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Abstract

The performances of two autosegmentation algorithms were evaluated on 28 anonymized
pelvic CT scans as a pilot study for the clinical implementation of a semi-automatic work-
flow. Four organs at risk (OARs), namely the rectum, bladder, and femoral heads, were
contoured manually by an expert radiation oncologist (RO)—considered as the ground
truth (GT)—and by model-based segmentation (MBS) and deep learning (DL) algorithms.
Autocontouring performances were evaluated using a qualitative scoring system, contour-
ing time analysis, and five geometrical indices: the 95th percentile Hausdorff Distance
(95HD), Dice Similarity Coefficient (DSC), Surface Dice Similarity Coefficient (SDSC),
Added Path Length (APL), and Relative Added Path Length (RAPL). Considering total
median value for the four OARs, both MBS and DL showed clinically acceptable results
with differences between the two algorithms being not statistically significant for almost all
indices. The DL autocontouring algorithm achieved high geometric accuracy, high scores
from the ROs, and consistent performances with all validation indices for every OAR. The
MBS algorithm achieved high geometric accuracy for the femoral heads and bladder. The
DL algorithm required 30 s to contour all the OARs, and the MBS algorithm required 90 s,
showing a time gain compared with the manual contours, which took 20 min for each case.
The DL autocontouring algorithm obtained promising but preliminary results with every
evaluation metric and for every analyzed OAR. The application of the MBS algorithm as
the only contouring tool still presents challenges.

Keywords: autocontouring; deep learning segmentation; model-based segmentation; geo-
metrical indexes; pelvis

1. Introduction

In the last decades, modern radiotherapy (RT) techniques (e.g., 3D conformal radiation
therapy, volumetric modulated arc therapy (VMAT), and helical tomotherapy) have been
widely used for prostate cancer treatment for their capability to deliver a highly conformal
dose distribution to the tumor target area [1,2]. Generally, these techniques use images
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from computed tomography (CT) scans to precisely plan the treatment area, then radiation
beams are conformed to the tumor from multiple directions to deliver higher radiation
doses while sparing the normal tissues and organs around it. For this reason, an accurate
delineation of the organs at risk (OARs) in the planning images (e.g., CT and MRI scans) is
required to guarantee a safe and effective treatment [3].

In clinical practice, OARs” and tumor volumes’ segmentations are manually performed
by expert radiation oncologists (ROs) following RTOG contouring guidelines [4].

However, due to poor soft tissue contrast in CT images and complex anatomical shapes,
this procedure is highly time-consuming, it requires training, and it is subjected to intra-
and inter-observer variability [5,6]. These uncertainties can lead to severe consequences
(e.g., acute or late rectal and urinary toxicities) [7], while the long time required can limit
the number of contoured images [8].

Automatic segmentation, i.e., the generation of contours of OARs and target volumes
on a digital image by a computer algorithm, can help ROs to delineate the required
structures with greater accuracy and consistency and with less time consumption [9,10].
Deep learning techniques have demonstrated impressive performances in computer vision
and medical image analysis applications, and thus, thanks to remarkable improvements
in computer hardware, they can also be a potential solution for autocontouring in clinical
practice [11-13]. However, to use these algorithms, a clinical evaluation must be performed
in advance.

The model-based (MBS) and deep learning (DL) segmentation algorithms for the
automatic delineation of the OARs and target volumes have been developed by RaySearch
Laboratories® and are provided with the RayStation® 11B treatment planning system (TPS).
A preliminary study for the clinical evaluation of these two algorithms has been performed
for prostate cancer OARs to assess if their use can be beneficial in clinical applications. The
performances of the autocontouring algorithms were evaluated using a Python (version
3.9.16) script with five geometrical indices, a qualitative scoring system, and contouring
time analysis.

