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ABSTRACT
In medical imaging, image quality is commonly assessed by measuring the performance of a human observer performing
a specific diagnostic task. However, in practice studies involving human observers are time consuming and difficult to
implement. Therefore, numerical observers have been developed, aiming to predict human diagnostic performance to
facilitate image quality assessment. In this paper, we present a numerical observer for assessment of cardiac motion in
cardiac-gated SPECT images. Cardiac-gated SPECT is a nuclear medicine modality used routinely in the evaluation of
coronary artery disease. Numerical observers have been developed for image quality assessment via analysis of
detectability of myocardial perfusion defects (e.g., the channelized Hotelling observer), but no numerical observer for
cardiac motion assessment has been reported. In this work, we present a method to design a numerical observer aiming
to predict human performance in detection of cardiac motion defects. Cardiac motion is estimated from reconstructed
gated images using a deformable mesh model. Motion features are then extracted from the estimated motion field and
used to train a support vector machine regression model predicting human scores (human observers’ confidence in the
presence of the defect). Results show that the proposed method could accurately predict human detection performance
and achieve good generalization properties when tested on data with different levels of post-reconstruction filtering.
Keywords: Numerical observer; cardiac motion assessment; motion estimation; deformable mesh model; support vector
machine.

1. INTRODUCTION
Image quality assessment is an important step in evaluation of new image processing techniques. In medical imaging, it
has now become widely accepted that image quality assessment must adopt a task-based approach and measure the
diagnosis performance of a human observer (physician) in a specific diagnostic task. Due to time and cost constraints,
however, human observers are often replaced by numerical observers aiming at predicting the human observers’
performance in a given diagnostic task. In cardiac imaging, single photon emission computed tomography (SPECT) is
used for cardiac perfusion imaging to detect and evaluate coronary artery disease. In addition, cardiac-gated SPECT
provides an image sequence which allows for cardiac motion assessment and assisting myocardium viability evaluation1.
Diagnosis relies on detection of myocardial perfusion defects as well as assessment of cardiac motion. Therefore, image
quality assessment for cardiac-gated SPECT images must include evaluation of perfusion defects detectability and
visibility of cardiac motion.
For detection of perfusion defects, the channelized Hotelling observer (CHO)2,3 is a widespread numerical observer used
as a surrogate for human observers.4–6 It relies on a set of non-overlapping bandpass filters to extract features, which are
then classified using a linear discriminant (Hotelling observer or prewhitening matching filter). Since it can overestimate
human performance7, the CHO is often coupled with an internal noise model7–9 to improve its agreement with human
observers. The selection and tuning of the internal noise model resembles a machine learning procedure which led our
group to develop a learning numerical observer using a support vector machine (SVM).10
CHO and SVM based numerical observer have been developed for image quality assessment via analysis of detectability
of myocardial perfusion defects, but no numerical observer for cardiac wall motion assessment has been reported. In this
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work, we present a method to design a numerical observer aiming to predict human performance in detection of cardiac
motion defects.
In a clinical study of cardiac-gated SPECT images, a human observer (HO) scores the heart wall motion on the
following semi-quantitative scoring system, as recommended in Ref. 1: 0 for normal, 1 for mild hypokinesis, 2 for
moderate hypokinesis, 3 for severe hypokinesis, 4 for akinesis, and 5 for dyskinesis. In this paper we propose a
numerical observer designed to predict HO confidence in the presence of the motion defect. During a HO study,
reconstructed images were scored according to the level of confidence in presence of a motion defect. The location of
the defect was known to both the human and numerical observers.
The proposed numerical observer relies on features extracted using our previously described cardiac motion estimation
technique.11,12 This method uses a deformable mesh model fitted to the left ventricle,13 and deformed to track cardiac
motion while accounting for myocardial brightening.14 The estimated motion field is then used for feature extraction.
Displacements along the axial, radial and tangential direction (with respect to the heart’s long axis) are used to extract
features in different regions of the myocardium. Features and human scores are used to train a support vector machine15
designed to predict human scores. We have previously reported a similar approach using displacement norm for feature
extraction16 and a Hotelling observer for classification. The novelty of the proposed work mainly lies in the use of nonlinear regression using support vector machines instead of a simple linear discriminant as in Refs. 16, 17.
Our results show that the proposed numerical observer can accurately predict human scores and that it can also offer
good generalization performance. In practice, numerical observers are used to validate new image reconstruction or
filtering methods, where they are used on images which differ greatly from the ones used for training. This results in a
crucial need for numerical observers achieving high prediction performance when used on unseen images, i.e. images
produced by a different method than the one used to train the numerical observers. To test this ability, in this work we
study the numerical observer’s performance obtained when testing the trained numerical observer on images filtered
with different levels of temporal smoothing.

