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Abstract—Texture and shape analysis applied to positron
emission tomography (PET) or single photon emission computed
tomography (SPECT) imaging is a technique based on the
characterization of the spatial distribution of a radio tracer
using texture and shape descriptors. It has been shown in
recent studies to provide functional disease related information.
Applied to high resolution PET images of patients suffering from
Parkinson’s disease (PD), a good correlation has been found
between 3D moment invariants (3DMI) which are shape metrics
and Parkinson’s disease severity. Given the wide availability
of SPECT cameras in clinical environments, could texture and
shape analysis provide comparable results on lower resolution
images to those obtained with state-of-the-art PET cameras?
The aim of the present study is to investigate the applicability
and robustness of the texture and shape analysis in the specific
context of images displaying localized spatial distribution of the
tracer with disease induced spatial abnormalities. Applicability
and robustness of the method was tested against: i) the choice of
the texture and shape descriptors, ii) the image spatial resolution,
iii) the image noise level and iv) the definition of the region of
interest (ROI). Methods: a magnetic resonance imaging (MRI)
scan to provide anatomical information for ROIs placement
and a high resolution PET scan providing a dynamic sequence
of [11 C]dihydrotetrabenazine (DTBZ) images were acquired for
13 PD patients and 6 healthy controls. To simulate the lower
spatial resolutions, the reconstructed PET images were smoothed
with a 3D Gaussian filter with a full width at half maximum
(FWHM) ranging from 2 mm to 20 mm. As an evaluation
criterion, Spearman’s correlation was calculated between texture
and shape metrics and disease severity assessed either by the
unified Parkinson’s disease rating scale (UPDRS) scores or by
the disease duration. Results and conclusion: this study has
shown that texture and shape analysis can provide relevant
disease related information when applied to images of tracers
displaying a localized spatial distribution with disease dependent
heterogeneity and/or shape characteristics. In the specific case of
Parkinson’s disease imaged with the PET tracer [11 C]DTBZ, we
have shown that the MEAN intensity metric and the 3D moment
invariant metrics are strongly correlated with disease severity and
that the strength of the correlation persisted on images ranging
from the highest spatial resolutions achievable by state-of-the-art
PET cameras to the lowest resolutions achievable by any modern
clinical SPECT camera.

I. I NTRODUCTION
Positron emission tomography (PET) and single photon
emission computed tomography (SPECT) are non-invasive
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imaging techniques that allow to map the functional processes
in the body in-vivo after the injection of a biologically active
radiotracer. Dynamic sequences of images can be acquired
to provide physiological and biochemical parameters, most
commonly through kinetic modeling. With this latter technique, functional parameters related to the radiotracer uptake
and/or binding are derived from the temporal variation of its
concentration distribution in specific region of interests (ROI).
However, this technique requires a plasma or tissue based
input function, which may be difficult to measure. Moreover,
extracting reliable dynamic information from SPECT data can
be challenging.
Recently, a novel approach has been proposed. It is based
on the characterization of the spatial distribution of the radio
tracer using texture and shape descriptors which can provide
functional disease related information. Several types of metrics
were developed to quantify texture and shape of regions of
interest:
i) 3D moment invariants (3DMI).
ii) intensity histograms and their standard deviation, skewness
and kurtosis, or cumulative histogram metrics.
iii) the Haralick texture features based on the gray-level cooccurrence matrix.
Texture and shape analyses have been applied for tumors
characterization [1] and assessment of their response to therapy [2] using [18 F]fluorodeoxyglucose (FDG) PET images.
Indeed, in addition to tumor size, heterogeneity of FDG
uptake can provide information on their aggressiveness or
sensitivity to a specific therapy. In the field of neuroimaging,
applied to images of a PET marker of neuroinflammation,
some texture and shape metrics showed better performance
than standard kinetic modelling techniques to discriminate
between control subjects and patients suffering from systemic
lupus erythematosus or traumatic brain injury [3]. Applied
to images of a SPECT marker of the dopaminergic system,
some Haralick features showed a good ability to discriminate
between Parkinson’s disease (PD) and control subjects [4].
One step further using high resolution PET images acquired
on the High Resolution Research Tomograph camera (HRRT,
Siemens), a good correlation has been found between some
3DMI metrics and Parkinson’s disease severity [5].
Given the wide availability of SPECT cameras in clinical environments, could texture and shape analysis provide
comparable results on lower resolution images to those obtained with state-of-the-art PET cameras? This study attempts
to answer this question by focusing on the specific case
of Parkinson’s disease which is a neurodegenerative movement disorder characterized by the progressive loss of the
dopaminergic neurons in the striatal region. This loss of
dopaminergic neurons can be evaluated, among others, by the

