where 𝑐 is the number of echo-textures in a 𝑚× 𝑛
image and 𝑝 is the number of pictures in the representative image set.
This is quite high and makes the process computationally expensive.
The computation of the CDF transfer function for image standardization
would take 𝑂(𝑐𝐿) computation where 𝐿 the number of gray levels in
an image and time required for transformation would be 𝑂(𝑚𝑛). On
the contrary, the overall time requirement in linear scaling operations
is 𝑂(𝑚𝑛). Though the total time required for the proposed approach
is high for the building of the CDF function, the transformation time
of the test image is the same in both the cases. It is noteworthy that
the construction time required to build CDF is a one time process
and is needed during initialization and update of the system. Thus
this could be done offline, and only the transformation is required to
be done online. Moreover, the significant gain in the performance for
image standardization (as evident from the results) compensate for the
increase in time required.

5. Conclusion

A histogram specification based ultrasound image standardization
approach is presented in this article. A transfer function is formed for
histogram specification by finding the CDF with a prototype parameter
set and distribution functions, which characterizes each echo-texture.
The prototype parameter set is constructed by selecting suitable rep-
resentatives from the parameters determined from the representative
images. The obtained transfer function is used for standardizing the
input image. The proposed approach is also invariant to change in scale
and size of the images used for standardization.

The designed standardization approach is tested on ultrasound im-
ages of several organs, and it observed it better retains the non-linear
relationship among the echo-textures as compared to the linear one
and preserves the correlation among the echo-textures. It can be seen
from the results that histogram specification based standardization
has better stability. The use of generalized gamma for construction of
transfer function provided better balance and also preserved the corre-
lation among the echo-textures. On the contrary, the use of Nakagami
distribution provided better speckle suppression in the standardized
image.

The proposed approach could be further enhanced if spatial in-
formation is taken into consideration while designing the transfer
function. This enhancement would help in performing further standard-
ization and speckle suppression simultaneously.

The time required for the proposed approach is higher compared
to the linear scaling approach. Nonetheless, the proposed method also
produces a stable image as opposed to the linear scaling approach.
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