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Abstract

Early detection of cerebral palsy (CP) is challenging due to subtle and heterogeneous neuromotor abnormalities in
infants. This paper proposes FLinkNet-GAN, a hybrid deep learning and fuzzy logic framework for membership-
based CP risk assessment from RGB-D infant videos. Initially, a Bright Contrast Dynamic Histogram Equalization
(BCDHE) filter enhances motion visibility. A Generative Adversarial Network (GAN) performs multi-pose estimation
to extract kinematic features, including Movement Deviation (MD) and Joint Trajectory Discontinuity (JD). These
features are processed through a LinkNet backbone to preserve fine spatial details and subsequently mapped into a
Mamdani-type Fuzzy Inference System using Gaussian membership functions. Unlike conventional hard classifiers, the
proposed approach generates a continuous Risk Score (RS) via centroid defuzzification, providing interpretable risk
levels: Normal, Borderline, High, and Very High. Experimental evaluation on the RVI-38 dataset achieves 94.85%
accuracy and 94.5% pose precision, demonstrating robust and uncertainty-aware CP risk stratification.

Keywords: Cerebral palsy detection, fuzzy inference system, generative adversarial network, pose estimation, Gaussian
membership function, risk score modeling.

1 Introduction

Children with cerebral palsy (CP) are highly susceptible to neurodevelopmental impairments during childhood. A
person’s movements and the quality of their life are affected by CP. A newborn’s spontaneous movement patterns are
distinct during their early weeks [8] [27]. Children with CP exhibit varying degrees of motor disabilities due to lesions
in the developing brain [3, 22]. While cerebral palsy is not a disease that progresses, over time, it causes discomfort
and exhaustion due to secondary symptoms such muscle stiffness and skeletal deformities. The freedom and quality of
life of those who experience these symptoms are severely restricted [20} [32]. Nowadays, various orthopaedic treatments,
often combined with physical therapy and orthoses, aim ascto enhance functionality and improve the standard of living
for these patients. [, [7] Three to ten infants out of every 1,000 are estimated to have cerebral palsy of some type, based
on the gestational age at birth [5]. Thus, early analysis is essential to initiate treatment promptly and prevent more
significant health issues.[30, [33] Detecting cerebral palsy in infancy allows doctors to plan oculomotor rehabilitation,
which aids in neuroplasticity and ultimately enhances the lifestyle of affected children [13] [18].

Cerebral palsy is believed to affect 10 percent of the world population in one form or another, and it is considered to
affect 3.8 percent of Indians. It is very difficult to diagnose Newborns with cerebral palsy. Early methods of diagnosis
like General Movements Assessment (GMA) are precise and affordable [2[I7]. In the process of development, competent
professionals observe videos of newborns and indicate those behaviors that are absent or deviant at particular stages of
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development [4] 2I]. One important clinical goal for CP patients is an early diagnosis,[10] [13]. Clinical treatment may
advance significantly with the creation of useful laboratory testing [T1].

Early identification of CP is critical, as it enables timely therapeutic and neurodevelopmental interventions that
improve motor-function outcomes in later childhood [9]. However, clinicians often face difficulty distinguishing CP from
other conditions due to the overlapping presentation of early motor symptoms, and conventional assessment procedures
are time- and resource-intensive.

To address these challenges, a novel FLinkNet-GAN framework is proposed for early-stage CP diagnosis. The
contributions of the proposed model are summarized as follows:

1. The proposed multi-feature fusion model extracts multiple pose features from RGB-D infant video data for early-
stage CP detection.

2. The pre-processing filter is employed to enhance visual contrast and suppress noise artifacts by the ensuring
improved quality of fused multi—pose representations.

3. A deep learning-based GAN integrates the pose estimation module that fuses spatial and temporal cues to capture
subtle neuromotor irregularities in infant movements.

4. The fused feature representation is categorized through FLinkNet-GAN architecture, which incorporates fuzzy
inference to model clinical uncertainty and retains the fine spatial features to recognize CP.

5. The experiments conducted on the RVI-38 infant dataset show that the proposed FLinkNet-GAN model achieves
a higher level of accuracy in CP detection.

The remainder of this paper is organized as follows. Section [2] reviews related work on deep learning-based CP detec-
tion and fuzzy inference system design. Section Bl presents the proposed FLinkNet-GAN methodology including the
integrated Mamdani-type Fuzzy Inference System. Section [ reports experimental results and comparative analysis on
the RVI-38 dataset, including ablation studies and statistical validation. Section [l concludes the paper and outlines
directions, for future work.

2 Related work

Several studies have leveraged deep learning (DL) architectures for the early identification of CP in infants. Zhu et
al. (2021) [36] developed a 2D CNN model for classification of newborns’ body motions to predict cerebral palsy. The
network’s consideration of the critical joints for this disease is made possible by the channel attention module. The
proposed model achieves an accuracy of 91.67%, outperforming other state-of-the-art deep learning techniques. Palraj
and Siddan (2021) [23] suggested a CNN architecture built on AlexNet to classify the infants with cerebral palsy’s fMRI
brain images. After using a fuzzy adaptive filter to eliminate noise from the acquired fMRI images, a three-layer DNN
trained with tensor flow is used to classify the kind of cerebral palsy. The test’s reliability percentage for categorizing is
78.6%. McCay et al. (2021)[19] suggested a DL method of feature fusion for the categorization of CP. The conventional
ML classification approaches are applied for the classification. Computed joint positions by feeding raw video into
the pose estimation system. After the data has been adjusted, features based on the GMA are created for further
evaluation. The test achieves 91.67% of reliability rate for the categorization. These studies highlight the growing
interest in integrating deep learning with motion analysis for CP prediction, but they still suffer from inadequate fusion
of spatial and temporal data.

