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Abstract

Video-based gait analysis has become a promising approach
for assessing motor impairment in children with cerebral palsy
(CP). However, existing methods usually rely on either pose se-
quences or handcrafted gait features alone, making it difficult to
simultaneously capture spatiotemporal motion patterns and clini-
cally meaningful biomechanical information. To address this gap,
we propose a multimodal fusion framework that integrates skele-
ton dynamics with contribution-guided clinically meaningful gait
features. First, Grad-CAM analysis on a pre-trained ST-GCN
backbone identified the most discriminative body keypoints, pro-
viding an interpretable basis for subsequent gait feature extrac-
tion. We then build a dual-branch architecture, with one branch
modeling skeleton dynamics using ST-GCN and the other encod-
ing gait features derived from the identified keypoints. Fusing
the two branches through feature cross-attention improved four-
level CP motor severity classification to 70.86%, outperforming
the baseline by 5.6 percentage points. Overall, we demonstrate
that integrating skeleton dynamics with clinically meaningful gait
descriptors can improve both prediction performance and biome-
chanical interpretability for video-based CP severity assessment.

Keywords: Cerebral Palsy, Gait Analysis, Spatiotemporal Graph
Convolutional Networks, Multimodal Fusion, Clinical Inter-
pretability

Introduction

Cerebral palsy (CP) is one of the most common child-
hood motor disability, affecting approximately 2-3 per 1,000 live
births worldwide [1], with substantial regional variation in preva-
lence [2] and significant economic burden on healthcare sys-
tems [3]. Because gait dysfunction is a core manifestation of
CP, scalable and objective video-based gait assessment has be-
come an important direction for screening, follow-up, and treat-
ment evaluation. Traditional clinical assessment remains widely
used [4], but it requires in-person clinical visit, and the evalua-
tion depends on expert judgment, which may introduce inter-rater
variability and limit sensitivity to subtle changes over time. In-
strumented gait analysis can provide detailed biomechanical mea-
surements [5], but it usually requires specialized laboratories and
expensive motion capture sensor systems, which limits its acces-
sibility. Caregiver-reported questionnaires can reflect daily func-
tional impact [6], but they are also indirect and may not provide
sufficiently objective measurements.
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Recent advances in computer vision have made video-based
gait assessment a promising option for motor function evaluation,
with the potential to improve accessibility and reduce the cost of
traditional assessment [7]. A typical pipeline extracts 2D body
keypoints from walking videos using pose estimation methods
such as OpenPose [8], and then models motion patterns to predict
clinically meaningful outcomes. Existing studies have shown that
monocular videos can provide useful gait information [7], while
recent skeleton-based deep learning methods have improved the
prediction of motor severity from pose sequences [9, 10]. Work
in other movement disorders has also shown that markerless video
analysis can support interpretable motor assessment [11]. These
advances suggest that video-based assessment is promising, but
they also highlight the need to better connect learned motion rep-
resentations with clinically meaningful knowledges.

Despite these advances, an important gap still remains in ex-
isting video-based methods. Skeleton-based models are effective
at learning spatiotemporal motion patterns directly from pose se-
quences, but they mainly rely on raw keypoint trajectories that
makes their predictions harder to interpret in clinically meaning-
ful terms [12]. In contrast, clinical gait features such as joint
angles, step length, and symmetry indices are easier to interpret
and are more closely related to established gait assessment prac-
tice. Existing studies have also pointed out the value of inter-
pretable and clinically grounded gait features in movement anal-
ysis [13, 14]. However, these handcrafted features provide only
low-dimensional summaries of motion and may miss useful tem-
poral information. As a result, skeleton dynamics and clinical
gait features are often modeled separately, even though they offer
naturally complementary information.

