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Abstract

Protocol optimization is critical in Computed Tomography (CT) for achieving
desired diagnostic image quality while minimizing radiation dose. Due to the inter-
effect of influencing CT parameters, traditional optimization methods rely on the testing
of exhaustive combinations of these parameters. This poses a notable limitation due to
the impracticality of exhaustive parameter testing. This study introduces a novel
methodology leveraging Virtual Imaging Trials (VITs) and reinforcement learning to
more efficiently optimize CT protocols. Computational phantoms with liver lesions were
imaged using a validated CT simulator and reconstructed with a novel CT
reconstruction Toolkit. The optimization parameter space included tube voltage, tube
current, reconstruction kernel, slice thickness, and pixel size. The optimization process
was done using a Proximal Policy Optimization (PPO) agent which was trained to
maximize the Detectability Index (d") of the liver lesion for each reconstructed image.
Results showed that our reinforcement learning approach found the absolute maximum
d” across the test cases while requiring 79.7% fewer steps compared to an exhaustive
search, demonstrating both accuracy and computational efficiency, offering an efficient
and robust framework for CT protocol optimization. The flexibility of the proposed
technique allows for use of varying image quality metrics as the objective metric to
maximize for. Our findings highlight the advantages of combining VIT and

reinforcement learning for CT protocol management.
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1. Introduction

Computed Tomography (CT) protocols include a collection of settings that fully
describe the CT acquisition and image reconstruction parameters [1]. CT protocols must
be routinely reviewed and optimized to achieve high diagnostic image quality metrics
while keeping radiation dose as low as possible. One approach to optimizing protocols
involves imaging across a broad range of acquisition and reconstruction settings and
evaluating their impact on diagnostic image quality. However, it is impractical to
conduct such repetitive experiments with human subjects due to radiation exposure
risks. Alternatively, these scans can be acquired and analyzed using physical phantoms
[2, 3]. While it is practical to image physical phantoms at multiple conditions, they lack
the anatomical and pathological attributes of real patient populations, limiting their
clinical applicability. Further, it is infeasible to scan physical phantoms across a vast
combination of imaging parameters that need to be considered while optimizing a
protocol. This can result in limited parameter sampling and an increased risk of
converging to a sub-optimal protocol.

These limitations can be overcome using realistic virtual imaging trials (VITs) [4],
where a traditional imaging trial is simulated using validated human and scanner
models that can be imaged under various imaging protocols. VITs enable controlled
imaging experiments on consistent human models across different imaging conditions
without exposing patients to radiation risks, while also providing anatomical and

physiological ground truth data. Due to these benefits, VITs have been widely used in



recent years to optimize image quality [5-7]. For instance, Barufaldi et. al. used VITs to
evaluate and optimize a simultaneous Digital Breast Tomosynthesis (DBT) and
Mechanical Imaging system prototype [5]. Similarly, Vancoille et. al. used VITs to
evaluate microcalcification detectability in DBT and synthetic 2D mammography across
different acquisition parameters [6]. In another study, Abadi et. al. also employed a VIT
approach to test various beam collimation and pitch settings to determine their impact
on image quality attributes for CT images with respiratory and cardiac motion [7]. These
examples highlight the utility of performing optimization tasks using a VIT approach.

While these optimization efforts have provided valuable insights, they have been
limited by the need to study a reduced set of imaging parameters rather than conducting
an exhaustive search, primarily due to high computational demands. The purpose of
this study was to address this limitation by developing a black-box optimization
framework that leverages the VIT framework, enabling efficient and accurate CT
protocol optimization beyond limited parameter sampling. The framework was

benchmarked for its effectiveness in optimizing CT protocols for liver lesion detection.



2. Methods

2.1 Study Framework

This study developed a black box optimization framework that employs VIT to

optimize CT imaging protocols. An overview of this framework is shown in Figure 1. In

summary, computational models with liver lesions were imaged using a validated CT

scanner model and the resulting sinograms were reconstructed using an open-source

reconstruction toolkit. The reconstructed images were analyzed to determine metrics for

noise, resolution, and lesion contrast. These metrics were used to calculate the

detectability index for the liver lesion, d’. A reinforcement learning algorithm served as

the black-box optimizer to find parameters that maximize the liver lesion detectability

index.
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Figure 1: Outline of the black-box optimization and Virtual Imaging Trial framework

used to analyze the detectability index for liver lesions.