vesicular monoamine transporter type 2 (VMAT2) PET marker
[11 C]dihydrotetrabenazine (DTBZ) which presents a localized
spatial distribution inside the caudate and putamen, similar to
that of the SPECT tracer [123 I]ioflupane (DaTSCAN). In PD
patients, images show a reduced uptake of the tracer with a
typical disease related rostrocaudal gradient mostly localized
in the putamen.
The aim of the present study is to investigate the applicability and robustness of the texture and shape analysis in the
specific context of images displaying localized spatial distribution of the tracer with disease induced spatial abnormalities.
Applicability and robustness of the method was tested against:
i) the choice of the texture and shape descriptors.
ii) the image spatial resolution: from the highest resolution of
state-of-the-art PET cameras around 2.5 mm [6] to the lower
resolutions of clinical PET cameras around 4 mm and SPECT
cameras from 8 mm to 12 mm [7].
iii) the image noise level.
iv) the definition of the region of interest (ROI).
II. M ETHOD
A. Data collection
This study involved 13 PD patients (age range 52 to 79 yr,
mean age 62.2 yr) and 6 healthy controls (age range 31 to
71 yr, mean age 48.7 yr). All subjects underwent a clinical
motor performance testing using the unified Parkinson’s
disease rating scale (UPDRS) part III. The non-sided part
of the score was added to the left and right sided scores
to provide a global score for each side. All subjects had
a PET scan and an anatomical MRI scan. The MRI scans
were acquired on a 3 T Philips Achieva camera to produce
T1-weighted images on a 256 ⇥ 256 ⇥ 170 matrix with a
voxel size of (1 mm)3 . For the PET scans, subjects were
injected about 350MBq of DTBZ and data were acquired over
1 hour with the Siemens ECAT HRRT. A dynamic sequence
of images (4 ⇥ 1 min, 3 ⇥ 2 min, 8 ⇥ 5 min and 1 ⇥ 10
min) was reconstructed on a 256 ⇥ 256 ⇥ 207 matrix with a
voxel size of (1.22 mm)3 using the ordinary Poisson ordered
subset expectation maximization (OP-OSEM) algorithm with
attenuation, scatter, randoms and normalization corrections.
Without point spread function (PSF) modelling, the spatial
resolution of the resulting non-smoothed images was 2.5 mm
[6]. Reconstructed with PSF modelling [8], the images had
a spatial resolution of (1.8 mm)3 . Both PSF and non PSF
sets of PET images were then frame-to-frame realigned using
the mutual information method (AIR package) to correct for
motion of the patient during the scan.

B. Data processing
In order to simulate the lower spatial resolutions, a 3D
Gaussian filter with a full width at half maximum (FWHM)
ranging from 2 mm up to 20 mm by increment of 2 mm
was applied for all patients to their dynamic sequence of
non-smoothed images reconstructed without PSF. For all
patients, twelve sets of images with spatial resolution ranging
from 1.8 mm (PSF) up to 20.2 mm (the resulting spatial
resolution being the square root of the sum of the squares
of the resolution of the non-smoothed image and the filter

