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This review discusses the definition of texture and identifies its utility in echocardiography for char-
acterization of tissue. Methods used for quantification of texture in echocardiography and other disci-
plines are discussed. Several methodologies, particularly the wavelet method of texture quantification,
seem to be promising. Image texture analysis appears to be a fertile area for research in echocardiog-
raphy. (ECHOCARDIOGRAPHY, Volume 20, November 2003)
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Early detection and quantitative assessment
of tissue alteration in a disease process is a
challenge for noninvasive imaging techniques.
Direct histologic assessment is limited by a re-
quirement for obtaining tissue for examination.
Therefore, to better characterize the onset and
progression of myocardial disease, a noninva-
sive imaging technique for distinguishing nor-
mal from abnormal tissue would be of particular
importance.

Tissue characterization by ultrasound uti-
lizes information derived from the interaction
of ultrasound waves with tissue. Diffuse scat-
tering occurs when ultrasound interacts with
tissue interfaces where the structures are usu-
ally smaller than the wavelength of the ul-
trasound signal. Small changes in acoustic
impedance of interfaces within the tissue pro-
duce this diffuse scattering. Most of the ul-
trasound energy is directed away (scattered)
from the beam and only a small fraction of
the original energy is reflected back towards
the transducer. In contradistinction to specular
reflectors (bright boundary interfaces between
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structures), diffuse scattering is usually in-
dependent of the ultrasound incident angle.
Rayleigh scattering is a form of diffuse scatter-
ing, but occurs from interfaces much smaller
than the ultrasound wavelength. Defined as
ultrasound speckle, both diffuse and Rayleigh
scattering are important in generating the ap-
pearance of tissue texture.

The characterization of myocardial tissue by
ultrasound was attempted in 1957, using ex-
cised human hearts to distinguish infarcted
from normal myocardium.1 Echocardiographic
methods to characterize myocardium have in-
cluded quantitative estimates of frequency-
dependent myocardial attenuation,2 and have
been subsequently used to distinguish normal
from abnormal myocardium.3−6

Texture

Texture analysis is an approach to tissue
characterization based on the spatial distribu-
tion of ultrasound amplitude signals within a
region of interest (ROI). Although texture is a
characteristic of image analysis in many disci-
plines, a formal definition does not exist. The
term texture may be considered as:

“an attribute representing the spatial arrange-
ment of the gray levels of the pixels in a region”7
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“We intuitively view this descriptor as provid-
ing a measure of properties such as smooth-
ness, coarseness, and regularity.”8

“Image texture can be qualitatively evaluated
as having one or more of the properties of
fineness, coarseness, smoothness, granulation,
randomness, lineation, or being motled, irreg-
ular, or hummocky. Each of these adjectives
translates into some property of the tonal prim-
itives and the spatial interaction between the
tonal primitives.”9

Skorton et al.10 defined echocardiographic
image texture as:

“the two-dimensional spatial distribution of
echocardiographic amplitudes or gray levels.”

Subjective assessment of tissue parenchyma
is clinically possible for characterizing tis-
sue, even though the ultrasound image vi-
sualized on the cathode ray tube (CRT) is
smoothed and nonlinearly processed. For ex-
ample, echocardiographers qualitatively de-
scribe fibrosis, amyloid “sparkling,” and tex-
tural changes of the interventricular septum
in hypertrophic cardiomyopathy, demonstrat-

Figure 1. Parasternal short-axis view (end-diastolic frame) of a human patient with hypertension. In this example the trans-
ducer is a 3.0-MHz probe with a depth setting of 15 cm. The images in RGB format were unprocessed (no temporal or spatial
smoothing, or logarithmic compression) and converted to 8-bit grayscale. A 16 × 16 pixel region of interest (ROI) has been
“extracted” from the anteroseptum (left panel), and saved for offline analysis. Color scale representation (right panel) of the
16 × 16 pixel ROI. This map artificially assigns a wide range color scale to a range of gray scale values in order to visually
highlight subtle differences in intensity values between pixels.

ing a potential benefit for quantitative texture
analysis.

