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ABSTRACT

Thermal turbulence degrades imaging performance in long-
range infrared systems by introducing spatially varying dis-
tortions that appear as irregular intensity fluctuations and
curvilinear patterns. Detecting these regions is challenging
due to the absence of well-defined boundaries and their dif-
fuse nature. This work investigates how structural character-
istics of thermal turbulence influence automated detection us-
ing deep learning–based object detectors. A systematic study
is conducted to evaluate different structural representations
derived from thermal imagery, including rolling guidance fil-
ter (RGF), variance-based fluctuation maps, curvature-based
features from the Hessian matrix, and multi-scale vesselness
responses using the Frangi filter. These descriptors are in-
corporated as multi-channel inputs within a YOLO-based de-
tection framework and evaluated on annotated infrared tur-
bulence data. Results show that while deep detectors can
capture turbulence cues from raw thermal images, structural
representations improve the visibility of distortions and en-
hance detection robustness. In addition, intensity-based en-
hancement strategies are analysed to examine whether sim-
ple contrast amplification alone can improve turbulence de-
tection performance. A structural fusion of thermal intensity
and complementary feature representations achieves the best
overall performance, improving localisation accuracy and re-
call. The findings highlight the importance of representa-
tion design in detecting diffuse thermal patterns and provide
a more reliable framework for turbulence-aware detection in
infrared imagery.

Akash Deep et al. This is an open-access article distributed under the terms of
the Creative Commons Attribution 3.0 United States License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the
original author and source are credited.

1. INTRODUCTION

Infrared thermography has become an important non-contact
sensing technique for monitoring the thermal behaviour of en-
gineering systems and structures (Usamentiaga et al., ). Ther-
mal imaging enables the observation of spatial temperature
distributions that reflect underlying heat transfer processes
(Fokaides & Kalogirou, ). These temperature fields can pro-
vide valuable diagnostic information, as variations in thermal
behaviour may indicate material defects, abnormal energy
dissipation, or changes in structural performance (Sirca Jr &
Adeli, ). Because thermographic measurements can capture
temperature variations across large surfaces without physi-
cal contact, infrared imaging is widely used in inspection and
monitoring applications involving infrastructure, energy sys-
tems, and aerodynamic structures. In aerodynamic systems,
surface temperature patterns are closely related to the interac-
tion between airflow and structural surfaces. The characteris-
tics of the boundary layer and the associated convective heat
transfer processes strongly influence the thermal response of
aerodynamic components. Changes in aerodynamic condi-
tions such as boundary layer transition, flow separation, or
surface degradation can alter local heat transfer behaviour and
produce observable variations in surface temperature (Davis
& Atkins, ). Consequently, infrared thermography has been
widely applied to study flow behaviour and aerodynamic per-
formance, particularly in applications involving aircraft sur-
faces and wind turbine blades.

Recent investigations have shown that turbulent flow struc-
tures can generate distinctive thermal signatures in infrared
imagery. These signatures appear as thermal turbulence
patterns that arise from variations in convective heat trans-
fer caused by turbulent airflow interacting with the surface
(Carlomagno & Cardone, ). Thermographic observations of
wind turbine rotor blades, for example, have revealed that
laminar–turbulent transition and flow separation can produce
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visible thermal patterns along the blade surface. Such pat-
terns reflect underlying aerodynamic conditions and provide
useful information about airflow behaviour over the structure
(Oehme et al., ). From a monitoring perspective, these ther-
mal turbulence patterns are particularly important because
aerodynamic degradation often begins with subtle changes in
flow behaviour before significant structural damage occurs.
Changes in surface roughness, contamination, erosion, or ge-
ometric deformation can modify boundary layer behaviour
and influence convective heat transfer along aerodynamic sur-
faces. These changes may manifest in infrared imagery as
altered turbulence patterns, which can therefore serve as indi-
rect indicators of aerodynamic behaviour changes. Detecting
and analysing these patterns may provide valuable insights
for monitoring aerodynamic systems and identifying perfor-
mance changes at an early stage (Feldmann et al., ).

Despite their diagnostic potential, identifying thermal turbu-
lence patterns in infrared imagery remains challenging. Un-
like conventional structural defects, turbulence patterns do
not appear as discrete objects with well-defined boundaries.
Instead, they typically manifest as irregular and spatially
diffuse structures embedded within the background thermal
field. Their appearance can vary depending on flow condi-
tions, environmental factors, and surface properties, which
complicates their reliable identification using traditional im-
age analysis techniques (Chaudhuri et al., ). Recent develop-
ments in machine learning and computer vision have enabled
automated analysis of complex patterns in imaging data.
Deep learning based detection models have demonstrated
strong performance in identifying spatial patterns across a va-
riety of engineering and inspection tasks. These models of-
fer a promising approach for automatically identifying turbu-
lence patterns in thermographic imagery. However, most de-
tection frameworks are designed to identify discrete objects,
whereas turbulence patterns represent spatial variations in
heat transfer rather than distinct physical entities. This high-
lights a fundamental challenge: conventional detection mod-
els rely on object-centric representations, whereas thermal
turbulence is inherently a spatial and structural phenomenon,
making its representation within image data a critical factor
for reliable detection.