FWHM). In this study we’ll refer to the images as PSF,
NOSMO (non-smoothed) and by the FWHM of the filter used.
1) Noise and reference: From those dynamic sequences,
for all patients and all resolutions, we defined three types of
images on which the texture and shape analysis was to be
applied:
i) a time integrated PET image was evaluated over the last
30 minutes, i.e. between 30 and 60 minutes post-injection
when equilibrium between compartments is assumed to have
been reached. An example for a healthy subject is shown
in figure 1 at different spatial resolutions (2 mm, 10 mm
and 20 mm). As a comparison, a SPECT image of a healthy
subject injected with DatSCAN is also shown.
ii) in order to check the effect of noise on texture and shape
analysis,we also evaluated a time integrated PET image over
the last 10 minutes. In those images of our 19 subjects
sample, the number of true events ranges from 23 ⇥ 106 to
11 ⇥ 106 with an average of 16 ⇥ 106 . This represents about
the fifth of the true events in the last 30 minutes images, their
number ranging from 56 ⇥ 106 to 113 ⇥ 106 with an average
of 78 ⇥ 106 .
iii) to allow a direct comparison of the texture and shape
analysis with conventional kinetic modelling methods, we
calculated a parametric image of the non-displaceable binding
potentials (BPND ) using a simplified reference tissue model
[9].
Finally, for all subjects, those three types of images were
coregistered to their corresponding T1-weighted MRI images
with the mutual information method (SPM8 package). The
transformation matrix was evaluated by the coregistration
of last 30 minutes time integrated image smoothed with
the 2 mm filter, to the MRI images. It was then applied to
the three types of images at all considered resolutions, thus
preventing any possible misregistration between images of
different types or resolutions.
2) ROI definition: To investigate the influence of the
choice of ROI on the texture and shape analysis, we defined
three types of ROIs:
i) anatomical MRI based ROIs of the left and right caudate
and putamen were defined on the T1-weighted MRI images.
They were drawn by hand for each side on each slice where
the caudate and putamen were visible on the dorsal side of
the striatum.
ii) functional PET based ROIs were defined on the last
30 minutes time integrated PET images using a threshold
segmentation set at 40% of the maximum intensity in the
striatal region.
iii) MRI-PET mixed ROIs were defined using a fusion method
developed by Klyuzhin et al.[10]. In this method, a distance
dependent implicit function for each pair of MRI and PET
ROIs is computed and fused together, their relative weights
being controlled by a free parameter ↵ as follow:
PFUSED (↵) = ↵PMRI + (1

↵)PPET ,

↵ 2 [0, 1]

Finally, the mixed ROI is obtained by properly thresholding
the fused implicit function PFUSED . The values ↵ = 0 and
↵ = 1 correspond to the single modality PET and MRI

Fig. 1. Spatial resolution: last 30 minutes time integrated DTBZ PET images
smoothed with a 2 mm (upper left), 10 mm (upper right) and 20 mm (lower
left) Gaussian filter. Lower right: DatSCAN SPECT image. Both subjects
shown on those PET and SPECT images were healthy subjects. Images are
centered on the striatal region and expand over 1.2 cm axially.

ROIs respectively. Figure 2 displays an example of the
transformation of the shape of a mixed ROI in a healthy
subject (top) and in a PD subject (bottom) as the weight ↵
varies between 0 and 1. As expected, in the healthy subject
the MRI based and the PET based ROIs are similar, the
functional region and the anatomical one being the same.
With the PD subject, the loss of dopaminergic neurons in
the striatal region reduces spatially the PET based ROI while
anatomically, the striatal region is not affected, thus neither
is the MRI based ROI.
In the present study only the putamen ROIs were considered
and applied, for all 19 subjects and all 12 spatial resolutions,
to the three types of images defined previously, i.e.the last 30
minutes and last 10 minutes time integrated PET images and
the BPND parametric images.

ii) we considered some 3D moment invariants which are
shape metrics designed to be invariant to translation, scaling
and rotation [11], [12], specifically the second-order 3D
moment invariants J1 and J2 values and the third order
3DMI B3 value. They correspond respectively to a distance
weighted variance, to a combination of distance weighted
variance and covariance and to distance weighted skewness
of the activity distribution inside the ROI. Variance and
skewness are expected to increase with disease severity.
iii) we used four intensity histogram metrics [3] which
provide textural information: the standard deviation, skewness
and kurtosis of the intensity histogram, as well as the fraction
of voxels inside the ROI with intensity values ranging from
50% to 90% of the maximum intensity value (referred to as
HIST 5090).
iv) 12 Haralick texture features [13] (energy, entropy,
correlation, contrast, variance, sum average -referred to as
HAR SUMAVE-, inertia, cluster shade, cluster tendency,
homogeneity, maximum probability and inverse variance)
were considered. They are derived from the gray-level cooccurrence matrix whose elements (i,j) represent the number
of occurrences of intensity (gray-level) pair (i,j) at a fixed
distance and direction. In the present study, those elements
were computed over 13 directions (3-dimensional) and a
distance of 8 voxels after image resampling in 16 gray levels.
4) Evaluation criterion: As an evaluation criterion, we
evaluated the Spearman’s rank correlation coefficient ⇢ between the texture and shape metrics and disease severity. We
considered the Spearman’s rank correlation as it measures
the likelihood of monotonicity of the statistical dependence
between two variables without implying any other specific
type of relationship. Disease severity was assessed either by
the UPDRS scores or by the disease duration. When left and
right UPDRS scores were considered, they were tested against
the metric values measured inside the contralateral putamen.
When disease duration was considered, it was tested against
the metric value measured inside the putamen that is the least
affected by the Parkinson’s Disease. We have observed that the
choice of this side provides the strongest correlation between
the metrics and disease duration. This observation agrees with
the fact that the gradient of DTBZ binding potential with
respect to symptom duration is stronger when measured inside
the least affected side of the striatal region rather than inside
the most affected side [14].
III. R ESULTS AND D ISCUSSION

Fig. 2. Shape of a mixed ROI in a healthy subject (top) and in a PD subject
(bottom) as the weight ↵ varies between 0 [pure PET ROI] and 1 [pure MRI
ROI].

