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Abstract 

Introduction: Deep learning image reconstruction (DLIR) is a very recent image reconstruction method that is already 

available for commercial use. We evaluated the quality of DLIR images and compared it to the quality of images from 

the latest adaptive statistical iterative reconstruction (ASIR-V) algorithm in terms of noise-power spectrum (NPS) and 

modulation-transfer function (MTF).  

Methods: We scanned a Revolution QA phantom (GE Healthcare, USA) and a 20 cm water phantom (GE Healthcare, 

USA) with our 512 multi-slice computed tomography (CT) scanner. Images of the tungsten wire within the Revolution 

QA phantom were reconstructed with a 50 mm field of view (FOV). The images were reconstructed with various ASIR-

V strengths (i.e. 0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100%) and DLIRs (i.e. low, medium, and high) to assess the MTF. 

The images from the 20 cm water phantom were reconstructed with the same configuration to assess the NPS.  

Results: The MTF was similar for both reconstruction algorithms of DLIR and ASiR-V. The peak frequency (fp) of the 

DLIR low was comparable to that from ASIR-V at 50, 60, 70%; the DLIR medium was comparable to ASIR-V at 80%; 

and the DLIR high was comparable to ASIR-V at 100%. The average frequency (fA) of the DLIR low was comparable to 

that from ASIR-V at 40%; the DLIR medium was comparable to ASIR-V at 50%; and the DLIR high was comparable to 

ASIR-V at 70%. Both the DLIR and ASIR-V were able to reduce noise, but they had a different texture.  

Conclusions: The noise in the DLIR images was more homogenous at high and low frequencies, while in the ASIR-V 

images, the noise was more concentrated at high frequencies. The MTF was similar for both reconstruction algorithms. 

The DLIR method showed a better noise reduction than the ASIR-V reconstruction. 

Keywords: ASIR-V; DLIR; noise power spectrum; modulation transfer function. 

Introduction 

Computed tomography (CT) scan is an excellent medical 

imaging tool for visualizing and quantifying internal structures 

within the human body.1 Because CT scan uses ionization 

radiation, radiation dose must be kept to a minimum, while 

maintaining image quality.2 Many studies have reported that 

modifications in reconstruction algorithms have a major impact 

on image quality,3-6 along with the development of CT scan 

hardware technology. Image reconstruction technology has 

progressed in order to deliver high-quality images at low patient 

doses and faster reconstruction times.7,8 Advances in CT image 

reconstruction aim to achieve the perfect triad of high-quality 

images at low patient doses with fast reconstruction speeds.8 

 Initially, CT scan imaging used the algebraic reconstruction 

technique (ART).9 This reconstruction makes no assumptions 

about the absolute value of the patient's attenuation nor the 

frequency content in the patient's body. Hence, it cannot 

distinguish areas that should not undergo noise reduction, such 

as areas with high-frequency content where a reduction in spatial 

resolution would be undesirable.9 Along with the development 

of computer hardware and software, the ART algorithm was 

replaced by filtered back-projection (FBP), which is now widely 

available. One of the major drawbacks of the FBP method is the 

high level of noise and streak artifacts that lead to low signal-to-
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noise ratio (SNR) and contrast-to-noise ratio (CNR).8 Noise 

increases in proportion to the inverse square root of the dose or 

the slice thickness in the CT acquisition.9 FBP tends to need a 

higher radiation dose to produce low-noise CT images.10 For 

example, FBP requires four times the radiation dose to reduce 

the noise by 50%. 

 The shortcomings of FBP prompted various vendors to 

develop an image reconstruction method called iterative 

reconstruction (IR) in 2008.11 IR has the ability to identify 

anatomical regions of high spatial frequency content and 

minimize spatial resolution degradation. Its ability to selectively 

reconstruct different regions within images made IR as powerful 

noise-reducing method.9 However, the noise reduction process 

in IR altered the image texture, which radiologists often referred 

to as "smooth", "blotchy" or "plastic looking" .12,13 

 To overcome these shortcomings, image reconstruction based 

on artificial intelligence (AI), called the deep learning image 

reconstruction (DLIR) method, was developed.8,14 DLIR can 

reduce noise to a similar level to IR but also can optimize the 

image texture that had become a problem in the IR algorithm. 

