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Abstract: Limb Length Discrepancy (LLD) is a common condition that can result in gait
abnormalities, pain, and an increased risk of early degenerative osteoarthritis in the lower
extremities. Epidemiological studies indicate that mild LLD, defined as a discrepancy of
10 mm or less, affects approximately 60-90% of the population. While more severe cases
are less frequent, they are associated with secondary conditions such as low back pain,
scoliosis, and osteoarthritis of the hip or knee. LLD not only impacts daily activities, but
may also lead to long-term complications, making early detection and precise measurement
essential. Current LLD measurement methods include physical examination and imaging
techniques, with physical exams being simple and non-invasive but prone to operator-
dependent errors. To address these limitations and reduce measurement errors, we have
developed an Al-based automated lower-limb length measurement system. This method
employs semantic segmentation to accurately identify the positions of the femur and tibia
and extracts key anatomical landmarks, achieving a margin of error within 4 mm. By
automating the measurement process, this system reduces the time and effort required for
manual measurements, enabling clinicians to focus more on treatment and improving the
overall quality of care.

Keywords: X-ray image; limb length discrepancy; computer-aided diagnosis; deep learning

1. Introduction

Limb Length Discrepancy (LLD) is a prevalent condition that can lead to compensatory
gait abnormalities, pain, and an increased risk of early-onset degenerative osteoarthritis in
the lower extremities [1,2]. Epidemiological studies suggest that mild LLD, defined as a
difference of 10 mm or less, affects approximately 60-90% of the general population [3,4].
Although more severe cases are less common, they are clinically significant, as LLD is
associated with secondary conditions such as low back pain, scoliosis, and hip or knee os-
teoarthritis, due to altered biomechanics [5]. This condition not only affects daily activities,
but can also lead to long-term complications [6,7]. Therefore, early detection and accurate
measurement are crucial for preventing these issues [8,9]. The etiology of LLD includes
growth plate injuries during childhood, unilateral bone or soft tissue tumors, congenital
conditions, and idiopathic cases where the cause remains unidentified [10,11]. Various
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methods have been used to measure limb length, including both physical examination
techniques and imaging modalities [12]. Physical exams, such as measuring distances from
the umbilicus to the medial malleolus or from the anterior superior iliac spine (ASIS) to
the lateral malleolus, offer simple, non-invasive approaches [13]. However, these meth-
ods are prone to significant measurement errors and are highly dependent on the skill of
operator [14].

Given the limitations of manual methods in accurately assessing LLD, imaging modal-
ities have been developed to address these shortcomings [15,16]. Upright weight-bearing
full-length radiography, CT scans, and MRI are among the most commonly used tech-
niques for more accurate quantification of LLD [17,18]. These techniques differ in accuracy,
reliability, and the conditions under which they assess limb lengths. Upright weight-
bearing radiography is favored for its high reproducibility and relatively low cost, allowing
clinicians to assess limb length discrepancies in functional, real-world conditions [19,20].
However, it has a measurement error margin of approximately 4 mm and may slightly
magnify images [21]. In contrast, CT scans are more accurate but cannot assess LLD in a
weight-bearing position, which is crucial for orthopedic interventions. Despite advance-
ments in imaging technology, these methods remain time-consuming and require skilled
interpretation, introducing variability and subjectivity into the process [22,23].

In recent years, artificial intelligence (Al) techniques have emerged as promising tools
to enhance the precision and efficiency of medical imaging analysis [24,25]. Traditional
imaging methods, though reliable, are prone to observer bias and are labor-intensive [26,27].
Al algorithms, particularly those based on deep learning, have demonstrated significant
potential in automating tasks traditionally performed by human operators [28,29]. These
algorithms reduce observer variability and accelerate diagnostic workflows [30,31]. Al can
process large datasets, recognize subtle patterns, and provide rapid, consistent measure-
ments, all of which are crucial for improving patient outcomes [32].