3) Texture and shape metrics: Several texture and shape
descriptors considered in [5], [3] were applied to those voxel
values contained in the defined ROI:
i) as a reference, we considered the mean intensity value
(referred to as MEAN) which is an intensity metric. It is
expected to decrease with disease severity.

Figure 3 displays an example of the results obtained for the
shape descriptor J1, which showed the strongest correlation
with disease duration, applied to the last 30 minutes time
integrated images. We see (upper left figure) that the J1 value
remains smaller at all resolutions in the healthy subjects (the
tracer distribution being more uniform in the striatal region
in healthy subjects). This is also seen in the lower figures
displaying the J1 value against disease duration: the group
of healthy subjects (red squares) is clearly separated from
the group of PD patients (green circles) at high (2 mm) and
low (20 mm) resolution. Moreover, the Spearman’s rank
coefficient of correlation remains very high at all spatial
resolutions, ranging from 0.94 at the highest resolutions to

0.89 at the lowest resolutions.

high resolutions to lower resolutions down to 14 mm, with a
coefficient of correlation ranging between -0.77 and -0.91.
Compared against the UPDRS scores, the correlation of those
six texture and shape metrics remains strong as shown in the
middle row figures. However, the coefficient of correlation
with UPDRS scores are slightly weaker, by 1 to 10% for the
MEAN and 3DMI metrics, than those with disease duration
as we can see on the lower row figures displaying the relative
differences between those two types of correlation.
It is worthwhile to note that PSF neither improves nor
degrades the correlation of those texture and shape metrics
with disease severity.as compared to the NOSMO and 2 mm
resolutions.

Fig. 3. Upper left: J1 metric evaluated on the last 30 minutes time integrated
images vs FWHM for all subjects. Bold lines indicate healthy controls. Upper
right: Spearman coefficient of correlation between J1 metric and disease
duration as a function of the spatial resolution. Lower left and right: J1
metric vs disease duration for healthy subjects (red squares) and PD subjects
(green circles) when evaluated on the last 30 minutes time integrated images
smoothed with the 2 mm and 20 mm (respectively) Gaussian filter.

Figure 4 summarizes the results for the six texture and
shape metrics among all considered that showed strong
correlation with disease severity: the intensity mean value
MEAN, the three 3DMI shapes descriptors J1, J2 and B3, the
intensity histogram metric HIST 5090 and the Haralick sum
average feature HAR SUMAVE. These two latter metrics
are a measure of heterogeneity and therefore are expected to
decrease as PD progresses. The upper row figures summarize
the correlation of those six metrics with disease duration
when evaluated on the last 30 minutes time integrated images
(left) or on the parametric BPND images (right) at various
spatial resolutions.
The three 3DMIs and the MEAN metrics calculated on both
the last 30 minutes and on the parametric images showed a
strong correlation with disease duration which remained at
all resolutions with a coefficient of correlation (in absolute
value) over 0.8 (with only one exception, the MEAN metric
at 20 mm resolution) and over 0.9 in many instances. We
note that for those metrics, the correlation is slightly stronger
when computed on the last 30 minutes images rather than
computed on the parametric BPND images.
The Haralick HAR SUMAVE metric is also well (negatively)
correlated when evaluated on both type of images at high
and low resolutions down to 14 mm, with a coefficient of
correlation ranging between -0.72 and -0.92.
The intensity histogram HIST 5090 shows some correlation
with disease duration when evaluated on the last 30 minutes
images only at high resolutions (PSF, NOSMO and 2 mm).
When evaluated on the parametric BPND images, its
correlation with disease duration is stronger, remaining from

Fig. 4. Upper row: Spearman correlation considering all 19 subjects between disease duration and the metrics MEAN, J1, J2, B3, HIST 5090
and HAR SUMAVE when evaluated on the last 30 minutes time integrated
image (left) and on the BPND parametric image (right) at various spatial
resolutions. Middle row: Spearman correlation between UPDRS scores and
the aforementioned metrics. Lower row: relative difference between disease
duration correlation and UPDRS correlation.