2. Materials and Methods

The workflow for the evaluation of the two autocontouring algorithms is depicted in
Figure 1. For every anonymized CT scan, OARs were contoured manually by an expert RO,
considered as the ground truth (GT), and by the MBS and the DL autocontouring algorithms
of the RayStation® TPS. Then, the RT image and the RT structures were exported from the
TPS. A Python script was written to load these data, to convert each contour to a binary
label map, and to compare the manual and automatic contours using five geometrical
indices: the 95th percentile Hausdorff distance (95HD), Dice Similarity Coefficient (DSC),
Surface Dice Similarity Coefficient (SDSC), Added Path Length (APL), and Relative Added
Path Length (RAPL). Qualitative scores (ranging from 1 (completely unacceptable contour)
to 4 (contour clinically adequate without the need for manual corrections)) were assigned
by two expert ROs to each OAR. A time analysis was finally performed.

2.1. Pelvis Dataset

A database containing 28 anonymized CT scans of prostate cancer was used to clin-
ically evaluate two autocontouring algorithms for pelvic structures. All images were
acquired by a Toshiba Aquilion® Large Bore CT (Canon Medical®, Minato, Japan) system
with a slice thickness of 3 mm, an image matrix of 512 x 512 pixels, and a pixel spacing of
0.98 mm x 0.98 mm.
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Figure 1. Workflow for the clinical evaluation of the two autocontouring algorithms.

For every CT image, four OARs were manually contoured, i.e., the rectum, bladder,
and left and right femoral heads. The OARs were also contoured using both the MBS
and the DL segmentation algorithms. A total of 336 contours were obtained and analyzed

(Figure 2).
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Figure 2. OARs contoured manually and by the MBS and DL segmentation algorithms.
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2.2. RayStation® Autocontouring

The autocontouring task was performed using MBS and DL RayStation® proprietary
algorithms.

2.2.1. MBS

The MBS algorithm is a semi-automatic tool for the delineation of organs in CT,
cone beam CT (CBCT), and magnetic resonance image (MRI) sets. It combines greyscale
gradients and shape statistics information to match 3D statistical shape models of the
organs to new image data [14].

The model is automatically initialized on the basis of rigid and deformable image
registration. Then, given the model and some greyscale information on the structures
that must be contoured, image feature points are extracted and are matched to the model
without violating the shape constraints of the model. This process is an iterative non-linear
optimization where new feature points are extracted at each step [14]. This is a semi-
automatic method because user interaction is needed to provide the greyscale information.

2.2.2. DL Segmentation

The DL model takes a 3D image as input and produces a labeled image as output
for the delineation of anatomical structures in CT, CBCT, and MR image sets [14]. A
voxel classifier neural network assigns each voxel its probability of belonging to a certain
anatomical region [15]. The specific network architecture is a 3D version of U-net [16,17],
i.e., a convolutional network consisting of a contracting path to capture context and a
symmetric expansive path to enable precise localization.

DL networks take as input bounding boxes centered around one or more ROIs of
the image and perform the segmentation using patch-based or non-patch-based models.
For patch-based submodels the bounding box is split into multiple patches that match
the dimensions of the submodel. Then, running the submodel for every patch, the entire
bounding box is covered without resolution losses. For non-patch-based submodels, the
bounding box is modified so that it matches the resolution of the submodel. Then, running
the submodel only once, a segmentation of the entire bounding box region is achieved but
with a loss of resolution [18].

2.3. Indices for Clinical Evaluation

To use autocontouring algorithms in clinical practice, their clinical utility and consis-
tency must be assessed. However, a unique standard for the evaluation of autosegmentation
algorithms does not exist. To choose the best metrics for the purpose, Michael V. Sherer et al.
suggest considering the goals of autosegmentation, i.e., a reduction in contouring time, a
decrease in intra- and inter-observer variability, and improvement of dose consistency and
accuracy [19].

To clinically evaluate the DL and the MBS segmentation algorithms, the following
geometric indices were used.

e  The Dice Similarity Coefficient (DSC) ranges from 0 to 1 and measures the spatial
overlap between two segmentation volumes, and it is defined as:

2[stnst|
DSC = ISTETE (1)
|st|+Is1]
Although it is one of the simplest metrics used to assess the validity of automatically
segmented volumes, its correlation with physician-reported time savings is weak [20].
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Moreover, it is not effective in distinguishing random from systematic errors [21] and
discovering boundary errors [22].

e  The Hausdorff Distance (HD) is a distance index measured in cm and is defined as:

