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ABSTRACT

Measuring Cobb angles in adolescent idiopathic scoliosis (AIS) patients using anteroposterior (AP) radiographs is time-

consuming and prone to variability due to subjective vertebrae selection. To address this, we propose an automated model for

Cobb angle measurement using a Fourier-inspired method. The model starts by estimating the spinal curvature spectrum and

then predicts the Cobb angles. We use a VGG-16 transfer learning model to regress the concatenated real and imaginary

components of the spine’s spectral representation. This feature is used to reconstruct the curvature through an inverse Fourier

transform for improved model explainability. Simultaneously, it serves as input to a projection head for Cobb angle estimation.

Evaluating on the MICCAI 2019 SpineWeb dataset, our model shows a Pearson correlation of 0.9382 for curvature estimation

and a symmetric mean absolute percentage error (SMAPE) of 12.25% for Cobb angle measurement, performing similarly to

other top models. By treating spinal curvature prediction as a frequency domain analysis, our method offers more accurate

curvature shapes than spatial domain approaches. Additionally, applying zero padding improves spectral resolution and

reduces SMAPE in Cobb angle estimation. Spectral prediction consistently outperforms spatial prediction in both curvature and

Cobb angle measurement.

Introduction

Scoliosis is a condition that describes an abnormal lateral curvature of the spine. Scoliosis has been shown to hamper patients

in conducting daily activities1, 2. or adolescents with scoliosis, the condition also carries significant psychological implications,

exacerbating the physical challenges. Patients may experience distress or social rejection3–5. As a result, efficient diagnosis and

assessment are crucial. One commonly used qualitative assessment is Adam’s forward bend test; however, its reliability has

been questioned6.

Accurate characterization of spinal deformities is essential for assessing patients with adolescent idiopathic scoliosis.

Among the various measurements, Cobb angles are most frequently used. Typically measured from anterior-posterior (AP)

radiographs, Cobb angles are composed of three individual angle measurements: proximal-thoracic (PT), main-thoracic (MT),

and thoracic-lumbar (TL). This measurement requires identifying four key vertebrae as landmarks, drawing perpendicular lines

to the spinal curvature, and calculating the angles between adjacent lines to form the Cobb angle. Larger Cobb angles indicate

more severe spinal tilt.

Assessing Cobb angles can be labor-intensive and time-consuming. Studies have reported that clinicians typically spend

between two and five minutes per radiograph7. Moreover, accurate measurement requires extensive training and experience.

Even with expertise, the results are often subject to substantial interobserver and intraobserver variability8, 9. In other words,

even among well-trained clinicians, measurements of the same radiograph can vary significantly. Furthermore, measurements

made by the same clinician on the same radiograph may lack reproducibility.

An automated measurement pipeline could effectively address both sources of variability. The pipeline must provide reliable

and accurate estimations of the three Cobb angles based on an anterior-posterior radiograph. In this paper, we present a novel

approach utilizing Fourier analysis. We hypothesize that spinal curvatures in scoliosis patients exhibit distinct patterns in the



frequency domain. Therefore, rather than performing regression in the spatial domain, our model regresses to the concatenated

real and imaginary components of the spinal spectrum.

Our pipeline consists of three key steps. In the first step, we generate a segmentation of the spinal column from the

radiograph using a U-Net model10. The input channels for this step include the segmentation, the grayscale radiograph after

histogram equalization, and the radiograph’s gradients, which highlight the bone edges. In the second step, we leverage transfer

learning with the VGG-16 model to perform regression on the concatenated spectrum of the spinal curvature. The final step

involves a projection head that regresses the three Cobb angles. We evaluate our approach on the MICCAI 2019 competition

dataset, achieving a Symmetric Mean Absolute Percentage Error (SMAPE) of 12.25%, which is competitive with the top results

reported.

To support the clinical adoption of our pipeline, we have developed a web application that allows clinicians to upload a

radiograph and receive the estimated Cobb angles within two seconds. To further enhance interpretability and build clinician

trust, the application enables users to visualize the three input channels used by the model, as well as the radiograph overlaid

with the predicted spinal curvature. This curvature is generated by performing an inverse Fourier transform of the predicted

spectrum back into the spatial domain.

