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The accurate identification of wood species plays a vital role in key industrial processes, such as timber
processing operations, quality assurance inspections, and inventory tracking. In industrial production
settings, wood specimen images are frequently acquired using cost-constrained mobile imaging devices,
inevitably compromising image quality through motion-induced blurring, sensor noise artifacts, and
suboptimal resolution characteristics. These technical limitations severely degrade the operational
effectiveness of traditional recognition systems, creating cascading inefficiencies across downstream
production workflows. To overcome these limitations, we have developed an industrial-grade deep
learning framework specifically engineered to deliver reliable wood species identification under
challenging real-world imaging conditions. The proposed framework incorporates two core tech-
nical components to address image quality degradation in industrial settings: (1) an enhanced Very
Deep Super-Resolution (VDSR) network for detail reconstruction, and (2) a comprehensive multi-
scale augmentation pipeline for robust feature learning. In this study, evaluation experiments were
conducted utilizing wood image datasets of three distinct species-Pterocarpus santalinus, Pterocarpus
tinctorius, and Gluta sp.-which were captured by three different imaging devices corresponding to
high, medium, and low-quality acquisition conditions. The experimental validation demonstrates
substantial performance gains, with our enhanced framework achieving a 25% absolute accuracy
improvement over the baseline ResNet-50 model when processing low-quality input images. This
research establishes a cost-effective and scalable technical foundation for quality recognition systems
in industrial imaging applications, with direct integration potential into intelligent quality control
systems for manufacturing operations.
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Introduction

Wood species identification serves as a fundamental
and indispensable operation in forestry practices, with
significant implications for multiple domains, includ-
ing timber grading systems, quality control processes,
anti-illegal logging surveillance, and biodiversity pres-
ervation initiatives (Barmpoutis et al., 2018). Tradi-
tional wood identification methods mainly consist
of manual experience-based identification, anatomical
feature analysis, and physicochemical-assisted identi-
fication, all of which depend heavily on expert knowl-
edge and microscopic anatomical analysis. However,
these methods are often inefficient and costly. With the
advancement of computer technology, image classifi-
cation has achieved significant breakthroughs in fields
such as agriculture and medicine (Chen et al., 2023;
Lu etal,, 2024; Xu et al., 2025). For example, Grimmer
et al. (2025) developed an automated riverine wood
detection tool that integrates machine learning and
remote sensing, enabling the quantification of param-
eters such as wood length and volume. In medical
imaging diagnostics, advanced image processing and
deep learning methods have shown remarkable effi-
cacy in handling complex image data and enhancing
recognition accuracy, providing valuable insights for
the intelligent transformation of wood classification.

Early wood classification techniques were heavily
reliant on manual experience and basic image process-
ing methods. Mallik et al. (2011) achieved semi-auto-
mated wood species identification for the first time by
integrating scanning electron microscopy (SEM) image
segmentation with linear discriminant analysis (LDA)
and support vector machines (SVM). However, their
dependence on high-resolution images and manually
designed statistical features constrained their generaliza-
tion capabilities (Peters et al., 2025). Subsequent studies
attempted to incorporate texture analysis techniques, such
as gray-level co-occurrence matrices (GLCM) and local
binary patterns (LBP), combined with SVM classifiers
for classification (Kobayashi et al., 2019; Li et al., 2017;
Souza et al., 2020). Although these methods yielded satis-
factory results under specific conditions, their robustness
in complex environments (e.g., lighting variations, noise
interference) remained limited (Huang et al., 2024). For
instance, Riana et al. (2021) demonstrated that when using
K-means segmentation and GLCM feature extraction to
identify defects in mahogany;, classification performance
significantly deteriorated if the wood surface exhibited
stains or wear. Furthermore, these methods often required
specialized equipment (e.g., X-ray or high-resolution
microscopes), hindering their deployment on low-cost,
portable devices (Peters et al., 2025).

