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Observer-driven Texture Analysis in CT Imaging

Matthew A. Kupinskia, Zachary Garretta and Jiahua Fanb

aCollege of Optical Sciences, University of Arizona, Tucson, AZ, USA;
bGE Healthcare, Waukesha, WI, USA

ABSTRACT

We have implemented a technique for analyzing and characterizing the textures in medical images. This technique
generates a list of characteristic textures and sorts them from most important to least important for the task
of detecting a specific signal in the image. The effects of the human-visual system can be incorporated into
this method through the use of an eye filter. The final set of sorted textures can be quickly utilized to analyze
new sets of images and make comparison regarding performance on the same task. This analysis is based upon
whether the new set of images contains textures that are similar or dissimilar to that of the original set of images.
We present the method for analyzing and sorting textures based on how well signals can be distinguished. We
also discuss the importance of the most “obscuring” textures that make signal-detection difficult. Results and
comparisons of task performance are presented.

Keywords: Model observers, texture analysis, image quality, CT imaging

1. INTRODUCTION

It is well established that observer performance on signal-detection tasks partially depends on the texture of
the background and noise statistics.1–4 Different types of noise textures have varying effects on the observer’s
ability to perform the task. Texture is typically characterized with noise-power spectra (NPS) which plots the
power (magnitude squared) of the average Fourier transform of the random backgrounds.5 Unfortunately, NPS is
constructed from a linear, shift-invariant theory of image formation and it does not directly translate to systems
that are pixelated, shift variant, or non-linear. Modern CT reconstructions are voxelized, contain shift-variant
noise features, and are non-linear in the image data even if a linear image-reconstruction algorithm is utilized
due to an initial log transform of the projection data.6 Thus, these images do not satisfy the constraints needed
to apply NPS analysis.

An alternative to utilizing NPS to characterize texture, is to employ the image covariance matrix. Unfortu-
nately, difficulties arise when using this approach as the covariance matrix is large and often needs to be inverted.
We have implemented a practical technique for analyzing and characterizing the textures in medical images. This
technique generates a list of characteristic textures and sorts them from most important to least important for
the task of detecting a specific signal in the image. This set of sorted textures can be quickly utilized to analyze
new sets of images and make comparison regarding performance on the same task. This analysis is based upon
whether the new set of images contains textures that are similar or dissimilar to that of the original set of images.

2. METHODS

We define an image as the vector gi where the index i indicates which image in a database of images. Practically,
these are not entire CT volumes, but smaller ROIs within the CT reconstruction. This allows multiple gis to
be extracted from a single reconstruction although care must be taken since noise textures in reconstructed
images are spatially variant and can have long-range correlations. The size of the ROI must be large enough to
encompass the textures we wish to evaluate. For many of these studies, the ROI size was set at 80×80 (∼ 2.5cm
on a side) but larger ROI sizes can be accommodated. A random image is characterized very simply by its first-
and second-order statistics g and Kg, respectively. Textures are primarily a second-order statistics phenomena,
and we assume that the mean is fairly constant over the size of the ROI. It is clear the higher-order statistics
play a role in textures and observer performance; others have studied these effects.7,8 However, we will focus on
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a second-order statistical analysis of textures as voxel correlations. The covariance matrix can be decomposed
using eigenanalysis into

Kg = ΦD(λ)Φ†, (1)

where Φ is an orthonormal eigen-basis and the λ values represent the eigenvalues. The columns of the matrix Φ
can be thought of as individual texture components, each one orthogonal from the others.

Typically, when analyzing textures with covariance decompositions, the textures are sorted based on eigen-
values which makes some intuitive sense. The texture (column of Φ) with the highest eigenvalue contributes
the most to the overall Kg and is thus the most “important” texture. However, this cursory analysis doesn’t
account for the task. To account for task performance, we note that the Hotelling observer (i.e., the ideal linear
observer) has a performance that is given by,

d2 = s†K−1
g s, (2)

where s is the signal to detect and we utilize the inverse of the covariance matrix. Using our eigen-decomposition
above, we can rewrite the above equation as,

d2 = s†ΦD(λ)−1Φ†s, (3)

where the D(λ)−1 is a trivial inverse because it is a diagonal matrix. An informative way of rewriting the Eqn. 3
is as,

d2 =

J∑
j=1

(sΦ
j )2/λj (4)

where sΦ
j is the jth component of the signal represented in the texture basis of Φ. Instead of sorting by

eigenvalues, we choose to sort based on the terms in the above sum. Thus, the most important texture is the
one that contributes the most to the Hotelling-observer task performance. Equation 4 is a generalization of the
ideal-observer performance relationship shown in ICRU Report 54.9

2.1 Eye filter

The above analysis relates to the Hotelling observer which is the ideal linear observer. It is well known that
human observers are not always ideal linear observers. Thus, to ensure that our sorting of textures is relevant
to human-observer perception of textures, we include an eye filter which filters out frequencies in the signal that
we do not use effectively in perception tasks. Thus, we rewrite the above summation as,

d2 =

J∑
j=1

(s̃Φ
j )2/λj (5)

where s̃j is the signal after being filtered by the eye filter.

2.2 Using the texture basis

We sort the terms in the above summation and index them with l instead of j to denote that we have sorted
the terms from largest to smallest. Then, observer performance can be approximated by using only the first L
terms in the sorted summation, i.e.,

d2 =

L∑
l=1

(s̃Φ
l )2/λl. (6)

The eigenvectors associated with the top L terms represent a texture basis that contains the textures that were
most “useful” for a human observer to detect the signal. We call this basis Φ̃ where the dimension of this set of
channels is M × L where M is the total number of pixels in the ROI.

