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ABSTRACT

The research titled "Pixels to Planks: Deep Learning for Wood Texture" explores the application of deep learning
in analyzing, classifying, and synthesizing wood textures from digital images. Traditional wood texture
identification methods are largely manual and subjective, relying on expert knowledge and physical inspection.
These methods are time consuming, inconsistent, and limited in scalability. The proposed system uses a
Convolution Neural Network (CNN) integrated with texture enhancement and feature extraction layers to
automatically recognize and generate realistic wood patterns. The model is trained on a curated dataset of high-
resolution wood images spanning different grain types, colors, and anomalies (e.g., knots, decay). The system
outperforms traditional machine vision approaches in accuracy and adaptability, with potential applications in
forestry, furniture design, quality control, and augmented reality. This approach brings several advantages by
enhancing the speed and reliability of wood analysis. It can be applied across multiple domains like digital
design, furniture manufacturing, virtual simulations, and quality control processes. Additionally, by digitizing
and preserving unique wood patterns, the project encourages sustainable practices by reducing the need to
harvest real wood. Overall, this work demonstrates how artificial intelligence can modernize traditional
industries, making them more efficient and environmentally conscious.

Keywords: Computer Vision, Image Processing, Feature Extraction, Neural Networks, Dataset Training, Paflern
Recognition, Generative Models.

1. INTRODUCTION

The Wood texture carries vital information used Impact And artificial intelligence, there's a growing
across industries for categorization, valuation, interest in automating this process through deep
quality assessment, and design. Manual inspection of learning. This paper aims to bridge the gap between
wood samples is the conventional method, relying on physical wood analysis and digital automation using
visual, tactile, and sometimes microscopic state of the art image processing techniques. By
observations. However, subjective, time Our system translating pixel level features into meaning full
not only recognizes wood types but also generates texture classifications, our system captures patterns
synthetic textures for simulation and design that the human eye may overlook or inconsistently
purposes using GAN based texture synthesis. This interpret. This is particularly useful for industries like
enables their application of rare or end angered wood timber logging, furniture design, and conservation,
types without physically sourcing them, thus where accurate and quick assessment of wood
supporting  sustainability consuming, and quality is essential. Sustainable Logging: Identifying
impractical ~in  large-scale industrial  digital wood type from images helps trace illegal logging
applications. With the rise of computer vision and encourages sustainable forestry.

manual methods are How It Helps Society and Its . . . .
P y Furniture and Interior Design: Designers can use the
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synthetic texture tool to preview designs before
actual manufacturing Conservation: Digital replicas
of endangered wood species aid in preservation and
documentation. Augmented Reality and Gaming:
Realistic  wood textures enhance immersive
environments. Quality Control in Manufacturing:
Automated inspection lines can detect surface flaws
like warping, cracks, or fungal damage. This research
contributes to both industrial automation and
environmental sustainability by digitizing the

understanding of natural resource.
2. LITERATUREREVIEW

Liu et al. (2016) applied texture recognition using
wavelet transform but lacked generalization on high
resolution surfaces. Parietal. (2018) proposed deep
texture descriptors using CNNs for material
classification but did not specialize in wood grains.
Kim et al. (2020) used Reset based classifiers for
wood defect detection, which lacked texture
synthesis capabilities. Zhang & Wu (2021) introduced
a wood grain simulation model using GANs, which
had limited diversity in output styles. Suresh and
Rao (2022) suggested hybrid. Techniques combining
Gabor filters with CNNs but were computationally
intensive.

3. PROPOSED METHODOLOGY

The methodology proposed in the research project
“From Pixels to Planks: Deep Learning for Wood
Texture Generation” aims to develop a robust and
intelligent system capable of synthesizing highly
realistic wood textures by harnessing the power of
deep learning. The approach is centered around the
design and implementation of a specialized deep
learning architecture, with a particular emphasis on
Generative Adversarial Networks (GANSs), due to
their proven effectiveness in high-quality image
synthesis. The model will be tailored to specifically
address the unique challenges of wood texture
generation, such as capturing the organic, irregular,
and multi-directional grain patterns found across
various wood types. By training the GAN on a
diverse dataset of wood texture images, the generator
network will learn to produce novel textures that
mimic the natural variations in color, structure, and
grain flow, while the discriminate or will
simultaneously learn to distinguish between real and
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synthetic
performance through adversarial learning.

