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Abstract— The digital transformation of the wood-processing industry increasingly relies on computer vision, artificial
intelligence (Al), and embedded sensing technologies to automate timber quality assessment. This study presents the laboratory
validation (TRL4) of a low-cost embedded computer-vision demonstrator for automated surface-defect detection in beech
(Fagus sylvatica) sawn timber, developed as the first operational module of the SMARTWOOD-AI technology-transfer
platform. The system integrates a Raspberry Pi 4 single-board computer with a Sony IMX500 intelligent camera and employs
an interpretable computer-vision pipeline based on 21 handcrafted colour (HSV), texture (Gray-Level Co-occurrence Matrix
and Local Binary Patterns), and edge-density (Canny) features classified using a Random Forest algorithm. A dataset
comprising 24 beech boards (192 labelled image regions) was evaluated using a board-level train/validation partitioning
strategy to prevent data leakage. The classifier achieved an average accuracy of 88.2% (+7.1%) during five-fold cross-
validation and 82.5% accuracy on an independent validation set, with high sensitivity for defect detection (recall = 0.93, F1-
score = 0.88). The results demonstrate the technical feasibility of the proposed embedded inspection architecture and establish
a reproducible experimental baseline for future integration of deep-learning models, digital twins, and intelligent cutting
optimisation within the SMARTWOOD-AI platform.

Keywords— wood defect detection; embedded computer vision; on-sensor Al; Random Forest; Technology Readiness Level
(TRL4); beech sawn timber; digital twin; edge artificial intelligence; Industry 4.0; smart sawmill.

l. INTRODUCTION

The digital transformation of the wood-processing industry is reshaping the way timber quality is assessed and production
decisions are made. Within the Industry 4.0 and Industry 5.0 paradigms, computer vision, artificial intelligence (Al), edge
computing and digital-twin technologies are increasingly integrated to automate inspection processes, improve production
efficiency and maximise raw-material utilisation. Recent bibliometric evidence based on more than one thousand scientific
publications demonstrates a rapid acceleration of research on Al-assisted wood inspection, with surface quality assessment
representing one of the most active application domains [1]. As a consequence, automated defect detection has become a key
enabling technology for intelligent sawmills, where reliable visual information can directly support optimisation of cutting
strategies and resource utilisation.

Despite these advances, quality grading in many small and medium-sized wood-processing enterprises still relies
predominantly on manual visual inspection. Although experienced operators can identify most visible defects, the process
remains subjective, operator-dependent and sensitive to fatigue, illumination conditions and the inherent variability of natural
wood. These limitations often result in inconsistent grading decisions and inefficient material utilisation [2, 3]. Since natural
defects may reduce industrial timber utilisation to only 50-70% [4], the development of reliable automated inspection systems
remains both an industrial and an economic priority.
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Research on automated wood inspection has evolved considerably during the last two decades. Early approaches relied on
hand-crafted image descriptors combined with conventional machine-learning algorithms. Texture descriptors derived from
the Gray-Level Co-occurrence Matrix (GLCM), Local Binary Patterns (LBP) and other manually engineered features proved
effective for detecting knots and cracks, while ensemble classifiers such as Random Forest offered competitive performance
together with computational efficiency and model interpretability [5-9]. Although these approaches have gradually been
superseded by deep-learning methods, they remain particularly attractive when only limited annotated datasets are available
and when transparent decision-making is required.

During recent years, deep convolutional neural networks (CNNs) and one-stage object detectors of the YOLO family have
become the dominant paradigm for wood defect detection [4, 10-15]. Numerous studies have reported excellent detection
accuracy through specialised architectures designed for small defects, complex textures and multi-scale feature extraction [4,
10-25]. However, these models generally rely on thousands of annotated images, extensive computational resources and offline
training procedures, making them more suitable for mature technological developments than for early-stage laboratory
validation. In parallel, increasing attention has been devoted to edge Al and embedded vision, where lightweight models are
deployed on low-cost hardware platforms such as Raspberry Pi devices [26, 27]. More recently, intelligent vision sensors such
as the Sony IMX500 have introduced the concept of on-sensor Al inference, enabling neural-network execution directly within
the image sensor and significantly reducing data-transfer latency and computational load [28].

Although these technological advances have substantially improved automated defect detection, several important research
gaps remain. Bibliometric analyses identify real-time industrial integration, edge deployment of Al algorithms and the
incorporation of computer vision into digital-twin-based decision systems as emerging research directions that remain
insufficiently explored [1]. Furthermore, most published studies focus primarily on maximising classification accuracy using
large public datasets, whereas comparatively little attention has been paid to the experimental validation of low-cost embedded
inspection systems intended for the early stages of technology maturation. Equally important, many studies perform dataset
splitting at image level rather than at board level, introducing data leakage that may artificially inflate reported performance.

