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Abstract

Camouflage design for jungle environments has conventionally relied on the static opti-
mization of color, texture, and edge features, presuming that the background remains vis-
ually stable. This presumption diverges from real conditions, in which wind continuously
alters leaf orientation and vegetation texture, leaving a gap between static optimization
and dynamic visual reality. To address this limitation, this study developed a systematic
camouflage design process that integrates the Beaufort scale into a mimetic system for
simulating vegetation sway. Dominant colors were extracted using the CIE L*a*b* color
space and K-means clustering, and background maps were generated via Gaussian blur.
Leaf textures from five plant species were arranged through seamless tiling and overlaid
onto the backgrounds to form 15 camouflage samples. Validation employed a fuzzy logic
questionnaire and eye-tracking measurements. Under the present experimental condi-
tions, which used screen presentation under visible light, pattern A-13 performed best.
Derived from the Terminalia mantaly leaf texture in the dark green variant, it achieved the
most favorable balance between distinctiveness from the regional reference pattern and
disruption of target-background segmentation, whereas C-15, the light green variant,
consistently ranked last. The proposed process is reproducible and applicable to civilian
equipment such as tents and backpacks.

Keywords: Beaufort scale-based mimetic system; background matching; camouflage
pattern; eye-tracking; computer-aided design

1. Introduction

With the rapid advancement of military technology, the demand for concealment and
camouflage on the battlefield has been increasing. Camouflage design, which plays an
important role in reducing visual detectability in operational contexts, is fundamentally
aimed at disrupting enemy detection and blending into the environment. Traditional
camouflage, which mainly consists of irregular spots or stripes, is effective only at certain
distances. Digital camouflage emphasizes the simulation of detail and three-dimensional
textures, enabling more realistic blending into natural scenes and improving adaptability
across diverse environments. Liu et al. [1] noted that during reconnaissance in warfare,
blurred boundaries between targets and backgrounds create visual identification chal-
lenges. Li et al. [2] stated that traditional camouflage is inadequate against advanced re-
connaissance technologies because these technologies enable multispectral and high-res-
olution detection, which can considerably improve target recognition. Furthermore, cam-
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ouflage patterns used by forces operating in regional jungle environments may closely
resemble those of neighboring countries; therefore, practical identification often depends
on insignia or other uniform markings. This visual overlap can pose challenges for reliable
unit recognition during field operations, highlighting the need for camouflage designs
with greater perceptual distinctiveness.

Most camouflage research has focused on color optimization and pattern generation.
Lin and Prasetyo [3] applied the particle swarm optimization algorithm to adjust the color
parameters of camouflage such that its detectability was reduced in swamp environments.
Goudarzi et al. [4] reproduced the reflective characteristics of green leaves through dye
mixing and L*a*b* chromaticity analysis, thereby simulating the coloration of natural veg-
etation. However, most relevant studies have emphasized pattern correction and seldom
integrated strategies combining visual cognition and background dynamics. Building on
these color-focused approaches, a parallel body of work has examined the perceptual and
biological foundations of camouflage mimicry.

Green [5], in Fundamentals and Applications of Color Engineering, noted that color
can be described in terms of hue, saturation, and brightness, while the CIE L*a*b* model
has been widely applied in image analysis. Ji et al. [6] further emphasized that the CIE
L*a*b* space corresponds closely to human visual perception of color, and they proposed
a polynomial regression model to improve the accuracy of the CIE L*a*b* model by re-
ducing discrepancies between its values and human perceptual responses. Ohta [7] inves-
tigated the conversion relationship between the RGB and Munsell color systems, verifying
the effect of such conversion on human visual perception. Lin et al. [8] used the response
surface methodology on the L¥, a* and b* components in the CIE L*a*b* color space to
enhance the effectiveness of military camouflage. They conducted K-means clustering
within the CIE L*a*b* color space to improve the consistency between computer color
rendering and human visual perception.

In terms of pattern generation, Hsiao and Tsai [9] developed a natural color transfor-
mation system that combines image segmentation with K-means to provide a more natu-
ral color scheme. Wan et al. [10] and Wei et al. [11] combined max pooling with K-means
and the HSV model, respectively, to establish automated camouflage design processes,
effectively reducing subjective design errors.

The theoretical framework of camouflage mimicry provides a crucial foundation for
the pattern generation process. Cuthill et al. [12] indicated that the coloration of animal
bodies serves multiple functions, such as social signaling, thermoregulation, and antipre-
dation. Stevens and Merilaita [13] proposed camouflage strategies such as background
matching, disruptive coloration, and shape concealment, highlighting the importance of
integrating psychological, visual, and biological perspectives. The aforementioned studies
support the use of natural leaf textures as the primary pattern source for camouflage, with
these textures enhancing environmental blending and concealment.

In the field of visual cognition, Itti and Koch [14] proposed a visual attention mecha-
nism through which humans cognitively separate a target from the background to quickly
focus on information of interest. On the basis of this mechanism, they developed a cam-
ouflage pattern with low edge sharpness, allowing a camouflaged subject to be misper-
ceived as being part of the background. Karthiga and Asuntha [15] employed the Canny
algorithm to extract edge features and enhance contours of the camouflage motifs.
Umeton et al. [16] proposed the concept of disruptive coloration, according to which high-
contrast and discontinuous pattern elements are arranged at object boundaries to delay
the detection and recognition of a target by observers. Troscianko et al. [17] quantified
detectability by examining edge density, and Song et al. [18] developed a parallel algo-
rithm to optimize large-scale edge processing. Daneshvar et al. [19] applied neural style
transfer to generate blurred patterns. Moreover, Yang et al. [20] proposed a camouflage
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evaluation index based on comparisons of target and background color and texture fea-
tures, which is used to assess camouflage performance. Hall [21] and Song [18] designed
blurred backgrounds and visual click platforms. Barnett et al. [22] demonstrated that an
increase in distance causes a decrease in spatial resolution (equivalent to visual blur),
which results in high-contrast textures blending into the background and reduces recog-
nizability. Finally, Barnett and Cuthill [23] obtained empirical evidence that a larger dis-
tance or blurring results in pattern fusion, making patterns more difficult to distinguish at
a long range. Overall, the findings of the aforementioned studies confirm that blurring
techniques can reduce visual salience and enhance camouflage effectiveness.

Although previous camouflage studies have improved color distribution, texture
similarity, edge disruption, and visual salience, most have treated the background as vis-
ually stable. This assumption has been questioned in recent work on dynamic environ-
ments. Cuthill et al. [24] observed that most natural scenes contain dynamic elements,
such as the motion of vegetation and the rapid variation in illumination, and that detec-
tion depends on the changing relationship between a target and its moving background.
Brunyé et al. [25] examined how the speed of a target interacts with the properties of a
pattern. They reported that local contrast and spatial frequency strongly influenced detec-
tion, and that movement alone was not sufficient to break a pattern that matched the back-
ground well. Van der Burg et al. [26] proposed an adaptive design that samples the back-
ground and accounts for the variation in viewing direction. Their design concealed mov-
ing targets more effectively than a method that simply displayed the exact background.
These findings indicate that camouflage informed by a dynamic background offers a clear
advantage over static optimization.

This limitation is especially relevant in jungle environments, where wind continu-
ously alters leaf orientation, contour overlap, and vegetation texture. Such variation in-
duced by wind may affect target detection by changing the visual relationship between
the target and its background. However, existing digital and bionic camouflage designs
rarely use wind speed or vegetation deformation as explicit design parameters. This study
therefore introduces the Beaufort scale as a systematic basis for simulating the defor-
mation of vegetation caused by wind and incorporating the characteristics of a dynamic
background into camouflage pattern design.

Hashemi et al. [27] and Singleton [28] have highlighted the potential of using the
Beaufort scale in the simulation of natural scenes. Niklas [29] explored how gravity and
wind influence the evolution of terrestrial plants, applying the Euler—Greenhill formula
and models of wind-induced drag forces from engineering mechanics to enhance the re-
sistance of plants to toppling. However, existing digital camouflage designs do not suffi-
ciently account for the influence of wind speed on plant morphology or the recognition
differences under multispectral sensing, and a camouflage design method that integrates
dynamic backgrounds with visual cognition models is lacking. Moreover, to the best of
the researchers’” knowledge, no study has used the Beaufort scale in camouflage pattern
design.

Understanding how observers detect camouflaged targets requires grounding in vis-
ual search theory, which informs the design of the evaluation framework employed in this
study. Wolfe and Horowitz [30] proposed that five core factors, namely bottom-up sali-
ence, top-down feature guidance, scene structure and meaning, the previous history of
search over timescales ranging from milliseconds to years, and the relative value of the
targets and distractors guide attention in visual search. Henderson [31] proposed gaze
control theory, which indicates that scene expectation and task orientation considerably
affect fixation strategies. Denning [32] indicated that background matching can reduce
camouflage visibility. Lin et al. [33] analyzed the light absorption characteristics of leaves
in the short-wave infrared spectrum in terms of their spectral reflectance, providing in-
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sights into the design of camouflage materials and highlighting the necessity of spectral
simulation in camouflage design.

A key challenge in the research on camouflage is to evaluate its effectiveness. Quan-
titative evaluation provides a crucial scientific basis for optimizing stealth strategies and
objectively verifying camouflage performance. Moreover, eye-tracking instruments and
fuzzy questionnaires can be employed to achieve dual-track validation. Brunyé et al. [34],
Torrico et al. [35], Husic-Mehmedovic et al. [36], and Park et al. [37] have confirmed the
value of eye tracking in analyzing visual salience and cognitive judgment. Analytical re-
liability can be enhanced through Pearson correlation analysis, as indicated by the quan-
titative validation methods of Gamino-Sanchez et al. [38] and the R Core Team [39].

In summary, although existing camouflage design research has focused on various
aspects, such as color optimization and pattern generation, it has not integrated wind
speed simulation, color computation, pattern generation, and visual validation into a sin-
gle process. Therefore, the present study developed a camouflage design process that in-
tegrates the Beaufort scale-based mimetic system with background matching, using mili-
tary garments as a case study to establish an expandable camouflage pattern evaluation
platform. Dual-track validation using fuzzy logic questionnaire and eye-tracking meas-
urements was conducted under screen-based visible-light conditions, with results indi-
cating that dark green variants derived from Terminalia mantaly leaf textures showed the
greatest perceptual distinctiveness from the regional reference pattern and the strongest
visual disruption across both evaluation methods.

2. Materials and Methods
2.1. Overview of the Design Process

The proposed process consists of three main stages: main pattern construction, back-
ground pattern production, and dual-track validation, as illustrated in Figure 1.

Main pattern construction Background pattern construction
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transformation
CIE L*a*b* color space
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a. Ficus microcarpa

Figure 1. Flowchart of the research methodology. The dashed boxes indicate the two parallel con-
struction processes described in Section 2.2 (Main Pattern Construction, left) and Section 2.3 (Back-
ground Pattern Construction, right), both of which converge in the camouflage clothing design
and validation stages.

