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Abstract

An Adaptive Neuro-Fuzzy Inference System (ANFIS) framework for paediatric wrist injury
classification (fracture versus sprain) was developed utilising infrared thermography (IRT).
ANFIS combines artificial neural network (ANN) learning with interpretable fuzzy rules,
mitigating the “black-box” limitation of conventional ANNs through explicit membership
functions and Takagi–Sugeno rule consequents. Forty children (19 fractures, 21 sprains,
confirmed by X-ray radiograph) provided thermal image sequences from which three
statistically discriminative temperature distribution features namely standard deviation,
inter-quartile range (IQR) and kurtosis were selected. A five-layer Sugeno ANFIS with
Gaussian membership functions were trained using a hybrid least-squares/gradient de-
scent optimisation and evaluated under three premise-parameter initialisation strategies:
random seeding, K-means clustering, and fuzzy C-means (FCM) data partitioning. Five-
fold cross-validation guided the selection of membership functions standard deviation
(σ) and rule count, yielding an optimal nine-rule model. Comparative experiments show
K-means initialisation achieved the best balance between convergence speed and gener-
alisation versus slower but highly precise random initialisation and rapidly convergent
yet unstable FCM. The proposed K-means–driven ANFIS offered data-efficient decision
support, highlighting the potential of thermal feature fusion with neuro-fuzzy modelling
to reduce unnecessary radiographs in emergency bone fracture triage.

Keywords: artificial neural network; medical image analysis; ANFIS; explainable AI

1. Introduction
Adaptive Neuro-Fuzzy Inference Systems (ANFISs) represent a powerful fusion of

two prominent artificial intelligence paradigms, namely fuzzy logic and artificial neural
networks (ANNs). It is a supervised learning technique integrating the adaptive learning
capabilities of ANNs with the human-interpretable rule-based reasoning of fuzzy logic [1].
By adapting the ability of ANNs to learn complex nonlinear mappings from data with the
interpretable, rule-based reasoning of fuzzy inference, an ANFIS provides a transparent
decision support mechanism. As with a conventional neural network (CNN), an ANFIS is
trained using representative datasets. During its learning phase, its network parameters
are updated to minimise prediction error on a training dataset. Once trained, the ANFIS
model structure, which comprises both antecedent (fuzzy membership) parameters and
consequent (linear output) coefficients, is evaluated on previously unseen test data [2].

Multimodal Technol. Interact. 2025, 9, 104 https://doi.org/10.3390/mti9100104

https://doi.org/10.3390/mti9100104
https://doi.org/10.3390/mti9100104
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mti
https://www.mdpi.com
https://orcid.org/0000-0001-5889-7082
https://orcid.org/0000-0002-2266-0187
https://orcid.org/0000-0003-1792-0842
https://doi.org/10.3390/mti9100104
https://www.mdpi.com/article/10.3390/mti9100104?type=check_update&version=1


Multimodal Technol. Interact. 2025, 9, 104 2 of 23

Low errors on this validation set confirm that the ANFIS architecture is well-suited to the
problem being analysed. A notable criticism of standard ANNs is their “black-box” nature,
i.e., their learned connection weights do not readily translate into human-understandable
rules. ANFIS overcomes this limitation by embedding a fuzzy inference system (FIS) within
the network framework. Each neuron corresponds to a fuzzy rule (“IF—THEN” statement),
and its parameters can be interpreted as linguistic thresholds. As a result, once training
is complete, the entire model can be expressed as a compact set of fuzzy rules, which can
facilitate knowledge extraction, validation, and expert refinement [3].

Technically, ANFIS models adapt a Sugeno-type fuzzy inference model via an adap-
tive network of nodes and weighted links. Training proceeds in two intertwined phases
employing a hybrid algorithm. During the forward phase, given fixed premise (member-
ship) parameters, consequent coefficients are determined by least-squares estimation to
best fit the data [4]. In the backward phase, the resulting error gradients propagate back
through the network, and the premise parameters (defining each Gaussian or bell-shaped
membership function) are tuned via a gradient descent algorithm [5,6]. By decomposing
the optimisation into these two complementary steps, an ANFIS reduces the dimensionality
of the search space compared to pure back-propagation, yielding faster convergence and
more stable parameter estimates.

ANFIS Model Development for Fracture Prediction

The contribution of this article is development and evaluation of an ANFIS frame-
work, successfully applied to distinguish between wrist fractures and non-fracture injuries
(referred to as sprains in this article) based on IRT images. One of ANFIS’s primary benefits
lies in its hybrid architecture: its ANN component automatically adjusts the weights during
training to minimise prediction error, while the fuzzy logic component establishes a set
of membership functions and corresponding fuzzy rules that capture expert knowledge
about how the wrist temperature patterns relate to injury outcomes (i.e., fracture or sprain).
This dual mechanism allows the model to learn complex, nonlinear relationships from data
while retaining a transparent rule structure. As a result, an ANFIS can achieve efficient
training combined with improved generalisation to new cases. By marrying gradient-based
optimisation with linguistic, rule-based inference, ANFIS delivers a robust performance on
challenging diagnostic tasks such as thermal image-based fracture detection.

The rest of the article is presented in the following sections. In Section 2, the related
literature is reviewed, the approach to develop and evaluate the ANFIS is explained, and
the studies’ findings are discussed. Section 3 discusses the materials and methods used
for the ANFIS framework. Section 4 details the different experiments performed with the
ANFIS framework and the results. Section 5 discusses the results of the experiments and
Section 6 provides the conclusions of our findings.

