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SPECT/CT Reconstruction with SPECTRA Recon®

Aaron S. Nelson, MD Chief Medical Officer, 
Benjamin P. Horstman Software Engineer Team Lead

MIM Software Inc.

Introduction 
SPECTRA Recon® provides a vendor-neutral SPECT 
reconstruction suite that includes Ordered Subset 
Expectation Maximization (OSEM) reconstruction, CT-
based attenuation correction, energy window-based 
scatter correction, and depth-dependent resolution 
recovery.

Ordered Subset Expectation Maximization 
(OSEM)
Ordered Subset Expectation Maximization (OSEM) is 
an iterative approach which is popular because it can 
be easily extended to model and account for imaging 
defects. OSEM is itself an optimization of Maximum 
Likelihood Expectation Maximization (MLEM).1 The 
3D OSEM method implemented in SPECTRA Recon 
was first described by Hudson et al. in 1994.2 The 
pre-reconstruction and post-reconstruction filters 
provided for OSEM are Butterworth, Hamming, Hann, 
and Gaussian. The time saving method described by 
Wallis et al.3 is also implemented whereby slices are 
rotated to be axis aligned during the projection steps.

Attenuation Correction
Attenuation is an effect that decreases the number of 
photons that are detected by the SPECT camera due 
to photon interactions with electrons. The amount 
of attenuation experienced by photons traveling 
through a material is dependent on the energy of 
the photons as well as the material composition 
and density. CT Hounsfield Units can be converted 
into a measure of the average attenuation per unit 
distance travelled by photons of a given energy. The 
SPECT reconstruction algorithm used in MIM corrects 
for the effects of attenuation with these CT-based 
attenuation estimates.

The  CT  scan  is  converted  into  a  map  of  linear 
attenuation coefficients using the bi-linear fit 
conversion method.4 The appropriate bi-linear fit 

curve is chosen based on the combination of CT 
camera, the energy of the CT scan in kVp, and the 
SPECT isotope energy in keV. If applicable, bi-linear fit 
curves can be input by the user.

The image used for attenuation correction can either 
be a CT scan in HU or the attenuation map (mu-map) 
output from the SPECT/CT camera. The CT scan used 
for attenuation correction can either be from a hybrid 
SPECT/CT scanner or from a separately acquired CT. 
It is important for the CT scan to rigidly align to the 
SPECT scan as well as possible. Otherwise, artifacts 
from attenuation correction could occur. After 
alignment of the SPECT and CT (internally, the CT 
is always aligned to the SPECT scan), the CT scan is 
interpolated to the SPECT scan resolution. Additional 
smoothing can optionally be applied to the CT scan. 
The bi-linear formula is then applied to convert the CT 
HU values to linear attenuation coefficients in units of 
1/cm. 

Scatter Correction
With SPECT imaging, a primary energy window is set 
to detect primary (non-scattered) photons of a known 
decay energy. A window must be used because of 
the finite energy resolution of the detector crystal. 
Because the window contains a range of energies, 
it’s possible for photons scattered by the Compton 
effect to change direction but retain enough energy 
to be detected as primary photons. These scattered 
photons reduce image contrast.

Similarly, for multiple photopeak or multiple isotope 
imaging, it is possible for photons from higher energy 
emissions to “downscatter” into the primary energy 
window.

Scatter correction is a technique to estimate the 
fraction of scattered photons in the primary energy 
window and correct for it. SPECTRA Recon uses an 
energy window-based scatter correction method 
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as originally described by Jaszczak et al in 1984.5 
However, to reduce bias, narrower energy windows 
can be used such as proposed by Ogawa et al.6 
SPECTRA Recon provides the ability to filter the scatter 
windows to reduce the noise inherent in narrow 
windows, as suggested by Ichihara7 and Hashimoto.8 
The scatter contribution based on energy windows is 
automatically scaled using the trapezoidal estimation 
method as described by Ogawa,6 where each pixel is 
scaled by the ratio of the main window to the scatter 
window. An additional experimentally determined 
scaling factor can also be applied to the scatter 
window.9

The scatter correction is not accomplished by 
subtraction of the scatter window as originally 
proposed,5 rather, the scatter window is added to the 
denominator of the OSEM step.10

Both the Dual Energy Window (DEW)9 and the Triple 
Energy Window (TEW)7 methods are supported.