The emergence of deep learning has initiated an era
of deep feature learning for wood classification (Wang

et al., 2021). Convolutional neural networks (CNN)

automatically learn hierarchical image features through

multi-layer nonlinear transformations, overcoming the

limitations of manual feature engineering and showcasing

significant advantages in wood classification (Ravindran

et al,, 2018; Wu et al,, 2021). Subsequently, Prabu et al.
(2020) further developed the open-source XyloTron

system, which integrates multi-light imaging with CNN

models to enable rapid on-site classification of wood and

wood products, thereby advancing the practical appli-
cation of deep learning in forestry. Follow-up research

has extensively explored diverse computer vision para-
digms to further enhance model performance. Transfer
learning strategies, utilizing architectures ranging from

standard backbones to advanced models like DenseNet

and Xception, have been widely adopted to mitigate data

scarcity and improve training efficiency (Geovanni etal.,
2022; Kirbas & Cifci, 2022; Wu et al., 2021). Concur-
rently, efforts to optimize CNNs have focused on data

augmentation techniques (Ergun, 2021), lightweight

model designs (Ergun, 2024; Zhao et al., 2021), and novel

architectures incorporating dynamic convolutions or
differential features to capture complex patterns (Cai et al.,
2025; Z. Zheng et al., 2024; Zheng et al., 2025). Beyond

standard CNNs, Vision Transformers (ViT) have recently
been introduced to capture global texture dependencies

and subtle variations, marking a significant shift toward

attention-based modelling in forestry (Zhang et al., 2023;

Zhuang et al., 2022). Research dimensions have also been

expanded through multimodal fusion of spectra and

images (Pan et al., 2023) and multi-view learning strate-
gies that fuse complementary information from different

anatomical sections (Rosa da Silva et al., 2022). In the

microscopic domain, advanced detection algorithms like

WoodYOLO have been developed for precise cellular
analysis (Nieradzik et al., 2024; X. Yang et al., 2024).
Furthermore, the focus on interpretability has evolved

from visualizing classification rationale (C. Zheng et al.,
2024) to precise instance segmentation. For example,
models like YOLOV8-seg now enable the quantification

of anatomical features such as vessels and rays (Liu et al.,
2025). Despite recent advancements, critical challenges

persist in practical forestry applications, particularly
in accurately identifying wood species from low-res-
olution, noise-contaminated images and addressing

cross-device data discrepancies—these remain pressing

obstacles to overcome in current timber image recog-
nition systems (Collins-Key et al., 2025).

Image enhancement techniques offer a prom-
ising solution to the aforementioned challenges.
In non-wood-related domains, methods such as vertex
detection (Koo & Cha, 2017), homomorphic filtering
(Z. Yangetal., 2024), and thermal radiation optimization
(Pan et al., 2025) have substantially improved image qual-
ity and recognition performance. In wood classification,
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although approaches like expectation-maximization
(EM) adaptive filtering (Abdul Hamid et al., 2018)
and terahertz (THz) imaging (Vijayalakshmi et al,,
2024) have been utilized to enhance image quality,
research on improving low-resolution wood images
remains limited. Moreover, while data augmentation
techniques (e.g., simple geometric transformations)
have been extensively applied to address data scarcity
(Ergun, 2021), the synergistic effects of combining these
techniques with image enhancement methods warrant
further investigation.

To tackle these challenges, this study puts forward
an integrated framework that merges VDSR-based
super-resolution reconstruction with multi-scale data
augmentation techniques, thereby bolstering classifi-
cation robustness across a spectrum of image quality
levels (Fig. 1). Unlike conventional models trained on
standardized clean datasets, our approach enhances
model generalization capabilities through dual mecha-
nisms: (1) quality restoration of degraded wood images
and (2) strategic expansion of training data diversity.
We conducted comprehensive evaluations on three
visually similar timber species (Pterocarpus santalinus,
Pterocarpus tinctorius, and Gluta sp.) under three delib-
erately designed acquisition scenarios that replicate
authentic forestry classification conditions. The exper-
imental results demonstrate that our method achieves
significant improvements in recognition accuracy, with

particularly outstanding performance on low-quality
images characterized by resolution degradation and
acquisition noise. This research provides a practical
and cost-effective solution for intelligent wood iden-
tification while offering valuable insights for devel-
oping field-deployable timber classification systems
in forestry applications.

