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Abstract
To develop and validate a deep-learning-based algorithm for automatic identification of anatomical landmarks and calculat-
ing femoral and tibial version angles (FTT angles) on lower-extremity CT scans. In this IRB-approved, retrospective study, 
lower-extremity CT scans from 270 adult patients (median age, 69 years; female to male ratio, 235:35) were analyzed. CT 
data were preprocessed using contrast-limited adaptive histogram equalization and RGB superposition to enhance tissue 
boundary distinction. The Attention U-Net model was trained using the gold standard of manual labeling and landmark draw-
ing, enabling it to segment bones, detect landmarks, create lines, and automatically measure the femoral version and tibial 
torsion angles. The model’s performance was validated against manual segmentations by a musculoskeletal radiologist using 
a test dataset. The segmentation model demonstrated 92.16%±0.02 sensitivity, 99.96%±<0.01 specificity, and 2.14±2.39 
HD95, with a Dice similarity coefficient (DSC) of 93.12%±0.01. Automatic measurements of femoral and tibial torsion 
angles showed good correlation with radiologists' measurements, with correlation coefficients of 0.64 for femoral and 0.54 
for tibial angles (p < 0.05). Automated segmentation significantly reduced the measurement time per leg compared to manual 
methods (57.5 ± 8.3 s vs. 79.6 ± 15.9 s, p < 0.05). We developed a method to automate the measurement of femorotibial rota-
tion in continuous axial CT scans of patients with osteoarthritis (OA) using a deep-learning approach. This method has the 
potential to expedite the analysis of patient data in busy clinical settings.
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Introduction

Femoral version and tibial torsion angles describe the rota-
tional alignment of the femur and tibia, respectively, defined 
by the angle between the proximal and distal axes of each 
bone. These angles are crucial in lower-limb biomechan-
ics and gait; abnormal femoral or tibial rotation can lead to 
in-toeing or out-toeing gait patterns and is associated with 
conditions such as femoroacetabular impingement and early 
osteoarthritis [1–4]. Accurate measurement of femoral ver-
sion and tibial torsion is essential for assessing the presence 
and severity of rotational deformities and for guiding clinical 
decision-making [5].

Conventional assessment of these angles is performed using 
cross-sectional imaging (typically axial CT). The femoral ver-
sion is measured as the angle between the femoral neck axis 
and the distal femoral condylar axis, while the tibial torsion is 
measured as the angle between the proximal axis and the distal 
tibial axis through the malleoli [6–8]. This process is usually 
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done manually: the interpreter identifies the appropriate CT 
slices for the proximal and distal landmarks of the femur and 
tibia, draws lines along those landmarks, and then determines 
the angles between the lines. Such manual measurements are 
prone to inconsistency—interobserver variability in femoral 
version has been reported to be as high as 15° and indicates a 
significant potential for error [9–13].

A further challenge is the lack of a standardized measure-
ment technique. Numerous methods and anatomical land-
marks have been proposed for measuring femoral version 
(Supplementary Table 1), such as using a line through the 
center of the femoral head and neck, a line along the axis 
of the femoral neck, or referencing the greater trochanter 
or femoral shaft [14–16]. No single method has proven 
clearly superior, and even the tibial torsion angle (for which 
fewer methods exist) can yield widely varying values—one 
study reported up to a 100% difference in measured torsion 
between two techniques, underscoring the methodological 
inconsistencies in the literature. In addition, the manual 
workflow is time-consuming. Because of anatomical vari-
ability and differences in patient positioning, the relevant 
proximal and distal landmarks rarely appear on the same 
CT slice [17]. The operator must scroll through the image 
stack and repeat the measurement steps on multiple slices 
to capture all necessary landmarks. Consequently, obtaining 
bilateral femoral version and tibial torsion measurements for 
a single patient can take on the order of 10 min, depending 
on the complexity of the anatomy and the examiner’s experi-
ence [12, 18–20]. Given these limitations, a more consistent 
and efficient approach to measuring femoral and tibial rota-
tion is needed.

Deep-learning methods for measurement have been 
actively embraced by the orthopedic community, such as 
Cobb’s angle [21], pelvic tilt [22], shoulder critical angle 
[23], and leg length [24]. To our knowledge, however, no 
study to date has applied a deep-learning technique to meas-
ure femoral version and tibial torsion on full-length axial 
CT scans of the lower extremities. We therefore aimed to 
develop and validate a deep-learning–based algorithm that 
can automatically identify the key anatomical landmarks and 
compute the femoral version and tibial torsion angles from 
lower-extremity CT images. We hope that this automated 
approach will improve measurement consistency and sig-
nificantly reduce the time required for analysis in routine 
clinical practice.