2.2 Computational Phantoms with Liver Lesions

Fourteen (9 male, 5 female) human models (extended cardiac-torso, XCAT
phantoms) were developed, each containing varying degrees of liver lesion severity [8].
The body habitus of these human models was based on clinical CT data, representing a
patient cohort with a mean age of 51.3 +/- 13.7 years and a mean body mass index (BMI)
of 26.5 +/- 5.7 kg/m?2. Each human model’s liver anatomy included detailed hepatic
vasculature, generated using a physics-based vessel growth algorithm [9]. One to six
liver lesions of varying sizes (2.0 to 6.9 mm) were placed randomly within each liver.

Further details on the development of these human models can be found in [8].

2.3 Image Acquisition

The human models were imaged using a validated CT simulator (DukeSim) to
generate projection images [10]. DukeSim was set to model a vendor-neutral scanner
(Duke-1) with geometric and physical attributes that represent modern CT scanners [8].
The acquisition parameter space included varied tube voltages (kV) and tube currents
(mAs) that represent voltages and currents that are commonly used in clinical practice,
summarized in Table 1. The spectrum magnitude was adjusted per tube voltage to

ensure similar flux for a given tube current.



Table 1: Acquisition and reconstruction parameters

Parameter Type

Parameter Name

Parameter Space

Acquisition Tube Potential 100, 120, 140 kV
Tube Current 25, 80, 150 mAs
Reconstruction Filter Kernel Ram-lak, Cosine, Smooth, Sharp,
Enhancing
Filter £50 0.4, 0.6, 0.8 mm™
Slice Thickness 0.5, 1.0 mm
Reconstructed Pixel Size 0.5, 1.0 mm

Due to the large number of simulations required for this study, the acquisitions

were performed at the Oak Ridge National Laboratory using the Summit supercomputer

which featured 4600 compute nodes.

2.4 Image Reconstruction

The acquired CT sinograms were reconstructed using the open-source Multi-

Channel Reconstruction Toolkit (MCR Toolkit 2) [11]. The reconstructions were

performed using a filtered back projection technique where the filter shape is defined by

the filter kernel and filter f50 which defines the equation and sharpness of the filter

respectively. The reconstruction parameters studied are summarized in Table 1.




2.5 Image Analysis

The image quality of the reconstructed images was evaluated using quantitative
metrics that measure spatial resolution, noise, lesion contrast, and lesion detectability.

Spatial resolution was quantified by calculating the modulation transfer function
directly from the reconstructed images using an established methodology [12]. Using
this method, the skin-to-air interface was segmented and used to estimate the edge-
spread function (ESF). The ESF was then differentiated to obtain the line-spread function
(LSF) and then fit to a curve defined in [13]. The Fourier transform of the LSF was
calculated to obtain a CT resolution index (RI) which is an analog for the MTF. Finally,
the frequency which corresponds to an intensity of 50% of the maximum value was
calculated and reported as MTF fso.

The image noise was calculated by selecting 100 random regions of interest with
CT numbers between -300 and 300 Hounsfield Units (HU). The standard deviation of the
HU values in each region was measured and the average value across all 100 regions
was calculated to obtain a global average noise index for the image [14]. Noise texture
was also calculated by measuring noise power spectrum (NPS) using the method
defined in [14].

The lesion contrast was defined as HUjiver - HUiesion. To measure it, corresponding
ground truth phantoms were used to segment the liver lesions from the reconstructed
images. The segmented images were eroded with a 3x3 mm rectangle for each slice to
reduce the uncertain measurements around the edges. The average HU value of the

lesion pixels was then calculated as HUiesion. HUliver was obtained by dilating the lesion
6



masked image with a 25x25x6 mm cuboid The intersection between the dilated lesion
mask and the liver parenchyma mask was used to calculate HUiiver. [15]. The contrast-to-

noise ratio was also calculated for each lesion using the equation shown below:

HUliver - HUlesion

CNR =
Noisejjyer

Noisetiver was the noise magnitude in the liver parenchyma and was obtained by
segmenting the liver parenchyma using the mask generated from the ground truth
phantom. This mask was eroded using a 3x3x3 mm cube to reduce the impact of
uncertain measurements around the edges and partial volume effects. The standard
deviation was calculated within each slice and was then averaged across all slices.
The detectability of the lesions was evaluated using the detectability index (d”)
which reflects the likelihood of lesion detection by a human reader. For each lesion, d’

was calculated in accordance with Smith et. al. [16] using the equation below:

47 = [ IW (u, v)|? - MTF2(u, v)du dv]?
~ [[IW(wv)|2 - MTF?(u,v) - NPS(u, v)du dv

where W (u, v) is the Fourier transform of the task function defined by the lesion size
and contrast, MTF (u, v) is the Modulation Transfer Function and NPS(u, v) is the Noise
Power Spectrum. All the functions are defined in the spatial frequency domain where u
and v correspond to spatial frequencies in the x and y directions respectively. The task
function assumed that the lesion is a circular disk and includes the diameter of the lesion

and the contrast as measured earlier.