Resolution Recovery — Collimator Geometric 
Response
SPECT imaging cannot ascertain the direction of a 
detected photon. Therefore, absorbative collimators 
are used to create images. A parallel hole collimator 
consists of long thin holes in a dense material. This 
geometry causes photons to be blocked unless they 
are parallel to the hole. Because an infinite length 
collimator would acquire infinitely few counts, the 
collimated photons can only be approximately parallel. 
This limitation causes the acquired data to be blurred 
as distance from the detector increases.11

Three-dimensional depth-dependent resolution 
recovery is accomplished in both the forward and back 
projector11 using the Gaussian Diffusion technique as 
proposed by McCarthy/Miller.12 The collimator point-
spread function is modelled as a Gaussian distribution 
but applied repeatedly in smaller increments as 
counts are diffused to and from the detector. The 
diffusion process is corrected for aliasing when the 
blur is small.12,13 In this method, the hexagonal SPECT 
holes are treated as circles.14,15 Collimator hole depth 
and width are included in a lookup table for various 

camera manufacturers. The “effective length” is 
calculated based on hole depth and SPECT isotope 
energy.11 Additional collimators can be added to the 
lookup table if they are not included by default.

Motion Correction
The motion correction algorithm included in SPECTRA 
Recon is an iterative projection/reprojection fitting 
approach.16 This iterative process is separate from the 
OSEM iterative process used for reconstructing the 
image. In the first iteration of motion correction, a 3D 
volume is reconstructed from the raw projection data 
using the user-specified reconstruction algorithm and 
parameters. The image volume is then reprojected 
to generate a reprojection dataset. During the 
reconstruction and reprojection procedure, most 
of the motion in the raw projection data should 
be averaged over all the projection views, allowing 
the reprojection data to be treated as motion-free 
data. The raw projection data is then aligned to the 
reprojection data to extract the motion in the raw 
data projection-by-projection. The raw projection 
data is then motion corrected. In the following 
iteration, the motion corrected raw data is used 
for the reconstruction. After running this for a few 
iterations, the reconstructed 3D volume should now 
be free from most, if not all, of the motion in the 
original raw data. In MIM, the default number of 
iterations for motion correction is 3, and this number 
is configurable if needed.

Decay Correction 
As part of the reconstruction process, the data in 
each projection is decay corrected back to the earliest 
acquisition time listed in the DICOM. Optionally, the 
data can be decay corrected back to the time of 
injection if the time of injection is provided in the 
DICOM or input by the user.

SPECT Quantitation 
Bq/ml conversion and SUV calculation are provided 
with MIM Software’s SPECTRA Quant® product and 
detailed in a separate white paper, “Quantitative 
SPECT/CT Reconstruction with SPECTRA Quant.”
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Quantitative SPECT/CT Reconstruction with SPECTRA Quant®

Aaron S. Nelson, MD Chief Medical Officer, 
Benjamin P. Horstman Software Engineer Team Lead

MIM Software Inc.

Introduction
SPECTRA Quant® provides a vendor-neutral SPECT 
reconstruction suite that includes Ordered Subset 
Expectation Maximization (OSEM) reconstruction, 
CT-based attenuation correction, energy window-
based scatter correction, depth-dependent resolution 
recovery, and Bq/ml conversion. SUVs can also be 
calculated from the activity concentration maps when 
the injected dose and time of injection and acquisition 
have been provided.

SPECTRA Quant must be added on to a MIM Encore® 
license, which includes SPECTRA Recon®. SPECTRA 
Quant thus extends SPECTRA Recon with the addition 
of Bq/ml conversion and SUV calculation. 

SPECTRA Quant Applications: SPECTRA Quant can 
be used to generate quantified SPECT images to 
evaluate changes in bone and thyroid imaging. In 
addition, the quantitative imaging can be used as a 
key metric for dosimetry in therapeutic applications 
in Nuclear Medicine. This metric can be used for 
planning and reporting the molecular radiotherapy 
uptake distribution across the body (available in MIM 
SurePlan™ MRT).

SPECTRA Recon Applications: SPECTRA Recon’s new 
technology enables users to make the most out of 
their current cameras today. The new reconstruction 
may improve image quality for cardiac imaging to 
help delineate the left ventricle as well as reduce the 
need for longer acquisitions. More precise activity 
will be present in exams to aide diagnosis for bone 
imaging, thyroid imaging, and pulmonary imaging. 
Quantitation in brain imaging may improve through 
more precise definition of normal activity such as the 
Striatum in DaTscan™ images.

Ordered Subset Expectation Maximization 
(OSEM)

Ordered Subset Expectation Maximization (OSEM) is 
an iterative approach which is popular because it can 

be easily extended to model and account for imaging 
defects. OSEM is itself an optimization of Maximum 
Likelihood Expectation Maximization (MLEM).1 The 
3D OSEM method implemented in SPECTRA Quant 
was first described by Hudson et al. in 1994.2 The 
pre-reconstruction and post-reconstruction filters 
provided for OSEM are Butterworth, Hamming, Hann, 
and Gaussian. The time saving method described by 
Wallis et al.3 is also implemented whereby slices are 
rotated to be axis aligned during the projection steps.