The objective of this study is to develop an AI module that reduces the time required
to measure limb lengths using upright weight-bearing full-length radiography while main-
taining high reliability and reproducibility [33]. This module will automatically identify
anatomical landmarks and measure limb lengths from radiographs, minimizing human
error. By streamlining the diagnostic process through automation, our AI module has the
potential to revolutionize LLD assessments in clinical practice. It will be evaluated for its
effectiveness and efficiency in clinical settings, ultimately improving patient care through
more accurate and timelier LLD assessments. Furthermore, this innovation could lower
healthcare costs, reduce radiation exposure, and provide broader access to high-quality di-
agnostic tools, especially in settings with limited radiological expertise. Al-driven solutions
can lead to more personalized, data-driven musculoskeletal care in the future [34-38].

Several studies have explored various approaches for measuring limb length and
assessing lower-limb alignment, focusing particularly on traditional imaging modalities
and the application of machine learning techniques. One widely used method is upright
weight-bearing full-length radiography, which provides functional and reproducible assess-
ments of limb length discrepancies. However, this method is prone to observer variability
and requires manual intervention, with potential measurement errors up to 4 mm, as
reported in previous studies (Lee et al. [39], Guggenberger et al. [40]). Lee et al. com-
pared upright radiography and supine CT, emphasizing that limb length and alignment
assessment is more accurate under weight-bearing conditions. However, this study still
relies on manual measurements and does not address potential errors arising during the
measurement process.

In recent years, machine learning techniques have increasingly been integrated into
medical imaging to reduce observer bias and enhance measurement accuracy. For instance,
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Shen et al. [41] introduced a U-Net-based method that automatically segments the femur
and tibia with high accuracy. However, this study was limited to specific datasets, and
there are challenges in applying it to various pathological conditions or data from differ-
ent hospitals. Additionally, the method still requires manual intervention for key point
extraction, making it not fully automated.

Similarly, Lee et al. [42] and Zheng et al. [43] developed systems using deep learning
to automatically measure limb length discrepancies. However, these studies primarily
used non-weight-bearing images, which fail to fully reflect important clinical information.
In particular, Lee et al. achieved success in measuring overall limb length discrepancies
but struggled with accuracy in specific patient groups and failed to consistently extract
anatomical landmarks. Zheng et al. also faced challenges with the generalizability of their
models, limiting their applicability to diverse patient populations.

Our study, the Automatic Lower-Limb Length Measurement Network (A3LMNet),
follows the same conditions for limb length measurement as previous studies, but leverages
A3LMNet, which fully automates the entire process, including femur and tibia segmenta-
tion, precise extraction of anatomical landmarks, and limb length measurement. By doing
so, we address the issues of manual intervention and data diversity limitations present in
previous studies, providing consistent and fast results without the need for expert man-
ual input. Furthermore, our method significantly improves accuracy and time efficiency
compared to manual approaches, while maintaining a high level of reliability.

(@) Segment Femur and Tibia: In this step, the femur and tibia are identified from the
X-ray data provided by CSU hospital. Details are described in Section 2.3.1.

(b) Key point extraction: To measure the lower-limb length, key points must be identified
on the femur and tibia. In this process, key points are accurately extracted from the
segmented femur and tibia. Details are provided in Section 2.3.2.

() Lower-Limb Length Measurement: The final step involves calculating the Euclidean
distance between the extracted key points to obtain the final result. More information
can be found in Section 2.3.3.

We demonstrate the effectiveness of a hierarchical approach for femur and tibia
segmentation, followed by robust key point extraction and accurate lower-limb length
measurement. These techniques yield highly precise results, comparable to those achieved
through manual measurements by medical professionals. The hierarchical process progres-
sively refines the segmentation of the femur and tibia, minimizing errors, while the key
point extraction method accurately identifies critical landmarks. Finally, our lower-limb
length measurement method calculates distances between key points with remarkable
accuracy, ensuring reliable inputs for clinical evaluation and decision-making.

2. Materials and Methods
2.1. Dataset Preparation

We utilized 5500 lower-limb raw X-ray images collected from the Department of Ortho-
pedic Surgery at Chosun University (CSU) Hospital, obtained under data use agreements
via Institutional Review Board (IRB) approval, with data gathered indiscriminately from
individuals of all ages and genders. The size of the images were all different, but about
8000 by 3000. The X-ray equipment used was the digital X-ray machine (GC85A, Samsung
Electronics, Suwon 16677, South Korea) and the imaging was consistently performed at a
fixed distance of 200 cm. The raw data were provided in DICOM format and subsequently
converted to PNG format using the DICOM viewer PACS. The lower-limb length measure-
ments were conducted by experts of CSU hospital. As depicted in Figure 1b, the lower-limb
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length was uniformly measured from the most superior point of the femoral head to the
midpoint of the most inferior part of the tibia.