2.6 Optimization Algorithm Development and Testing

To determine the optimal parameters for each case, a reinforcement learning
algorithm was developed consisting of a Proximal Policy Optimization (PPO) agent and
an acquisition and reconstruction environment. The input to the agent was a patient
attribute vector which included the patient’s BMI and sex, and the neural network
architecture consisted of 2 layers with 64 units per layer. The reward (to be maximized)
was defined as the detectability index (d”) of the liver lesion located within the liver
parenchyma of each phantom. A block diagram of the reinforcement learning algorithm

is shown in Figure 2 below.

S B

Observations /| Context
6 (Patient Attributes)
1 ® Actions -
Agent J (Parameters) Environment
? Reward
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Figure 2: Block diagram of the reinforcement learning algorithm.

The PPO agent was trained for 300 steps across 3 representative patients. For
each step, the agent had the ability to acquire and reconstruct images for a single patient

with any combination of parameters listed in Table 1. The agent’s goal was to learn



actions that maximize the reward, i.e., maximize d’, for each episode. Although d” was
used to define the reward in this study, it can be altered to other image quality metrics

depending on the optimization task.

2.7 Algorithm Analysis

For each patient, a full sweep of the parameter space defined in Table 1 was
performed to obtain the d” associated with each parameter combination. These
exhaustive search results were analyzed to determine any trends between the input
parameters and the resulting detectability index. To evaluate the accuracy of the
reinforcement learning model, the error between the d” values obtained from the
reinforcement learning approach were compared against the maximum d” obtained from
the exhaustive search. The efficiency of the reinforcement learning model was
determined by comparing the number of steps required to achieve the maximum d’

value using the exhaustive search approach and the reinforcement learning model.



3. Results

3.1 Exhaustive Search Results

The resulting d’ value associated with a full parameter sweep of each parameter
combination defined in Table 1 for three representative cases out of the fourteen cases
studied are shown in Figure 3. These cases represent a range of BMI values (22.47, 28.28,
and 38.81 kg/m?) and lesion sizes (2.0, 4.7, and 5.0 mm). Since the Ram-lak filter kernel
does not have an associated filter f50 value, the number of parameter combinations in
the search space for each patient is 468. The parameter combinations in each tube
potential plot are ordered sequentially by tube current, filter kernel, filter 50, matrix
size, and slice thickness such that each parameter combination number is unique and
equal across all three cases. These exhaustive search results show a clear positive trend
between tube current and d’. These results also show the variability in d” based on each
combination of acquisition and reconstruction parameters. The range of d” for cases A, B,
and C across the search space is 3.62, 6.23, and 4.90 respectively.

Figure 4 shows the maximum d’ values for each of the fourteen cases studied as a
function of patient BMI and lesion size. Since d” has two dependent variables, the data

points were fit to a planar function with an r-squared value of 0.841:

d' = —0.28-BMI + 2.10 - Lesion Size + 5.51

This plot indicates that there is variation in d” between patients which is dependent on

patient-specific attributes such as patient size and liver lesion size.
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Case A (BMI = 22.47, Lesion Size = 2.0 mm)
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Figure 3: Exhaustive search results categorized by tube potential and tube current for
three cases across all acquisition and reconstruction parameters defined in Table 1.
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Detectability Index vs. Patient Attributes
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Figure 4: Maximum detectability index d” as a function of patient BMI and lesion size.
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Appendix A.1. describes the sex, BMI and lesion size (spherical diameter) for
each of the fourteen phantoms in the study. For each phantom, Appendix A.2. defines
the imaging conditions that provide the maximum detectability index for each lesion at
each dose level (25, 80, and 150 mAs) using an exhaustive search approach.

Through analysis of the exhaustive search results, in most cases, the optimal
imaging conditions for maximizing d” correspond to the maximum dose level (150 mAs),
the minimum tube potential (100 kV), a cosine filter kernel, the minimum filter £50 (0.4),
the maximum slice thickness (1.0 mm), and the minimum in-plane pixel size (1024).
Starting with these default optimal parameters, Figure 5 and Figure 6 depicts the %
change in d” due to changing one parameter from the assumed optimal d” setting. The %
change is calculated by:

% Change d' = ((dgiterea — doptimum) — 1) * 100%
A negative % change indicates that altering the parameter decreases the resulting d’
whereas a positive % change indicates changing the parameter will improve d’.

