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Mandibular segmentation is a critical step in three-dimensional virtual 

surgical planning, but conventional threshold-based segmentation can 

require substantial operator interaction, particularly near the dentition 

and temporomandibular joints. This paired study compared automated 

and conventional mandibular segmentation in 30 computed tomography 

(CT) cases from the Public Domain Database for Computational 

Anatomy (PDDCA). Automated segmentation was performed in 3D 

Slicer version 5.12.3 with TotalSegmentator version 2.14.0 using the 

craniofacial-structures task; the separate lower-teeth label was 

excluded. Conventional segmentation was performed independently by 

the same investigator, who had approximately six years of experience 

in three-dimensional medical-image processing and segmentation. The 

PDDCA reference was withheld during both segmentation pathways. 

Across the 30 paired cases, automated versus conventional 

segmentation yielded: mean Dice similarity coefficient was 0.821 ± 

0.021 for automated segmentation and 0.828 ± 0.015 for conventional 

segmentation; 95th percentile Hausdorff distance (HD95) was 2.392 ± 

0.241 versus 3.446 ± 0.943 mm, average symmetric surface distance 

(ASSD) was 0.951 ± 0.094 versus 1.152 ± 0.165 mm, and maximum 

symmetric surface deviation was 4.992 ± 1.051 versus 17.737 ± 8.686 

mm. Mean signed volume difference was +33.06% versus +23.86%, 

respectively, Matched total workflow time was 23.38 ± 1.94 min for the 

automated pathway and 106.80 ± 13.38 min for the conventional 

pathway (mean paired difference = -83.42 min; 95% CI, -88.54 to -

78.29 min; p < 0.001), corresponding to a 78.1% reduction.  
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1- INTRODUCTION 
 

Virtual surgical planning has become an established component of mandibular reconstruction and 

orthognathic surgery because three-dimensional anatomical models permit preoperative simulation of osteotomy, 

segment repositioning, reconstruction, and patient-specific transfer strategies [1-3]. Computer-assisted workflows 

may also reduce planning or operative time in selected craniomaxillofacial applications [4-6]. The reliability of these 

workflows begins with segmentation; errors introduced while converting computed tomography (CT) data into a 

mandibular model can propagate to later measurements, guide design, reconstruction, and accuracy assessment. 

Mandibular segmentation remains technically demanding at the condyles, thin cortical margins, dental region, and 

areas affected by metal or beam-hardening artifacts. Reviews describe substantial operator dependence in 

conventional approaches and rapid development of deep learning alternatives [7-9]. Previous systems based on 

three-dimensional neural networks, shape priors, coarse-to-fine learning, and attention mechanisms, and external 
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validation has reported high volumetric agreement [10-13]. However, high algorithm-level accuracy does not 

automatically establish that an automated output is appropriate for a specific virtual surgical-planning workflow [14-

16]. The present study used a paired within-case design in which the same CT case was processed independently by 

automated and conventional segmentation and both generated masks were evaluated only afterward against the same 

withheld reference. The objectives were to compare workflow efficiency and geometric accuracy while explicitly 

accounting for reference anatomy, dentition handling, blinding, image geometry, quality control, and 

complementary overlap and surface-distance metrics.  
 

 

2- MATERIALS AND METHODS  
 

2.1  Study design, protocol development, and analysis unit  
 

This study used a paired within-case design comprising 30 CT cases. Each case was processed 

independently by (1) an automated segmentation pathway and (2) a conventional manual/semi-automatic pathway, 

as shown in figure (1). The original PDDCA Mandible.nrrd file was withheld during both segmentation procedures, 

and the automated output was not displayed during conventional segmentation. Each CT case therefore served as its 

own control. The first five cases constituted a technical-development phase used to lock the file structure, crop rule, 

mandible-only target, handling of the separate lower-teeth label, temporomandibular-joint (TMJ) separation rule, 

connected-component cleaning, reference-grid mapping, metric implementation, and timing definitions. The locked 

protocol was then applied unchanged to the full 30-case cohort.  
 