Attenuation Correction
Attenuation is an effect that decreases the number of 
photons that are detected by the SPECT camera due 
to photon interactions with electrons. The amount 
of attenuation experienced by photons traveling 
through a material is dependent on the energy of 
the photons as well as the material composition 
and density. CT Hounsfield Units can be converted 
into a measure of the average attenuation per unit 
distance travelled by photons of a given energy. The 
SPECT reconstruction algorithm used in MIM corrects 
for the effects of attenuation with these CT-based 
attenuation estimates.

The  CT  scan  is  converted  into  a  map  of  linear 
attenuation coefficients using the bi-linear fit 
conversion method.4  The appropriate bi-linear fit 
curve is chosen based on the combination of CT 
camera, the energy of the CT scan in kVp, and the 
SPECT isotope energy in keV. If applicable, bi-linear fit 
curves can be input by the user. 

The image used for attenuation correction can either 
be a CT scan in HU or the attenuation map (mu-map) 
output from the SPECT/CT camera. The CT scan used 
for attenuation correction can either be from a hybrid 
SPECT/CT scanner or from a separately acquired CT. 
It is important for the CT scan to rigidly align to the 
SPECT scan as well as possible. Otherwise, artifacts 
from attenuation correction could occur. After 
alignment of the SPECT and CT (internally, the CT 
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is always aligned to the SPECT scan), the CT scan is 
interpolated to the SPECT scan resolution. Additional 
smoothing can optionally be applied to the CT scan. 
The bi-linear formula is then applied to convert the CT 
HU values to linear attenuation coefficients in units of 
1/cm. 

Scatter Correction
With SPECT imaging, a primary energy window is set 
to detect primary (non-scattered) photons of a known 
decay energy. A window must be used because of 
the finite energy resolution of the detector crystal. 
Because the window contains a range of energies, 
it’s possible for photons scattered by the Compton 
effect to change direction but retain enough energy 
to be detected as primary photons. These scattered 
photons reduce image contrast.

Similarly, for multiple photopeak or multiple isotope 
imaging, it is possible for photons from higher energy 
emissions to “downscatter” into the primary energy 
window.

Scatter correction is a technique to estimate the 
fraction of scattered photons in the primary energy 
window and correct for it. SPECTRA Quant uses an 
energy window-based scatter correction method 
as originally described by Jaszczak et al in 1984.5 
However, to reduce bias, narrower energy windows 
can be used such as proposed by Ogawa et al.6 
SPECTRA Quant provides the ability to filter the 
scatter windows to reduce the noise inherent in 
narrow windows, as suggested by Ichihara7 and 
Hashimoto.8 The scatter contribution based on energy 
windows is automatically scaled using the trapezoidal 
estimation method as described by Ogawa,6 where 
each pixel is scaled by the ratio of the main window 
to the scatter window. An additional experimentally 
determined scaling factor can also be applied to the 
scatter window.9

The scatter correction is not accomplished by 
subtraction of the scatter window as originally 
proposed,5 rather, the scatter window is added to the 
denominator of the OSEM step.10

Both the Dual Energy Window (DEW)9 and the Triple 
Energy Window (TEW)7 methods are supported.

Resolution Recovery — Collimator Geometric 
Response
SPECT imaging cannot ascertain the direction of a 
detected photon. Therefore, absorbative collimators 
are used to create images. A parallel hole collimator 
consists of long thin holes in a dense material. This 
geometry causes photons to be blocked unless they 
are parallel to the hole. Because an infinite length 
collimator would acquire infinitely few counts, the 
collimated photons can only be approximately parallel. 
This limitation causes the acquired data to be blurred 
as distance from the detector increases.11

Three-dimensional depth-dependent resolution 
recovery is accomplished in both the forward and back 
projector11 using the Gaussian Diffusion technique as 
proposed by McCarthy/Miller.12 The collimator point-
spread function is modelled as a Gaussian distribution 
but applied repeatedly in smaller increments as 
counts are diffused to and from the detector. The 
diffusion process is corrected for aliasing when the 
blur is small.12,13 In this method, the hexagonal SPECT 
holes are treated as circles.14,15 Collimator hole depth 
and width are included in a lookup table for various 
camera manufacturers. The “effective length” is 
calculated based on hole depth and SPECT isotope 
energy.11 Additional collimators can be added to the 
lookup table if they are not included by default.

Resolution recovery is optional for SPECTRA Quant.