Materials and methods
1. Data preparation

The endangered species of rosewood, Pterocarpus
tinctorius, which is easily confused with rosewood,
and Gluta sp., which is similar to rosewood, were
selected for this experiment. The samples were
obtained from Guangdong Yuzhu Wood Testing Co.,
Ltd., which has a CMA qualification. Due to the strict
requirement for certified reference materials of these
precious species, forty-five authentic wood samples
were collected for each of the three wood species,
with a sample area of about 60 mm in length and
70 mm in width. To address the biological variability
within this constraint, we employed multi-device
acquisition and comprehensive data augmentation
to mathematically model surface variations, thereby
ensuring that the dataset provides sufficient feature
representation for deep learning.

Fig. 1. The diagram of the study
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Fig. 2. Wood images in the dataset

To simulate real-world industrial conditions, this
study established three datasets using distinct imag-
ing devices. The high-quality image dataset (set 1)
was captured using a CANON EOS 800D camera
in a miniature studio with consistent lighting and
geometry. Based on the sensor specifications covering
the 70 mm-wide sample, the system achieved a spatial
resolution of approximately 0.015 mm/pixel, enabling
the capture of fine anatomical details. In contrast, the
medium-quality (set 2) and low-quality (set 3) data-
sets were captured using an Apple iPhone 11 Pro and
a HUAWEI Mate 20X, respectively. These images were
acquired under unrestricted conditions of light, shoot-
ing distance, and angle to ensure dataset diversity and
categorization difficulty (Fig. 2). Due to the handheld
nature of acquisition, the spatial resolution for these sets
is lower, estimated at approximately 0.032 mm/pixel and
0.036 mm/pixel, respectively.

This experimental design is intended to emulate the
heterogeneous imaging environments characteristic
of industrial timber operations, particularly for mobile
inspection scenarios and conditions with variable image
quality. It is important to note that while consumer-grade
devices were utilized in this study to rigorously test the
algorithm’s robustness to image degradation, including
noise and blur, the proposed software framework is inde-
pendent of specific imaging hardware. Therefore, it can
be seamlessly adapted to standard industrial cameras
for continuous, high-load production line applications
where durability is paramount.

2. Image enhancement

Raw images acquired from mobile devices in industrial
settings often suffer from noise and blurring, which
degrade discriminative anatomical features. To address
this, we employed the VDSR network to reconstruct
high-quality wood images. Unlike the traditional

Super-Resolution CNN (SRCNN), which employs
a shallow 3-layer architecture to map low-resolution
images directly to high-resolution outputs, VDSR
adopts a deeper 20-layer network, enabling improved
learning capacity. The network utilizes cascading 3x3
convolutional kernels with a depth of D, resulting
in a large receptive field calculated as (2D+1)x(2D+1).
For a 20-layer network, this yields a receptive field
of 41x41, allowing the model to utilize richer contex-
tual information from the image features. To acceler-
ate convergence in such a deep network, the learning
rate was increased compared to SRCNN, and gradient
clipping was employed to prevent gradient explosion.

The core mechanism of VDSR is residual learning.
Instead of directly generating a high-resolution image,
the network learns a residual map, which represents the
high-frequency difference between the high-quality refer-
ence and the interpolated low-quality input. This approach
was specifically adopted to mitigate the acquisition arti-
facts inherent in our mobile datasets (set 2 and set 3), such
as the jagged edges along vessel pores caused by low sensor
resolution and the textural blurring resulting from hand-
held capture. By learning these high-frequency residu-
als, the VDSR network recovers the structural integrity
required for accurate classification.

Regarding the training strategy, the VDSR model was
trained on a multi-scale dataset to handle super-resolution
tasks across different magnification levels. We constructed
the training set by down-sampling the high-quality images
from set 1 by scale factors of 2, 3, and 4. This enables the
model to robustly reconstruct wood features under vary-
ing resolution degradation scenarios.

3. Data augmentation
Given the limited number of physical wood samples,

a comprehensive data augmentation pipeline was
implemented to expand the dataset size and enhance
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model robustness against real-world industrial varia-

tions. Unlike generic augmentation, we applied specific

transformations tailored to simulate the variable condi-
tions of wood inspection:

1. Geometric Transformations: To model the arbi-
trary orientation of wood logs on conveyor belts,
images were subjected to random rotations of 90°,
180°, and 270°, as well as horizontal and vertical
flipping. Additionally, random affine transforma-
tions were applied with a rotation range of [-15°,
+15°], a scaling factor ranging from [0.8, 1.2], and
a shear range of [-10°, +10°] to simulate variations
in camera distance and shooting angles.