Although echocardiographic myocardial
speckle is dependent upon the ultrasound in-
strument and transducer, it is also influenced
by alterations in tissue pathology. Microscopic
structural changes affect myocardial texture
(speckle), hence, echocardiographic texture
(Fig. 1) does contain tissue structure related
information.10−12 Attempts to numerically
quantify image texture have been somewhat
problematic.

Qualitative Assessment of Texture

In 1983, Bhandari and Nanda13 described a
qualitative approach to texture patterns of my-
ocardium based on visual inspection of video-
taped two-dimensional echocardiograms from
patients with a variety of disorders. They pro-
posed a classification system based on the textu-
ral patterns visualized as: type I (uniform, low
intensity, fine speckle: normal), type IIA (mul-
tiple, discrete, 3 to 5 mm, bright echoes in all
walls), type IIB (one or more, but not all, walls
with type IIA pattern), and type IIC (uniform
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very bright echoes in one wall or region). This
approach is useful, but lacks specificity.

Quantitative Assessment of Texture

Statistical Techniques

Characterization of tissue texture using sta-
tistical techniques (Appendix 1) for analysis
of ultrasound scatter has been performed to
identify various cardiomyopathic abnormali-
ties. These include experimental myocardial
contusion,14 amyloid infiltration,15 amyloid and
hypertrophic cardiomyopathy,16 coronary is-
chemia,17 myocardial nonviability,18 transplant
rejection,19 and myocarditis.20 These reports
used first order gray level histogram statistics
for evaluation (usually 8-bit information), in-
cluding mean gray scale, standard deviation
of the mean, skewness (deviation of the pixel
distribution from a symmetrical shape), and
the kurtosis (steepness of the pixel distribu-
tion). Second order statistical methods14−16,20

typically utilized gray-level run-length mea-
sures and the gray level cooccurence matrix
(Appendix 1), however the use of second-order
statistics as sufficient for texture analysis has
been questioned.21 Recently, myocardial tex-
ture was quantified by contrast echocardiog-
raphy in a canine model of myocardial infarc-
tion using second order statistics. Entropy cal-
culations (average and maximal) were applied
from a cooccurrence matrix analysis of a ROI
to discern viable from nonviable myocardium.22

Statistical methods to quantitate texture were
also recently utilized in a canine model using
contrast echocardiography to discern perfused
from nonperfused myocardium.23

The above described statistical methods used
for quantitation of myocardial texture may have
limited capability. Analysis was limited in many
studies because they were performed using dig-
itized video signals, introducing more noise into
the image. As first order statistical methods
do not take into account the spatial distribu-
tion of pixels, this method may be problem-
atic for texture quantification. The ROI is rel-
atively small (often ∼16 × 16 pixel matrix) in
order to avoid specular reflections (endocardial
and epicardial borders). A small ROI limits the
capability of first and second order statistical
methodologies.

Fractal Techniques

The fractal concept as developed by
Mandelbrot24 provides a means to explain

the “ruggedness” of surfaces and may be
applied to image analysis because images may
be viewed as surfaces (Appendix 1). Medical
images demonstrate a certain degree of self-
similarity over a range of scales, lending to
development of algorithms for fractal analysis
of these images.25,26

Frequency Domain (Fourier Analysis)

Limited work exists in the area of quantify-
ing medical ultrasound image texture using fre-
quency transform techniques. Methods include
the Wigner distribution,27 autoregressive tech-
niques,28 and the Fourier transform29,30 to es-
timate the power spectral density (PSD) of the
image. The Discrete Fourier Transform (DFT) is
usually used for performing the Fourier trans-
form on a computer. The Fourier transform of
an image is plotted as a power spectral den-
sity plot, with the horizontal axis representing
image frequency, and the vertical axis as mag-
nitude. Any periodic structure occurring in the
original image will have a frequency peak in the
PSD. In the center of a PSD plot is frequency
zero (DC component), and extending radially
outward is increasing frequency. These peaks
on the PSD will have a “noisy” background, cor-
responding to nonperiodic information, along
with noise and textural information. If one plots
the radial decrease of the PSD magnitude as a
log-log plot, the slope serves as a measure of
image “roughness” and hence texture.31,32