To test the robustness of the dependence between the
six aforementioned texture and shape metrics and disease
duration, we have re-evaluated their correlation considering
only the 13 PD subjects, thus reducing the dynamic range of
the considered variables. As expected, we see on figure 5 that
removing the 6 healthy subjects from our original subjects
sample globally decreases the correlation. However, it remains
strong for the MEAN and 3DMI metrics when evaluated on
the last 30 minutes time integrated image at all resolutions,
the coefficient of correlation ranging from 0.75 to 0.93 (in
absolute value).
To further test the robustness of the correlation between the
texture and shape metrics and disease duration, the correlation
was re-evaluated using the last 10 minutes time integrated
images, therefore reducing the average number of true events
in our 19 subjects sample from 78 ⇥ 106 to 16 ⇥ 106 . We can

Fig. 5. Sampling effect: Spearman correlation considering only PD subjects
between disease duration and the metrics MEAN, J1, J2, B3, HIST 5090 and
HAR SUMAVE when evaluated on the last 30 minutes time integrated image
(left) and on the BPND parametric image (right) at various spatial resolutions.

observe on figure 6 that the correlation of the MEAN and
3DMI metrics with disease duration is barely affected by this
decrease of true events, the coefficients of correlation being
modified by less than 1% at high resolution and less than 5%
at lower resolutions.

Fig. 6. Noise effect: Left: Spearman correlation considering all 19 subjects
between disease duration and the metrics MEAN, J1, J2, B3, HIST 5090 and
HAR SUMAVE when evaluated on the last 10 minutes time integrated image
at various spatial resolutions. Right: relative difference of correlation when
metrics are evaluated on the 10 minutes time integrated images versus 30
minutes time integrated images at various spatial resolution.

Figure 7 displays the Spearman correlation between the six
aforementioned texture and shape metrics and disease duration
when mixed ROIs were applied on the last 30 minutes images
(left figure) and on the BPND parametric images (right figure)
at three different spatial resolutions: PSF, 2 mm and 10 mm.
Four sets of mixed ROIs were used: ↵=0 (pure PET), 0.3, 0.6
and 1 (pure MRI). The correlation of disease duration with the
MEAN metric is almost not affected by the choice of ROIs.
This could be explained by the fact that as PD progresses, not
only does the extent of the DTBZ uptake region shrinks along
the rostrocaudal axis, but the intensity in the uptake region
also decreases, thus preserving a strong correlation.
Concerning the five other texture and shape metrics, their correlation with disease duration gets almost consistently stronger
as ↵ increases, i.e. as the MRI component gets dominant.
IV. C ONCLUSION
The present study has shown that texture and shape analysis
can provide relevant disease related information when applied
to images of tracers displaying a localized spatial distribution
with disease dependent heterogeneity and/or shape characteristics. In the specific case of Parkinson’s disease imaged
with the PET tracer [11 C]DTBZ, we have shown that the
MEAN intensity metric and the 3D moment invariant metrics
are strongly correlated with disease duration, with Spearman’s
rank coefficients of correlation (in absolute value) consistently
over 0.8 and over 0.9 in many instances. Among the other
metrics considered, one intensity histogram metric and one

Fig. 7. ROI definition: Left: Spearman correlation considering all 19 subjects
between disease duration and the metrics MEAN, J1, J2, B3, HIST 5090 and
HAR SUMAVE when evaluated on the last 30 minutes time integrated images
at three different spatial resolutions (PSF, 2 mm and 10 mm) and using four
types of ROIs (↵=0 [PET], 0.3, 0.6 and 1 [MRI]). Right: Spearman correlation
when metrics evaluated on the BPND parametric images.

Haralick feature showed also a good correlation with disease
severity.
The strength of the correlation persisted on images ranging
from the highest spatial resolutions achievable by state-of-theart PET cameras to the lowest resolutions achievable by any
modern clinical SPECT camera.
The strength of the correlation also persisted with lower
statistic images containing only 10 to 20 million true events.
The choice between pure PET, pure MRI or mixed ROIs had
a minimal impact on the strength of the correlation between
the MEAN metric and disease severity. With the other five
metrics that showed good correlation with clinical measures,
the use of the pure MRI ROIs or mostly MRI influenced ROIs
provided correlations than the PET ROIs.
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