We summarize our contribution as:

• Using spectral analysis to address the problem of Cobb angle measurement shows promising results. Regression of spine

curvature in the frequency domain yields a higher correlation, lower Hausdorff distance, and reduced Kullback-Leibler

divergence compared to regression in the spatial domain. This reduction in curve deviation leads to more accurate Cobb

angle measurements.

• Downsampling in the spatial domain combined with zero padding of the spectrum yields varying performance in curvature

estimation. By downsampling by a factor of 4 and applying zero-padding with the same factor, our approach achieved a

Symmetric Mean Absolute Percentage Error (SMAPE) of 12.25%.

• Integrating the grayscale radiograph, its segmentation, and its gradient into a model originally developed for RGB images

enhanced performance.

• Our web application, which integrates our AI-assisted measurement pipeline, has the potential to enhance clinical

efficiency and facilitate rapid scoliosis screening in teenagers. The visualizations not only improve interpretability but

also support evidence-based clinical decision-making.

Results

Curvature model performance

The primary metric is Pearson correlation, because the difference is most significant and less fluctuated during training than

Hausdorff and KL divergence. The first few rows in Table. 1 shows the correlations, Hausdorff distances, and KL divergences

with a downsampling factor of 4. This gives an initial spatial size of 256. Before transforming into the frequency domain, the

series is modified in three ways: no padding applied, padding to twice the size, and padding to four times the size.

Downsample

factor

Domain of

analysis
Zero padding

Pearson

corr.

Spearman

corr.

Hausdorff

dist.
KL div.

4
Frequency

256 unpad 0.9185 0.8967 99.10 0.02874

256 pad to 512 0.9166 0.8950 111.37 0.02513

256 pad to 1024 0.9382 0.9277 105.50 0.02283

Space 256 0.9164 0.9025 106.54 0.02306

2
Frequency

512 unpad 0.8866 0.9101 112.83 0.02652

512 pad to 1024 0.9342 0.8959 131.10 0.01667

Space 512 0.9149 0.8921 115.74 0.01691

No

downsampling

Frequency 1024 unpad 0.9171 0.9017 119.92 0.01143

Space 1024 0.9093 0.8774 119.62 0.01270

Table 1. The spatial and spectral domain curvature prediction with a few setups. (1) the downsampling factor is 4. (i.e. Across

the 1024 height we take 256 equidistant points). (2) the downsampling factor is 2. (i.e. Across the 1024 height we take 512

equidistant points). (3) no downsampling is applied.

Similarly, the process is repeated with a downsampling factor of 2 and without downsampling entirely. The results are

listed in the remaining rows in Table. 1. A visualization of the predicted spectrum is shown in Figure 1.
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Figure 1. The red curves are the predicted spinal curvature in the frequency domain, with downsampling by a factor of 4 and

subsequent zero padding to 1024. Qualitatively, they show strong agreement along the center of the spine.

Through head-to-head comparisons between various setups, the curve fitting with the spectral method is more accurate than

that with the spatial method. In addition, with the same spectral sequence length, the more downsampling and padding applied,

the higher correlation are the curves. For example, the three setups with 1024 spectral lengths are: (1) downsampling with a

factor of 4 and zero padding four times the length, (2) downsampling with a factor of 2 and zero padding twice the length, and

(3) no downsampling and no zero padding. Among the three, the first setup obtained the best curvature prediction. Likewise,

the same trend can be observed with 512 spectral length.

Cobb angle model performance
The ground truth values of the Cobb angles are provided for all radiographs in the testing dataset. The SMAPEs between

the ground truth and the AI-driven measurements are shown in Figure. 2. Similar to the results on curvature, it suggests

consistently better performances in the frequency domain than in the spatial domain. In addition, a setup resulting in more

accurate curvature tends to obtain lower SMAPE as expected.

Figure 2. The SMAPE of Cobb angles of different setups. The performance is evaluated on the testing dataset containing 129

images. A similar yet more pronounced trend is observed as the case of curvature prediction. The spectral analysis is superior

to spatial analysis. Also, given the same initial length, zero padding lowers the SMAPE.