2. Image Degradation Simulation: To ensure the model
could generalize to the low-quality domains (set 2
and set 3), we explicitly simulated acquisition
artifacts on the high-quality training data. This
included Gaussian noise injection (with a mean of 0
and a variance of 0.01) to mimic sensor noise, and
Gaussian blurring (with a fixed kernel size of 3x3)
to simulate motion blur and out-of-focus effects.

3. Through these operations, the diversity of the train-
ing set was significantly enriched, forcing the model
to learn invariant anatomical features rather than
memorizing specific sample orientations.

4. Experimental setup and model implementation

To ensure a rigorous evaluation of the mode’s gener-
alization ability and prevent data leakage, a stratified
partitioning strategy was employed. Before partitioning,
the low-quality images (set 2 and set 3) were pre-pro-
cessed using the VDSR framework to standardize
anatomical clarity across all data sources. Subsequently,
each of the three datasets (set 1, set 2-enhanced, and set
3-enhanced) was individually randomly divided into
three independent subsets: 70% for training, 10% for
validation, and 20% for testing. Crucially, data augmen-
tation was exclusively applied to the training subsets
after partitioning. This approach generated a large-
scale, diverse training corpus while ensuring that the
validation and test sets contained only original, unseen
images, thereby allowing for an unbiased assessment
of performance across different image quality levels.
To systematically evaluate the impact of network
depth and structural mechanisms on wood species recog-
nition, this study selected seven representative CNN
architectures for benchmarking. These include classi-
cal convolutional architectures (AlexNet, VGGNet 16),
multi-branch networks (GoogleNet), residual networks
of varying depths (ResNet 18, ResNet 50, ResNet 101),
and a texture-oriented model (Bilinear CNN) known
for fine-grained classification. Comparative experiments
were conducted across these models to identify the most
effective backbone for the proposed framework.

All experiments were conducted on a workstation
equipped with an NVIDIA GPU using the PyTorch
deep learning framework. During the training phase,
the Stochastic Gradient Descent (SGD) optimizer
was employed to minimize the Cross-Entropy Loss.
The hyperparameters were uniformly configured for all
models to ensure fair comparison: an initial learning
rate of 0.01 (with a decay factor of 0.1 every 30 epochs),
a momentum of 0.9, and a batch size of 128. The models
were trained for 100 epochs, and the weights yielding
the highest accuracy on the validation set were saved
for final testing.

Evaluation methodology

1. Image quality evaluation

In this study, Peak Signal to Noise Ratio (PSNR) and
Structural Similarity Index Measure (SSIM) are used

as image quality evaluation metrics. The Mean Squared
Error (MSE) and PSNR are calculated as follows:

MSE = oS S G) - K@HP (1)

MAX?
MSE

PSNR = 10log (2)

Where I(i,j) and K(i,j) represent the pixel values of the
original high-quality reference image and the recon-
structed image at position (i,j), respectively. M and N
denote the height and width of the image. MAX is the
maximum possible pixel value of the image. A larger
PSNR value indicates better reconstruction quality.

Compared with PSNR, SSIM better reflects the
structural similarity between the reference and recon-
structed images. It is calculated as:

(Zuxuy+61)(20xy+cz)
(ux?+1y2+C1) (052 +0y%+C3)

SSIM(x,y) = 3)

Where and are the mean intensities of images x and y;
and are their respective variances; and is the covari-
ance. and are small constants used to avoid instability
when the denominator is close to zero. The SSIM value

ranges from -1 to 1, with 1 indicating perfect structural

identity.

2. Model evaluation method

The performance of the classification models was evalu-
ated using Accuracy (A), Precision (P), Recall (R), and
F1-score based on the confusion matrix. The calcula-
tion formulas are as follows:

Drewno. Prace naukowe. Doniesienia. Komunikaty



Wang G. et al.: A Practical Vision Framework for Robust Classification of Selected Wood Species under Low-Quality...