The strategy of data fusion integrates data across different fields like RGB, depth and motion information to improve
the reliability of the classification. The method used by Zhang et al. (2024) [34] to optimize actuators determined the
best parameters of a motor and transmission design. The Long Short-Term Memory models achieve 94.60 of success
rate without explicit training in children. The results of the trial indicated that the four healthy individuals and a kid
with normal development were able to perform effective assistive torque tracker with reliability rate of 97.00. Al-Sowi et
al. (2023) [I] proposed the use of ML methods to collect and analyze the dataset to locate CP. Classification methods
applied to machine learning include Naive Bayes (NB), K-Star, Random Tree (RT), a Multilayer Perceptron (MLP),
and Support Vector Machine (SVM). The MLP classifier was effective in identifying the cases with a detection rate of
84% in CP-type type of cases and 53% in GMFCS cases. Nevertheless, these conventional procedures are frequently
unable to acquire hierarchical modal interaction of features. The gap in the proposed model is filled by integrating
multi-pose data fusion based on the adversarial learning approach, thus providing better discriminative representation
of cerebral palsy at an early stage.
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Beyond CP-specific deep learning methods, the literature on more general fuzzy systems offers relevant theoretical
precedents for the inference part of the proposed framework. The use of a Mamdani-type FIS for nonlinear neuromotor
mapping in the proposed framework is directly motivated by the demonstration of Khalifa et al. [14] that fuzzy Wiener-
based nonlinear models allow for robust identification of complex engineering processes by Lyapunov-stable parameter
updates. The interval type-2 fuzzy Hammerstein model proposed by Khalifa et al. [15] established that IT2-TSK
fuzzy structures effectively handle networked nonlinear systems under time-varying delays, an insight relevant to the
multi-stage uncertainty inherent in infant neuromotor assessment from RGB-D sequences. Furthermore, the interval
type-3 fuzzy Wiener model of Khalifa et al. [I6] validated that smooth Gaussian membership functions embedded in
higher-order fuzzy structures provide superior boundary continuity for nonlinear inference tasks, directly supporting
the Gaussian MF design choice. The fuzzy-supervised PI controller [28] and the fuzzy tuning parameter identification
scheme [29] collectively confirms that fuzzy inference systems integrated within hybrid architectures achieve stable and
interpretable outputs under parameter perturbation.

Table [[] summarizes the key characteristics of representative works in CP detection and fuzzy inference systems
design, placing the proposed FLinkNet-GAN in direct methodological context.

Table 1: Summary of related works: CP detection and fuzzy inference methods

Reference Method Fuzzy Component Domain Key Metric  Dataset
Zhu et al. [36] 2D CNN + Attention None CP infant video Acc: 91.67% RVI-38
Palraj & Siddan [23] AlexNet + DNN Fuzzy adaptive filter CP fMRI classification ~ Acc: 78.6% Custom
McCay et al. [I9] DL feature fusion None CP pose-based pred. Acc: 91.67% Custom
Zhang et al. [34] CP-AGCN None CP infant risk Acc: 92.1% RVI-38
Zhang et al. [35] FA-GCN None CP frequency-GCN Acc: 93.2% RVI-38
Al-Sowi et al. [I] MLP / SVM / NB None CP multi-feature ML~ Acc: 84.0% Custom
Khalifa et al. [I4] Fuzzy Wiener model Mamdani FIS (Type-1) Nonlinear system ID RMSE Simulation
Khalifa et al. [I5] IT2 TSK Hammerstein Interval Type-2 TSK Networked systems MSE Simulation
Khalifa et al. [16] IT3 Fuzzy Wiener Interval Type-3 TSK CSTR control TAE / ISE Simulation
Shalaby et al. [28] Fuzzy-supervised P1 Mamdani FIS Flow-control process Settling time Experimental
Shalaby et al. [29] Fuzzy tuning ID Mamdani FIS (Type-1) Nonlinear process ID ID error Experimental
FLinkNet-GAN GAN + LinkNet 4+ FIS Mamdani (Gaussian MF) CP infant risk Acc: 94.85% RVI-38
(Proposed)

3 Methodology

In this Section, a novel FLinkNet-GAN framework is proposed. This Framework follows a sequential processing pipeline
for cerebral palsy risk assessment from RGB-D infant videos. Initially, the input RGB-D frames are preprocessed
using Bright Contrast Dynamic Histogram Equalization (BCDHE) to enhance image contrast while preserving fine
anatomical structures required for reliable pose estimation. The enhanced frames are subsequently provided to the
GAN-based pose estimation module, where the generator predicts infant skeletal poses and the discriminator guides
the learning process by enforcing anatomically plausible and temporally consistent pose representations. The kinematic
features such as Movement Deviation (MD) and Joint Trajectory Discontinuity (JD) are extracted and normalized
based on the generated pose sequences. These features are then supplied to the LinkNet architecture to preserve
discriminative spatial information and generate robust feature representations. Finally, the refined feature vectors are
forwarded to the Mamdani-type Fuzzy Inference System (FIS), where they are fuzzified and evaluated using predefined
membership functions and inference rules to produce a continuous cerebral palsy risk score. During model development,
the GAN-based pose estimation network is trained using adversarial learning. The FIS uses the extracted features to
make decisions based on predefined rules. Therefore, it does not require optimization through backpropagation. The
schematic representation of the proposed FLinkNet-GAN model is shown in Figure
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Figure 1: Schematic representation of the proposed FLinkNet-GAN model

