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ABSTRACT 
 

Introduction: To develop a computerized algorithm to predict the visually lossless 

thresholds (VLTs) of CT images solely using the original images by exploiting the 

image features and Digital Imaging and Communications in Medicine (DICOM) 

header information for Joint Photographic Experts Group 2000 (JPEG2000) 

compression. 

Methods: A total of 206 body CT images were obtained with five different scan 

protocols. Five radiologists independently determined the VLT of each image for 

JPEG2000 compression using QUEST procedure. 

The 206 images were divided randomly into two subsets: training (n = 103) and 

testing (n = 103) sets. Using the training set, a multiple linear regression (MLR) 

model was constructed regarding the image features and DICOM header 

information as independent variables and regarding the VLTs determined with 

median value of the five radiologists’ responses (VLTrad) as dependent variable, 

after determining an optimal subset of independent variables by backward stepwise 

selection in a four-fold cross-validation scheme. 

The performance of the constructed model was evaluated on the testing set by 

measuring absolute differences and intra-class correlation (ICC) coefficient 

between the VLTrad and the VLTs predicted by the model (VLTmodel). The 

performance of the model was also compared those of the two image fidelity 

metrics, peak signal-to-noise ratio (PSNR) and high-dynamic range visual 

difference predictor (HDRVDP). The time for computing VLTs between MLR 

model, PSNR, and HDRVDP were compared using the repeated ANOVA with a 
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post-hoc analysis. P < 0.05 was considered to indicate a statistically significant 

difference. 

Results: The means of absolute differences with the VLTrad were 0.58 (95% CI, 

0.48, 0.67), 0.73 (0.61, 0.85), and 0.68 (0.58, 0.79), for the MLR model, PSNR, 

and HDRVDP, respectively, showing significant difference between them (p < 

0.01). According to the post-hoc analysis, the significant difference was shown 

between the MLR model and PSNR. The ICC coefficients of MLR model, PSNR, 

and HDRVDP were 0.88 (95% CI, 0.81, 0.95), 0.85 (0.79, 0.91), and 0.84 (0.77, 

0.91). The mean computing times for calculating VLT per image were 1.5 ± 0.1 sec, 

3.9 ± 0.3 sec, and 68.2 ± 1.4 sec, for MLR metric, PSNR, and HDRVDP, 

respectively. The differences between them were significant (p < 0.01). 

Conclusions: we proposed a MLR model which directly predicts the VLT of a 

given CT image solely using the original image without compression. The 

proposed MLR model showed superior or comparable performance to those of 

image fidelity metrics while requiring less computational expenses. The model 

would be promising to be used for adaptive compression of CT images. 

 

------------------------------------- 

Keywords: CT image, compression, visual perception, visually lossless 

threshold 

Student number: 2008-30588
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INTRODUCTION 

Although the cost of storage and network resources have continued to drop, there is 

still a demand for irreversible compression of computed tomography (CT) images 

for long-term preservation and efficient transmission of data, especially between 

institutions at the regional or national level [1-4]. However, the irreversible 

compression is not always accepted by radiologists due to concern about 

compression artifacts that might hinder diagnosis. Therefore, the importance of 

achieving an optimal compression level for a CT image, which provides the 

maximum data reduction while preserving the diagnostic accuracy, has gained the 

attention of radiologists [5]. 

Regarding the estimation of the optimal compression level, there have been largely 

two approaches—diagnostically lossless versus visually lossless thresholds (VLTs). 

The former approach aims to preserve diagnostic performance in compressed 

images [6-11]. Although this approach has the advantage of directly evaluating the 

diagnostic performance, the measured threshold intrinsically varies with the 

diagnostic task itself (e.g., the size of the target lesion) [12, 13]. The latter 

approach focuses on image fidelity, the visual equivalence between the original and 

compressed images. The underlying idea of this approach is that if a compressed 

image is indistinguishable from the original image, the artifacts should not affect 

the diagnosis. Proponents [2, 5, 13-25] of the latter approach have advocated that 

this approach is more robust and conservative than the former approach, and 

therefore, the latter approach is more suitable for medical image compression. 

However, because the compressibility of an image is affected by various factors 

including body parts, scanning protocols, and image contents itself, the 
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establishment of a robust VLT for various images would require a very large study 

[14, 25]. Instead, if a computerized algorithm can accurately predict visual 

perception of radiologists, it can be used for compressing a CT image adaptively 

and automatically to its own VLT. For that purpose, several researchers have 

experimented with using image fidelity metrics, which measure the fidelity of a 

distorted image, in predicting the VLT, and some of the metrics showed promising 

results [5, 15-17, 19, 20]. However, to achieve the VLT of a given CT image, it is 

necessary to iteratively compress the image to multiple compression levels and to 

measure the image fidelity at each compression level until the measured fidelity 

reaches a cutoff value predefined by the metric. 