2. Related Studies
Automated diagnostic platforms are increasingly utilised across diverse types of medi-

cal data, ranging from physiological signals to imaging [7–10]. ANFIS has been successfully
employed in numerous medical-related applications where medical signals and images
serve as the primary inputs to the decision models. Typical examples include detection
and diagnosis of diabetes, blood pH imbalances, valvular and rheumatic heart condi-
tions, epileptic seizures, prostate malignancies, and various cancers (colon, leukaemia,
and lymphoma) via microarray data. ANFIS has also been applied to ophthalmic and
optic nerve disorders, analysis of Doppler ultrasound signals (including internal carotid
assessments), interpretation of electroencephalogram (EEG) recordings, and identification
of arterial abnormalities in the eye. These studies collectively demonstrated the versatility
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and effectiveness of ANFIS in medical decision-support systems [11–13]. ANFIS mod-
els were widely used in the literature for classification of medical images mainly due to
its fast convergence and effective classification abilities even with smaller datasets. For
example, the study by Hemanth and colleagues [14] applied an ANFIS to classify four
types of abnormal magnetic resonance imaging brain-tumour images which included
metastases, meningioma, glioma, and astrocytoma, using six texture features derived from
grey-level co-occurrence matrices. Each input feature was fuzzified with two generalised
bell-shaped membership functions, yielding 64 fuzzy IF-THEN rules. The model’s training
combined least-squares estimation (for rule consequents) with gradient-descent tuning (for
membership parameters) over 200 iterations. On a 460–image dataset (120 training, 340 test-
ing), ANFIS achieved an overall classification accuracy of 93.3% which was higher than
a fuzzy-nearest-centre classifier (88.6%) and a back-propagation neural network (85.7%).
Moreover, the ANFIS model converged in just 1540 CPU cycles, roughly one-tenth the time
required by the other methods, while producing low mean-square errors (training ≈ 0.001,
testing ≈ 0.15). Kumar and colleagues [15] presented an ANFIS-based approach to predict
COVID-19 epidemic peaks and infection counts in India. They combined nationwide case
data sourced from cloud repositories with local demographic and health indicators, which
include population density, age distribution, comorbidities, and infrastructure metrics, to
construct a two-input, single-output Sugeno model. Using nine trapezoidal membership
functions per input and 81 fuzzy rules, the model was trained via a hybrid least-squares
and gradient-descent algorithm. Validation against unseen data yielded a low mean square
error (MSE = 1.184 × 10−3) and an overall predictive accuracy of 86%, outperforming linear
and multiple-regression baselines (≈ 83%) both in accuracy and computational efficiency
(438 s versus 540–720 s). A hybrid ANFIS framework optimised by Adam and Particle
Swarm Optimisation (PSO) was proposed to improve Parkinson’s disease (PD) diagnosis
accuracy [16]. Using a public UCI dataset of 756 voice recordings (755 features), they first
employed an Extra Trees ensemble to select the top five predictive features. Two ANFIS
models were then trained separately: one with Adam (gradient—based) and one with
PSO (swarm—based) optimizers. The PSO—tuned ANFIS achieved lower training loss
and higher precision, while the Adam—tuned model yielded superior accuracy, F1—score,
and recall. Across varying epochs, membership functions, and PSO particle counts, both
models converged efficiently, with PSO requiring fewer iterations but Adam delivering
slightly faster convergence. The best configuration (1000 epochs, 50 particles, four rules per
feature) produced test accuracies above 84%, precision up to 91%, and F1—scores near 84%.

Studies have developed artificial intelligence techniques applied to infrared thermal
(IRT) images to screen wrist fractures. For example, Shobayo et al. [17] developed and
evaluated a convolutional neural network (CNN) to distinguish paediatric wrist fractures
from sprains using infrared thermal (IRT) images. The data for each participant were fast
Fourier transformed magnitude spectra of the wrist infrared thermal images. These images
were recorded from 19 participants with wrist fractures and 21 participants with wrist
sprains (i.e., wrist injury did not result in bone fracture). The confirmation of the diagnosis
was by X-ray radiography. The image augmentation was employed to minimise overfitting
during the training of the CNN. The CNN model achieved 88% sensitivity and 76% overall
accuracy (AUC = 0.82). The same authors [18] also used a multilayer perceptron (MLP)
model with the same dataset to predict wrist fracture. The optimised MLP achieved a
mean sensitivity of 84.2% and specificity of 71.4%, with an overall accuracy of 77.5%. The
results obtained demonstrated that IRT imaging analysed by MLP can distinguish fractures
from sprains, potentially reducing unnecessary X-rays in emergency settings. The authors
suggest further validation with larger cohorts, adult patients, and other fracture types.
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The literature also demonstrate that ANFIS can effectively leverage both neural learn-
ing and fuzzy interpretability to deliver rapid, accurate tumour classification in MRI
imaging [14], has the capacity to deliver timely, interpretable guidance for public-health
policy and sustainable strategic resource allocation and planning [11–13], and when com-
bined with adaptive optimizers, it can produce a better interpretable strategy for early PD
detection in clinical settings [16]. Other studies that have used ANFIS for the classification
of medical images are presented in Table 1.

Table 1. Summary of ANFIS techniques for medical image analysis.

Article Imaging Modality Disease/Body Part ANFIS Variant Used

[19] X-Ray COVID 19 ANFIS

[20] MRI Brain Tumour GA-ANFIS

[21] MRI Brain Tumour Enhanced ANFIS

[22] MRI Brain Tumour Enhanced ANFIS

[23] MRI Brain Tumour ANFIS

[24] RGB Downs Syndrome ANFIS-CNN

[25] OCT Kidney microanatomy ANFIS-CNN

[26] MRI Brain Tumour ANFIS

[27] MRI Brain Tumour Deep Belief-ANFIS

This article develops an ANFIS for the first time to interpret IRT images for paediatric
wrist fracture screening, where we compared the results with our previous models (MLP
and CNN). ANFIS delivers transparent decision making, whereby predictions are made
from human-readable IF–THEN rules applied to linguistic membership functions (e.g.,
Std = high, IQR = low). Each rule’s firing strength and its linear Takagi–Sugeno conse-
quent contribute to the final score, enabling clinicians to trace how specific temperature-
distribution features raised or lowered fracture likelihood. Interpretability is further sup-
ported by visualisation of membership functions, rule weights, and output surfaces, so
suspect outputs can be audited and refined. Unlike CNNs that involve millions of opaque
parameters and extensive tuning, ANFIS uses a compact rule base and a small set of
premise/consequent parameters, reducing overfitting risk, easing hyperparameter selec-
tion, and accelerating training while preserving clinical explainability.