3.1 Bright contrast dynamic histogram equalization (BCDHE)

Dynamic histogram equalization with bright contrast is an image processing method used to enhance image quality
by dynamically regulating the histograms. The BCDHE filter is mathematically represented through a sequence of
operations that include adaptive intensity adjustment, Gaussian-guided histogram smoothing, dynamic decomposition
of the histogram into multiple segments, and brightness-preserving intensity remapping. These processes collectively
enhance image contrast while maintaining the original luminance characteristics, as described in Equations[IH7l Unlike
Contrast Limited Adaptive Histogram Equalization (CLAHE), which enhances contrast by processing small image
regions separately and restricting amplification through a clipping threshold, Bright Contrast Dynamic Histogram
Equalization (BCDHE) operates on the image histogram as a whole. It first analyzes the intensity distribution and
then divides the histogram into several adaptive segments. Each segment is enhanced independently before being
merged back into the final image. This strategy helps maintain the original brightness characteristics while improving
contrast in important regions. In addition, BCDHE reduces the risk of excessive enhancement and eliminates the tile-
boundary artifacts that can sometimes appear with CLAHE. As a result, it is particularly effective for highlighting subtle
infant body contours and fine motion cues, which are essential for reliable pose estimation in RGB-D video sequences.
Utilizing the entire range of intensity values, histogram equalization is a commonly used approach to enhance an image’s
ability to see details by redistributing intensity levels. By computing weights and taking into consideration the values
of neighbouring pixels, the proposed method updates the analysed pixel value. The transformation function used to
accomplish contrast stretching for every pixel in the image is shown in Equation [
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kX 0<a<u
R=<{px(a—u)+i v<a<wv (1)
gx(a—v)+j v<a<a-1
The parameters a, «, i, and j together span the complete dynamic intensity range of the input image. The DHE
technique refines conventional histogram equalization to enhance contrast while preserving distinctive image features.
To achieve this, the input histogram is partitioned into several sub-histograms, ensuring that no single intensity region

dominates the resulting distribution. A one-dimensional Gaussian filter is used to smooth out the data in the histogram.
The parameters of the Gaussian filter is described in Equation

f(a) = exp <;‘22> : (2)

Equation Plindicates a as a vector with respect to the axis of the kernel. Let o be the function of standard deviation.
The set of variables for the dynamic equalisation approach is provided by Equation Bl

aR = 3n — 9h- (3)

The total number of pixels in the segment denoted by ax is utilised to calculate spanning in the Equations 4 and
Bl The two brightnesses from the n'” input sub-histogram at their highest and lowest levels are 3,, — gp.

0-1
Sstartn = ZQfl Ranges + ]-7 (4>

0
Sstop, = ZQ—l Range.. (5)

Rearranged values must be obtained to ensure stability in every sub-histogram. Equation [l represents the results
of the sub-histogram.

o v(Q)
z(Q) = a, + Range, ZQ an o (6)
According to Equation [6] above, ag indicates the total number of pixels, and z(Q) represents the distinct intensity
level. Equation [ shows how the grey level pixel factor K(b, s) and the normalisation of the input image brightness are
evaluated.

IC(b,S) = Tﬁg(baﬁ), (7)

Tn
where b denotes the brightness component of the pixel and s denotes the spatial neighborhood index used in the sub-
histogram mapping. The dynamic range of the input image of the histogram data determines how the entire range of
variable levels is divided among the sub-histograms. Minor details in the input image are kept from becoming dominated
and fading away due to this distribution of the contrast stretching range, which provides effective contrast enhancement
in every area of the entire image. The processed images are then converted into the output image in accordance with
the specific transformation created for each sub-histogram based on the traditional approaches.

3.2 Multi-pose estimation using GAN

In infant movement assessment, accurate pose estimation is particularly important because subtle variations in joint
trajectories and movement patterns often serve as early indicators of neuromotor abnormalities. Generative Adversarial
Networks (GANs) have demonstrated strong capability in learning complex spatial representations through adversarial
training, enabling the generation of anatomically consistent pose structures from challenging visual data. Recent
advances in GAN research have further improved training stability and representation learning through evolutionary
optimization strategies. Methods such as MC-GANS [3I], CGE-GAN [12], EWSGAN [24], and MD-EGAN [25] have
demonstrated the effectiveness of co-evolutionary learning, adaptive weight-sharing mechanisms, and dynamic latent-
space exploration for enhancing GAN performance across complex visual learning tasks. Motivated by these advances,
the proposed framework employs a GAN-based pose estimation module to extract reliable skeletal representations from
RGB-D infant video sequences, which are subsequently utilized for the computation of clinically relevant kinematic
features and fuzzy-based CP risk assessment.
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In specific scenarios, pose estimation exhibits enhanced resilience against various detrimental factors, including
alterations in illumination, camera motion, resolution variations, baby size variations, and larger motions between each
frame. Pose estimation requires relatively little manual tuning and excels in handling external influences and supplying
essential motion information generated from specific body-part movements since it provides localized joint estimates.

In the task of generating images for pose estimation, the target images depict deformations of the source images.
This implies that each position in the target images is influenced by a local region in the source images. To address, a
global flow local attention model is designed to carefully select and reassemble features from the original images. The
Global Flow Field Estimator Gy and the Local Neural Texture Renderer I,, are the two modules that make up this
system.

The motions between the source and target images are evaluated by the Gf, which generates edge masks £ and
global flow fields W for the local attention blocks. Let £y and Dp denote the structural control of the image Z,, and
the target image 7;. Gy is employed to estimate the motion between Z,, and 7; in an unsupervised manner.