For this reason, the representation of turbulence patterns
within image data becomes a critical factor for effective de-
tection. Structural representations that emphasise turbulence-
related features such as local thermal fluctuations, residual
distortions, or curvilinear flow structures may help high-
light characteristics associated with turbulent airflow, while
also reflecting the inherent limitations of individual repre-
sentations. Incorporating such representations into detection
frameworks may therefore improve the ability of automated
methods to identify turbulence patterns within infrared im-
agery (Banks, ). As illustrated in the Figure 1, thermal turbu-
lence patterns are inherently subtle and exhibit low contrast

Figure 1. Original thermographic image (right) and a visually
enhanced representation (left), illustrating the subtle and low-
contrast nature of thermal turbulence patterns, which are not
easily distinguishable in the raw thermal field.

against the background thermal field. In the original image,
these structures are difficult to distinguish due to weak inten-
sity variations. Contrast enhancement improves their visibil-
ity, highlighting the underlying distortions that are otherwise
not easily detectable. While structural representations aim to
explicitly encode turbulence-related spatial characteristics, it
is also important to examine whether simpler intensity-based
transformations can improve detection performance. In ther-
mographic imagery, turbulence patterns are often subtle and
embedded within low-contrast regions, suggesting that con-
trast enhancement techniques may improve their visibility.
However, it remains unclear whether such intensity-based ap-
proaches are sufficient for reliable detection or whether ex-
plicit structural encoding is required.

Motivated by this, the present study systematically investi-
gates how different structural representations of thermal tur-
bulence influence detection performance. Several descriptors
are explored and integrated into a deep learning–based detec-
tion framework to evaluate their effectiveness in identifying
turbulence regions. The objective is to better understand the
role of representation in turbulence detection and to provide
a more reliable framework for analysing diffuse thermal pat-
terns in infrared imagery. The remainder of the paper is as
follows: section 2 contains background work, section 3 con-
tains methodology opted in this work, section 4 contains re-
sults and discussions and section 5 contains conclusion and
future scope.

2. RELATED WORK

Infrared thermography has been widely used for monitor-
ing thermal behaviour in engineering systems, particularly
in applications where heat transfer processes provide in-
sight into system performance (Bagavathiappan, Lahiri, Sara-
vanan, Philip, & Jayakumar, ). In structural health monitoring
and infrastructure inspection, thermographic methods have
been employed to detect anomalies in materials and struc-
tures by observing spatial temperature variations on exposed
surfaces. Because surface temperature distributions are influ-
enced by internal heat transfer mechanisms, thermographic
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imaging has been successfully applied to identify subsurface
defects, insulation failures, and abnormal energy dissipation
in structural components. In aerodynamic systems, thermal
imaging has also been used to study flow behaviour, as sur-
face temperature patterns are strongly affected by the interac-
tion between airflow and structural surfaces (Sirca Jr & Adeli,
).

The relationship between convective heat transfer and aero-
dynamic flow behaviour has been explored in several exper-
imental studies. Variations in boundary layer characteristics
influence the heat transfer between airflow and surfaces, pro-
ducing measurable temperature patterns that can be observed
using infrared imaging (Carlomagno & Cardone, ). In par-
ticular, laminar–turbulent transition and flow separation phe-
nomena are known to alter local heat transfer conditions, re-
sulting in distinctive thermal signatures along aerodynamic
surfaces. Such thermal features have been used to visualise
boundary layer transitions and to assess aerodynamic per-
formance in wind tunnel experiments and field observations
(Davis & Atkins, ).

Recent developments in thermographic imaging have enabled
detailed observation of turbulence-related thermal patterns on
operational aerodynamic structures. For example, Chaudhuri
et al. introduced the KI-VISIR dataset, which contains ther-
mographic imagery of turbulence patterns observed on wind
turbine rotor blades during operation (Chaudhuri et al., ). In
this dataset, turbulent flow regions appear as spatial thermal
patterns associated with variations in convective heat trans-
fer along the blade surface. These patterns reflect underly-
ing aerodynamic flow structures and provide valuable infor-
mation about flow transitions and aerodynamic conditions.
The availability of annotated thermographic datasets has cre-
ated new opportunities for analysing turbulence patterns us-
ing data-driven methods.

While thermographic imaging can reveal turbulence struc-
tures, atmospheric and optical effects may also influence the
appearance of thermal patterns in captured imagery (Uzun &
Akagündüz, ). Atmospheric turbulence has long been recog-
nised as a source of degradation in long-range imaging sys-
tems, as fluctuations in the refractive index of air can dis-
tort optical wave propagation and introduce geometric distor-
tions and intensity fluctuations in images. Early investiga-
tions demonstrated that infrared imaging can capture observ-
able turbulence structures through temporal and spatial vari-
ations in thermal imagery (Yasarla & Patel, ). For instance,
Watt and McHugh examined the use of infrared imaging for
analysing atmospheric turbulence and estimating wind ve-
locity through correlation analysis of sequential thermal im-
ages. These studies demonstrated that turbulence phenomena
can be observed through imaging techniques and may exhibit
structured spatial behaviour in thermal data (Watt & McHugh,
).