It has been advocated [18] that some of the factors influencing the compressibility 

of CT images can be derived from the Digital Imaging and Communications in 

Medicine (DICOM) header information, especially related to the image noise 

which is known as an important factor affecting the compressibility of CT images 

[14, 25]. In addition, several researchers demonstrated that such factors be derived 

from image contents themselves [12, 26-28]. Thereby, it is plausible to hypothesize 

that the VLTs of CT images can be predicted by using those DICOM header 

information as well as image features derived from the original images. 

This study aimed to develop a computerized algorithm to predict the VLTs of CT 

images solely using the original images by exploiting the image features and 

DICOM header information for Joint Photographic Experts Group 2000 

(JPEG2000) compression. 

 



3 

 

MATERIALS AND METHODS 

1. Study design (Figure 1) 

Our institutional review board approved this study and waived informed patient 

consent. A total of 206 body CT images were obtained with five different scan 

protocols. Five radiologists independently determined the VLT of each image for 

JPEG2000 compression using QUEST procedure. 

The 206 images were divided randomly into two subsets: training (n = 103) and 

testing (n = 103) sets. Using the training set, a multiple linear regression (MLR) 

model was constructed regarding the image features and DICOM header 

information as independent variables and regarding the VLTs determined with 

median value of the five radiologists’ responses (VLTrad) as dependent variable, 

after determining an optimal subset of independent variables by backward stepwise 

selection in a four-fold cross-validation scheme. 

The performance of the constructed model was evaluated on the testing set by 

measuring absolute differences, intra-class correlation (ICC) coefficient, and 

Bland-Altman plot between the VLTrad and the VLTs predicted by the model 

(VLTmodel). 

The performance of the model was also compared those of the two image fidelity 

metrics, peak signal-to-noise ratio (PSNR) and high-dynamic range visual 

difference predictor (HDRVDP). 
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Figure 1. Study design.  *Independent variables include five image features 

(image standard deviation, image entropy, relative percentage of low frequency 

energy, variation in high frequency, and visual complexity) and DICOM header 

information (effective mAs, field of view, section thickness, and reconstruction 

filter). DICOM: digital imaging and communications in medicine; VLT: visually 

lossless threshold. 

 

2. Image acquisition and selection 

A body radiologist with 13 years of clinical experience, who did not participate in 

the human visual analysis, retrospectively reviewed CT scans of adults which were 

obtained from 256-channel or 64-channel multi-detector row CT scanners 
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(Brilliance; Philips Medical Systems, Cleveland, OH) in Seoul National University 

Bundang Hospital in early 2012. He compiled 206 studies (84 abdomen scans, 82 

chest scans obtained by using our standard radiation dose, and 40 low-dose chest 

scans; 79 scans from 256-channel scanners and 127 scans from 64-channel 

scanners) containing common abnormalities. 

Of the 84 abdomen scans, 42 scans were randomly selected and then reconstructed 

into 4-mm-thick transverse sections and the remaining 42 scans were reconstructed 

into 2-mm-thick sections. Likewise, 41 of the 82 standard-dose chest scans were 

reconstructed into 3-mm-thick sections and the remaining 41 scans were 

reconstructed into 2-mm-thick sections. The 40 low-dose chest scans were 

reconstructed into 3-mm-thick sections. From each reconstructed image dataset, the 

same radiologist selected a single section that most clearly represented pathology. 

Therefore, the final study sample was a set of 206 images, which was composed of 

five subsets of different body regions (i.e., abdomen or chest) and image noise 

levels (i.e., different section thicknesses and radiation doses): 4-mm-thick abdomen 

images (abdomen thick), 2-mm-thick abdomen images (abdomen thin), 3-mm-thick 

lung images (chest thick), 2-mm-thick chest images (chest thin), and 3-mm-thick 

low-dose chest CT images (low-dose chest). Among various clinical CT protocols, 

we focused on these five CT protocols because they are performed very frequently 

in daily practice of our hospital and thus cover a large portion of the image archive. 

The scan parameters and patient demographics for each subset are tabulated in 

Table 1. All scan parameters followed the clinical scan protocols of our hospital. 

