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Abstract
Purpose The normalized mean square error (NMSE) method is widely used to evaluate images in nuclear
medicine. However, its use in clinical practice requires creating target images over a long time, which is
di�cult. It also requires standard images and reference teacher data that can be used at facilities
worldwide because methods and doses in nuclear medicine imaging are yet to be standardized. This
study examined the validity of perception-based image quality evaluator (PIQE), a no-reference metric
that does not require a target image for image evaluation in nuclear medicine.

Methods The Hoffman brain phantom with 18F-�uoro-2-deoxy-D-glucose (FDG) was imaged and
evaluated on slices in which the frontal and temporal lobes, bilateral lateral ventricles, and basal ganglia
were drawn. Sixteen images with different pixel numbers and acquisition times were created and
evaluated from the same slice. For the images obtained, visual evaluation criteria were developed for two
endpoints: separation of white and gray matter boundaries, and uniformity of accumulation. Five
evaluators assessed all the images using a paired comparison method, and then scored and ranked
them. The images were also physically evaluated by the PIQE and a natural image quality evaluator
(NIQE). The rankings obtained from the visual and physical evaluations were statistically compared.

Results Based on Spearman's test of signi�cance, visual evaluation rankings showed a strong correlation
with those obtained with PIQE (rs = 0.9559, p < 0.0001) and no correlation with those obtained with NIQE
(rs = 0.2324 and p = 0.3865).

Conclusions Evaluation of images by PIQE is as effective as visual evaluation.

Introduction
Normalized mean square error (NMSE) is a widely used objective numerical index for setting the optimum
collection and reconstruction conditions for nuclear medicine imaging [1-2]. It objectively evaluates the
degree of similarity between the target and reference images. However, its use in clinical imaging is
limited given the requirement for target images taken over time [1-5]. Hence, a new image evaluation
method with the same reliability as the NMSE method is required.

In nuclear medicine, examinations are performed with many nuclides at various doses. Therefore, it is
di�cult to create a standard image or teacher data that can be used in all facilities. In recent years,
diagnostic imaging support has adapted to various methods using arti�cial intelligence, among which
the generative adversarial network (GAN), an unsupervised learning method, has been drawing attention
[6-8]. In a study using GAN, Xuan et al. pointed out that it is di�cult to evaluate images using peak signal
to noise ratio (PSNR) based on the differences from the reference images [9]. They recommend using a
no-reference metric, which utilizes the perceptual index as a metric for image evaluation [9].

To the best of our knowledge, there are no reports that statistically compare the results of visual
evaluation of images by diagnostic imaging specialists and radiographers to the results of physical
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evaluation using a no-reference metric. We created several images with varying acquisition times using
the Hoffman brain phantom. These images were visually evaluated, scored, and ranked by �ve
evaluators, including nuclear medicine physicians, radiologists, and nuclear medicine technologists.
These rankings were compared to those from a physical evaluation using a no-reference metric, to
determine the latter method's usefulness for image evaluation in nuclear medicine.

Materials And Methods
Image acquisition and analysis

A Hoffman 3D brain phantom (Data Spectrum) with 26 MBq of 18F-Fluoro-2-deoxy-D-glucose (FDG) was
used as the head phantom. It was imaged as the target image for 1800 s in the list mode

The images were then reconstructed with frame times of 60, 120, 180, 300, 360, 450, 600, and 900 s. The
reconstruction matrix was set to 440 and 880 pixels. Based on the clinical examination conditions of our
hospital, the imaging conditions were:

Pixel size: 0.825 × 0.825

Slice thickness: 3

Reconstruction method: point-spread function (PSF) and time-of-�ight (TOF)

Subset: 5, Iteration: 8

Filter: All-Pass

The images evaluated were slices from previous brain PET imaging studies using phantoms, depicting
the frontal and temporal lobes, bilateral lateral ventricles, and the basal ganglia [10]. Biograph Vision
(SIEMENS) was used for imaging and data acquisition. MATLAB (MathWorks) was used for image
evaluation and calculation using a no-reference metric, and JMP (SAS Japan) was used for statistical
analysis.

Visual evaluation and target images

Three quali�ed diagnostic radiologists and nuclear medicine specialists and four nuclear medicine
technologists were selected to evaluate 16 images visually. Two of the four are nuclear medicine
technologists with over 15 years of clinical experience. Two of the four are inexperienced nuclear
medicine technologists. The images were acquired in the list mode with 440 pixels in the acquisition
matrix at a frame time of 1800 s. Figure 1 shows the images reconstructed at frame times of 120, 180,
300, 360, 450, 600, and 900 s. Figure 2 shows the same images with 880 pixels.