  

 

Fig (1): Paired segmentation and evaluation workflow. The same CT was processed independently by the 

automated and conventional pathways. The PDDCA reference was withheld during both segmentations and 

introduced only after mask finalization for reference-grid harmonization, standardized quality control, and 

quantitative comparison  
 

2.2  Dataset, reference standard, operator, and blinding  
 

The study used de-identified head-and-neck CT data from the Public Domain Database for Computational 

Anatomy (PDDCA), originating from the 2015 Head and Neck Auto-Segmentation Challenge [17]. In the challenge 

protocol, the mandible was contoured from the chin to the coronoid processes and condyles, with particular attention 

to separating mandibular bone from the teeth. The supplied reference was therefore treated as an independent 

geometric reference rather than a definitive virtual-surgical-planning ground truth. The challenge reference contours 

were manually delineated and quality-assured; case-specific inter-observer variability for the mandible reference is 
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not available. One investigator with approximately six years of experience in three-dimensional medical-image 

processing and segmentation handled both study pathways: she initiated and managed the automated workflow and 

performed the conventional segmentation. The investigator was aware of the comparative study objective but was 

blinded to the PDDCA reference and to the opposing segmentation output while each mask was being generated.  
 

2.3  Software and workstation environment  
 

Segmentation was performed in 3D Slicer version 5.12.3 on a Windows workstation with approximately 16 

GB of system memory and Intel UHD integrated graphics without a dedicated NVIDIA graphics processor. 

Automated inference used the SlicerTotalSegmentator extension with TotalSegmentator version 2.14.0. The 

craniofacial-structures task generated separate labels that included the mandible and lower teeth, in addition to other 

craniofacial structures [17, 18, 19]. Only the mandible label was retained for the primary analysis; the separately 

generated lower-teeth label was excluded. The pretrained model weights distributed with the installed 

TotalSegmentator package were used without retraining, fine-tuning, or modification. Because a separate mandible-

only validation statistic for this exact software/task version was not available from the installed task documentation, 

mandible performance was evaluated independently in the present study against the withheld PDDCA reference. 

Work flow stages are summarized in figure (2).  
 

 

Fig (2): Stage-based workflow development and validity assessment. The first five cases were used to lock the 

technical protocol, after which the same rules were applied unchanged to the complete 30-case paired cohort. 

Stage 3 shows the two representative frontal-view mandibular renderings: the automated mandible in tan 

and the conventional mandible in green. Patient right (R) and left (L) are labeled on both renderings. The 

colors distinguish the two pathways and do not encode accuracy. The PDDCA reference remained withheld 

until both segmentation outputs were finalized  
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2.4  Automated segmentation workflow  
 

Only the original img.nrrd file was loaded for automated segmentation. Because full-volume inference 

placed a substantial memory load on the available workstation, a standardized Crop Volume step was applied before 

inference. The crop was defined anatomically rather than by a fixed distance below the mandibular border: it 

included the entire mandible, both condyles and TMJ regions, and the upper neck immediately below the 

mandibular inferior border, while excluding the chest and shoulders. Interpolated cropping was disabled, spacing 

scale was maintained at 1.00, and isotropic spacing was disabled to avoid unnecessary preprocessing resampling. 

Total Segmentation was run with the craniofacial-structures task in Normal quality mode. The mandible label was 

retained as the automated raw output and teeth lower was excluded. No investigator-applied Paint, Erase, Scissors, 

or explicit post-segmentation smoothing filter was applied to the automated mandible. Neural-network inference and 

label resampling can nevertheless influence voxel-boundary appearance; these operations were not interpreted as 

equivalent to an investigator-applied smoothing step. The output was exported as a binary NRRD labelmap. When 

an output had been saved on a cropped grid, it was computationally mapped to the original PDDCA reference 

geometry before metric calculation.  
 

2.5  Conventional segmentation workflow  
 

For conventional segmentation, the scene was reopened with the original CT only; neither the PDDCA 

reference nor the automated mask was displayed. A new Segment Editor segment was created for the mandible. A 

lower threshold of 250 HU was used as the locked starting value to suppress soft tissue while retaining cortical bone. 

The threshold was not optimized against the PDDCA reference. Three-dimensional inspection followed, and any 

case-specific threshold adjustment was based only on the source CT and was to be recorded in the case log. A 

recurring segmentation challenge was continuity between the mandibular condylar region and adjacent temporal or 

skull bone after thresholding. When an Islands operation alone did not separate the mandible, the Scissors tool 

(Erase inside, free-form) was used on magnified sagittal or coronal views to sever the connecting bridge while 

preserving the condylar head. Limited targeted Paint/Erase correction was permitted only for obvious CT-based 

contour errors. No explicit smoothing filter was applied. The accepted segment was exported as a binary labelmap 

on the original CT geometry.  
 

2.6  Standardized quality control and connected-component cleaning 
 

Before quantitative comparison, all generated masks underwent the same predefined connected-component 

quality-control rule. Small isolated components unrelated to the principal mandibular object were removed by 

retaining the largest six-connected three-dimensional component. For every case, the number of removed 

components, removed voxel count, and removed physical volume were recorded separately for the automated and 

conventional pathways. In all cases 10 disconnected components totaling 10 voxels about (35.31 mm³) were 

removed from the automated masks, whereas 20 disconnected components totaling 55 voxels (203.72 mm³) were 

removed from the conventional masks. The largest removed fraction was 0.22 % of the generated mask volume. The 

PDDCA reference masks were not modified.  
 