A significant portion of the literature has focused on mitigat-
ing the impact of turbulence distortions in imaging systems.
Classical image restoration approaches employ multi-frame
processing techniques such as image registration, frame se-
lection, and deconvolution to reconstruct undistorted images
from turbulence-affected sequences(Lau, Lai, & Lui, ). More
recently, deep learning methods have been proposed to re-
store images degraded by atmospheric turbulence. For exam-
ple, Yasarla and Patel introduced convolutional neural net-
work architectures capable of learning turbulence-induced
distortions and reconstructing cleaner images (Yasarla & Pa-
tel, ). Although these approaches can improve image quality,
they typically treat turbulence as a degradation artifact that
should be removed rather than as a phenomenon that may
contain useful structural information.

More recent studies have explored the application of machine
learning models for detecting turbulence patterns in thermo-
graphic imagery. Object detection frameworks based on deep
neural networks have been applied to datasets such as KI-
VISIR to identify turbulence regions automatically. For in-
stance, Ekici proposed an enhanced YOLO-based detection
framework incorporating attention mechanisms and feature
fusion strategies for detecting turbulence patterns in thermo-
graphic images of wind turbine blades(Ekici, Uyar, & Ka-
radeniz, ). These studies demonstrate the feasibility of auto-
mated turbulence detection using modern detection architec-
tures. However, most existing approaches focus primarily on
improving detection models rather than examining how tur-
bulence patterns themselves should be represented in thermo-
graphic imagery. From an aerodynamic monitoring perspec-
tive, turbulence patterns observed in infrared images are not
discrete objects but spatial thermal structures resulting from
variations in convective heat transfer along aerodynamic sur-
faces. Their irregular and diffuse nature makes them difficult
to represent using conventional object detection frameworks
(Chaudhuri et al., ).

Beyond infrared thermography and aerodynamic flow anal-
ysis, data-driven monitoring frameworks have been increas-
ingly adopted in the broader PHM community for real-time
assessment of complex engineering systems. In offshore re-
newable energy systems, deep learning–based surrogate and
indirect sensing approaches have been employed for fatigue
assessment, damage detection, and condition monitoring of
floating offshore wind turbine (FOWT) mooring systems us-
ing platform response information rather than direct instru-
mentation (Kumar, Sen, & Keprate, , ). These studies demon-
strate the growing role of representation learning, temporal
feature extraction, and data-driven inference for extracting
physically meaningful monitoring information from complex
operational signals(Arya, Kumar, Keprate, & Sen, )(Kumar,
Thakur, Sen, & Keprate, ). Although the present work fo-
cuses on thermal turbulence detection in infrared imagery, it
shares a similar motivation of identifying informative repre-
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sentations that enable reliable monitoring and early detection
of performance-related phenomena.

Consequently, there remains a limited understanding of how
different structural representations of turbulence patterns in-
fluence the ability of automated methods to identify them.
In particular, descriptors that emphasise turbulence-related
features such as thermal fluctuations, residual distortions, or
curvilinear flow structures have not been systematically in-
vestigated in the context of thermographic turbulence detec-
tion. To address this limitation, the present study investigates
multiple structural representations of thermal turbulence pat-
terns and evaluates their effectiveness within a deep learn-
ing–based detection framework. By analysing how different
representations influence turbulence detection performance,
the study aims to improve the characterisation of thermal tur-
bulence patterns and support their use as early indicators of
aerodynamic degradation in infrared-based monitoring sys-
tems.

3. METHODOLOGY

3.1. Thermal Turbulence Pattern Formation

Thermal turbulence patterns (TTPs) observed in infrared im-
agery arise from variations in convective heat transfer be-
tween the aerodynamic surface and the surrounding airflow.
In aerodynamic systems such as wind turbine blades, the sur-
face temperature distribution is governed by the balance be-
tween internal heat conduction and external convective heat
transfer.

The convective heat flux between the surface and the free-
stream airflow can be expressed as

q = h(Ts − T∞) (1)

where q denotes the convective heat flux, h represents
the convective heat transfer coefficient, Ts is the sur-
face temperature, and T∞ denotes the free-stream air
temperature.(Lienhard, )

The convective heat transfer coefficient h depends strongly on
the flow regime. Under laminar flow conditions, the bound-
ary layer remains stable and heat transfer occurs in a rela-
tively uniform manner. When the flow transitions to turbu-
lence, enhanced mixing within the boundary layer increases
heat transfer rates, producing spatial variations in the surface
temperature distribution. These variations manifest as irregu-
lar thermal patterns in infrared imagery (Incropera, ).