2.2. Main Pattern Construction
2.2.1. Leaf Image Collection and Species Selection

During main pattern construction, images of both the front and back sides of leaves
from 10 common tree species in Taiwan were captured. Subsequently, a questionnaire
survey was conducted on these species, with 145 valid responses collected. The results
indicated that the top five species were Ficus microcarpa (81.4%), Alstonia scholaris (43.6%),
Cinnamomum camphora (42.9%), Koelreuteria henryi (35.7%), and Terminalia mantaly (30.8%).
Representative images of the selected leaf samples are shown in Figure 2. The captured
images were converted into vector diagrams for use in subsequent feature recognition and

analysis.
/ i b
o
b. Alstonia scholaris ¢. Cinnamomum camphora  d. Koelreuteria henryi e. Terminalia mantaly

Figure 2. Representative leaf vector images of the 5 plant species selected in this study.

A Canny edge extraction model was established and then integrated with the Beau-
fort scale to develop a Beaufort scale-based mimetic system. Edge extraction was then
performed on the generated plant vector diagrams to obtain their shapes and features.
The theoretical basis and specific implementation of these methods are described in the
following sections.

2.2.2. Color Feature Extraction

In the RGB system, a color is described using a combination of red, green, and blue
light intensities. To approximate human visual perception, the RGB color system is con-
verted into the CIE XYZ system, which is subsequently modified into the CIE L*a*b* color
space through nonlinear transformation. The matrix for conversion between the RGB and
CIE XYZ systems as well as the white point are set according to the adopted color space
(e.g., sSRGB). The obtained XYZ coordinates are then converted into L*a*b* coordinates.
The corresponding conversion formulas are expressed as follows:

X 0.412453 0.357580 0.18042371[R
Y| =10.212671 0.715160 0.072169]||G (1)
VA 0.019334 0.119193 0.9502271LB
* = Y s _
L'=116("/y )3 16 )
* — X Vs _ (Y 1
a* = 500{CX/y )" = (/y )5} 3)
£ _ Y NYs_(Z; Y
b =200{("/y )5 =/ )"3} 4)

where R, G, and B represent the intensities of red, green, and blue light, respectively, in
the RGB color space; X, Y, and Z are the color coordinates in the CIE 1931 XYZ color space;
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and X, Y,, and Z, are the CIE XYZ coordinates of the reference white point. Under the
commonly used D65 light source, X;,, =95.047, Y,, =100.000, and Z,, =108.883. The term
L* denotes lightness, which indicates the brightness of a color, and ranges from 0 (black)
to 100 (white); a* is the color on the green-red axis, where a positive value indicates red,
and a negative value indicates green; and b* is the color on the blue-yellow axis, where a
positive value indicates yellow, and a negative value indicates blue. Finally, & / Xn)l/ 3,

(Y/Y )1/ 3, and (Z /7 )1/ 3 are the normalized XYZ components obtained after nonlinear
n n

cube-root transformation is conducted. These components are used to approximate the
nonlinear perceptual characteristics of human vision with respect to brightness and color
changes.

Following the conversion of image data into the CIE L*a*b* color space, k-means clus-
tering was applied to extract representative colors from the collected jungle environment
images. The k-means algorithm is a commonly used unsupervised clustering method. Its
goal is to partition a dataset into k clusters and assign data points to these clusters on the
basis of distance.

The algorithm minimizes the within-cluster sum of squares (SSE) in CIE L*a*b* space,
as defined in Equation (5). The algorithm iteratively alternates between assignment and
update steps until convergence. The main steps are:

1. Initialize: Randomly select k data points as initial centroids {1, ..., p©@}.

2. Assignment: Assign each data point to the nearest centroid (using Euclidean dis-
tance), as formalized in Equation (6).

3. Update: Recalculate each cluster centroid as the mean of assigned points, as given in
Equation (7).

4. Convergence: Steps 2-3 are repeated until either the relative reduction in the objec-
tive falls below a predefined tolerance [Equation (8)] or the cluster assignments re-
main unchanged between successive iterations [Equation (9)]. The maximum num-
ber of iterations was set to 300 as a safeguard against non-convergence.

n
J= D= kall, = (L) ©)
i=1

where x; = [L;,a;,b;]" is the ith point in CIE L*a*b* (D65); c; € {1,...,k} is its hard assign-
ment; y; is the assigned centroid; {u, ..., pk} are the k centroids; || ||, denotes the Eu-
clidean norm; J is the within-cluster sum of squares (SSE).

The assignment rule and the centroid update are given by

. 2
ci=arg min [lx —ull, 6)

where each x; is assigned to the nearest centroid y; in L*a*b*.

1 .
~“J‘=mthcj={xi?ci=1} 7)
J Xi€ C]
where u; is the centroid (arithmetic mean) of cluster j; | c]-| is its size.
](5—1) _](t)
](t——l) <¢g (8)
n — n
{Ci(t)}i=1 = {Ci(t 1)}i=1 9)

where J® is the objective at iteration t; ¢ > 0 is a small tolerance; the second condition
indicates no change in assignments.

The alternating assignment-update scheme monotonically decreases the objective |
and, in finitely many steps, converges to a local minimum. Geometrically, the centroids
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induce a Voronoi tessellation in the feature space. The method implicitly assumes roughly
spherical clusters with comparable variance and uses the arithmetic mean as the cen-
troidal representative; owing to the quadratic loss, it is sensitive to outliers. Furthermore,
all distances are computed in CIE L*a*b* using the Euclidean metric. Because L*a*b* is
approximately perceptually uniform under D65, these distances align more closely with
visual color differences than RGB; to enhance perceptual robustness, this study addition-
ally conducted a sensitivity check using the CIE DE2000 color-difference metric. The k-
means formulation defined in Equations (5)—(9) was applied at two stages. In main pattern
construction, it extracted representative colors from leaf images. In background pattern
production, it identified dominant colors from jungle background photographs (Section
2.3.1). Using the same formulation at both stages maintained methodological consistency
across the two pattern layers.

2.2.3. Edge Extraction (Canny Method)

Canny edge detection is a technique in which edges are detected using image gradi-
ents and a dual-threshold hysteresis procedure. This technique is performed in the fol-
lowing sequence: Gaussian smoothing for noise reduction, gradient computation, non-
maximum suppression, and dual thresholding and edge tracking by hysteresis. The ob-
jectives of the technique are (1) to maximize the output signal-to-noise ratio (SNR) while
reducing missed and false detections, (2) to accurately detect edge locations, and (3) to
generate a single response for each edge. Canny edge detection involves the following
steps:

1. Compute the edge response and SNR by using the following equation:

w
- d
SNR = |f‘WG( A x| (10)

no([y, F2)dx)Y?
where f(x) represents the impulse response function of the edge detector, G(x) is the edge
model signal, and dx denotes a small change in variable x. Equation (10) indicates that the
areas corresponding to G(-x) f(x) are summed within the interval [-W, W]. If the integra-
tion is performed with respect to y, the differential is written as dy; for two-dimensional
integration, it is written as dx, dy, or dA, indicating integration over a planar region.

2. Calculate the localization accuracy by using the following Equation (11):

no ([ 12 (x) dx/? 1
= f?,,,(f(_;‘,”(f ;3( Y - Localization = S (11)
—, G (=0)f(x)dx 0

where xo is the displacement of the extreme position caused by noise; dx, is the localiza-
tion error; ny is the mean square value of white noise per unit length; f'(x) is the first
derivative, which is used for estimating the spacing of extreme values; G'(—x) is the de-
rivative of the edge signal; and Localization denotes the localization accuracy of edge de-

Xo

tection.

3. Eliminate multiple responses. To eliminate multiple responses along an edge, non-
maximum suppression is applied. At each pixel, the gradient direction is computed
and quantized into one of four principal orientations. The gradient magnitude of the
current pixel is then compared with its two neighbors along this direction. If the cur-
rent pixel is not a local maximum, its value is suppressed to zero. This procedure
ensures that only one-pixel-wide edge responses are preserved. According to Rice’s
theorem, the expected distance between neighboring response peaks under noise can
be expressed as follows:
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© L, 1/2
Xmax =2 M = kw (12)
Joo f () dx

where X, is the expected distance between neighboring response peaks under noise;
f""*(x) is the second derivative, which is used for estimating the spacing of extreme val-
ues; w is the filter width; and k is the ratio between the spacing of extreme values and the
filter width.

4. Use the following equation to efficiently obtain an approximation of the optimal filter
on the basis of the first derivative of the Gaussian function:

2
fapprox (x) = = — exp(~3 ) (13)

where ¢ is the Gaussian standard deviation. This approximation achieves approximately
90% of the theoretical performance, has high computational efficiency, and is commonly
implemented in image processing systems.

In this study, the accuracy of outer contour extraction and the degree of noise sup-
pression were adopted as the primary criteria for parameter optimization. Experimental
results identify a Gaussian kernel size of 11 (corresponding to o = 2.15) combined with a
gray threshold of 244 as the optimal configuration. This setting yielded the most complete
and continuous leaf outer contours, with smooth boundary lines, no significant residual
noise, and the most satisfactory background removal results. Accordingly, this parameter
configuration is identified as the optimal setting in the present study. By comparison, a
kernel size of 3 preserved richer vein detail but introduced substantial high-frequency
noise. The resulting contour lines were fragmented and unsuitable for direct use in sub-
sequent pattern generation. A kernel size of 6 represented an intermediate case, offering
acceptable contour clarity but with residual noise points that compromised overall con-
tour integrity. Based on the foregoing comparative analysis, this study concludes that a
larger Gaussian kernel size combined with a higher threshold value should be prioritized
when plant outer contours serve as source material for subsequent pattern design. This
parameter choice ensures sufficient smoothness and completeness of the extracted con-
tours, thereby reducing post-processing burden and enhancing the overall efficiency of
the design workflow.

2.2.4. Beaufort Scale-Based Deformation Model

Within the proposed Beaufort scale-based mimetic system, the deformation model
served as the core computational module for translating wind intensity into species-spe-
cific leaf deformation. This model converted Beaufort scale levels into wind speeds, esti-
mated aerodynamic loading on leaf blades, calculated tip deflection using beam-theory
assumptions, and generated the corresponding deformation angles for subsequent pattern
construction.

The Beaufort scale is a thirteen-level classification system (0-12) used to describe
wind force intensity, ranging from calm conditions (BO) to hurricane-force winds (B12).
The B6-B9 range was selected for three reasons. First, wind levels below B6 generally pro-
duce only minor leaf rustling or branch oscillation, resulting in deformation that is visu-
ally close to static conditions and therefore unsuitable for testing wind-induced camou-
flage variation. Second, wind levels above B9 correspond to storm-force conditions, under
which sustained outdoor field activity becomes operationally impractical. Third, B6-B9
represents a realistic range of wind conditions in subtropical mountainous regions and
exposed ridges [40], including stronger winds associated with typhoon peripheries and
orographic acceleration [41].
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Taken together, the B6-B9 range constitutes a gradient of four levels that is percep-
tually meaningful (with sufficient magnitude of deformation to differentiate it from static
conditions), operationally relevant (within the range of feasible field activity), and climat-
ically representative (matching the dominant wind regime of the study region). This range
enables a systematic comparison of vegetation deformation states across a continuous and
practically grounded gradient, while B9 specifically establishes the upper boundary of the
deformation envelope, allowing the camouflage design to be tested under realistic ex-
treme conditions to the limits of stress. Table 1 summarizes the ranges of wind speed and
the corresponding Beaufort classifications for B6-B9.

v = 0.836 X (B19) (14)

where v is the wind speed (m/s), and B is the Beaufort scale level. This equation originates
from the original Beaufort scale definition and has been adopted as the standard WMO
conversion formula [42].