3. Materials and Methods
3.1. Data Collection

The dataset used in this work was taken from children with admissions to a paediatric
emergency department (ED) requiring X-ray radiography to determine whether their wrist
injury had resulted in a fracture. The study included forty (40) participants, 24 males and
16 females, mean age 10.50 years (standard deviation 2.63 years), of whom 19 had a wrist
fracture and 21 had a sprain. The diagnosis was confirmed by X-ray radiography. Thirty
participants had analgesic medication, mainly paracetamol and ibuprofen. The participants’
mean body temperature was 36.3 ◦C (standard deviation 0.4 ◦C). Prior to data collection,
we selected video rather than single images to better capture skin surface temperature
dynamics. This approach accommodates subtle fluctuations, improving measurement
reliability. A FLIR T630sc handheld infrared camera captured thermal videos for this
study. The key specifications are noise-equivalent temperature difference (NETD) < 30 mK,
640 × 480 resolution, 7.5–13 µm spectral range, 14-bit dynamic range, and −40 to 650 ◦C
(−40 to 1202 ◦F) operating temperatures. The frame rate was set to 30 frames/second,
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which is the maximum at full 640 × 480 resolution, ensuring smooth temporal sampling.
Emissivity was fixed at 0.97 to reflect skin-like radiative properties and enable consistent
apparent temperature estimates across recordings. All calibration followed manufacturer
guidance to maintain measurement stability and accuracy.

The study recorded a 10 s thermal video of the wrist resting flat on a table at 30 frames
per second, yielding 300 frames. Averaging frames from the video reduced noise compared
with a lone still image. Before averaging, a tracking algorithm aligned frames to correct for
minor hand motion during acquisition. Frames with excessive movement that defeated
tracking were removed. The study recruitment, IRT imaging, ROI selection and statistical
representation of the subjects’ images has been previously discussed [18,28]. The study had
UK National Health Service Research Ethics Committee approval (identification number:
253940, approval date: 7 March 2019). All participants consented to take part voluntarily.

3.2. ANFIS Model Development

Most ANFIS implementations, regardless of their specific application, share a common
five-layer architecture [29]. In this study, we adopted this standard five-layer configuration
shown in Figure 1 to leverage its ability to blend human-readable fuzzy rules with adaptive
neural learning. Each ANFIS layer performs a distinct operation guided by its learning and
data processing algorithm described in the next section.

Figure 1. An ANFIS architecture of the fracture classification system with three inputs and two outputs.

3.2.1. Layer 1: Fuzzification (Premise Parameters) Layer

The first layer accepts crisp raw inputs (xi, numerical values) representing the infrared
thermal imaging information and fuzzifies them by determining their degrees of member-
ship based on the allocated membership functions (MF). The degrees of memberships vary
between 0 (not a member) to 1 (a full member). In this study, Gaussian MFs were used due
to their flexibility in representing the input data. A Gaussian MF is characterised by its
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centre (c) and width (σ). These parameters are sometimes referred to as the antecedent or
premise parameters, since they define the “IF” side of each fuzzy rule (“IF . . . THEN . . .”).

3.2.2. Layer 2: Rule Firing Strength (Product Layer)

The second layer consists of neurons, each corresponding to a fuzzy rule that receives
the degrees of membership from layer 1. Each node computes the rule’s firing strength ( wj

)
by taking the product of its incoming membership grades. Mathematically, for rule i with
antecedent or premise degrees of membership µi1(x1), µi2(x2), . . .. . . µin(xn) the output is

wi = ∏
j

µij
(
xj
)

(1)

3.2.3. Layer 3: Weight Normalisation

The third layer normalises these raw firing strengths so that they sum to one, i.e., each
normalised weight is expressed as follows:

wi =
wi

∑k wk
(2)

By normalising the weights, it is ensured that the subsequent weighted averaging in Layer
5 remains bounded and comparable across different input scenarios.

3.2.4. Layer 4: Rule Consequent (Defuzzification) Layer

This layer implements the consequent part of each fuzzy rule using a TSK (Takagi—
Sugeno–Kang) formulation. Each rule has its own linear function

f 1
i (x) = ∑

j
pijxj + pi0, f 2

i (x) = ∑
j

qijxj + qi0 (3)

where the coefficients pij and bias pi0, qij and bias qi0 are the consequent parameters,
learned during training. Layer 4 multiplies each rule’s normalised firing strength wi by its
consequent output fi(x).

3.2.5. Layer 5: Output Aggregation

Finally, the fifth layer aggregates all rule contributions by summing them as follows:

o1 = ∑
i

wi f 1
i (x), o2 = ∑

i
wi f 2

i (x) (4)

The outputs ( o1, o2) are the model’s crisp decisions.
For this study, the outputs are a single continuous value/score indicating the likelihood

of fracture versus sprain. We set a threshold of 0.5 to help differentiate between fracture
and no sprain.

The ANFIS architecture in this study was configured to learn from three carefully
determined thermal image descriptors, i.e., the standard deviation (Std), the interquartile
range (IQR), and the kurtosis of the temperature distribution across each wrist region.

To prepare inputs for the ANFIS model in this study, the contralateral ROI was thresh-
olded to remove zero-valued background and averaged to yield a reference temperature.
The injured wrist ROI was converted to 10 × 10 cells; each cell’s mean temperature was
computed, ranked, and the top 50 retained as “hot spots”. Values were normalised by
subtracting the contralateral mean, reducing inter-subject variation. From the 50-value set,
nine summary statistics (max, min, mean, median, mode, SD, skewness, kurtosis, and IQR)
were derived and screened for discriminative power. These three features were selected be-
cause, as the temperature difference between an injured wrist and its healthy contralateral
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wrist for each subject is measured, Std, IQR, and kurtosis consistently exhibited the largest
distinction between the two injury outcomes (i.e., fracture and sprain).

The other statistical measures examined were maximum temperature, minimum
temperature, mean temperature, and median temperature. The mode and skewness of the
temperature did not provide reliable discrimination between the two types of injuries. Their
statistical measures overlapped heavily between injured and uninjured hands, failing to
offer a clear indication needed for an accurate classification by the ANFIS model. Therefore,
to maximise predictive accuracy and reduce model complexity, the ANFIS input was
confined to Std, IQR and kurtosis measures [18,28].

