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Abstract
Analyzing spinal curvatures manually is time-consuming and tedious for clinicians, and intra-observer and inter-observer 
variability can affect manual measurements. In this study, we developed and evaluated the performance of an automated deep 
learning–based computer-aided diagnosis (CAD) tool for measuring the sagittal alignment of the spine from X-ray images. 
The CAD system proposed here performs two functions: deep learning–based lateral spine segmentation and automatic 
analysis of thoracic kyphosis and lumbar lordosis angles. We utilized 322 datasets with data augmentation for learning and 
fivefold cross-validation. The segmentation model was based on U-Net, which has multiple applications in medical image 
processing. Here, we utilized parameter equations and trigonometric functions to design spinal angle measurement algo-
rithms. The kyphosis (T4–T12) and lordosis angle (L1–S1, L1–L5) were automatically measured to help diagnose kyphosis 
and lordosis. The segmentation model had precision, sensitivity, and dice similarity coefficient values of 90.53 ± 4.61%, 
89.53 ± 1.8%, and 90.22 ± 0.62%, respectively. The performance of the CAD algorithm was also verified with the Pearson 
correlation, Bland–Altman, and intra-class correlation coefficient (ICC) analysis. The proposed angle measurement algorithm 
exhibited high similarity and reliability during verification. Therefore, CAD can help clinicians in reaching a diagnosis by 
analyzing the sagittal spinal curvatures while reducing observer-based variability and the required time or effort.

Keywords  Deep learning · Segmentation · Computer-aided diagnosis · Thoracic kyphosis · Lumbar lordosis

Introduction

Spine, an important anatomical structure in the human body, 
is a complex multi-articular system that supports the head 
and half of the body weight and protects the spinal cord, 
spinal nerve roots, and vertebral arteries [1]. The normal 
physiological curvature of the spine consists of a series of 
harmonious curves in the sagittal plane: cervical lordosis, 
thoracic kyphosis, and lumbar lordosis [2].

Previous studies suggest that increase in thoracic curva-
ture is associated with back pain and higher risk of fracture, 
as well as a lower quality of life. Furthermore, decreased 
lumbar lordosis is also associated with back pain, higher fall 
risk or loss of balance, and lower quality of life. Therefore, 
spinal deformity with back pain due to spinal cord injury, 
weakness, metastatic disease of the spine, and degenerative 
spine disease etc. can lead to a decrease in the quality of 
life [3–5].

The growing elderly population and the practice of fixed 
regular stances for prolonged durations contribute to a rise 
in the number of spinal deformity cases [6, 7]. According 
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to the World Health Organization (WHO) survey, between 
250,000 and 500,000 people suffer a spinal cord injury each 
year. Additionally, spinal deformity is reported as a serious 
condition in elderly individuals with degenerative changes 
in the spine and adolescents who have prolonged improper 
postures [8–10].

Radiological analysis of spinal curvature is utilized to 
evaluate various spinal disorders. Spinal curvature analysis 
is important in clinical decisions and research development. 
In clinical practice, a treatment modality is usually deter-
mined based on the degree of abnormal curvature and pro-
gression of deformity. However, in research, spinal curvature 
is assessed to evaluate treatment outcomes, and effectiveness 
of interventional studies.

A diverse range of non-invasive measurement devices 
(e.g., the flexicurve and the manual inclinometer) facilitate 
the measurement of spinal posture in clinical practice. In 
particular, the Cobb angle technique using radiographic 
images is considered the gold standard for postural assess-
ment of the spine in the sagittal plane [11–13].

Since the radiographic angle for acquiring X-ray images 
is assessed manually, variability in the measurement value 
may occur even when measured by the same operator [14]. 
The technical quality of the radiograph that is affected by 
intra-observer and inter-observer variability influences the 
clinician’s interpretation [15].