2.7  Reference-grid harmonization and quantitative metrics  
 

All comparisons were performed on the PDDCA reference grid. When a generated mask was stored on a 

cropped grid, it was mapped to the reference geometry using the NRRD origin, spacing, and direction matrix with 

nearest-neighbor label resampling. All surface calculations were performed in physical millimeters so that 

anisotropic voxel spacing was respected. Five geometric outcomes were calculated. The Dice similarity coefficient 

was calculated as twice the intersection volume divided by the sum of the generated-segmentation and reference 

volumes. A one-voxel internal boundary was extracted using a six-connected neighborhood. Surface-to-surface 

distances were calculated in both directions and pooled. The 95th percentile of the pooled distances was reported as 

the 95th percentile Hausdorff distance; the arithmetic mean was reported as the average symmetric surface distance; 

and the maximum was reported as the maximum symmetric surface deviation. Volume was calculated from the 

foreground voxel count multiplied by the physical voxel volume. Signed volume difference was defined as 100 x 

(Vseg - Vref)/Vref, with positive values indicating over-segmentation. Dice and surface-distance measures were 

interpreted together because they captured complementary error properties [20, 21, 22].  
 

2.8  Workflow timing  
 

Matched total-workflow boundaries were used for all 30 timing observations. All timings were recorded 

prospectively by the same investigator using a timer. Each predefined workflow step was timed separately as it was 
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performed and was entered into the case timing log. Timing began with the first pathway-specific processing action 

after CT loading and ended after export of the final binary mask and completion of the predefined quality-control 

step. Automated total time included crop preparation, inference, export, geometry mapping when required, and 

connected-component quality control. Conventional total time included thresholding, manual separation/correction, 

export, and the same quality-control step. Active operator time and unattended computer-processing time were 

recorded separately, and total workflow time was derived from the recorded step times. The initial software-

installation/model-initialization run was excluded as a setup run. Earlier inference-only automated timing values 

were not used in the revised comparison. The previously reported automated value of 23.0 ± 5.52 min was based on 

the narrower inference-only timing definition and was discarded from the revised analysis. All revised timing results 

were derived from the prospectively recorded step-level timer log. 
 

2.9  Statistical analysis 
 

The paired case was the unit of analysis (n = 30). For each outcome, the distribution of within-case 

differences was inspected graphically and assessed using the Shapiro-Wilk test; the W statistic and p-value were 

reported. Approximately normal paired differences were analyzed using a paired t-test with Cohen's dz and a 95% 

confidence interval. Non-normal paired differences were analyzed using the Wilcoxon signed-rank test with 

matched-pairs rank-biserial correlation and a 95% confidence interval. Holm adjustment was applied across the five 

prespecified geometric outcomes. Total workflow time was analyzed as a distinct prespecified efficiency hypothesis, 

and a sensitivity Holm correction across all six outcomes was also reported. Statistical significance was set at p < 

0.05. 
 

 

3- RESULTS AND DISCUSSION  
 

3.1  Cohort characteristics and processing feasibility 
 

All 30 CT cases completed segmentation pathways, quality control, reference-grid harmonization, and final 

paired analysis. The locked workflow was applied consistently across the cohort, and no case was excluded after 

protocol locking. Among the 30 included CT cases, 15 (50.0%) were dentate, 13 (43.3%) were partially edentulous, 

and 2 (6.7%) were edentulous. Dental or metallic artifacts were absent in 22 cases (73.3%), mild in 5 (16.7%), and 

moderate in 3 (10.0%); no case showed severe artifact. No obvious mandibular pathology was identified in any of 

the 30 cases. Age, sex, and clinical diagnosis were not available in the distributed dataset. Case characteristics are 

summarized in table 1.  