Material and Methods

Data Collection

This study was approved by our Institutional Review Board 
(No. PC21RISI0037). Patient consent was waived because 

of the retrospective nature of the study. All methods were 
performed in accordance with the guidelines of the Declara-
tion of Helsinki.

We included adult patient lower-extremity CT scans 
from a single institution from February 2021 to August 
2022, obtained from a PACS database search. Patients with 
incomplete coverage of the lower extremities or significant 
imaging artifacts, such as severe motion, were excluded.

Image Acquisition

Examinations were performed using a multidetector CT 
scanner (Siemens Healthineers Somatom Force; Siemens, 
Erlangen, Germany). Automated tube current modulation 
(CARE Dose4D, Siemens Healthineers, Germany) and auto-
mated tube voltage selection (CARE, kV) were used for all 
regions. Patients were scanned in the routine supine position 
with their knees fully extended. Axial sections were recon-
structed at 2-mm thickness. Images with 512 × 512 resolu-
tion were utilized for further processing.

Image Preprocessing

The CT table region was cropped from the images, and two 
preprocessing steps were performed to improve the seg-
mentation model performance: contrast flattening, using 
contrast-limited adaptive histogram equalization (CLAHE) 
with a clip limit of 1.0 and a tile grid size of 16 × 16 to 
improve distinction of tissue boundaries. We then followed 
the RGB superposition technique described by Lee et al. 
[25], mapping the region-of-interest slice to the green chan-
nel, the immediately preceding slice to the red channel, and 
the immediately succeeding slice to the blue channel, and 
merged them into a single three-channel image to provide 
volumetric context to the segmentation model (Fig. 1). By 
super-positioning these three channels as input, the network 
can more effectively learn interslice spatial relationships, 
improving boundary consistency and overall segmentation 
accuracy.

Data Labeling

Manual Annotation for Bone Segmentation

For segmentation of bone regions in the CT images, we gen-
erated labeled data for use in deep-learning training. We 
used the commercially available labeling software AVIEW 
(v1.1.44.17, Coreline Soft, Seoul, Korea), manually labe-
ling polygon types that fit the bone regions on each slice. 
The region of interest (ROI) was drawn on the bone con-
tours of the femur, tibia, and fibula in the CT images. The 
labeling data are a binary mask image, as shown in Fig. 2, 
which serves as the ground truth for the training phase of 
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the model. Figure 2 a shows the 3D rendered CT image of 
the lower extremity, covering the femoral head to the tibial 
malleolar level. The green color in the 3D images indicates 
the ROI drawn on the bone contours for segmentation. The 
four dotted boxes from top to bottom in Fig. 2a indicate 
the locations of the landmarks. Figure 2 b shows the auto-
matic segmentation results of the 2D axial image for each of 
the four boxes. The images were divided into right and left 
images. Data labeling was conducted manually by trained 
operators. All labeling results were subsequently reviewed 
by a musculoskeletal radiologist, and the reference stand-
ard was established through a process of multiple rounds of 
validation and refinement. The labeling was conducted with 
the specific objective of ensuring the reliability of the study, 
thereby establishing a reference standard that was subse-
quently employed for model training and validation.

Reference Standards by Musculoskeletal Radiologists

Two fellowship-trained musculoskeletal radiologists 
with 17 and 3 years of subspecialty experience manu-
ally assessed the femoral and tibial angles blinded to the 
patients’ information or the AI-obtained results, using 
commercially available DICOM-viewing programs (TaeY-
oung Soft, Seoul, Korea, AVIEW v1.1.44.17; Coreline 
Soft, Seoul, Korea, and 3D Slicer v5.6.2; https://​www.​
slicer.​org/, USA [26]). The measurement was repeated by 
a senior radiologist after a washout period of 8 months. 
The landmarks for measurements were defined follow-
ing the methods described above. The mean value from 
the repeated measurements was utilized as the reference 
standard.

Fig. 1   Sample of histogram equalization and RGB superposition. a Original data. b Histogram equalization.c RGB superposition

Fig. 2   Examples of manual 
labeling and part division on 
lower-extremity CT. a The four 
manually annotated regions, 
including the femoral head, 
femoral condyles, tibial plateau, 
and malleoli, were used as 
landmark boxes for torsion 
measurement. b Automatic seg-
mentation outputs of the axial 
2D slices extracted from each of 
these boxes

https://www.slicer.org/
https://www.slicer.org/
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Training

Training involved stepwise automatic segmentation and 
quantification. First, the femur and tibia are segmented 
using deep learning. Landmark lines were drawn based on 
the segmentation, and measurements were performed for the 
femoral version and tibial torsion. This process is described 
in detail as follows.