Wavelet Techniques

A mathematical tool for signal processing
termed wavelet analysis (Appendix 1) has been
introduced recently as a way to look at a sig-
nal at different resolutions.33−36 Mallat37,38 de-
veloped the dyadic wavelet method of multires-
olution analysis, particularly useful for image
processing. In effect this method decomposes a
signal into a set of approximation coefficients
(low frequency components) and the remainder
as the detail coefficients (high frequency com-
ponents). The approximation coefficients can
be successively decomposed into multilevel ap-
proximation coefficients and their correspond-
ing detail coefficients. When one is analyzing
a two-dimensional signal, such as an image,
at each level of decomposition there are three
sets of generated detail coefficients: horizontal
(vertical edge), vertical (horizontal edge), and
diagonal.

The approximation coefficients are often uti-
lized for image compression, and the detail
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coefficients are generally discarded.39−41 These
detail coefficients contain noise and artifact, but
also contain textural information.42 The gener-
ated detail coefficients have been used to quan-
tify the texture of various surfaces,42 in satellite
remote sensing,43 and for characterization of fat
content and marbling in beef cattle muscle.44

Recently, investigators used the Haar
wavelet transform with an image extension
method and wavelet decomposition to calcu-
late texture energy and differentiate viable
from nonviable myocardium.45,46 The term
“energy” has been borrowed from physics and
is defined as the sum of the squares of the
coefficient values. Wavelets compress most of
the energy from the original signal into the
approximation coefficients. Wavelets conserve
energy, meaning that the sum of the energy
from the approximation coefficients and detail
coefficients equals the energy of the original
signal. In image compression, the more energy
conserved into the approximation coefficients,
the better the compression achieved. The
Haar wavelet stores more energy in the detail
coefficients than many other wavelet forms
and is, therefore, potentially better suited for
image texture analysis.

Our laboratory used the two-dimensional
Haar dyadic wavelet decomposition method to
calculate myocardial textural energy in alco-
holic and diabetic rat models of cardiomyopa-
thy. Texture energy calculations of myocardium
detected alterations in both models by 5 weeks
of disease, whereas M-mode echocardiographic
changes were not noted until 10 weeks.47 De-
tail coefficients have been used by investigators
with other than the Haar wavelet to character-
ize various surfaces.48 Also, a vector of features
from first and second order (cooccurrence ma-
trix) statistics has been used to classify textures
of surfaces.49−51 In addition, textural features
have been used in a neural network scheme to
classify clouds from satellite imagery.52

By performing wavelet decomposition repeat-
edly to obtain multiple levels of detail coeffi-
cients, and then performing energy and statis-
tical measures on these multiple layers of coef-
ficients, it may be possible to further improve
textural discrimination. Furthermore, there is
a theoretical possibility of enhanced quantifica-
tion of tissue texture of ultrasound images us-
ing higher order harmonics. Higher frequencies
with less near field artifact are present with
harmonic imaging. As Doppler tissue imag-
ing represents tissue motion, this methodol-

ogy would not be useful for analysis of tissue
texture.

Conclusions

This review discusses the definition of im-
age texture and its application to echocardio-
graphy as a method of tissue characterization.
Other methods for quantitation of texture, ap-
plied in other disciplines, are also discussed.
With ultrasound, several methodologies, partic-
ularly the wavelet method of texture quantifica-
tion, seem to be promising. Image texture anal-
ysis appears to be a fertile area for research in
echocardiography.

APPENDIX

First and Second Order Statistics

Quantitative myocardial image texture anal-
ysis using statistical methods has been per-
formed mostly using gray level histogram
statistics (first order statistics), and also gray
level run-length and gray level difference statis-
tics (second order).

