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Abstract Fractal-based methods are used to create geometric patterns for textile and carpet design.
Color selection is constrained by production cost, composition, and visual quality. A computational
method is proposed for color generation, classification, and optimization. Global search is performed
by a genetic algorithm. Local refinement is conducted by the simplex method. Color combinations are
classified by a convolutional neural network. Production cost and color quality are balanced through
a weighted objective function. Optimization weights are adjusted through user feedback. Design
priorities are therefore modified during each iteration. The method is evaluated with fractals derived
from Pascal’s triangle. Multiple candidate solutions are produced and locally refined. Patterns are
assigned to warm, cool, or high-contrast categories. An AUC of 1.00 is obtained under the experimental
conditions. A labor cost reduction of 10-15% is reported for the evaluated setting. Automated color
selection for digital carpet design is supported by the method.
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1 Introduction

Fractals are defined by self-similarity, scale-dependent complexity, and recurrent geometric
forms. Irregular structures in mathematics and nature are represented by fractal models [1, 2].
Fractal geometry is applied in mathematics, graphics, image analysis, and generative design.
Complex visual structures are produced from simple mathematical rules. Such methods are
examined in digital art and product design [3, 4,5, [6]. These methods are valued in textile and
carpet design. Pattern diversity, visual complexity, and color harmony are required in these
fields. Diverse patterns are produced through recursive mathematical procedures. Geometry,
spatial order, and visual composition are controlled by model parameters. Many design al-
ternatives are therefore produced from consistent mathematical rules. Fractal methods are
also applied in architecture and visual design. Relations between geometric complexity and
visual appearance are examined [7, 8, [T, [12]. Pascal-type constructions are used to produce
computational fractal patterns [4, 5]. Complex visual structures are thus obtained from few
parameters. These methods are applied in textile and carpet production. Multiple geomet-
ric forms and color combinations are produced efficiently. Consistent mathematical rules are
preserved across design variants. Fractal colors for carpet design are optimized with genetic
algorithms [9] 23]. Alternative patterns are adapted to aesthetic and production requirements.
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However, production suitability is not ensured by visual complexity alone. Color parameters
must also be selected and optimized.

Color selection is treated as a major textile design task. Visual harmony, contrast, per-
ceived quality, and product appearance are affected. Many regions in complex fractals are
assigned coordinated colors. Manual adjustment is slowed by numerous design alternatives.
Dye costs and production requirements must also be considered [14] [I5]. Color relationships
are organized through established color theories. Itten’s theory is used to assess visual color
combinations [24]. The Ostwald system is used for systematic color analysis [25]. Perceptual
color differences are represented through the CIE L*a*b* space [26].

Several opposing objectives are addressed during color selection. Material costs are re-
duced through lower-cost dyes. Additional resources may be required for preferred color
combinations. Economic and aesthetic factors are therefore considered together. Parts of
this process are automated through optimization and artificial intelligence. Suitable color
parameters are identified through optimization methods. Generated patterns are classified
through machine learning models [10] 16, 17, 2I]. Complex parameter spaces are explored
through genetic algorithms [9, 23, 27]. Separate objectives are treated through methods such
as NSGA-IT [30]. Color combinations are organized through broad theoretical categories.
Warm, cool, and high-contrast groups are predefined in this study. Generated fractals are
assigned to these groups during classification. However, aesthetic quality is not fully mea-
sured by these categories. Fractal generation and color optimization are addressed in earlier
studies [9, 13, 23]. Economic optimization, user feedback, and automated classification are
not fully integrated. Therefore, a combined computational method is proposed. Color pa-
rameters are generated, classified, and optimized for digital carpet design. Global exploration
is performed by a Genetic Algorithm (GA). Local refinement is performed by the Simplex
Method. Generated combinations are classified by a Convolutional Neural Network (CNN).
Production cost and pattern quality are treated as optimization criteria. Criterion weights
are adjusted through user feedback. Simplex refinement is supported by established function
minimization methods [I8]. Genetic and multi-objective methods are also considered [27, [30].
Image classification is performed through established CNN methods [28, 29]. Fractal designs
and production parameters are therefore evaluated together.

2 Materials and Methods

The mathematical model, optimization procedure, feedback mechanism, and CNN classifier
are described. Global and local methods are combined for cost and quality optimization.