Also, using the five different subsets was to introduce heterogeneity in the test 

dataset to some extent in terms of structural content and image noise. The 
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heterogeneity was considered important in measuring the robustness of the 

prediction model in predicting the VLTs of CT images, as it is well known that the 

image compressibility is significantly affected by structural content [19, 21] and 

image noise level [14, 25]. 
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Table 1. CT imaging parameters and patient demographics 

  Subsets 

  Abdomen thick Abdomen thin Chest thick Chest thin Low-dose chest 

Common scan parameters 
Detector collimation, 64 × 0.625 mm for 64-channel MDCT and 2 × 128 × 0.625 mm for 256-channel MDCT; 
gantry rotation time, 0.42 sec for 64-channel MDCT and 0.27 sec for 256-channel MDCT; tube potential, 120 kVp; 
pitch, 1.077 to 1.172; matrix, 512 × 512 

Body part Abdomen Abdomen Chest Chest Chest 

Field of view*† 
277.2 ± 20.7  

(245-323) 
281.0 ± 23.5  

(249-321) 
319.0 ± 27.1  

(262-383) 
317.9 ± 26.5  

(271-375) 
291.5 ± 22.9  

(248-329) 

Section thickness (mm) 4 2 3 2 3 

Effective mAs*†† 
121.5 ± 38.0  

(69-222) 
127.5 ± 34.2  

(62-191) 
152.3 ± 45.1  

(58-249) 
151.1 ± 30.5  

(72-181) 
25.6 ± 2.3  

(22-31) 

Effective radiation Dose (mSv)*‡ 
7.5 ± 1.0 
(4.5-9.8) 

7.5 ± 1.5 
(4.1-10.2) 

7.2 ± 1.1 
(4.3-9.5) 

7.3 ± 0.9 
(4.1-9.3) 

1.6 ± 0.1 
(1.4-1.7) 

Reconstruction filter Soft-tissue Soft-tissue Medium-sharp Medium-sharp Medium-sharp 

Age* 
57.2 ± 27.2  

(15-88) 
55.3 ± 24.8 

 (15:82) 
50.6 ± 26.4  

(18-88) 
 53.1 ± 24.4  

(22-91) 
45.4 ± 22.4  

(19-84) 

Sex (Male:Female) 22:20 23:19 22:19 20:21 23:17 

Note: *Data are means ± standard deviations, with ranges in parentheses. †The field of view was set for each patient to match the maximum transverse diameter of 

the body to the image size. ††Automatic tube-current modulation was used. ‡Estimated by multiplying the dose-length product measured on the CT console by a 

conversion factor (0.017 and 0.019 mSv•mGy-1•cm-1 for abdomen and chest, respectively) [29].
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3. VLT measurement by radiologists using QUEST procedure 

Five radiologists with 10, 9, 7, 6, and 4 years of clinical experience, respectively, 

participated in the VLT measurement. The 206 images were randomly assigned to 

five reading sessions. The order of the reading sessions was changed for each 

reader. Sessions were separated by a minimum of 24 hours to minimize reader 

fatigue. 

Images were displayed in a monochrome monitor calibrated according to the 

Digital Imaging and Communications in Medicine part 14 grayscale standard 

display function [30]. Detailed specifications of the display system and viewing 

condition were described in Table 2. The window level and width were set as 20 

and 400 HU for abdomen CT images and as -600 and 1500 HU for lung CT images, 

which were the default window settings in our clinical practice. 

Table 2. Display system and viewing conditions in human visual analysis 

Display system    

 Display resolution  1,536 × 2,048 pixels  

 Display size  31.8 × 42.3 cm  

 Image resolution  1,483 × 1,483 pixels (stretched using bilinear interpolation)  

 Luminance  1.5-408.2 cd/m2  

Viewing conditions   

 Ambient room light   30 lux 

 Reading distance  42-77 cm 

 Window setting  
level, 20 HU; width, 400 HU for abdomen CT, 
level, -600 HU; width, 1500 HU for chest CT, not adjustable  

 Magnification   not allowed  

 Reading time   not constrained  

 

According to guidelines, including the American College of Radiology Technical 

Standard for Teleradiology [31] and the Food and Drug Administration Guidance 
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for the Submission of Premarket Notifications for Medical Image Management 

Devices [32], and many scientific reports in the radiology field [1, 2, 5, 8, 9, 13-25, 

33-39], the de facto standard index of the compression level has been the 

compression ratio (CR), that is, the ratio of the number of bits in an original image 

to that in its compressed version. Thereby, we used CR as the index of the 

compression level in this study. 

The five readers independently measured the VLT of each image by visually 

comparing the image with its distorted versions compressed to various CRs using 

the JPEG2000 algorithm (Accusoft-Pegasus Imaging, Tampa, Fla). The VLT of 

each image was determined through 25 comparison trials. In each trial, the image 

pair of the original and compressed version was alternately displayed on a single 

monitor. The reader selectively toggled between the two images (returning to the 

first image as desired) and was forced to answer if they are distinguishable or not. 

Based on the reader’s response, the QUEST algorithm [40] calculated the CR for 

the next trial. The CR for the initial trial was 5:1. Details on the QUEST were 

described in the subsequent section. 