A= % (4)
Pi=gie 5)

Ry =gt (6)

F1 — score; = % (7)

Where n represents the number of classes (here, n=3).
denotes the number of samples correctly classified
into class i (True Positives). represents the number
of samples belonging to class i but incorrectly clas-
sified as class j. It is important to clarify that in this
study, a “sample” refers to an individual digital image
(or image patch) input into the neural network, rather
than a physical wood block. Thus, represents the total
number of image samples predicted as class i, and
represents the total number of actual image samples
in class i.

Results and discussion
1. Evaluation of image enhancement effects

In this study, the performance of the VDSR method
in wood image enhancement was comprehensively
evaluated through systematic quantitative analysis and
visual comparison.

In terms of quantitative assessment, Table 1 system-
atically tests the reconstruction capability of VDSR
under different down-sampling scales. The results
show that VDSR achieves a PSNR of 33.643 dB and
a SSIM of 0.990 under the x2 scale factor, both of which
are significantly better than the Bicubic interpolation
(32.704 dB, 0.987). This demonstrates that VDSR
provides superior reconstruction of wood images
in terms of image brightness, contrast, and structure.
This advantage diminishes as the scale factor increases,

and the PSNR difference narrows to 0.083 dB at x4,
indicating that VDSR is more effective in enhancing
images with mild degradation.

In terms of visual quality assessment, Fig. 3 visu-
alizes the ability of VDSR to recover wood grain
teatures. The first row is the overall image, and the
second and third rows are the local zoomed-in images.
Set 2 and set 3 are overall blurred, the wood grain
details are missing, and the edges of the conduits
show obvious jaggedness; after the VDSR treat-
ment (set 2-VDSR, set 3-VDSR), the image quality
is significantly improved, which is mainly manifested
in the following aspects: firstly, in the macroscopic
scale, the reconstructed wood grain continuity is
significantly improved. The original broken growth
wheel structure was restored to its natural transi-
tion characteristics after VDSR; second, in the micro
details, VDSR effectively restored the anatomical
characteristics of the wood. The originally ambig-
uous conduit cross-section showed a clear cell wall
structure after treatment, and the pore size and
distribution pattern were accurately reconstructed.
This detailed restoration is crucial for subsequent
wood identification, especially for species with
discriminatory conduit arrangement patterns.

It is worth noting that although the samples
in Fig. 3 do not correspond exactly to the test condi-
tions in Table 1, the two present a highly consistent
trend of quality change: for better quality samples
(e.g., set 2 and x2 tests), VDSR achieves a significant
visual improvement, while for the severely degraded
samples (e.g., set 3 and x4 tests), the enhancement
effect is relatively limited. This consistency validates
the reliability of VDSR performance.

Combining the quantitative and qualitative
results reveals that VDSR outperforms traditional
methods in both maintaining the structural similar-
ity of wood grain and detail recovery, and is partic-
ularly suitable for processing mildly to moderately
degraded wood images. This conclusion provides
an important preprocessing basis for subsequent
classification experiments.

Table 1. Image quality evaluation results: average PSNR and SSIM for scale factors (x2, x3, x4)

Scale Method PSNR (dB) SSIM
Bicubic 32.704 0.987
2 VDSR 33.643 0.990
Bicubic 27.597 0.962
3 VDSR 27.822 0.965
Bicubic 25.943 0.951
. VDSR 26.026 0.952
6 Drewno. Prace naukowe. Doniesienia. Komunikaty
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Fig. 3. Effect diagram of image reconstruction by super resolution

Impact of image quality on classification
performance

1. Classification results and analysis

Comprehensive comparative experiments were conducted

using the seven selected CNN models to evaluate wood

species recognition performance. As shown in Fig. 4

and Table 2, ResNet 50 exhibited the best overall perfor-
mance, achieving the fastest convergence speed and the

highest accuracy among the evaluated architectures.
Consequently, ResNet 50 was selected as the backbone

for the proposed framework due to its superior capa-
bility in handling the complex features of degraded

wood images.

2. Effect of image quality on classification results

In this study, we systematically analyzed the mechanism
of image quality on wood recognition performance
and found that the sensitivity of different tree species
to image quality was significantly different. As shown
in Fig. 5 and Table 3, when the evaluation shifted from
the test subset of the high-quality dataset (Test set 1) to
the test subset of the low-quality dataset (Test set 3), the
overall accuracy of the model decreased significantly
from 97.2% to 56.5%, indicating that the image quality
is a key factor affecting the classification performance.