Visual evaluation
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Based on a study that evaluated the quality of brain PET images using 18F-FDG, the following two items
were de�ned as the criteria for visual image evaluation[11]. (1) A clear delineation of the basal ganglia's
limbus and its clear separation from the cerebral white and gray matter and (2) uniform accumulation of
FDG in the basal ganglia and cerebral white matter.

We used the paired comparison method, which allows the evaluators' order of evaluation to be ranked
[12].

Pairwise comparison method

A collaborator other than the visual evaluator established the procedure and acquired the images. Two
different images from a total of 16 images were selected and displayed on either side of the monitor
screen. A total of 240 images were prepared to be randomly displayed on the monitor. The identity of the
two images to be presented was not disclosed to the evaluator.

Images in Figures 3 and 4

Figure 3 shows one of the images displayed on the monitor. On the left is a 440-pixel image at 180 s and
on the right is a 900-pixel image at 880 s. The numbers corresponding to all 240 images evaluated are
listed in Figure 4. Figure 3 corresponds to square 29 in Fig. 4.

Ten evaluation score sheets (Figure 4) were prepared for 5 evaluators to assess items 1 and 2. The
table in Figure 4 was not shown to the evaluators, who visually evaluated the 240 images displayed in
random order. If the display on the right side was better than that on the left side, one point was assigned
to the cell in Figure 4 for that image.

For the display in Figure 3, if the image on the right showed a more uniform accumulation of FDG in the
basal ganglia and white matter, the cell in square 29 of the evaluation score sheet for item 2 was
assigned a score of 1. Two images identical to Figure 3 are included in the presentation but arranged in
opposite directions, i.e., the 900 s image with 880 pixels is presented on the left side, and the 180 s image
with 440 pixels is presented on the right side corresponding to square 212 in Figure 4. In this case, if the
image on the left side was better, a score of 0 was assigned to square 212.

Previous reports have visually scored PET images with different acquisition times and the degree of
glucose metabolism and malignancy in thyroid tumors on a 5-point scale [12-14]. Based on these reports,
we scored the images for their acquisition times and pixel numbers.

Ranking images following visual evaluation

The higher the total score in the rightmost column of Figure 4, the better the result. Also, the lower the
total score in the bottom row, the better the result. These scores were totaled, and the average values were
calculated to obtain the visual evaluation scores and ranks.

Evaluation by NMSE
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For the physical evaluation, we used a physical index based on the NMSE method. It has been
conventionally used to calculate the similarity between target and reference images. The ideal and
captured images are used as the reference and target images, respectively [3-4].

The NMSE method normalizes the target images using the maximum number of pixels. The smaller the
calculated value, the closer it is to the ideal target image [7,15]. The calculation method is based on the
formula shown in Figure 5 [2-3,15].

In this study, the target images were 440- and 880-pixels taken with a frame time of 1800 s. Therefore, the
remaining images were used to calculate the physical index.

Evaluation using a no-reference metric

A perception-based quality evaluator (PIQE) is a non-reference perception-based image quality evaluation
method for real-world images. It uses the mean subtraction contrast normalization coe�cient to calculate
the image quality score [16]. PIQE is an unsupervised method that does not require a learning model
[8,16-18]. By contrast, natural image quality evaluator (NIQE) is an existing blind image quality evaluation
method that relies on opinion-based supervised learning to predict quality scores [6,8].

PIQE is inspired by the following principles of how humans perceive image quality: First, human visual
attention is strongly directed to prominent points in an image or spatially active areas; this property is
adapted by estimating distortion only in the spatially prominent areas [16]. Second, local quality at the
block/patch level is the overall quality of the image that humans perceive, and this property is addressed
by calculating the distortion level at the local block level of size n × n, where n = 16 [16].

Figure 6 shows a block diagram of the proposed method. The input image is preprocessed, followed by a
block-level analysis to identify the distortion [16]. Each distorted block is assigned a score based on the
distortion type, and the block-level scores are then pooled to determine the overall image quality. In
addition to the quality score, it also generates a spatial quality map that can be effectively used in other
applications.

