
 

      
Abstract-- We propose two algorithms for task-based image 

quality assessment based on machine learning. The channelized 
Hotelling observer (CHO) is a well-known numerical observer, 
which is used as a surrogate for human observers in assessments 
of lesion detectability. We explore the possibility of replacing the 
linear CHO with nonlinear algorithms that learn the relationship 
between measured image features and lesion detectability 
obtained from human observer studies. Our results suggest that 
both support vector machines and neural networks can offer 
improved performance over the CHO in predicting the human-
observer performance.  

I. INTRODUCTION 
MAGES can be degraded in quality by a variety of factors 
such as blur, noise, and artifacts. Simple numerical 

measures, such as signal-to-noise ratio, are often not adequate 
for capturing the effects of such degradations [1], and may not 
effectively reflect the quality of the images when used to 
perform a specific task. 

In clinical lesion-detection tasks, it is preferable to 
quantify image quality by means of detection performance. 
Ideally, this is accomplished by conducting a human-observer 
study; however, human-observer studies are costly and time-
consuming, and thus impractical for routine use during 
preliminary stages of algorithm research or imaging-system 
design. As a result, there has been considerable interest in 
developing numerical observers that can predict human-
observer performance. 

A popular method for predicting human-observer 
performance is the channelized Hotelling observer (CHO)  
[2, 3], which is based on a linear discriminant applied to image 
features extracted from different bandpass channels, aimed to 
model the eye’s receptive fields.  More specifically, the 
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Hotelling observer is the generalized likelihood ratio test for 
detection in the case of signal-independent Gaussian noise.   

 In most studies, the CHO is postulated as a model for the 
human observer, and it is hoped to correlate well with human-
observer data. Indeed, the CHO has been demonstrated to be 
successful in predicting human-observer performance in 
medical detection applications [4-7]; however, there have also 
been occasions when the CHO does not perform as well, as 
illustrated by the results shown in this paper and in [8]. In 
these cases, it may be necessary to identify a better model for 
the human observer. 

In this paper, we explore an alternative approach, in which 
we treat discovery of the human-observer model as a system 
identification problem. We explicitly estimate the relationship 
that maps images into detection performance by using 
nonlinear learning machines such as support vector machines 
and neural networks. This is illustrated in Fig. 1. To some 
extent our approach shares a similar philosophy with that in [9] 
where a linear template was estimated in a two-alternative, 
forced-choice detection task. 

 

 
 
Figure 1. Illustration of proposed machine learning approach for modeling 
detection performance. Learning algorithm uses feedback in training stage to 
adaptively improve accuracy. 
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II. METHODOLOGY 
A common measure of observer detection performance is 

the receiver operating characteristic (ROC) curves. We have 
chosen in this initial study to train a learning algorithm to 
predict this measure. The regression model is 

 ( )zA f ε= +x , (1) 

where x  is a vector representing the image features, ε is the 
prediction error, and ( )f ⋅  is the regression function modeling 
the relationship between the image features and the area under 
the ROC curve, zA , obtained using human observers.  

As in the conventional CHO, we use the frequency 
channels as the input features. Specifically, we assume the 
standard signal-known-exactly (SKE) channel model [2], that 
is, 

 ( ) ( ),
TT T

L B
 =   

x Uf Uf , (2) 

where Lf  and Bf  are vectors representing a pair of images, one  
with lesion present and one with lesion absent, respectively, U  
represents the channeling operation [2], and T denotes the 
transpose operation. 

In the formulation in (1) the regression function ( )f x  is 
used to characterize the detectability of the defect in Lf , as 
compared to Bf  (where the defect is absent). While ( )f x  may 
vary with the noise level in the images, our goal is to train a 
learning machine so that ( )f x  will approximate zA , the 
detectability measure obtained using human observers.  

In Fig. 2 we show the responses of the four constant-Q 
frequency-band filters used in this study. Note that these filters 
are spatially centered at the signal location. 

 
(a) 

 
(b) 

Figure 2. Feature extraction channels used in the CHO: (a) spatial domain 
responses, and (b) frequency domain responses. 

A. Learning algorithms 
We applied and evaluated two learning machines—the 

support vector machine and the feedforward neural network—
for estimation of the functional ( )f ⋅ . These methods are 
reviewed briefly in the following sections. 

Support Vector Machine (SVM)  

The SVM is a general learning procedure based on 
statistical learning theory [10]. SVM embodies the so-called 
structural risk minimization (SRM) principle, which has been 
shown to be superior [11] to the traditional empirical risk 
minimization principle. SRM minimizes an upper bound on 
expected prediction error, as opposed to the average error on 
the training data. Consequently, an SVM tends to generalize 
well beyond the training data.  