Prior to the formal visual analysis, the readers were instructed on how to perform 

the visual analysis with five example images which were not included in the test 

dataset. The readers also had a chance to perform the analysis with another three 

example image pairs by themselves so that they could become familiar with the 

visual analysis. 

Although we selected images containing abnormalities, the readers were asked not 

to confine their visual analysis to the pathologies. Instead, the readers were asked 

to examine an entire image to find any image differences. When analyzing the 
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abdomen CT images, the readers were asked to focus particularly on the small 

vessels and edges of the organs and the texture of solid organs and soft tissues. For 

the chest CT images, the readers were asked to focus on the small airways, 

pulmonary vessels, interlobular septa, interlobar fissures, and the texture of the 

pulmonary parenchyma. 

 

4. QUEST procedure 

Lots of methods are available for estimating the threshold of a stimulus and they 

can be largely divided into two categories [41]: a constant-stimuli method and an 

adaptive procedure. In the constant-stimuli method, human responses for the 

visibility of a stimulus with different magnitudes (usually more than four or five) 

are collected and then the threshold of the stimulus is inferred from the collected 

results. The magnitudes of the stimulus are predefined to range from 0% to 100% 

visibility based on a prior knowledge derived from literature or a preliminary 

experiment. Most previous works which investigated the VLTs of medical images 

exploited this method. In the adaptive procedure, many trials are repeated while 

varying the magnitude of the stimulus. The magnitude of a current trial is 

determined on the basis of the observer’s responses in previous trials. Based on the 

results of psychophysical experiments, these adaptive procedures are demonstrated 

to be more accurate and efficient than the constant-stimuli method [42]. 

QUEST is an adaptive procedure [40]. It has been widely used for estimating 

thresholds in psychology fields [43-46]. The QUEST algorithm assumes that the 

detection probability function of observer follows a Weibull distribution. In our 

experiment, the stimuli magnitude was the degree of compression artifact and it 
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was controlled by CR, which was defined as the ratio of the original image file size 

(16 bits/pixel) to the compressed size (bits/pixel) [36]. QUEST adaptively 

determines the CR of a next trial based on the observer’s response for the current 

comparison of the original and compressed images. Our custom experiment code 

used the QUEST implementation from Psychtoolbox (version 3), which is a Matlab 

toolbox for creating psychophysical experiments [47]. 

 

5. Selection of image features as independent variables 

As inspired from the literature and our observations, we selected five image 

features of image standard deviation (Image_SD), image entropy (Image_entropy), 

relative percentage of low frequency energy (Percentage_LF), variation in high 

frequency (Variation_HF), and visual complexity (Visual_complexity) as the 

candidates for the determinants of the VLTs of CT images. Those five image 

features were measured for each image using Matlab (version 2011a, Mathworks, 

Nattick, Mass). 

5-1. Image standard deviation 

We selected the image standard deviation (Image_SD) as a VLT-determinant 

candidate because Image_SD has been widely used as an index of the level of 

image noise which is a well-known factor influencing the image compressibility 

[14, 25, 26, 28]. Image_SD was measured for each image as follows: 
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where f(x,y) is the pixel values (HU values) in a given CT image and m  is the 

mean of pixel values of that image. 

5-2. Image entropy 

Fidler et al. demonstrated that the image entropy (Image_entropy) is well 

correlated to the compressibility of a given CT image [27]. This was based on the 

theory of data compression [48] that the image compressibility is inversely 

proportional to image information which can be estimated by Image_entropy. 

Image_entropy was measured for each image as follows. 

i
i

i ppopyImage_entr å-= 2log ,                                   (2) 

where pi denotes the probability of the intensity of value i (HU value) in the CT 

image, which is estimated by normalizing the histogram of image intensity. 

5-3. Relative percentage of low frequency energy 

Ericson et al. investigated the compression of various medical images and 

demonstrated that the relative percentage of low frequency energy (Percentage_LF) 

in the wavelet domain is a good predictor of the compressibility of medical images 

[12]. For each image, Percentage_LF was calculated as the ratio of the sum of 

wavelet coefficients in the lowest frequency subband to that in the other subbands 

after transforming a given CT image into the wavelet domain with 9/7 bi-

orthogonal filter bank and five decompositions [49]. 

5-4. Variation in high frequency 

It is known that the human visual perception is insensitive to the variation in high 

frequency, and the quantization procedure in most compression algorithms such as 

JPEG2000 exploits this fact [50]. With this fact in mind, we assumed that the 
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degree of the variation in high frequency (Variation_HF) can be a predictive factor 

of the compressibility of a CT image. We calculated Variation_HF as follows. 