Motion Correction
The motion correction algorithm included in SPECTRA 
Recon is an iterative projection/reprojection fitting 
approach.16 This iterative process is separate from the 
OSEM iterative process used for reconstructing the 
image. In the first iteration of motion correction, a 3D 
volume is reconstructed from the raw projection data 
using the user-specified reconstruction algorithm and 
parameters. The image volume is then reprojected 
to generate a reprojection dataset. During the 
reconstruction and reprojection procedure, most 
of the motion in the raw projection data should 
be averaged over all the projection views, allowing 
the reprojection data to be treated as motion-free 
data. The raw projection data is then aligned to the 
reprojection data to extract the motion in the raw 
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data projection-by-projection. The raw projection 
data is then motion corrected. In the following 
iteration, the motion corrected raw data is used 
for the reconstruction. After running this for a few 
iterations, the reconstructed 3D volume should now 
be free from most, if not all, of the motion in the 
original raw data. In MIM, the default number of 
iterations for motion correction is 3, and this number 
is configurable if needed.

Decay Correction
As part of the reconstruction process, the data in 
each projection is decay corrected back to the earliest 
acquisition time listed in the DICOM. Optionally, the 
data can be decay corrected back to the time of 
injection if the time of injection is provided in the 
DICOM or input by the user.

Bq/ml Conversion
After a reconstruction is performed including the 
corrections described previously (attenuation, scatter, 
collimator geometric response, motion, decay), 
conversion into units of Bq/mL is the final step 
needed to produce absolute quantitative activity 
distributions. 17  The Bq/mL conversion factor (also 
known as a sensitivity factor) of the SPECT imaging 
system is determined in units of counts per second 
per megabecquerel (cps/MBq) and applied to a 
reconstruction to generate an output image in 
units of Bq/ml. This conversion factor is determined 
experimentally using the same corrections.

The procedure for calculating the conversion factor 
can be found in the NEMA protocols.18 A cylindrical 
phantom large enough to avoid partial volume effects 
with a known activity concentration (in Bq/ml) is 
imaged. Attenuation and scatter effects are corrected 
for by using the same methods that will be used in 
clinical reconstructions. A large volume of interest 
(VOI) is placed in the reconstructed image. The start 
time of the acquisition, the duration of the acquisition, 
the half-life of the radionuclide, and the time of the 
activity calibration should be recorded and are used 
with the measured count rate from the VOI (in cps) 
to determine the SPECT imaging system conversion 
factor.

Standard Uptake Value (SUV) Calculation
After conversion of counts per second to Bq/ml using 
the Bq/ml conversion, SUV can then be calculated 
using the injected activity, time of injection, and 
patient’s weight in kilograms (kg).

SUV is the ratio of the actual Bq/ml in a voxel to the 
expected Bq/ml in a voxel at that time assuming the 
radioactivity is uniformly distributed in the body and 
the total radioactivity in the body decays only due to 
the physical half-life of the isotope. The density of 
body tissues is assumed to be equal to that of water, 
so this “expected” Bq/ml used for normalization 
equals (Bq of isotope injected * physical isotope decay 
at that time) / (kg weight of patient). Therefore:

   SUV = (Bq/ml) / ( Bq*PD / kg), 

where Bq/ml is the measured Bq/ml, Bq is the amount 
of isotope injected, PD is the physical radioisotope 
decay from injection to scanning time, and kg is the 
patient weight in kilograms.

Quantitative Accuracy Testing Summary  
of SPECTRA Quant

99mTc Quantitative SPECT — Comparison to 
Known Injected Activity and Siemens OSEM 
Reconstruction (Test #1 - Accuracy)
A physical NEMA IEC Body Phantom was used 
to evaluate the quantitative accuracy of 99mTc 
reconstruction. A Bq/ml conversion factor is derived 
from the dataset that was acquired first, and then 
applied to each SPECT reconstruction. Applying this 
conversion factor to the scan from which it was derived 
is referred to in this document as self-calibration. 
Results are made in comparison to Siemens OSEM with 
similar reconstruction parameters. The error between 
the known and measured activities was calculated.
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99mTc Quantitative SPECT — Comparison to 
Known Injected Activity and Siemens OSEM 
Reconstruction (Test #2 - Accuracy and 
Repeatability)
The purpose of this test is to validate 99mTc quantitative 
accuracy and consistency across multiple scans. 
This simultaneously validates the accuracy of MIM’s 
decay correction tool. The 5 anthropomorphic torso 
phantom projection datasets used in this test were 
acquired over a period of 5 hours, acquired with the 
same camera, protocol, and phantom. In this test, a 
Bq/ml conversion factor is derived from the dataset 
that was acquired first, and then applied to each 
SPECT reconstruction. Applying this self-calibrated 

conversion factor to new scans allows us to evaluate 
the repeatability of results using a single Bq/ml 
conversion factor for the same camera, acquisition 
protocol, and reconstruction protocol. The activity 
concentration results in each scan should closely 
match the activity concentration injected into various 
structures of the phantom.