textures, refining the generator’s

In addition to the GAN framework, the methodology
incorporates advanced feature extraction techniques
that enable the model to analyze and internalize the
finer details present in Wood grain patterns. These
features include directional lines, knots, texture
depth, and color gradients, all of which contribute to
the authenticity of the wood surface. By leveraging
convolution layers, attention mechanisms, and multi-
scale processing, the model is expected to accurately
capture both global structure and localized texture
characteristics. Furthermore, data augmentation
techniques such as rotation, scaling, and flipping will
be employed during training to expose the network
to a wide variety of pattern orientations and grain
configurations.  This approach
ensures that the model not only learns the visual
attributes of wood textures but also generalizes well
to generate new, unseen patterns with a high degree
of realism.

comprehensive

Ultimately, the proposed methodology is designed to
bridge the gap between manual wood texture
creation and automated, Al-driven generation,
offering significant potential for applications in
design, architecture, virtual reality, and gaming
industries.
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PRINCIPALS
b ety
Tedete o
0%
‘ i
(vandan
[
A Wy
N | H hrpnviivg
MxBe |
o [
Witk
g
Fig 4 Block diagram

The diagram presents a standard workflow
commonly followed in machine learning systems.
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Below is a simplified explanation of each component
involved in the process:

a) User
The process begins with the user, who identifies the
specific problem to address and supplies the initial
data needed for the solution. The user plays a crucial
role in setting the direction of the entire workflow.

b) Data
Raw information is collected from different our such
as data bases, sensors websites, or manual surveys.
This data can come in multiple formats, including
spreadsheets (CSV), images, or text documents.

c¢) Data Preprocessing
Before using the data in any machine learning model,
it must be cleaned and converted into a usable
format. This step includes several important tasks
such as:

e Filling or removing missing values

¢ Normalizing or scaling numerical features

e Converting categorical data into numerical

formats using encoding

d) Training Data
A specific part of the processed data is reserved for
training. The model learns from this data by
identifying  patterns and  developing an
understanding of the relationships within it.

e) Testing Data
Another part of the data is kept aside and not shown
to the model during training. It is later used to test
how well the model performs on unseen data,
helping evaluate its accuracy and generalization
ability.

f) Algorithm
This is the core of the learning system. It defines
them a thematically methods and procedures used to
extract knowledge from data. Examples of algorithms
include:

e Linear Regression

e Decision Trees

e Support Vector

e Machines Neural Networks

e Model
Once the algorithm is trained using the training data,
it becomes a model. The model is essentially the
learned version of the algorithm that can now make
predictions or classifications based on new input.
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g) Inputs
These are new data instances that are fed into the
trained model. The model uses its learned knowledge
to analyze these inputs.

h) Prediction
Based on the input data, the model provides a
result— usually a prediction or label. This is the
model's answer or output for the given input.

i) Evaluation
The model’s predictions are assessed using test data.
This step checks the model’s effectiveness using
evaluation metrics.

j)  User Interface (UI)

The UI is how users interact with the system. It may
include input sections for uploading data, tools for
visualizing the results, and options for tweaking
model parameters. A well-designed Ul makes the
entire machine learning system more accessible and
user-friendly. The fundamental concept of this
project is to apply deep learning methods to analyze,
understand, and recreate wood textures from digital
images. The approach uses powerful algorithms—
especially Convolutional Neural Networks (CNNs)—
that are trained on a diverse and extensive dataset of
wood texture images. Through this training, the
model learns to identify and interpret important
visual characteristics such as wood grain patterns,
color variations, surface textures, and directionality
of lines.

5. RESULTS
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Fig 5.2 Result page

The Classification Accuracy: Achieved 94.2%on
custom wood texture dataset with 15 categories.
Texture Synthesis Quality: Fréchet Inception Distance
(FID):12.3(lower is better). Visuals similarity
confirmed by human testers. Speed: Real time
classification (< 1 sec per image). Deployment: Tested
on a mobile app proto type for field level wood
identification. Results valid ate the feasibility of deep
learning in real world wood texture recognition and
simulation. Digital replication. The potential impact
ranges from environmental conservation to design
industries, promoting both technological innovation
and ecological responsibility.

6. APPLICATIONS
e  Wood Type Detection
e Texture Generation
e Manufacturing Quality Control
e Conservation Support
¢ AR/VR Enhancement

7. CONCLUSION
This research presents a deep learning-based system
capable of both recognizing and synthesizing wood
textures from pixel level data. The approach
advances traditional wood analysis methods by
automating and scaling the identification process
while also enabling realistic.
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