2. METHODS
In this section, we describe the design of the proposed numerical observer. The proposed method extracts motion
features from reconstructed images and defines a nonlinear regression function to predict human scores from the set of
motion features. First, we present the motion estimation procedure followed by the feature extraction step. Finally, we
introduce the regression function used to predict human scores given the set of extracted features using support vector
machines (SVM).
2.1 Cardiac motion estimation using a volumetric deformable mesh model
Here we briefly describe the motion estimation procedure. The reader is referred to our earlier work on motion
estimation for a complete description.11,12 Dense field cardiac motion is estimated using a volumetric left ventricular
mesh model obtained from pre-reconstructed summed image.13 This initial mesh structure is then deformed to track
myocardial displacement during the image sequence. Motion estimation deforms the initial mesh structure by displacing
mesh nodes in order to minimize an intensity miss-matching term within each mesh tetrahedron that composes the mesh
structure. The intensity matching criterion accounts for myocardial brightening14, an imaging artifact manifested by an
increase in image intensity as the heart wall contracts.6 The resulting nodal displacement is used for (linear) interpolation
of the dense motion field to the regular Cartesian pixel grid (with dimension 64 × 64 × 64 ). An example of a mesh
structure and resulting dense motion field is shown on Fig. 1.
2.2 Feature extraction
The estimated dense motion field between end diastole and end systole is used to extract features in each region of the 17
segments map described in Ref. 1. While in our previous work11 features were extracted from the displacement
magnitude, in this work we use axial, radial and tangential components of the estimated motion field. For each
component, four features are considered: mean, maximum, median and standard deviation. This configuration yields
twelve features per segment. In addition, another feature was added based on myocardial brightening, which measures
the change in intensity when the heart wall contracts. Note that the brightening does not utilize the estimated motion
field. The final set of features is denoted by x.
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Figure 1. (left) Mesh structure fitted to the left ventricle (endocardial and surfaces are displayed), (right) Transverse view of
the estimated dense motion field between end diastole and end systole.

2.3 Linear Hotelling observer for prediction of human scores
In our previous work16,17, a linear Hotelling observer was used to perform regression from the set of extracted features x.
In this work, we compare our new proposed SVM numerical observer to the linear observer described. The Hotelling
discriminant between the two hypotheses (H0 defect absent and H1 defect present) defines the regression function,
f Hot (.) , using the Hotelling discriminant, w Hot , as:
f Hot ( x ) = wTHot x = ΔμT K −1x ,

(1)

where Δμ = μ1 − μ 0 is the difference between the mean feature vector for each class and K is the covariance matrix

obtained by averaging the covariance matrices under hypotheses H0 and H1. Comparing f Hot ( x ) to a variable threshold
results in the receiver operating curve (ROC) which can be used to summarize the performance of a given observer.18 In
this work, we characterize an observer’s performance by measuring the area under the ROC curve (AUC). Note that the
Hotelling observer does not depend on the set of training human scores and therefore cannot adapt to different human
observers.
2.4 Support vector machine for prediction of human scores
Here we describe the proposed model for prediction of human performance using SVM. Support vector machines are
used to predict the human score Y from the set of extracted features x. To this end, the regression function f SVM (.) is
expressed as:
f SVM ( x ) = w SVM T Φ ( x ) + b ,

(2)

where Φ(x) represents the nonlinear mapping of the features to a high-dimensional space where a linear regression is
performed. wSVM and b are parameters obtained from the training dataset

{( x , Y ) , i = 1,K , N } , where xi is the feature
i

i

s

vector for training sample i, Yi is the human score for training sample i, and Ns is the total number of training samples.
The optimal values w*SVM and b* correspond respectively to the weights and bias of the regression model and are given
by:
Ns
⎛1
⎞
w*SVM , b* = arg max ⎜ w T w + C ∑ Lε ( xi ) ⎟ ,
w ,b
i =1
⎝2
⎠

(3)

⎧⎪ Yi − f SVM ( xi ) − ε , Yi − f SVM ( xi ) ≥ ε
Lε ( xi ) = ⎨
,
0, otherwise
⎪⎩

(4)
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where ε delimits the ε-insensitive band of the loss function Lε. The optimal weights w*SVM are expressed in terms of
support vectors, sp, p = 1,K , N SV where NSV is the total number of support vectors: w*SVM = ∑ p =SV1 γ p Φ ( s p ) . The final
N

regression is then expressed as:
NSV

f SVM ( x ) = ∑ γ p K ( s p , x ) + b* ,

(5)

p =1

K (s p , x) = Φ (s p )

T

⎛ s −x
p
Φ ( x ) = exp ⎜ −
⎜
2σ K2
⎝

2

⎞
⎟,
⎟
⎠

(6)

where K (.,.) is the kernel function. In this work, we used Gaussian radial basis function kernels (RBF), parameterized
by their width, σ K . The optimal values of the parameters C, ε and σ K were found by a three-dimensional grid search
and selecting the parameter set yielding the lowest error in predicted AUC (compared to the human AUC) using a 5-fold
cross-validation.10,19 In our experiments SVM computations were performed using The Spider MATLAB toolbox.20