}){( fFHPentropyHFVariation_ ×= ,                               (3) 

where f denotes the input image, F does the Fourier transform, HP does 1-Gaussian 

high-pass filter with σ of 1, and 

i
i

i ccentropy å-= 2log ,                                           (4) 

where ci denotes the probability of the coefficient in the frequency domain, which 

is estimated by normalizing the coefficient histogram. 

5-5. Visual complexity 

Several researchers suggested the strategies to enhance the performance of 

compression algorithms by taking into account the properties of human visual 

system (HVS) [51, 52]. The main principle of those strategies is to allocate less bits 

to visually complex area (i.e., more tolerable to compression) and vice versa. As 

inspired by those works, we hypothesized that the degree of visual complexity of 

an image (Visual_complexity) can be one of the predictive factors of the VLTs of 

CT images. 

For each CT image, we measured Visual_complexity using the entropy function 

after transforming the image into a perceptually uniform space in terms of contrast. 

This transformation was done by exploiting the human visual model of high 

dynamic range visual difference predictor (HDRVDP) [53]. HDRVDP is an 

perceptual image fidelity metric measuring the perceptible difference of two 

images, an original image and its distorted version, by simulating individual 

components of the HVS from the eyeball to the visual cortex. HDRVDP has been 
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reported to accurately reproduce radiologists’ perception of compression artifacts 

in CT images [5, 15-17, 19, 34]. 

The procedure of the transformation was as follows. A CT image was preprocessed 

according to the display settings used in the VLT measurement by human 

observers: each image was stretched to fit the active display area (1,483 × 1,483 

pixels) and was transformed to a luminance format according to the display 

function. This preprocessing step was to simulate the real scene shown to human 

observers in the display system. The preprocessed image then passed a sequence of 

filters modeling individual components of the HVS including optical transfer 

function of the eye, luminance adaptation, contrast sensitivity function, and visual 

masking, in which the parameters of the filters are determined according to the 

viewing conditions (Table 2). The pixel values of the filtered image represent the 

perceptually normalized contrasts. 

 

6. Selection of DICOM header information as independent variables 

Among the DICOM header information, we selected the DICOM tags considered 

to affect the compression artifacts as the candidates for the independent variables. 

We selected CT scanning and reconstruction parameters determining the level of 

image noise which is known to be an important factor affecting the compression 

artifacts [14, 25]. First, we selected relevant DICOM tags describing the CT 

scanning parameters as follows. In general, noise level in CT images depends on 

the number of x-ray photons reaching the detector, which again depends on tube 

current, exposure time, pitch, and tube potential [54]. As the independent variable, 

we selected effective tube current-time product (tag number: 0018, 9332) as it 
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accounts for tube current, exposure time, and pitch as follows: effective tube 

current-time product (effective mAs) = tube current [mA] × exposure time [sec] / 

pitch (30). Tube potential was not included in the independent variables because it 

was a constant value (i.e., 120 kVp) in our dataset. Second, we included 

reconstruction parameters affecting image noise including ST (tag number: 0018, 

0050), field of view (FOV) (tag number: 0018, 0090), and reconstruction filter type.  

Finally, the effective mAs, ST, FOV, and reconstruction filter type were included in 

the independent variables. 

 

7. Construction of the VLT prediction model 

To construct and validate a prediction model, we applied an analysis scheme 

widely used in the machine learning field [55]. The 206 images were divided 

randomly into two groups: 103 images for the training set and 103 images for the 

testing set. With the training set, an optimal subset of independent variables was 

determined by performing backward stepwise selection using the likelihood-ratio 

statistic (p = .05 for entry and p = .10 for removal) as a selection criterion [55]. At 

each step in the backward stepwise selection, four-fold cross-validation scheme 

was used. 

With the determined subset of independent variables, a final model was constructed 

by fitting the multiple linear regression (MLR) on the entire training set while 

regarding the VLTrad as dependent variable. The constructed MLR model was then 

validated using the testing set. The performance of the model was evaluated on the 

testing set. For each image on the testing set, the VLT predicted by the model 

(VLTmodel) was calculated from the MLR model and then the performance of the 
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model was evaluated by comparing the VLTmodel with VLTrad. The detail was 

described in the subsequent statistical analysis section. The time for computing the 

VLTmodel was measured for each image. In this calculation, we included the time to 

load input files to the memory and to save output files to the storage. We used a PC 

platform running 64-bits Windows 7 (Microsoft Co., Redmond, WA) with a 3.2 

GHz quad-core processor (i7-3930k; Intel Co., Santa Clara, CA) and 32 GB main 

memory. 

 

8. Image fidelity metrics 

To compare the performance of the prediction model with those of the pre-existing 

image fidelity metrics, we tested two metrics, PSNR and HDRVDP. 