Ablation study of the three channels
While fixing the downsampling and padding to 256 and 1024 respectively, ablation study is conducted to determine the necessity

to include three channels. Noted in Table. 2, we observe considerable drops in SMAPE if any of the channels is repeated three
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times rather than combining all three. This strongly indicates that the three channels achieved a synergistic effect.

Input channels SMAPE

Original + Spinal segmentation + Gradient 12.253%

Radiograph only 14.649%

Spinal segmentation only 17.431%

Gradient only 30.644%

Table 2. The synergistic effect of having three channels results in higher SMAPE than any of the grayscale radiograph,

segmentation, and gradient map alone.

Authors Methods SMAPE

Khanal et al. Bounding box + Landmark 25.69%

Chen et al. Landmark 23.59%

Wu et al. Landmark 23.44%

Reddy et al. Segmentation + Landmark 15.85%

Chen et al. Segmentation + Landmark 12.76%

Ours Spectral 12.25%

Shao et al. Segmentation 10.31%

Table 3. Our Fourier-inspired approach achieves a competitive result on the MICCAI 2019 dataset. The 10.31% SMAPE is

achieved on finetuning a large segment anything model (SAM).

Discussion

Previous efforts on Cobb angle measurements fall into three categories: edge-based, segmentation-based, and landmark-based

approaches.

For edge-based or segmentation-based approaches, typically a polynomial curve fit on the centers of the vertebrae can

obtain the spinal curve can be fit to estimate the angles. Kusuma11 cropped each radiograph into numerous horizontal stripes.

With Canny edge detection, the regions around the vertebrae were highlighted. The centers of the vertebrae correspond to the

centroids of the edges. They achieved an absolute angular deviation of 5.86°. Canny edge detection can fail on radiograph due

to noise. Mukherjee et al.12 experimented with four denoising methods before edge detection to obtain the dominant edge of

the spine. They used the Hough transform to extract the slopes for angle computation. They achieved an absolute deviation of

1.27°. The rise of segmentation architectures offers plenty of breakthrough as well. Zhang et al.13 incorporated reinforcement

learning to generate accurate vertebra-level masks. They first segmented the edge of the spine with a UNET architecture. The

predicted segmentation then went through feed forward layers to directly predict the three Cobb angles. Shao et al.14 finetuned

the segment anything model (SAM)15 and achieved an SMAPE of 10.31%.

Surprisingly, landmark-based methods could also involve segmentation as a preliminary step. The key sign of landmark-

based method is the extraction of corners or centers of the bounding box or segmented area. For example, Yi et al.16 used the

conventional heatmap prediction with the UNET architecture, combined with a variant of focal loss to calculate the center

of vertebral bodies. Chen et al.17 adapted the feature pyramid network (FPN) common in Masked-RCNN for the task and

achieved SMAPE of 12.76%. Similarly, Khanal et al.18 used Mask-RCNN to identify and crop individual vertebrae and a

separate CNN predicts the coordinates of the vertebral corners of the identified patch. The coordinates relative to each patch

were remapped to the global radiograph-level coordinates. Outlying coordinates were filtered, and two curves were fit to the

left and right predicted landmarks, which enabled geometry-based angle calculation.

A common challenge after landmark extraction is to obtain pairs that correspond to the same vertebra. Kim et al.19 presented

vertebral tilt field to regularize the predicted heatmaps and matched the left and right corners of the same vertebra into the

same pair. The matching process minimized possible cross-over among all possiblities connecting the predicted landmarks.

Combining global and local information, Reddy et al.20 took a global-local network approach, where a U-NET predicting the

heatmap of vertebral centers was masked by the global path to predict the location. The local U-NET and global paths remained

separate until the last step, when the information was merged. Chen et al.21 proposed model to maximize joint information

sharing between direct Cobb angle prediction and indirect angle prediction through curvature prediction. The two objective

regularized the training and guaranteed the angles predicted by the two approaches agree. Due to the radiograph variations,

boostrapping has been shown effective. Wu et al.22 proposed a BoostNet architecture that used a CNN approach to directly
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predict the coordinates of the four corners of the vertebrae. Data samples that reproduce poorly on a shallow autoencoder were

considered outliers and were discarded. Two autoencoder-based filtering units were sandwiched between the CNN and the feed

forward layers to generate the coordinates. The authors reported that the addition of filtering units reduces the mean standard

deviation of the predicted coordinates by more than 10 fold. They achieved an SMAPE of 23.44%.