Figure 5 and Figure 6 show that, across all analyzed phantoms and lesions, a
maximum tube current (150 mAs), minimum tube potential (100 kV), minimum in-plane
pixel size (1024), and minimum filter £50 (0.4) are the optimal settings. For filter kernel
and slice thickness, there is some variability in the assumed optimal settings with
adjustments resulting in a 5-10 % increase in d’. Figure 5 and Figure 6 also indicate that

matrix size and dose level have the largest impact on d’.
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Impact of Changes to Acquisition Parameters and Voxel Size on Detectability Index
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Figure 5: Impact of changes to acquisition parameters (tube potential and tube
current) and voxel size (matrix size and slice thickness) to detectability index (d’).
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Impact of Changes to Reconstruction Parameters on Detectability Index
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Figure 6: Impact of changes to reconstruction filter parameters (filter kernel and filter
£50) to detectability index (d).

15




Figure 7 illustrates the average d’ for six representative phantoms for each of the
nine acquisition settings (tube potential and tube current). The mean d” was calculated
by averaging all d’ values with the given acquisition parameter combination and with
the matrix size set to 1024 and the filter f50 set to 0.4 since these parameters were shown

to be the optimal settings for this task.
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Impact of Acquisition Parameters on Patient-specific Detectability Index
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Figure 7: Average d’ by acquisition setting. Filter 50 and matrix size were set to a constant value of 0.4 and 1024 respectively




3.2 Qualitative Results

Figure 8 provides a qualitative comparison between the minimum and
maximum d” under imaging conditions found through an exhaustive sweep of the
parameter space (Table 1) for three representative liver lesion cases. Qualitatively, as the
patient size increases from A to C as indicated by patient BMI, the amount of noise in
the reconstructed images also increases. The impact of lesion size on detectability can be
visualized by examining the images for cases A and B. For a similarly sized patient (Case
A BMI =22.47 vs. Case B BMI = 28.28), the maximum detectability index is increased
from 3.68 to 6.61 for an increase in lesion size from 2.0 mm to 4.7 mm. In addition, Case
A shows the importance of protocol optimization for a small lesion size. The
unoptimized parameters on the left result in a d” close to 0 and a lesion that cannot be
detected in the noisy image whereas the optimized parameters on the right result in an
easier to detect lesion with a d” of 3.68. Finally, Case C depicts the challenge of detecting
larger lesions in a larger patient (Case C BMI = 36.11). Even with the use of the optimal

parameters, the resulting maximum d’ is lower than the maximum d’ for Case B.
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Case A: Female, BMI| =22.47, Lesion Size =2.0 mm
Left: Minimum d’ = 0.06; Right: Maximum d’ = 3.68

Case B: Male, BMI =28.28, Lesion Size=4.7 mm
Left: Minimum d’ = 0.38; Right: Maximum d’ = 6.61

Case C: Female, BM| = 38.81, Lesion Size =5.0 mm
Left: Minimum d’ = 0.74; Right: Maximum d’ = 5.64

Figure 8: Qualitative comparison between d’ values that correspond to the minimum
and maximum values in the search space defined in Table 1.
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3.3 Reinforcement Learning Algorithm Performance

Figure 9 shows the learning curve for the reinforcement algorithm for three liver
lesion cases in the dataset. For each case, the algorithm interacted with the acquisition
and reconstruction environment (Figure 1) and chose acquisition and reconstruction
parameters (Table 1) in order to maximize the reward (liver lesion d’). In each case, the
reinforcement learning algorithm was able to achieve the absolute maximum d’ within
approximately 100 parameter combinations whereas the exhaustive search approach
required 468 parameter combinations. Thus, the reinforcement learning algorithm
required 79.7% fewer steps compared to the exhaustive search approach to find the
imaging conditions that maximize d’. Both approaches found the maximum d’ so there

is no error between the maximum d’ found by the two algorithms.
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Figure 9: Learning curve for three liver lesion cases using the reinforcement learning algorithm. The algorithm interacts with
acquisition and reconstruction environment to determine the optimal parameters to achieve a maximum reward (d’).