3.3. Cross Validation

We employed a five-fold cross-validation procedure (K = 5) to systematically determine
two critical hyperparameters for the ANFIS model: the Gaussian membership function
width (σ) and the total number of fuzzy rules. In each of the five splits, the training
subset was used to fit the model under a candidate combination of σ and rule count, and
the remaining validation fold measured the ANFIS performance. The validation errors
across all folds were averaged to determine the optimum values of sigma (σ) and rule—set
size. These values yielded the lowest mean squared error (MSE) and best generalisation
across the entire dataset. For all experiments, the Gaussian membership functions were
used. This membership function type is widely used in the fuzzy systems literature
because it provides a smooth, continuous mapping from crisp inputs into the (0,1) fuzzy
degree, and it is defined by just two parameters: a central location c and the width σ. This
simplicity facilitates both transparent rule interpretation and efficient parameter learning.
Although Gaussian membership functions were our primary choice, a variety of alternative
functions were possible. These included trapezoidal and triangular functions, which offer
piecewise—linear transitions. Others include the generalised bell, sigmoid, and other
parametric curves [6].

The ANFIS model was trained for 4000 epochs, with consequent parameters learned
via least-squares: premise parameters via gradient descent. We also implemented an early
stopping criterion to guard against possible overfitting: once the mean squared error (MSE)
on the training set dropped below 0.08, the ANFIS training stopped. This strategy ensured
that the model did not continue learning noise once an acceptable error threshold was
reached. We also evaluated the training performances of the model at different epochs
and then monitored the time duration. This is necessary for the understanding of how
fast the model converges during training. The IRT images were trained on the first-order
Sugeno–Kang ANFIS architecture, which can be viewed as a feedforward artificial neural
network whose weights and biases are optimised via gradient descent. In this context, each
fuzzy rule corresponded to a set of membership function parameters in the antecedent
layer and a linear function in the consequent layer, all of which were tuned simultaneously
during training.

To obtain the most suitable configuration, a grid search was performed over two key
hyperparameters. First, we experimented with four different fuzzy rule counts, which were
as follows: 2, 3, 6, and 9 rules, to establish how many rules provided the best trade-off
between the model complexity and predictive accuracy. Secondly, three different values
were tested for the Gaussian membership function width parameter, σ: 0.1, 0.2, and 0.3.
Each combination of rule count and σ was evaluated using five-fold cross-validation, with
the configuration yielding the lowest average MSE on held-out folds selected as optimal.
The combination that resulted in least validation error consisted of nine fuzzy rules paired
with a Gaussian membership function width of σ = 0.1.
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3.4. Data Preparation and ANFIS Training

All input features, i.e., standard deviation (Std), interquartile range (IQR), and kurtosis,
were normalised to a range of (0 to 1 ◦C). This ensured that each feature contributed equally
during the ANFIS training and avoided dominance by any single metric. After normali-
sation, the full dataset was split into two subsets: 80 percent of the samples were used to
train the ANFIS model, while the remaining 20 percent were used for its performance eval-
uation on unseen data, and a random seed value of 42 was used using the train_test_split
method of the sci-kit learn python library. The training proceeded using a plain-vanilla
gradient-descent algorithm with the learning rate set to 0.05 and 4000 epochs. Prior to
this, a grid search had identified the best combination of Gaussian membership—function
width (σ) and fuzzy—rule count based on cross-validation error. Once those optimal
hyperparameters were determined, they were fixed and used in the final ANFIS training
run. This process ensured that the model not only learned effectively from the normalised
three—feature inputs but also leveraged the most appropriate membership—function
geometry and rule complexity for accurate fracture versus sprain classification.

In an ANFIS model, the process of inferencing can be understood as a “divide and
conquer” strategy applied to an n-dimensional input space. Each fuzzy rule’s antecedent
(“IF” clause) effectively partitions that continuous input space into smaller, overlapping
regions or clusters. When a new input arrives, its degrees of membership in each of these
regions are calculated, and the rule’s consequent (“THEN” clause) computes a local output.
Finally, all local outputs are combined, typically via a weighted average based on rule firing
strengths to produce a single, global prediction. Thus, the structure and performance of the
entire ANFIS depend critically on how the input space has been divided into these fuzzy
clusters and how accurately those clusters capture the underlying data distribution.

To optimise the placement of these fuzzy-set centres, a “scatter partitioning” approach
originally proposed in [30] was adapted. Rather than simply seeding membership functions
at random locations, this method uses a clustering algorithm to discover natural groupings
in the training data. In our implementation, each input dimension was partitioned into
n clusters, and each cluster centre became the parameter for a corresponding membership
function. The total number of fuzzy rules then became exactly the number of clusters raised
to the power of the number of inputs, i.e., a direct consequence of taking every possible
combination of cluster indices across dimensions.

Experiments were carried out on two distinct clustering techniques for identifying
those cluster centres: traditional K-means and fuzzy C-means. K-means yields hard,
non-overlapping clusters, aligning MFs to actual data modes and enabling well-spaced
Gaussians (e.g., σ set to half the minimum centre gap for good coverage), which accelerates
convergence and improves stability [31]. This way, each data point is aligned to its centre.
Fuzzy C-means, on the other hand, produces a soft partition, allowing each point to
belong to multiple clusters with varying degrees of membership (each sample has graded
membership in multiple clusters), which matches fuzzy-logic semantics and anchors MFs
to overlapping structures [32]. In addition, we compared these data-driven initialisations
against a baseline in which Gaussian membership functions were centred at random values.
By running three separate experiments, i.e., random Gaussian seeds, K-means-derived
centres, and fuzzy C-means-derived centres, we were able to evaluate the impact of each
initialization strategy on both the speed of convergence during training and the ultimate
predictive accuracy on held-out data.

In summary, the pipeline of the developed ANFIS model is presented in the following
Algorithm 1:
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Algorithm 1: ANFIS Model Selection and Evaluation

Inputs: dataset D = (X, y); hyperparameter grids ∑= {0.1, 0.2, 0.3} (Gaussian member-
ship width), R = {2, 3, 6, 9} (rule count); early stopping rule: stop if train MSE < 0.08
or max epochs.
Outputs: Selected (σ∗, r∗); final ANFIS; one-time test metrics.