3. RESULTS
In this section we describe the validation strategy adopted to evaluate the proposed numerical observer. We first present
the dataset used and the human observers studies performed to obtain a set of reference human scores. Then we present
and discuss the results obtained using the linear Hotelling observer and the proposed SVM-based numerical observer.
3.1 Dataset
To generate imaging data we utilized the SIMIND software21 which is a realistic Monte Carlo simulator of the SPECT
imaging system. We used the MCAT phantom22 (with size 64 × 64 × 64 in 16 time frames) where a cardiac motion
defect was introduced in the anterior region as described in Ref. 23. Projections were 64 × 64 in 64 camera angles with
voxel size 0.634 cm and myocardial activity corresponding to 500,000 detected counts originating from the heart region.
Two datasets (one with no motion defect, one with an anterior motion defect, Fig. 2) were obtained, each containing 100
images corresponding to different noise realizations. Images were reconstructed using filtered back-projection followed
by a low-pass Butterworth filter of order 5 and cutoff frequency 0.22 cycles per pixel and three different levels of
temporal filtering (without motion compensation). Temporal filtering consists in applying a window on the temporal
dimension of the image intensity, denoted by ρ ( r ) using:
(k )

ρ

K

( r ) = ∑ h(l − k ) ρ (l ) ( x ) ,

(7)

l =1

γ

h( l − k ) =

1⎛
2
⎞
⎜1 − min ( k − l , K − k − l ) ⎟ ,
A⎝ K
⎠

(8)

where A is a normalization term ensuring unit DC gain, K is the total number of time frames and γ controls the strength
of the filter. In this work, we considered three temporal filter strengths: no filter, light temporal filter and strong temporal
filter, corresponding to γ = {∞,5,1} . The three levels of temporal filtering will affect myocardium motion defect
visibility.
3.2 Human reader study
Two hundred short-axis reconstructed image sequences (100 with no motion defect, 100 with anterior motion defect)
were shown to a human observer for scoring the presence of the anterior motion defect (scores ranging from 0 to 5). The
total study contained 600 images (200 per temporal filter level) for the human observer to score. Sample images at the
end diastole and end systole for each dataset are shown on Fig. 2.
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Figure 2. Images (MCAT phantom) for different level of temporal filtering (1-no temporal filtering, 2-light temporal
filtering and 3-strong temporal filtering). Images with no cardiac motion defect (a,c) and with an anterior cardiac motion
defect (b,d) are shown at the end diastole (a,b) and the end systole (c,d).

3.3 Prediction accuracy
The human scores obtained from data with no temporal filtering were used for training of a SVM. They correspond to
the most simple reconstruction method, i.e. FBP followed by frame-by-frame spatial filtering. The resulting trained
machine was used to predict the human scores of the three datasets (with different levels of temporal filtering). Results
are analyzed through the receiver operator characteristic (ROC) curve for the human scores and the predicted scores.
Note that the ROC curves were obtained using the online JROCFIT tool.24 For comparison we also added the linear
Hotelling observer (NO-HO) from Refs. 16, 17 using the same set of features. The ROC curves for different levels of
temporal filtering are shown on Figs. 3, 4. The curves in Fig. 3 show the ROC curves obtained when applying the
numerical observers (Hotelling and SVM) on the FBP data with no temporal filtering. This dataset is the one used for
training of the SVM numerical observer (NO-SVM). Therefore, Fig. 3 shows the ability of the SVM observer to fit a
given training dataset. As explained earlier, this ability is necessary but not sufficient to evaluate a numerical observer.
Fig. 3 shows that the numerical observer (NO-SVM) closely matches the human observer (HO) when trained and tested
on the same dataset (no temporal filtering applied). The proposed numerical observer achieves better prediction accuracy
than the linear Hotelling observer (NO-HO).

Figure 3. ROC curves for predicted scores from data with no temporal filtering (training data for the SVM numerical
observer).

However, the ability to predict human performance in the training data does not guarantee that a numerical observer can
accurately generalize to unseen data. Evaluation on unseen data is reported on Fig. 4, where the proposed numerical
observer is tested on dataset with two types of temporal filtering. One can see that the proposed numerical observer
generalizes well to unseen data as shown by the ROC curves obtained when tested with dataset generated using temporal
filter (light and strong filter in Figs. 4(a) and 4(b), respectively). The proposed NO-SVM outperforms the Hotelling
observer (NO-HO) from Refs. 17 in predicting the human observer’s detection performance. In addition, one should note
that the proposed SVM observer can adapt to different human observers while the Hotelling observer depends only on
the images class and therefore cannot be adapted to model individual human observers.
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(a)

(b)

Figure 4. ROC curves for predicted scores from data with (a) light temporal filtering and (b) strong temporal filtering when
the SVM numerical observer is trained on data with no temporal filtering. Curves and AUC values show that the proposed
SVM numerical observer (NO-SVM) predicts better human detection performance.

4. CONCLUSION
We have proposed a new numerical observer for cardiac motion assessment. In cardiac SPECT, image quality
assessment should include performance in detection of perfusion defect and assessment of cardiac motion. While
numerical observers have been proposed for prediction of human scores in a perfusion defect detection task, automatic
assessment of cardiac motion has not been thoroughly investigated. In this work, we propose a numerical observer for
image quality via cardiac motion assessment. The proposed method relies on our 3D motion estimation technique and on
regional features extracted from the estimated motion. We have shown that our proposed numerical observer can
accurately predict human performance in a cardiac motion assessment task.
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