Table 1. Beaufort Scale (B6-B9 range adopted in this study).

Beaufort Wind Force Descriptor Average Wind Speed (m/s)
Beaufort Scale 6 (B6) Strong breeze 11.39-14.17
Beaufort Scale 7 (B7) Near gale 14.44-17.22
Beaufort Scale 8 (B8) Gale 17.50-20.83
Beaufort Scale 9 (B9) Strong gale 21.11-24.17

The aerodynamic drag force per unit length of leaf, f, (N/m), is calculated using the
quasi-static flat-plate drag formulation from fluid mechanics:

fo = 0.5pqir Cowv? (15)

where p,;, is the air density, Cp is the drag coefficient, w is the leaf blade width, and v is
the wind speed. Under standard atmospheric conditions (15 °C, 101.325 kPa), the air den-
sity was assumed to be 1.225 kg/m?. The drag coefficient was set to 1.28, corresponding to
a flat plate positioned normal to the airflow. The leaf blade width, w, was determined from
species-specific measurements, and the wind speed, v, was obtained from Equation (14)
for each Beaufort wind level. Therefore, f, denotes the distributed aerodynamic drag
force along the leaf length, expressed in N/m.

Applying Euler-Bernoulli beam theory to a cantilever under a uniformly distributed
load (UDL), the maximum tip deflection 8,4, is

fo x L*

Smax = 8E] (16)

where L is the effective leaf blade length (m), E is the Young’s modulus of the leaf blade
material (Pa), and I is the second moment of area of the leaf cross-section (m*). The pa-
rameter E represents the elastic stiffness of the leaf blade material. According to Sun et al.
[43], the Young’s modulus of leaf tissues varies markedly with tissue type, structural or-
ganization, hydration state, and loading direction. Therefore, in this study, E was defined
on the basis of the species-specific mechanical properties of the examined leaf blade.

The second moment of area, I, was approximated by assuming an elliptical cross-
section of the leaf blade, which can be expressed as

I =nt' w/64 (17)

where t denotes the midrib thickness (m) and w denotes the leaf blade width (m). There-
fore, 8,4, represents the maximum displacement at the leaf tip under wind-induced
loading.
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The leaf-tip deflection angle O (degrees) is derived from §,,,, and leaf length L:
0(°) = arctan(Opax / L) X (180 / m) (18)

The computed deflection angle O serves as the direct input parameter for the image
deformation algorithm, where it governs the rotation angle in the affine transformation
applied to each species-specific leaf texture image. A separate O value is computed for
each species at each of the four Beaufort levels (B6-B9), yielding a 4 x 5 matrix of defor-
mation states (Table 2). Thus, the deformation workflow proceeded sequentially from
Beaufort level selection to wind-speed conversion, aerodynamic loading estimation, elas-
tic tip deflection calculation, angular transformation, and finally affine deformation of the
leaf texture.

Table 2. Estimated Deflection Angles (°) of Each Plant Species under B6-B9 Condition.

Species B6 6 () B76 () B86 () BIBO () L (m) w (m) t (m)

Ficus microcarpa 8.77 13.76 20.09 27.51 0.08 0.04 0.001
Alstonia scholaris 20.62 30.87 47.74 51.79 0.07 0.035 0.00065
Cinnamomum camphora 27.51 39.59 51.00 60.37 0.055 0.025 0.0005
Koelreuteria henryi 16.77 25.57 35.54 45.48 0.12 0.035 0.0012
Terminalia mantaly 20.62 30.86 41.74 51.79 0.07 0.025 0.00065

Finally, a graphical user interface was constructed for object simulation, and wind
dynamics simulation was executed according to the Beaufort scale formula in Equation
(14). The system simulation results are shown in Figure 3.

Original Image Transformed Image

Image Controls Beaufort Scale & Direction Leaf Parameters Computed Physics
Uploadimage Beaufort Level (8) 0 — 13 L— length (m) = (-
Find Joints | — width (m) 22.5720
e Dt Lo ] | epavm
t — midrib thick (m) Drag force [Eq.X-2)
@ — Left Offset ~—
Save Image [o.001 ] | [15.87777 |
O—-
Sorofest £ — modulus (GPa) S (]
=
Pixel Offset Applied 1 Tip defiect [Eq X3
[e3.40 ] 8

Figure 3. Simulation results of the developed Beaufort scale-based mimetic system.

Figure 4a—d show the leaf deformation process under four Beaufort scale levels (B6—
B9). For the representative leaf used in this demonstration, the estimated deflection angles
were 8.7721°, 13.7683°, 20.0910°, and 27.5102°, respectively.
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Figure 4. (a) Deformation process under B6 levels, (b) deformation process under B7 levels, (c) de-

formation process under B8 levels and (d) deformation process under B9 levels.

The following effects were achieved by placing leaves with varying degrees of defor-
mation into a nine-grid layout and aligning them with the surrounding grid lines:

1. Seamless connection and extension: The main pattern in the central grid extended
through the grid lines to the surrounding cells, forming a continuous natural transi-
tion in all four directions, ensuring that the pattern could be infinitely tiled without
appearing abrupt.

2. Visual dynamic illusion: The intersection points of the rule of thirds became the vis-
ual focal points. When different wind forces (B6, B7, B8, and B9) caused diverse de-
formations and arrangements of the leaves, observers perceived an optical illusion as
if the image was flowing or swaying in the wind.

3. Sense of layering and balance: The structure of the rule of thirds ensured a reasonable
distribution of plant motifs of different sizes and orientations across the image, with
overall balance and visual depth being maintained. After the aforementioned steps
were completed, the main pattern was produced. Multiple main patterns were gen-
erated for different plants (Figure 5).

(b)

Figure 5. Main patterns generated for the five selected plant species: (a) Ficus microcarpa; (b) Alstonia
scholaris; (c) Cinnamomum camphora; (d) Koelreuteria henryi; and (e) Terminalia mantaly. Within each
subfigure, the solid dark green leaf represents the B9 deformation level, while the dark green, me-

dium green, and light green outlined leaves represent the B§, B7, and B6 levels, respectively.

After the Beaufort scale-based deformation process was completed, the deformed
leaf motifs were arranged using a four-directional repeat tiling method combined with a
nine-grid layout. In this procedure, pattern elements were continuously connected up-
ward, downward, leftward, and rightward to ensure seamless edge transitions and enable
infinite tiling for large-area fabric applications. The nine-grid layout, shown in Figure 6a—
¢, followed the rule-of-thirds composition principle by dividing the image into three equal
sections both vertically and horizontally. This arrangement guided the distribution of vis-
ual focus along the grid intersections and facilitated the natural extension of leaf motifs
across grid boundaries, thereby producing continuous camouflage textures with seamless
tiling effects.
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(a) (b)

Figure 6. (a) Nine-grid layout adhering to the rule-of-thirds composition principle, with the four
Beaufort scale levels (B6-B9) assigned to designated grid positions; (b) leaf line drawings obtained
through the four-direction repeat tiling method; and (c) main pattern obtained after color filling and
multilayer superposition. Because only three representative colors were available for four Beaufort
levels, B9 is rendered as a solid dark green fill, while B8, B7, and B6 are rendered as unfilled outlines
in dark green, medium green, and light green, respectively. Leaf motifs extending beyond the panel
boundaries in (b,c) reflect the four-direction repeat tiling design, which allows the pattern to connect

seamlessly when tiled across a larger area.

To validate the arrangement logic embedded in the dynamic mimetic model, a large-
scale frequency analysis was conducted on 3,843,356 texture layout images systematically
collected from publicly available design databases, fabric pattern archives, and camou-
flage reference repositories. Prior to classification, all images were cropped to a standard-
ized 3 x 3 aspect-ratio texture unit retaining the central contiguous grid block of each im-
age, followed by data cleaning, category labeling, and size normalization as preprocessing
steps.

A modified AlexNet architecture [44-47] was applied to categorize each image into
one of five arrangement types: regular grid, diagonal, staggered, radial, and organic scat-
ter. The original AlexNet backbone of five convolutional layers and three fully connected
layers with ReLU activation, overlapping max pooling, and Dropout regularization (p =
0.5) was retained as the structural foundation, with three task-specific adaptations intro-
duced to suit the present classification task. The Softmax output layer was reconfigured
from 1000 classes to 5 classes corresponding to the five arrangement categories. All input
images were cropped to a 3 x 3 aspect-ratio texture unit, aligning the spatial scale of the
CNN receptive field with the structural rhythm of the patterns [46]. Residual learning
principles were additionally incorporated to ensure stable gradient flow during training
on the large-scale corpus. The model was trained on an MSI GeForce RTX 3080 GPU (10
GB GDDR6X VRAM; 8704 CUDA cores) using categorical cross-entropy loss, achieving
an overall classification accuracy of 92.3% across the five arrangement categories [47].

In addition, the complete training configuration and performance metrics of the
AlexNet classifier are provided in Appendix A, Table Al.

The analysis revealed that staggered (brick-bond) and diagonal offset arrangements
collectively accounted for the highest proportion of usage across the corpus, followed by
regular orthogonal grid and radial scatter patterns. Accordingly, the four Beaufort-level
motifs (B6-B9) were assigned to positions within the nine-grid layout following a diago-
nal offset rule, ensuring that the proposed design inherits the statistically dominant ar-
rangement pattern observed in real-world practice.
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2.3. Background Pattern Construction
2.3.1. Color Clustering and Frequency Analysis

Background patterns were generated to achieve a blended effect with natural jungle
environments. In background pattern production, image synthesis was conducted using
the results of the k-means method and Gaussian blur. The k-means method was used for
color clustering, and the resulting cluster counts were [330, 299, 224, 207, 180]. These val-
ues are reported in the CIE L*a*b coordinate system normalized to the range 0-1, and
correspond to the five centroid locations {u1, ..., u5} in CIE L*a*b space. On this basis, five
basic colors were identified for constructing color samples for the natural database.

Prior to the color frequency analysis, the number of clusters k was determined
through a preliminary perceptual experiment rather than by purely algorithmic criteria,
with the aim of aligning the clustering parameter with the perceptual conditions under
which camouflage garments are typically observed. A questionnaire was administered to
94 members of the general public, each asked to perform a rapid visual scan of a garment
printed with a landscape image from a viewing distance of 30 m and a scanning duration
of 2 s, and to report the colors they were able to identify. Responses ranged from three to
five colors across all respondents, with five representing the upper bound of perceptual
color resolution under brief distant observation. Accordingly, k = 5 was adopted as the
clustering parameter, ensuring that the number of representative colors extracted by the
algorithm corresponds to the perceptual ceiling identified in this preliminary experiment.