W, E = Q(Z,,Em, Dp). (8)

The Local Neural Texture Renderer I,, utilizes flow fields W and occlusion masks E to produce outcomes by
transferring data from sources to goals spatially. Specifically, the local attention module facilitates the information
transformation, functioning as a neural renderer is represented in Figure

T,,E0,Dp

Figure 2: Architecture of proposed pose-feature based GAN

The two kinematic features such as Movement Deviation (M D) and Joint Trajectory Discontinuity (JD) are ex-
tracted from the GAN output to serve as crisp inputs the Fuzzy Inference System for movement following the pose
estimation.

Movement Deviation (MD) quantifies the mean spatial displacement of tracked joint positions relative to a
normative reference template derived from healthy infant sequences in the training set:

J
1 .
MD; =~ > 1Pt — ity 9)
j:

where J is the total number of tracked joints, p;; € R3 is the predicted 3D position of joint j at frame ¢ produced by
the GAN pose estimator, and p;; € R? is the corresponding normative reference position of joint j at frame ¢, computed
as the mean joint position across all healthy infant sequences in the training set at the equivalent developmental stage.
A higher M D, value indicates greater deviation from typical infant movement patterns, reflecting potential neuromotor
irregularity.

Joint Trajectory Discontinuity (JD) captures abrupt changes in joint velocity across consecutive frames, quan-
tifying the irregular and jerky motion characteristics associated with abnormal neuromotor patterns in CP-affected
infants:

J
ID; == |Ivie = Visilly, (10)
j=1

~f =
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where v;; = pj+ — Pj—1 is the velocity vector of joint j at frame ¢. A large JD, value corresponds to sudden
acceleration or deceleration of a joint, which is a clinically recognized marker of fidgety movement absence — a primary
indicator of CP risk in the General Movements Assessment (GMA) protocol [I7].

Both M D; and JD; are aggregated across all frames of a video clip as their respective temporal means:

T T
1 1
MD = — MD JD = — JD 11
th:; ts th:; ts ( )

where T is the total number of frames in the clip. Before input into the Fuzzy Inference System, both M D and
JDs are normalized to the range [0, 1] using min-max normalization computed from training set statistics:

MD — MDpyin TD — JD — JDpin
MDmax_MDmin’ - JDmax_JDmin7
where M Dyin, M Dimax; J Dmin, and JDpax are the minimum and maximum values observed across the training

set. The normalized values M D and JD are then passed as crisp inputs to the Gaussian membership functions of the
Mamdani-type FIS described in Section

MD = (12)

Vatten = H(RF & Mm(Vza]:""_ WF) (13)

To facilitate the creation of fresh content, an edge mask F with a continuous value ranging from 0 to 1 is employed
to choose features between Vysien, and V;.

V, = (1 - E) * Vi + E * Vatten- (14)

The network is trained using a variety of function losses, including posture, adversarial, and perceptual losses. The
adversarial loss is depicted as:

Laav = a[log(1 = De(In(Zy, Enr, W, E)))] + allog De(T5))- (15)

The perceptual loss Ly, and pose generated loss Losc are estimated as follows:

»Cpre - Z HTk(Z) - Tk(ﬁ)”b (16)
k
Lpose = Y _NIE(T) = &(To)|1- (17)
k
The total loss function is defined as:
L= ’YaLa + 7I£I + Vadvﬁadv + ’Ypf'pre + ’Ypﬁposev (18)

where £ is the total loss being minimized. v, = 1.0 is the weight for the anchor/classification loss L4; v, = 10.0
is the weight for the cross-reconstruction loss £;; vaav = 1.0 is the weight for the adversarial loss La.q4v; and vy, = 10.0
is the shared weight for both the perceptual loss £,,. and the pose estimation loss L£,0sc. The empirical values follow
standard GAN training conventions and were fixed across all experiments.

3.3 Fuzzy-LinkNet architecture

The core of the proposed diagnostic framework is the FLinkNet-GAN architecture, a hybrid system that bridges the
gap between high-dimensional spatial feature extraction and Language-based clinical reasoning. Instead of the hard
classification boundary in traditional deep learning models, this model integrates a Mamdani-type Fuzzy Inference
System (FIS) directly into the LinkNet decoder transition. The purpose of this configuration is to address the clinical
uncertainty in the diagnosis of early-stage cerebral palsy (CP).
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3.4 Spatial feature preservation and recovery

The LinkNet backbone is chosen because it enables them to track tiny details of how infants move. Early detection
of CP depends on detection of small fidgety movements that generate small pixel changes that deep networks cannot
detect during their downsampling process. The components of the encoder and decoder blocks are connected with
non-trainable pooling indices in LinkNet. The mathematical equation for spatial feature reconstruction at layer i is as
follows:

D; = fiec(Dit1) + E;. (19)

The equation defines F; as the feature maps that the associated encoder block produces and fge. as the upsampling
process. The structural connection allows Movement Deviation (M D, Equation E[) and Joint Trajectory Discontinuity
(JD, Equation to be carried directly into the fuzzy logic engine. As a result, the encoder—decoder framework
preserves the spatial characteristics of the motion data without losing critical details.

3.5 Integrated Mamdani-type fuzzy inference system (FIS)

The most significant modification to the standard LinkNet architecture occurs at the final stage of the decoder. Instead
of a standard deterministic activation (such as Softmax), the reconstructed features are treated as crisp inputs for a
Mamdani-type FIS. This integrated mechanism transforms the extracted kinematic features into fuzzy membership
values that can be used for diagnostic assessment. This hybrid transition allows the model to map kinematic feature
representations into a membership-based diagnostic space.