For this method to be useful, we need to be able to use Φ̃ in a meaningful way to characterize new sets
of images for the same task. It should be noted that for the original set of images gi, that the covariance of
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(a) (b) (c) (d)

Figure 1. (a)-(c) Example images used in the simulation to validate the method. (d) The signal to be detected.

(a) (b)

Figure 2. (a) The calculated eigenspectrum on a log scale. (b) The sorted terms that make up the Hotelling observer
performance. Each term is associated with a separate and orthogonal texture. Also note that the Hotelling performance
(sum of the terms in (b)) can be truncated without loss of accuracy.

Φ̃†g is given by a diagnonal matrix D(λ̃) where λ̃ denotes the L eigenvalues sorted as described in the previous
section. If we define v = Φ̃†g, then v is an L vector representing the amount of the top L textures present in an
individual image. The overall variance attributed to these texture components is simply

σ2 = tr [Kv] =

L∑
l=1

λl. (7)

If we have a new set of images g′j that have different texture characteristics, we can analyze this set of images

by defining v′j = Φ̃†g′j . The overall variance can be approximated by,

σ′2 ≈ tr [Kv′ ] . (8)

The above expression is not exact because with this new set of images we are not guaranteed to have uncorrelated
channel outputs since the Φ̃ basis was derived from a set of images with different statistical characteristics.

It is straightforward to use Kv′ to compute the surrogate figure of merit similar to the expression shown
in Eqn. 6. However, we can no longer assume a summation formulation because the channel outputs are no
longer uncorrelated. Furthermore, this surrogate figure of merit will not have an absolute value that is correct
for a quantitative measure of image quality since we are truncating the expression and using a finite number of
channels. However, the trends will follow that of human observers and it can thus be used for optimization and
comparison on the same signal. This figure of merit can be computed using the covariance matrix Kv′ described
above as well as the signal, processed by the eye filter and projected into the Φ̃ basis – this is the signal that we
already computed in Equation (6) and thus does not require any additional computational effort. The overall
performance can be written as,

d2
surrogate = [s̃Φ̃]†K−1

v′ [s̃Φ̃] ≈
L∑

l=1

[s̃Φ̃
l ]2

[Kv′ ]ll
, (9)
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(a) (b) (c) (d)

Figure 3. The top four textures that contribute to the observer performance. These represent the textures that are easily
distinguished from the signal. Because the signal is fairly large, these textures are simply the high-frequency white noise
that was simulated.

(a) (b)

Figure 4. (a) A plot of both methods of computing the surrogate figure of merit shown in Eqn. 9 for image sets of varying
background textures. (b) A plot of the Hotelling observer performance over the same background textures. The peak
of all methods occurring at around the same texture-parameter value indicates that the method is a reasonable figure of
merit and thus is a reasonable method for sorting the various texture components in the example images.

where the final approximation comes from assuming the correlation terms in Kv′ are negligible. We will evaluate
both expressions shown in Eqn. 9 as a surrogate figure of merit.

3. SIMULATIONS

We validate the method using simulations of Gaussian textures. To accomplish this, we generated 1000 signal-
absent ROIs (80× 80 pixels, 2.5cm×2.5cm) with a constant mean and known covariance matrix. The covariance
matrix is parameterized by a single parameter which we will call the correlation length which was set to ρ =
0.25pixels for the generation of the training images. The signal to be detected is generated separately since
the technique does not require signal-present images. We utilized a pillbox signal with a diameter of 3.6mm.
Example images and the signal used are shown in Fig. 1. The results of the SVD resulted in an eigenspectrum
and corresponding texture (eigenvectors). The calculated eigenspectrum is shown in Fig. 2a and we see a
characteristic rapid falloff in the spectrum values. The corresponding sorted spectrum (see Eqn. 6) is shown in
Fig. 2b. Finally, the top four textures associated with observer performance are shown in Fig. 3.

We tested the application of these optimal textures to new sets of images using Eqn. 9. To accomplish this
we generated many sets of signal-absent images with texture parameters ρ ranging from 0.1 to 1.0 (0.25 was
used to determine the set of useful textures that contribute to signal detectability). We then applied Eqn. 9
to these new sets of images and compared the results to the Channelized Hotelling observer (CHO) with dense
difference-of-Gaussian channels. We chose this comparison because the CHO with this channel set has been
shown to mimic human-observer performance but is computed independently of the calculations we present here.
Results are shown in Fig. 4 which shows that the peak performance of both the Hotelling observer and our
surrogate figure of merit occur at approximately the same location.
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We tested the repeatability of this result by rerunning these simulations over 100 times with different sets of
images. The results remained consistent with the peaks of the CHO and the surrogate figure of merit within a ρ
of 0.05. Note that the magnitudes of the surrogate figure of merit did change substantially from run to run but
we do not expect this method to have an absolute value near the actual performance.

4. DISCUSSION

We have presented a method for sorting textures in images based on how they contribute to overall signal
detectability. Textures that are easily distinguished from the signal and those that obscure the signal are useful
for analyzing new sets of images for the task of detecting the same signal. This analysis represents a method that
can be quickly applied to small sets of images to obtain a surrogate figure of merit and can potentially be used
to help optimize image-reconstruction parameters in different CT algorithms. Initial results show the potential
utility of the method. Future analysis on real image data will be presented in a separate paper.
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