The SVM regression function is characterized by a subset 
of the training samples known as support vectors, denoted by 

is . Specifically, the approximating function is given by: 

 0
1

( ) ( , )
sl

SVM i i
i

f w K w
=

= +∑x x s , (6) 

where ( , )K ⋅ ⋅  is a kernel function, sl  is the number of support 
vectors, and the coefficients iw  are determined by quadratic 
programming. In our experiments we used radial basis 
functions for ( , )K ⋅ ⋅ . Fig. 3 illustrates one-dimensional 
regression using SVM. 

 
Figure 3. Illustration of regression using a support vector machine. 

 
The SVM objective function is defined as follows: 

 21( ) ( )
2 n

n

J C Lε= + ∑w w x  (7) 

where w is a vector formed by all the coefficients iw , C is a 
regularization parameter that controls the trade-off between the 
model complexity and fitting accuracy, and ( )nLε x  is the so-
called ε -insensitive penalty term defined as 

( )        if ( )
( )

0                otherwise.
SVM n n SVM n n

n

f y f y
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In (8) ny  denotes the desired quality measure, i.e., zA  for the 
human observers corresponding to the training sample nx . 

Neural networks (FFNN) 

For comparison, we also tested a three-layer feedforward 
neural network [12] (FFNN), which consisted of an input layer 
with eight neurons (corresponding to the four CHO channels 
for the image with lesion present and four for the image with 
lesion absent), a hidden layer with two neurons, and an output 
layer with a single neuron. 

III. EXPERIMENTAL RESULTS 

A. Human-observer data 
A subset of a previously published human-observer study 

[7] was used in our development of the proposed methods. The 
study in [7] was based on images reconstructed using the 
ordered subsets expectation-maximization (OSEM) algorithm 
with one and five effective iterations. These images were low-
pass filtered with three-dimensional Gaussian filters with 
different full-width at half-maximum (FWHM) of 0, 1, 2, 3, 4, 
or 5 pixels. Three human observers evaluated the defect 
visibility in a SKE environment for images under different 
algorithmic iterations and FWHM levels; for each setting a 
total of 130 noisy image realizations were used (65 with lesion 
present and 65 with lesion absent). The estimated area under 
the ROC curves, zA , was calculated for each setting by using 
ROCKIT [13]. 

B. Learning setup 
To evaluate the proposed algorithms the data were divided 

randomly into training and test sets. For each setting, (i.e., 
number of iterations and choice of smoothing), the training set 
contained 40 realizations were and the test set contained 25 
realizations.  

In SVM training, ε  was chosen to be 0.05. The radial 
basis kernel width was 15 and C  was set to be 10000. This 
choice led to 26.3 % of the data points as support vectors. 

For FFNN training, the target mean-square error was set at 
410− , with a maximum of 1000 epochs (iterations).  
For comparison, the well-known SKE-CHO was used as a 

benchmark [2, 5]. This method can be viewed as a linear 
regression model, in which there is an internal observer-noise 
quantity. For best performance, we optimized this technique by 
exhaustive grid search over a wide range of internal observer-
noise level so as to minimize prediction error for the training 
data set. 

C. Prediction results 
To reduce the influence of reconstruction noise, the 

prediction results were averaged over all the test images for the 
same number of iterations and smoothing. The prediction 
results are shown in Fig. 4 for the images reconstructed by one 
iteration of OSEM and those obtained by five iterations of 
OSEM.  

As can be seen, the SKE-CHO performs somewhat poorly 
for this data set,. The best performance is produced by SVM. 
The overall mean-squared prediction error, relative to that of 
SKE-CHO, is shown in Table 1 for each method. It appears 
that nonlinear learning machines can outperform SKE-CHO in 
predicting human detection performance. 

Some example cardiac images are shown in Fig. 5 at 
different level of smoothing (FWHM = 1, 3 and 5 pixel) for 
OSEM with one effective iteration. The arrow in each image 
indicates the lesion position. The lesion is fairly inconspicuous 
at all smoothing levels. At low smoothing levels, it is difficult 
to distinguish the lesion from noise artifacts. At high levels of 
smoothing, the low contrast between lesion and background 
makes it difficult for human observers to detect the lesion. 

 
 (a) 

 
  (b) 
Figure 4. Comparison of actual and predicted Az values vs. smoothing FWHM: 
(a) OSEM - one effective iteration; (b) OSEM - five effective iterations. 
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TABLE I: NORMALIZED PREDICTION ERROR (SKE-CHO=1) 

 SVM FFNN SKE-CHO 
Prediction 

error (relative 
to SKE-CHO) 

0.505 0.855 1.000 

 
 

 
Figure 5. Example images of OSEM with one effective iteration. SKE-CHO 
predicts that the lesion is most detectable when FWHM=3 to 5 pixels. 

IV. CONCLUSIONS 
In this work we presented and tested two algorithms for 

task-based image quality assessment based on machine 
learning. Image quality was based on lesion detectability. We 
performed a comparison of the proposed methods with a well-
known channelized Hotelling observer (CHO). The results 
indicate the possible benefit of replacing the linear CHO with 
nonlinear algorithms that learn the relationship between 
measured image features and lesion detectability obtained 
directly from human observers.  
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