The first scan’s self-calibration results are also 
compared to the self-calibration results achieved 
through a Siemens OSEM reconstruction with identical 
reconstruction parameters to ensure the quality of the 
reconstructions is equivalent. To match the Siemens 
OSEM reconstruction parameters, a Gaussian post-
reconstruction filter is applied to MIM’s reconstruction. 
Two additional reconstructions were performed; one 
with the same reconstruction parameters but no 
post-reconstruction smoothing to evaluate the effect 
of smoothing and the second with a higher number 
of iterations (64) to see how reconstructing closer to 
convergence affected the accuracy. 
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123I Quantitative SPECT — Comparison 
to Known Injected Activity 
The Monte Carlo SPECT simulation program SIMIND19

was  used  to  simulate  123I  projection  datasets with 
clinical levels of Poisson noise from a NEMA IEC Body 
phantom with hot spheres. A simulated SPECT dataset 
without hot spheres was used as the calibration 
phantom to determine a Bq/ml conversion factor to use 

Quantitative Accuracy and Repeatability of 99mTc SPECT reconstruction using a Liver Phantom

*Scan 1 was acquired at 2h 48min 1sec, Scan 2 was acquired at 3h 13min 26sec, Scan 3 was acquired at 3h 
36min 15sec, Scan 4 was acquired at 3h 58min 55sec, and Scan 5 was acquired at 4h 21min 38sec.

**Scan 1 was used to derive the conversion factor for each of the imaging time points.

Quantitative Accuracy Comparison of 99mTc SPECT Reconstruction using a Liver Phantom

*Calibration was performed using self-calibration from the known injected activity in the entire phantom

in this testing. Applying this conversion factor to 
new scans allows us to evaluate the repeatability 
of results using a single Bq/ml conversion factor 
for the same camera, acquisition protocol, and 
reconstruction protocol. The error between the 
known and measured activities was calculated.
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Quantitative Accuracy of 123I SPECT reconstruction

177Lu Quantitative SPECT — Comparison 
to Known Injected Activity 
SIMIND was used to simulate 177Lu projection datasets 
with clinical levels of Poisson noise from a NEMA IEC 
Body phantom with hot spheres. A simulated SPECT 
dataset without hot spheres was used as the calibration 
phantom to determine a Bq/ml conversion factor to 
use in this testing. Applying this conversion factor to 
new scans allows us to evaluate the repeatability of 
results using a single Bq/ml conversion factor for the 
same camera, acquisition protocol, and reconstruction 
protocol. The error between the known and measured 
activities was calculated.

Quantitative Accuracy of 177Lu SPECT reconstruction

I-131 Quantitative SPECT — Comparison to 
Known Injected Activity and Siemens OSEM 
Reconstruction 

A physical NEMA IEC Body Phantom was used 
to evaluate the quantitative accuracy of 131I 
reconstruction. The conversion factor from counts to 
Bq/ml was calculated by self-calibration. Results are 
made in comparison to Siemens OSEM with similar 
reconstruction parameters. The error between the 
known and measured activities was calculated.
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Quantitative Testing Summary:
SPECTRA Quant was found to have quantitative errors 
less than 5% in regions that are large enough not 
to be affected by partial volume effect for all of the 
isotopes tested (99mTc, 123I, 131I, 177Lu). 

In small targets, the partial volume effect lowers 
the accuracy as expected and was similar to the 
accuracy of the predicate device for these regions. 
Additional factors to consider when evaluating 
accuracy of quantitative SPECT reconstructions are 
the presence of motion during the SPECT acquisition 
and segmentation accuracy. 
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Introduction

Automated segmentation of structures on medical images has always been 

challenging. In clinical practice, much of the segmentation is performed 

manually, which is highly time-consuming. Many semi- and fully-automated 

algorithms have been developed to aid physicians in contouring, such as 

thresholding1, edge detection based methods2, deformable models3, and 

atlas-based registration4.

However, many structures have various textural and intensity patterns, 

making it almost impossible for any single computer vision-based algorithm 

to work effectively in a universal fashion. In recent years, research on the use 

of neural networks has grown rapidly. The performance of these networks 

on many computer vision tasks has often surpassed that of a human, such 

as in image classification tasks like ImageNet5.

Contour ProtégéAI+™ provides a neural network framework for automated 

contouring of normal structures on CT and MR images.