Due to the growing demand for precise measurement 
of spinal angles, computer-aided diagnosis (CAD) has 
shown significant progress [16–20]. Al Arif et al. (2018) 
performed automatic segmentation of cervical spine X-ray 
images with a novel shape-aware deep segmentation net-
work (Unet-S) and a U-Net model. Here, the authors could 
achieve a dice similarity coefficient (DSC) of 0.84 and an 
average shape error of 1.69 mm [21]. Moreover, U-Net and 
web-based spine segmentation in computed tomography 
images provides DSC and sensitivity values of 90.4% and 
86.99%, respectively [22]. Additionally, digitalized video 
fluoroscopic imaging (DVFI) system with Siamese convolu-
tional network can automatically track lumbar vertebra with 
rotated bounding boxes [23]. Alternately, a sequential con-
ditional reinforcement learning network (SCRL) can detect 
and segment vertebral bodies simultaneously from magnetic 
resonance (MR) spine images with a DSC of 92.6% [24].

A CAD system can automatically analyze Cobb’s angle 
using an active shape model to provide a diagnosis for sco-
liosis. Spine angle measurements in anteroposterior (AP) 
X-ray image had a tolerance of 3–4 degrees in comparison 
to experts’ measurements [25]. Deep learning convolutional 
neural network (CNN) approaches like U-Net, dense U-Net, 
and residual U-Net can be utilized to automatically measure 
spinal curvatures from anterior–posterior (AP) view of spi-
nal X-ray images. The developed system provides a complete 
segmented spine image along with accurate spine curvature 

measurements to aid in clinical diagnosis [26]. Yet another 
automatic measurement method utilized trigonometric func-
tions to measure Cobb’s angle, and the ResNet-50 convolu-
tion neural network (CNN) detected vertebra within ~ 15° of 
the surgeons’ measurements [27].

Therefore, automatic segmentation and measurement of 
Cobb’s angle in AP image for scoliosis diagnosis is well 
established. However, not only there have been very few 
reports analyzing sagittal spinal angles, but also previous 
studies are semi-automatic systems that require radiologists 
to participate in measurements. Therefore, the CAD system 
that fully automatically analyzes kyphosis and lordosis has 
not been reported yet. In this study, we performed lateral 
(LAT) spine segmentation using U-Net, which is a deep 
learning model in CNN that can segment medical images 
[28]. Furthermore, we proposed a fully automated CAD sys-
tem based on deep learning to measure kyphosis and lordo-
sis angles. Our CAD system based on deep learning should 
minimize observer variability in comparison with manual 
measurement, and be cost-effective, time-efficient, reliable, 
and reproducible.

Materials and Methods

Dataset Collection

A total of 322 whole spine LAT X-ray images formatted with 
digital imaging and communications in medicine (DICOM) 
were collected from Gil Hospital with IRB approval (IRB 
number: GDIRB2019-137). Data of adult patients diag-
nosed with scoliosis with an average age of 62 years (stand-
ard deviation: ± 15) was considered. The datasets include 
examples of vertebrae with catheters, degenerative changes, 
and bone implants. All data were anonymized, and standard 
research protocols have been followed. Two experts who 
were trained to identify vertebrae for radiologists demar-
cated the region of interest (ROI) on the LAT spine images 
using ImageJ (NIH, Bethesda, MD, USA). The final ROI 
was determined after revision and modification by two radi-
ologists with more than 10 years of experience.

Development Environment

The deep learning model for spine lateral segmentation was 
implemented on Ubuntu (18.04) operating system using 
Python (3.6.1), Keras (2.3.1), and TensorFlow. For the 
development of kyphosis and lordosis measurement CAD 
system, Microsoft visual studio (version 2017, Microsoft, 
Redmond, WA, USA), insight toolkit (ITK, version 4.4.1; 
Insight Segmentation and Registration Toolkit, Kiteate Inc., 
NY, USA) [29], and visualization toolkit (VTK, version 
5.10.0) [30] were used.
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Data Pre‑processing

For deep learning, all the input data must have the same 
size. Resizing and zero-padding were applied to all the input 
images to set the size as 1024 × 1024 pixels with a value 
of 8 bits per pixel. To prevent overfitting during training, 
and to improve the network performance, data augmenta-
tion was used for the training data [31]. Four transformed 
images were produced from one training image by applying 
rotation of approximately 15° and space augmentation or 
shifting translation of around 5%. Thus, 968 training images 
were generated with data augmentation, and the remaining 
60 test images were used for verification. We trained the 
model by fivefold cross-validation to determine the model’s 
performance quantitatively.