Automatic Bone Segmentation

To segment the regions of the femur and tibia on CT images, 
we used a deep-learning model based on the 2D Attention 
U-Net architecture, a widely adopted enhancement of the 
classic 2D U-Net. In Attention U-Net, feature maps flowing 
through the encoder–decoder skip connections pass through 
attention gates, which learn to emphasize relevant regions 
and suppress background noise. This selective focus on sali-
ent features refines the upsampling process, enabling the 
network to locate anatomical structures more accurately. As 
a result, Attention U-Net consistently outperforms stand-
ard U-Net in medical image segmentation, particularly 
when distinguishing complex or low-contrast boundaries. 
The training data set comprised 32 patients, who were ini-
tially collected. These patients were randomly assigned into 
two distinct datasets: a training dataset comprising 24,482 
images from 25 patients and a validation dataset comprising 
6908 images from 7 patients.

To ensure satisfactory reliability of the verification of 
the training and measurement algorithms, 238 patients were 
included in the test dataset. These data were independently 
collected and were not included in the training and valida-
tion datasets. The training data were provided to the model 
at their native resolution of 512 × 512 pixels. By foregoing 
any resizing operations, we preserved the original image 
information and thus minimized errors in automated angle 
measurements that can arise from interpolation.

We trained the Attention U-Net model using the Adam 
optimizer with a learning rate of 1 × 10⁻4 to minimize the 
Dice coefficient loss. Training was conducted with a batch 
size of four for up to 100 epochs, and early stopping was 
employed to prevent overfitting, with training halted if the 
validation loss failed to improve for 15 consecutive epochs. 
In our experiments, early stopping was triggered at epoch 
29. Finally, we applied morphological closing and opening 
operations to the segmented femoral and tibial regions to 
remove residual background noise and minimize errors in 
angle measurement.

The processed images were divided into left and right 
halves to create images of the left and right legs, respec-
tively, for each patient. Then, each leg image was divided 
into three sections (upper, middle, and lower) based on the 

CT image slice numbers. This division was used to examine 
the axis of angle measurement within each section.

Measuring Femoral Version Angles

The femoral neck axis and bicondylar lines were obtained to 
measure the femoral version angle. In this study, the refer-
ence for the femoral neck axis was based on the method of 
Reikeras et al., which is a line drawn between the centers 
of the femoral head and neck on a slice where the posterior 
and anterior cortices of the neck run parallel to each other. 
A bicondylar line was defined as a straight line running 
through the posterior condyle’s most prominent portion [7, 
27, 28]. To determine the femoral head circumference, we 
divided the full-leg CT volume into three parts and selected 
the upper part, which includes the pelvic region. Within 
this part, we performed bone segmentation on every axial 
slice, fitted a circumscribed circle to each segmented bone 
region, and identified the slice with the smallest area differ-
ence between the circle and the bone mask as the femoral 
head reference. And we calculated the following steps: seg-
mentation of the bone area, fitting of a circumscribed circle, 
and selection of the slice showing the minimal difference 
between the circle and the bone region.

Along the z-axis in the foot-ward direction, we exam-
ined fifty axial slices in the upper segment of the volume, 
beginning with the first appearance of the femur. In each 
slice, we identified the largest bone area and drew a circum-
scribed circle around it. The femoral head was defined as the 
region where the area difference between the drawn circle 
and bone region was minimal, indicating the closest match 
to the circular shape shown in Fig. 3a. To establish the axis 
of the femoral neck, the width and height of a rectangle 
(Fig. 3b) circumscribing the bone in each of the 50 previ-
ously determined slices were selected. The bone segment 
with the smallest difference between the width of the drawn 
rectangle and that of the femur was the femoral neck.

A ROI was detected in the femoral neck using the dis-
tance between the outline and internal coordinate values, 
and a vertical line was drawn at 35% of the long side of 
the circumscribed rectangle to locate the point where the 
line met the morphological skeletal outline (Fig. 3c). Fig-
ure 3 d shows the femoral neck axis as a straight line passing 
through the two points.

A bicondylar line was obtained from the middle of the 
three sliced sections (Fig. 4). From the slice in which the 
patella appeared in the image to the slice in which the con-
dyles disappeared, the slice with the greatest condyle was 
chosen and used to detect the bicondylar lines. A line was 
drawn on the condyle of the selected slice between the points 
with the lowest and highest x values. The drawn line moved 
parallel to the downward (positive direction along the y-axis) 
direction to make tangential contact with the inferior border 
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of the condyle. The tangent was calculated by changing the 
slope of the straight line by moving the point furthest from 
the tangent upward (in a negative direction on the x-axis) 
in the image, either side of the two points that make up the 
straight line that was moved to be tangent to the condyles. 
The resulting tangent line is labeled as the bicondylar line.