Each of the two image fidelity metrics takes two images (original and distorted 

images) as input and calculates the fidelity of the distorted image. To reproduce the 

human visual analysis, the input images were converted from 12-bit images to 8-bit 

images by applying the same window settings used in the human visual analysis. 

To calculate the VLT of a CT image using the metrics, it is necessary to iteratively 

compress the image to multiple CRs and to measure the image fidelity at each CR 

until the measured fidelity reaches a cutoff value predefined by the metric 

determining that the two input images are distinguishable or not. 

The cutoff value of each of the metrics was defined using the training set as 

follows. First, each image on the training set was compressed to its VLTrad. Second, 

metric value was calculated for each pair of the original and VLTrad-compressed 

images. Note that if a metric is completely accurate in predicting the VLTrad, then 

the metric outputs for the VLTrad-compressed images should be a constant value. 
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The cutoff value was defined as the mean value of the metric outputs to minimize 

the deviation between the cutoff value and metric outputs. 

The VLT(PSNR or HDRVDP) of each image on the testing set was calculated with the 

metrics’ own cutoff values using the iteration scheme. The times for computing the 

VLT(PSNR or HDRVDP) were measured for each image.  

8-1. PSNR 

The PSNR [16] has been widely used in measuring the degree of image distortion 

due to its computational simplicity. The PSNR (in decibels [dB]) was calculated as 

follows: 

÷
ø

ö
ç
è

æ
=

RMSE
PSNR

255
log20 10

,                            (5) 

where 

( )

2

512

1

512

1

2

512

),(),(åå
= =

-

=
x y

yxgyxf

RMSE
,                        (6) 

and where RMSE stands for root-mean-square error and f(x, y) and g(x, y) are the 

pixel values in the original and compressed images, respectively. 

8-2. HDRVDP 

The HDRVDP, which is publicly available [56], is an extension of Visual 

Difference Predictor [57], one of the most widely used perceptual metrics 

simulating individual components of the HVS. Because modern medical display 

systems are significantly brighter than general-purpose displays, the HDRVDP, 

which covers a wide range of luminance, is likely suitable for medical applications. 

The HDRVDP has been reported to accurately reproduce radiologists’ perception 

of compression artifacts in CT images [5, 15-17, 19, 34]. 
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The HDRVDP takes two images as input and then outputs a probability-of-

detection map in which the pixel value indicates the probability, ranging from 0 to 

1, that an observer viewing the two images will detect the difference at that pixel 

location. The map was summarized into a single value representing the overall 

perceptual image fidelity using the Minkowski metric [58] as follows: 
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where p(u, v) is the probability-of-detection map. b was set to 2.4 according to the 

results of previous studies [20]. 

 

9. Statistical analysis 

The sample size of 206 images (103 images for training set and 103 images for 

testing set) was determined to provide narrow two-sided 95% confidence intervals 

(CIs) for the absolute difference between VLTrad and VLTmodel (|VLTrad-model|) as 

follows. First, to measure the standard deviation (SD) of |VLTrad-model|, we 

conducted a preliminary test with 100 images. The 100 images were repeatedly 

divided (200 times) randomly into two sets, a training (50 images) and testing (50 

images) data sets. For each division, an MLR model was constructed on the 

training and |VLTrad-model| was measured on the testing set. The mean of SD of the 

200 |VLTrad-model| was 0.51. With this SD, the sample size of a testing set was 

estimated to be 103 to construct a 95% CI of |VLTrad-model| with the width of no 

greater than 0.10. In addition to the testing set, a separate sample of the same size 

was required for the training set (n = 103). 

Interobserver agreement between the five readers was evaluated by measuring the 

ICC coefficient. Using the testing set, the performance of each of the MLR model 
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and the two metrics was evaluated by measuring |VLTrad-model|, ICC coefficient, and 

Bland-Altman plot between VLTradiologist, and VLT(MLR model, PSNR, or HDRVDP). The 

difference between |VLTrad-model|, |VLTrad-PSNR|, and |VLTrad-HDRVDP| were compared 

using the repeated measures analysis of variance (ANOVA) with a post-hoc 

analysis. The time for computing VLTs between MLR model, PSNR, and 

HDRVDP were compared using the repeated ANOVA with a post-hoc analysis. P 

< 0.05 was considered to indicate a statistically significant difference. 

 

RESULTS 

1. VLT measured by radiologists 

The ICC coefficient between the five readers was 0.56 (95% CI, 0.53, 0.57; p < 

0.01). The VLTs varied with different subsets, especially different section 

thicknesses (Figure 2). The VLTrad of thick sections were significantly higher than 

those of thin sections for both of abdomen (thick vs. thin, 7.3 ± 0.5 vs. 6.3 ± 0.4; p 

< 0.01) and chest (9.2 ± 1.1 vs. 7.1 ± 1.3; p < 0.01). The VLTs of chest thick 

sections were significantly higher than those of low-dose chest images (9.2 ± 1.1 vs. 