HLM(A,B)zlnaxQ#(A,BLh”%B,A)), 2)

where:
WL (A, B) = L™ ,minlla — b|. 3
(A, B) %Aﬁgw | 3)

Surface distance-based metrics results are intuitive and quantitative. However, due to
high sensitivity to small regions of poor segmentation, they are not always correlated with
qualitative scoring and time saving in clinical practice [23].

e  The Surface Dice Similarity Coefficient (SDSC) ranges from 0 to 1 and is an overlap-
based metric. It measures the agreement between just the surfaces of two segmentation
volumes above a clinically determined tolerance parameter T [19]:

SN B]@ + ‘Sj nB"
|Sil +1S4]

(4)

(1) _
SDSC;) =

It is another geometric performance measure that showed a correlation with time
saving in clinical practice [24]. A tolerance parameter T = 3 mm was used.

e  Added Path Length (APL) is defined as the absolute path length of a contour that has
to be added to (or removed from) the automatic segmentation during editing to match
the GT segmentation. It is measured in voxels and it is not normalized by volume [24].

e Relative Added Path Length (RAPL): because the APL varies between patients and
different structures, Trimpl et al. [25] proposed to report the APL relative to the ground
truth contour length.

A Python script was developed to compute these quantitative metrics and to extract
data; the script is publicly available at GitHub (https:/ /github.com/ (accessed on 25
January 2026)).

Moreover, a qualitative scoring system, similar to the ones proposed by Maffei
et al. [26] and by Rauseo et al. [27], was used for the evaluation of the two autocon-
touring algorithms. Two expert ROs visually analyzed and evaluated every automatically
generated contour with a score ranging from 1 to 4. A score of 1 was assigned to com-
pletely inaccurate contours considered clinically unacceptable. A score of 2 was assigned
to significantly unacceptable contours that require numerous manual changes to make
them clinically acceptable. A score of 3 was assigned to clinically acceptable contours that
require minor editing to make them completely match the guidelines. A score of 4 was
assigned to good quality contours that completely match the guidelines considered for the
segmentation without needing any manual editing.

Finally, a time analysis between a full manual and the two automatic workflows,
followed by manual correction of the contours, was carried out to assess if time savings
can be achieved using the algorithms in clinical practice.

3. Results

Table 1 shows median values and 95% confidence intervals (95CIs) of the quantitative
evaluation indices for the four OARs contoured by the MBS and DL algorithms, both
compared with the GT. Due to a non-normal distribution of the data, a Mann-Whitney U
test with significance level of « = 0.05 was carried out to assess if the distributions of the
MBS and DL validation indices are statistically significantly different or not.

https:/ /doi.org/10.3390/app16031399


https://github.com/
https://doi.org/10.3390/app16031399

Appl. Sci. 2026, 16, 1399

6 of 13

Table 1. Comparison of MBS and DL contours for the 4 pelvic structures on 28 CT scans using 95HD,