3.5.1 Fuzzification and membership functions

The normalized kinematic features MD and JD (Equation , derived from the LinkNet decoder output, serve as
crisp inputs to the Mamdani-type FIS and are converted into linguistic variables using Gaussian Membership Functions
(MFs).

() = exp (—(””2;;)2) : (20)

where ¢ and o represent the center and width of the distribution, respectively. This allows the system to evaluate
infant movement within the linguistic sets: Low (L), Medium (M), and High (H).

1 4
B
3 0.5t
0 ‘ ‘ ‘ ‘ ‘
0 0.2 0.4 0.6 0.8 1

Input Feature (Normalized M D or JD)
| — Low (L) — Medium (M) — High (H) |

Figure 3: Gaussian Membership Functions for Fuzzy-LinkNet

The membership functions illustrated in Figure [3| define the transition from crisp, normalized motion features to
fuzzy linguistic sets such as (L), Medium (M), and High (H).
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3.5.2 Knowledge-based rule inference

The interaction between the spatial features is governed by a clinical rule base derived from the General Movements
Assessment (GMA) protocol. The system uses borderline motion markers to solve particular cases that it can address.
The inference engine processes rules such as:

e Rule 1: IF (M D is H) AND (JD is H) THEN (CP Risk is Very High).

e Rule 2: IF (MD is M) AND (JD is H) THEN (CP Risk is High).
e Rule 3: IF (MD is M) AND (JD is L) THEN (CP Risk is Borderline).
e Rule 4: IF (M D is L) AND (JD is L) THEN (CP Risk is Normal).

Table 2: Fuzzy logic rule mapping for CP risk assessment
Rule ID  Movement Deviation (M D)  Joint Discontinuity (JD) Risk Category

R1 High High Very High
R2 Medium High High

R3 Medium Low Borderline
R4 Low Low Normal

3.6 Centroid defuzzification and risk scoring

To provide clinicians with a quantitative measure of diagnostic confidence, the aggregated fuzzy output is processed
using the Centroid (Center of Gravity) method. This produces a crisp, continuous Risk Score (RS) ranging from 0 to
1:

Ry — o) ydy (1)
Juc(y) dy
The non-linear mapping provided by this fuzzy integration, as visualized in the Fuzzy-LinkNet Inference Surface (see
Figure , ensures that the model remains robust against sensor noise while providing a highly interpretable diagnostic
gradient.

CP Risk Score
o
4
,
<2
Z,
%
c)
o
e e 4 =
IS > o

Joing 06

iscony 8 0.8
i, 11 oot
¥ (1) o
NG

0

Figure 4: Fuzzy-LinkNet Inference Surface

Algorithm [l summarizes the end-to-end inference procedure of the proposed FLinkNet-GAN framework, from raw
RGB-D input to the final CP Risk Score.
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Algorithm 1 FLinkNet-GAN inference procedure

Require: RGB-D input sequence {I;}1 ;
Ensure: CP Risk Score RS € [0,1] and Risk Category
1: Preprocessing: Apply BCDHE filter to each frame I; using Eq. to obtain enhanced frames I,
2. Pose Estimation: For each I, compute global flow field W and edge mask E via Gy (Eq. 8); generate pose-refined
output V, via I, (Eq. 9-10)
3: Feature Extraction: Compute joint positions p;; from V,; calculate M D; and JD; using Eq. [J] and Eq.
4: LinkNet Encoding/Decoding: Pass pose-refined features through LinkNet encoder—decoder with skip connec-
tions (Eq. to obtain reconstructed feature maps D;
5. Temporal Aggregation: Aggregate MD;, JD; over T frames to obtain M D, JD (Eq. ; normalize to
MD,JD € [0,1] (Eq.
6: Fuzzification: Compute membership degrees pp, s, pg for MD and JD using Gaussian MF (Eq.
7: Rule Evaluation: Evaluate Mamdani rules R1-R4 (Table 1) using min—max composition to obtain aggregated
output fuzzy set po(y)
8: Defuzzification: Compute RS via centroid method (Eq.
9: Risk Categorization: Map RS to one of {Normal, Borderline, High, Very High} based on threshold ranges
10: return RS, Risk Category

4 Result and discussion

In this section, the proposed FLinkNet-GAN framework is evaluated on the RVI-38 dataset [34]. The RVI-38 dataset
was collected by the Royal Victoria Infirmary (RVI) in Newcastle upon Tyne, UK, during routine clinical service.
It comprises 38 RGB-D video sequences of newborns observed between 12-21 weeks of age, recorded using a Sony
DSC-RX100 camera at 1920x 1080 pixels resolution and 25 frames per second.

The 38 RGB-D video sequences were partitioned at the sequence level to prevent data leakage among clips extracted
from the same infant recording. A stratified sampling strategy was employed to preserve the distribution of risk
categories across all subsets. The dataset was divided into training, validation, and testing sets following a ratio of
6:2:2, corresponding to 23 sequences for training, 8 sequences for validation, and 7 sequences for testing. To improve
model generalization and reduce overfitting caused by the limited dataset size, data augmentation was applied to the
training data, including random horizontal flipping, small rotations (£10°), scaling (0.9-1.1), brightness and contrast
adjustments. The detailed class-wise distribution of samples across the three subsets is presented in Table Bl All
Quantitative results represent averages over 5 independent runs with different random seeds

Table 3: Class-wise sample distribution across dataset subsets (RVI-38)
Risk Category Total Training (23) Validation (8) Testing (7)

Very High 10 6 2 2
High 9 6 2 1
Borderline 10 6 2 2
Normal 9 5 2 2
Total 38 23 8 7

Figure [5| demonstrates the end-to-end processing of the FLinkNet-GAN by qualitative analysis, which shows how
raw input turns into the accurate classification of risk. Using BCDC filter to denoise and estimate adversarial pose, the
framework correctly classifies infant skeletal trajectories into different risk categories such as Very High, High, Borderline
and Normal. This discrete classification indicates that the model can deal with diagnostic uncertainty, and it can give
a clinically interpretable visualization of neuromotor health that goes beyond the traditional binary outcomes.