Table (1): Characteristics of the CT cases included in the study (n = 30)  
 

Characteristic Category n (%) 

Dentition status Dentate 15 (50.0%) 

 Partially edentulous 13 (43.3%) 

 Edentulous 2 (6.7%) 

Dental/metal artifact None 22 (73.3%) 

 Mild 5 (16.7%) 

 Moderate 3 (10.0%) 

 Severe 0 (0.0%) 

Visible mandibular pathology None visible 30 (100.0%) 

 Visible pathology 0 (0.0%) 

Age Not available in the distributed dataset — 

Sex Not available in the distributed dataset — 

Clinical diagnosis Not available in the distributed dataset — 

Case selection 

Purposive selection of cases with available CT, 

PDDCA mandible reference, and verified 

image-reference geometry 

— 

 

3.2  Volumetric overlap and volume agreement  
 

Across the 30 paired cases, the automated and conventional pathways were compared for volumetric 

overlap, absolute mandibular volume, and signed volume difference relative to the PDDCA reference. The Dice 

similarity coefficient was 0.821 ± 0.021 for automated segmentation and 0.828 ± 0.015 for conventional 

segmentation. The volume findings were interpreted together with surface-distance outcomes and were not used 

alone to define clinical acceptability.  
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3.3 Surface-distance accuracy and worst-case review 
 

Across the 30 paired cases, HD95, ASSD, and maximum symmetric surface deviation were calculated for 

both segmentation pathways. The 95th percentile Hausdorff distance (HD95) was 2.392 ± 0.241 versus 3.446 ± 

0.943 mm, average symmetric surface distance (ASSD) was 0.951 ± 0.094 versus 1.152 ± 0.165 mm, and maximum 

symmetric surface deviation was 4.992 ± 1.051 versus 17.737 ± 8.686 mm for automated and conventional 

segmentation respectively. Mean signed volume difference was +33.06% versus +23.86%, respectively for each 

pathway.] Maximum deviation was retained as a complementary safety-sensitive geometric outcome rather than 

reclassified post hoc as a co-primary endpoint. Spatial review was performed across the complete 30-case cohort to 

determine whether discrepancies were diffuse or concentrated in specific mandibular regions.   Worst-performing 

conventional cases by maximum surface deviation in the verified five-case analysis are shown in table (2).  
 

Table (2): Worst-performing conventional cases by maximum surface deviation in the verified thirty-case 

analysis  
 

Case 
Auto max 

(mm) 

Conv max 

(mm) 
Conv Dice 

Conv vol. 

diff. (%) 
Interpretive feature 

Case 01 3.16 26.88 0.804 33.7 Gross localized boundary excursion 

Case 07 5.71 23.77 0.851 1.0 
Large local error despite near-neutral 

global volume 

Case 22 5.09 20.00 0.79 27.2 
Localized error with concurrent volume 

excess 
 

3.4  Workflow timing  
 

Across 30 matched cases, total workflow time was 23.38 ± 1.94 min for automated segmentation and 

106.80 ± 13.38 min for conventional segmentation. The mean paired difference was -83.42 min (95% CI, -88.54 to -

78.29 min; p < 0.001), with Cohen's dz = -6.08 (95% noncentral-t CI, -7.67 to -4.48), representing a 78.1% reduction 

in total workflow time. Active operator time was 6.52 ± 1.49 min for the automated pathway and 69.50 ± 9.81 min 

for the conventional pathway, a 90.6% reduction in hands-on time. Unattended computer-processing time was 16.87 

± 1.74 min for automated segmentation and 37.30 ± 7.52 min for conventional segmentation. The paired total-time 

difference was approximately normal (W = 0.975, p = 0.676), supporting use of the paired t-test. Although the 

revised automated total mean (23.38 min) is numerically close to the previously reported inference-only mean (23.0 

min), the two values were obtained using different timing definitions. The revised total was independently derived 

from the prospective step-level timer log and included both active operator time (6.52 min on average) and 

unattended computer-processing time (16.87 min on average); the component means sum to approximately 23.39 

min because of rounding. The earlier inference-only value was discarded and was not reused in the revised 

comparison.  
 

3.5  Final paired statistical comparison  
 

The final paired statistical analysis was performed on all 30 cases is shown in table (3). 
 

Table (3): Final paired statistical comparison across the 30 CT cases  
 

Outcome Automated Conventional 
Paired diff. 

(95% CI) 

Shapiro-

Wilk W (p) 
p / Holm p 

Cohen dz 

(95% 

bootstrap CI) 

Dice 

coefficient 

0.821 ± 

0.021 
0.828 ± 0.015 

-0.007 (-0.033, 

+0.020) 

0.899 

(0.402) 
0.519 / 0.519 

-0.32 (-1.27, 

+2.01) 

HD95 
2.392 ± 

0.241 mm 

3.446 ± 0.943 

mm 

-1.054 mm (-

2.202, +0.093) 

0.940 

(0.665) 
0.063 / 0.236 

-1.14 (-4.41, -

0.68) 

ASSD 
0.951 ± 

0.094 mm 

1.152 ± 0.165 

mm 

-0.201 mm (-

0.415, +0.012) 