Neural networks attempt to mimic how the human brain works. The brain 

consists of billions of neurons. Each neuron receives multiple signals from 

other neurons and sends out a signal based on those inputs. These neurons 

are often organized into layers, allowing the brain to use simple building 

blocks to process complicated input signals. Figure 1 shows an example 

of a basic neural network. Each line has a weight and an associated bias.

Therefore, each node calculates a weighted sum of its inputs and then 

applies some activation function. The output is then sent to the next node 

until the final output layer is reached. When training a neural network, 

pairs of inputs and desired outputs are shown. The network learns to adjust 

the network parameters to minimize the difference between its outputs 

and the desired outputs. Essentially, neural networks learn to recognize 

patterns much in the same way the human brain does. This pattern learning 

is what makes neural networks so powerful, allowing them to exceed the 

performance of traditional methods.

Contour ProtégéAI+’s neural network model is based on the U-Net 

architecture, which has been used for segmentation in numerous different 

applications. The model consists of many layers of weights and biases as 

mentioned above to transform the input image to a segmentation mask for 

each structure at the final output layer. This output is then post-processed 

to keep the single, largest connected component. Appropriate image 

visualization software must be used to review and, if necessary, edit results 

automatically generated by Contour ProtégéAI+.

Training and Validation

A large, multi-institution dataset was assembled for training, along with a 

separate, large multi-institution dataset for validation. None of the validation 

data came from any of the institutions from the training pool. The mean 

and standard deviation of the model performance on this validation set 

was then calculated.

Results

Five different sets of metrics were used to assess the performance of the 

neural network segmentations:

1. Dice coefficient - a measure of the spatial overlap between the ground

truth contours and the neural network segmentations.

2. Mean distance to agreement (MDA) - the mean symmetric surface

distance between the ground truth contours and the neural network 

segmentations.

3. Qualitative user feedback score - assessment of contour quality by

experienced users on a scale of 1-3 (none, moderate, significant time 

savings compared to contouring from scratch).

4. Localization success - percentage of images where the structure was

correctly localized by the neural network segmentation.

5. Added path length (APL) - a measure of the cumulative amount of

editing in mm needed to match the ground truth contour.

Tables 1-3 tabulate the Dice, MDA, user feedback score, and localization 

success for each of the models, and Table 4 shows the APL per model. 

Figures 2-7 compare the mean Dice and mean MDA of the neural network 

and MIM Software’s atlas using majority vote 5. In all cases, Contour 

ProtégéAI+’s neural network segmentations were proportionate or superior 

to atlas-based segmentation.

Automated Contouring Using Neural Networks

Hanlin Wan, PhD

MIM Software Inc., Cleveland, OH, USA

F I G U R E 1  Schematic of a basic neural network
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Structure Mean ± Std Dice
MDA