4.1 Performance analysis

The performance analysis of the proposed FLinkNet-GAN framework was conducted to evaluate both the effectiveness
of adversarial multi-pose estimation and the reliability of fuzzy-based CP risk classification. The diagnostic capability of
the model was assessed using class-wise Precision, Recall, F1-score, and overall Accuracy computed from the confusion
matrix, enabling detailed evaluation across the four linguistic risk categories such as Normal, Borderline, High, and Very
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Figure 5: Experimental segmentation result for the proposed model

11

High. Specificity quantifies the avoidance of false alarms in healthy infants. Precision, F1-Score, and overall Accuracy
are reported to provide a complete diagnostic picture. All metrics are computed under a one-vs-rest formulation for

each risk category and are reported as mean + standard deviation across 5 independent runs in Table

Joint trajectory tracking precision was quantified by the Percentage of Correct Keypoints (PCK@O0.05), which
ensured accurate capture of subtle infant movement patterns. Furthermore, a paired sample t-test was used to provide
statistical evidence for the improvement in diagnostic accuracy and tracking performance. A sensitivity analysis of
the Risk Score (RS) was carried out to verify the robustness of the fuzzy inference component to variations of the
parameters of the Gaussian membership function, which confirms the stability of the proposed hybrid fuzzy-deep

learning architecture.
Trueps +Trueng

- Trueps +Trueng + Falseng + Falseps

Trueps

" Trueps + Falsep,’

Truepg
Re = .
Trueps + Falseny
Trueng
Sp = .
Trueng + Falseps
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po=22 20

P + Re

x 100.

(22)

(23)

(24)

(25)

(26)
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Basic factors like True Positive (T'rueps), True Negative (T'rueng), False Positive (Falseps), and False Negative
(Falseng) used to provide the discussed evaluation metrics. Table [ presents the classification performance of the

Table 4: Comprehensive classification performance across fuzzy risk categories
Risk Category Accuracy (A) Precision (P) Recall (Re) F1-Score (Fy) Specificity (S,)

Very High 97.240.4% 96.24+0.5% 98.1+0.3%  97.144+0.4% 98.8+0.2%
High 94.8+0.6% 94.54+0.7% 93.840.5%  94.154+0.6% 97.9+0.3%
Borderline 91.54+0.8% 91.24+0.9% 89.54+0.7%  90.34+0.8% 96.6+£0.4%
Normal 95.4+0.5% 95.8+0.6% 96.4+0.4%  96.10+0.5% 97.1+0.3%

proposed FLinkNet-GAN framework across the four fuzzy risk categories: Very High, High, Borderline, and Normal.
The model achieved the best performance in the Very High risk category, with an accuracy of 97.2%, precision of 96.2%,
recall of 98.1%, Fl-score of 97.14%, and specificity of 98.8%. Consistently high performance was also observed for the
High and Normal categories, while the Borderline category showed comparatively lower scores due to the overlap of
movement characteristics between adjacent risk levels. Overall, the results demonstrate that the proposed framework
maintains high sensitivity and specificity across all risk categories, indicating its ability to accurately distinguish different
levels of CP risk while minimizing false-positive classifications.

Predicted Class (FLinkNet-GAN)

Very High High Borderline  Normal

Very High

Ev High
@)
=
=

k3 Borderline
<

Normal

Figure 6: Confusion matrix

The confusion matrix shown in Figure [6] summarizes the classification outcomes of the FLinkNet-GAN framework
on the RVI-38 dataset. The model achieved complete detection of the Very High risk category, with all corresponding
samples correctly classified. In addition, none of the severe-risk cases were predicted as Normal, highlighting the model’s
ability to avoid clinically significant misclassifications. The confinement of errors to adjacent categories further validates
the effectiveness of the fuzzy membership approach in handling clinical uncertainty. To further test the discriminative
performance of the proposed architecture, the One-vs-Rest ROC-AUC curves are provided in Figure[7] The FLinkNet-
GAN had a Macro-average AUC of 0.95, with a higher degree of separability in all levels of risk. Notably, the highest
AUC (0.98) was observed in the Very High Risk category, indicating that the model is highly reliable in identifying
the most critical cases of CP without generating excessive false positives. The category of Borderline (AUC = 0.92)
indicates the anticipated clinical gray value, but it is still considerably higher than the conventional CNN-only baselines

The sensitivity analysis presented Table [5| shows that the diagnostic output of the model and the Risk Score (RS)
is stable to controlled perturbations of the Gaussian Membership Function (MF) parameters. The resilience of the
model to parameter “jitter” by varying the width in (o) of linguistic sets (Low, Medium, High) and the center (¢) of
the linguistic sets is measured using data from the RVI-38 dataset.
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Multi-class ROC Curves (FLinkNet-GAN)
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Figure 7: Multi-class ROC Curves (FLinkNet-GAN)

Table 5: Sensitivity of fuzzy-LinkNet risk score (RS) to Gaussian MF parameter variations
Normal (RS) Borderline (RS) High Risk (RS) Very High (RS)

Variation Level

Baseline (¢, 0) 0.122 0.485 0.894 0.978
Width (o) + 10% 0.141 0.512 0.875 0.962
Width (o) - 10% 0.108 0.443 0.912 0.985
Center (c) + 5% 0.135 0.501 0.932 0.991
Center (c) - 5% 0.115 0.468 0.854 0.955
1.2 T T
—— Baseline ¢ = 0.15

S 1 |--- Perturbed o = 0.18 ~_

< 7\

g 08 4 N

%D I/I \\\

2 06 =

g 04 / i

: 3
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Input Feature (Normalized MD or JD)

Figure 8: Gaussian MF sensitivity: Baseline (o = 0.15) vs. perturbed (o = 0.18).