Against this background, the present study addresses these gaps by reporting the laboratory validation (TRL4) of a fully
embedded computer-vision demonstrator developed within the SMARTWOOD-AI platform. Unlike previous studies focused
primarily on algorithmic performance, this work emphasises the technological validation of an integrated inspection chain
combining a Raspberry Pi 4 single-board computer with a Sony IMX500 intelligent camera operating under controlled
laboratory conditions. The proposed solution deliberately employs an interpretable classical machine-learning pipeline based
on twenty-one colour, texture and edge descriptors and a Random Forest classifier, which is particularly suitable for the limited
experimental dataset available at this stage of technological maturity. In addition, the study adopts a rigorous board-level data-
partitioning protocol that prevents data leakage and provides a realistic evaluation of classifier performance. The obtained
results establish the experimental baseline for the subsequent integration of deep-learning models, digital twins and multi-
objective cutting optimisation within the SMARTWOOD-AI platform.

1. MATERIAL AND METHODS
2.1 Experimental Platform

Experimental validation of the demonstrator was conducted in the laboratory of the EMI Research Centre, Faculty of
Engineering, "Vasile Alecsandri" University of Bacau, using a dedicated experimental platform specifically designed to ensure
reproducible image acquisition under controlled environmental conditions. The objective of the experimental setup was to
minimise the influence of external factors, such as illumination variability, geometric distortions and background interference,
thereby enabling the assessment of the proposed computer-vision pipeline under repeatable laboratory conditions consistent
with Technology Readiness Level 4.

The hardware platform consisted of a Raspberry Pi 4 Model B single-board computer, responsible for image acquisition, system
control and execution of the computer-vision algorithms, and a Sony IMX500 intelligent vision camera integrating on-sensor
Al capabilities within a CMOS image sensor. The camera was configured to acquire images at a resolution of 1920 x 1080
pixels with a fixed exposure time of 15 ms and a frame rate of 10 fps. Although the present study employs a classical machine-
learning pipeline executed on the Raspberry Pi, the selection of the IMX500 provides a hardware architecture compatible with
future migration towards embedded deep-learning inference without modifications to the acquisition subsystem.
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To ensure stable imaging conditions, the experimental platform incorporated a controlled illumination system composed of
two symmetrically positioned LED light sources with a colour temperature of 4000-5000 K. The symmetric arrangement
minimised shadows and reduced illumination non-uniformity across the inspected timber surface, while the selected lighting
conditions are representative of those commonly adopted in industrial machine-vision applications. The radiometric
characteristics of the illumination system can be evaluated using the low-cost thermal-sensing methodology previously
developed by the authors [29]. A matte black background was employed to maximise contrast between the timber specimen
and the surrounding scene, facilitating reliable image segmentation, while a dimensional reference marker positioned within
the field of view enabled geometric calibration and dimensional verification of the acquired images.

The Sony IMX500 camera was mounted perpendicular to the timber surface at a fixed working distance of 300 mm, and its
position remained unchanged throughout the entire experimental campaign. Maintaining constant acquisition geometry
minimised perspective distortions and scale variations between successive images, ensuring that the extracted colour, texture
and edge descriptors reflected the intrinsic characteristics of the wood surface rather than variations introduced by the imaging
process.

(b) (©)
FIGURE 1: Experimental image-acquisition stand
(a) Overall view of the experimental stand showing the timber specimen positioned on the matte black background, with
the Sony IMX500 camera mounted perpendicular to the surface and the two symmetrically positioned LED light sources;
(b) Raspberry Pi 4 Model B single-board computer showing the hardware connections; (c) Sony IMX500 intelligent vision
camera mounted on the support structure)

2.2 Experimental Material

The experimental dataset consisted of representative beech (Fagus sylvatica) sawn timber samples collected directly from the
production flow of the industrial partner participating in the SMARTWOOD-AI project. Using industrial material rather than
laboratory-prepared specimens ensured that the analysed surfaces reflected the natural variability of wood encountered in
practical manufacturing environments, including differences in colour, grain orientation, machining traces and naturally
occurring defects.

A total of 24 sawn boards were included in the experimental campaign. The boards had nominal dimensions of approximately
500 mm x 120 mm x 25 mm (length x width x thickness). Moisture content was measured using a resistance-type moisture
meter and was found to be within the range of 8-12%, representative of air-dried industrial timber. Each board was imaged on
both faces under identical acquisition conditions. To increase the number of learning samples while preserving the physical
independence of the observations, each image was uniformly divided into four non-overlapping regions of equal size, resulting
in a dataset of 192 image regions used for classifier development and validation.
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The dataset included both defect-free surfaces and surfaces exhibiting the most common defects encountered in industrial beech
processing, including knots, longitudinal cracks, discolorations, residual bark and combinations of multiple defect types. Only
two of the 24 boards were entirely free of natural defects, reflecting the prevalence of imperfections in industrial timber.
Consequently, the experimental dataset captured the diversity of visual characteristics expected during industrial operation
while remaining representative of an early-stage technology-validation campaign. Although relatively limited in size, the
dataset was considered sufficient for validating the functionality of the proposed demonstrator at Technology Readiness Level
4 (TRL4) and for establishing a reliable experimental baseline for subsequent developments.