Color frequency analysis was then conducted on 451 images of forested areas in Tai-
wan, with the color values modeled using a normal distribution. After distribution thresh-
olds were set, 248 unsuitable images were eliminated (Figure 7). These colors mostly orig-
inated from images containing non-natural elements such as artificial clutter, trains, and
other vehicles, as well as irrelevant natural elements such as the sky. To assess perceptual
robustness, 5000 pixels were randomly drawn from the 451 jungle background images,
and cluster assignments were recomputed under the CIE DE2000 metric and compared
against the baseline employing Euclidean distance in CIE L*a*b* space. Agreement be-
tween the two metrics reached 91.0%, indicating that cluster membership remains sub-
stantially invariant to the choice of perceptual distance metric within the L*a*b* color
space. Finally, three representative colors (CIE L*a*b*) were selected as the camouflage
base: [L* 62.54, a* -30.17, b* 38.96], [L* 45.45, a* —29.51, b* 38.93], and [L* 27.24, a* —25.00,
b* 31.45]. The database was rescreened to retain images with the highest proportions of
these three colors. Moreover, the three colors were applied to the vector diagrams of the
leaves of the five plant species for color matching applications.

TOP 3 TOP 3
. [119, 164, 79] — L* 62.54, a* -30.17, b* 38.96
. 3413%  34.13% [76, 119, 37] — L* 45.45, a* -29.51, b* 38.93
. [37, 73, 9] — L* 27.24, a* -25.00, b* 31.45
outline outline
. [132, 161, 73] — L* 62.29, a* -23.83, b* 41.63

13.59% [200, 210, 203] — L* 83.25, a* -4.58, b* 2.07

0.13%

M-30 u-20 u-10 M u+10 p+20 p+30

Figure 7. Color distribution in the captured images of forested areas in Taiwan.
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2.3.2. Gaussian Blur and Low-Frequency Background

Gaussian blur is a commonly used image processing technique that reduces the high-
frequency noise in an image and enhances the smoothness of edge transitions. This tech-
nique can be considered to be equivalent to performing a weighted average on each pixel
value in an image. The weights are determined according to the Gaussian distribution
function, with pixels closer to the center having higher weights, as formalized in Equation
(19). For example, when a 3 x 3 Gaussian convolution kernel is used, the weights of the
center pixel and surrounding pixels are 2 and 1, respectively. After normalization, the
weight of the center pixel is converted to 0.11185. Figure 8a illustrates the distance r ?
with its center at (0,0), prior to normalization. Substituting into Equation (19) transforms
the central value from 0 to 1, with the values at distances of 2 and 1 becoming 0.11074 and
0.11130, respectively. Figure 8b presents the normalized kernel K =W/. (Xw =

8.9402492518) with the central element highlighted in dark gray. The weighting process
reduces excessive image details and noise, and the resultant image appears smoothed,
showing blurred edges and softening effects (Figure 8c,d).
x?+y?
207

) (19)

1
G(x,y) = = exp(—

In Equation (18), o denotes the standard deviation of the Gaussian function, which
controls the degree of blurring; x and y denote the horizontal and vertical offsets of a pixel
from the kernel center; and e is Euler's number (the base of the natural logarithm =
2.71828).

2 1 2 0.11074 | 0.1113 | 0.11074
1 1 —» | o3 0.1113
2 1 2 0.11074 | 0.1113 | 0.11074

(b)

(d)

Figure 8. (a) Distance grid (12) of a 3 x 3 Gaussian kernel, with the center pixel highlighted in ma-

genta; (b) normalized Gaussian kernel weights, with the center weight highlighted in dark gray; (c)

original jungle background image; and (d) resulting image after Gaussian blur.

Subsequently, Gaussian blur and an overlay weighted by representative colors were
performed. The selection of the Gaussian standard deviation o governs the trade-off be-
tween two competing requirements in background pattern generation: sufficient smooth-
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ing of fine texture detail to simulate the soft, defocused appearance of distant jungle
scenes, and adequate preservation of broad color gradation to retain the natural tonal
structure of the original environment. To determine the optimal value, a comparative
evaluation was conducted across five o levels (o =2, 5, 10, 15, 20) applied to the same set
of jungle background images, with the 21 x 21 kernel size held constant and reflect pad-
ding applied at image boundaries.

The comparison was evaluated against three criteria. The first, residual texture detail,
was quantified by the standard deviation of pixel intensities in the blurred image, where
lower values indicate stronger smoothing. The second, color tone preservation, was meas-
ured by the CIE DE2000 color difference between the mean color of the blurred image and
the mean color of the three representative CIE L*a*b* centroids; lower CIE DE2000 values
indicate better convergence toward the target representative colors. The third, perceptual
depth-of-field quality, was determined through an expert panel assessment of composite
samples generated under each o value.

For the assessment of perceptual depth-of-field quality, the blurred background gen-
erated under each o value was composited with the vectorized leaf textures derived in
Section 2.2 to produce five representative camouflage samples exhibiting varying degrees
of depth-of-field differentiation. These samples were independently evaluated by a panel
of 22 visual design experts, each with a minimum of five years of professional experience
in graphic, textile, or visual communication design. Each expert reviewed all five samples
under a controlled lighting environment and selected the configuration that best achieved
the perceptual depth-of-field effect characteristic of distant jungle viewing.

Results across the three criteria converged on o = 10 as the optimal parameter. As
illustrated in Figure 9, at 0 = 2 and o = 5 (Figure 9a, b), fine texture details such as leaf
veins and small branches remained visible, producing insufficient blur to simulate distant
jungle viewing. At o =15 and o = 20 (Figure 9d,e), although smoothing was more aggres-
sive, the resulting image exhibited excessive uniformity and lost the subtle tonal grada-
tions of the natural background, producing a flat appearance inconsistent with realistic
jungle environments. The expert panel likewise selected o = 10 (Figure 9c) as the configu-
ration best representing natural jungle depth-of-field perception. Furthermore, at o = 10,
the blurred image color converged most closely toward the three representative CIE
L*a*b* centroids identified in Section 2.3.1, supporting subsequent representative-color-
weighted overlay. Accordingly, o = 10 was adopted as the optimal parameter setting
throughout this study. The final low-frequency backgrounds produced under o = 10 for
the three color variants are presented in Figure 10a,c.

(b)

(c) (d) (e)

Figure 9. Comparison of composite camouflage samples generated under different Gaussian o val-

ues: (a) 0=2; (b) 0=5; (c) 0 =10; (d) 0 = 15; and (e) o = 20. The leaf textures were colored using the
three representative colors derived from clustering and frequency analysis of forest background

images in Taiwan; o = 10 was identified as the optimal parameter.

https://doi.org/10.3390/inventions11040071



Inventions 2026, 11, 71

16 of 36

(a) (b) ()

Figure 10. Low-frequency background synthesis and representative-color steering. (a) Dark green

variant; (b) neutral green variant; (c) light green variant. Gaussian blur: o = 10, 21 x 21, reflect pad-
ding. Recoloring: Softmax weights over CIE DE2000 to the three CIE L*a*b* representatives.

2.4. Design of Camouflage Uniforms

After the main and background patterns were generated, the developed mimetic
model was used to integrate these patterns. The main patterns, which were based on the
morphological features of plant leaves, conveyed natural forms. By contrast, the back-
ground patterns, which were processed through k-means color clustering and Gaussian
blur, simulated the color transitions and gradations of natural environments. To achieve
large-area seamless tiling of the patterns, the four-direction repeat tiling method was ap-
plied, ensuring seamless connection between the main and background patterns, thereby
producing a camouflage pattern with overall visual consistency.

The mimetic system generated 5 sets of main patterns, each of which was combined
with three background patterns to produce a total of 15 camouflage samples. The samples
were coded according to color tone, with the dark green, neutral green, and light green
samples coded as A, B, and C, respectively; the sample numbers are shown in Figure 11.
Color codes: A-series (dark green, L* = 27.24), B-series (neutral green, L* = 45.45) and C-
series (light green, L* = 62.54), respectively. The samples were then employed to design
prototype military camouflage uniforms, with pattern continuity and visual balance ad-
justed at different parts of the uniforms, such as the cuffs, shoulders, and trouser legs,
thereby enhancing concealment and overall esthetics.

Finally, the Marvelous Designer 11 (CLO Virtual Fashion, Gangnam-gu, Seoul, Re-
public of Korea) clothing design software program was used to conduct three-dimen-
sional virtual simulations, with the designed camouflage samples applied to military uni-
form models (Figure 11). The sample coding was defined as follows: A-1, B-2, and C-3
represented F. microcarpa leaf texture; A-4, B-5, and C-6 represented A. scholaris leaf tex-
ture; A-7, B-8, and C-9 represented C. camphora leaf texture; A-10, B-11, and C-12 repre-
sented K. henryi leaf texture; and A-13, B-14, and C-15 represented T. mantaly leaf texture.
The completed designs were also experimentally placed into jungle and hill scenes for
camouflage effect simulation and visual testing (Figure 12).

(RN
T

A-10 B-11 C-12 A-13
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Figure 11. Application of the designed camouflage patterns to military uniforms.

(a) (b)

Figure 12. Simulated camouflage performance in (a) a jungle scene and (b) a hill scene. The human
figures were generated as synthetic 3D models using KeyShot 10 (KeyShot, Inc., Tustin, CA, USA)
and composited onto real background imagery using Adobe Photoshop 2020 (Adobe Inc., San Jose,
CA, USA). All human figures depicted are computer generated and do not represent real individu-

als.

2.5. Validation
2.5.1. Fuzzy Logic Questionnaire

A questionnaire survey was administered, yielding a total of 145 valid responses.
Respondents were recruited through the Facebook community groups of university de-
partmental student associations. All reported normal or corrected vision, with no color
blindness or color vision deficiency, and no ocular disease. Respondents with professional
military training, camouflage design experience, or formal visual search training were ex-
cluded, so that the sample represented untrained observers. This was done to reduce bias
caused by prior familiarity with military uniforms or camouflage recognition. The survey
employed a pairwise comparison approach, in which respondents assessed two camou-
flage images simultaneously using a fuzzy rating scale comprising the following options:
0 = extremely dissimilar, 0.25 = slightly dissimilar, 0.5 =neutral, 0.75 = slightly similar, and
1 = extremely similar. Respondents first rated the similarity among the 15 camouflage
samples developed in this study. This step examined the perceptual differences among
the leaf texture patterns and established a basis for assessing the distinctiveness of each
design. Using the simulated scenario images presented in Figure 12a,b, respondents fur-
ther applied the same rating scale to assess the visual similarity between each of the 15
camouflage samples and a reference sample representing a commonly used regional cam-
ouflage pattern, designated as D-16 and illustrated in Figure 13. In this study, D-16 was
not only used as a regional reference pattern but also treated as a representative static-
pattern camouflage sample. It therefore provided a comparative baseline for distinguish-
ing conventional static camouflage from the proposed Beaufort scale-based dynamic mi-
metic camouflage designs. The purpose of this stage was to determine whether the cam-
ouflage patterns developed in the present study are perceptually distinguishable from ex-
isting regional and static-pattern camouflage designs, thereby supporting design distinc-
tiveness and reducing the likelihood of visual confusion in field applications.
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Figure 13. Reference camouflage sample D-16, representing a commonly used regional camouflage
pattern adopted as the visual comparison baseline in this study.