2.1 Problem Formulation and Objective Function

The proposed system is used to optimize fractal color composition. Carpet and textile ap-
plications are considered. The color palette is represented by x = (z1,z2,...,x,). The
proportion of color ¢ is denoted by x;. The total color count is denoted by n. Color param-
eters can be represented in the HSV color space. The representation is selected according
to generation and classification requirements. Two primary objectives are considered. Dye
cost is minimized, and visual quality is maximized. Complex spaces are explored through
evolutionary operators [27]. Genetic algorithms are applied to fractal carpet colors in earlier
studies [9, 23]. Conflicts may be caused by costly preferred color combinations. A normalized
weighted objective is defined for both criteria:

J (%) = weC(x) + wg [1 = Q)] (1)
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J(x) denotes the total optimization objective. Normalized cost is denoted by C(x). Normal-
ized quality is denoted by @Q(x). Cost and quality weights are denoted by w,. and w,. These
conditions are imposed:

We + wg =1, We, Wq > 0. (1)

The quality term is expressed as 1 — Q(x). The problem is defined as a minimization
problem. The objective value is reduced by a higher quality score. Relative priorities are
controlled by w. and w,. Cost reduction is emphasized by larger w. values. Visual quality is
emphasized by larger w, values.

2.2 Cost and Quality Modeling

Material expenditure is estimated by the cost function. Unit dye prices and usage proportions
are included:

n
Zpixi
. (2)

Cmax

The unit price of color i is denoted by p;. Its usage proportion is denoted by x;. Reference
cost is denoted by Ciax. Cost normalization is provided by Chax. The normalized cost is
combined with the quality score.

Visual properties are evaluated by the quality function. Individual color effects and pair-
wise interactions are included:

n n n
Qx) = filz) + D> gij(wi,z)), (3)
i=1 i=1 j=1
J#
The visual contribution of color ¢ is represented by f;. Pairwise color interactions are rep-
resented by g;;. Color harmony, contrast, and compatibility can be represented by these
interactions.

The quality score should be normalized to [0, 1] before Equation (1). Functions f; and
gij are defined by selected evaluation criteria. User data or classification results may also be
included. Established color theories can be used for evaluation [24] 25]. Numerical differences
can be measured in CIE L*a*b* space [26].

C(x) =

2.3 Constraints and Penalty Function

Two main constraints are imposed on color proportions. First, negative proportions are
prohibited:

>0, i=1,...,n (4)

Second, the proportions are required to sum to unity:

in = 1. (5)
=1

Invalid negative quantities are prevented by the first constraint. A complete composition
is ensured by the second constraint.
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Constraint violations are penalized through the function below:

n n 2
P(x)=k Z max(0, —x;)% + ko <Z x; — 1) , (6)
i=1 i=1

Penalty coefficients are denoted by k1 and k3. The penalized objective is defined as:

Jp(x) = J(x) + P(x). (7)

Penalty coefficients should be selected experimentally. Infeasible solutions should receive
larger objective values. The same penalty is applied during global and local optimization.

2.4 User Feedback and Dynamic Optimization

User feedback is incorporated to adjust cost and quality priorities. A candidate fractal pattern
is first generated and classified. Design satisfaction is then assessed by the user. Criterion
weights are updated for later iterations. This process is illustrated in Figure
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Figure 1: Iterative optimization with user feedback for fractal color selection.

The objective at iteration ¢ is expressed as:

J1(%) = we i C(x) + wg [1 — Q(x)] (8)

Weights at iteration t are denoted by w.; and wg;. The following condition is imposed:
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We,t + Wyt = 1. (2)

User satisfaction is denoted by s; € [0,1]. Greater satisfaction is represented by larger
values. The update rule below is applied:

We,t+1 = clip [wee + 7(s™ — s¢),0, 1], (9)

The update rate is denoted by r. Target satisfaction is denoted by s*. The updated value
is restricted to [0, 1] by clip(-). The quality weight is then calculated as:

Wat1 =1 — Wet1. (10)

Below target satisfaction, the cost weight is reduced. The quality weight is increased.
Above target satisfaction, greater emphasis can be placed on cost reduction. Optimization
priorities are therefore adapted to user evaluations.