(Mean ± Std mm)
Beta User

Feedback Score
Localization Success on 

Relavant FOV CTs
Localization Success on 

Whole Body CTs

Bone_Mandible 0.86 ± 0.07 0.64 ± 0.31 2.86 100 100

BrachialPlex_L 0.22 ± 0.10 2.82 ± 2.61 2.60 100 91

BrachialPlex_R 0.19 ± 0.09 2.73 ± 2.38 2.60 100 95

Brain 0.98 ± 0.01 0.52 ± 0.36 2.71 100 100

Brainstem 0.82 ± 0.08 1.20 ± 0.65 2.71 100 100

Cavity_Oral 0.76 ± 0.13 3.20 ± 1.93 2.71 100 100

Cochlea_L 0.30 ± 0.18 1.17 ± 0.87 2.29 95 95

Cochlea_R 0.32 ± 0.20 1.05 ± 0.68 2.29 96 95

Eye_L 0.87 ± 0.06 0.65 ± 0.51 2.57 100 100

Eye_R 0.86 ± 0.07 0.66 ± 0.48 2.57 100 100

Glnd_Lacrimal_L 0.40 ± 0.16 0.68 ± 0.35 2.71 98 100

Glnd_Lacrimal_R 0.45 ± 0.14 0.71 ± 0.52 2.71 100 100

Glnd_Submand_L 0.77 ± 0.11 0.76 ± 0.32 3.00 100 100

Glnd_Submand_R 0.75 ± 0.11 0.81 ± 0.34 3.00 100 100

Glnd_Thyroid 0.71 ± 0.19 1.38 ± 3.18 2.71 98 95

Lens_L 0.61 ± 0.17 0.56 ± 0.47 2.29 97 100

Lens_R 0.63 ± 0.16 0.55 ± 0.33 2.29 97 95

Lips 0.37 ± 0.15 5.26 ± 3.41 2.83 100 95

OpticChiasm 0.13 ± 0.13 2.46 ± 1.99 2.00 80 91

OpticNrv_L 0.53 ± 0.14 0.77 ± 0.85 2.57 99 100

OpticNrv_R 0.52 ± 0.13 0.80 ± 0.83 2.57 99 100

Parotid_L 0.79 ± 0.09 1.30 ± 0.62 3.00 99 100

Parotid_R 0.80 ± 0.06 1.26 ± 0.43 3.00 100 100

Pituitary 0.54 ± 0.15 0.87 ± 0.54 3.00 100 86

SpinalCord 0.65 ± 0.16 0.73 ± 0.41 2.86 99 100

LN_Neck_IA 0.60 ± 0.14 0.47 ± 0.45 2.75 100 100

LN_Neck_IB_L 0.79 ± 0.04 0.73 ± 0.24 2.75 100 100

LN_Neck_IB_R 0.79 ± 0.05 0.73 ± 0.20 2.75 100 100

LN_Neck_IIA_L 0.75 ± 0.05 1.54 ± 0.44 2.25 100 100

LN_Neck_IIA_R 0.76 ± 0.04 1.41 ± 0.49 2.25 100 95

LN_Neck_IIB_L 0.80 ± 0.06 0.63 ± 0.31 3.00 100 100

LN_Neck_IIB_R 0.80 ± 0.06 0.58 ± 0.15 3.00 100 95

LN_Neck_III_L 0.75 ± 0.07 0.92 ± 0.44 3.00 100 100

LN_Neck_III_R 0.75 ± 0.07 0.99 ± 0.37 3.00 100 100

LN_Neck_IV_L 0.69 ± 0.08 1.13 ± 0.37 2.75 100 100

LN_Neck_IV_R 0.71 ± 0.09 1.06 ± 0.33 2.75 100 95

LN_Neck_V_L 0.58 ± 0.09 1.13 ± 0.59 3.00 100 100

LN_Neck_V_R 0.58 ± 0.11 1.43 ± 0.98 3.00 100 91

LN_Neck_VIA 0.36 ± 0.11 0.80 ± 0.35 2.75 100 100

Continued on next page.
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F I G U R E 2  Comparison of atlas and Contour ProtégéAI+ Dice on the

CT Head & Neck model

Structure Mean ± Std Dice
MDA

(Mean ± Std mm)
Beta User

Feedback Score
Localization Success on 

Relavant FOV CTs
Localization Success on 

Whole Body CTs

LN_Retropharynx_L 0.28 ± 0.10 1.54 ± 1.47 2.75 100 100

LN_Retropharynx_R 0.28 ± 0.09 1.49 ± 1.36 2.75 95 100

LN_Retrostyloid_L 0.64 ± 0.09 1.23 ± 0.48 2.75 100 100

LN_Retrostyloid_R 0.66 ± 0.11 1.13 ± 0.66 2.75 100 100

TA B L E 1  Performance statistics for the CT Head & Neck model

F I G U R E 3  Comparison of atlas and Contour ProtégéAI+ Mean MDA on the

CT Head & Neck model
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Structure Mean ± Std Dice
MDA