R

752.95 750.17 712.18 707.92
A

(@) (b)

Figure 1. Lower-limb X-ray image collected by Chosun University Hospital. (a) Raw lower-limb
X-ray images. (b) Manually measured lower-limb length by experts of CSU hospital.

The lower-limb X-ray dataset was randomly split into train, validation and test image,
with a ratio 8:2:1 ratio, respectively, of 4000 train images, 1000 validation images and
500 test images.

2.2. Image Preprocessing

The raw data had an average size of 8000 by 2000 pixels. As the image size was exces-
sively large for our purposes, we resized the images to 1024 by 256 pixels. Additionally, due
to the inherently dark nature of raw X-ray images, it was essential to adjust the brightness.
We applied histogram equalization to the images. This adjustment made the bone structures
appear white and the background dark, enabling clear differentiation. However, when
applying histogram equalization to the entire image, an issue arose where the background
became black, leading to an overly bright overall image, as shown in Figure 2c. To address
this, we implemented cut-off histogram equalization. Cut-off histogram equalization in-
volves assigning a cut-off value and applying histogram equalization only to the range from
n to 255, instead of the entire 0 to 255 range. After various experiments, we determined n
to be 15 and applied cut-off histogram equalization, yielding the results shown in Figure 2.

2.3. Proposed A3LMNet

The flowchart of proposed A3LMNet is shown in Figure 3.
The below provides a succinct explanation of the steps in the A3LMNet process.

i.  Semantic segmentation (for detail, see Section 2.3.1): first, the preprocessed lower-limb
X-ray images are semantically segmented into two classes, the femur and tibia.

ii. Key point extraction (for detail, see Section 2.3.2): from the semantically segmented
regions, we extract two key points necessary for the calculations.

iii. Lower-limb length calculation (for detail, see Section 2.3.3): to determine the lower-
limb length on each side, we calculate the Euclidean distance between the key points
on the left and right sides.
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(a) (b)

Figure 2. (a) Raw lower-limb X-ray images. (b) The result image of cut-off histogram equalization.
(c) The result obtained after applying histogram equalization without cut-off.

(@) (b)

Figure 3. The flowchart of A3SLMNet. (a) Raw lower-limb X-ray images. (b) Applying the cut-off
histogram equalization. (c) The regions of the femur and tibia delineated by semantic segmentation.
(d) Determining lower-limb length using the extracted key points.

The following sections detail the methods required for semantic segmentation, key
point extraction, and lower-limb length calculation.

2.3.1. Femur and Tibia Segmentation

To accurately measure lower-limb length, it is essential to identify the precise locations
of the femoral head’s central uppermost point and the tibia’s central lowermost point. We
called these “key points”. Consequently, determining the exact positions of the femur and
tibia in lower-limb X-ray images is paramount. In this phase, we focused on identifying the
regions of the femur and tibia in preprocessed images to accurately locate these key points.
To achieve this, we employed one of the deep learning techniques known as semantic
segmentation, which has gained widespread use in medical imaging for pinpointing specific
anatomical regions. Among the various methods available, we utilized DeepLabV3+ with
ResNet 50 as the backbone, leveraging a pretrained network based on the ImageNet dataset,
and fine-tuned it for our purposes. For training this network, we prepared a dataset
consisting of 4000 training images and 1000 validation images. Each image in the dataset
was meticulously annotated by experts from the CSU hospital, labeling the pixels into
two classes: femur and tibia, as illustrated in Figure 4.
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Figure 4. (a) Preprocessed lower-limb X-ray images. (b) An image visualizing pixel labels with the

femur in gray and the tibia in white. (c) The overlapped image of (a,b).