7.5 ± 1.4; p < 0.01). 
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Figure 2. Scatter plot of the radiologists’ pooled responses. The VLTrad 

represents the visually lossless thresholds determined with median value of the five 

radiologists’ responses for each image. 

 

2. Optimal Variable Selection 

According to the results of backward stepwise selection, the ST, effective mAs, and 

reconstruction filter among the DICOM tags and Visual_complexity, and 

Variation_HF among the image features were determined as the optimal subset of 

independent variables while the remaining variables were excluded. 

 

3. Performance of MLR model, PSNR, and HDR-VDP (Figure 3) 

The means of |VLTrad-model|, |VLTrad-PSNR|, and |VLTrad-HDRVDP| were 0.58 (95% CI, 

0.48, 0.67), 0.73 (0.61, 0.85), and 0.68 (0.58, 0.79), respectively, showing 

significant difference between them (p < 0.01). According to the post-hoc analysis, 
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the significant difference was shown between |VLTrad-model| and |VLTrad-PSNR|. The 

ICC coefficients of MLR model, PSNR, and HDRVDP were 0.88 (95% CI, 0.81, 

0.95), 0.85 (0.79, 0.91), and 0.84 (0.77, 0.91). The Bland-Altman plot demonstrates 

the discrepancy between VLTrad and VLT(MLR model, PSNR, or HDRVDP) with a mean 

difference (bias) and a 95% confidence limit of agreement (Figure 4). 

Figure 3. Scatter plots of VLTrad and VLT(MLR model, PSNR or HDRVDP). Symbol + 

represents each image. 

Figure 3A. Scatter plot for the MLR model. 
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Figure 3B. Scatter plot for the PSNR. 
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Figure 3C. Scatter plot for the HDRVDP. 
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Figure 4. Bland-Altman plots between VLTrad and VLT(MLR model, PSNR, or HDRVDP). 

Symbol + represents each image. 

Figure 4A. MLR model 

3 5 7 9 11 13
-3

-2

-1

0

1

2

3

Mean of VLT
rad

 and VLT
MLR metric

D
iff

e
re

n
ce

 b
e

tw
e

e
n

 V
L

T
ra

d
 a

n
d

 V
L

T
M

L
R

 m
e

tr
ic

Limit of agreement: 1.6

Limit of agreement: -1.6

Bias: 0.0

 

 



24 

 

Figure 4B. PSNR 
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Figure 4C. HDRVDP 
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4. Computing time of image features 

The mean computing times for calculating VLT per image were 1.5 ± 0.1 sec, 3.9 ± 

0.3 sec, and 68.2 ± 1.4 sec, for MLR metric, PSNR, and HDRVDP, respectively. 

The differences between them were significant (p < 0.01). 

 

DISCUSSION 

In this study, we proposed a MLR model which predicts the VLT of JPEG2000 

compressed CT images using the image features and DICOM header information. 

The mean of absolute difference between the VLTs measured by radiologists and 

the VLTs calculated by the MLR model was 0.58. The ICC coefficient of the VLTs 

measured by radiologists and the VLTs calculated by the MLR model was 0.88. 

The MLR model showed superior or comparable performance to those of the 

PSNR and HDRVDP while requiring less computational expenses. These results 

imply that the proposed model would be promising to be used for adaptive 

compression of CT images. 

According to our results, among the DICOM header tags, the ST, effective mAs, 

and reconstruction filter played an important role in predicting the VLT of CT 

images. These results were expected since those DICOM tags are theoretically 

related to image noise and thus to the degree of compression artifacts. 

Interestingly, among the image features, Variation_HF and Visual_complexity 

were determined as the determinant for VLT of CT images while the Image_SD, 

Image_entropy, and Percentage_LF were not. Previous studies demonstrated that 

Image_SD, Image_entropy, and Percentage_LF were well correlated to the image 

compressibility [14, 25, 26, 28]. However, our results showed that those image 
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features have limited predictive power for the VLTs of JPEG2000-compressed CT 

images. This discrepancy might be attributed to multiple factors. Although those 

factors are not completely understood from this study, it should be noted that in the 

previous studies the tested images were relatively homogeneous in terms of 

structural contents and/or image noise level [12, 26-28]. Or, the previous studies 

might not elaborately validate those three image features through well-designed 

experiments [12, 26, 28]. 