Changes in aerodynamic performance, such as surface con-
tamination, erosion, or geometric deformation, can modify
boundary layer behaviour and induce local turbulence. Such
changes alter the local heat transfer coefficient and conse-
quently modify the thermal signature of the surface. Ther-

mal turbulence patterns therefore provide indirect informa-
tion about aerodynamic flow behaviour.

3.2. Infrared Thermographic Dataset

The analysis is conducted using thermographic imagery ob-
tained from the KI-VISIR dataset. This dataset contains in-
frared images of operational wind turbine rotor blades cap-
tured under real atmospheric conditions. The images docu-
ment thermal turbulence patterns generated by airflow inter-
actions along the blade surface.

Each image captures spatial temperature variations across the
blade surface, allowing visualisation of turbulence structures
associated with laminar–turbulent transition and flow sep-
aration. The dataset also includes manually annotated re-
gions corresponding to turbulence patterns, enabling super-
vised learning for automated detection.

These annotated regions are used as reference labels for eval-
uating the effectiveness of different structural representations
in identifying turbulence patterns.

3.3. Thermal Image Preprocessing

Infrared images obtained from thermographic cameras often
contain auxiliary information such as colour scales and mea-
surement legends that are unrelated to the aerodynamic sur-
face. These regions are removed during preprocessing to en-
sure that the analysis focuses only on the thermal field corre-
sponding to the blade surface.

Following cropping, the thermal intensity values are nor-
malised in order to reduce variations in temperature scale
between different images. The normalised thermal intensity
In(x, y) is defined as

In(x, y) =
I(x, y)− Imin

Imax − Imin
(2)

where I(x, y) denotes the original thermal intensity at pixel
location (x, y) and Imin and Imax represent the minimum
and maximum intensity values within the image.(Raschka, )

Normalisation ensures consistent representation of thermal
patterns across the dataset and improves the stability of sub-
sequent feature extraction processes (Schwarzhans et al., ).

3.4. Statistical Analysis of Thermal Fluctuations

To further support the physical interpretation of thermal tur-
bulence patterns, a statistical analysis of spatial tempera-
ture fluctuations was conducted using the KI-VISIR thermo-
graphic dataset. Only images containing valid turbulence an-
notations were considered, resulting in a curated subset of
689 samples.

For each thermographic frame, the spatial temperature field
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was analysed by computing the local variance of the nor-
malised thermal intensity using a sliding neighbourhood win-
dow. The local variance at each pixel location (x, y) is de-
fined as

σ2(x, y) =
1

|Ω|
∑

(i,j)∈Ω

(In(i, j)− µ(x, y))
2 (3)

where Ω denotes the neighbourhood window and µ(x, y) rep-
resents the local mean intensity within that neighbourhood.

Using the polygon annotations provided in the dataset, vari-
ance samples were extracted separately from annotated tur-
bulence regions and from surrounding blade areas represent-
ing the background thermal field. For each image, balanced
random sampling was applied to avoid bias due to differing
region sizes.

Figure 2 illustrates the statistical distribution of local temper-
ature variance for turbulence and background regions across
the analysed dataset. The results indicate that turbulence re-
gions exhibit consistently higher spatial variance compared to
the surrounding blade surface.

This observation is consistent with the physical behaviour of
turbulent flow. When the boundary layer transitions to turbu-
lence, enhanced mixing increases fluctuations in convective
heat transfer, producing stronger spatial variations in the sur-
face temperature field. Consequently, turbulence structures
appear in thermographic imagery as regions of elevated tem-
perature variance.

A statistical comparison using Welch’s t-test confirms that the
difference between the two distributions is highly significant
(p < 0.001) with a large effect size (Cohen’s d > 0.8). These
findings provide quantitative evidence that turbulence regions
are characterised by stronger thermal fluctuations, supporting
the use of variance-based descriptors for highlighting turbu-
lence structures in infrared imagery.

Figure 2. Distribution of local temperature variance in turbu-
lence and background regions.

3.5. Gradient-Based Analysis of Thermal Transitions

To further investigate the spatial characteristics of thermal
turbulence patterns, the gradient magnitude of the tempera-
ture field was analysed. The temperature gradient provides a
measure of how rapidly temperature changes across the blade
surface and therefore highlights regions with strong thermal
transitions.

The gradient magnitude was computed using Sobel operators
to estimate the first-order spatial derivatives of the thermal
intensity field

|∇T (x, y)| =

√(
∂T

∂x

)2

+

(
∂T

∂y

)2

(4)

where ∂T
∂x and ∂T

∂y denote the spatial derivatives of the tem-
perature field along the horizontal and vertical directions.

Using the annotated turbulence regions provided in the KI-
VISIR dataset, gradient magnitude values were extracted
from turbulence regions and from surrounding blade back-
ground. Figure 3 illustrates the distribution of gradient mag-
nitudes for the two regions.