2.5.2. Eye-Tracking Experiment

The required sample size for the eye-tracking experiment was determined a priori
using G*Power 3.1 (Heinrich-Heine-Universitdt Diisseldorf, Diisseldorf, Germany) [48].
On the basis of a target medium effect size (Cohen’s f = 0.25), a significance level of a =
0.05, and a desired statistical power of 1 - 3 =0.80, the minimum required sample size for
a one-way repeated-measures ANOVA with 16 conditions was estimated to be 42 partic-
ipants. The enrolled sample of 52 participants therefore exceeded this threshold, provid-
ing adequate power for the planned comparisons.

To investigate the camouflage effectiveness of the designed camouflage samples, 52
participants (29 men and 23 women, with 86.9% aged 2140 years) were invited to partic-
ipate in an eye-tracking experiment (Figure 14). Participants were recruited through the
same channel and met the same eligibility criteria as the questionnaire respondents. Eli-
gibility required a visual acuity of 0.8-1.0 in decimal notation, equivalent to approxi-
mately 20/25 to 20/20 (6/7.5 to 6/6). Because the experiment measured pupil diameter, par-
ticipants were required to have no pupillary abnormality, and the use of decorative con-
tact lenses that obscure the pupil boundary was not permitted, since such lenses interfere
with reliable pupil detection. This experiment was conducted using a Gazepoint GP3 eye
tracker (Gazepoint Research Inc., Vancouver, BC, Canada) under a sampling frequency of
60 Hz, a screen distance of approximately 60 cm, a presentation time of 5 s for each stim-
ulus image, and a resolution of 1920 x 1080 pixels. For each participant, the order of the
stimulus images was randomized independently to minimize sequence dependent bias.
A fixation cross preceded each stimulus to standardize the starting gaze position, a short
interval was inserted between trials, and participants were instructed to maintain atten-
tion on the screen throughout the task. These controls reduced order, fatigue, and learning
effects during viewing. The background light source was maintained constant to reduce
external interference. The eye-tracking experiment evaluated the visual similarity and
camoulflage effectiveness of different camouflage samples (Figure 15a,b), with a total of
1,450,072 eye-tracking coordinate data points recorded. Heatmap analysis [area of interest
(AQI)] and total fixation duration were the main indicators used to quantify the camou-
flage performance of the samples during the participants’ visual search process. The over-
all AOI heatmaps for all participants are shown in Figure 15a,b. The eye-tracking proce-
dure involved the following steps:
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1. Setting of the AOI: The enemy position in each camouflage sample image was set as
the main AQI, with background and nonattention areas as controls, to test whether
the participants’ visual focus was disrupted by the camouflage effect.

2. Selection of measurement indicators: Three indicators, namely fixation count, total
fixation duration, and time to first fixation (TTFF), were used to assess the camou-
flage designs. The fixation count refers to the number of repeated fixations made by
a participant on the same AOI. Total fixation duration is the total time spent by a
participant fixating on the AOI. This factor was used to determine the concealment
of the camouflage pattern. Finally, TTFF is the time taken by a participant to first
fixate on the AOL This factor was used to evaluate the delay effect of the camouflage.

3. Heatmap generation: Heatmaps were generated from eye-tracking coordinates, with
areas of high and low fixation frequencies marked in red and blue-green, respec-
tively. Such marking enabled the visualization of the interference effect of the cam-
ouflage samples on the visual search process of the participants.

4.  Pupil change detection: Pupil dilation and constriction were monitored to verify
whether the AOI heatmap display was effective. Pupil size was reported in pixels
(px), whereas gaze/baseline position was recorded as screen-normalized ratios (0-1).
Because pixel magnitudes depend on viewing distance and display size, absolute
values are not comparable across setups; therefore, the relative change rate was used
as the primary metric, defined in Equation (20) for consecutive samples at times t and
t — 1 with pupil sizes D, D;_1 (px):

Dy =Dy
A% = ——— X 100% (20)
D t—-1

The on-screen “+” indicator performs a per-millisecond comparison with the previ-
ous sample: “+” when A% > 0 (dilation) and “~” when A% < 0 (constriction). This design
captures instantaneous pupil dynamics within participant and setup while mitigating de-
vice-dependent biases of pixel-based measurements.

A larger pupil diameter reflects greater cognitive load and arousal during visual pro-
cessing [49]. A pattern that disrupts search imposes a higher processing demand and elic-
its stronger pupil dilation. A larger mean pupil diameter is therefore read as greater visual
disruption rather than as preference. This interpretation is cross checked against the ques-
tionnaire ranking in the dual track validation, which guards against the alternative read-
ing.
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Figure 14. Experimental setup for the eye-tracking experiment. A participant viewed camouflage
stimulus images displayed on a laptop screen while gaze data were recorded using a Gazepoint

GP3 eye tracker positioned below the display.

Relative
Fixation
Duration (s)

1s

0.5

(b)

Figure 15. Composite area-of-interest (AQI) fixation heatmaps aggregated across all 52 participants

for (a) the jungle scene and (b) the hill scene. Heatmaps were generated in Gazepoint Analysis using
a relative heat map scale (gaze duration threshold = 1.5 s; scale maximum = 1 s), in which color
intensity ranges from blue-green (0 s, lowest relative fixation duration) to red (1 s, highest relative

fixation duration).

2.5.3. Kruskal-Wallis H Testing

In this phase, the Kruskal-Wallis H test was employed to examine eye-tracking data
across 15 camouflage comparison conditions. This non-parametric test is suited for com-
paring three or more groups when normality cannot be assumed. Instead of comparing
group means, it ranks all observations together and assesses whether those ranks are dis-
tributed evenly across groups. The H statistic is defined as follows:

H=12/[N(N + 1)] x Z(Riz/nl-) -3(N+1) (21)

where N denotes the total number of observations pooled across all groups, k represents
the number of comparison groups (k = 15 in the present study), n; refers to the number of
observations within the ith group, Ri denotes the sum of ranks assigned to all observations
belonging to that group, R? is the square of that rank sum, and H is the resulting test
statistic, which approximately follows a chi-squared distribution with k-1 degrees of free-
dom under the null hypothesis that all groups derive from the same population distribu-
tion.

Fifteen comparison conditions analyzed. Each paired one camouflage sample (A-1,
B-2, C-3, A-4, B-5, C-6, A-7, B-8, C-9, A-10, B-11, C-12, A-13, B-14, and C-15) against the D-
16 reference baseline, with the three color types (A, B, and C) distributed across the con-
ditions. The analysis comprised 4170 eye-tracking data points, or 278 observations per
group. The Kruskal-Wallis H nonparametric test combined with Dunn’s post hoc test
(Bonferroni correction) was applied to analyze five eye-tracking indicators, namely LPCX,
LPCY, LPD, LPS, and LPV. Given that the data distributions of all groups departed sig-
nificantly from normality (Shapiro-Wilk p < 0.001), the selection of nonparametric meth-
ods was methodologically justified and ensured the robustness of the analytical conclu-
sions. The results indicated statistically significant differences across all five indicators (p
<0.001). Among these, the gaze position indicators LPCX (2= 0.535) and LPCY (1)2=0.492)
yielded the largest effect sizes, suggesting that camouflage type exerted the most pro-
nounced influence on participants’ gaze distribution across the visual field. The pupil di-
ameter indicator LPD (2= 0.237) demonstrated a moderately large effect size. The B-5 and
C-9 groups exhibited the highest pupil diameter values with relatively stable distribu-
tions, indicating elevated cognitive engagement and emotional arousal when participants

https://doi.org/10.3390/inventions11040071



Inventions 2026, 11, 71

21 of 36

viewed these conditions relative to D-16. By contrast, the A-4 and B-8 groups showed
comparatively lower pupil diameter values. The LPS and LPV indicators yielded smaller
effect sizes (2 = 0.068 and 0.026, respectively), suggesting limited practical significance.
Of particular note, the A-13 group demonstrated a markedly higher standard deviation of
0.104 on the LPCX indicator compared to other groups, which predominantly ranged be-
tween 0.004 and 0.016, with a mean value of 0.199 exceeding the median of 0.166 and a
maximum value reaching 0.604. Rather than reflecting data irregularities, this distribu-
tional pattern suggests that the A-13 camouflage condition elicited a considerably wider
range of horizontal gaze dispersion among participants. This pattern implies that A-13
induced greater visual search activity and more exploratory scanning behavior than D-16.
The variability may indicate that A-13 was more effective in disrupting focused gaze, com-
pelling participants to engage in broader and less predictable visual exploration across
the stimulus.

The Kruskal-Wallis test yielded statistically significant between-group differences
for all five indicators. The test statistics and effect sizes are summarized in Table 3.

Table 3. Kruskal-Wallis Test Results Across Five Eye-Tracking Indicators.

Indicator H Value df n2  Effect Size  Statistical Significance
LPCX 2234.82 14 0.535 Large p<0.001
LPCY 2057.69 14 0492 Large p<0.001
LPD 998.83 14 0.237 Large p<0.001
LPS 297.68 14 0.068  Medium p<0.001
LPV 122.11 14 0.026 Small p <0.001

A composite VDI was computed for each comparison condition through a procedure
with two stages: normalization of three eye-tracking indicators across the 15 comparison
conditions, followed by calculation of the arithmetic mean of the normalized values. The
three contributing components were the standard deviation of LPCX, which reflects the
dispersion of horizontal gaze; the standard deviation of LPCY, which reflects the disper-
sion of vertical gaze; and the mean of LPD, which reflects cognitive load and emotional
arousal.

In the first stage, each indicator was rescaled to the interval [0, 1] using minimum
and maximum values observed across the 15 comparison conditions, as defined in Equa-
tion (22):

Xi — Xmin

(22)

Xinorm =
Xmax — Xmin

where X; denotes the raw value of indicator x for condition I and X,;, and Xpay
denote the minimum and maximum values of that indicator across all 15 conditions, re-
spectively. Normalization was performed separately for 0;pcxy OLpcy and Uppp yield-
ing three normalized scores per condition.

In the second stage, the VDI for condition { was computed as the arithmetic mean
of the three normalized scores, as defined in Equation (23):

1
VDI; = 3 (ULPCX,norm,i + 0Lpcynormi + HLPD,normll') (23)

. 1 .
Equal weights of w; = w, = w; = 3 were assigned to the three components for two

reasons. First, no prior empirical evidence supports a hierarchical contribution among
horizontal gaze dispersion, vertical gaze dispersion, and pupil diameter to overall visual
disruption. Second, the three indicators each yielded statistically significant between-
group differences in the Kruskal-Wallis test (p < 0.001), confirming that each carries diag-
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nostic information independent of the others. The arithmetic mean therefore represents a
neutral assumption regarding the perceptual weight of each indicator.

