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Abstract. Scoliosis poses significant diagnostic challenges, particularly
in adolescents, where early detection is crucial for effective treatment.
Traditional diagnostic and follow-up methods, which rely on physical ex-
aminations and radiography, face limitations due to the need for clinical
expertise and the risk of radiation exposure, thus restricting their use
for widespread early screening. In response, we introduce a novel, video-
based, non-invasive method for scoliosis classification using gait analysis,
which circumvents these limitations. This study presents Scoliosis1K, the
first large-scale dataset tailored for video-based scoliosis classification,
encompassing over one thousand adolescents. Leveraging this dataset, we
developed ScoNet, an initial model that encountered challenges in deal-
ing with the complexities of real-world data. This led to the creation of
ScoNet-MT, an enhanced model incorporating multi-task learning, which
exhibits promising diagnostic accuracy for application purposes. Our
findings demonstrate that gait can be a non-invasive biomarker for sco-
liosis, revolutionizing screening practices with deep learning and setting
a precedent for non-invasive diagnostic methodologies. The dataset and
code are publicly available at https://zhouzi180.github.io/Scoliosis1K/.

Keywords: Scoliosis - Gait analysis - Non-invasive screening - Deep
learning - Computer vision.

1 Introduction

Scoliosis, a complex spinal deformity characterized by a three-dimensional cur-
vature, significantly impacts adolescents’ physical well-being and quality of life
worldwide. It is clinically assessed by measuring the Cobb angle, defined as the
angle between the upper and lower end vertebrae on standing X-rays (Figure 1
(a)), with a threshold exceeding 10° indicating scoliosis [19, 16]. This early-stage
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Fig.1: Comparative overview of scoliosis diagnosis methods: (a) Traditional X-ray
examination, the clinical gold standard [18]; (b) Non-invasive analysis of bare back
photos [24]; (¢) Our proposed gait analysis approach, which enables efficient, large-scale
early adolescent screening to identify cases needing further radiographic investigation,
highlighting its non-invasiveness and privacy-preserving nature.

condition is often asymptomatic, potentially leading to severe health issues if left
undiagnosed [14]. In China, the prevalence of scoliosis among school-aged chil-
dren is approximately 5.14% [6], underscoring the critical need for effective early
screening methods.

Traditionally, scoliosis diagnosis and monitoring have relied on physical ex-
ams and radiography, necessitating significant clinical expertise and exposing
patients to radiation, thus limiting early, widespread screening. Innovations in
deep learning have led to the exploration of non-invasive scoliosis assessment
methods, such as bare back photo analysis [21, 24]. Yet, these alternatives often
raise concerns regarding privacy and efficiency. Addressing these challenges, we
introduce a novel video-based method that uses gait as biomarkers for scoliosis,
which obviates the need for direct bodily exposure (Figure 1 (b) v.s. (c)). Despite
its potential, there are almost no related works benchmarking this promising di-
rection in the literature, due to the lack of public datasets and baseline models.

Our response to these obstacles is the development of Scoliosis1K—a ground-
breaking dataset featuring over 1k adolescents and 400k frames, setting new
standards for video-based adolescent scoliosis screening. Opting for silhouette
data to respect privacy and enhance usability, we draw upon existing gait recog-
nition techniques [1,3,4,9,2] to create ScoNet, demonstrating gait’s viability
as a scoliosis biomarker. Furthermore, ScoNet’s initial vulnerability to sample
imbalance prompted the development of ScoNet-MT, an enhanced, multi-task
learning model.

This work contributes significantly to the field by: (1) creating the first large-
scale dataset Scoliosis1K for video-based scoliosis classification, establishing a
new benchmark for the research community; (2) introducing ScoNet, the first
baseline model for scoliosis classification through gait analysis, and evolving it
into the novel ScoNet-MT to better handle real-world data complexities; and (3)
demonstrating that ScoNet-MT exhibits promising diagnostic accuracy for appli-
cation purpose, underscoring the potential of gait as non-invasive biomarker for
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scoliosis and showcasing the transformative impact of deep learning in healthcare
diagnostics.

2 Dataset

2.1 Overview of Scoliosis1K

To the best of our knowledge, Scoliosis1K represents the first large-scale dataset
tailored for video-based scoliosis classification. The samples therein fall into three
diagnostic categories: positive (Cobb angle > 10°), neutral (Cobb angle ~ 10°),
and negative (Cobb angle < 10°). The data was from 1,050 adolescent partic-
ipants from a middle school in China. The dataset includes 447,900 silhouette
images from 1,493 video sequences. Three sequences of different categories are
shown in Figure 2. The study was approved by the relevant ethics committee,
and informed consent was obtained from all participants and their guardians.