2.5 Hybrid Optimization Procedure

The Genetic Algorithm is selected for its population-based global search [27]. The Simplex
Method is selected for derivative-free local refinement [I8]. Both methods are combined within
the proposed optimization procedure. An initial population of color vectors is generated by
the Genetic Algorithm. FEach candidate is assessed with the penalized objective in Equa-
tion (7). New solutions are produced through selection, crossover, and mutation. Constraint
violations are penalized by the penalty function. The parameter space is then explored by
the Genetic Algorithm. A suitable candidate is selected and refined by the Simplex Method.
The optimized fractal pattern is then generated and classified. User feedback is incorporated,
and the objective weights are updated. The process is repeated until the termination criteria
are satisfied. Cost and quality are combined through a weighted objective. Alternatively,
separate objectives can be defined through NSGA-II [30].

2.6 CNN-Based Color Classification

A Convolutional Neural Network (CNN) is used to classify generated fractal images. Such
networks are widely used for image classification and visual recognition [28, 29]. Color com-
position data are supplied to the optimization process. The classification scheme is based on
Itten and Ostwald color theories [24], 25]. Patterns are assigned to warm, cool, or high-contrast
groups. Basic color properties are represented by these groups.

2.6.1 Dataset Preparation

Fractal image fragments are labeled by their dominant color category. Representative regions
are selected, labeled, and organized for CNN evaluation. Itten’s color wheel is used as a
reference in Figure

The dataset should be divided into training, validation, and test subsets. Sample counts,
class distributions, and split procedures should be reported. These details should be included
when experimental records are available.
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Figure 2: Itten’s color wheel as a reference for color classification.

2.6.2 CNN Architecture and Training

Several CNN depths are evaluated for color classification. Initial depth increases are asso-
ciated with improved classification performance. Further layers are associated with lower
performance. A two-layer CNN is therefore selected for the final implementation.

The model is trained for a maximum of 200 cycles. The relation between cycle count and
classification accuracy is examined. Limited gains are reported after additional cycles. The
200-cycle limit is selected to balance accuracy and computational cost. Generated fractal
patterns are assigned to predefined color categories. For reproducibility, all model and eval-
uation settings should be specified. Filters, activations, optimizer, learning rate, and dataset
size should be specified. The evaluation protocol should also be reported.

3 Results

The proposed software system is evaluated through computational experiments. Fractal gen-
eration, color optimization, hybrid search, and CNN classification are examined. Fractals
from Pascal’s triangle are used as primary test structures. Optimization performance and
CNN classification accuracy are assessed. Fractal patterns are obtained through a modular
transformation of Pascal’s triangle. A modulus value of 5 is used in the experiments. Distinct
and complex patterns are produced for color assignment and optimization.

The software interface is used for fractal generation and color optimization. Generation
and color parameters are modified through the interface. The produced patterns are supplied
for subsequent analysis.

Recursive spatial organization is obtained from Pascal’s triangle with Mod = 5. This
structure is used to produce complex patterns with different colors.

The same mathematical construction is used to produce several fractal configurations.
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Figure 3: Software interface with a generated fractal and its optimization results.

Figure 4: Fractal pattern from Pascal’s triangle with Mod = 5.
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Figure 5: Complex fractal structures from Pascal’s triangle with Mod = 5.

These patterns are used as inputs for color generation and optimization. The optimization
procedure is applied to each fractal’s color parameters. Dye costs and selected color pro-
portions are included in the experiments. Global exploration is performed by the Genetic
Algorithm. Local refinement is performed by the Simplex Method. Multiple candidates are
produced by the Genetic Algorithm. A selected solution is refined toward a local optimum.

Table 1: Comparative performance of the Simplex Method and Genetic Algorithm

Parameter Simplex Method Genetic Algorithm
Execution time (s) 1.5 3.2

Number of iterations 30 50
Reported accuracy 99% 95%
Number of generated results 1 100

Different computational characteristics are reported for both methods. For the Simplex
Method, 1.5 s and 30 iterations are reported. For the Genetic Algorithm, 3.2 s and 50 iterations
are reported. One refined solution is produced by the Simplex Method. A population of 100
candidates is generated by the Genetic Algorithm. Broader exploration is provided by the
Genetic Algorithm. Local refinement is provided by the Simplex Method. Optimized design
parameters are presented in Table

Generation steps are reduced from 100 to 80. Figure size is reduced from 500 to 450.
Color count is reduced from five to four. A more compact configuration is therefore identified.
Target fractal structures are still retained. Production indicators are compared before and
after software implementation.