2.3 Image Acquisition and Labelling Protocol

All images were acquired using the experimental platform described in the previous section under identical laboratory
conditions. Camera position, acquisition geometry, illumination intensity and exposure parameters remained constant
throughout the entire experimental campaign in order to minimise the influence of external factors on the extracted image
descriptors.

Several image-acquisition strategies were evaluated during the preliminary design phase of the demonstrator. The adopted
protocol consisted of photographing each face of every board at full resolution, followed by uniform segmentation into four
equally sized image regions. This strategy provided three important advantages. First, it increased the number of available
training samples without requiring additional physical specimens. Second, it standardised the spatial dimensions of all analysed
images, ensuring consistent feature extraction. Third, it reduced the influence of local defect distribution by allowing individual
regions of the same board to be analysed independently.

Each segmented image was manually inspected and annotated using a standardised English nomenclature comprising the
classes nodefect, defect_knot, defect _crack, defect_discoloration, defect_bark and defect_mixed. Although the annotation
protocol preserved the specific defect category associated with each image, the present study addressed the more fundamental
problem of binary defect detection, in which all defect categories were merged into a single defect class while maintaining
nodefect as the reference class. This simplification was intentionally adopted because the primary objective of the present work
was the experimental validation of the integrated computer-vision demonstrator rather than the development of a multiclass
defect-recognition system.

To ensure annotation consistency, all labels were reviewed after the initial dataset construction. During this quality-control
procedure, several discrepancies between the preliminary visual assessment and the actual surface condition were identified
and corrected through manual reinspection of the corresponding timber samples. This verification step improved dataset
reliability and reduced the risk of introducing annotation errors into the machine-learning process.

24 Image Pre-processing

Prior to feature extraction, all acquired images underwent a standardised pre-processing pipeline designed to minimise the
influence of acquisition-related variability while preserving the visual characteristics relevant for defect detection. The primary
objective of the pre-processing stage was to ensure that the subsequent colour, texture and edge descriptors reflected the
intrinsic properties of the timber surface rather than variations introduced by the imaging process.

The pre-processing workflow consisted of four consecutive steps. First, the contour of the timber specimen was automatically
identified using Otsu’s thresholding method, which separated the foreground from the matte black background without
requiring manual intervention. Second, small artefacts generated during image acquisition or resulting from mechanical
processing were removed by applying morphological opening operations, thereby reducing the influence of isolated noise on
the extracted descriptors. Third, the detected contour was used to automatically crop the region of interest and eliminate the
surrounding background, ensuring that feature extraction was performed exclusively on the timber surface. Finally, all cropped
images were normalised to a common spatial resolution to guarantee consistent feature computation across the entire dataset.

The adopted pre-processing strategy ensured that all image regions were analysed under comparable conditions despite the
natural variability of timber geometry. By reducing background interference, geometric inconsistencies and acquisition noise,
the pre-processing stage increased the robustness and repeatability of the extracted colour, texture and edge features, thereby
improving the reliability of the subsequent machine-learning classification.

Page | 33


http://www.ijoer.com/
https://dx.doi.org/

International Journal of Engineering Research & Science (IJOER) ISSN: [2395-6992] [Vol-12, Issue-8, August- 2026]

Website: www.ijoer.com Journal DOI: 10.25125/engineering-journal
25 Feature Extraction

Following image pre-processing, each image region was represented by a numerical feature vector describing complementary
visual characteristics of the timber surface. The objective of the feature-extraction stage was to transform the raw image into a
compact and discriminative representation suitable for machine-learning classification while maintaining computational
efficiency and model interpretability, both essential requirements for an embedded TRL4 demonstrator.