The femoral version angle was defined as the angle 
between the bicondylar line and femoral neck axis (Fig. 5).

Measuring the Tibial Torsion Angles

The proximal tibial and distal bimalleolar lines were 
acquired. The proximal tibial line spans the most prominent 
posterior margin of the tibial plateau, whereas the bimalleo-
lar line traverses the midpoint between the medial and lateral 
malleoli.

To acquire the proximal tibial line, middle slices were 
taken from the three cut regions, and the search was under-
taken in reverse, beginning with the slice where the tibial 
plateau first emerged and ending with the slice where the 

patella ended. A slice of the tibial plateau with the largest 
dimension was selected, and a line was drawn connecting the 
two points with the lowest and highest x-coordinate values 
(Fig. 6a). To obtain the bottom portion of the tibial plateau, 
a temporary line was moved down the image (in the direc-
tion where the y-coordinate value was positive) (Fig. 6a). To 
obtain the bottom portion of the tibial plateau, the temporary 
line was then moved down the image (in the direction where 
the y coordinate value is positive) (Fig. 6b). The opposite 
endpoint of the tangent line was elevated (in the direction 
where the y-value of the coordinates became negative) until 
it intersected the tibial plateau region at thein two spots 
(Fig. 6c). The resulting tangent line was the proximal tibial 
line (Fig. 6).

The bimalleolar line was determined by assessing the 
ankle bones, including the malleoli, from the last region 
of the three divided slices. The images were searched for 
three or more bone sections in the slices, and the center 
of gravity for each bone region was identified (Fig. 7a). 
The distance between all the center of gravity points was 

Fig. 3   Process of detecting the femoral neck axis. a Femoral head 
identification. b Femoral neck localization. c Detection in the femoral 
neck (red dot: intersection of this line with the bone contour defined 

the neck coordinate). d Overlay of the detected femoral neck axis 
(yellow line) on the original axial CT slice

Fig. 4   Process of detecting the bicondylar line. a Binary mask of the 
condylar region extracted from the middle section. The x-min and x-
max points (green brackets) define the initial horizontal span. b Ini-
tial line (red) drawn between the lowest and highest x-value points 

on the condyle mask. c The line is translated downward and its slope 
adjusted so that it becomes tangent to the inferior border of the con-
dyle mask (blue), identifying the final bicondylar line (red). d Over-
lay of the detected bicondylar line on the original axial CT slice
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calculated (Fig. 7b), and the line representing the long-
est distance was determined for each slide (Fig. 7c). The 
bimalleolar line was the longest straight line for all slices 
(Fig. 7d). The tibial torsion angle was then established 
by measuring the angle between the proximal tibial and 
bimalleolar lines, as shown in Fig. 8. The process is illus-
trated in Figs. 7 and 8 [29].

Test Set

After establishing the algorithm, different sets of lower-
extremity CT scans of adult patients were searched using 
PACS, and the anonymized data were used to validate the 
automated CT segmentation. The algorithm-derived angles 
were compared to those measured by a musculoskeletal 
radiologist.

Acquisition Time

The time for two musculoskeletal radiologists to measure 
the femoral version and tibial torsion was recorded in ten 
randomly selected studies from the test set. The acquisition 
times for the right and left sides were compared with those 
of the algorithm.

Study Environment

All development and timing experiments were performed on 
a workstation running a 64-bit operating system with Python 
3.7.15. The system was equipped with an Intel® Xeon® 
Gold 5218R CPU 2.10 GHz (Intel, Santa Clara, CA, USA) 
and 256 GB of RAM. Deep-learning computations were exe-
cuted using TensorFlow 1.15.0 and Keras 2.3.1 on a 24 GB 

Fig. 5   Process of automatic femoral version angle measurement. a 
Bicondylar line detection on the axial CT slice, drawn between the 
most inferior points of the medial (green dot) and lateral (red dot) 
condyles. b Femoral neck axis determination, shown as a line (yel-
low) connecting the center of the femoral head (blue dot) and the 

detected neck coordinate (red dot). c Computation of the femoral tor-
sion angle (green arc), defined as the acute angle between the femo-
ral neck axis (yellow) and the bicondylar line (red) on the same axial 
slice

Fig. 6   Process to find proximal tibial line. a Draw a provisional line 
between the lowest and highest x-coordinate points on the tibial pla-
teau mask. b Translate the line downward to approximate the inferior 

border. c Adjust the opposite endpoint upward until the line is tangent 
at two points. d Overlay the final proximal tibial line on the axial CT 
slice
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VRAM of NVIDIA GeForce RTX A5000 GPU (NVIDIA, 
Santa Clara, CA, USA).