Labor costs are reduced by approximately 10-15%. This reduction is reported after soft-
ware implementation. Manual intervention may therefore be reduced during design. The
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Table 2: Comparison of initial and optimized design parameters

Parameter Initial value Optimized value
Number of steps 100 80

Figure size 500 450
Number of colors 5 4
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Figure 6: Production indicators before and after software implementation.

result should be interpreted under the reported experimental conditions. The comparison
baseline should also be considered. CNN classification is evaluated in the second experiment.
Warm, cool, and high-contrast classes are distinguished. Loss and accuracy are measured
across training epochs.
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Figure 7: CNN loss and accuracy across training epochs.

Classification loss is reduced during training. Classification accuracy is increased. Visual
class features are therefore learned by the CNN. A limit of 200 epochs is applied. The stated
experimental configuration is followed. Classification performance is also evaluated through
ROC analysis.

An area under the curve (AUC) of 1.00 is reported. Perfect separation is indicated for
the evaluated dataset and procedure. However, this value can be obtained from training-data
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Figure 8: ROC curve for the CNN-based color classification model.

evaluation. It can also be obtained from datasets with limited complexity. Dataset splits
and independent test procedures should therefore be reported. Class-level results are also
examined through a confusion matrix.

Correct and incorrect predictions are presented for each color category. Correct predictions
are represented along the diagonal. Errors are represented by off-diagonal elements. High
agreement is reported between predicted and assigned categories. The trained CNN is applied
to representative generated fractals. Two classification examples are presented below.

Table 3: CNN classification results for representative fractal patterns

Input Predicted Reported Example

class contrast
Fractal color combi- Cool colors 28% Pascal’s-triangle-
nation based fractal pattern
Fractal color combi- Warm colors 31% Pascal’s-triangle-
nation based fractal pattern

Classifier application is demonstrated by these examples. Patterns are assigned to prede-
fined color categories. Associated classification outputs are provided. These outputs are
integrated with color optimization.Three principal outcomes are obtained. First, diverse
Pascal-based patterns are produced as design candidates. Second, global exploration and
local refinement are combined for color optimization. Third, generated combinations are clas-
sified into predefined color groups. These results are obtained under the reported experimental
conditions. Automated fractal design and color selection are therefore supported.

4 Discussion

Fractal generation, hybrid optimization, feedback, and CNN classification are combined. Au-
tomated color selection for carpet design is supported. Cost and visual properties are consid-
ered during color exploration. The method is based on earlier fractal color studies [9, 13|, 23].
Global search is performed by the Genetic Algorithm. Local refinement is performed by the
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Figure 9: Confusion matrix of the CNN-based color classification model.

Figure 10: Pascal’s-triangle fractal classified as a cool-color combination.

Figure 11: Pascal’s-triangle fractal classified as a warm-color combination.
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Simplex Method. Multiple candidates are generated by the Genetic Algorithm. A selected so-
lution is refined by the Simplex Method. This distinction is established between evolutionary
and derivative-free methods [18] 27]. Adaptation is provided through user feedback. Cost and
quality weights are modified after user evaluation. Revised design preferences are therefore
represented during optimization. User involvement is retained during final selection. Gener-
ated patterns are assigned to warm, cool, and high-contrast groups. CNNs are widely used
for image classification and visual recognition [28] 29]. Strong classification performance is
reported under the experimental conditions. However, the AUC of 1.00 should be interpreted
cautiously. Dataset size, class distribution, and test procedures should be reported. Classifier
generalization is determined by these details. Labor costs are reduced by approximately 10—
15%. Potential practical benefits are indicated by this reduction. However, the result should
be interpreted within the reported conditions. Broader industrial validation is required for
other production environments. More complete quality measures can be included. Texture,
fractal complexity, color harmony, and perception can be evaluated. These extensions can be
supported by established color systems [24], 25, 26]. Cost and quality can also be treated as
separate objectives. NSGA-II can be used for this purpose [30].

5 Conclusions

A computational method is presented for fractal color generation and optimization. Digi-
tal carpet and textile applications are considered. Production cost and visual quality are
balanced. Global exploration is performed by the Genetic Algorithm. Local refinement is
performed by the Simplex Method. Multiple candidates are generated and locally refined.
CNN classification is applied to predefined color groups. Generated color combinations are
therefore analyzed automatically. User feedback is integrated with optimization and classi-
fication. Practical value is indicated by the reported labor cost reduction. However, larger
datasets and independent tests are required. Real production conditions should also be exam-
ined. Improved quality functions and perceptual features should be evaluated. Multi-objective
methods should also be tested for cost and aesthetic optimization.
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