4. Discussion

This study used a VIT framework and reinforcement learning algorithm to find
the imaging conditions that optimize detectability of liver lesions across a range of
patient and lesion attributes. The results of our exhaustive search through the parameter
space defined in Table 1 indicate that the detectability index, d’, is maximized by using
softer reconstruction kernels, lower tube potential, higher dose, and smaller in-plane
pixel size.

Across the acquisition parameter space, increasing the tube current reduced the
noise in the resulting images which led to an increase in CNR and detectability index. By
decreasing the tube potential (140 kV to 100 kV), the contrast of the lesion generally
increased while the noise was constant for a given tube current. This resulted in a higher
CNR and an increase in detectability index.

Across the reconstruction parameter space, softer reconstruction kernels, which
corresponds to the smooth and cosine filter kernels and lower filter £50 values, produced
images with the highest detectability index. Softer reconstruction kernels reduce the noise
magnitude in the image which increases the CNR at the cost of spatial resolution. For low-
contrast detection tasks, the decrease in noise magnitude offers a larger benefit to
detectability than an increase in spatial resolution.

These results agree with previous studies that have shown an increase in
detectability index as dose increases and when using softer reconstruction kernels. Felice

et. al. found that softer reconstruction kernels provided the highest CNR and d’ for energy
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integrating CT scans and higher dose levels were also correlated with higher d” values
[15]. Schindera et. al. evaluated the effect of low tube voltages and high tube currents on
CNR using a phantom methodology [17]. Schindera et. al. found that a decrease in tube
voltage from 140 to 80 kV increased tumor lesion attenuation and the highest CNR was
associated with the lowest tube voltage. These results correspond with the results of this
study which show an increase in lesion contrast, CNR, and detectability index at lower
tube potentials.

The studied reinforcement learning algorithm demonstrated that it can search a
large parameter space to find the maximum d” value in less steps than an exhaustive
search approach (Figure 9). One potential application of this capability is to determine
which dose level is required to achieve a minimum acceptable d” threshold. This
threshold could be set by transforming the detectability index to detection accuracy , Aq,

using the equation and methodology presented in Solomon et. al. [18]:

A = 0(5)
where x is the image quality metric of interest, d’, and ®() is the normal cumulative
distribution function. By setting Ax to a high detection accuracy threshold (e.g. 99%) and
using a calibration factor acquired from a reader study, we could calculate a
corresponding d’ threshold that meets this detection accuracy threshold.

This threshold can be used to find the minimum dose level with a d” that meets

or exceeds the d’ threshold. For example, for Case B (Figure 8), the maximum d” value of

6.61 corresponds with the highest dose level of 150 mAs. However, if the acceptable d’
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threshold is less than 6.1 then the algorithm would determine that either the 80 mAs or
150 mAs optimal settings could be applied to acquire images that meet the d’
requirement. This approach has potential clinical benefits by ensuring that patient dose
is minimized while still meeting image quality requirements for the clinical task.
However, in the pursuit of reducing radiation risk to the patient, the clinical risk of not
detecting the lesion with a lower d’ should also be considered.

While there are several applications of this protocol optimization framework,
there are a few limitations to this study. First, this study only aimed to optimize a single
metric, d’, and did not analyze additional image quality metrics e.g Modulation Transfer
Function fso. However, the data for these and several other metrics were obtained from
the images and could be optimized using the same algorithm and framework. In a
similar vein, the algorithm was tested on a single clinical task, liver lesion detection.
Future studies could evaluate the algorithm’s performance on additional clinical tasks
such as emphysema quantification or lung lesion detection. Since the model employs an
agent/environment model (Figure 2), the environment can be modularly swapped with a
different clinical task. Finally, the algorithm was tested using a limited number of
computational phantoms with liver lesions. Further studies could expand the algorithm
to include additional computational phantoms.

Another limitation of this study was that the reward for the reinforcement
learning algorithm was to maximize image quality (d’); however, the reward did not

include a term to minimize dose. Additional work to develop a reward function that
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includes a penalty for increasing dose may provide a model with greater utility when

attempting to balance the tradeoff between patient dose and image quality.
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5. Conclusion

Using a VIT framework consisting of computational human models, a validated
CT simulator (DukeSim), and the open-source MCR Toolkit, we developed a
methodology for determining CT parameters to optimize a given image quality metric.
First, we evaluated the parameter space using an exhaustive search approach then we
evaluated the performance of a reinforcement learning algorithm against the results of
the exhaustive search. The results of our exhaustive search determined that there is an
optimal imaging condition within the search space that will maximize d’ for liver lesion
detection. These imaging conditions are maximum dose, minimum tube potential, and
softer reconstruction kernels.