2.2 Data Collection and Preprocessing

The videos were captured at the 720p resolution by a camera. The participants
were suggested to walk along a corridor. The camera was set at a distance range
of 1.4 to 4.2 meters from the participants. The data collection was designed
to simulate a controlled yet natural walking environment conducive to accurate
biomechanical analysis. Each sequence, containing about 300 frames at 15 frames
per second, was annotated by scoliosis experts. The experts used well established
scoliosis screening methods, visual assessments and the Adams Forward Bend
Test, to estimate the categories that the participants belonged to. The experts
did not estimate the categories by watching videos. They estimate the categories
by checking the participants’ body. Then all videos from that participant would
be labeled as the category of that participant.
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Fig. 2: Some silhouettes in the Scoliosis1K dataset. (a) positive, (b) neutral, and (c)
negative samples.
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Table 1: The statistics of the Scoliosis1K dataset. The dataset contains diversity on
diagnostic categories and participant demographics.

Attributes All Positive Neutral Negative
Number of Participants |1050 176 82 792
Number of Sequences 1493 493 200 800
Sex(F/M) 641/409 113/63 49/33 479/313

ScoliosisIK| \ o (years, mean + std) [15.2 + 1.5 143 + 1.0 14.0 + 0.6 15.5 + 1.5

Height(cm, mean + std)|163.2 + 8.8 161.6 + 7.1 161.4 + 6.7 163.7 £ 9.3
Weight(kg, mean + std)|51.9 + 10.7 48.3 £ 84 46.7 £ 7.8 53.3 £ 11.1

Due to the relatively fewer positive scoliosis cases, individuals diagnosed with
the condition were encouraged to contribute multiple sequences. It helped miti-
gate the dataset’s potential class imbalance, enhancing its analytical reliability
and robustness.

In the preprocessing phase, the raw video footage underwent a rigorous con-
version process to binary silhouette sequences. Choosing silhouettes serves two
primary purposes: firstly, to anonymize participant data, safeguarding their pri-
vacy; and secondly, to make the deep learning mehtod focus on the body region
nor the background. These silhouettes, which form a fundamental component of
our dataset, retain critical gait features while discarding irrelevant background
information. The detailed description of silhouette extraction is presented in
Section 3.1.

2.3 Demographics and Dataset Characteristics

Table 1 provides a demographic and clinical overview of Scoliosis1K. It illus-
trates its comprehensiveness for adolescent scoliosis screening. The dataset’s de-
sign reflects a commitment to scale and diversity, encompassing a wide array
of participant attributes and gait patterns. This variety underpins the dataset’s
potential to train deep models for scoliosis classification based on gait.

2.4 Implications for Scoliosis Research

Scoliosis1K can improve the research in scoliosis diagnosis on the following as-
pects:

— Scale and Scope: To the best of our knowledge, it constitutes the first
large-scale dataset for automatic scoliosis diagnosis. It can make scoliosis
diagnosis by computer vision feasible.

— Innovation in Non-Invasive Screening: By providing high-quality, an-
notated silhouettes data, Scoliosis1K addresses the critical need for non-
invasive diagnostic tools in scoliosis screening. This fosters innovation by
enabling the exploration of new methods that prioritize patient safety and
privacy.
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Furthermore, Scoliosis1K bridges a vital gap in the availability of high-
quality, annotated images for non-invasive scoliosis screening. This contribution
not only catalyzes innovation in healthcare technology but also sets the stage for
expansive future research in automated scoliosis diagnosis. The dataset paves the
way to improve the public health, especially in regions where medical services
are limited.
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Fig. 3: The Proposed Pipeline: Initially, the participant is tracked throughout the
video, with non-participant entities, such as clinicians, being excluded. Subsequently,
the participant’s silhouette is segmented. Finally, ScoNet-MT classifies the scoliosis
based on gait analysis.

3 Methodology

This section introduces our innovative approach for scoliosis classification through
analyzing gait patterns in videos. Our method consists of three main stages:
participants tracking, participants segmentation, and gait-based scoliosis classi-
fication. Figure 3 illustrates the entire pipeline.

3.1 Participants Tracking and Segmentation

We employed BYTETracker [25] for precise person tracking in videos. BYTE-
Tracker can enhance the tracking accuracy by valuing each detection box, fa-
cilitating the recovery of objects hidden by occlusion and the removal of non-
relevant false detection. It utilizes a tracklet similarity for effective differentiation
between the participant and the background, and ensures the accurate and con-
sistent tracking.