DSC, SDSC, APL, and RAPL.
Evaluation MBS DL

Parameter OAR (Median [95CI]) (Median [95CI]) p-Value

Rectum 3.12 [1.96-3.59] 1.06 [0.85-2.12] <0.05

95HD Bladder 0.60 [0.39-1.17] 0.30 [0.30-0.32] <0.05

Fem. head (left) 0.90 [0.60-1.17] 1.20 [0.86-1.56] 0.22

Fem. head (right) 0.43 [0.30-0.60] 1.36 [0.90-1.83] <0.05

Total 0.94 [0.60-1.24] 0.90 [0.66-1.20] 0.48

Rectum 0.61 [0.50-0.71] 0.84 [0.80-0.85] <0.05

Bladder 0.93 [0.89-0.95] 0.94 [0.94-0.95] 0.06

Fem. head (left) 0.93 [0.90-0.94] 0.92[0.90-0.92] 0.16

Fem. head (right) 0.95 [0.93-0.96] 0.91 [0.90-0.92] <0.05

Total 0.91 [0.89-0.91] 0.91 [0.90-0.92] 0.99

Rectum 0.51 [0.43-0.60] 0.85 [0.82-0.88] <0.05

Bladder 0.92 [0.80-0.94] 0.97 [0.96-0.98] <0.05

SDSC Fem. head (left) 0.90 [0.89-0.91] 0.91 [0.88-0.93] 0.88

Fem. head (right) 0.85 [0.93-0.97] 0.90 [0.88-0.91] <0.05

Total 0.89 [0.83-0.91] 0.91 [0.89-0.92] <0.05

Rectum 6.72 [5.27-7.42] 4.90 [3.90-5.53] <0.05

APL Bladder 7.15[3.97-10.78] 7.24 [5.50-8.64] 0.92

(10% voxels) Fem. head (left) 412 [3.11-5.96] 5.71 [4.97-6.50] 0.12

Fem. head (right) 3.87 [2.50-5.17] 6.09 [5.71-6.58] <0.05

Total 5.12 [4.43-5.98] 5.71 [5.47-6.14] 0.25

Rectum 9.29 [7.39-10.48] 6.89 [5.72-8.03] <0.05

RAPL Bladder 3.08 [2.04-3.89] 2.95 [2.45-3.53] 0.79

(10 voxels/cc) Fem. head (left) 2.34 [1.80-3.16] 3.22 [2.79-3.71] 0.12

Fem. head (right) 2.11[1.43-2.65] 3.36 [2.77-3.77] <0.05

Total 2.96 [2.45-3.45] 3.46 [3.11-3.77] 0.28

Figure 3 summarizes the results obtained with SDSC for all OARs and for both
autocontouring algorithms (analogous boxplots for the other quantitative indices are
reported in the Supplementary Materials).

Surface Dice similarity coefficient of pelvic structures

B manual-mMBS Ml manual-DL

LI

-

0.5

SDSC

0.4
03

0.2

Rectum Bladder Femoral head (left) Femoral head (right)

OAR

Figure 3. Boxplot of SDSC for the five OARs contoured using the MBS (blue boxes) and DL (red
boxes) algorithms.

As shown in Table 1, considering the total median value for all four OARs, both MBS
and DL showed clinical acceptable results, with differences between the two algorithms
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being not statistically significant for almost all the indices (e.g., total median HD: 0.94 cm
and 0.90 cm, and total median DSC: 0.91 and 0.91 for MBS and DL, respectively). SDSC bet-
ter discriminated the results of the two autocontouring algorithms, showing a statistically
significant difference with a p-value < 0.05 and a median value of 0.89 and 0.91 for MBS
and DL, respectively.

In detail, considering every geometrical index individually, 95HD obtained the best
results for the DL segmented bladder (Figure A1), which showed the lowest median value
and a narrow 95CI (0.30 [0.30-0.36] cm), while the highest median value was the one of
the MBS for the rectum (3.12 [1.96-3.59] cm). DSC obtained the best results for the MBS-
segmented right femoral head (0.95 [0.93-0.96]), as shown in Figure A2. SDSC obtained
the best results for the DL-segmented bladder (0.97 [0.96-0.98]), as shown in Figure 3. On
the contrary, DSC and SDSC obtained the worst results for the MBS for the rectum (0.61
[0.50-0.71] and 0.51 [0.43-0.60], respectively). Both APL and RAPL obtained the best results
for the MBS for the right femoral head (3.87 [2.50-5.17] x 103 voxels and 2.11 [1.43-2.65]
x 10 voxels/cc, respectively). With APL, the worst accuracy was obtained with the DL-
segmented bladder (7.24 x 103 voxels) and the worst precision with the MBS-segmented
bladder ([3.97-10.78] x 103 voxels), while with RAPL, the worst results were obtained with
the MBS-segmented rectum (9.29 [7.39-10.48] x 10 voxels/cc).

A Mann-Whitney U test with significance level of o = 0.05 was used to compare
the two autocontouring algorithms. In almost every comparison, the p-value was lower
than 0.05, highlighting a statistically significant difference in the performances of the two
algorithms. For the left femoral head only, none of the geometrical indices showed a
statistically significant difference, while for the bladder, DSC, APL, and RAPL did not show
a statistically significant difference.