To verify the robustness of the index, a sensitivity analysis was conducted in which
each weight was varied within the range 0.2 to 0.5 under the constraint that the three
weights sum to unity. The ranking of the three top conditions (A-13, B-8, A-4) and the
three bottom conditions (A-10, A-7, C-15) remained unchanged across all weight combi-
nations tested, supporting the stability of the rankings reported in Table 4.

Higher VDI values indicate greater visual disruption relative to the D-16 baseline.
The resulting rankings are presented in Table 4.

Table 4. Visual Disruption Index Ranking Based on Min—-Max Normalized LPCX Dispersion, LPCY
Dispersion, and Mean LPD (15 Comparison Conditions).

Rank Comparison Group Type Disruption Index
1 A-13 vs. D-16 Type A 0.784
2 B-8 vs. D-16 Type B 0.510
3 A-4vs.D-16 Type A 0.426
4 C-6 vs. D-16 Type C 0.418
5 B-5vs. D-16 Type B 0.407
6 C-9 vs. D-16 Type C 0.364
7 B-14 vs. D-16 Type B 0.351
8 B-2 vs. D-16 Type B 0.341
9 C-12 vs. D-16 Type C 0.320
10 C-3vs.D-16 Type C 0.317
11 B-11 vs. D-16 Type B 0.271
12 A-1vs.D-16 Type A 0.249
13 A-7 vs. D-16 Type A 0.221
14 A-10vs. D-16 Type A 0.174
15 C-15 vs. D-16 Type C 0.166

2.5.4. Pearson Correlation Analysis

The Pearson product-moment correlation coefficient is used to measure the degree of
linear correlation between two variables. This coefficient is computed as the ratio of the
covariance of the two variables to the product of their standard deviations by using the
following equation:

LSy IS —-X) - Y)

T SxSy — [ 24
GG TR 50 - T .

where r1yy is the correlation coefficient between variables X and Y; Syy is the covariance

of these variables; Sy is the standard deviation of X; Sy is the standard deviation of Y; X;
is the ith value of X; Y} is the j,, valueof Y;and X andY are the mean values of X and

Txy

Y, respectively. The correlation between two variables can be classified into four levels
according to the r value between them. These levels are presented in Table 5.

Table 5. Pearson correlation coefficients corresponding to different correlation levels.

Pearson Correlation Coefficients <0.1 0.1-0.39 0.4-0.69 0.7-0.99 1.0

Correlation level

No correlation Low correla- Moderate correla- High correla- Complete correla-
tion tion tion tion

Pearson correlation was applied in two contexts: (1) to evaluate the visual similarity
between each of the 15 camouflage samples and the regional reference camouflage pattern

https://doi.org/10.3390/inventions11040071



Inventions 2026, 11, 71

23 of 36

D-16; and (2) to assess cross-modal agreement between questionnaire-based evaluations
and eye-tracking measures across samples, the results of which are presented as part of
the dual-track validation in the following section.

3. Results
3.1. Fuzzy Logic Questionnaire Results

In this analysis, pairwise similarity to the reference pattern D-16 was assessed. Aver-
age similarity scores were obtained via fuzzy-series aggregation. The scores were: A-1 =
0.193, B-2=0.228, C-3=0.236, A-4 =0.164, C-6 =0.146, B-5=0.193, A-7 = 0.164, B-8 = 0.226,
C-9=0.217, A-10 = 0.139, B-11 = 0.204, C-12 = 0.235, A-13 = 0.138, B-14 = 0.264, and C-15 =
0.274. The overall mean was 0.201 on the 0-1 scale, indicating marked divergence from
the reference pattern D-16 and a low risk of visual confusion; accordingly, the proposed
samples are perceptually well differentiated from the regional reference pattern used in
this study. Ranking the scores from low to high yields: A-13<A-10<C-6 <A-4<A-7<A-
1<B-5<B-11 < C-9 < B-8 < B-2 < C-12 < C-3 < B-14 < C-15, with A-13 exhibiting the lowest
similarity (i.e., the best performance). The three most dissimilar patterns (lowest scores)
were the dark green camouflage derived from T. mantaly leaf texture (A-13), the dark
green camoulflage derived from K. henryi leaf texture (A-10), and the light green leaf cam-
ouflage (A. scholaris, C-6).

3.2. Eye-Tracking Experiment Results

The results indicated that the highest fixation count (44 times) was observed for sam-
ple B-8 (neutral green camouflage design for C. camphora), indicating that this sample was
the easiest to detect and had the worst camouflage performance. Light green camouflage
samples, such as C-3, C-9, C-12, and C-6, also exhibited poor camouflage performance,
suggesting that light green camouflage is noticed relatively easily in jungle backgrounds.
By contrast, A-13 (T. mantaly, dark green) and B-11 (K. henryi, neutral green) showed sub-
stantially lower fixation counts and less salient AOI responses than the more easily de-
tected samples, indicating better camouflage performance. Across stimuli, TTFF averaged
0.5-1.0 s, indicating that participants generally required less than one second to first fixate
on the target AOL Per participant, the cumulative fixation duration across all images to-
taled 6 min 25 s (=385 s). This relatively short latency suggests that camouflage disruption
of initial gaze capture was limited for most samples, with notable exceptions observed in
the dark green series.

Spatial distributions of visual attention across all participants are summarized in the
AOQI heatmaps presented in Figure 15a,b for the jungle and hill scenes, respectively. Red-
highlighted regions indicate areas of concentrated fixation, whereas blue-green regions
reflect lower visual engagement. The heatmaps confirm that dark green camouflage sam-
ples attracted comparatively sparse fixation clusters, consistent with the fixation count
rankings reported above. Validation was performed with a Gazepoint eye tracker. Base-
line pupil positions averaged 0.4851 (BPOGX) and 0.5990 (BPOGY), reported as unitless
ratios normalized to screen width/height. During stimulus presentation, the majority of
samples were flagged as valid by the device (BPOGYV = 1). Data were collected at a 60 cm
viewing distance using a 26-inch, 16:9 monitor (63 cm x 37 cm). Together, these indicators
evidence stable gaze acquisition and reliable pupil detection.

Prolonged fixations within the predefined areas of interest (AOIs) were accompanied
by pupil dilation rather than pupillary constriction. As shown in Figure 16, the left pupil
increased from 46 px in Figure 16a to 50 px in Figure 16b, corresponding to an increase of
4 px, or 8.7%. The right pupil increased from 32 px to 60 px, corresponding to an increase
of 28 px, or 87.5%. The unusually large change in the right pupil likely reflects momentary
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detection instability rather than a physiological response of comparable magnitude. The
relative change rate defined in Equation (19) was therefore used to mitigate such device
dependent fluctuations. These measurements indicate an increase in pupil diameter dur-
ing AOI viewing. This finding should be interpreted cautiously, because pupil diameter
can be affected by cognitive load, emotional arousal, stress, and luminance. Beatty [49]
reported that task evoked pupillary responses increase approximately linearly as the
working memory demands of a task increase. In addition, sympathetic nervous system
activity can also enlarge the pupil under stress, tension, or low luminance conditions.
Therefore, the observed pupil dilation may reflect increased cognitive and visual pro-
cessing load, suggesting increased visual processing demand during AOI observation.

The dilation in Figure 16a,b serves as a within trial validation that the device reliably
captures pupil change during goal directed fixation, whereas the mean pupil diameter in
the Visual Disruption Index serves as a between condition comparison of processing load.
The two measures operate at different levels and are not in conflict.

Datéck:92. 1285 Detect:91.A%

F:1188 L46.0px R:32.0px A=17.0 px F:1215 L50.0px R:60.0px A=14.8 px

(@) (b)

Figure 16. Example of valid pupil detection and dilation: (a) before fixation (F:1188, L = 46.0 px, R =
32.0 px, A=17.0 px); (b) during fixation (F:1215, L = 50.0 px, R = 60.0 px, A = 14.8 px).

3.3. Pearson Correlation Analysis Results

The first-stage results indicated that most camouflage samples exhibited statistically
significant correlations with each other (p < 0.01). Representative correlation coefficients
included r = 0.572 (B-2 vs. C-3) and r = 0.678 (B-14 vs. C-15), reflecting moderate to mod-
erately high visual similarity with specific backgrounds and indicating similarity in re-
sponse patterns across specific sample pairs in those environments. The consistently
higher correlation coefficients observed between B-series and C-series samples suggest
that these two groups share considerable overlap in color distribution and pattern struc-
ture, making them perceptually difficult to distinguish from one another.

A noteworthy exception was observed in the cross-species comparison between B-5
(A. scholaris) and B-11 (K. henryi), which yielded a non-significant result (p = 0.095). This
suggests that the B-series variants of these two plant species share sufficient visual simi-
larity in color tone or pattern density to be perceptually indistinguishable. This finding
implies a potential overlap in camouflage characteristics within the B-series design frame-
work. Consequently, the B-series design may not be well-suited as a final camouflage de-
sign candidate, as its lack of perceptual distinctiveness across species reduces its overall
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effectiveness and limits its ability to serve as a uniquely identifiable camouflage pattern
in practical applications.

Among all samples, A-13 exhibited a notably distinct behavioral pattern compared
to its intra-group counterparts. While A-13 and B-14 were perceptually distinguishable (p
<0.01), A-13 and C-15 failed to reach statistical significance (p = 0.095), indicating limited
intra-group discriminability between these two variants. More notably, A-13 showed non-
significant pairwise comparisons with samples from three different plant species: C-3 (F.
microcarpa, p = 0.076), B-8 (C. camphora, p = 0.783), and C-12 (K. henryi, p = 0.203). These
results suggest that the visual characteristics of A-13 overlap considerably with those of
multiple other plant-based camouflage designs, resulting in an exceptionally high degree
of perceptual confusion among participants.

Furthermore, the reference sample D-16, representing a commonly used regional
camouflage pattern, showed highly significant differences when compared against all 15
plant-based camouflage samples. This finding confirms that the plant-derived camouflage
designs developed in this study constitute a visually distinct design system that differs
substantially from conventional camouflage patterns, thereby supporting the originality
and novelty of the proposed designs. Full pairwise p-values are presented in Figure 17.

To confirm that these non-significant correlations were not artifacts of limited statis-
tical power, a post hoc power analysis was conducted on the questionnaire data (n = 145).
At ot =0.05, the sample size yields a power exceeding 0.99 for detecting correlations of Ir|
> (.25 (a small to medium effect) and a power of 0.80 for correlations as small as |1l = 0.17.
The non-significant results therefore reflect genuinely weak or absent linear relationships
rather than insufficient statistical power. All analyses used a two-tailed configuration in
G*Power 3.1.
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Figure 17. Pairwise p-value heatmap for the 15 camouflage samples and the D-16 reference pattern.
Diagonal cells (p = 1.000) represent self-comparisons. * p < 0.05; ** p < 0.01; cells without an asterisk

indicate non-significant differences (p > 0.05).