In this work, to address the gap mentioned between these two
modalities, we propose a two-step multimodal fusion framework
for video-based CP severity assessment, as shown in Fig. 1. In
Step 1, we apply Grad-CAM [15] to a pre-trained ST-GCN back-
bone to identify the body keypoints that contribute most strongly
to the severity level prediction. These keypoints are then used to
guide the selection and extraction of clinically informed gait fea-
tures. In Step 2, we build a dual-branch architecture consisting
of a skeleton branch for modeling spatiotemporal dynamics and
a clinical feature branch for encoding gait features derived from
the selected keypoints. The two branches are fused for final clas-
sification. In this study, CP severity is formulated as a four-class
GMEFCS label [16], which is a common standard for motor func-
tion assessment in children with CP. Overall, the framework is
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Figure 1: Overview of the proposed two-step framework. Step 1: An ST-GCN backbone is pre-trained and analyzed via Grad-CAM to
identify discriminative keypoints, guiding gait feature selection. Step 2: A dual-branch architecture combines skeleton dynamics (ST-
GCN backbone — global average pooling — f; € R2) with extracted clinical gait features (MLP projection — f. € R23) via feature

fusion for GMFCS classification.

designed to improve both predictive performance and clinical in-
terpretability by combining learned skeleton dynamics with clini-
cally meaningful gait features.

Methods

Our framework operates in two steps, as shown in Fig. 1,
to identify which body keypoints are most important for predic-
tion, and form the unified model to combine the information de-
rived from those keypoints with learned skeleton dynamics. In
the first step, we analyze a pre-trained ST-GCN backbone using
Grad-CAM to estimate the contribution of individual body joints
to the classification decision. These keypoint importance scores
are used to identify body regions that are most relevant to CP
severity prediction and to guide the extraction of clinically in-
formed gait features. In the second step, we construct a dual-
branch fusion model. One branch processes the original pose se-
quence using ST-GCN to learn spatiotemporal skeleton dynamics,
while the other branch encodes gait features computed from the
selected keypoints. The two branches are then fused for final GM-
FCS classification. The input to both steps is a 2D pose sequence
X € RT*V*C where T = 124 is the number of frames, V = 17 is
the number of COCO keypoints [17], and C = 3 corresponds to
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(x,y,confidence).

Step 1: Keypoint Importance Analysis
ST-GCN Architecture

We adopt the ST-GCN architecture [9, 10] as our skeleton
backbone. The 17-keypoint COCO skeleton is represented as
a spatial graph & = (¥,&), where each node corresponds to a
body joint and each edge represents a natural anatomical connec-
tion. The network follows the standard ST-GCN design, which
combines spatial graph convolution with temporal convolution to
capture both body structure and motion over time.

Each block includes a spatial graph convolution layer, batch
normalization, ReLU activation, temporal convolution, and resid-
ual connection. The input pose sequence first passes through data
batch normalization and then through 10 stacked ST-GCN blocks
with channel dimensions progressing from 64 to 128 and 256.
Global average pooling is applied at the end to obtain a skeleton
feature embedding f; € R?%°. To provide a stronger motion repre-
sentation, the backbone is initialized with weights pre-trained on
NTU RGB+D dataset [18].
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Grad-CAM-Based Keypoint Attribution

To understand which joints contribute most strongly to CP
severity prediction, we apply Grad-CAM [15] to the final convo-
lutional layer of the pre-trained ST-GCN model. For a target class
¢, Grad-CAM first computes the importance weight of the k-th
feature map by globally averaging the gradients of the class score
y¢ with respect to the activation map A*:

ZZaAk : (1)

where Z is the number of spatial-temporal locations in the feature
map. The class activation map is then obtained as

L& aa.cam = ReLU (Z a,gA") : 2
k

This produces a gradient-weighted activation map that provides
an intuitive estimate of which body regions the model relies on
most during classification.

To obtain joint-level importance scores, we aggregate the
Grad-CAM responses over the temporal dimension and map them
back to the corresponding body joints. The resulting keypoint
scores are visualized as a body-joint importance map (Fig. 2).
Based on these scores, we group informative joints into clinically
meaningful body regions and use them to guide downstream gait
feature extraction. Rather than extracting features from all joints
equally, we focus on regions that receive stronger model attention
and are also meaningful in clinical gait analysis. This step con-
nects neural network interpretability with feature engineering and
serves as the basis for the second stage of the framework.