U‑Net Architecture

To capture vertebral features, the U-Net algorithm optimized 
for medical image segmentation was implemented [32]. 
U-Net consists of a contraction path to extract image fea-
tures, an expansion path to expand the feature map size, and 
skip-connections to minimize information loss and perform 
accurate localization (Fig. 1). Rectified linear unit (ReLu) 
function was used as the activation function, while the 

sigmoid function was utilized in the last convolutional layer. 
The hyperparameter was set as 4 batch size, 100 epochs, and 
0.001 learning rate. Additional information of the U-Net 
algorithm is presented in Table 1.

Data Post‑processing

If the result mask images contain pieces of noise from 
lumbar implant, medical catheter, or thick adipose tissue 
etc., data post-processing is required to remove the noisy 
elements. Mis-detection of the noise as a vertebral body 
obscures angle measurement. Thus, morphology post- 
processing, which includes erosion and dilation, was used to 
minimize noise. Erosion is the process of peeling an image; 
when the pixel kernel overlays noise smaller than the kernel, 
1 is updated to 0. Dilation is an expansion process that alters 
the perimeter; when the noise does not completely overlap 
with the kernel, 0 is flipped to 1. The erosion and dilation 
processes were applied twice to the predicted image by the 
segmentation model using a 4 × 4 kernel (Fig. 2).

Measurement of Spinal Curvature (Sagittal 
Alignment of the Spine)

Thoracic kyphosis and lordosis are diagnosed using an 
image of the lateral spine in the sagittal plane. Figure 3 

Fig. 1   U-Net architecture for training the segmentation model
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summarizes the measurements of spinal curvatures in the 
sagittal plane. Thoracic kyphosis is evaluated by measur-
ing the angular intersection between lines parallel to the 
T4 superior and the T12 inferior end plate [33]. Lumbar 
lordosis is the angular intersection between lines parallel 
to the superior end plate of L1 and the sacrum superior 
(S1). Some radiologists measure the angular intersection 
between lines parallel to the L1 superior and the L5 inferior 
end plate as needed (e.g., when the sacrum is not visible 
on the X-ray image) [34, 35]. Here, we measured thoracic 
kyphosis based on T4–T12 and lumbar lordosis based on 
L1–S1 and L1–L5.

Algorithm for Kyphosis and Lordosis Angle 
Measurement

The developed CAD system follows the algorithm outlined 
in Fig. 4. First, the system receives the formatted DICOM 
files as input, and then, a trained segmentation model deter-
mines the vertebral contour. Second, angles of kyphosis and 
lordosis are estimated. Third, the measured angles are visu-
alized by overlaying it with the original X-ray image.

The vertebral contour is detected from the previously 
learned segmentation model. As shown in Fig. 5a, the CAD 
system detects the vertebral body contours.

Table 1   The network structure 
and hyperparameters of U-net

Unit level Conv layer Filter Activation function Output size

Input 1024 × 1024 × 1
Encoding Level 1 Conv 1 3 × 3 / 32 ReLu 1024 × 1024 × 32

Conv 2 3 × 3 / 32 1024 × 1024 × 32
Level 2 Conv 3 3 × 3 / 64 ReLu 512 × 512 × 64

Conv 4 3 × 3 / 64 512 × 512 × 64
Level 3 Conv 5 3 × 3 / 128 ReLu 256 × 256 × 128

Conv 6 3 × 3 / 128 256 × 256 × 128
Level 4 Conv 7 3 × 3 / 256 ReLu 128 × 128 × 256