Step 1: Outer hold-out split (once).
Stratify and split D → Dtrain(80%), Dtest(20%). Lock Dtest until Step 4.

Step 2: Inner 5-fold cross-validation on Dtrain.
For each (σ, r) ∈ Σ × R :

Partition Dtrain into 5 stratified folds
For each fold k :

Fit scaler on fold-train; transform fold-train/val.
Initialise MF centres on fold-train only (using r)
Train ANFIS with width σ, early stopping
(MSE < 0.08).
Score on fold-val (val MSE)

Average fold scores → score(σ, r).
Select (σ∗, r∗) = argmin(σ, r)score(σ, r)

Step 3: Final Fit on full 80% train.
Fit scaler on all Dtrain; transform train and later (test).
Initialise MF centres on all Dtrain via K-means /FCM with r∗.
Train ANFIS with σ∗, early stopping.

Step 4: Single evaluation on test set.
Transform Dtest with the train-fitted scaler; predict once; compute
final metrics.

3.5. Performance Evaluation and Uncertainty Quantification

We evaluated a binary classifier that outputs continuous decision scores against
ground-truth labels. Scores were set to a threshold of 0.5 to obtain class predictions.
We reported accuracy, precision, recall, and F1 score. Discrimination independent of any
threshold was quantified with ROC-AUC, accompanied by the ROC curve.

Uncertainty was quantified with two complementary 95% confidence intervals (CIs).
For proportion-type metrics, which comprise accuracy, precision, and recall, we computed
exact Clopper-Pearson CIs using Beta quantiles; when these were unavailable, we fell
back to Wilson score intervals, which provide reliable bounds in small or imbalanced
samples [33]. In addition, we estimated nonparametric bootstrap CIs for accuracy, precision,
recall, and AUC by resampling validation pairs with replacement (B = 2000, fixed seed-so it
could be reproduced), recomputing metrics for each resample, and taking the 2.5th and
97.5th percentiles of the bootstrap distributions [34].

4. Results
In this section, the results of the experiment undertaken to evaluate the ANFIS model

to screen for wrist fracture are explained.
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4.1. Experiment 1: Generalised Membership Function (Generalised Bell) Based on Random Normal
Centre Values

In the initial experiment, the classic ANFIS approach was adopted by initialising
each membership function centre (c) with random values drawn from a Generalised bell
distribution. During training, these centres, along with the network’s consequent weights
were refined through gradient-descent back-propagation learning algorithm to minimise
prediction error. At the core of this method is the Gaussian membership function, which
translates each crisp input into degrees of memberships using the Gaussian function. The
curve’s location along the input axis is determined by the function’s centre, effectively
acting as the mean of the Gaussian function. Its spread, or standard deviation, controls how
quickly the membership falls off away from the centre. Based on prior cross-validation
experiments, this standard deviation was fixed to σ = 0.1. By combining randomly ini-
tialised centres with a carefully chosen width, it is ensured that the network begins with
diverse, well-distributed fuzzy sets and then iteratively adapts both the premise (centres)
and consequent parameters to capture complex, nonlinear relationships in the data.

The plot in Figure 2 shows the manner the training (blue) and validation (orange)
mean squared error (MSE) steadily decline over the 4000 epochs when using randomly
initialised Gaussian membership functions.

Figure 2. Training and Validation MSE for Experiment 1.

Initially, the MSE associated with the ANFIS training declines rapidly, then very
gradually approaches but never quite reaching the red target line at 0.08 for training
MSE. The validation curve dips below the training curve around epoch 300, then rises
slightly before converging back toward the training error, which indicates some over- and
under-shooting as the model settles.

Table 2 quantifies the ANFIS performance every 800 epochs. By epoch 800, training
MSE is 0.153 and validation MSE is 0.193 (RMSEs 0.392 and 0.439), with a 0.039 difference.
By epoch 4000, errors have further shrunk (training MSE = 0.130, validation MSE = 0.151)
and the MSE difference narrows to 0.021. RMSE follows the same downward trend. Elapsed
time grows linearly at about 39 s per 800 epochs, totalling roughly 194 s at 4000 epochs.
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Table 2. Summary of performance for training and validation targets with epochs(t) for experiment 1.

Performance Measure Generalised Membership Function (Generalised Bell with Random Centre)

Epoch = 800 Epoch = 1600 Epoch = 2400 Epoch = 3200 Epoch = 4000

MSE Training 0.153 0.141 0.135 0.132 0.130
MSE Validation 0.192 0.173 0.161 0.154 0.151
RMSE Training 0.392 0.375 0.368 0.364 0.361

RMSE Validation 0.439 0.416 0.401 0.393 0.389
Validation -Training ∆MSE 0.039 0.032 0.026 0.022 0.021

Elapsed Time (seconds) 38.9 77.7 116.4 155.2 194.1

The confusion matrix in Figure 3 summarises the ANFIS model’s performance on the
validation set. The rows represent the true labels (“No Fracture or sprain” and “Fracture”),
while the columns show the model’s predicted labels.

Figure 3. Confusion Matrix for Experiment 1.

• True Negatives (number of sprain cases correctly predicted): 5 from 5 cases.
• False Positives (number of sprain cases detected as fracture): 0 from 5 cases.
• False Negatives (number of fracture cases detected as sprain): 1 from 3 cases.
• True Positives (number of fracture cases detected as fracture): 2 from 3 cases.

Out of eight cases, the model correctly identified seven (five non-fractures and two frac-
tures) and missed one fracture. This indicates high specificity (no sprain cases misclassified)
and a small false-negative rate, suggesting the model reliably detected sprains, but with
the current small dataset for its training, it can occasionally overlook actual fractures.

The Area Under Curve (AUC)–Receiver Operating Characteristic (ROC) curve and
the contour plot are shown in Figure 4a,b, respectively. The AUC-ROC curve evaluates
the ANFIS model’s ability to distinguish fractures from sprain (non-fractures) cases on the
validation set. The true positive rate is plotted against the false positive rate at various
classification thresholds. The orange ROC line appears on the top and left axes, indicating
that the model achieves 100% sensitivity with 0% false positives across thresholds which
is set at 0.5. The dashed diagonal represents a random classifier (AUC = 0.5). Here, the
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model’s Area Under the Curve (AUC) is 1, signifying perfect discrimination every fracture
is detected with no healthy wrists falsely flagged.