3.4. Dual-Track Validation Results

The dual-track validation results identified A-13 (T. mantaly leaf texture, dark green
variant) as the top-performing design across both evaluation methods. It recorded the
lowest questionnaire similarity score relative to D-16 (0.138) and the highest Visual Dis-
ruption Index (VDI = 0.784), making it the most effective camouflage design in this study.
At the other end of the spectrum, C-15 (light-green variant) ranked last in both validation
tracks, with a questionnaire similarity score of 0.274 and a VDI of 0.166. These results in-
dicate that, under the screen-based visible-light conditions of this experiment, C-15
showed the weakest visual disruption and the highest subjective similarity to the D-16
reference pattern among the tested samples. However, because the experiment did not
include an actual identification task, this finding should be interpreted as evidence of
lower perceptual distinctiveness rather than as direct evidence of field misidentification
risk.

Among the samples that showed consistent rankings across both tracks, A-4 (ques-
tionnaire rank 4th, VDI rank 3rd) and C-6 (questionnaire rank 3rd, VDI rank 4th) demon-
strated stable performance and can be considered reliable secondary design candidates.
C-12 (questionnaire 12th, VDI 9th) and C-3 (questionnaire 13th, VDI 10th) placed in the
mid-range overall, but their close rankings across both tracks make them reasonable ref-
erence points as well.

Several samples showed notable divergences between the two tracks that are worth
highlighting. B-8 ranked 2nd in eye-tracking VDI but only 10th in the questionnaire, indi-
cating that while its pattern can effectively disrupt pre-attentive visual scanning, partici-
pants did not consciously perceive it as a particularly strong camouflage design. A-10 and
A-7 showed the opposite pattern, ranking 2nd and 5th respectively in the questionnaire
yet falling to 14th and 13th in VDI, suggesting that looking visually distinct from an en-
emy uniform does not necessarily translate into effective disruption of an observer’s active
visual search in practice.

Taken together, the questionnaire and eye-tracking measures each captured camou-
flage effectiveness at a distinct level of cognitive processing. The questionnaire reflected
participants’ conscious, holistic judgments regarding visual integration, while the eye-
tracking data revealed automatic pre-attentive gaze behavior. Used in combination, the
two methods provided a more complete and well-rounded basis for evaluating camou-
flage performance than either approach could offer alone.

4. Discussion

This study used two complementary methods, a fuzzy logic questionnaire and eye-
tracking experiment, to evaluate 15 camouflage designs. Both methods consistently iden-
tified A-13 as the best-performing design and C-15 as the worst, confirming that the pro-
posed design process produces reliable and meaningful results.

A practical motivation of this study is the visual similarity that may occur among
camouflage patterns used in similar jungle-region environments. However, the present
experiment was not designed as an operational identification test. Instead, it evaluated
perceptual similarity to the D-16 reference pattern and visual search behavior under con-
trolled screen-based, visible-light conditions. Within this experimental scope, the results
show that the proposed plant-derived camouflage samples were perceptually distinguish-
able from D-16, with an overall mean similarity score of 0.201 on the 0-1 fuzzy scale. This
finding suggests that the proposed designs provide a visually distinct design direction

https://doi.org/10.3390/inventions11040071



Inventions 2026, 11, 71

27 of 36

relative to the selected reference pattern. Further field-based identification experiments
involving trained observers, realistic viewing distances, longer observation durations,
and operational task settings would be required before drawing conclusions about unit
recognition or battlefield application. As a preliminary step toward addressing this limi-
tation, an exploratory real-scene identification test using a wide-view mountainous land-
scape divided into 36 observation blocks was additionally conducted and is presented in
Appendix B (Figure Al and Table A2).

The superior performance of A-13 may be attributed to three interrelated design fac-
tors. First, the leaf shape of T. mantaly has complex and irregular edges, which makes it
harder for the human eye to separate the soldier from the background. Second, the wind-
induced deformation angles of this species (20.6-51.8°) help break up the recognizable
outline of the uniform without losing the natural appearance of the pattern. Third, its dark
green color (L* = 27.24) blends well with jungle backgrounds and is less likely to attract
automatic visual attention. Together, these factors explain why A-13 achieved both the
lowest similarity to the regional reference pattern (score = 0.138) and the highest Visual
Disruption Index (VDI = 0.784). The magnitude of the advantage held by A-13 carries
practical meaning beyond statistical separation. Its Visual Disruption Index of 0.784 ex-
ceeds that of the next design at 0.510 by about 54%, and the gaze position indicators re-
turned large effect sizes (n? of 0.535 and 0.492). In operational terms, a wider gaze disper-
sion and a lower fixation concentration correspond to a longer and less directed visual
search, which delays target acquisition. A difference in this size matters most at the mo-
ment of first detection, when a brief delay can determine whether a concealed target is
located at all. The advantage may contribute to earlier detection under brief or distant
viewing, where search time is limited, and to narrow under prolonged close observation,
where conscious appraisal dominates. Direct confirmation requires the planned field trial,
in which detection rate and time to detection are measured at representative distances
under daylight and low light conditions.

By contrast, C-15 exhibited the weakest performance across both validation
measures. Its high brightness (L* = 62.54) made it stand out clearly against jungle back-
grounds, regardless of its pattern complexity. Its relatively high similarity score to D-16
(0.274) reflects weaker perceptual distinctiveness from the reference pattern within the
screen-based, visible-light conditions adopted in this experiment.

An important finding of this study is the divergence between conscious judgment
and automatic visual behavior, particularly in the case of B-8. Although B-8 ranked second
in the eye-tracking Visual Disruption Index, it ranked only tenth in the questionnaire eval-
uation. This dissociation aligns with the established distinction between pre-attentive and
attentive visual processing. As Itti and Koch [14] demonstrated, early visual attention is
driven by bottom-up salience features such as luminance contrast, edge density, and local
orientation discontinuity, all of which operate before conscious awareness emerges. Wolfe
and Horowitz [30] further showed that attentional guidance combines this bottom-up sa-
lience with top-down feature templates and prior expectations. The eye-tracking
measures used in this study, particularly gaze dispersion and pupil diameter, primarily
capture the pre-attentive stage, whereas the questionnaire reflects integrated conscious
appraisal.

Within this framework, B-8 may possess visual features that interfere with early-
stage, bottom-up attention without being consciously evaluated as a highly effective cam-
ouflage pattern. Its neutral-green tone and C. camphora-based leaf structure may have pro-
duced local visual complexity and gaze dispersion during the initial search process,
thereby increasing automatic visual disruption. However, when participants made delib-
erate questionnaire judgments, they may have relied more on holistic appearance, per-
ceived similarity to the reference pattern, and overall semantic impression of the uniform,
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as predicted by the task-driven gaze control model of Henderson [31]. As a result, B-8 was
not consciously rated as strongly as samples such as A-13 or A-10. The reverse pattern
observed for A-10 and A-7 reflects the inverse mechanism: these designs incorporate dis-
tinctive dark green leaf textures that participants consciously recognized as different from
the reference pattern, producing high questionnaire ranks. Yet the same distinctiveness
failed to disrupt automatic gaze behavior, since the bottom-up salience signal was insuf-
ficient to disperse fixation during rapid visual scanning.

This finding indicates that camouflage effectiveness should not be interpreted solely
through subjective preference or conscious similarity judgment. Eye-tracking data capture
rapid and partially unconscious processes such as pre-attentive salience, fixation disper-
sion, and search interference, whereas questionnaire data reflect slower, reflective, and
holistic evaluation. The divergence observed in B-8 therefore supports the necessity of
dual-track validation: a camouflage design may successfully disturb automatic visual
search even when observers do not explicitly recognize it as effective, and conversely, a
design rated as distinctive in conscious evaluation may fail to produce comparable gaze
disruption. These results demonstrate that conscious visual judgment and automatic oc-
ulomotor response are related but not equivalent indicators of camouflage performance.
Field deployment typically engages both processes, since rapid visual scanning relies on
pre-attentive disruption while sustained observation engages conscious appraisal. The
dual-track validation framework adopted here is therefore not merely a methodological
precaution but a substantive contribution that captures both dimensions of camouflage
effectiveness.

The principal innovation of this study lies in shifting camouflage design from static
background matching to dynamic background-informed pattern construction. By incor-
porating the Beaufort scale, wind speed is no longer treated as an external environmental
condition but is transformed into a computable design parameter that governs vegetation
deformation, motif orientation, and visual continuity. This approach addresses a limita-
tion in previous camouflage studies, which have generally optimized color, texture, and
edge features without accounting for the temporal variability of natural backgrounds.

This study has several limitations that should be addressed in future work. First, all
evaluations were conducted on screen rather than in real outdoor environments. Future
studies should conduct field tests in subtropical jungle terrain under Beaufort levels B6 to
B9. Stimuli should be observed at representative distances, such as 25 m, 50 m, 100 m, and
200 m, under both daytime and low-light conditions. Detection rate, time to detection, and
identification accuracy should be recorded as the main evaluation indicators, with sample
size determined through a priori power analysis.

Second, the participants in this study were mainly civilians. Future research should
include trained military observers to examine whether visual expertise affects camouflage
detection and evaluation results.

Third, camouflage performance under non-visible spectra was not examined. Future
studies should therefore conduct multispectral evaluations covering the visible, near-in-
frared, short-wave infrared, and thermal infrared ranges. In particular, near-infrared per-
formance could be assessed through spectral reflectance, red-edge characteristics, NDVI,
and spectral similarity between fabric samples and jungle vegetation. Combined with
thermal imaging tests under varying ambient temperatures, these measurements would
extend the proposed framework into a more comprehensive multispectral evaluation sys-
tem.

5. Conclusions

Current camouflage designs lack the ability to dynamically mimic natural environ-
ments and do not adhere to principles of visual integration design. To address these prob-
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lems, the present study developed a camouflage pattern construction process integrating
a Beaufort scale-based mimetic system with a color clustering algorithm. Wind speed sim-
ulation generated deformed leaf textures that served as the main pattern. In parallel, jun-
gle background images were processed through k-means color clustering and Gaussian
blur to produce backgrounds with natural gradation and dynamic continuity. The two
layers were then overlaid to form the final camouflage designs.

Dual-track validation using eye-tracking experiments and fuzzy questionnaires con-
sistently identified A-13 (T. mantaly, dark green variant) as the best-performing design
under the present screen-based visible-light experimental conditions. This outcome re-
flects three converging design factors in A-13: the complex, irregular edge morphology of
T. mantaly resists figure-ground segmentation; its moderate Beaufort-induced deflection
angles (20.6-51.8°) balance structural continuity with outline disruption; and its low-lu-
minance color (L* = 27.24) minimizes contrast against jungle backgrounds at the pre-at-
tentive processing stage. The poor performance of C-15, by contrast, demonstrates that
high luminance (L* = 62.54) elevates detectability regardless of pattern complexity.

The two validation methods proved complementary, with the questionnaire captur-
ing conscious holistic judgment and eye-tracking revealing automatic gaze behavior. The
divergence observed in cases such as B-8 confirms that these two cognitive processes are
dissociable, reinforcing the necessity of dual-track evaluation over single-method ap-
proaches.