The ST-GCN backbone used in this step is trained for four-
class GMFCS classification with standard cross-entropy loss,

C
Zep =Y yelogi, 3)

c=1

where C =4, y. is the ground-truth label indicator, and y. is the
predicted probability for class c. Grad-CAM is then applied to the
trained model to analyze which joints contribute most strongly to
the classification decision.

Clinical Gait Feature Extraction

We first group the 17 skeletal keypoints into anatomi-
cally meaningful regions to improve interpretability: head (nose,
left/right eye, left/right ear), upper limb (left/right shoulder, el-
bow, and wrist), trunk/pelvis (shoulders and hips), and lower limb
(hips, knees, and ankles). These regions help summarize which
body parts the ST-GCN model attends to most strongly.

For downstream feature engineering, we focus on clinically
established gait descriptors rather than extracting features uni-
formly from every attended joint. Specifically, guided by the
Grad-CAM analysis, we found that the whole head region and
trunk region are very important, so we use region-level features
to describe the movement. While for other regions since not all
of the keypoints are very strong, we use keypoint-level features
to summarize them. The selected features are therefore organized
by anatomical source (knee, trunk) and global gait descriptor cat-
egory (spatiotemporal, and symmetry), as summarized in Table 1.
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Figure 2: Grad-CAM keypoint contribution analysis on the ST-
GCN backbone. Joint circle sizes and colors indicate contribu-
tion scores to GMFCS classification. Head and upper-body key-
points show the highest contributions, while ankles contribute
minimally. These scores guide the selection of body regions for
clinical gait feature extraction.

Among them, joint-angle features are computed from the angle
between two limb vectors at each frame, trunk inclination de-
scribes upper-body posture relative to the vertical direction, and
symmetry-related features are derived using a standard symmetry
index.

Frame-wise joint angles are computed as

B ( a(r)-b(r)
By 1) = arccos (2020

where a(r) and b(¢) denote the two limb vectors that form the
angle at frame 7.
Bilateral symmetry indicess [19] are computed as

@

XL — Xg|

SI= LR
0.5(X, + Xg)

x 100%. ®
where SI is the symmetry index, and X; and X denote the val-
ues of the same gait feature measured on the left and right sides,
respectively.

In total, we extract 24 candidate gait features and compare
them with a clinically curated subset of 14 features (Table 1). The
selected subset includes features with high Grad-CAM relevance
and clear clinical meaning, while excluding features with high
redundancy or limited reliability in 2D video-based analysis. All
features are standardized and projected through a two-layer MLP
to obtain a clinical feature embedding f,. € R2°.

Step 2: Dual-Branch Fusion Architecture

In this step, we leverage Cross-Attention Fusion to integrate
skeleton and clinical feature embeddings. Specifically, a sigmoid-
gated attention mechanism computes a dynamic weighting:

.
a—c(fi/g'), d =256 6)
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Figure 3: Confusion matrices for (a) ST-GCN baseline and (b) our framework (selected features, concatenation). Cell values show raw

counts and row-normalized recall percentages.

Table 1: Selected clinical gait features (14 features) organized
by anatomical source and gait feature category. Features were
selected based on Grad-CAM keypoint importance and clinical
relevance.