 
(a) 

(b) 

Figure 4. (a) AUC-ROC for experiment 1. (b) Contour plot of experiment 1.

The contour plot in Figure 4b visualises the trained ANFIS model’s continuous output
(“Predicted Score”) over the 2D plane of standard (Std, x-axis) and Kurtosis (y-axis), with
IQR held fixed at its median value, which is approximately 0.16. We chose to fix the IQR
feature since we have a three-feature model, which will, in turn, provide a 3D mapping.
Fixing the IQR at the median value helps to slice the dimensional viewing of the contour
plot in 2D. The IQR feature was also selected for fixing as it provides the least variation
between datapoints from all the 39 subjects used for this study. Selecting the median
value provides the best representation of the contour plot prediction for the fracture and
non-fracture (sprain) validation dataset. Moving this value up or down changes the shape
and position of the yellow and blue regions, which in turn places the validation dataset in
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the wrong contour. The colour scale in the plot shows the predicted score and the colour
bar on the right maps the model’s real-valued output where

• Yellow/green regions with scores ≥ 0, indicates stronger “fracture” predictions.
• Blue/purple regions with scores ≤ 0 indicates stronger “no—fracture” (sprain) predictions.

The standard deviation feature (Std) of the infrared thermal image varies from 0 (left)
to 1 (right) on the x-axis, i.e., the Kurtosis feature varies from 0 (bottom) to 1 (top) on the
y-axis. Every pixel in the plot is a synthetic point, represented by the selected features
from the thermal images as evaluated by the ANFIS model. On the overlaid validation
samples, the red dots represent the true fracture cases where y = 1 on the validation dataset.
The blue dots are the true non-fracture (sprain) cases in which the validation dataset is
presented as y = 0. Where the background colour shifts toward yellow/green, the model’s
score is higher, and these are the regions where the model will correctly classify as a fracture
(threshold is 0.5). Conversely, deep blues and purples are areas the model considers “no
fracture” (sprain). One of the red dots, representing the fracture case, appeared in the
bluish zone, and this is the only misclassified case from the validation data. The rest of the
red dots (fracture cases) lay in the green/yellow areas, representing the correctly predicted
fracture cases. The smooth contour lines show the manner the model interpolates between
its learned fuzzy rules. Whenever it peaks, (where there is a bright yellow bump), this
corresponds to combinations of Std and Kurtosis where your model is most effective for
fracture prediction. The valleys (areas representing dark purple troughs) are regions of
strong confidence in “no fracture” (sprain) prediction.

4.2. Experiment 2: Centre Value Based on K Means Clustering for the Generalised
Membership Function

For experiment 2, K-means clustering was used to determine the number of clusters
for the input data. K-means iteratively assigns each data point to its nearest cluster and
then recomputes each centre as the mean of its assigned points. After convergence, the
coordinates of the cluster centroids are stored and sorted so that the membership functions
are ascend in the order of their centre location. To ensure that there is a reasonable spread
in each Gaussian, we computed the minimum difference between neighbouring centres
and set each sigma (σ) of the Gaussian membership function to half the difference. This
process ensured the adjacent Gaussian membership functions just touch about 0.61 of
their peaks, thereby providing a good coverage without an excessive overlap. During the
ANFIS forward pass, each input was converted to its associated degrees of memberships,
effectively creating a data driven, well-spaced Gaussian MFs. By initialising the MFs via
K-means rather than randomly, the membership functions were aligned with actual clusters
in the data.

Table 3 quantifies error and timing every 800 epochs as in experiment 1. By epoch
800, the training MSE is 0.117 and validation MSE is 0.106 (with validation outperforming
training, ∆MSE = –0.011). RMSEs mirror these trends (0.341 vs. 0.325). Further snapshots
show the MSEs oscillate slightly but stay within 0.10–0.15 for both sets, and the ∆MSE
remains negative, indicating the model generalises slightly better than it fits the training
data. Elapsed time grows linearly at roughly 9.6 s per 800 epochs, totalling about 48 s
at 4000.

The plot in Figure 5 shows the training (blue) and validation (orange) MSE over
4000 epochs after initialising the Gaussian MF centres via the K-means algorithm. Both
curves drop sharply within the first 200 epochs, reaching low MSE values near the 0.08 tar-
get. However, the validation curve then exhibits jagged fluctuations, especially between
1000 and 2500 epochs before settling again toward the baseline. The training curve remains
relatively smooth.
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Table 3. Summary of performance for training and validation targets with epochs(t) for experiment 2.

Performance Measure Generalised Membership Function (Generalised Bell with K-Means Centre)

Epoch = 800 Epoch = 1600 Epoch = 2400 Epoch = 3200 Epoch = 4000

MSE Training 0.117 0.145 0.118 0.149 0.146
MSE Validation 0.106 0.112 0.103 0.105 0.106
RMSE Training 0.341 0.380 0.344 0.386 0.382

RMSE Validation 0.325 0.335 0.321 0.324 0.325
Validation -Training ∆MSE −0.011 −0.032 −0.015 −0.044 −0.041

Elapsed Time (seconds) 9.6 19.3 29.0 38.7 48.4

Figure 5. Training and validation MSE for experiment 2.

Figure 6 shows the confusion matrix for the K-means initialised ANFIS model on the
validation set. Rows show the true class (“No Fracture or sprain” on top, “Fracture” below)
and columns show the predicted classes. Out of five true non-fracture cases, the model
correctly labelled four cases and misclassified one case as a fracture (false positive). Among
three true fracture cases, it correctly identified two cases (true positives) but missed one
case (false negative). In total, six of eight cases are classified correctly, yielding an overall
accuracy of 75%. The false-positive and false-negative counts also allow computation of a
specificity of 80% and a sensitivity of 67%.