Using these data, we trained the semantic segmentation model to accurately identify

the regions of the femur and tibia. However, due to the inherent noise in X-ray images,

errors can occur. To address this, we implemented Exception Handling after Inference. In a

correctly performed segmentation, there should be a total of four regions, with one femur

and one tibia on each side. However, due to the nature of semantic segmentation, pixel

errors can occur. Therefore, we conducted a post-processing procedure in five steps, to

accurately determine the regions of the femur and tibia, as outlined below.

i

ii.

1.

iv.

Select the two largest femur and tibia regions:
Let S be the segmented image, where S(x,y) = 1 for femur and S(x,y) = 2 for tibia.
Identify connected regions:

"
(Coans} . forston =12 o
where C; ; represents connected components of femur and C, ; represents connected
components of tibia with i € {1,...,1;} denoting the index of each connected compo-
nent and j = 1, 2 specifying femur(j = 1) or tibia (j = 2)

Select the two largest regions:

Rs(x, y),1:Rs(x, y),2 = argmax’Cs(x, yil 1€ {1, ...,n}, i=1,2 (2)

where R; ; and R, are the selected femur regions and R; 1 and Rj are the selected
tibia regions.
Calculate the centroids of each femur and tibia regions:

_ _ 1
TRsuy), k7 YRsioy) k= ‘RS( ) k‘ Z(a’h)GRS(x,y),k(a, b), k=12, 3)
x,y),

where the selected regions R, ) 1 and Rg(, ), 2-
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v.  Classify, based on centroid coordinates:

Femurg : argmax (le 17 XR, 2)

Femury : argmin(?Rll,lez)

(4)

centroid x — coordinates of <
Tibiag : argmax (YRI 1 XR; 2)

Tibiay : argmin (YR“,YR”)

By applying this method, the centroid x-coordinates for the Femurg, Femury, Tibiag and
Tibiay, regions are determined. The corresponding y-coordinates for Rgy ), 1, wherek =1, 2
are the centroid y-coordinates of each respective region. The Ry, ;) x values of the obtained
coordinates define each respective region. It is important to note that only the x-coordinates
of the centroids are used for classification because the separation of left (L) and right (R)
regions is primarily along the horizontal axis. The x-coordinate alone provides sufficient
information to distinguish between left and right sides, while the y-coordinate, representing
vertical positioning, does not contribute to this differentiation. This choice simplifies the
classification process without compromising its accuracy.

Using the aforementioned method, Femurg, Femury, Tibiag and Tibiaj, are identified,
and regions outside these areas are disregarded. This ensures proper functionality, even if
errors, as shown in Figure 5, occur.

Figure 5. An error caused a femur region to appear next to the tibia, but the error region was ignored

through exception handling.

2.3.2. Key Point Extraction for Determining Lower-Limb Length

Upon completing the segmentation, we can extract the key points necessary for
measuring lower-limb length. A total of four key points are required: the central uppermost
points of the femoral heads on the left and right femurs, and the central lowermost points
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of the tibias on the left and right sides. By determining these four points, we can calculate
the lower-limb length by measuring the distances between the corresponding points on
each side.

i Left- and right-femur key points: the key points of the femur can be determined
relatively easily. We need to identify the femoral head of the femur, which can be
found at the highest y-coordinate point of Femurg and Femury.

ii. Left- and right-tibia key points: identifying the key points of the tibia requires a
considerably more complex process. Simply locating the lowest point may yield in-
correct coordinates, due to the presence of the medial malleolus. To address this, we
developed a specific method to accurately identify the key points, ensuring precise
measurement of lower-limb length. This approach guarantees the determination of
the optimal points for accurate measurement. Each step of the method is indicated
in Figure 6a.

A.  Find the lowest point of the tibia. (Purple points of Figure 6a).

B. Extract the tibia region by up to 10% of its total length above the lowest point.
(Orange lines in Figure 6a).

C.  Find the leftmost and rightmost points in the extracted Tibiag and Tibiay .

(Blue points of Figure 6a).

Calculate the midpoint of the found points. (Green points of Figure 6).

m O

Find the lowest point in the tibia region corresponding to the x-coordinate of
the midpoint. (Red points of Figure 6a).

100/00f
the total
length of
tibia
(a)

Figure 6. Key point extraction process and results. (a) Each point represents the outcome of the five

(b)

steps, A to E, of the methods mentioned above. (b) Key points extracted for each femur and tibia.