First order statistics include the grayscale
histogram mean (average intensity of the ROI),
standard deviation (σ ) and variance (σ 2; vari-
ance is the square value of standard deviation),
skewness, and kurtosis.

Whereas the mean is the first moment, o2 is
the second moment. Another second moment
measure is the relative smoothness (RS), de-
fined as:

RS = 1 − [1/(1 + σ 2)]

RS is valued 0 for a constant intensity, and ap-
proaches 1 for an increasing variance of ROI
pixel intensities. Skewness (third moment) is
the degree of asymmetry of a distribution, or de-
viation of the pixel distribution from a symmet-
rical shape. If a distribution has a longer “tail”
to the right of a central maximum, then the dis-
tribution is skewed to the right, and has posi-
tive skewness. For the reverse, the distribution
is skewed to the left, and has negative skew-
ness. There is no completely accepted method to
measure skewness (Sk), but it may be defined
as:

Sk = (1/N)
∑

[(x − mean)/o]3

where N is the number of pixels, and mean is
the ROI average intensity.
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Figure 2. Illustration of two very different regions of interest (ROI) with two different textures, but with identical first order
statistics: the left panel appears as a chessboard, and the right panel has the same number of black and white squares, but they
appear completely different. The histograms of both ROI are the same; hence, the mean, standard deviation, skewness, and
kurtosis are the same. This example demonstrates that first order statistics contain no information about the relative position
of pixels in relation to each other.

Kurtosis (fourth moment) is the degree
of steepness of the pixel distribution. If a
distribution has a high peak, it is leptokurtic,
whereas a flattened peak is platykurtic.

Kurtosis (Kur) may be defined as:

Kur = (1/N)
∑

[(x − mean)/σ ]4 − 3

First order statistics, especially the mean of the
intensity, are poor measures of texture. Two dif-
ferent ROIs may have identical statistics, but
the pixels may have very different spatial rela-
tionships (Fig. 2).

With gray level run-length statistics, a gray
level run is a set of consecutive pixels that
have the same gray level value (or value within
a range). The length is the number of pixels
occurring before there is a change in value.
This approach identifies coarse textures as hav-
ing many pixels in a run, and fine textures as
having few pixels in a run. With this method,
one could calculate five features in each of
four directions (0-, 45-, 90-, and 135-degree di-
rection) from each pixel, as each pixel is se-
quentially evaluated within a ROI. These run-
length features include short run emphasis,
long run emphasis, gray level nonuniformity,

run length nonuniformity, and fraction of im-
age in runs.9 ROI run-length features are gen-
erally measures of gray level heterogeneity
and the size of ultrasound reflections. A ROI
with large ultrasound reflections will have long
run-lengths, and likewise relatively small echo
reflections will have short run-lengths. Nonuni-
formity features are representative of the ho-
mogeneity of the echo reflectors within the
ROI.

Gray level difference features are indicative
of ROI heterogeneity, and are calculated by
measuring the difference in gray level value
between pixels that are separated by various
distances in different directions (usually in
45-degree intervals, thus in eight directions).
Gray level difference features are usually ex-
pressed in the form of a generated cooccurrence
matrix from the ROI.9 A cooccurrence matrix
may be generated as follows:

(1) Consider an image ROI having multiple
gray level values, and reduce the number (usu-
ally 32 or 64 levels) to n.

(2) Let A be a (n × n) matrix, where n is an
integer, whose element a(i, j) is the number of
times that a pixel with gray level g(1) occurs

Vol. 20, No. 8, 2003 ECHOCARDIOGRAPHY: A Jrnl. of CV Ultrasound & Allied Tech. 731



KERUT, GIVEN, AND GILES

(in a position as specified by a position opera-
tor) relative to points with a gray level g(1) to
g(k). Note that the size of the matrix is deter-
mined by the number of gray levels in the image
ROI.