NIQE, by contrast, uses only measurable deviations from the statistical regularities observed in natural
images to calculate image quality scores in a completely blind manner [18]. It builds a collection of
"quality-aware" statistical features based on a simple and successful spatial domain natural scene
statistics (NSS) model[8]. Distorted image quality is expressed as a simple distance metric between the
model statistic and distorted image statistic [8,18]. Lower PIQE and NIQE scores indicate better imaging
evaluation [16-18].

Evaluation and statistical analysis

Figure 5 presents the NMSE scores and rankings for the other images. The visual evaluation and NMSE
rankings were compared for evaluation.
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The correlations between the PIQE/NIQE scores and the visual assessment rankings were evaluated. The
18F-FDG PET/CT results of the arti�cial intelligence-based method were compared to those of the expert
reader (19), and Spearman's rank difference test was performed.3.

Results
Results of visual evaluation

Tables 1 and 2 show the scores of the two items for each image from all the raters using the paired
comparison method. About the Table1 score, higher score men the better the evaluation result. About the
Table2 score, lower score men the better the evaluation result. The average visual evaluation results using
the pairwise comparison method for all the items is shown in Table 3. Evaluators 6 and 7 are
inexperienced nuclear medicine technologists. There result of visual evaluations were tended to differ
from the distribution from other evaluators. Therefore, regarding the examination of the ranking this time,
we decided to exclude their evaluation results,.

The longer the shooting time, the better the score. For images with frame times other than 120 s, the
score was better when the number of pixels was 880.

Results using the NMSE

Tables 4 and 5 present the NMSE evaluation results and ranked scores, respectively. In most images, the
NMSE value improved and approached 0 as the acquisition time increased. In addition, the physical
evaluation results of images with 880 pixels were better than those of images with 440 pixels.

Evaluation by PIQE

The results of the physical evaluation using the PIQE are shown in Table 5. The results were better for
images with (a) a lower no-reference metric value, (b) longer acquisition time, and (c) 880 pixels.
Spearman's signi�cance test of the visual evaluation results and PIQE rankings showed a rank correlation
coe�cient (rs) of 0.9559 and p value < 0.0001, indicating a strong correlation between the two methods
(Figure 7).

Results from NIQE

Table 6 presents the results of the physical evaluation by NIQE.

Spearman's signi�cance test of the visual evaluation and NIQE rankings yielded an rs of 0.2324 and a p
value of 0.3865, indicating no correlation between the two methods (Figure 8).

Discussion
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In this study, we investigated the usefulness of a no-reference metric for evaluating images in nuclear
medicine. The visual evaluation of the images by �ve raters was compared to that using the NMSE, and a
statistical correlation was determined. Image evaluation using the PIQE showed a good correlation with
visual evaluation, suggesting that these two methods are equally good.

Of the seven evaluators, the inexperienced evaluators 6 and 7 were inconsistent in the ranking of the
results compared to the other evaluators. Therefore, regarding the examination of the ranking this time,
we decided to exclude their evaluation results. This shows the validity of the evaluator's choice in this
study. It also shows that the evaluation criteria are not easy evaluation criteria or evaluation targets that
can be evaluated by anyone.

NMSE has been widely used for image evaluation and determination of imaging conditions in nuclear
medicine [1-2]. We used NMSE to evaluate images of 1800 s as the target images. Images with longer
acquisition times up to 900 s ranked better, corresponding to an image quality between 440 and 880
pixels. Although the number of images evaluated visually and using NMSE was different, the resultant
rankings corresponded almost exactly.

Visual evaluation of images from 1800 to 180 s showed that longer acquisition times resulted in better
evaluation scores (Table 3). The results and rankings obtained using NMSE were similar(Table 5). For
images with the same acquisition time, the 880-pixels image scored better than the 440-pixels image
(Table 3).

For images with a capturing time of 120 s, the difference in ranking between 440 and 880 pixels was less
than 0.2 points. A minute difference compared with the other rankings; however, it reversed the visual
evaluation rankings (Table 3).

Evaluators 4 and 5 evaluated the ranking of 440 and 880-pixel images with a 120 s acquisition time,
reversing the rating order for items 1 and 2. They were diagnostic radiologists with more than 10 years of
clinical experience and nuclear medicine specialists. This evaluation reversed the average rankings for
the 440- and 880-pixel images at 120 s. For item 1, both evaluators found that the boundary between the
white matter and gray matter of the temporal lobe and the peripapillary thalamus was clearer in the 440-
pixels image because it had a wider area without accumulation. For item 2, the 440-pixels image more
uniform accumulation because of a denser accumulation in the frontotemporal white matter, thalamus,
and caudate nucleus in general. Noisy images acquired at 120 s were not of optimal quality to be used in
clinical imaging.