Figure 6. Confusion matrix for Experiment 2.
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Figure 7a shows the ROC curve of the K-means initialised ANFIS. The orange curve
rises quickly, where sensitivity jumps to 0.67 with zero false positives, then reaches 1.0 at a
false positive rate (FPR) = 0.5 before flattening at the top right. The AUC is 0.867, which
indicates the model’s effectiveness.

(a) 

(b) 

Figure 7. (a) AUC-ROC for experiment 2. (b) Contour plot of experiment 2.

Figure 7b visualises the K-means initialised ANFIS model’s continuous output over
the 2-D plane of Std (x-axis) and Kurtosis (y-axis), with IQR fixed at its median value
(≈ 0.16), with each background colour representing the model’s predicted score. Ideally,
most red dots, which represent the fracture cases lie in yellow regions (correctly predicted),
while blue dots (sprain) fall into cooler areas. Here, a few misclassifications have occurred
where the points crossed those abrupt rule boundaries, highlighting the areas where the
model’s partitioning could be further refined or smoothed.
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4.3. Experiment 3: Centre Value Based on Fuzzy c-Means Clustering for the Generalised
Membership Function

For experiment 3, fuzzy C-means (FCM) clustering was used to place the Gaussian
membership function centre based on the spatial dimension of the input data. For each
input feature set, i.e., (Sd, Kurtosis, and IQR), a vector of observed values was prepared
from the training data and reshaped to fit the fuzzy function parameters. The C-mean’s
fuzzification exponent value was set to 3. This value was chosen to suitably soften the
cluster boundaries. FCM updates the degrees of membership values (µik) for each iteration
up to the maximum iteration value (maxiter = 2000) or whether the change in centre falls
below a small error value set at e = 0.000001. The centre value obtained for every iteration
is then sorted from lowest to highest to represent the Gaussian membership centre of
the input. To ensure the Gaussian membership functions cover the input range without
excessive overlap, the difference between the adjacent centres was computed such that
each width was set equal to half the smallest centre-to-centre gap, so the neighbouring
Gaussians meet at e−0.5 ≈ 0.61 of their peaks. During prediction, each input value was
converted into a degree of membership value utilising the Gaussian membership function,
ensuring that the membership functions were anchored to the actual data clusters rather
than some arbitrary points.

Figure 8 shows the manner the MSE evolved when the Gaussian membership func-
tion centres were initialised by fuzzy c-means. Both curves drop sharply in the first
50–100 epochs. The training MSE then stabilises around 0.19, with only minor ripples,
while the validation MSE initially peaks near 0.75, then steadily declines to about 0.17 by
epoch 4000, eventually crossing below the training curve.

Figure 8. Training and validation MSE for experiment 3.

Table 4 quantifies these same trends at 800-epoch intervals. At epoch 800, training MSE
is 0.189, and validation MSE is 0.715 (∆MSE = 0.526). By epoch 2400, the validation error
has fallen to 0.521, closing the gap. By epoch 4000 both errors converge (training = 0.171,
validation = 0.167; ∆MSE ≈ −0.004. RMSE values mirror this pattern (training ∼ 0.41,
validation dropping from ∼0.85 to ∼0.41). The total training time is significantly low at
only 6 s for 4000 epochs.
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Table 4. Summary of performance for training and validation targets with epochs(t) for experiment 3.

Performance Measure Generalised Membership Function (Gaussian Bell with FCM Centre)

Epoch = 800 Epoch = 1600 Epoch = 2400 Epoch = 3200 Epoch = 4000

MSE Training 0.189 0.190 0.192 0.177 0.171
MSE Validation 0.715 0.588 0.521 0.341 0.167
RMSE Training 0.435 0.436 0.438 0.420 0.413

RMSE Validation 0.846 0.767 0.722 0.584 0.408
Validation -Training ∆MSE 0.526 0.398 0.330 0.164 −0.004

Elapsed Time (seconds) 1.2 2.4 3.6 4.8 6.0

Figure 9 shows the confusion matrix for the FCM-initialised ANFIS on the validation
set. Out of five true non-fracture cases, four were correctly identified (true negatives) and
one was misclassified as a fracture (false positive). Out of three true fractures, only one was
correctly detected (true positive) while two were missed (false negatives). This performance
yields an overall accuracy of 62.5%, specificity of 80%, and sensitivity of 33%.

Figure 9. Confusion matrix for experiment 3.

Figure 10a is the ROC curve for the FCM-initialised ANFIS, showing how sensitivity
varies with the false-positive rate as the classification threshold shifts. The orange-coloured
curve initially increases to 0.33 true positive rate at zero false positives, then to 0.67 at
false positive rate (FPR) = 0.4, and finally reaches 1.0 at FPR = 1.0. The resulting AUC of
0.667 indicates a modest discriminative power: the model is better than chance but still
struggles to reliably distinguish fractures from non-fractures under this FCM initialisation.
Figure 10b shows the FCM-initialised ANFIS decision surface over two features, i.e., Std
(x-axis) and Kurtosis (y-axis), with IQR fixed at 0.16. Ideally, red points lie in yellow regions
and blue in purple. Here, most red dots fall in positive (yellow/green) zones, but one lies
in the (blue/purple) region, showing a misclassification. The irregular contours highlight
the manner FCM-initialised Gaussian membership functions partition the feature space for
fracture detection.
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(a) 

(b) 

Figure 10. (a) AUC-ROC for experiment 3. (b) Contour plot of experiment 3.

A comparison of the evaluation metrics of the three experiments is provided in Table 5
and Figure 11.

Table 5. Comparison of evaluation metrics.

Evaluation Metrics Experiment 1 Experiment 2 Experiment 3

Accuracy 0.88 0.75 0.63
Precision 1.00 0.67 0.50

Recall 0.67 0.67 0.33
F1-Score 0.80 0.67 0.40

AUC-ROC 1.00 0.87 0.66
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Figure 11. Evaluation metrics across the experiments.

4.4. Confidence Interval and Uncertainty Report

We present the confidence interval and uncertainty report for the experiment, specifi-
cally for Experiment 1, where we have the highest values of the evaluation statistics. This
is presented in Table 6.

Table 6. Confidence interval for experiment 1.