It is worth noting that there were significant differences
in the sensitivity of different tree species to image qual-
ity. Among them, the F1 value of Pterocarpus santalinus

Fig. 4. The accuracy and loss curves for different deep learning models: a) represents the change in training set accuracy,
b) represents the change in testing set (Test set 1) accuracy, c) represents the change in training set loss function, and
d) represents the change in testing set (Test set 1) loss function
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Table 2. Precision of Different Deep Learning Models (Bold for Best Model Precision)

Accuracy (%) Training set Test set 1 Test set 2 Test set 3
AlexNet 96.0 90.7 85.2 72.2
VGGNet 16 100.0 96.3 96.3 82.4
GoogleNet 99.9 93.5 92.6 74.1
ResNet 18 100.0 97.2 96.3 74.1
ResNet 50 100.0 98.2 97.2 81.5
ResNet 101 100.0 92.6 92.6 72.2
Bilinear CNN 96.3 93.5 88.9 88.9

Table 3. Performance Metrics of ResNet 50 Trained on Different Image Datasets

Test set 1 Test set 2 Test set 3
Accuracy of training set (%) 100.0 100.0 100.0
Accuracy of test set (%) 97.2 73.2 56.5
P- Pterocarpus santalinus 0.946 0.938 0.375
R- Pterocarpus santalinus 0.972 0.417 0.083
F1- Pterocarpus santalinus 0.959 0.577 0.136
P- Pterocarpus tinctorius 0.971 0.875 0.692
R- Pterocarpus tinctorius 0.944 0.778 0.659
F1- Pterocarpus tinctorius 0.958 0.824 0.675
P- Gluta sp. 1.000 0.600 0.508
R- Gluta sp. 1.000 1.000 1.000
F1- Gluta sp. 1.000 0.750 0.674

Fig. 5. Confusion matrices for different datasets

plummeted from 0.959 to 0.136, showing extremely The Grad-CAM visualization analysis (Fig. 6)
high sensitivity; in contrast, the F1 value of Pterocarpus  revealed that this discrepancy mainly stems from the
tinctorius dropped from 0.958 to 0.675, showing strong  different characteristics of the discriminative features
quality robustness; and the F1 value of Gluta sp. showed  of each tree species. The recognition of Pterocarpus
a decrease in F1 value from 1.000 to 0.674, maintaining  santalinus mainly relies on the specific spatial inter-
a relatively stable identification performance. action pattern formed by the conduits and rays, and
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Fig. 6. Visualization of Grad-CAM: a) Visualization example of the Gluta sp. image from Test set 1,
b) Visualization example of the Pterocarpus tinctorius image from Test set 1,
¢) Visualization example of the Pterocarpus santalinus image from Test set 1,
d) Visualization example of the Pterocarpus santalinus image from Test set 2,
e) Visualization example of the Pterocarpus santalinus image from Test set 3

this kind of mesoscopic scale organization-struc-
tural relationship is highly susceptible to being lost
when the image is degraded. Fig. 6e clearly shows that
in low-quality set 3, the model only captures localized
edge features and fails to recognize complete cathe-
ter-ray spatial arrangement patterns, which directly
leads to its recall plummeting from 0.972 to 0.083.
In contrast, the catheter-distribution radial gradient
feature relied on by Pterocarpus tinctorius is more stable
as a statistical feature, while the Gluta sp.’s periodic ray
cell arrangement produces high-contrast features that
are partially retained when quality decreases, which
allows both to maintain relatively good recognition
performance in low-quality images.

The experimental results show that differentiated
quality control standards need to be established for
the discriminative feature characteristics of differ-
ent tree species in the development of wood recog-
nition systems. Especially for tree species relying
on complex spatial features, more stringent image
acquisition and processing procedures should be
adopted to ensure the integrity of key discrimina-
tive features. These findings provide an important
basis for the optimal design of the wood intelligent
identification system.