In Figure 6b, the yellow dot represents the key point of the left femur and is designated
as KPrepyy, - Similarly, the green point is KPpepyp, the red point is KPrj,;,, and the blue
pOil’lt is KPTime.
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2.3.3. Calculating the Euclidian Length Between Two Key Points

The final step involves measuring the lower-limb length by calculating the distances
between KPrepy,, and KPrj,, , as well as between KPrepyr, and KPripiq,. This can be
achieved by determining the Euclidean distance. However, this method measures the
distance in pixels rather than the actual physical distance. To convert the pixel distance
into the actual physical distance, the measured pixel value is divided by a ground-truth
value measured by an expert, resulting in the scaling factor s. This scaling factor s is then
used to convert pixel measurements to the real length of the lower limb, as indicated by the
following equation.

2 2
_ \/(XKPTibiuL —XKPFemurL) + (yKPTime —YKPFemurp, )

Lower Limb Lengthy.r = S
, . (5)

\/ (xKPTibiuR —XKPFemurg ) + (yKPTibiu R ~YKPFemurg )
S 7

Lower Limb Lengthgiens =

where Xk pFemur, A1d YKpFemur; are the x and y coordinate of KPpe,-, and the others follow
a same pattern.

3. Results

Our proposed “Automated Lower-Limb Length Measuring Network”, ASLMNet,
was implemented using Python on a computer with a GeForce RTX 3090, GPU 24 GB.
Lower-limb X-ray images were collected from the CSU hospital to verify the performance
of the proposed model, where experts annotated the images and measured length. As
demonstrated in the following experiments, our proposed algorithm accurately identified
key points in lower-limb X-ray images, allowing for the precise measurement of lower-limb
length. This advancement reduces the burden on experts who would otherwise need to
measure lengths manually, thereby freeing up valuable time for discussing more effective
treatment methods or conducting more in-depth research.

3.1. Performance of Femur and Tibia Segmentation

Given a preprocessed lower-limb X-ray image, semantic segmentation is a crucial step
in A3LMNet for detecting key points on the femur and tibia. The image is segmented into
two distinct regions: femur and tibia, and this segmentation is used to identify key points
necessary for accurately measuring the length of the lower limb. For semantic segmentation,
a pretrained model, DeepLab V3+ with a ResNet-50 backbone, was trained using transfer
learning with the lower-limb X-ray images. In this study, cross-entropy loss was utilized to
adjust model weights during neural network training. The quality of semantic segmentation
was assessed using metrics including mean accuracy, mean Intersection over Union (IoU),
and Boundary F-1 Score (BF1 Score). The performance outcomes for semantic segmentation,
specifically pertaining to liver detection, are summarized in Table 1. Additionally, since
deviations are not typically provided for in these metrics, we performed K-fold validation
to calculate the deviation for Mean IoU separately, and included these results in Table 1.

Table 1. Performance of semantic segmentation for femur and tibia.

Class Mean Accuracy (o) Mean IOU (o) BF1 Score

Femur 0.958 (0.018) 0.982 (0.011) 0.970
Tibia 0.963 (0.015) 0.984 (0.009) 0.973
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The Mean IoU is the most commonly used evaluation metric for semantic segmenta-
tion tasks, enabling the evaluation of predicted pixel accuracy against the ground truth.
Similarly, the BF1 score measures the similarity between the boundaries of segmented
images and those of the ground truth. As demonstrated in Table 1, all three metrics show
exceptionally high values, indicating that our preprocessing methods have had a signifi-
cantly positive impact on the X-ray images. Despite the inherent noise present in medical
images, our preprocessing steps have yielded excellent results. This has been crucial in
accurately identifying the key points required for precise measurements.

3.2. Performance of the Key Point Extraction

Using semantic segmentation, we segmented the femur and tibia regions. From these
segmented regions, we extracted the key points necessary for measuring lower-limb length.
The key point on the femur was easily identified as the uppermost point of the femoral head.
However, due to the presence of the medial malleolus, extracting the key point on the tibia
required a more complex, five-step process. We evaluated the accuracy of the key points
extracted through this process. The accuracy assessment involved calculating the pixel
value differences between the coordinates of the identified key points, specifically KPrepr, ,
KPremurgs KPripia, and KPrjp;a,, and their corresponding ground-truth coordinates, as
determined by the following formula.