This study also demonstrated the efficiency and accuracy of our novel
reinforcement learning approach and the benefits of the proposed algorithm over a
traditional exhaustive search approach. Our results found that our reinforcement
learning approach can reduce the number of steps required to find the optimal imaging
conditions by 79.7%. This model may be adapted to explore any acquisition and
reconstruction search space and can be applied to other image quality metrics and

clinical tasks.
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Appendix A

A.1. Computational Phantom Attributes

Patient ID Patient Letter | Sex BMI (kg/m?) | Lesion Size (mm)
pt143 A F 22.47 1.98
ptl41 B M 28.28 4.65
ptl47 C F 38.81 5.01
ptl44 D M 35.78 3.38
pt145 E M 22.99 6.90
ptl46 F M 20.3 3.90
pt148 G M 32.18 5.70
pt150 H M 20.02 4.46
pt151 I F 25.30 3.41
pt152 J F 27.30 6.34
pt153 K F 20.64 4.10
pt154 L M 26.88 1.95
pt155 M M 26.61 2.67
pt157 N M 23.02 3.86

27



A.2. Imaging Conditions to Maximize Detectability Index

8¢

Patient Patient Letter | Tube Tube Filter Filter Slice Matrix Detectability
ID Current | Potential | Kernel £50 Thickness | Size Index (d")
(mAs) kV) (mm)
pt143 A 25 100 smooth 0.4 0.5 1024 1.58
80 100 cosine 0.4 0.5 1024 2.58
150 100 cosine 0.4 0.5 1024 3.68
ptl41 B 25 120 cosine 0.4 1 1024 2,51
80 100 cosine 0.4 1 1024 4.84
150 100 cosine 0.4 1 1024 6.61
ptl47 C 25 100 smooth 0.4 1 1024 2.58
80 100 smooth 0.4 1 1024 4.49
150 100 smooth 0.4 1 1024 5.64
ptl44 D 25 100 smooth 0.4 0.5 1024 1.45
80 100 cosine 0.4 0.5 1024 1.63




6¢

Patient Patient Letter | Tube Tube Filter Filter Slice Matrix Detectability
ID Current | Potential | Kernel £50 Thickness | Size Index (d”)

(mAs) kV) (mm)

150 100 cosine 0.4 0.5 1024 1.82
ptl45 E 25 100 cosine 0.4 1 1024 511

80 100 cosine 0.4 1 1024 9.94

150 100 cosine 0.4 1 1024 13.57
ptl46 F 25 100 smooth 0.4 1 1024 2.37

80 100 cosine 0.4 1 1024 44

150 100 cosine 0.4 1 1024 6.18
pt148 G 25 120 cosine 0.4 1 1024 3.72

80 100 cosine 0.4 1 1024 6.73

150 100 cosine 0.4 1 1024 8.87
pt150 H 25 100 smooth 0.4 1 1024 297

80 100 cosine 0.4 1 1024 5.28




0¢

Patient Patient Letter | Tube Tube Filter Filter Slice Matrix Detectability
ID Current | Potential | Kernel £50 Thickness | Size Index (d”)

(mAs) kV) (mm)

150 100 cosine 0.4 1 1024 7.84
pt151 I 25 100 cosine 0.4 1 1024 5.87

80 100 cosine 0.4 1 1024 9.9

150 100 cosine 0.4 1 1024 14.05
pt152 J 25 100 cosine 0.4 1 1024 3.48

80 100 cosine 0.4 1 1024 6.58

150 100 smooth 0.4 1 1024 8.62
pt153 K 25 120 enhancing | 0.4 1 1024 0.99

80 100 cosine 0.4 1 1024 211

150 100 cosine 0.4 1 1024 211
pt154 L 25 100 cosine 0.4 1 1024 244

80 120 cosine 0.4 1 1024 3.69




e

Patient Patient Letter | Tube Tube Filter Filter Slice Matrix Detectability
ID Current | Potential | Kernel £50 Thickness | Size Index (d’)
(mAs) (kV) (mm)
150 100 cosine 0.4 0.5 1024 4.85
pt155 M 25 100 cosine 0.4 1 1024 1.93
80 100 smooth 0.4 1 1024 4.24
150 100 cosine 0.4 1 1024 5.39
pt157 N 25 100 smooth 0.4 1 1024 2.37
80 100 cosine 0.4 1 1024 4.4
150 100 cosine 0.4 1 1024 6.18
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