3. Effectiveness of data preprocessing

To validate the efficacy of the proposed preprocessing
pipeline (comprising VDSR image enhancement and
data augmentation) in recognizing low-quality wood
images, comparative experiments were conducted
using the ResNet 50 backbone. As shown in Fig. 7 and
Table 4, the integration of image enhancement and data
augmentation yielded significant performance gains,
particularly for the low-quality datasets. Specifically,
while the recognition accuracy for Test set 1 (High
Quality) showed only a marginal improvement from
97.2% to 98.2%—indicating that the baseline model is
already robust for high-quality inputs—the improve-
ments were substantial for the lower-quality datasets.
Notably, the accuracy for Test set 2 (Medium Quality)
increased markedly from 73.2% to 97.2%, and for Test
set 3 (Low Quality), it surged from 56.5% to 81.5%.

These results demonstrate that the proposed prepro-
cessing strategy effectively mitigates the impact of image
degradation. VDSR successfully recovers lost texture
details (e.g., vessel boundaries), while data augmenta-
tion enriches the diversity of the training distribution,
thereby significantly enhancing the model’s general-
ization ability on device-variable inputs.
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Table 4. Model recognition accuracy for different image preprocessing

Accuracy (%) Training set Test set 1 Test set 2 Test set 3
Original data 100.0 97.2 73.2 56.5
Image enhanced 100.0 97.2 76.9 62.0
Dataset expanded 100.0 98.2 97.2 73.2
Enhanced and expanded 100.0 98.2 97.2 81.5

Fig. 7. Confusion matrix of different test sets after image processing: a) without image preprocessing,
b) undergoes image enhancement, c) undergoes data augmentation, d) undergoes image enhancement and data

Discussion

The experimental results demonstrate that the proposed
framework significantly enhances wood species iden-
tification, particularly under low-quality conditions.
While standard CNNs (e.g., ResNet 50) rely heavily
on distinct texture patterns, motion blur and sensor
noise in industrial settings often corrupt these high-fre-
quency details. The core mechanism of our improve-
ment lies in the restoration of anatomical integrity via
VDSR. By sharpening the boundaries of key features
such as vessel pores and wood rays, the framework
enables the classifier to capture discriminative spatial
features that would otherwise be lost. This is evidenced
by the substantial improvement in recognition accu-
racy for the low-quality dataset (from 56.5% to 81.5%),
confirming that software-level enhancement can effec-
tively compensate for data degradation.

In the context of existing literature, our findings
highlight the importance of robustness. Recent studies
such as Wu et al. (2021) and Kirbas & Cifci (2022) have
reported high accuracies (98.2% and 95.88%, respec-
tively) on high-quality datasets using deep CNNs. Our

results on the high-quality dataset (set 1) align with
these benchmarks (98.2%). However, a distinct advan-
tage of our framework is its performance retention
under degradation. Standard approaches often sufter
dramatic accuracy drops when processing low-qual-
ity inputs (as seen in the 56.5% baseline accuracy for
set 3), whereas our method maintains a robust accuracy
of 81.5%. This suggests that integrating super-resolu-
tion preprocessing is a critical strategy for real-world
forestry applications where image quality cannot always
be guaranteed.

From an engineering perspective, these findings
have significant implications for system deployment
flexibility and hardware cost optimization. The ability
to achieve high accuracy with degraded inputs suggests
that standard imaging devices (e.g., standard industrial
cameras or handheld units) can serve as viable alter-
natives to expensive, high-precision imaging systems
in specific scenarios. While the deep learning back-
end currently requires standard GPU acceleration to
ensure robustness, the relaxation of stringent constraints
on image acquisition hardware significantly lowers
the barrier for deployment in complex environments
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like log yards. Furthermore, regarding real-time feasi-
bility, the estimated total inference latency (VDSR +
ResNet 50) is approximately 50-80 ms per image on
a standard GPU. This processing speed allows for
sufficient sampling density on typical timber grading
conveyor lines. Future work will focus on optimizing
the model for edge deployment, potentially exploring
lightweight architectures (e.g., MobileNet) to further
reduce computational costs for handheld systems.

Conclusions

This study proposes a practical and scalable framework
for wood classification in industrial environments.
Incorporating VDSR and multi-scale data augmen-
tation, the proposed method markedly enhances the
recognition performance of deep learning models. This
study systematically evaluated the proposed framework
through the use of three visually similar wood species,
thereby emulating real-world industrial application
scenarios. The experimental results indicate that the
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