Theoretically, DLIR can also be used to solve various image 

reconstruction problems, including cone-beam artifacts, motion 

artifacts, truncation and so on. Currently, commercially 

available DLIRs are now focused on noise reduction.9 

 DLIR is a relatively new algorithm.15-17 DLIR has just been 

installed in our institution. Therefore, as an initial experience, it 

is very interesting to characterize its behavior, especially in 

producing image texture when compared to IR. By evaluating 

the image quality, we can understand the characteristics of the 

DLIR method compared to other reconstruction methods.18 

Knowledge of the advantages and disadvantages of DLIR will 

be useful for optimizing exposure factors in clinical 

applications.19 As an initial study, we compared the adaptive 

statistical iterative reconstruction method (ASIR-V) and the 

DLIR algorithm developed by GE using two important image 

quality parameters, i.e., noise and spatial resolution.14 The noise 

was represented by the noise-power spectrum (NPS) for a more 

comprehensive description of the noise texture.21-24 The 

modulation-transfer function (MTF) was used for spatial 

resolution.25-27 

Methods 

Phantom and image reconstruction 

We used two types of phantoms, i.e. the 20 cm water phantom 

(GE Healthcare, USA) for NPS evaluation and the Revolution 

QA phantom (GE Healthcare, USA) for MTF evaluation. We 

used scan parameters that are routinely used for annual CT 

image quality control. The scan parameters used are shown in 

Table 1. 

 The image results obtained from the 20 cm water phantom 

were reconstructed with a thickness of 0.625 mm using two 

types of image reconstruction, i.e. ASIR-V with various 

strengths (10, 20, 30, 40, 50, 60, 70, 80, 90, and 100%) and 

DLIR (low, medium, and high). Meanwhile, the images obtained 

from the Revolution QA phantom were reconstructed for a 0.05 

mm diameter tungsten wire in the phantom with a 50 mm field 

of view (FOV) for MTF measurements. Figure 1 shows the 

images of the water phantom, and Figure 2 shows the images of 

the Revolution QA phantom. 

 

NPS and MTF measurements 

The standard deviation (SD) is used for determining the noise 

magnitude. The visual impression of image noise (e.g. fine, or 

coarse) as a result of noise correlations introduced during the 

image reconstruction process is referred to as noise texture.22 

The noise texture can be characterized using NPS. NPS across 

the image FOV can be measured in a homogeneous region of the 

water phantom. NPS measurements were performed using the 

ImQuest software (Duke University, Durham, NC, USA),28 with 

five regions of interest (ROIs) of 64 pixels. The NPS was 

measured as the average from 55 slices. The peak frequency (fp) 

and the average frequency (fA) were used to determine noise 

texture which describes the overall frequency content of the 

NPS. 

𝑓𝑃 = arg 𝑚𝑎𝑥[𝑁𝑃𝑆(𝑓)] Eq. 1 

and 

𝑓𝐴 =
∫ 𝑓∙𝑁𝑃𝑆(𝑓) 𝑑𝑓

∫ 𝑁𝑃𝑆(𝑓) 𝑑𝑓
 Eq. 2 

where f is the radial spatial frequency, and NPS(f) is the radially 

re-binned/average 1D NPS. 

 

Table 1. Scan parameters. 

Parameter Value 

Scanner GE Apex 

Tube current (mAs) 340 

Tube voltage (kVp) 120 

Detector coverage (mm) 40/80 

Scan mode Axial 

Rotation time (s) 1 

Convolution kernel Standard 

Image reconstruction ASIR-V and DLIR 
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Figure 1. Sample images of the 20 cm water phantom with various 

ASIR-V values and DLIR; (a) ASIR-V 0%, (b) ASIR-V 10%, (c) 

ASIR-V 20%, (d) ASIR-V 30%, (e) ASIR-V 40%, (f) ASIR-V 50%, 

(g) ASIR-V 60%, (h) ASIR-V 70%, (i) ASIR-V 80%, (j) ASIR-V 

90%, (k) ASIR-V 100%, (l) DLIR low, (m) DLIR medium, and (n) 

DLIR high. 