The results indicate that turbulence regions exhibit larger
temperature gradients and greater variability compared to the
background thermal field. This behaviour is consistent with
the physics of turbulent boundary layers, where enhanced
mixing produces sharper spatial variations in convective heat
transfer. A statistical comparison using Welch’s t-test con-
firms that the difference between the two distributions is sig-
nificant (p < 0.01).
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Figure 3. Distribution of temperature gradient magnitude in
turbulence and background regions.
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3.6. Structural Representation of Thermal Turbulence
Patterns

Thermal turbulence patterns appear as irregular spatial struc-
tures embedded within the background temperature field. Un-
like conventional defects, these patterns do not correspond
to discrete objects with well-defined boundaries. Instead,
they manifest as local distortions, fluctuations, and curvilin-
ear structures associated with variations in convective heat
transfer.

To capture these characteristics, several structural represen-
tations are explored to emphasise turbulence-related features
within the thermal imagery.

Thermal Image Rolling Guidance Residual Local Variance

Curvature Response Frangi Vesselness Structural Fusion

Figure 4. Structural representations of thermal turbulence
patterns in infrared imagery of a wind turbine blade, showing
residual, variance, curvature, and vesselness responses used
to highlight turbulence structures for detection.

3.6.1. Rolling Guidance filter Representation

The rolling guidance filter (Zhang, Shen, Xu, & Jia, ) is used
to separate large-scale thermal variations from small-scale
distortions associated with turbulence. The filter performs it-
erative edge-preserving smoothing using a bilateral filtering
operation.

The filtered image S(x, y) at iteration k is defined as

Sk+1(x, y) =
1

W (x, y)

∑
(i,j)∈Ω

I(i, j)

exp

(
−∥(x, y)− (i, j)∥2

2σ2
s

)
exp

(
−|Sk(x, y)− Sk(i, j)|2

2σ2
r

) (5)

where Ω represents the neighbourhood window, σs controls
spatial smoothing, σr controls range similarity, and W (x, y)
is the normalisation factor.

The residual representation highlighting small-scale thermal
distortions is then obtained as

R(x, y) = In(x, y)− S(x, y) (6)

This residual component emphasises fine-scale thermal vari-
ations associated with turbulence structures.

3.6.2. Local Variance Representation

Turbulent regions tend to exhibit stronger spatial fluctuations
in temperature due to variations in convective heat transfer.
These fluctuations can be captured using a local variance rep-
resentation (Haralick, Shanmugam, & Dinstein, ).

For a neighbourhood window Ω, the local variance at pixel
location (x, y) is computed as

σ2(x, y) =
1

|Ω|
∑

(i,j)∈Ω

(In(i, j)− µ(x, y))
2 (7)

where µ(x, y) represents the local mean intensity defined as

µ(x, y) =
1

|Ω|
∑

(i,j)∈Ω

In(i, j) (8)

Regions with elevated variance correspond to areas of strong
thermal fluctuation and are therefore indicative of turbulence
activity.

3.6.3. Curvature-Based Representation

Turbulence structures frequently exhibit curvilinear spatial
patterns associated with flow instabilities. These structures
can be emphasised by analysing second-order derivatives of
the thermal intensity field.

The local curvature properties of the image are described us-
ing the Hessian matrix

H(x, y) =

[
Ixx(x, y) Ixy(x, y)
Ixy(x, y) Iyy(x, y)

]
(9)

where Ixx, Iyy, and Ixy denote second-order partial deriva-
tives of the image intensity.

The eigenvalues of the Hessian matrix provide information
about local curvature characteristics and highlight filament-
like structures present in the thermal image (Yang et al., ).

3.6.4. Frangi Vesselness Representation

To further enhance curvilinear turbulence structures, a multi-
scale vesselness filter based on the Hessian matrix is applied.
The vesselness response is computed as
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V (x, y) = exp

(
−R2

B

2β2

)(
1− exp

(
− S2

2c2

))
(10)

where

RB =
|λ1|
|λ2|

(11)

and

S =
√
λ2
1 + λ2

2 (12)

with λ1 and λ2 representing the eigenvalues of the Hessian
matrix. Parameters β and c control the sensitivity of the
filter to elongated structures (Frangi, Niessen, Vincken, &
Viergever, ).

This representation highlights filament-like thermal features
corresponding to turbulence structures.

3.7. Structural Fusion Representation

The structural fusion representation integrates complemen-
tary physical characteristics of turbulence by combining ther-
mal intensity, residual distortions, and structural flow fea-
tures.

X = [In, R, C] (13)

where In represents the normalised thermal intensity, R cap-
tures high-frequency turbulence-induced distortions, and C
encodes curvature-based structural flow patterns.

Although variance-based descriptors effectively highlight lo-
cal thermal fluctuations, they were not incorporated into the
final structural fusion representation due to their partial re-
dundancy with residual-based features. The rolling guidance
filter representation already captures fine-scale intensity vari-
ations and turbulence-induced local distortions, which over-
lap substantially with fluctuation information encoded by
variance maps. Preliminary comparative analysis indicated
that including variance descriptors within the fusion frame-
work did not produce a consistent improvement in localisa-
tion performance while increasing feature redundancy and in-
put complexity. Consequently, the final fusion formulation
prioritises complementary representations that encode ther-
mal intensity, high-frequency residual behaviour, and struc-
tural flow characteristics, enabling a more compact and phys-
ically interpretable representation of turbulence patterns.