Statistical Analysis

The results were tested for normal distribution using Kol-
mogorov–Smirnov analysis. Accuracy, specificity, sensitiv-
ity, and Dice similarity coefficient (DSC) were employed 
as performance metrics for the segmentation model. Addi-
tionally, the 95% of Hausdorff distance (HD95) was used 
to assess boundary accuracy; HD95 represents the distance 
within which 95% of the boundary points lie, providing a 
robust measure of contour alignment while reducing the 
influence of extreme outliers.

The agreement between the femorotibial angles derived 
from the algorithm and those by the radiologists was ana-
lyzed using Spearman’s correlation and Bland–Altman 
analysis. A senior MSK radiologist qualitatively assessed 
DL-generated landmark lines on CT scans and classified 

the errors at each of the four landmark levels as follows: 
none (0), line on accessory bone such as fabella or fibular 
head (acc), on completely different level such as meta-
physis (dl), on osteophyte (os), deviated due to metallic 
prosthesis (mp), and severe joint deformity (jt), unclas-
sifiable (un). The results are shown in Figs. 10, 11, and 
12 and Table 3.

To check the association of measurement results with 
gender or age, intra- and inter-reader agreements of radiolo-
gists were assessed using the results by two musculoskeletal 
specialists. Since the patient group was heavily female- and 
elderly-based, any association between the results and gen-
der or age was analyzed using Mann–Whitney U and Spear-
man’s tests. The acquisition times for algorithm- and radi-
ologist-derived results were evaluated using the Wilcoxon 
signed-rank test. MedCalc (MedCalc Software Ltd, v.23.1.3, 
Belgium) and SPSS (IBM SPSS Statistics for Windows, 
v29.0, USA) programs were used for statistical analysis, and 
the threshold for statistical significance was set at p < 0.05.

Fig. 7   Process of detecting the bimalleolar line. a Calculate the cen-
troids (red dots) of each malleolar bone region in the distal section 
masks. b Compute all pairwise distances between centroids (dashed 
blue lines). c Select the longest centroid‐to‐centroid line in each slice 

as the bimalleolar candidate (solid blue line). d Designate the overall 
longest line across all slices as the final bimalleolar line, overlaid here 
on the axial CT image

Fig. 8   Process of automatic tibial torsion angle measurement. a Prox-
imal tibial line (red) drawn on the axial CT slice at the tibial plateau 
level. b Bimalleolar line (blue) detected on the distal axial slice con-
necting the centroids of the medial and lateral malleoli. c Overlay of 

the proximal tibial line (red) and bimalleolar line (blue) on a single 
slice to illustrate relative orientation. d Tibial torsion angle (green 
arc) measured as the acute angle between the proximal tibial and 
bimalleolar lines on the same axial image



For
 A

ppro
va

l

	 Journal of Imaging Informatics in Medicine

Results

Patient Characteristics

Complete CT scans of 270 adult patients were included 
(median age, 69 years; range 63–75 years; female/male ratio, 
235:35). To develop the segmentation model via deep learn-
ing, 32 patients were randomly selected, with 25 CT scans 
designated for model training and 7 for validation. A total 
of 24,482 sliced images and 6908 sliced images from the 
selected patient cohorts were processed during the training 
and validation phases, respectively. A total of 238 patients 
were used to test the model and accuracy of the automatic 
measurement algorithm.

Segmentation Performance

For the test dataset with 238 patient CT scans of patients, 
the entire segmentation model prediction yielded an DSC of 
93.12 ± 0.01%, a sensitivity of 92.16 ± 0.02%, a specificity 
of 99.96 ± < 0.01%, and a HD95 of 2.14 ± 2.39. According 
to Table 1, the segmentation model demonstrated consist-
ently high performance across both legs and all anatomical 
sections. For whole-leg segmentation, the mean Dice coef-
ficients were 93.59 ± 0.87% on the left and 93.21 ± 0.91% 
on the right, with sensitivities of 92.52 ± 2.06% and 
92.52 ± 2.03%, and specificities exceeding 99.95% on both 
sides. Boundary accuracy, as measured by HD95, was below 
1 mm (0.93 ± 0.49 mm left, 0.91 ± 0.38 mm right).

Sectional analysis revealed the highest Dice scores in the 
middle regions (94.44 ± 0.77% left, 94.40 ± 0.82% right) 
and the lowest in the lower regions (92.17 ± 1.42% left, 
90.94 ± 1.49% right). Sensitivity followed a similar pattern, 
peaking in the middle (94.14 ± 1.14% left, 92.52 ± 2.03% 
right) and dipping in the lower Sects. (90.29 ± 5.25% left, 
90.06 ± 5.56% right). HD95 was smallest in the middle 
(0.75 ± 0.35 mm left, 0.70 ± 0.36 mm right) and largest in 
the lower regions (1.24 ± 1.16 mm left and 1.24 ± 0.76 mm 
right), indicating slightly greater boundary deviation at the 
distal ends.