For example, consider an image ROI with
only three gray levels, where g(1) = 0, g(2) =
1, and g(3) = 2. The position operator for this
example will be defined as “one pixel down and
one to the right.” If an image ROI (size 5 × 5)
has the following values:

1 2 1 0 1
2 1 0 1 1
1 2 1 0 2
0 1 1 1 0
2 1 0 0 1

then the generated matrix is:

A =
2 2 0
2 5 1
1 1 1

In this matrix a(1, 1), the top left number in ma-
trix A, is the number of times that a pixel in the
image ROI with value 0 has a pixel one down
and one to the right with a value of 0. Likewise,
a(1, 2) is the number of times that a pixel in the
image ROI with value 0 has a pixel one down
and one to the right with a value of 1. The entire
matrix is then generated. If one adds up all the
values of the matrix (15 in this example) and
divides each value in the matrix by this matrix,
the resultant is the cooccurrence matrix. The
cooccurrence matrix in the above example was
generated by looking one unit “down and to the
right” of the reference pixel. Eight matrices may
be generated performing a similar procedure at
45-degree increments. In evaluation of echocar-
diographic images, deciding how many pixels
away from the reference pixel to use (reference
distance) is difficult, and is probably dependent
on speckle size.

When forming cooccurrence matrices from an
image ROI, generated data may become much
larger than the size of the original ROI. There-
fore, various features of each cooccurrence ma-
trix are usually calculated, and these features
are then used to characterize a ROIs tex-
ture. Commonly calculated co-occurrence ma-
trix features, from more than twenty, include
the mean, standard deviation, entropy, max-
imum probability, contrast, inverse difference

moment, correlation,9 and kappa for texture
periodicity.53

From these computed features, one may teach
a computer program to learn to differentiate
textures. An unknown texture ROI may then
be “fed” into the computer, and the computer
will determine how close the unknown texture
features are to those already in it’s memory.
A difficulty with statistical methodologies (first
and second order) is that results will change
with alterations in ultrasound power and gain
settings.

Fractals and Texture

“A fractal is a geometrical figure that con-
sists of an identical motif repeating itself on
an ever-reduced scale.”54

A fractal object has features over a range of
scales. As its dimension (length, area, volume,
and higher dimensions) is viewed at higher res-
olutions, further finer features are noted. The
size of a nonfractal’s smallest feature is its
characteristic scale. Characteristics of fractals
include that of self-similarity at various res-
olutions, scaling (the measured length of an
object increases as measurements are made
at finer resolutions), dimension (a measure
of self-similarity and scaling), and statistical
properties.

Geometrical self-similarity means that an ob-
ject is self-similar exactly at differing resolu-
tions. Fractal biologic objects, however, have
statistical self-similarity. Different scales of an
object are not exactly the same, but the num-
ber of pieces of each size making up the object
is called the probability density function, and is
similar at different resolutions.

The length of an object is proportional to its
length at other scales, by a constant of pro-
portionality. Length, area, or volume measure-
ment will be dependent on the resolution level
used. How this measurement is dependent on
the scale is termed the scaling relationship. The
Power law for a fractal object states that the log-
arithm of the measurement (length, area, vol-
ume) plotted against the logarithm of the scale
is a straight line. This relationship was first
noted by Lewis Fry Richardson, and published
after his death. In 1961, Mandelbrot found in
Richardson’s work that measurements of the
length of variously selected coastlines were de-
pendent in a logarithmic fashion, on the scale
of a map used (Fig. 3). As the scale of the coast-
line increases, so does the coastline get longer.55
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Figure 3. Results of Richardson’s measurements of various European coastlines. The log-log relationship
is linear for a fractal structure. The x-axis is the measuring unit used (kilometers in this example), and the
y-axis is the total length, area, or volume (length in kilometers in this example). Note that the slope of a circle
(nonfractal) is zero over a wide range and becomes nonlinear (see text).

Mandelbrot used the term fractal from the fact
that a fractal is fragmented into increasingly
finer pieces and has a fractional dimension.