This fusion enables the model to jointly capture thermal in-
tensity variations, local turbulence-induced distortions, and
structural flow continuity. By combining complementary rep-

resentations, the structural fusion approach provides a more
informative input space for learning turbulence characteris-
tics, leading to improved localisation performance.

3.8. Intensity-Based Representation Analysis

In addition to structural representations, intensity-based
transformations were evaluated to investigate whether en-
hancing thermal contrast alone can improve turbulence detec-
tion. The normalised thermal intensity field In(x, y) is first
obtained as defined in Eq. (2).

Contrast enhancement is applied using adaptive histogram
equalisation, which locally redistributes intensity values to
improve visibility of subtle patterns. The enhanced intensity
field Ic(x, y) can be expressed as

Ic(x, y) = H (In(x, y)) (14)

where H(·) denotes the adaptive histogram equalisation op-
erator.

Unlike structural representations, this transformation does not
explicitly encode spatial derivatives or geometric characteris-
tics of turbulence patterns, but instead modifies the local in-
tensity distribution.

To analyse the interaction between intensity and structural in-
formation, hybrid representations were constructed by com-
bining contrast-enhanced intensity with structural descriptors
such as residual and curvature features. For example, a con-
trast–residual hybrid representation can be expressed as

XCR(x, y) = [Ic(x, y), R(x, y)] (15)

and a contrast–residual and curvature representation is de-
fined as

XCRC(x, y) = [Ic(x, y), R(x, y), C(x, y)] (16)

where R(x, y) represents the residual component defined in
Eq. (6), and C(x, y) denotes the curvature-based represen-
tation derived from second-order derivatives as defined in
Eq. (9).

These formulations allow the model to jointly learn from
intensity-enhanced features and structural characteristics, en-
abling a systematic comparison between intensity-based and
structure-based representations.

4. RESULTS AND DISCUSSION

The proposed framework was evaluated using thermographic
images from the KI-VISIR dataset in order to analyse how
different structural representations of thermal turbulence pat-
terns influence detection performance. The experiments were
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designed in two stages. First, multiple object detection ar-
chitectures were evaluated on the raw thermographic dataset
to identify the most suitable detector for turbulence locali-
sation. Subsequently, the selected detector was used to in-
vestigate the effect of different structural representations de-
rived from the thermal field. The dataset was divided into
training, validation, and testing subsets using a consistent
split across all experiments to ensure fair comparison. The
experiments were conducted on a curated subset of the KI-
VISIR dataset consisting of 689 thermographic images with
annotated turbulence regions. The dataset was divided into
training(80%), validation(10%), and testing(10%) sets using
a consistent split across all experiments. Annotations are pro-
vided in the form of bounding boxes corresponding to tur-
bulence regions, enabling supervised detection training and
evaluation. Model performance was evaluated using standard
object detection metrics, including precision (P), recall (R),
mean Average Precision at an IoU threshold of 0.5 (mAP50),
and mean Average Precision across IoU thresholds from 0.5
to 0.95 (mAP50−95). These metrics provide complementary
insight into detection accuracy as well as localisation quality.

4.1. Experimental Setup

All detection experiments were implemented using the Ul-
tralytics YOLO framework to maintain a consistent training
and evaluation pipeline across model architectures and repre-
sentation types. The analysed KI-VISIR subset consisting of
689 annotated thermographic images was divided into train-
ing (80%), validation (10%), and testing (10%) sets using an
identical split across all experiments to ensure fair compari-
son. All models were trained for 100 epochs using an input
resolution of 640 × 640 pixels. Optimisation was performed
using the AdamW optimiser, while consistent training set-
tings, augmentation procedures, and inference criteria were
maintained throughout all experiments. Confidence thresh-
olding and Intersection-over-Union (IoU) filtering were ap-
plied uniformly during evaluation to ensure comparable lo-
calisation assessment. To minimise variability arising from
stochastic training behaviour, identical framework settings
and data partitioning strategies were preserved across exper-
iments. This controlled experimental setup ensures that ob-
served performance differences primarily reflect the influence
of the investigated structural representations rather than vari-
ations in optimisation, implementation, or dataset allocation.

4.2. Detector Performance on the Raw Dataset

The first experiment evaluates the ability of different YOLO
detection architectures to identify thermal turbulence patterns
directly from the raw thermographic images. Table 1 sum-
marises the detection performance obtained for YOLOv8-
s, YOLOv9-s, YOLOv10-s, and YOLOv11-s. Among
the evaluated models, YOLOv11-s achieves the highest lo-
calisation performance with an mAP50 of 0.872 and an

mAP50−95 of 0.591. This indicates superior bounding box
alignment and localisation quality for turbulence structures.
Although YOLOv8-s and YOLOv9-s demonstrate compet-
itive performance, their localisation accuracy is slightly
lower. YOLOv10-s shows comparatively reduced perfor-
mance, likely due to differences in feature aggregation strate-
gies.Based on these results, YOLOv11-s is selected as the
primary detector due to its superior localisation accuracy and
balanced precision–recall performance.