Following tracking, participant segmentation is achieved by inputting cropped
person image region into PP-HumanSeg [22,10], which is a robust deep model
designed for precise human segmentation. Utilizing a deep neural network ar-
chitecture, PP-HumanSeg combines an encoder, Spatial Pyramid Pooling Mod-
ule (SPPM), and Flexible and Lightweight Decoder (FLD) to produce binary
masks—referred to as silhouettes. Subsequently, we normalized the silhouettes
to a fixed size with a similar manner of gait recognition methods [7].
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3.2 Scoliosis Classification based on Gait

We recognize gait can be a non-invasive biomarker for scoliosis. To this end, we
introduce ScoNet and its enhanced model, ScoNet-MT, both aimed at automat-
ing the classification process with high efficiency.

ScoNet utilizes a ResNet-inspired £ architecture to transform participant
silhouettes s into 3D feature maps f:

f= 5(S) c RnXCthw,

where n, ¢, h, and w denote the gait frames, channel, height, and width di-
mensions, respectively. Temporal Pooling (TP) [1] condenses these into essential
features z:

2 = Tp(f) c Rc><h><w'

Horizontal Pooling (HP) [5] segments these maps, pooling them into vectors
zs, with global pooling on 16 horizontal segments for comprehensive feature
extraction:

f’ = maxpool(zs) + avgpool(zs).

A dedicated fully connected layer then maps these vectors into the metric space,
with BNNeck [11] refining the feature space ahead of the final classification
stage, utilizing cross-entropy loss to gauge the fidelity between predicted and
actual labels:

Lee =— Z yilog(#:)-
=1

ScoNet-MT extends ScoNet by integrating multi-task learning with a Gait
Recognition (GR) task that emphasizes distinctive human motion patterns, re-
ducing bias from non-gait related factors. This model applies triplet loss to dis-
tinguish subtle gait variations crucial for scoliosis classification. For each training
batch, IV triplets are formed, each consisting of an anchor sequence s, a pos-
itive sequence s’ sharing the same identity, and a negative sequence s with a
different identity:

N
Ltriplet - Zmax (07 Hf(S,?) - f(sf)H% - ||f(S;l) - f(S:L)H% + Oé) ’

i=1

where f(-) is the embedding function transforming each sequence into an embed-
ding space, || - ||2 is the Euclidean norm, and « is a margin enforcing separation
between the positive and negative matches. This configuration enhances the
model’s ability to effectively discriminate between classes. The total loss func-
tion, combining both cross-entropy and triplet losses, optimizes ScoNet-MT for
precise scoliosis classification:

Ltotal = Lce + Ltriplet-
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4 Experiments

4.1 Setup

Evaluation Protocol. We divided the dataset into a training set and a test
set with 745 and 748 sequences respectively, maintaining a realistic ratio of
positive:neutral:negative samples at 1:1:8 in the training set. Specifically, the
sequence numbers for the three classes are 74, 74 and 596. The performance of the
models was evaluated using three metrics, accuracy, sensitivity, and specificity.
The metrics are defined as follows:

— Accuracy: The proportion of samples that are correctly classified out of the
total number of samples.

— Sensitivity: The proportion of true positives (actual scoliosis, correctly clas-
sified) out of all positives (actual scoliosis).

— Specificity: The proportion of true negatives (actual normal, correctly clas-
sified) out of all negatives (actual normal).

Implementation Details. Our models, ScoNet and ScoNet-MT, are based on
PyTorch [13] and OpenGait [3], and their input image sizes are all 64 x 44.
The triplet loss with a margin of 0.2 is employed for training. The positive
sequence within each triplet is selected from the same gait sequence as the anchor
sequence, yet comprises distinct frames. We adopted 30 frames from each gait
sequence as input in the experiments. All the models have been trained by using
an SGD optimizer [17] with an initial learning rate of 0.1 and a weight decay of
0.0005. The learning rate can be reduced by a factor of 10 at 10000, 14000, and
18000 iterations respectively. All models were trained for 20000 iterations.

4.2 Results

ScoNet-MT exhibits significant improvements in accuracy and specificity over
the initial ScoNet model, as detailed in Table 2. The model’s accuracy has
been increased by 30.7% and specificity increased by 43.3%. The improvements
demonstrate the effectiveness of multi-task learning. While ScoNet-MT’s sensi-
tivity outperforms traditional methods such as the Adams forward bend test and
the scoliometer, its specificity, though slightly lower, indicates the potential for

Table 2: Comparison of our method with conven-
tional scoliosis screening techniques. * refers to re-
sults directly cited from [8]. Best results are in bold.