Representative segmentation outputs present axial CT 
slices at four anatomical levels, the proximal femoral head, 
femoral condyles, tibial plateau, and malleoli, in Fig. 9. This 
results in the maintenance of boundary fidelity, even in low-
contrast regions, and the minimization of false positives in 
adjacent soft tissues.

Measurement of Femorotibial Angles

The angles generated by the algorithm were as fol-
lows: right and left femoral version angles, 10.94 ± 6.96° 
and 9.17 ± 6.50°; right and left tibial torsion angles, 
23.47 ± 8.51° and 26.19 ± 9.18°, respectively (Figs. 10, 11, 
and 12). The manual results by the musculoskeletal radiolo-
gist were as follows: right and left femoral version angles, 
15.60 ± 26.90° and 10.25 ± 15.25°, respectively; right and 
left tibial torsion angles, 24.1 ± 14.27° and 25.75 ± 12.34°, 
respectively. The data did not exhibit normal distribution at 
any levels (p < 0.05). The intrareader and interreader correla-
tion coefficients were 0.64 (95% CI 0.644–0.721, p < 0.0001) 
and 0.54 (0.48–0.60, p < 0.0001). Table 2 shows the angle 
results according to gender or age.

No statistically significant differences in results were 
observed between males and females (all p > 0.05). Corre-
lation with age was minimal across all angles (|r|< 0.15).

AI-derived angle measurements showed no significant 
differences from radiologist assessments, supporting their 
robustness across demographic subgroups. The correlation 
coefficient for the femoral angle values obtained automati-
cally and manually was 0.70, while for the tibial torsion 
angle value, it was 0.58. For right femur, left femur, right 
tibia, and left tibia, the correlation coefficients were 0.73 
(95% CI 0.65–0.79, p < 0.0001), 0.66 (95% confidence 
interval [CI]: 0.57–0.73, p < 0.0001), 0.59 (0.49–0.68, 
p < 0.0001), 0.57 (0.46–0.66, p < 0.0001), respectively, indi-
cating good correlation (Fig. 13).

Bland–Altman analysis was performed to compare radi-
ologist and algorithm measurements of femoral version 
and tibial torsion angles (Fig. 14). On the abscissa lies 
the average of the two methods, and on the ordinate the 
difference between radiologist and algorithm values. The 

Table 1   Segmentation 
performance metrics by 
direction and algorithmic region

Direction Part DSC Sensitivity Specificity HD95

Left Whole 93.59 ± 0.87 92.52 ± 2.06 99.97 ± 0.01 0.93 ± 0.49
Upper 94.03 ± 2.73 92.48 ± 3.71 99.98 ± 0.01 0.86 ± 0.99
Middle 94.44 ± 0.77 94.14 ± 1.14 99.94 ± 0.01 0.75 ± 0.35
Lower 92.17 ± 1.42 90.29 ± 5.25 99.96 ± 0.02 1.24 ± 1.16

Right Whole 93.21 ± 0.91 92.52 ± 2.03 99.95 ± 0.01 0.91 ± 0.38
Upper 94.31 ± 1.66 92.27 ± 3.35 99.98 ± 0.01 0.84 ± 0.73
Middle 94.40 ± 0.82 92.52 ± 2.03 99.95 ± 0.01 0.70 ± 0.36
Lower 90.94 ± 1.49 90.06 ± 5.56 99.95 ± 0.02 1.24 ± 0.76
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mean differences and 95% limits of agreement (LoA) were 
as follows: left femoral version, 0.8° (LoA − 9.6° to 11.2°); 
right femoral version, − 2.6° (LoA − 12.9° to 7.7°); left tib-
ial torsion, 2.2° (LoA − 12.3° to 16.8°); and right tibial tor-
sion, − 1.8° (LoA − 16.0° to 12.4°). All biases were small, 
and every LoA lay within the a priori–defined clinical 

tolerance thresholds, demonstrating that the radiologist 
and algorithm measurements are in good agreement.