The qualitative scores assigned by the two expert ROs showed at least clinically
acceptable contours (i.e., score > 3) for more than 66% and 98% of the MBS- and DL-
generated contours, respectively. Table 2 shows the distribution of scores for each OAR
and each segmentation method. Higher scores were assigned to DL-generated contours
with respect to the MBS ones for the rectum and bladder, in agreement with the results
obtained with the quantitative indices (Figure 4 shows an example of a contoured bladder).
Different results were obtained for the femoral heads, where DL contours obtained higher
scores even if the quantitative indices highlighted the higher accuracy of the MBS contours.

Table 2. Score distribution for each OAR and each autocontouring method.

Segmentation Score
OAR Method 1 2 3
Rect MBS 12 28 13
ectum DL 0 0 14 )
MBS 5 24 26 1
Bladder DI 0 3 15 38
Femoral MBS 0 5 50 1
head (left) DL 0 1 9 46
Femoral MBS 0 2 51 3
head (right) DL 0 1 8 47

The time comparison between fully manual procedures and automatic procedures
followed by eventual manual editing showed that the MBS autocontouring algorithm
required, on average, 90 s to perform the segmentation of the four OARs. The DL algorithm
required, on average, 30 s to perform the same task. Moreover, contours that did not
obtain an evaluation of 4 from the expert ROs required some manual editing to make
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them match the GT contours. The time required to correct the automatically generated
segmentations was compared with the time required to manually contour them entirely,
which takes around 20 min for each patient. The time spent by the ROs to correct the
automatic contours evaluated as 1 or 2 was higher than time required for exclusive manual
contouring. However, for contours with an evaluation of 3, the time required to adjust
them was smaller compared with fully manual contouring.

Figure 4. Example of a bladder contoured by the ROs (red), the DL algorithm (green), and the MBS
algorithm (yellow). The MBS contour is a contour evaluated as 1 by the ROs, while the DL one is a
contour evaluated as 3.

4. Discussion

In the last few years, an expansion of the use of machine learning and artificial
intelligence (AI) algorithms in clinical practice has been observed, but guidelines about
proper uses of these new tools are still missing or barely under development. This study
was not only about evaluating the performances of two autocontouring algorithms but also
a preliminary effort to define a set of useful metrices to consider for a more aware use of Al
tools before their complete integration in clinical routine.

The autocontouring performances of the MBS and DL segmentation algorithms for
pelvic structures were evaluated on 28 anonymized male pelvis CT scans, considering
the manual contours as the GT. Some of the most used geometric indices, i.e., DSC and
HD, as well as novel geometric performance metrics, i.e., SDSC, APL, and RAPL, have
been used for the evaluation, along with non-geometrical indices. A qualitative score
was assigned by two expert ROs to the automatically generated segments to assess the
quality of the contours, based on clinical applicability. Then, a speed comparison between
a completely manual procedure and an automatic procedure, followed by manual editing
of the contours, was carried out to assess if time saving can be achieved by using the
algorithms in clinical practice.

The DL autocontouring algorithm achieved high geometric accuracy (with both DSC
and SDSC > 0.70 [28]) and high scores from the expert ROs (median values greater than 3
out of 4) for every OAR. Moreover, it showed very consistent performances, with small
95CIs, for almost all geometrical indices and all analyzed OARs. Thus, its application
in clinical practice could bring significant time savings, with the need for small manual
corrections only in a limited number of cases.
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The MBS algorithm achieved high geometric accuracy for the femoral heads (also
higher than the DL) and the bladder, while a low accuracy (DSC and SDSC < 0.70) was
achieved for the rectum. The consistency of this algorithm was lower than the one achieved
with DL for every geometrical index and every OAR. Moreover, the time required to run
this algorithm was three times higher than the time required to run the DL one (less than
2 min in both cases). These results can be due to an input grey level that is more suitable for
femoral head segmentation than for the other OARs. Running the algorithm with different
input grey levels can bring better results for all OARs but with increased time required to
obtain the contours.

The qualitative scores assigned by the ROs to MBS-generated contours were lower
than the scores assigned to the DL ones for every OAR. The qualitative scores showed that
the best results were obtained by the DL-segmented femoral heads and rectum, while the
worst ones were achieved by the MBS-segmented rectum.

The discrepancy between quantitative indices and qualitative scores for femoral heads
is due to a difference in the number of contoured CT slices with the three segmentation
methods. The number of slices contoured by DL is greater than the number of slices
contoured by the ROs and MBS.