Body Region Features Count
Head Head tilt, head stability 2
Elbow L/R elbow ROM, elbow ROM sym. 2
Knee L/R knee ROM, knee ROM sym. 2
Trunk Trunk inclination 1
Spatial Step len., stride len., speed 3
Temporal Cadence, gait cycle dur. 2
Symmetry Step len. sym., timing sym. 2

where o denotes the attention weight, o(-) is the sigmoid func-
tion, and d is the embedding dimension.

frused = LN (£, + af.) @ LN (E. + af;) 0

where fieq € RY1? is the fused feature representation, LN(-)
denotes layer normalization, and @& denotes vector concatena-
tion. The fused representation is passed to a classification head:
FC(512 — 256) — Dropout — FC(256 — K) for GMFCS pre-
diction. For optimization, training is performed in two stages. We
first freeze the ST-GCN backbone and train only the fusion mod-
ule and classifier. We then unfreeze the last two ST-GCN blocks
for joint fine-tuning with a smaller learning rate. This strategy
helps stabilize training while allowing the fused model to adapt to
the CP severity classification task.

Experiments
Dataset and training

We evaluate on the public CP gait dataset from Kidzinski
et al. [7]. The dataset contains gait videos labeled with CP
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Table 2: Dataset distribution across GMFCS levels and data splits.

I I 11 IV | Total
Train 556 597 390 31 | 1,574
Val 167 179 118 9| 473
Test 314 327 244 14| 899
Frac. 353% 37.9% 24.8% 1.6% | 2,946

across GMFCS Levels I-1V, recorded using consumer-grade
cameras during clinical visits. OpenPose [8] extracts 25 key-
points per frame, which are converted to COCO 17-keypoint for-
mat.After pre-processing with quality filtering (>80% keypoints
with confidence>0.2) and removing the invalid videos that con-
tain other individuals, finally we yield 2,946 clips from GM-
FCS Levels I-1V. We use a patient-level stratified split (Training:
1,574, Validation: 473, Test: 899) to prevent data leakage. Table 2
summarizes the dataset distribution. Note that GMFCS Level IV
is severely under-represented (1.6%), reflecting the lower preva-
lence and fewer clinical visits at this severity level in the source
cohort, in line with real-world conditions. The model is opti-
mized using cross-entropy loss and Adam with a weight decay
of 5% 107, A cosine annealing scheduler is used for learning
rate adjustment. Data augmentation includes horizontal flipping
with left-right joint remapping and Gaussian noise (0 = 2 px).
Model selection is based on the best validation accuracy, and early
stopping is applied with a patience of 5 epochs. All experiments
are implemented in PyTorch and conducted on a single NVIDIA
AI00 GPU.

Main Results

Table 3 presents the classification performance across all
evaluated configurations (ST-GCN Baseline: only use raw key-
point sequences; +All Gait: combine the raw keypoint sequences

IS&T Infernational Symposium on Electronic Imaging 2026
Imaging and Multimedia Analytics af the Edge 2026



GMFCS Level | GMFCS Level Il GMFCS Level lll
1.0 1 1.0 1
o 0.8 0.8 (
©
o
.g 0.6 1 0.6 1
‘@
]
e 041 0.4
)]
2
'—
0.2 1 0.2 1
Baseline (AUC=0.813) Baseline (AUC=0.749) Baseline (AUC=0.945)
Ours (AUC=0.832) Ours (AUC=0.783) = Ours (AUC=0.959)
O‘O—l T T T T T 0'0—1 T T T T 0'0—1 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

False Positive Rate

False Positive Rate

Figure 4: Per-class ROC curves for GMFCS Levels [-III, comparing ST-GCN baseline (dashed gray) and our framework (solid blue).

AUC values are shown in the legend.

Table 3: GMFCS classification performance on the test set
(N=899). Acc denotes overall accuracy (in %), F1,, denotes
weighted F1 score, and x; denotes linearly weighted Cohen’s
kappa. Best in bold. “Sel.” denotes the clinically curated 14-
feature subset and the “Sel. Gait” corresponds to our proposed
framework.

Method Acc F1,, K
ST-GCN Baseline 6529 0.658 0.597
+ All Gait 6741 0.670 0.619
+ Sel. Gait 70.86 0.706 0.665

with all gait features; +Sel. Gait: combine the raw keypoint se-
quences with selected gait features guided by the Grad-CAM) on
the 899-sample test set. We report accuracy, weighted F1 score
(accounting for class imbalance), and linearly weighted Cohen’s
kappa (k;), which is appropriate for ordinal classification.