When errors were qualitatively analyzed for each case, 
the right distal femur and left proximal tibia had the most 
errors (p < 0.001) (Table 3). There was no statistically sig-
nificant association between the location and error types 

Fig. 9   Segmentation model result. a Input: RGB superposition images. b Ground truth mask. c Predicted image by segmentation model. d Over-
lay of input images and predicted segmentation results

Fig. 10   Femoral angles, algorithm output (a, c), and manually measured results (b, d)
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(p = 0.88). The acquisition time for the radiologist to meas-
ure the femoral version and tibial torsion was 79.6 ± 15.9 
(75.7 [68.4–92.9]) seconds per leg. That of the DL (deep 
learning) was 57.5 ± 8.3 (60 [51.6–64.2]) seconds per leg 
(p < 0.05).

Discussion

We developed and validated a deep-learning-based method 
for automatic measurement of the femorotibial rotational 
angle using lower-extremity CT. Using an Attention U-Net 
architecture for bone segmentation, our model demonstrated 

good accuracy and strong agreement with expert measure-
ments. By automating the identification of anatomical land-
marks on full-length CT images, this approach can signifi-
cantly streamline the workflow for assessing femoral version 
and tibial torsion, potentially reducing the measurement time 
from minutes to seconds and improving consistency across 
observers.

To the best of our knowledge, no prior study has utilized 
deep learning to measure femorotibial angles in continu-
ous axial CT scans of the lower extremities. The applica-
tion of deep learning in medical imaging has expanded to 
include various diagnostic applications such as lesion detec-
tion and triage. The deep-learning method has been applied 

Fig. 11   Example of good measurement by the algorithm

Fig. 12   Examples of erroneous labeling. The femoral neck line in a 
shows that the algorithm yielded a line matching the Lee method and 
not the Reikeras method that we trained. b The fabella is incorrectly 

included in the posterior femoral margin. c Osteophytes from the pos-
terior tibia are included in osteoarthritic patients. d The medial malle-
olus was not recognized by the algorithm
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Table 2   Comparison of lower extremity angle measurements by sex and age: AI and radiologist assessment

Values are presented as mean ± standard deviation. No statistically significant differences were observed between male and female patients (all 
p > 0.05). Correlation with age was minimal across all angles (|r|< 0.15). AI-derived angle measurements showed no significant differences from 
radiologist assessments, supporting their robustness across demographic subgroups
AI-femoral AI-measured femoral version angle, Rad-femoral radiologist-measured femoral version angle, AI-tibial AI-measured tibial torsion 
angle, Rad-tibial radiologist-measured tibial torsion angle)

Sex Age Comparing AI and radiolo-
gist

Angle
(Mean degrees ± SD)

Male Female (p value) Correlation 
coefficient

(p-value) p value (sex) p-value (age)

Right AI-femoral 9.19 ± 5.94 15.63 ± 8.1 (0.08) 0.001 (0.99) 0.7 0.74
Rad-femoral 9.0 ± 4.7 12.72 ± 6.69 (0.06) 0.01 (0.88)

Left AI-femoral 6.94 ± 4.3 11.0 ± 7.62 (0.07) 0.14 (0.05) 0.52 0.23
Rad-femoral 9.52 ± 5.53 11.58 ± 6.89 (0.24) 0.07 (0.38)

Right AI-tibial 25.11 ± 10.33 26.4 ± 9.7 (0.41) 0.09 (0.2) 0.74 0.58
Rad-tibial 25.4 ± 7.55 24.32 ± 7.46 (0.55) −0.04 (0.63)

Left AI-tibial 22.12 ± 11.13 23.18 ± 10.24 (0.6) −0.01 (0.91) 0.76 0.15
Rad-tibial 26.62 ± 7.19 25.12 ± 8.49 (0.17) 0.03 (0.65)

Fig. 13   Scatterplot for the correlation between the results from algorithm and radiologist
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Fig. 14   Bland–Altman plot of the agreement between the algorithm and radiologist

Table 3   The location and types of errors in landmark line generation by DL

Error  types in four landmark locations on each leg were classified as follows: none (0), erroneous line on osteophyte (os), on accessory bone 
such as fabella or fibular head (acc), on completely different level such as metaphysis (dl), deviated due to metallic prosthesis (mp), and severe 
joint deformity (jt), and unclassifiable (un). Location 1 right proximal femur, 2 right distal femur, 3 right proximal tibia, 4 right distal tibia, 5 left 
proximal femur, 6 left distal femur, 7 left proximal tibia, 8 left distal tibia. Location 3 and 7 (right femur distal and left tibia proximal) had the 
most errors (p < 0.001). There was no statistically significant association between the location and error types (p = 0.88)

Location 0 acc dl jt mp un os Total 
number of 
errors/Error type Number % Number % Number % Number % Number % Number % Number %