L. 2 2
Deviation Of KPFemurL = \/(xGTFemurL - xKPPemrL) + (yGTFemurL - ]/KPFemurL)

(6)

- 2 2
Deviation of KPrip;s, = \/(xGTTibiaL — Xkpivia, ) + (YGTTibia, — YKPTibiay) s

where Deviation of KPpeyyy, and KPrpi,, follow a same pattern.

The deviation of key points was calculated to assess the accuracy of the identified
key points. Due to the varying sizes of the original datasets, making precise comparisons
was challenging. Therefore, we resized all images to 8000 by 2000 pixels for consistent
testing. Table 2 presents the deviation results for key points across five test datasets.
The key point deviation, with a maximum of 25.18 pixels, represents only about 0.3%
of the diagonal length of the 8000 by 2000 pixel resized images provided by CSU. This
minimal error indicates that the identified key points are highly accurate, supporting the
reliability and clinical applicability of the lower-limb length measurements discussed in
the following section.

Table 2. The ground-truth, measured-length, and deviation values for the lower-limb length measured
by A3LMNet with 10 out of 1000 test data.

Test Data  Ground Truth (mm)  Measured Length (mm) Deviation (mm)

Number Left Right Left Right Left Right
1 793.2 787.2 792.94 787.43 0.26 0.23
2 828.6 827.5 830.56 826.74 1.96 0.76
3 790.6 784.5 790.09 783.66 0.51 0.84
4 889.6 886.0 892.12 883.52 2.52 2.48
5 815.9 817.2 817.05 816.43 1.15 0.77
6 852.4 860.2 849.73 858.08 2.67 2.12
7 743.9 725.9 743.59 724.90 0.31 1.00
8 756.9 781.7 755.65 783.79 1.25 2.09
9 766.9 763.6 766.93 766.54 0.03 2.94
10 691.5 694.7 693.27 694.83 1.77 0.13

Mean - - - - 1.57 1.45
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As seen in the table above, the deviation of the key points does not exceed 30, indicating
a high level of accuracy in key point extraction. This high accuracy suggests that the
measurement of lower-limb length in the next phase will be highly reliable. Consequently,
this method can be trusted and utilized by clinical experts.

3.3. Performance of Measuring the Lower-Limb Length

Using the highly reliable key points identified earlier, we measured the lower-limb
length, which is our final objective. Table 3 presents the ground-truth distances, measured
lengths, and deviations for the 10 test datasets.

Table 3. Key points of the Femur and Tibia: ground truth, extracted values, and errors.

Ground Truth (x, y) Extracted Key Points (x, y) Deviation
Test Data

Number Femury, Femurg Femury, Femurg Femury, Femurg
Tibiay, Tibiag Tibia;, Tibiag Tibia;, Tibiag

1 (516, 6901) (1460, 6854) (523, 6899) (1445, 6860) 7.28 16.15

(841, 798) (1207, 809) (859, 813) (1219, 805) 23.43 12.65

» (619, 6952) (1584, 6921) (601, 6954) (1570, 6922) 18.11 14.04

(863, 917) (1213, 917) (875, 914) (1195, 922) 12.37 18.68

3 (556, 6982) (1474, 6922) (531, 6985) (1468, 6930) 25.18 10.00

(519, 940) (1307, 940) (539, 953) (1289, 953) 23.85 22.20

4 (546, 6659) (1532, 6613) (531, 6665) (1523, 6625) 16.16 15.00

(788, 1125) (1181, 1125) (797, 1125) (1172, 1148) 9.00 24.70

5 (470, 7048) (1488, 7110) (453, 7047) (1460, 7102) 17.03 29.12

(920, 975) (1266, 1005) (930, 969) (1258, 1000) 11.66 9.43

Since the values we obtained are in pixels, there is a discrepancy between the pixel
measurements and the actual physical distances. To address this issue, we determined a
scaling factor, denoted as s, which was found to be most appropriately set to 74.9 based on
extensive data analysis. Therefore, we divided the measured pixel values by 74.9, resulting
in the following adjusted results, seen in Table 2. The accuracy of the lower-limb length
measurements was evaluated by comparing our results with ground-truth measurements
provided by clinical experts. The average deviation from the ground truth was within the
targeted 3 mm threshold, which is well within the acceptable range for clinical applications.
This minor deviation indicates that our method provides precise measurements, crucial for
accurate diagnosis and treatment planning.