 Figure 2. Sample images of the Revolution QA phantom with 

various ASIR-V values and DLIR at 50 mm FOV; (a) original 

sample of 250 mm FOV, (b) ASIR-V 0%, (c) ASIR-V 10%, (d) 

ASIR-V 20%, (e) ASIR-V 30%, (f) ASIR-V 40%, (g) ASIR-V 50%, 

(h) ASIR-V 60%, (i) ASIR-V 70%, (j) ASIR-V 80%, (k) ASIR-V 

90%, (l) ASIR-V 100%, (m) DLIR low, (n) DLIR medium, and (o) 

DLIR high. 
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Figure 3 depicts the ROI positions for NPS measurement. To 

investigate the shift in image noise texture, the NPS 

measurement results were normalized by dividing all measured 

data by the maximum frequency value for each image 

reconstruction variation. 

 The IndoQCT software29 was used to perform the MTF 

measurements automatically. The point MTF method was 

used30,31 with a ROI of 64 pixels on the tungsten wire object 

using reconstructed images of the Revolution QA phantom at a 

FOV of 50 mm, as shown in Figure 4. For the 50 mm FOV and 

a 512-image matrix, the size of each pixel is 50 mm / 512 = 

0.0977 mm ≈ 0.1 mm. The Nyquist frequency is expressed as 

1/2d, with d is the pixel size. Hence, for this FOV, the Nyquist 

frequency will be around 5 cycles/mm. This FOV is appropriate 

for measuring MTF because the spatial resolution of many CT 

scanners is within the range of 0.5-2 cycle/mm.32 

 For automated MTF calculation, the image of the point object 

was at the center of the region of interest (ROI) and it was 

cropped to 64 × 64 pixels. To get a pixel profile along the y-axis, 

we summed along the x-direction (S(x)).  

𝑆(𝑥) = ∑ 𝑅𝑂𝐼 (𝑥, 𝑦)
𝑦𝑚𝑎𝑥
𝑦𝑚𝑖𝑛  Eq. 3 

To make sure that the profile had a zero tail, a zeroing process 

was performed. This was done by calculating the mean value of 

5 pixels on both the right and left side of the profile (𝑆(𝑥)), using 

Equation 4. 

𝑆(𝑥10)̅̅ ̅̅ ̅̅ ̅̅ =
∑ 𝑆(𝑥𝑖 )+∑ 𝑆(𝑥𝑖 )

𝑛
𝑖=𝑛−5

5
𝑖=1

10
 Eq. 4 

Then all points on S(x) were reduced by 𝑆(𝑥10)̅̅ ̅̅ ̅̅ ̅̅ .  

𝑆′(𝑥) =  𝑆(𝑥) − 𝑆(𝑥10)̅̅ ̅̅ ̅̅ ̅̅  Eq. 5 

The next step was to normalize the curve so that the total data 

was equal to unity, to ensure that the MTF value at zero spatial 

frequency is 1.0.20 The normalization process was done by 

dividing all points on the 𝑆′(𝑥) curve with the total value of 

𝑆′(𝑥). 

𝐿𝑆𝐹(𝑥) =
𝑆′(𝑥)

∑ 𝑆′𝑛
𝑖=1 (𝑥𝑖)

 Eq. 6 

The distance between pixels was used to convert the x-axis in 

the LSF curve from pixel number to distance in mm (or cm). The 

distance between pixels was found from the DICOM header. 

Finally, the MTF curve was found from the Fourier transform of 

the LSF curve.  

𝑀𝑇𝐹(𝑓) = |𝐹(𝐿𝑆𝐹(𝑥))| = |∫ [𝐿𝑆𝐹(𝑥)𝑒−2𝜋𝑗𝑥𝑓]
+∞

−∞
𝑑𝑥| Eq. 7 

where f represents the spatial frequency, and F represents the 

Fourier transform.

 
Figure 3. NPS measurement using five regions of interests (ROIs). 

 

 

Figure 4. MTF measurement using ROI centered on the tungsten 

wire of the Revolution QA phantom. 
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Figure 5. NPS curves for various ASIR-Vs and DLIRs.  Figure 6. Normalized NPS curves for various ASIR-Vs and DLIRs. 