Table 1. Detection performance of YOLO models on raw
thermographic dataset.

Model P R mAP50 mAP50−95

YOLOv8-s 0.803 0.774 0.862 0.584
YOLOv9-s 0.802 0.775 0.861 0.579
YOLOv10-s 0.771 0.786 0.851 0.573
YOLOv11-s 0.819 0.780 0.874 0.589

4.3. Detection Performance Across Structural Represen-
tations

After selecting YOLOv11-s as the baseline detector, the next
set of experiments investigates how different structural rep-
resentations of the thermal field influence turbulence de-
tection performance. The evaluated representations include
rolling guidance filter maps, local variance maps, curvature
responses derived from second-order derivatives, and Frangi
vesselness filters that highlight curvilinear turbulence struc-
tures.Table 2 summarises the detection performance obtained
using these different structural representations.

Table 2. Performance of structural representations using
YOLOv11.

Representation P R mAP50 mAP50−95

Raw 0.819 0.780 0.874 0.589
RGF 0.792 0.802 0.869 0.575
Frangi 0.823 0.759 0.865 0.572
Curvature 0.797 0.765 0.854 0.550
Structural fusion 0.789 0.813 0.877 0.602

The results indicate that the raw thermographic representa-
tion already provides strong detection performance, suggest-
ing that turbulence patterns are inherently encoded in the ther-
mal field. Individual structural representations improve inter-
pretability by emphasising specific turbulence characteristics
such as residual distortions and curvilinear structures. How-
ever, these representations do not consistently improve detec-
tion performance.
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Figure 5. Comparison of detection performance across struc-
tural representations (top 3). Structural fusion achieves the
best overall balance, improving recall and localisation accu-
racy (mAP50−95) while maintaining competitive precision.

The structural fusion representation achieves the best over-
all performance, improving mAP50 to 0.877 and mAP50−95

to 0.602 while also increasing recall to 0.813. This demon-
strates that combining complementary turbulence descriptors
enhances localisation accuracy. This also suggests that no
single representation fully captures the multi-scale and struc-
tural complexity of turbulence patterns, whereas their combi-
nation provides a more complete description of the underly-
ing thermal field.

4.4. Structural Fusion Representation

To further exploit complementary information contained in
different structural descriptors, a structural fusion represen-
tation was constructed by combining the thermal intensity,
residual, and curvature-based representations. This represen-
tation integrates information related to thermal distortions,
statistical fluctuations, and curvilinear turbulence structures
within a unified feature space.

The structural fusion representation achieves the best over-
all balance between recall and localisation performance. Al-
though the overall mAP values remain comparable to the
baseline, the fusion representation provides a more inter-
pretable description of turbulence structures within the ther-
mographic imagery. By integrating complementary de-
scriptors, the fused representation highlights regions where
turbulence-induced thermal distortions are most pronounced,
improving the reliability of turbulence localisation. Fig-
ure 5 provides a comparative view of detection performance
across representations. While the raw thermal input already
achieves strong results, individual structural descriptors intro-
duce trade-offs between precision and recall. The structural
fusion representation consistently achieves the best balance,
indicating that combining complementary features improves

Table 3. Performance comparison of intensity-enhanced and
structural representations using YOLOv11. Results are re-
ported using consistent three-decimal precision for fair com-
parison across representations.

Representation P R mAP50 mAP50−95

Raw 0.819 0.780 0.874 0.589
CL + Raw 0.790 0.780 0.850 0.550
CL + RGF 0.820 0.770 0.870 0.570
CL + Frangi 0.810 0.720 0.840 0.560
CL + Curvature 0.750 0.820 0.860 0.550
Structural Fusion 0.789 0.813 0.877 0.602

both detection reliability and localisation quality. Over-
all, these results demonstrate that structural representations
enhance detection performance by improving feature inter-
pretability and localisation quality, with structural fusion pro-
viding the most balanced improvement across evaluation met-
rics.

Although the structural fusion representation achieves the
strongest overall balance across evaluation metrics, the ob-
served performance improvements remain relatively moder-
ate. However, even incremental gains are meaningful in
the context of thermal turbulence detection, as improved re-
call and localisation accuracy directly increase the number
of cases in which turbulence regions are correctly identified
within complex thermographic fields. Since turbulence pat-
terns are spatially diffuse, low-contrast, and often difficult to
localise reliably, modest improvements can translate into a
greater number of successfully detected turbulence instances,
thereby enhancing monitoring sensitivity. Furthermore, the
present analysis is conducted using a curated subset of the
KI-VISIR dataset corresponding to a single application do-
main involving wind turbine blade thermography. Conse-
quently, the reported gains should be interpreted within the
scope of the analysed dataset and experimental configuration.
While identical training settings and data partitioning were
maintained across experiments to enable fair comparison, re-
peated split analysis, formal statistical significance testing,
and validation across additional thermographic datasets were
not considered within the present study. These directions
represent important extensions for future work toward estab-
lishing broader generalisability and statistical robustness of
representation-driven turbulence detection.