The sensitivity of the Gaussian Membership Function (MF) is depicted in Figure |8 comparing the base model
(o0 = 0.15) with a disturbed state representing a wider model (o = 0.18). The broader, smeared red line indicates the
fact that as o is increased the overlap between linguistic categories is also increased, which is an effective reflection of a
greater clinical uncertainty in movement data. This visualization proves the fact that the FLinkNet-GAN architecture
has a continuous flow of diagnostic conditions, so that minor differences in kinematic features do not cause unstable
and high-temperature Risk Score (RS) outputs.
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Figure 9: FLinkNet-GAN Training Convergence Analysis. All curves represent mean values averaged over 5 independent
runs with different random seeds. Shaded bands (where visible) indicate 1 standard deviation around the mean training

trajectory.

Figure [9] shows how both the spatial pose estimator and adversarial are optimized simultaneously. The Pose Loss
(Lpose) shows a fast exponential decay in the first 30 epochs, which implies that the model is effective in modeling
infant joint movement. Concurrently, the Adversarial Loss (L,q4,) exhibits characteristic initial oscillations driven by
the competition between the generator and the discriminator, eventually stabilizing around epoch 70. This balance
shows that the FLinkNet-GAN has already learned the entire flow fields of the world in fidgety movements, which forms
a strong basis for the next fuzzy risk evaluation.

The Precision of the Multi-Pose Estimation component is quantitatively evaluated with the help of the Percentage of
Correct Keypoints (PCK@0.05). Under the framework, the predicted joint keypoint is declared accurate if its Euclidean
distance of 3D position with the ground truth falls within a tolerance value h with h being 5 % of the torso diameter
of infants in the RVI-38 dataset to adjust to the variation in infant sizes.

By leveraging the depth channel (D) provided in the RVI-38 RGB-D sequences, we calculate the total 3D Euclidean
error (E) as follows:

E = /(ep — )2 + (0 — 49)? + (2 — 2)%, (27)

where (2, Yp, 7p) represents the predicted coordinates and (x4, y4, 24) denotes the manually annotated ground truth.
A prediction is said to be a Correct Keypoint when E < h. The 3D technique ensures that the depth-wise precision
of the fidgety movements is represented, which gives a more powerful input to the subsequent fuzzy risk evaluation in
comparison to the conventional 2D spatial analysis.

Table 6: Paired sample t-test of FLinkNet-GAN accuracy on RVI-38 dataset

Metric Mean Diff. (D) t-statistic p-value
Diagnostic Accuracy 3.18% 4.82 0.0004
Tracking Precision (PCK) 5.5% 5.11 0.0002
Risk Score Stability 0.04 3.96 0.0012

To validate the FLinkNet-GAN framework, a Paired Sample t-test was conducted on the 3D Euclidean joint errors
across 38 infant sequences, yielding a highly significant p-value of 0.0004 for diagnostic accuracy. The findings in Table
[6] illustrate that incorporating of a Mamdani-type Fuzzy Inference System and adversarial pose estimation significantly
minimizes clinical uncertainty compared to conventional hard classifiers (¢t = 4.82,p < 0.05). The statistical strength of
the Risk Score (RS) stability (p = 0.0012) is another indication that the proposed fuzzy-linkage architecture is robust
to stochastic movement noise, which is a solid mathematical basis for early interventions in Cerebral Palsy. To further
validate the robustness of the reported results, 3-fold and 5-fold cross-validation were additionally performed. As shown



FLinkNet-GAN: Fuzzy logic-based CP risk assessment 15

in Table [ the 5-fold CV achieves 93.85+0.9% accuracy, which is consistent with the reported result of 94.85% under
the fixed split, confirming that the performance is stable and not an artifact of a single favorable data partition.

Table 7: Cross-validation performance of FLinkNet-GAN on RVI-38 dataset

Metric 3-Fold CV 5-Fold CV
Accuracy  93.1241.2%  93.8540.9%
Precision  92.84+1.3% 93.524+1.1%
Recall 93.404+1.1%  94.0840.8%
F1-Score 93.124+1.2%  93.80+0.9%
Specificity  96.20+0.8%  96.75+0.6%

4.2 Comparative analysis

To further validate the effectiveness of the proposed FLinkNet-GAN framework, a comprehensive comparative evaluation
was conducted on the RVI-38 dataset. The analysis considers joint trajectory accuracy, component-wise performance,
and classification results to evaluate the framework’s motion representation capability and diagnostic reliability. Com-
parative results demonstrate consistent improvements achieved through the integration of adversarial pose refinement
and fuzzy inference mechanisms, confirming the robustness and effectiveness of the proposed approach in CP risk
assessment.

In Table[§ a quantitative assessment of the Multi-Pose Estimation element is provided, and in particular, the results
of the FLinkNet-GAN architecture are much more accurate in each anatomical area. Using the PCK 0.05 measure on
RVI-38 data, the outcomes reveal that the combined flow field estimator based on GAN can help track distal joints
(Upper and Lower Limbs) significantly, which are key in detecting indicators of fidgety movement. The average precision
of 94.5% is significantly greater than the average baseline CNN models and it is demonstrated that the integration of
spatial and temporal features is effective in reducing jitter and stabilizing joint trajectories to be subsequently used in
fuzzy risk evaluation.