Achieving a SMAPE of 12.25% positions our work as highly competitive on the same dataset. The SMAPE values reported

in other studies are summarized in Table. 3. Our pipeline introduces spectrum prediction as an intermediate task between the

input radiograph and the output Cobb angles. This intermediate supervision offers two key advantages. First, it helps regularize

the problem and bridge the significant disparity between the input and output dimensionalities. Second, the predicted spectrum

enables visualization of the corresponding spine curvature through an inverse Fourier transform, providing users with a means

to interpret the deep learning-based pipeline.

Notably, the work by Shao et al.14 slightly outperforms our model. However, their transformer-based approach, an adaptation

of SAM, may be less feasible for clinical translation in resource-constrained environments due to its model complexity. In

contrast, while our simpler Fourier-inspired model results in a higher percentage error, it remains compact and more suitable

for practical deployment.

Our experiments reveal two key findings. First, spectral prediction outperforms spatial prediction in accurately predicting

Cobb angles. We reason that the frequency spectrum more effectively captures generalizable patterns of spinal curvature among

scoliosis patients. In contrast, demographic factors, such as patient height, contribute to positional variations across radiographs,

making regression in the noisy spatial domain more challenging. Second, applying zero padding before the Fourier transform

enhances both spectral and angular predictions. Zero padding in the spatial domain not only standardizes the sequence length

across the pipeline, but also refines the frequency spectrum23, 24. As illsutrated in (Supplementary Figure S1), the same effect

is found with padding the spinal curve. Higher-resolution spectra align more closely with the ground truth curvature, providing

the projection head with richer information for more accurate Cobb angle measurements. However, excessive padding may have

detrimental effects. It elongates the spectral sequence, increases the spectral feature size, and introduces additional trainable

parameters. With our chosen downsampling and padding parameters, the model successfully mitigates the risk of underfitting

while benefiting from a more refined spectrum. Upon further analysis, the extent of zero padding appears to have a minimal

impact on curvature prediction. For example, starting with a sequence length of 256, Pearson correlations remain largely

unchanged across the three padding configurations. However, the differences in SMAPE are more pronounced, likely due to the

increased input dimension of the projection head, which yields a higher-definition spectrum.

The pipeline has several areas for potential improvement. For instance, the gradient channel may still include image

boundaries before the widening step. To better suppress these edges, a smoother blur could be applied. However, the abrupt

transition from near-white pixels (particularly around the pelvis) to the added black boundary would require a large blurring

radius to soften the transition, which could inadvertently obscure important details in the radiograph. This issue stems from the

unstandardized dimensions of the dataset. In the future, a larger dataset consisting of radiographs captured with standardized

equipment could mitigate this problem. Moreover, the prototype application may face challenges in real-world settings due to

the fact that all training data currently come from scoliosis patients. As a result, if the model is used for screening healthy

patients, it may bias towards detecting a tilted spine. This limitation is inherent to the spinal curvature approach when compared

to landmark-based methods. However, with a sufficiently large and diverse dataset, the Fourier method could potentially capture

the spectral features of the spine effectively for both healthy individuals and scoliosis patients.

To support the clinical adoption of our pipeline, we have developed a prototype application (Supplementary Figure S2)

that enables rapid Cobb angle measurements. Designed for ease of use, the application requires minimal technical skills or

medical expertise, making it ideal for resource-limited settings. Users can upload a radiograph in PNG or JPEG format, and

the application automatically calculates and displays the spinal curvature along with the three Cobb angles. Additionally, the

segmentation of the spine and the measured curvature are shown, offering visual feedback for verification and quality assurance.

We foresee this deployment as a valuable tool for quick, quantitative scoliosis screening, offering a more objective alternative to

the qualitative Adam’s bend test.