The time comparison between fully manual procedures and automatic procedures
followed by manual editing highlighted that time savings in clinical practice are strictly
related to contour quality. Poorly rated contours could require major RO editing that take
more time to be performed than a completely manual contouring procedure.

This study has some strengths, i.e., the usage of a wide range of metrics and the
integration of quantitative metrics, qualitative scores, and time analysis, but it also has
a few limitations. Only 28 CT scans were used for the validation; however, due to the
number of contours for the evaluation of the two algorithms (112 for each algorithm), it
was considered a good starting point to perform a pilot study. Only prostate tumor CT
scans acquired with the same imaging device and scanning protocol were involved in the
study; this choice was made to avoid an increase in variability during evaluation. For the
same reason, CT was used as the only imaging modality. Only one RO expert in prostate
cancer was involved in the manual contouring and editing to have unique GT contours.
This limitation can be assessed in a future multidisciplinary study.

For future research, bigger datasets that include CT scans acquired with different
imaging systems and scanning protocols, as well as multi-center comparisons, could be
assessed to increase the substantial evidence, also including MR image sets as the imaging
modality. Moreover, different pathologies other than pelvis tumors could be used to
conduct further research.

5. Conclusions

The feasibility of the implementation of a semi-automatic workflow for the segmen-
tation of pelvic OARs in our clinical practice was evaluated in this pilot study. Five
geometrical indices, a qualitative scoring system, and time analysis were used to clinically
evaluate the MBS and DL autocontouring algorithms provided by a commercial TPS for
the pelvic anatomical region. Because there is not a unique index that can be used for the
evaluation, their combination provides more complete information that better reflects the
clinical complexity.

The DL algorithm showed high geometric accuracy and high consistency with every
geometrical index for every OAR. These results were in line with the qualitative scores
assigned by the expert ROs. The MBS algorithm showed high geometric accuracy for the
femoral heads. Both qualitative and quantitative evaluations stated that major manual
correction could be needed for rectum and bladder contours. According to the findings of
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this preliminary study, the application of this algorithm as the only (unsupervised by ROs)
contouring tool still presents challenges.

Even though the use of autocontouring tools could speed up the clinical procedure
(up to 90% of time gained), human intervention is still needed for the evaluation and the
judgement of the entire procedure. As stated by Jarret et al. [29]: “machines may excel at
replicating, automating and standardizing human behavior on manual chores, meanwhile
the conceptual clinical challenges relating to definition, evaluation, and judgement remain
in the realm of human intelligence and insight”.

Supplementary Materials: The Python script used for the extraction of the geometrical indices can
be downloaded at https://github.com/MarcoSaguatti/Multimetric_analysis_of_automatic_contours
(accessed on 25 January 2026).
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The following abbreviations are used in this manuscript.

CT Computed Tomography
OARs  Organs At Risk

RO Radjiation Oncologist

GT Ground Truth

MBS Model-Based Segmentation
DL Deep Learning

95HD  95th Percentile Housdorff Distance
DSC Dice Similarity Coefficient

SDSC  Surface Dice Similarity Coefficient
APL Added Path Length

RAPL  Relative Added Path Length

RT Radiotherapy

VMAT  Volumetric Modulated Arc Therapy
MRI Magnetic Resonance Imaging

MR Magnetic Resonance

TPS Treatment Planning System

CBCT  Cone Beam Computed Tomography
95CIs  95% Confidence Intervals

Al Artificial Intelligence
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Appendix A. Boxplots

In this section, the boxplots of all geometrical indices other than SDSC are reported.
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Figure A1. Boxplot of 95HD for the five OARs contoured using the MBS (blue boxes) and DL (red
boxes) algorithms.
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Figure A2. Boxplot of DSC for the five OARs contoured using the MBS (blue boxes) and DL (red
boxes) algorithms.
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Figure A3. Boxplot of APL for the five OARs contoured using the MBS (blue boxes) and DL (red
boxes) algorithms.
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Figure A4. Boxplot of RAPL for the five OARs contoured using the MBS (blue boxes) and DL (red
boxes) algorithms.
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