Ground Truth
Neutral Positive Negative
0]
©o

Method Accuracy Sensitivity Specificity |
Adams Test* [8] - 84.4% 95.2% 69 2 55
Scoliometer™® [8] - 90.6% 79.8%

Negative  Positive  Neutral

ScoNet (Ours) 51.3% 100.0%  33.2%  Fig.4: Confusion matr-u; of
ScoNet-MT (Ours)| 82.0%  99.0% 76.5%  ScoNet-MT.
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Fig. 5: Visualization results of our method.

Table 4: Test set accuracy of
ScoNet and ScoNet-MT, influ-
enced by various class distribu-
tions (positive, neutral, negative)

Table 3: Performance comparisons of ScoNet-
MT against some baseline models and ScoNet.
Best results are in bold.

Method Accuracy Sensitivity Specificity . ..

1) Baseline CNN 155%  99.0%  27.0% (0 the training phase.

2) Baseline CNN-Triplet| 56.3%  77.0%  85.0% Pos:Neu:Neg|ScoNet ScoNet-MT
3) Baseline CNN-MT | 57.8%  96.1%  44.4% L12  [91.4%  95.2%

4) ScoNet 51.3%  100.0%  33.2% 1:1:4  |88.6%  90.5%

5) ScoNet-Triplet 61.2%  100.0%  46.6% 1:1:8 51.3%  82.0%
ScoNet-MT (Ours) 82.0%  99.0% 76.5% 1:1:16 23.7%  49.5%

further improvement. These findings underscore the potential of our approach to
exceed the capabilities of human experts in adolescent scoliosis screening. The
confusion matrix (Figure 4) provides detailed insights into the model’s precision,
especially in differentiating between negative and other cases, albeit with some
overlap between positive and neutral classifications.

The heatmaps in Figure 5 illustrate our model’s focus using the technique [23]
to highlight the regions of interest within the gait. Although ScoNet focuses pre-
dominantly on the extremities, ScoNet-MT, through multi-task learning, extends
its analysis to critical areas such as the head and shoulders, aligning with key
indicators of motion patterns related to scoliosis identified in the literature [12,
15,26, 20].

4.3 Ablation Studies

Baseline Comparisons. Since the proposed solution should be the first video-
based one using a large-scale image dataset and a deep model, we could not find
some other similar methods in the literature to compare. To show the feasibility
and effectiveness, we compared ScoNet-MT with various baseline models in the
ablation experiments. The baseline models include: 1) Baseline CNN: A foun-
dational model trained using cross-entropy loss without horizontal pooling or
BNNeck. 2) Baseline CNN-Triplet: An enhancement of the Baseline CNN, in-
corporating triplet loss to refine category differentiation. 3) Baseline CNN-MT:
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An extension of the Baseline CNN that includes multi-task learning with identity
information to promote better generalization. 4) ScoNet: Our initial model. 5)
ScoNet-Triplet: A variation of ScoNet that integrates triplet loss to enhance fea-
ture discrimination. Table 3 details the performance comparison, demonstrating
that ScoNet-MT significantly surpasses all baseline models, particularly high-
lighting the efficacy of multi-task learning in improving diagnostic precision.
Class-imbalanced Distribution. Given the inherent imbalance in scoliosis
case distribution, we analyzed the performance of ScoNet and ScoNet-MT across
various class ratio settings in the training set. The sequence numbers for these
settings were 186:186:373 for roughly 1:1:2, 124:124:497 for 1:1:4, and 41:41:663
for 1:1:16, reflecting real-world scenarios where negative cases are predominant.
Table 4 outlines our findings, which indicate that ScoNet-MT consistently out-
performs ScoNet across all ratios. This robust performance even in highly imbal-
anced conditions highlights ScoNet-MT’s adaptability and its ability to mitigate
overfitting, underscoring its superior diagnostic accuracy in realistic settings.

5 Conclusion

Our study has demonstrated the effectiveness of utilizing gait as non-invasive
biomarkers for scoliosis. The introduction of the Scoliosis1K dataset, alongside
the development of the ScoNet and ScoNet-MT models, represents a substantial
advancement in this domain, enabling early and precise scoliosis classification.

The implications of our work are extensive, offering a scalable and privacy-
preserving diagnostic tool with the potential to revolutionize adolescent scoliosis
screening, particularly in resource-limited regions. Future work will focus on
enhancing the diversity of our dataset, identifying additional biomarkers, and
exploring effective methods. If a mature large-scale scoliosis screening solution
can be built using vision based gait analysis, it will benefit a huge number of
children, especially those in developing countries.
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