4.5. Effect of Intensity-Based Representations

To further investigate the role of intensity information,
contrast-enhanced representations were evaluated using
adaptive histogram equalisation and their combinations with
structural descriptors. Table 3 summarises the results.

The results demonstrate that contrast enhancement alone
(CLAHE (CL) + Raw) does not consistently improve de-
tection performance over the baseline, indicating that turbu-
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lence patterns are not solely limited by low contrast. When
combined with structural representations, distinct behaviours
emerge: CL + RGF improves precision, while CL + Curva-
ture increases recall, highlighting a trade-off between local-
isation accuracy and detection sensitivity. The degradation
observed with CL + Frangi suggests that turbulence patterns
do not conform well to vessel-like assumptions. Overall,
the structural fusion representation achieves the best balance
across all metrics, confirming that effective turbulence detec-
tion requires complementary structural encoding rather than
intensity enhancement alone.

Raw
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Figure 6. Performance comparison across intensity and struc-
tural representations. The CL (CLAHE)-based representa-
tions highlight the influence of contrast enhancement when
combined with structural descriptors such as residual and cur-
vature features.

Figure 6 illustrates the impact of intensity-based enhance-
ment in combination with structural representations on de-
tection performance. The CL + Raw representation shows
that contrast enhancement alone does not provide consistent
improvements over the baseline. When combined with struc-
tural descriptors, distinct behaviours emerge: CL + RGF im-
proves precision by suppressing false detections, while CL
+ Curvature increases recall by capturing a broader range
of turbulence patterns at the cost of reduced precision. The
structural fusion representation achieves the best overall bal-
ance, confirming that effective turbulence detection depends
on complementary structural encoding rather than intensity
enhancement alone.

5. CONCLUSION AND FUTURE WORK

This study investigated the role of structural representation
in detecting thermal turbulence patterns from infrared im-
agery. Unlike conventional object detection tasks, turbulence
patterns represent spatially diffuse thermal structures with-
out well-defined boundaries, making their representation a
critical factor for reliable detection. A systematic evaluation
of multiple structural representations, including rolling guid-
ance filter residuals, curvature-based features, and vesselness
responses, demonstrated that while individual descriptors en-
hance interpretability, they do not consistently improve de-

tection performance. In contrast, the proposed structural fu-
sion representation, which integrates thermal intensity, resid-
ual distortions, and structural flow characteristics, achieves
the best overall performance, improving both localisation ac-
curacy and recall.

In addition, intensity-based enhancement experiments using
contrast-limited adaptive histogram equalisation (CLAHE)
indicate that improving thermal contrast alone does not con-
sistently enhance detection performance. While contrast-
enhanced representations improve visual visibility, they fail
to provide reliable gains without complementary structural
encoding. The results demonstrate that structural fusion im-
proves detection performance by combining complementary
turbulence descriptors, leading to enhanced localisation ac-
curacy and recall. These findings highlight the importance
of representation design in detecting diffuse thermal patterns
and improving the reliability of turbulence-aware detection
systems.Several directions can be explored to further extend
this work. First, Grad-CAM–based interpretability analysis
can be incorporated to verify that model attention aligns with
physically meaningful turbulence regions. Second, temporal
consistency analysis using sequential thermographic data can
provide deeper insight into the evolution of turbulence struc-
tures over time. Third, the integration of structural constraints
or flow-based priors into deep learning models may further
improve robustness and generalisation. Finally, extending the
framework to real-time monitoring systems for aerodynamic
structures such as wind turbines can enable practical deploy-
ment for early detection of performance degradation.

From a practical deployment perspective, the proposed rep-
resentation framework is relevant for infrared-based moni-
toring systems operating on aerodynamic structures such as
wind turbine blades. Although the investigated structural
representations introduce an additional preprocessing stage,
the employed operations primarily involve image-based fil-
tering and derivative computations that remain computation-
ally lightweight compared to detector training and inference.
Consequently, the framework has potential applicability in
near real-time monitoring scenarios where improved turbu-
lence localisation may support earlier identification of aero-
dynamic performance changes. In such settings, even mod-
erate improvements in detection reliability may be opera-
tionally valuable, as they increase the number of correctly
identified turbulence regions available for downstream con-
dition assessment. A detailed computational analysis involv-
ing inference latency, preprocessing overhead, and hardware-
dependent deployment performance represents an important
direction for future work.

Overall, this study demonstrates that effective structural
representation learning provides a more reliable and inter-
pretable framework for turbulence-aware detection systems.
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