0.973 

(0.894) 
0.059 / 0.236 

-1.17 (-5.01, -

0.35) 

Maximum 

symmetric 

surface 

deviation 

4.992 ± 

1.051 mm 

17.737 ± 

8.686 mm 

-12.745 mm (-

24.332, -

1.157) 

0.974 

(0.903) 
0.038 / 0.189 

-1.37 (-5.57, -

0.70) 

Signed 

volume 

difference 

33.06 ± 

8.02% 

23.86 ± 

13.17% 

+9.20 pp (-

2.05, +20.45) 

0.947 

(0.714) 
0.086 / 0.236 

+1.01 (+0.54, 

+2.85) 
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3.6  Comparison with published evidence 
 

Published algorithm-development and validation studies frequently report high mandible Dice values. A 

2025 systematic review reported a pooled Dice of approximately 0.94 for artificial-intelligence-based maxillofacial 

segmentation [15], while other external and development studies reported values around or above 0.94 [13, 14, 16]. 

Direct numerical comparison with the present 30-case external paired workflow evaluation should be made 

cautiously because the current study used an unmodified automated output, heterogeneous CT geometry, and a 

radiotherapy-oriented PDDCA anatomical reference rather than a surgical-planning ground truth. Dice, volume 

difference, and surface-distance measures can rank segmentation outputs differently because they capture different 

error properties [21, 22]. The observed combination of similar Dice values and different signed volume errors is 

therefore not contradictory; excess segmentation may occur in spatially different regions while preserving similar 

overall overlap. For virtual surgical planning, localized discrepancies near the condyle, ramus, dental region, or 

inferior border may be clinically important even when global overlap appears similar. The final analysis therefore 

treats the metrics as a multi-dimensional error profile rather than relying on a single score. The present study 

evaluated an existing automated tool rather than developing a new neural network. U-Net, 3D U-Net, V-Net, and 

related architectures established the foundations of contemporary medical-image segmentation [23-26], whereas 

nnU-Net standardized many configuration decisions [19]. Total Segmentator extends automated segmentation to 

broad anatomical coverage [18], and its craniofacial-structures task provides separate mandible and dental labels. 

The methodological contribution of the present study was the controlled paired comparison, reference withholding, 

explicit dentition handling, geometry harmonization, standardized quality control, and joint assessment of workflow 

efficiency and geometric accuracy.  
 

3.7  Limitations and generalizability 
 

Several limitations must be considered. First, PDDCA was created for head-and-neck radiotherapy auto-

segmentation rather than virtual surgical planning. Its mandible contour includes the chin, coronoid processes, and 

condyles and emphasizes separation from the teeth, but the target may still differ from dental or surgical-planning 

conventions [17]. Second, case-specific inter-observer variability of the mandible reference is unavailable. Third, 

one experienced investigator performed the conventional workflow, so inter-operator reproducibility was not 

assessed. Fourth, 250 HU was used as a fixed starting threshold and may not generalize to osteoporotic, sclerotic, or 

artifact-heavy scans. Fifth, largest-component cleaning could remove a clinically meaningful disconnected fracture 

fragment. The 30-case cohort included 15 dentate, 13 partially edentulous, and 2 edentulous cases; dental or metal 

artifacts were absent in 22 cases, mild in 5, and moderate in 3, with no severe artifacts observed. No obvious 

mandibular pathology was identified in any included case. Age, sex, and clinical diagnosis were not available in the 

distributed dataset. Finally, PDDCA is a 2015 radiotherapy dataset; its age, heterogeneous CT protocols, scanner 

characteristics, cancer population, dentition, and dental hardware limit direct generalizability when evaluating a 

current TotalSegmentator installation.  
 

 

4- CONCLUSION  
 

In this 30-case paired comparison, automated segmentation reduced total workflow time from 106.80 ± 

13.38 min to 23.38 ± 1.94 min, a 78.1% reduction, and reduced active operator time from 69.50 ± 9.81 min to 6.52 ± 

1.49 min. In the current study, complete geometric measurements, automated and conventional mandibular 

segmentation showed similar global overlap, while automated segmentation had lower HD95, ASSD, and maximum 

surface deviation and conventional segmentation showed lower mean volume excess. None of the 30 geometric 

outcomes remained statistically significant after Holm adjustment, although the conventional maximum-deviation 

pattern revealed clinically important, localized failures in several cases. These findings support the use of 

complementary overlap, volume, and surface metrics rather than Dice alone. The findings support interpretation of 

overlap, volume, and surface-distance metrics together rather than reliance on Dice alone.  
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