4. Discussion and Conclusions

This study aimed to improve the accuracy and efficiency of LLD measurement using
upright radiography, through the application of Al. The results showed that the Al module
provided faster and more reliable measurements compared to manual methods, signifi-
cantly reducing inter-observer variability. This is a crucial achievement in enhancing the
consistency of LLD evaluations in clinical settings, easing the burden on clinicians while
ensuring precise diagnoses. To achieve these results, we developed A3LMNet. In the first
stage, semantic segmentation of the femur and tibia achieved a mean accuracy of 0.958,
0.963 and Mean IOU of 0.963, 0.984 respectively. The second stage, key point extraction,
showed an error rate of up to 25.18 pixels, which corresponds to only 0.3% of the entire
image, a remarkably small figure. Lastly, in the most important stage, lower-limb length
measurement, the test showed a maximum error of 2.9 mm, much lower than the 4 mm
error margin typical in manual measurements. Additionally, this method was not only
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more accurate, but also approximately 90% faster than traditional methods. It takes approx-
imately 6 s from loading the file to generating the results for the X-ray image. Compared
to other studies, such as Moon et al. [18], our approach demonstrated a processing speed
improvement of approximately 6.38 s (6 s vs. 12.38 s) and a reduction in average error
margins for lower-limb length measurement. Specifically, our method achieved average
errors of 1.57 mm for the left side and 1.45 mm for the right side, compared to 2.3 mm
reported in Moon et al. These results highlight the superior efficiency and accuracy of our
method in LLD measurement. However, it is important to note that the method proposed
by Moon et al. is commendable for its ability to analyze not only limb length, but also
additional parameters such as angles, providing a more comprehensive assessment. We
respect their approach for its broader applicability and detailed evaluation framework.

Returning to our methodology, this error margin is clinically acceptable, suggesting
that Al could be used as a practical diagnostic tool in radiographic analysis. It has the
potential to save time for many experts, and to significantly contribute to improving the
quality of medical care. The ability of the Al module to automatically identify anatomical
landmarks while maintaining reproducibility underscores the importance of automation
technology in the field of orthopedics. The improvement in accuracy and speed through
the Al module could be particularly useful in busy clinical settings, enabling healthcare
professionals to make faster and more reliable diagnoses. Especially in cases where repeated
measurements are necessary for LLD diagnosis, automated tools can reduce observer
fatigue and errors, ensuring consistency throughout the diagnostic process.

In conclusion, this study demonstrated that Al-based technology can significantly
enhance the efficiency and accuracy of LLD measurements. The results of this study
hold clinical significance in terms of reducing healthcare costs and minimizing radiation
exposure, while also showing potential for use as a diagnostic tool in environments with
limited radiological expertise. Further clinical research will be necessary to expand the
role of Al and increase its applicability in musculoskeletal assessments. It is crucial to
assess whether the performance of the AI module is consistent across different machines
and clinical environments, not just limited to specific hospitals or devices. Additional
studies are needed to train and test the Al model on a variety of radiographic machines
and hospital settings, to ensure broader applicability.

However, this study has some limitations. We used X-ray images from CSU Hospital,
and if X-rays from other hospitals have different distances between the source and the
subject, accurate distance measurement may not be possible. To address this issue, we are
working on an algorithm that can incorporate information about the X-ray distance as part
of our future work. Additionally, this study focused solely on radiographic evaluation, and
future research should aim to integrate functional assessments for a more comprehensive
evaluation of LLD. Future advancements in deep learning techniques and the use of larger
datasets for training Al models will allow for more reliable measurements, even in complex
anatomical structures. Furthermore, combining other types of medical imaging, such as
3D CT and MRI, could enable Al to contribute not only to LLD evaluation, but also to
treatment planning.
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