(Mean ± Std mm)
Beta User

Feedback Score
Localization Success on 

Relavant FOV CTs
Localization Success on 

Whole Body CTs

BrachialPlex_L 0.38 ± 0.14 2.94 ± 1.84 3.00 100 100

BrachialPlex_R 0.37 ± 0.16 3.28 ± 2.60 3.00 100 100

Breast_L 0.76 ± 0.15 3.64 ± 1.85 2.80 100 100

Breast_R 0.78 ± 0.15 3.45 ± 1.51 2.60 96 91

Bronchus 0.66 ± 0.13 1.90 ± 1.22 2.60 100 100

Carina 0.49 ± 0.12 1.03 ± 0.47 2.40 98 100

Cricoid 0.04 ± 0.05 5.71 ± 1.24 2.40 67 100

Esophagus 0.70 ± 0.15 0.97 ± 0.54 2.80 100 100

Glnd_Thyroid 0.65 ± 0.17 1.75 ± 1.78 2.75 100 100

GreatVes 0.74 ± 0.10 2.67 ± 1.73 3.00 100 100

Heart 0.90 ± 0.09 2.55 ± 1.40 3.00 100 100

Humerus_Head_L 0.95 ± 0.02 0.40 ± 0.31 2.80 100 95

Humerus_Head_R 0.96 ± 0.02 0.31 ± 0.26 2.80 100 100

Kidney_L 0.92 ± 0.05 0.94 ± 0.80 3.00 97 91

Kidney_R 0.91 ± 0.07 0.98 ± 0.66 3.00 97 95

Larynx 0.52 ± 0.14 3.06 ± 1.08 2.40 99 95

Liver 0.93 ± 0.06 2.00 ± 1.79 3.00 100 100

Lung_L 0.96 ± 0.02 0.77 ± 0.37 3.00 100 100

Lung_R 0.96 ± 0.02 0.89 ± 0.43 3.00 100 100

Musc_Constrict 0.45 ± 0.16 2.07 ± 1.52 2.00 100 91

Pancreas 0.41 ± 0.24 8.68 ± 11.12 2.25 54 91

SpinalCord 0.66 ± 0.16 1.41 ± 0.63 2.75 100 100

Stomach 0.79 ± 0.19 2.33 ± 2.12 3.00 100 100

Trachea 0.74 ± 0.16 0.88 ± 0.54 3.00 99 100

LN_Ax_L1_L 0.65 ± 0.10 2.58 ± 1.17 3.00 100 100

LN_Ax_L1_R 0.60 ± 0.14 3.19 ± 1.61 3.00 100 100

LN_Ax_L2_L 0.55 ± 0.15 2.10 ± 0.96 2.67 100 100

LN_Ax_L2_R 0.51 ± 0.16 2.70 ± 1.77 2.67 100 100

LN_Ax_L3_L 0.52 ± 0.17 2.15 ± 1.52 3.00 100 100

LN_Ax_L3_R 0.51 ± 0.17 2.53 ± 1.41 3.00 100 100

LN_IMN_L 0.44 ± 0.17 1.63 ± 0.96 2.67 100 100

LN_IMN_R 0.40 ± 0.16 1.55 ± 1.60 2.67 100 100

LN_Sclav_L 0.58 ± 0.13 1.87 ± 0.89 2.67 100 100

LN_Sclav_R 0.54 ± 0.11 2.60 ± 0.85 2.67 100 100

 Performance statistics for the CT Thorax model
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 Comparison of atlas and Contour 

ProtégéAI+ Dice on the CT Thorax model

 Comparison of atlas and Contour ProtégéAI+ 

Mean MDA on the CT Thorax model
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Structure Mean ± Std Dice
MDA

(Mean ± Std mm)
Beta User

Feedback Score
Localization Success on 

Whole Body CTs

Bladder 0.92 ± 0.16 0.91 ± 1.02 3.00 95

Bone 0.87 ± 0.05 0.48 ± 0.13 3.00 100

Bowel 0.74 ± 0.10 7.69 ± 5.07 3.00 100

BowelBag 0.75 ± 0.15 17.18 ± 5.24 3.00 100

Brain 0.97 ± 0.03 0.91 ± 1.17 3.00 100

Cavity_Oral 0.78 ± 0.12 3.19 ± 1.66 3.00 100

Glnd_Lacrimal_L 0.37 ± 0.16 0.72 ± 0.43 3.00 100

Glnd_Lacrimal_R 0.46 ± 0.14 0.81 ± 0.79 3.00 100

Glnd_Submand_L 0.79 ± 0.06 0.81 ± 0.35 3.00 100

Glnd_Submand_R 0.77 ± 0.06 0.81 ± 0.38 3.00 100

Heart 0.91 ± 0.04 2.65 ± 0.93 3.00 100

Kidney_L 0.93 ± 0.04 0.90 ± 0.51 3.00 95

Kidney_R 0.92 ± 0.07 0.85 ± 0.44 3.00 100

Liver 0.93 ± 0.07 2.26 ± 3.82 3.00 100

LN_Iliac 0.71 ± 0.03 1.59 ± 0.33 3.00 64

Parotid_L 0.81 ± 0.05 1.30 ± 0.47 3.00 100

Parotid_R 0.82 ± 0.05 1.34 ± 0.56 3.00 100

Prostate 0.85 ± 0.05 1.55 ± 0.61 3.00 100

Spleen 0.95 ± 0.01 0.61 ± 0.38 3.00 100

TA B L E 3  Performance statistics for the Whole Body - Physiological Uptake Organs model
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F I G U R E 6  Comparison of atlas and Contour ProtégéAI+ Dice 

on the Whole Body - Physiological Uptake Organs model

F I G U R E 7  Comparison of atlas and Contour ProtégéAI+ Mean 

MDA on the Whole Body - Physiological Uptake Organs model

Model Atlas Contour ProtégéAI+

Head & Neck 38.69 ± 33.36 28.61 ± 29.59

Thorax 89.24 ± 82.73 65.44 ± 68.85

Whole Body - Physiological 
Uptake Organs

138.06 ± 142.42 98.20 ± 127.11

TA B L E 4  Mean added path length, atlas vs. Contour ProtégéAI+
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