Key observations. (1) All fusion variants outperform the
skeleton-only baseline, confirming the value of clinical gait fea-
tures. (2) Feature selection matters: the Grad-CAM-guided 14-
feature subset outperforms all 24 features by 1.7% under cross-
attention, indicating that using a clinically guided feature subset
reduces noise from redundant features on moderately sized clin-
ical datasets. (3) The best configuration—selected features com-
bined with raw gait keypoint sequences—achieves 70.86% accu-
racy (+5.6% over baseline), with gains in weighted F1 (+0.048)
and x; (+0.068). We also compared with some existing studies,
we tried the method from Zhao et al. [9], and reported 65.29% on
our dataset; and in the paper that originally proposed the public
CP dataset, Kidziriski et al. [7] focus mainly on gait features pre-
diction, and achieve 66.00%, these works contributed a lot from
different perspectives.

Per-Class Analysis

Table 4 shows per-class recall (sensitivity) for the baseline
and best configuration. The largest improvement is observed
for GMFCS Level III, where recall increases by 11.89% , from
74.18% to 86.07%, while Level I also shows a notable gain
(+5.74%). These results suggest that clinically guided gait fea-
tures may be particularly helpful for separating classes in the mid-
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Table 4: Per-class recall (%) by GMFCS level. N denotes the
number of test samples.

Method I II I v
N=314 N=327 N=244 N=14

ST-GCN  63.69 61.77  74.18 28.57
Ours 6943 63.61 86.07 7.147

A +5.74 +1.84 +11.89 —

"Level IV contains only 14 test samples; per-class metrics at this level are not

statistically reliable.

dle of the severity spectrum. Prior studies have shown that gait de-
viations, asymmetry, and variability are clinically meaningful in
children with CP, which supports the value of structured gait de-
scriptors in this setting [20]. By contrast, performance on Level
IV remains less stable. Although recall improves numerically, this
class contains only 14 test samples, making the estimate highly
sensitive to sampling variation. This limitation is consistent with
the well-known difficulty of learning minority classes in small and
imbalanced clinical datasets.

Confusion Matrix Analysis

Fig. 3 shows the confusion matrices. The baseline exhibits
substantial adjacent-level confusion, particularly between Levels I
and II (210 misclassifications). Our framework reduces this to 194
and improves Level III recall from 74.2% to 86.1% by reducing
III—1I errors (39—27).

Fig. 4 presents per-class ROC curves for Levels I-III
(Level IV omitted due to N=14). Our framework improves AUC
across all levels, with the largest gain on Level II (0.749—0.783).
Level III achieves the highest AUC (0.959), consistent with its
distinctive gait patterns.

Conclusion

We proposed a multimodal fusion framework that com-
bines skeleton dynamics with clinically identified gait features for
video-based CP severity assessment. By using Grad-CAM to se-
lect informative keypoints and guide gait feature extraction, the
framework combines learned skeleton dynamics with clinically
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meaningful gait features. Experimental results show that the pro-
posed approach consistently outperforms the skeleton-only base-
line, with the best model achieving 70.86% accuracy, 5.6% im-
provement over ST-GCN. We also found that a clinically guided
feature subset performed better than a larger unfiltered feature set,
suggesting that careful feature selection is important for moder-
ately sized clinical datasets [21].

Beyond performance, an important strength of this frame-
work is its interpretability. [14, 13]. Grad-CAM-guided feature
extraction provides a more transparent connection between model
attention and clinically relevant gait descriptors. Several limita-
tions should also be noted. GMFCS Level IV was severely under-
represented, making this class difficult to learn reliably and its
results less stable. In addition, the current framework relies on
2D pose sequences and was evaluated on a single backbone and
dataset. Future work should include larger and more balanced co-
horts, 3D pose representations [22], and validation with additional
backbone models [23] and external datasets.
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