Metric Method Lower 95% CI Upper 95% CI

Accuracy Exact 0.47 0.99

Accuracy Bootstrap 0.63 1.00

Precision Exact 0.16 1.00

Precision Bootstrap 0.00 1.00

Recall Exact 0.09 0.99

Recall Bootstrap 0.00 1.00

AUC-ROC Bootstrap 1.00 1.00

These intervals indicate some level of uncertainty, which is due to the small validation
size. For the accuracy metrics, the Exact (Clopper–Pearson) [0.47, 0.99] is wide because it
models correct/total as a binomial proportion and is conservative. Bootstrap [0.63, 1.00]
is also broad, reflecting resamples where a few flips change accuracy substantially. For
precision and recall, Exact bounds [0.16, 1.00] and [0.09, 0.99] arise from tiny denominators
(TP + FP, TP + FN). Bootstrap hitting [0, 1] shows some resamples had no predicted positives
(precision approaches 0) or no actual positives (recall approaches 0), while others produced
near-perfect counts, which is atypical for the small size of the validation data. The CI
for AUC-ROC shows Bootstrap with [1.00, 1.00] limits. This means the ranking of scores
perfectly separates classes in every usable resample; AUC is threshold-free, so perfect
separation can coexist with non-perfect accuracy/precision/recall when the fixed threshold
is suboptimal, or probabilities are not calibrated properly.

5. Discussion
Across the three experiments, there was a clear trade-off between the convergence

speed, generalisation, and classification accuracy. Experiment 1 (random centres) achieved
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steady but relatively slow MSE declines, requiring nearly 194 s to complete 4000 epochs
and settling at a training/validation MSE of 0.1304/0.1514. Its ∆MSE narrowed from 0.039
to 0.021, indicating modest overfitting. Experiment 2 (K-means) converged faster, taking
only 48 s for 4000 epochs, with training/validation MSE fluctuating around 0.14/0.10 and
∆MSE remaining slightly negative (−0.011 to −0.041), showing slight underfitting but
excellent stability. Experiment 3 (FCM) was fastest (6 s for 4000 epochs) but exhibited
unstable validation error, initially peaking near 0.75 before gradually falling to 0.167, finally
matching training MSE at 0.171 (∆MSE ≈ –0.004). The dramatic early spikes in Experiment 3
suggest poor initial cluster placement.

Experiment 1 delivered the highest specificity and perfect precision, i.e., Accuracy
0.88, Precision = 1.00, Recall = 0.67, F1 = 0.80 (which combines Precision and Recall
to a single value), AUC = 1.00, thus reflecting near-ideal separation on the small val-
idation set. Experiment 2 traded precision for broader generalisation (accuracy = 0.75,
precision = 0.67, recall = 0.67, F1 = 0.67, AUC = 0.87), yet provided the most balanced sensi-
tivity and specificity outcomes. For Experiment 3, the late-stage validation improvements
were insufficient to overcome early misclassifications (accuracy = 0.63, precision = 0.50,
recall = 0.33, F1 = 0.40, AUC = 0.67), indicating that its soft clustering induced ambiguous
rule boundaries.

Random initialization (Experiment 1) can achieve high accuracy but at the expense
of longer training time and slight overfitting, which is complemented by the confidence
interval analysis of the obtained metrics discussed in Section 4.4. K-means (Experiment 2)
strikes the best balance: it leverages data-driven cluster placement to accelerate conver-
gence, reduce overfitting, and yield robust, reproducible results. FCM (Experiment 3)
offers the quickest training but suffers from early instability and poor discrimination, likely
because its fuzzy assignments blur crucial rule partitions. Overall, K-means-driven ANFIS
emerges as the most effective strategy, combining computational efficiency with strong and
consistent classification performance.

The accuracy of prediction was compared with the literature and Experiment 1, with
the generalised bell MF having the highest accuracy when compared with the two papers
by Shobayo et al. [17,18], which used the same dataset as shown in Figure 12. K-means
centred cluster was very close in terms of accuracy but offers faster training convergence
when compared to the models with higher accuracy.

Figure 12. Accuracy comparison with existing literature [17,18].
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The limitations of this study include a relatively small cohort, which restricted ex-
ternal validity; additional multi-centre data and inclusion of varied fracture patterns are
needed to solidify performance estimates and refine rule universality. Wider intervals
shown in the confidence interval indicate greater uncertainty due to limited sample size
or class imbalance, which may also mean that the model, especially in Experiment 1, is
overfitting. Future work will explore adaptive membership evolution (e.g., regularised
shape constraints) and ensemble neuro-fuzzy architectures, to further boost sensitivity
without sacrificing interpretability. In summary, the K-means initialised ANFIS provided
a transparent, data-efficient, and clinically promising adjunct for paediatric wrist frac-
ture triage, illustrating the manner principled neuro-fuzzy design can unlock value in
emerging thermographic biomarkers while maintaining trust and explainability in frontline
decision support.

6. Conclusions
This study demonstrated that ANFIS can effectively discriminate paediatric wrist

fractures from sprains using a compact set of thermographic features (standard deviation,
inter-quartile range, kurtosis) derived from infrared recordings. By embedding Takagi–
Sugeno fuzzy rules within a trainable network, the approach overcomes the opacity of
conventional “black-box” classifiers while retaining nonlinear modelling capacity, allowing
each learned rule and membership function to be clinically scrutinised and, if needed,
refined by domain experts. A central finding was the influence of premise parameter
initialisation on both convergence dynamics and generalisation: K-means seeded Gaussian
memberships yielded the most favourable balance, which included fast optimisation with
stable validation error, surpassing the slower yet high-precision random seeding (which
may be susceptible to overfitting) and the rapid but volatile fuzzy C-means alternative
(higher early validation instability, lower AUC). This indicates that data-aware, crisp clus-
tering can establish sufficiently separated initial fuzzy partitions without inducing the
excessive overlap that may dilute discriminative rule firing seen in soft clustering schemes.
The hybrid least-square and gradient descent training further reduced search space dimen-
sionality, contributing to efficient error minimisation and supporting deployment within
time-sensitive emergency workflows.
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The following abbreviations are used in this manuscript:

MRI Magnetic Resonance Imaging
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