Methods

Dataset

This study uses the MICCAI 2019 competition dataset (AASCE SpineWeb). The dataset contains an existing split of 483

training and 129 testing anteroposterior (AP) radiographs. The ground truth labels, available for all 612 images, are the three

Cobb angles measured in degrees: proximal thoracic (PT), main thoracic (MT), and thoracic lumbar (TL). The vertebral

landmarks of all images are also provided, which consist of the four corners of the middle 7 vertebrae. The labeled vertebrae

vary from image to image. Supplementary Figure S3 shows some example images from the dataset, and Supplementary

Figure S4 shows the histograms of the three Cobb angle measurements of the training data.
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The histograms of ground truth Cobb angles indicate the presence of unusual outliers among the 483 training images.

Therefore, the two images corresponding to over 140 degrees PT and over 70 degrees in TL are removed from the training set.

Within the remaining 481 training images, images were split into a training set and a validation set with a 7:3 ratio.

Pipeline overview

The complete pipeline is illustrated in Figure 3. The intermediate supervision of the spectral information of curvature is

represented by the concatenation of the real and imaginary parts. The first half of the pipeline obtains the spectral prediction of

the spinal curvature. The VGG-16 is adopted as the basis of transfer learning, and it ingests the grayscale radiograph, the edges,

and the segmentation as the three channels.

There are two branches in the second half. First, a feed-forward net (FFN) projection head is used to do regression on the

three Cobb angles. Second, the predicted curvature in the spatial domain is plotted, using inverse Fourier transform of the

spectra. This encourages explainability and qualitative validation.

Figure 3. The original VGG-16 model and our transfer learning model. To efficiently utilize the three channels, the model

takes in the grayscale radiograph, the image after edge detection, and the U-NET segmented image. The output of the transfer

learning model is the spectrum of the spinal curvature. Then the model splits into two branches. One for the angles

measurement and the other for qualitative visualization via inverse Fourier transform for clinical explainability.

Preprocessing

Standardization of the radiographs is achieved as follows. First, all image-mask pairs are padded with black margins to convert

into an aspect ratio of 1:2. Offline augmentation is used to enlarge the dataset by 128 times. Random rotation by at most 10°,

random translation, random brightness, and random contrast are applied. Each augmented image is cropped at the center and

rescaled to a dimension of 1024x512.

To obtain the spectra of the spinal curvatures for intermediate supervision, binary spinal masks are generated with the help

of the landmark annotations of the four corners of vertebrae. Splines are fit through the annotations along the left and right

edges. The top and bottom of the spine are manually identified.

The spinal curvature consists of the midpoints between the two splines. The resulting midpoint series can be viewed in

such a way that the x-axis matches the height of the image, and the y-axis is across the width. With an image height of 1024, a

series of 1024 y values is sufficient to describe the spinal curvature. Then, the series is downsampled by a factor of 4, and 768

zeros are added to the end so the size of the resulting series remains 1024. In other words, Fourier transform is applied to this

downsampled and zero-padded series, as shown in Figure 4. The result serves as the annotation for the spectral training.
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Figure 4. The process of preparing the curvature spectrum for supervision is shown. The curvature is treated as a series of y

values, where y is along the width of the image. The series is first downsampled and then padded with zeros before applying

the Fourier transform. Note that the x values are implicit because they are equidistant along the heights of the image. The

illustration does not reflect the exact values of downsampling and padding.

Three input channels

The three adapted input channels of the VGG-16 transfer learning model are the grayscale image, the gradient image, and the

segmentation image. Each of the three channels is by itself grayscale, and together they complement each other to better utilize

the three channels of the VGG-16 architecture.

Grayscale

The grayscale channel is the radiograph after contrast-limited adapted histogram equalization (CLAHE). This technique is

widely used in solving other problems involving X-ray to emphasize the bone structures.25, 26

Segmentation

The segmentation channel is the predicted binary segmentation of the spinal region Supplementary Figure S5. The segmenta-

tion is obtained using a very small U-NET model10, which comprises of five convolution blocks with 4, 16, 64, 16, 4 channels,

respectively. The 64-channel block was the bottleneck of the U-NET architecture. During training, binary cross entropy loss is

used to minimize the differences between the masks. Also, a DICE score (Equation 1) is adopted as the evaluation metric.