Table [@ presents the ablation study conducted to evaluate the contribution of individual components within the
proposed FLinkNet-GAN framework. The complete model achieved the highest performance, obtaining an accuracy
of 94.85%, precision of 93.70%, recall of 95.10%, and Fl-score of 94.40%. Removing the GAN module resulted in the
most significant performance degradation, with accuracy decreasing to 91.67% and recall to 89.50%, highlighting the
importance of adversarial learning for pose refinement and robust modeling of infant movement patterns. Excluding
the fuzzy logic component also reduced performance, confirming its role in handling uncertainty and improving risk
categorization. Similarly, the removal of the BCDHE preprocessing filter led to a noticeable decline in all evaluation
metrics, indicating the importance of image enhancement for reliable feature extraction. Overall, the results demonstrate
that each component contributes to the effectiveness of the proposed framework, with the GAN module providing the
largest individual performance gain.

Table [[0] presents a comparison of CP detection models on the RVI-38 dataset. The 2D CNN model achieved 91.67%
accuracy, while CNN + AlexNet reported 78.60% accuracy. The MLP classifier improved the accuracy to 84.00%.
Graph-based methods, namely CP-AGCN [34] and FA-GCN[35], achieved 92.10% and 93.20% accuracy, respectively,
with moderate uncertainty handling. The proposed FLinkNet-GAN outperformed all compared methods, achieving
94.85% accuracy, 93.7% precision, and 95.1% recall. In addition, the integration of a Mamdani-type fuzzy inference
system enables explicit handling of diagnostic uncertainty and provides an interpretable CP risk assessment.

Table 8: Joint trajectory precision (PCK@0.05) on RVI-38 dataset
Baseline CNN  FLinkNet (No GAN) FLinkNet-GAN

Joint Group

Upper Limbs (Elbow/Wrist) 82.4% 88.1% 94.2%
Lower Limbs (Knee/Ankle)  79.8% 85.4% 92.8%
Trunk (Shoulder/Hip) 91.2% 93.6% 96.5%

Average Precision 84.5% 89.0% 94.5%
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Table 9: Ablation study: Contribution of individual components to FLinkNet-GAN

Model Configuration

Accuracy (A)

Precision (P)

Recall (Re)

F1-Score (F1)

Full FLinkNet-GAN
w/o GAN (CNN only)
w/o Fuzzy Logic

w/o BCDHE Filter

94.85+0.52%
91.67+0.63%
92.10+0.59%
92.75+0.57%

93.70+0.61%
91.25+0.70%
91.80+0.65%
92.35+0.62%

95.10+0.48%
89.504+0.58%
90.8040.53%
91.65+0.50%

94.40+0.55%
90.57+0.64%
91.44+0.59%
92.00+0.56%

Table 10: Quantitative comparative analysis of CP detection models on RVI-38 dataset
Model Architecture Precision (%) Recall (%)

Accuracy (%) Handling Uncertainty

2D CNN (Sakkos et al.) [26] 91.67 90.2 89.5 Low (Hard Boundary)

CNN + AlexNet (Palraj & Siddan) [23] 78.60 76.4 77.1 Medium (Fuzzy Filter Only)
MLP Classifier (Al-Sowi et al.) [I] 84.00 81.5 82.8 Low (Traditional ML)
CP-AGCN (Zhang et al., 2022) [34] 92.10 91.40 90.80 Medium (GCN, No FIS)
FA-GCN (Zhang et al., 2022) [35] 93.20 92.60 91.90 Medium (Attention GCN)
FLinkNet-GAN (Proposed) 94.85 93.7 95.1 High (Integrated FIS)

5 Conclusion

This paper presented FLinkNet-GAN, a hybrid deep learning and fuzzy inference framework for early-stage cere-
bral palsy (CP) risk assessment using RGB-D infant motion data. The proposed architecture integrates adversarial
multi-pose estimation with a LinkNet backbone to preserve fine-grained spatial motion characteristics, followed by a
Mamdani-type Fuzzy Inference System (FIS) for membership-based diagnostic reasoning. By replacing conventional
hard classification with Gaussian membership functions and centroid defuzzification, the model generates a continuous
Risk Score (RS) that enhances interpretability and clinical decision support. Experiments conducted on the RVI-38
dataset showed that the proposed FLinkNet-GAN framework achieved higher classification performance and more ac-
curate pose tracking than the compared CNN-based and conventional machine learning methods. The confusion matrix
and ROC-AUC results indicated effective separation among the risk categories, with particularly reliable identifica-
tion of infants belonging to the high-risk group. In addition, sensitivity analysis revealed consistent behavior of the
fuzzy inference component under varying conditions. These findings suggest that combining adversarial learning with
fuzzy reasoning can support reliable neuromotor risk assessment while accounting for uncertainty in infant movement
patterns.

Although the proposed FLinkNet-GAN framework shows promising performance, some limitations should be noted.
The model relies on the quality of RGB-D video data, where factors such as occlusion, illumination variations, and
sensor noise may affect pose estimation accuracy. In addition, the evaluation was conducted only on the RVI-38 dataset
contains 38 infant video sequences, which may limit the generalizability of the results. Furthermore, the proposed
framework has not yet been validated on independent external datasets. Future work will focus on evaluating the
model on larger multi-centre datasets, improving robustness to noisy RGB-D inputs, and validating its performance
across diverse clinical environments to enhance reliability and clinical applicability.
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