 

 

Results 

NPS measurement results 

Figure 5 shows the NPS curves for various ASIR-Vs and 

DLIRs. The ASIR-V reconstruction image shows a general 

reduction in noise with incrementing ASIR-V value (i.e. from 0 

to 100%), as does the use of DLIR (low, medium, high). All NPS 

curves show a shift towards lower frequencies with increasing 

ASIR-V values or when DLIR goes from low to medium and 

high. The NPS curves show a different texture shape between 

ASIR-V and DLIR. Figure 6 depicts the normalized NPS 

curves. The normalized NPS curves clearly indicate the fp of the 

NPS curves. 

 The average noise level in Hounsfield units (HU) was reduced 

by 0.5 HU or 8.8% for each addition of 10% in the ASIR-V 

value. For the three DLIR images with variations of low, 

medium, and high, the average noise value was reduced by 0.95 

HU or 24.3%, as shown in Figure 7a. The noise magnitude of 

DLIR low is comparable to ASIR-V at 50%, DLIR medium to 

ASIR-V at 70%, and DLIR high to ASIR-V at 100%, and is 5.4, 

4.5 and 3.5 HU, respectively. The percentage noise reduction for 

the ASIR-V and DLIR images compared to the original image 

(ASIR-V 0%) is shown in Figure 7b. It also shows that noise 

reduction of DLIR low is comparable to ASIR-V at 50%, DLIR 

medium to ASIR-V at 70%, and DLIR high to ASIR-V at 100%, 

and is 34.9, 45.8, and 57.8%, respectively. Due to DLIR's noise 

reduction properties, it is now possible to exploit the new spatial 

resolution limit with a detector of a smaller pixel size and a 

sharper kernel with a larger image matrix without causing a 

noise penalty.9 

 

Figure 7. (a) Noise level with ASIR-V and DLIR variation. (b) 

Percentage of reduced noise compared to the original image (ASIR-

V 0%). 
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Figure 8 shows the fp and fA for both the ASIR-V and DLIR 

reconstructions. The fp tends to decrease with increasing ASIR-

V strength. This shows the effectiveness of ASIR-V in 

reconstructing images with low noise. The fp at low DLIR is 

similar to that for ASIR-V 50, 60, 70%, the medium DLIR is 

similar to ASIR-V 80%, and the high DLIR is similar to ASIR-V 

100%. 

 The fA value also shows a decrease with increments of ASIR-

V strength and changes in DLIR low, medium, and high 

variations. The fA value at DLIR low is similar to the fA value at 

ASIR-V 40%, DLIR medium is similar to ASIR-V 50%, and 

DLIR high value is similar to ASIR-V 70%. As ASIR and DLIR 

increase, the fA decreases from ~0.30 to ~0.25 mm-1. For both 

reconstructions, increased strength produces more noise at lower 

frequencies. 

 

MTF measurement results 

Figure 9 shows the MTF curves for various ASIR-Vs and 

DLIRs. There is no significant change in the MTF curves for 

different ASIR-V strengths (0 – 100%). This is also observed in 

the DLIR images at various strengths (low, medium, and high). 

MTF curves provide information across all spatial frequencies 

of interest. MTF curves that coincide with each other indicate 

similar spatial resolution characteristics at all frequencies. This 

demonstrates the capability of both ASIR and DLIR 

reconstructions to maintain spatial resolution while reducing 

noise at various reconstruction strengths.33 In this study, we only 

used one value of radiation dose, which has no effect on spatial 

resolution. If the radiation dose is high enough, the noise filter 

within the image reconstruction does not have to perform as 

hard, so the MTF is almost the same. If the radiation dose is low, 

a strong noise reduction will blur the image and decrease the 

MTF.31 Figure 10 shows that the average value of MTF 50 

obtained was 0.3 mm-1 and MTF 10 was 0.65 mm-1 for all 

variations of ASIR-V and DLIR. 