DICE =
2(Xpred ∩Xgt)

Xpred +Xgt

(1)

The model is trained for 50 epochs with a batch size of 16, and an Adam optimizer with a learning rate of 1×10−4. To

accommodate the simplicity of our U-NET model, the input radiograph is resized to a quarter of its original width and height.

Gradient

The gradient channel is generated in three steps Supplementary Figure S6. Firstly, the Sobel operator and LaPlacian filters

are separately used to find the edges in the radiograph. The two resulting images are pixel-wise added. As a side effect, this

operation may also highlight the edges of the image due to the previous resizing step. Secondly, the pixels are normalized to fit

the range from 0 to 255. Finally, a gamma curve (exponent of 2) is applied to transform the pixel values to further highlight the

bone edges.

Transfer learning model and curvature estimation

Model

The model is adapted from the VGG-16 backbone27. It is initialized with pretrained parameters, all of which can be updated

during the training. After the average pooling step, a new projection head replaced the original layers. The projection head has

three layers: 10000, 4000, and the length of the concatenated spectrum. Alternatively, in the case of prediction in the space

domain, the output dimension is the number of sampled spinal coordinates. Mean square error loss and Adam optimizer with

learning rate of 3×10−5 are used.

7/10



Evaluation

All curvature evaluations are conducted in the spatial domain regardless the specific setups. In other words, using the spectral

method, an inverse Fourier transform is first applied to obtain the spatial y values. The following metrics are used to evaluate

the deviation between the predicted series of points from the actual spinal curvature.

• Pearson correlation (Equation 2). It measures the agreement between two series. If all spatial y values in the ground truth

are placed along the x-axis, whereas the predicted spatial y values are along the y-axis, all points in a perfect prediction

would aligned along a line with no noise.

r =
∑(Xpredi

− ¯Xpred)(Xgti − X̄gt)
√

∑(Xpredi
− ¯Xpred)2 ∑(Xgti − X̄gt)2

(2)

• Spearman correlation (Equation 3). Like Pearson, it is also a measure of correlation. However, Spearman emphasizes the

ordering of the series. d is the differences in the ranking, and n is the number of points in the series.

ρ = 1−
6∑ d2

i

n(n2 −1)
(3)

• Kullback-Leibler divergence (Equation 4). KL divergence measures the difference between two probability distributions.

KL(P ∥ Q) = ∑
i ̸= j

pi j log
pi j

qi j

(4)

The problem of comparing two curves is translated into comparing two distributions. For each x coordinate, there are

two y values associated with the predicted y and ground truth y. This is analogous to two probabilities of the same class.

In the original context, p refers to the true distribution, and q is the approximate distribution. Now, they become the

ground truth curvature and the predicted curvature. Before KL divergence analysis, the y values of the sequence are

normalized. From the implementation perspective, all y coordinates less than or equal to 0 are converted into 1×10−8

before normalization.

• Hausdorff distance. Unlike the previous three metrics, the Hausdorff distance takes into account both the x and the

y coordinates. For every predicted coordinate, the nearest ground-truth coordinate based on Euclidean distance is

determined. The Hausdorff distance is the greatest deviation among all coordinates in the series.

Cobb angles estimation

The angle prediction model comprises a simple projection head on top of the predicted spectrum (or spatial y values). The

output is a three-dimensional vector indicating the three Cobb angles (PT, MT, and TL). We used symmetric mean absolute

percentage error (SMAPE) for evaluation (Equation 5). SMAPE is the standard evaluation in the MICCAI competition.28

SMAPE =
1

N

N

∑
i=1

∑
PT,MT,T L
j

∣

∣

∣
Xpred j

−Xgt j

∣

∣

∣

∑
PT,MT,T L
j (Xpred j

−Xgt j
)

(5)

In the equation, N is the number of images, and j covers the three angles. pred refers to prediction and gt denotes ground

truth. The resulting fraction is converted to a percentage value.
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