The rankings obtained by visual evaluation and a no-reference metric method were compared by �ve
evaluators. Generally, a supervised method outperforms an unsupervised method [17]. However, when
creating the dataset for supervised learning in nuclear medicine, which is not well standardized,
generating a standard image is not easy. It is a reality to perform a general-purpose quantitative
evaluation using supervised learning, not the target [21-22]. In this study, PIQE, an unsupervised method
that does not require learning data to evaluate image quality (20), yielded better results. Moreover, since
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PIQE does not depend on learning data, it is considered a less environmentally dependent metric that can
be handled on the same scale at all facilities conducting nuclear medicine examinations and imaging.
Hence, PIQE may be an e�cient image evaluation method.

The NIQE results showed no correlation with the visual evaluation results. This could be because NIQE,
being a supervised method, employs a learning model using natural scene statistics [8,10,17]. Like
natural images, PET images follow the Poisson distribution for image generation [23]. Since non-
reference quality metrics match subjective human quality scores over fully-referenced quality metrics [6-
7], PET image evaluation by a no-reference metric was expected to be useful. This is another reason why
PIQE is more consistent with visual evaluation than NIQE.

There are several limitations to this study. Based on the brain phantom images, this study did not use
clinical imaging. However, our �ndings suggest that PIQE, which does not depend on learning data and is
less environment-dependent, maybe comparable to visual evaluation by radiologists and specialists. It is
expected that PIQE will be applied for clinical image evaluation of the brain and other parts of the body.

Conclusions
The evaluation of nuclear medicine images using PIQE has the same capability as visual evaluation by
quali�ed diagnostic radiologists and nuclear medicine technologists. PIQE, therefore, has the potential as
a useful method for clinical image evaluation.
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Figure 1

Hoffman 3D brain phantom images with 440-pixels A Hoffman 3D brain phantom with 26 MBq of 18F-
�uoro-2-deoxy-D-glucose (FDG) was imaged and acquired with Biograph Vision (SIEMENS). The images
were acquired at a frame time of 1800 s in the list mode with a 440-pixel acquisition matrix using slices
depicting the frontal and temporal lobes, bilateral lateral ventricles, and basal ganglia. Images were
reconstructed at frame times of 120, 180, 300, 360, 450, 600, and 900 s.
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Figure 2

Hoffman 3D brain phantom images with 880-pixels A Hoffman 3D brain phantom with 26 MBq of 18F-
�uoro-2-deoxy-D-glucose (FDG) was imaged and acquired with Biograph Vision (SIEMENS). The images
were acquired at a frame time of 1800 s in the list mode with an 880-pixel acquisition matrix using slices
depicting the frontal and temporal lobes, bilateral lateral ventricles, and basal ganglia. Images were
reconstructed at frame times of 120, 180, 300, 360, 450, 600, and 900 s.
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Figure 3

An image presented to the evaluator Shown is one of the images presented to the evaluator. On the left is
a 180-second image with 440 pixels, and on the right is a 900-second image with 880 pixels. This image
corresponds to the square number 29 shown in Fig. 4.

Figure 4
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Evaluation of all images Shown is the evaluation sheet for the images (out of 240 images) presented to
the evaluator. The rating is the total score in the leftmost column and the bottom row.

Figure 5

NMSE formula NMSE: Normalized mean square error Shown is the formula used in the NMSE method.
The mean square error of the evaluated image is for the reference image. Reference image: f(x,y)
Evaluation image: g(x,y)

Figure 6

Block diagram of the proposed method The input image is subjected to a preprocessing step. A block-
level analysis is performed to identify the distortion, and each distorted block is assigned a score based
on the distortion type. The block-level scores are �nally pooled to determine the overall image quality.



Page 16/17

Figure 7

Correlation between the rankings of visual assessment and PIQE PIQE: Perception-based image quality
evaluator Spearman's signi�cant difference test between the rankings of visual assessment and PIQE
reveals an rs of 0.9559 and a p value < 0.0001, indicating a strong correlation.
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Figure 8

Correlation between the rankings of visual assessment and NIQE NIQE: Natural Image Quality Evaluator
Spearman's signi�cant difference test between the rankings of visual assessment and NIQE reveals a rs
of 0.2324 and a p value of 0.3865, indicating no strong correlation between the two methods.
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