Beyond military garment design, the proposed process may also inform civilian ap-
plications in which reduced visual salience within forested environments is desirable.
Two domains illustrate this extended value. First, in ecological field research and wildlife
observation, the dark green A-13 pattern combines low luminance (L* = 27.24) with dis-
rupted edge morphology. It could therefore be applied to portable observation blinds,
wildlife photography hides, and the field apparel of biologists conducting behavioral
studies, potentially reducing the visual disturbance imposed on observed species and al-
lowing closer documentation in sensitive jungle habitats. Second, in low impact outdoor
recreation, the proposed patterns could be applied to lightweight backpacking tents and
hiking backpacks for use in national parks and conservation areas, thereby lessening the
visual intrusion of human activity and aligning with the Leave No Trace ethic. In both
domains, the dynamic component of the framework may provide a useful design rationale
because it incorporates wind-induced vegetation motion into the texture-generation pro-
cess rather than assuming a single static background. It should be emphasized, however,
that these scenarios remain conceptual extensions of the present screen-based findings.
Their practical value requires verification through future field testing under realistic out-
door viewing conditions.

Several limitations should be noted. Validation relied on screen-based simulations
rather than real field conditions, participants were not trained military personnel, and
camouflage performance under near-infrared or thermal imaging spectra was not as-
sessed. Future work integrating multispectral evaluation and Al-based pattern generation
could address these gaps and extend the proposed framework to spectra beyond the vis-
ible range, such as near-infrared and thermal imaging bands, and to deployment scenarios
other than those outlined above.
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Appendix A

To validate the arrangement logic embedded in the dynamic mimetic model, this
study used a CNN classifier to analyze 3,843,356 texture layout images collected from
public design databases, fabric pattern archives, and camouflage reference repositories.
The images covered five arrangement categories: regular grid, diagonal, staggered, radial,
and organic scatter. Each image was cropped to a central 3 x 3 texture unit, which was
used as the CNN input. In the proposed layout system, each 3 x 3 unit corresponds to one
cell of the nine-grid layout, and the complete composition forms a 9 x 9 spatial coordinate
space.

CNN-based classification was adopted on the basis of established evidence regarding
convolutional feature learning for spatial texture recognition [44—47]. The classifier re-
tained the AlexNet backbone with residual connections; complete architecture and train-
ing parameters are summarized in Table Al.

On the test set, the classifier achieved an overall accuracy of 92.3%, a macro F1 score
of 0.911, and a weighted F1 score of 0.923. Staggered and diagonal arrangements achieved
the highest accuracies, at 94.7% and 93.5%, respectively, whereas organic scatter showed
the lowest accuracy, at 88.6%. The classification results were therefore used to support the
diagonal offset placement rule adopted for the B6-B9 leaf motifs in the nine-grid layout.

Table Al. Training configuration and performance of the modified AlexNet arrangement classifier.

Category Item Value
Total raw images 3,843,356
Final corpus after cleaning 2,617,893
Data Training/validation/test split 70%/15%/15%
Input image size 227 = 227 pixels
Number of classes 5
Backbone Modified AlexNet (Krizhevsky et al., 2012) [45]
Convolutional layers 5
Architecture Fully connected layers 3
Activation ReLU
Regularization Dropout (p =0.5)
Training Loss function Categorical cross-entropy
Optimizer SGD with momentum 0.9
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Weight decay 5x10+
Initial learning rate 0.01
Learning rate schedule Step decay (x0.1 every 30 epochs)
Batch size 128
Maximum epochs 90
Early stopping patience 10 epochs
Hardware GPU MSI GeForce RTX 3080 (10 GB GDDR6X)
Overall accuracy 92.3%
Macro F1 score 0911
Performance Weighted F1 score 0.923
Best per-class accuracy 94.7% (staggered)
Lowest per-class accuracy 88.6% (organic scatter)

The CNN model extracted high-level spatial feature vectors from each texture image
and simultaneously predicted its arrangement category. The resulting feature data were
subjected to large-scale statistical and frequency analysis to identify which arrangement
configurations appear most prevalently across the corpus. The analysis revealed that stag-
gered (brick-bond) and diagonal offset arrangements accounted for the highest combined
proportion of usage, followed by regular orthogonal grids and radial scatter patterns.

These empirically derived findings were subsequently used to inform the positional
placement rules within the dynamic mimetic model proposed in this study. Specifically,
the four Beaufort scale levels (B6-B9) were assigned to designated spatial positions within
the nine-grid layout according to a diagonal offset rule. In this coordinate system, the full
layout is represented as a 9 x 9 grid, in which each of the nine cells occupies a 3x3 spatial
unit corresponding to the CNN input crop; the horizontal axis is defined as the x-axis
(columns 0-8, left to right) and the vertical axis as the y-axis (rows 0-8, top to bottom). The
four wind-level motifs were placed at the following grid regions: B9 occupies the top-
center cell at coordinates (x = 3-5, y = 0-2), representing the uppermost wind-intensity
zone; B7 occupies the middle-left cell at (x = 0-2, y = 3-5) and B8 occupies the middle-right
cell at (x = 6-8, y = 3-5); and B6 anchors the bottom-center cell at (x = 3-5, y = 6-8), corre-
sponding to the lowest wind-intensity zone. This asymmetric diagonal distribution, in
which no two consecutive Beaufort levels share the same row-band or column-band
within the 9x9 space, corresponds directly to the staggered offset arrangement identified
as the most prevalent configuration in the CNN-based frequency analysis. The positional
rule thereby ensures that the dynamic mimetic pattern inherits the statistically dominant
arrangement logic derived from the large-scale corpus, reinforcing both the visual natu-
ralness and the empirical validity of the proposed camouflage design process.

In the final stage of main pattern construction, as wind typically flows downward in
visual representation, the wind levels in Figure 6a are arranged in an ascending sequence
from B6 to B9 to simulate real environments. Figure 6b shows the plant line drawings
extracted through Canny edge detection. These line drawings preserve leaf contours and
textural details, highlighting plant features in a linear form. The four-direction repeat til-
ing method is then employed on these drawings, ensuring that edges and grid lines con-
nect smoothly without abrupt discontinuities. Figure 6c depicts the main pattern obtained
after color filling and multilayer superposition. The combination of colors and layered
variations as well as the visual extension enabled by the rule-of-thirds composition prin-
ciple produces a dynamic illusion during tiling, with plants appearing as if they are sway-
ing in the wind; thus, the mimetic and visual concealment effect of the camouflage pattern
is enhanced.
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Appendix B

On the basis of the leaf patterns showing the highest recognition rates in the ques-
tionnaire survey, 15 camouflage samples were selected as design cases: samples A-1, B-2,
C-3, A-4, B-5, C-6, A-7, B-8, C-9, A-10, B-11, C-12, A-13, B-14, C-15 and D-16. 15 designed
samples plus the D-16 reference (16 in total) were placed into real wide-view mountainous
and jungle backgrounds for visual simulation, with each scene divided into 36 blocks (Fig-
ure Ala,b) to facilitate observation and comparison. All camouflage samples were distrib-
uted across the jungle and mountain scenes, and their degree of camouflage integration
and background adaptability in natural environments were evaluated using the 36-block
layout, which served as the basis for subsequent eye-tracking analysis and subjective eval-
uation.
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Figure A1l. Real wide-view mountainous landscape used for the visual identification experiment:
(a) composite image in which computer-generated camouflage figures were superimposed onto the
landscape photograph; no real human subjects are depicted; (b) Division of the landscape into 36
numbered blocks for subsequent analysis.

According to the search results of 52 participants viewing the wide-view images (Fig-
ure Ala), Blocks 1, 2, 7, and 13 were excluded from the primary ranking analysis because
these regions mainly contained sky and steep cliff surfaces, which were not suitable areas
for placing or concealing human figures in the simulated mountainous landscape. Among
the remaining valid regions, lower identification frequency indicated stronger conceal-
ment performance. Samples A-4 and A-13 showed the lowest identification frequency,
with only one identification each, and were therefore ranked jointly as the best-perform-
ing samples. Sample A-4 corresponded to A. scholaris leaf texture, whereas sample A-13
corresponded to T. mantaly leaf texture; both belonged to the dark green series. This result
suggests that dark green camouflage samples achieved stronger visual integration with
the mountainous background.

By contrast, the most easily identified regions were Block 8 (sample C-3, correspond-
ing to F. microcarpa leaf texture), Block 14 (sample C-6, corresponding to A. scholaris leaf
texture), and Block 24 (sample D-16, corresponding to the commonly used regional cam-
ouflage military uniform), each of which was identified six times. These were followed by
Block 3 (sample C-15, corresponding to T. mantaly leaf texture) and Block 9 (sample C-9,
corresponding to C. camphora leaf texture), which were each identified five times.

Overall, the high identification frequencies of C-3, C-6, C-15, and C-9 indicate that
light green camouflage samples were more visually salient in the real wide-view moun-
tainous scene. In addition, the high visibility of D-16 further confirms that the commonly
used regional camouflage military uniform, as a conventional static reference sample, was
more easily detected than the best-performing dark green samples developed in this
study. These results indicate that darker camouflage samples, particularly A-4 and A-13,
provided stronger concealment performance, whereas light green samples and the static
regional reference camouflage showed weaker visual integration with the natural back-
ground.

Table A2. Camouflage performance ranking based on identification frequency in the wide-view

mountainous scene.

Identifica- Sample Corresponding Leaf/Pat
Rank Block  tion Fre- P P 5 Camouflage Tone/Type Interpretation
Code tern Source
quency
1 Block 5 1 A-4 A. scholaris leaf texture Dark green camouflage Best concealment perfor-
mance
B 1 for-
1 Block 12 1 A-13 T. mantaly leaf texture Dark green camouflage est concealment perfor
mance
t 1 t -
3  Block 36 2 A-1 F. microcarpa leaf texture Dark green camouflage Strong concealment per
formance
Neutral green camou- Strong concealment per-
3 Block17 2 B-14 T. mantaly leaf texture
flage formance
Neutral green camou- Strong concealment per-
3 Block 35 2 B-8 C. camphora leaf texture
flage formance
Moderate concealment
6 Block 6 3 A-7 C. camphora leaf texture Dark green camouflage
performance
. Moderate concealment
6  Block 10 3 A-10 K. henryileaf texture =~ Dark green camouflage

performance
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8

12
12

14
14  Block 14 6 C-6 A. scholaris leaf texture Light green camouflage

14 Block 24 6 D-16

Neutral green camou-

Block 4 4 B-2 F. microcarpa leaf texture More easily identified

flage

Neutral green camou-

Block 11 B-11 K. henryi leaf texture More easily identified

flage

C-12 K. henryileaf texture  Light green camouflage More easily identified

Neutral green camou-
flage

C-15 T. mantaly leaf texture Light green camouflage  Highly identifiable

C-9 C. camphora leaf texture Light green camouflage  Highly identifiable

Lowest concealment per-

Block 15

Block 16 B-5 A. scholaris leaf texture More easily identified

Block 3
Block 9

(> NN, BN, TR NT TN

Block 8 C-3 F. microcarpa leaf texture Light green camouflage

formance
Lowest concealment per-
formance
Static regional reference Static regional reference Lowest concealment per-
camouflage camouflage formance
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