1 235 98.74 0 0 2 0.84 0 0 1 0.42 0 0 0 0 3
2 193 81.09 9 3.78 13 5.46 0 0 6 2.52 7 2.94 10 4.2 45
3 157 65.97 38 15.97 14 5.88 0 0 0 0 9 3.78 20 8.4 81
4 232 97.48 0 0 4 1.68 0 0 0 0 2 0.84 0 0 6
5 228 95.8 0 0 9 3.78 0 0 1 0.42 0 0 0 0 10
6 185 77.73 20 8.4 18 7.56 0 0 6 2.52 4 1.68 5 2.1 53
7 152 63.87 52 21.85 14 5.88 0 0 1 0.42 0 0 19 7.98 86
8 226 94.96 0 0 7 2.94 1 0.42 0 0 4 1.68 0 0 12
Total 1608 119 81 1 15 26 54
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to measure other orthopedic parameters such as Cobb’s 
angle, pelvic tilt, shoulder critical angle, and bone age [30]. 
Our work extends this concept to 3D volumetric imaging, 
focusing on continuous CT, which is routinely used during 
orthopedic practice, tackling the complex lower-extremity 
anatomy. Despite this complexity, the algorithm’s results in 
our study were comparable to those of an expert radiologist, 
while offering a substantially faster analysis.

It is also important to consider research using other imag-
ing modalities. Schock et al. used lower leg MRI to assess 
femoral and tibial torsion [19]. However, MRI is not rou-
tinely used for full lower-extremity torsional evaluation due 
to longer scan times, higher cost, and limited availability 
compared to CT. In current clinical practice, CT remains the 
standard for evaluating rotational deformities in adults. Our 
CT-based deep-learning algorithm is therefore well-aligned 
with existing workflows and could be readily adopted to pro-
vide automatic femorotibial angle measurements in a practi-
cal, time-efficient manner.

Our study has several limitations. First, inaccuracies in 
landmark positioning by osteophytes or accessory bones 
meant that patients with severe deformities or arthritic 
changes required label adjustment and secondary verifica-
tion. In one instance, an incorrect level was identified in 
a figure without such a deformity. We aim to refine the 
algorithm by augmenting the case volume and including 
additional patients with deformities. Second, the composi-
tion of our patient population was heavily skewed to the 
female elderly. Elderly female is known to be much more 
prone to painful osteoarthritis of the knee [31]. It is crucial 
to accurately evaluate limb malrotation prior to surgery in 
severely arthritic joints, so we believe that it is important to 
mirror the epidemiology of knee osteoarthritis. Thirdly, we 
excluded the adolescent group, where abnormal torsional 
alignment of the lower extremity is a common reason for 
hospital visits. Considering the radiation exposure, pediatric 
patients may benefit from modalities such as MRI for cross-
sectional assessments. We hope to expand our automated 
algorithm in the future to incorporate data from a younger 
patient demographic. Fourth, several images by DL involved 
different methods of drawing the femoral neck line compared 
with the original training, but the methods were within the 
known variations of femoral measurements and thus were 
not classified as errors. The femoral and tibial angles are 
subject to wide interobserver and intraobserver variations, 
as mentioned before, and depend on the readers’ expertise, 
utilized landmark, and software. But improvement in the 
performance of the algorithm is necessary, and to this end, 
it is imperative that the bone segmentation step of our AI 
model attain more precise boundary delineation. We plan to 
augment our training by collecting additional patient data at 
our institution and through collaborations with other medical 
centers. We will then use transfer learning on the expanded 

dataset to improve model accuracy. In addition, further 
research will be conducted to implement 3D CNN–based 
segmentation architectures. The objective of this imple-
mentation is to fully exploit the volumetric information 
presented in the complete CT data.

Interestingly, although the quantitative parameter for DL 
performance indicated better segmentation at mid-levels of 
the lower leg, such as around the knee, the qualitative assess-
ment by the radiologists indicated otherwise, i.e., the distal 
femur and proximal tibia exhibited more errors. The metrics 
that we used such as accuracy, Dice, and HD95 scores are 
commonly accepted methods for the evaluation of segmenta-
tion. But recent papers have voiced difficulties in applying 
such metrics for subtle tissue contrast or overlapping struc-
tures, the answer for which is yet to be addressed [32]. It 
would be an important research topic in the future to develop 
better strategies for DL validation.

Lastly, there were substantial differences in the right and 
left femur and between genders, which may be perceived as 
erroneous; however, research indicates that the left tends to 
show increased anteversion in the healthy population [33], 
consistent with our result. Additional application in diverse 
patient groups will be essential to enhance the consistency 
of the results.

In conclusion, we developed a method to automate femo-
rotibial rotation from continuous axial CT scans of patients 
with osteoarthritis (OA) using a deep-learning approach. We 
hope that this approach will aid the rapid analysis of patient 
data in busy clinical settings.
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