Conv 8 3 × 3 / 256 128 × 128 × 256
Bridge Level 5 Conv 9 3 × 3 / 512 ReLu 64 × 64 × 512

Conv 10 3 × 3 / 512 64 × 64 × 512
Decoding Level 6 Conv 11 3 × 3 / 256 ReLu 128 × 128 × 256

Conv 12 3 × 3 / 256 128 × 128 × 256
Level 7 Conv 13 3 × 3 / 128 ReLu 256 × 256 × 128

Conv 14 3 × 3 / 128 256 × 256 × 128
Level 8 Conv 15 3 × 3 / 64 ReLu 512 × 512 × 64

Conv 16 3 × 3 / 64 512 × 512 × 64
Level 9 Conv 17 3 × 3 / 32 ReLu 1024 × 1024 × 32

Conv 18 3 × 3 / 32 1024 × 1024 × 32
Output Conv 19 1 × 1 Sigmoid 1024 × 1024 × 1

Fig. 2   Data processing for deep 
learning
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A minimal bounding box was generated to circumscribe 
the vertebral body contour. Since the order in which the 
vertices of the box are generated varies based on the slope 
of the vertebral body, exception processing was performed 

such that vertices are generated in the same order. Figure 5b 
depicts the upper plate and the end plate of the vertebral 
body, and based on the parameters, the straight-line equa-
tions are calculated as follows.

Fig. 3   Measurement of thoracic 
kyphosis and lumbar lordotic 
angles using Cobb’s method in 
a lateral radiographic image of 
the spine
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Fig. 4   Automated CAD system 
algorithm
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Fig. 5   Measurement process for 
kyphosis and lordosis angles in 
the CAD program. a Predicted 
contours of the whole spine ver-
tebrae from the deep learning 
model. b Equation parameters 
and the vertebral body coordi-
nates with the bounding box

Fig. 6   Representative analysis 
result from the CAD program. 
The thoracic kyphosis and lum-
bar lordosis (L1–S) angles are 
depicted on the image and the 
values are displayed below
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where t and s are parameters, P(t) and P(s) are equations 
of a straight line, and P1, P2, P3, and P4 are the coordi-
nates of the vertices of the vertebral body. The simulta-
neous straight-line equations determine the coordinates of 
the intersection of the upper plate and the end plate. The 
angle between the intersection and vertebrae is determined 
as follows.

where �1, �2 represents the angle between the two straight 
lines; a, b, and c represent the distance between the coordi-
nates of the three points. The angle between T4 and T12 is 
the thoracic kyphosis, and the angle between L1 and L5 or 
L1 and S1 is the lumbar lordosis.

(1)P(t) = (1 − t)P1 + tP2,

(2)P(s) = (1 − s)P3 + sP4,

(3)�1, �2 = cos−1
b
2 + c

2 − a
2

2bc
,

Statistical Analysis

We assessed the segmentation model performance by com-
paring the segmented images with the ground truth pixel 
by pixel. Three evaluation criteria—precision, sensitivity, 
and DSC—were utilized. Cases in which the vertebrae were 
recognized as vertebrae were considered true positive (TP), 
whereas if the non-vertebrae regions were recognized as ver-
tebrae, they were classified as false positive (FP). Further-
more, true negative (TN) implied that non-vertebrae regions 
were recognized as non-vertebrae, and false negative (FN) 
implied that vertebrae were incorrectly recognized as non-
vertebrae. Precision, sensitivity, and DSC were determined 
using Eqs. (4)–(6).