 

Discussion 

DLIR is the most recent image reconstruction algorithm 

commercially available. In order to optimize its clinical 

applications, it is necessary to evaluate the image quality and 

compare it to the previous image reconstruction algorithm. The 

comparison of reconstructed images between DLIR and ASIR-

V in this study shows that the noise in the DLIR image is 

typically lower than that in the ASIR-V image. This can be seen 

from the NPS of DLIR images, where noise is distributed more 

evenly across all frequency ranges, whereas the noise in the 

ASIR-V images is more concentrated at high frequencies. When 

using noise reduction reconstruction algorithms, reducing low 

frequencies tends to be difficult, and the proportion of low-

frequency components in the NPS curves tends to increase. 

 

Figure 8. fp and fA with ASIR-V and DLIR variations. 

 

Figure 9. MTF curves for ASIR-V and DLIR variations. 

 

Figure 10. MTF 10 and MTF 50 values for variations of ASIR-V 

and DLIR. 
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Increasing low-frequency components results in a coarsening of 

image texture, i.e., it will look "plastic-like" or "cartoony", 

which will compromise the detection of small lesions.31 In the 

DLIR images, even low-frequency components were suppressed 

effectively. This makes DLIR superior to ASIR-V in this regard, 

with the appearance of the DLIR image looking sharper than 

ASIR-V. This has the potential to be used for dose reduction in 

the future without compromising image sharpness. The changes 

in noise texture between DLIR and ASIR-V are in accordance 

with previous reports.33,34 Due to DLIR's noise reduction 

properties, it is now possible to exploit the new spatial resolution 

limit with a detector of smaller pixel size and using a sharper 

kernel with a larger image matrix without causing a noise 

penalty.9 

 ASIR-V can drastically reduce noise at high frequencies (0.4-

0.6 mm-1), whereas DLIR produces more noise at this frequency. 

However, at low frequencies (0.05-0.1 mm-1), DLIR performs 

better than ASIR-V at noise reduction.35 Low-frequency noise 

texture is affected by iterative reconstruction techniques with 

higher iteration36 and has shown to be a clinical limitation for 

some imaging tasks. Iteratively reconstructed objects that are 

overly smooth will give the impression of unnatural noise and 

make low contrast detection more difficult.36,37 It is hoped that 

these issues will be resolved by reducing the low-frequency 

noise in DLIR images. The impact of the reduced noise 

generated in both these reconstructions on low-contrast 

detectability is very interesting and needs to be investigated 

further because noise directly affects low-contrast lesions.34 

 The comparison of the spatial resolution between ASIR-V and 

DLIR images shows that variations in the ASIR-V and DLIR 

strength do not show any significant change in the values of 

MTF 10 and MTF 50. As previously reported,17 MTF 10 and 

MTF 50 with variations in ASIR of 20, 40, 60, 80 and 100% are 

comparable. The MTF curves are hardly distinguishable. This 

indicates that both image reconstructions (ASIR-V and DLIR) 

can maintain spatial resolution. 

In this study, the image quality assessment was only performed 

using available vendor phantoms, i.e. the Revolution QA 

phantom and the 20 cm water phantom. These phantoms do not 

provide a variable multi-pin insert: hence the task-transfer 

function (TTF) was not performed to assess spatial resolution at 

various contrasts and noise levels.13,22 We will investigate this in 

the future with a dedicated phantom to evaluate the effect of both 

image reconstructions on TTF. We only used a single dose and 

a standard kernel, and have not yet investigated variations in 

radiation dose or the effect of using different kernel filters on 

image quality, which would change the frequency distribution 

of the image noise and spatial resolution.13,38 

 

Conclusions 

We compared the ASIR-V and the DLIR developed by GE using 

two important image quality parameters, i.e. noise represented 

by the NPS and spatial resolution represented by MTF. These 

two parameters were determined using CT images with varying 

iterative reconstruction strengths and levels of deep learning 

image reconstruction. The DLIR method shows a better noise 

reduction because it maintains better noise texture than the 

ASIR-V reconstruction. DLIR is superior to ASIR-V in terms of 

noise reduction at low-frequency components, resulting in a 

sharper DLIR image. Spatial resolution is not affected by the 

image reconstruction methods for both ASIR-V and DLIR for 

any strength of iterative reconstruction and level of deep 

learning image reconstruction. 
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