We devised Variation_HF and Visual_complexity in predicting the VLT of CT 

images, inspired by the previous research on the modeling of HVS and showed 

promising results. Note that there might exist other HVS-related image features 

which outperform those two image features. 

Previous studies [5, 15-17, 19, 20] evaluated several image fidelity metrics, such as 

peak signal-to-noise ratio high-dynamic range visual difference predictor in 

measuring the fidelity of compressed CT images. The principal goal of these 

studies was to introduce the image fidelity metrics into an adaptive compression. 

However, those metrics have a couple of limitations from a practical viewpoint. 

First, they analyze the image characteristics of a compressed image in comparison 

to its original, requiring a substantial computational expense. Second, to achieve an 

optimal compression level for an image, it is necessary to iteratively compress the 

image to multiple compression levels and to measure the image fidelity at each 

compression level until the measured fidelity reaches a predefined threshold. In 

contrast, the prediction model proposed in this study can directly predict VLTs of 

CT images without the iterative compression and fidelity measurement at multiple 

CRs, thereby computationally efficient. 



27 

 

Our model cannot be directly applied to clinical practice due to the following 

reasons: first, this study used a small number of test images; second, we did not test 

all available image features and DICOM header information. Furthermore, more 

sophisticated classification methods exist as an alternative to MLR, such as 

artificial neural network, support vector machine, and AdaBoost [55]. However, it 

should be noted that our study did not intend to suggest a prediction model which 

can serve as a global compression guideline for all CT images. Instead, the purpose 

of our study is rather to propose a new scheme of adaptive compression which 

directly predicts the VLT of a given CT image solely using the original image 

without compression. 

In conclusion, we proposed a MLR model which directly predicts the VLT of a 

given CT image solely using the original image without compression. The 

proposed model showed superior or comparable performance to those of image 

fidelity metrics while requiring less computational expenses. The model would be 

promising to be used for adaptive compression of CT images. 
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국   

 

: CT 상 데이 가 하  늘어나고 있다. 이를 해결하  

해 임  CT 상  상 내 특 과 DICOM header 보를 이용하여 

JPEG2000 압축에 한 시각  손실 압축 임계  (visually lossless 

threshold, VLT)  하는 알고리즘  개발한다. 

방법: 5 개  다른 scan protocol  가진  206 CT 상  획득하 다. 

5 명  독 들이 QUEST 법  이용하여 JPEG2000 에 해 각 CT 

상  VLT 를 하 고, 각 상에 해 5 명  결과   를 

VLTrad 라 하 다. 

206 상들  임  2 개  소집단  나 어 다: training 집단 (103 개) 

과 testing 집단 (103 개). Training 집단  이용하여, 상 내 보 및 

DICOM header 보를 독립변 , VLTrad 를 종속변  하여 multiple 

linear regression (MLR) 모델  생 하 다. 

생  모델  능  testing 집단에  었다. 능  해 

VLTrad  model 에 해  VLT (VLTmodel) 를  하여  

값 차이 및 intra-class correlation (ICC) 계 를 계산하 다. 모델  능  

2 개  image fidelity metrics, 즉, peak signal-to-noise ratio (PSNR) high-

dynamic range visual difference predictor (HDRVDP)  었다. VLT 를 

하는 시간에 있어 repeated ANOVA 분  및 post-hoc 분  

이용하여 MLR model, PSNR, 그리고 HDRVDP  하 다. 
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결과: MLR model, PSNR, 그리고 HDRVDP 에 해  VLT 값과 

VLTrad   차이값  각각 0.58 (95% CI, 0.48, 0.67), 0.73 (0.61, 0.85), 

그리고 0.68 (0.58, 0.79) 이었다. post-hoc 분 에 르면 MLR 모델과 

PSNR 간 통계  한 차이가 있었다 (p < 0.05). MLR model, PSNR, 

그리고 HDRVDP 에 한 ICC 계 들  각각 0.88 (95% CI, 0.81, 0.95), 

0.85 (0.79, 0.91), 그리고 0.84 (0.77, 0.91) 이었다.  

MLR model, PSNR, 그리고 HDRVDP 에 한 VLT 평균 계산 시간  각각 

1.5 ± 0.1 sec, 3.9 ± 0.3 sec, 그리고 68.2 ± 1.4 sec, for MLR metric, PSNR, and 

HDRVDP 다. 

결 : 이 연구에  우리는 주어진 CT 상  VLT 를 원본 CT 상만  

이용하여 하는 MLR 모델  안하 다. 안  MLR 모델  존 

image fideility metric 들 보다  계산시간  요구하면  우월하거나 

슷한  능  보 다. 라  이 모델  CT 상   압축에 

사용 는데 가능  보 다. 

------------------------------------- 

주요어: CT image, compression, visual perception, visually lossless threshold 
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