(4)Precision =
TP

TP + FP

(5)Sensitivity =
TP

TP + FN

Fig. 7   Representative result 
from CAD program, where 
thoracic kyphosis and lumbar 
lordosis were measured based 
on L1–L5. The measured angle 
values are depicted on the bot-
tom left
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The performance of the CAD algorithm was verified 
with Pearson correlation, intra-class correlation coefficient 
(ICC) analysis, and Bland–Altman plot using MedCalc 
19.7 (MedCalc Software, Ostend, Belgium) program. Pear-
son correlation analyzes linear or nonlinear relationships 
between two variables using a correlation coefficient (R). 
The value of R ranges between –1 and 1, where –1 denotes 
negative correlation, 1 denotes positive correlation, and 

(6)DSC =
TP

(TP + TN) + (FP + FN)
× 2

Fig. 8   Resulting images of 
segmentation of whole lateral 
spine. a Original images. 
b Ground truth images. c 
Segmentation result images. d 
Overlaid images

Table 2   Five-fold cross-validation results of the trained segmentation 
model

Cross-valida-
tion number

Precision (%) Sensitivity (%) DSC (%)

1 89.92 86.04 89.14
2 92.95 91.29 91.02
3 89.70 89.92 90.24
4 83.01 89.95 90.54
5 97.08 90.47 90.17
Average 90.53 ± 4.61 89.53 ± 1.8 90.22 ± 0.62
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0 indicates no linear correlation. If the correlation coef-
ficient is higher than 0.5, a strong quantitative correlation 
exists [36]. This analysis represents similarity between two 
measures. ICC analysis evaluates reliability between two 
measurement methods. ICC values range between 0 and 1, 
where 0–0.4 indicates poor reliability, 0.4–0.6 denotes fair, 
0.6–0.75 suggests good, and 0.75–1.0 indicates excellent 
reliability [37]. Bland–Altman plot was used to evaluate 
the similarity of angle measurement between radiologist 
and CAD.

Results

In this study, we developed a computer-aided system that 
utilizes deep learning, and automatically analyzes thoracic 
kyphosis and lumbar lordosis. The CAD system uses VTK 
to depict the measured angles (Fig. 6).

Also, radiologists can select the measuring method 
properly between L1–L5 and L1–S (Fig. 7).

Furthermore, the performance of the segmentation 
model, and angle measurement algorithms were verified 
with the test data (60).

LAT Spine Segmentation Model Performance

Figure 8 depicts the segmented images.
The ground truth images in the test dataset and the image 

segmentation results were compared. Here, on an aver-
age, we observed precision of 90.53 ± 4.61%, sensitivity of 
89.53 ± 1.8%, and DSC of 90.22 ± 0.62% (Table 2).

Performance of the Automated CAD Algorithm

Performance of the automatic analysis algorithms for thoracic 
kyphosis and lumbar lordosis was verified using the Pearson 
correlation and ICC analysis and additionally Bland–Altman 
plot which show similarities between radiologist and CAD. 
Manual angle measurements were determined thrice by two 
radiologists who have more than 10 years of experience with 
the same samples. No significant difference between the 

Fig. 9   Scatter chart plots comparing angles measured by radiologist and the CAD system. a Thoracic kyphosis. b Lumbar lordosis based on 
L1–S. c Lumbar lordosis based on L1–L5
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manual measurements was observed (P > 0.05). The Pearson 
correlation (R) between the values measured by the radiologist 
and the CAD system was 0.91 for kyphosis (P < 0.05), 0.80 
for lordosis based on L1–S1 (P < 0.05), and 0.91 for lordosis 
based on L1–L5 (P < 0.05). Thus, a strong quantitative cor-
relation was observed in all the cases. Figure 9 shows a scatter 
plot that depicts the similarity between two measurements. 

Moreover, Bland–Altman plots showed that most values 
were located in the 95% confidence interval, which suggested 
that the predicted and expected results were highly similar 
(Fig. 10).

Average ICC values of 0.94 for kyphosis, 0.89 for lordo-
sis based on L1–S1, and 0.95 for lordosis based on L1–L5 
were significant and reliable for all the cases (Table 3).