The fractal dimension provides a measure of
the fractal properties of self-similarity and scal-
ing, and says how many extra pieces of an object
are found when increased to a higher resolution.
For biologic images and objects, the fractal di-
mension is often determined by the scaling rela-
tionship. The slope of the line for the west coast
of Britain (Fig. 3) is about 0.22, and is known as
the Hurst coefficient.56 Mandelbrot termed the
fractal dimension as 1 added to the slope of the
generated line, therefore its fractal dimension
is 1.22.

Wavelet Analysis

By definition, a wavelet (localized wavelike
function) is a waveform of limited duration that
has an average value of zero. Whereas Fourier
analysis assumes a signal to be infinitely long
and each frequency is defined for an infinite sine
wave, the wavelet transform breaks up a signal
into shifted (translation) and scaled (stretching
or compressing) versions of a mother wavelet
signal. A wavelet may assume one of many
shapes, but it must be a finite signal and have

an average value of zero. Wavelets are better
suited to analyze finite, discontinuous, and sta-
tistically nonstationary signals.33−36 Wavelets
decompose a discrete signal into two subsig-
nals, each of half the original signal’s length.
In effect, one subsignal is a moving average
(trend), and the other is a moving difference
(fluctuation).

A continuous (integral) wavelet transform
(CWT) is the sum over the duration of the sig-
nal multiplied by shifted and scaled versions of
the wavelet function. The results of the CWT
are wavelet coefficients, which are a function of
scale and position. The higher the values of the
coefficients, the more similar the wavelet is to
the original signal.

The discrete wavelet transform (DWT) uses
only powers of two (dyadic) for shifting and scal-
ing wavelets. With the DWT one obtains a run-
ning trend subsignal or what is termed approx-
imation coefficients (low-pass frequency and
high scale components). The other subsignal is a
running difference or what is termed detail coef-
ficients (high-pass frequency and low scale com-
ponents). The sum of the number of approxima-
tion coefficients and detail coefficients is that of
the number of points (pixels in an image) in the
original signal.
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One-dimensional wavelets are used in anal-
ysis of various time domain signals including
evoked potentials,57 heart rate variability anal-
ysis,58 and ventricular late potentials.59,60 Two-
dimensional wavelets have been used for image
compression. Theoretically, higher order data
(volumes or time varying images) may be an-
alyzed with higher order dimension wavelets.
When analyzing a two-dimensional signal, at
each level of decomposition there are three
sets of detail coefficients generated, horizontal
(vertical edge), vertical (horizontal edge), and
diagonal.

The process of forming the approximation
and detail coefficients from the original sig-
nal is termed wavelet decomposition. The Haar
wavelet (also termed Daubechies db1) is the
simplest type of wavelet resembling a step func-
tion. With the Haar wavelet, the approximation
coefficients are generated by first taking the av-
erage of the first pair of signal values and mul-
tiplying it by the square root of 2. This yields
the first approximation coefficient. Similarly,

Figure 4. Color scale representation of a gray scale image (original image) of a 16 × 16 pixel region of
interest (ROI) from Figure 1. Wavelet image decomposition using the Haar wavelet transform yields a first
level approximation image (A1), and first level detail images horizontal (H1), vertical (V1), and diagonal (D1).
Decomposition of (A1) likewise yields a second level approximation image (A2), and second level detail images
horizontal (H2), vertical (V2), and diagonal (D2).

the second approximation coefficient is gener-
ated by taking the next pair (third and fourth
values) of signal values and taking its average
and multiplying it by the square root of 2. This
continues until the entire signal has been de-
composed. The detail coefficients are obtained
by subtracting the second from the first signal
value, and then multiplying it by the square
root of 2. The entire signal is evaluated in a
similar manner.

For many applications (signal and image
compression), the approximation coefficients
are most important, whereas the detail coeffi-
cients contain noise and artifact, but also con-
tain textural information. As mentioned earlier,
the approximation coefficients may be further
resolved into a second level set of approx-
imation and detail coefficients. This process
may theoretically continue until only a single
value for the approximation and detail coeffi-
cients remain, but usually there is no informa-
tion gained by decomposing a signal that far
(Fig. 4).
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