Fig. 10   Bland–Altman plots compared the angles measured by the radiologist and CAD system. a Thoracic kyphosis. b Lumbar lordosis based 
on L1–S. c Lumbar lordosis based on L1–L5

Table 3   ICC analyzing 
result table; comparison and 
verification of angles measured 
by radiologist and CAD

Spine angle Radiologist (mean ± SD) CAD (mean ± SD) ICC 95% confidence 
interval

P value

Kyphosis 27.46 ± 9.26 24.95 ± 10.48 0.94 0.91–0.97  < 0.05
Lordosis (L1–S) 43.27 ± 10.43 47.78 ± 10.51 0.89 0.81–0.93  < 0.05
Lordosis (L1–L5) 32.88 ± 10.16 29.92 ± 11.16 0.95 0.91–0.97  < 0.05
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Discussion and Conclusion

In this study, we proposed a CAD system that automatically 
segments vertebral contours using deep learning and ana-
lyzes thoracic kyphosis and lumbar lordosis angles based on 
X-ray images. The segmentation performance of the U-Net 
model on precision, sensitivity, and DSC values is 90% on 
average. However, vertebral contour detection errors were 
observed for some images. This may arise when images are 
derived from patients with congenital deformities in the 
spine, or due to other inclusion factors that hinder learning. 
Congenital vertebral anomalies, such as butterfly vertebra, 
hemi vertebra, and block vertebra, can affect the CAD algo-
rithm performance, where one vertebra may be recognized 
as two or two vertebrae as one. Therefore, the algorithm 
should be modified by adding classification functions such 
that normal and congenital deformities can be classified 
before segmentation. Additionally, objects like lumbar 
implants and catheters inserted directly into the spine or 
ones that block the vertebrae can interfere with the learning 
process in spinal segmentation. In this respect, image pro-
cessing or area-based segmentation when predicted contours 
overlap each other can improve the performance.

Here, we used a dataset of scoliosis patients, where the 
average age of patients was 62 ± 15 years. For infants and 
children, the boundaries of the vertebral end plate are not clear 

and sometimes convex in shape. Since ossification between 
the spinal segments is not completed until adulthood, their 
vertebra can have a different appearance than adults [38]. 
In future, reinforcement learning with additional data about 
infants and children can improve the developed model.

Our Bland–Altman plots show an error of typically 2–5 
degrees, which is included in a tolerance error of 3–9 in clini-
cal practice [39–41]. Sources of error are the insufficient defi-
nition of endpoint in end plate such as Fig. 11 and “divide by 
0” error arising from parallel or vertical angles, etc.

This error implies that our algorithm needs further 
research for recognizing the end plate more precisely in the 
spine. In particular, unlike other vertebrae, the sacrum has 
an elongated triangle shape rather than a square shape. It is 
hard work to recognize the end plate of sacrum with just a 
bounding box method. Therefore, to minimize this error, 
we are currently further studying algorithms, such as using 
points at the minimum distance from the endpoint of the 
bounding box of the spine. It is expected that the revised 
algorithm can minimize measurement errors by recognizing 
these end plates more delicately in the future. We expect that 
our CAD system improves the reliability of the Cobb method 
in digital radiography.

An automatic angular measurement system was devel-
oped to help diagnose kyphosis and lordosis. The devel-
oped CAD system based on deep learning and mathematics 

Fig. 11   The end plate of the 
bounding box does not match 
with the contour
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measures the kyphosis angle using T4–T12 vertebrae, and 
the lordosis angle using L1–S1 vertebrae, or the L1–L5. 
Moreover, the CAD system for measuring kyphosis and 
lordosis angles exhibited high similarity and reliability in 
comparison to radiologist’s measurements. Therefore, the 
proposed CAD system can be useful in the clinic to diag-
nose spinal deformities by measuring kyphosis and lordosis 
angles. Furthermore, by supplementing the developed CAD 
algorithm with previous methods, one can help less-experi-
enced clinicians in diagnosing spinal deformity, which can 
reduce the time and effort required by radiologists.
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