A total of 21 hand-crafted features were extracted and grouped into four complementary descriptor families:

e Colour features (6 features), represented by the mean and standard deviation of the Hue (H), Saturation (S) and Value
(V) channels of the HSV colour space. Colour space conversion from RGB to HSV was performed using the standard
OpenCV implementation (cv2.COLOR_BGR2HSV). Compared with the RGB representation, the HSV space
provides improved separation between chromatic information and illumination intensity, making it more suitable for
analysing natural variations in wood colour.

e Texture features derived from the Gray-Level Co-occurrence Matrix (GLCM) (5 features), including contrast,
homogeneity, correlation, energy and dissimilarity. GLCM features were computed on grayscale images using a pixel
distance of 1 and averaged over four directions (0°, 45°, 90°, 135°), with 256 quantization levels. These second-order
statistical descriptors characterise the spatial relationships between neighbouring pixels and have been widely used
for discriminating natural wood defects such as knots, cracks and discolorations [5-9].

e Local Binary Pattern (LBP) descriptors (6 features), computed using uniform patterns with a radius of 1 and 8
neighbours. Statistical measures derived from the LBP histograms (mean, variance, skewness, kurtosis, entropy, and
energy) were extracted as features. LBP descriptors provide an efficient representation of local micro-texture and are
particularly robust to moderate illumination variations, making them well suited for characterising the heterogeneous
surface structure of sawn timber.

e Structural information (4 features), represented by the edge density and three additional statistical descriptors
(mean, variance, and number of edge pixels) obtained using the Canny edge detector. The Canny parameters were set
to threshold values of 50 and 150 for the lower and upper hysteresis thresholds, respectively. The edge-density feature
quantifies the amount of local structural discontinuities associated with cracks, fibre disruptions and defect
boundaries.

The combination of these descriptor families enabled the simultaneous representation of chromatic, textural and structural
information, providing complementary evidence for distinguishing defective from defect-free timber surfaces. This hybrid
feature representation was intentionally selected because it offers a favourable compromise between computational complexity,
interpretability and classification performance for relatively small experimental datasets, where feature-based machine-
learning methods remain a practical alternative to data-intensive deep-learning approaches.

To further analyse the contribution of each descriptor family, the relative importance of every feature was subsequently
estimated using the intrinsic feature-importance mechanism of the Random Forest classifier. This analysis not only supported
the interpretation of the classification results but also identified the most informative visual characteristics for future
optimisation of the feature set and for comparison with subsequent deep-learning models.

2.6 Classification Model

Image classification was performed using the Random Forest algorithm, an ensemble learning method that combines multiple
decision trees through majority voting. Random Forest was selected because it provides a favourable balance between
classification performance, robustness and computational efficiency, making it particularly suitable for relatively small
experimental datasets composed of heterogeneous colour, texture and structural descriptors. In addition, the algorithm requires
only limited parameter tuning, exhibits good generalisation capability and is less susceptible to overfitting than many individual
decision-tree models.

The selection of Random Forest was also motivated by the objectives of the present study. Rather than maximising
classification accuracy, the primary goal was to validate the functionality of the complete embedded computer-vision
demonstrator under Technology Readiness Level 4 conditions using a representative, but relatively limited, experimental
dataset. Under these circumstances, feature-based machine-learning methods provide a practical and computationally efficient
solution while maintaining full compatibility with low-cost embedded hardware platforms.
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Although deep-learning approaches based on Convolutional Neural Networks (CNNSs) currently represent the state of the art
for automated wood-defect detection [10-15, 18-23], their successful application generally requires substantially larger
annotated datasets together with significantly greater computational resources for model training and optimisation.
Consequently, the adoption of a Random Forest classifier should be regarded as a deliberate methodological choice aligned
with the objectives and maturity level of the proposed demonstrator rather than as a limitation of the developed system.

An additional advantage of the selected classifier is its intrinsic capability to estimate the relative importance of each input
feature. This feature-importance analysis provides valuable insight into the contribution of colour, texture and edge descriptors
to the classification process, improving model interpretability and supporting the optimisation of future computer-vision
models. Such interpretability is particularly valuable in industrial decision-support applications, where transparent and
explainable classification results facilitate system validation and user confidence.

The Random Forest classifier was implemented in scikit-learn (version 1.9.0) with 200 trees (n_estimators = 200), the Gini
splitting criterion, and no maximum depth constraint (max_depth = None). The number of trees was selected based on
preliminary experiments indicating convergence of the out-of-bag error at approximately 150-200 trees. A fixed random seed
(random_state = 42) was used to ensure reproducibility. To mitigate the pronounced class imbalance of the training set, class
weights were set to "balanced™ (class_weight = "balanced™), which inversely weights each class in proportion to its frequency;
the remaining hyperparameters were kept at their scikit-learn default values.

2.7 Experimental Validation Protocol

To obtain an unbiased estimate of classifier performance, the experimental dataset was partitioned at the physical-board level
rather than at the image level. Consequently, all image regions originating from the same timber board were assigned
exclusively to either the training or the validation subset, preventing information leakage between the two datasets. This
strategy ensured that the validation process evaluated the classifier on previously unseen physical specimens rather than on
visually similar regions extracted from the same board, thereby providing a more realistic assessment of its generalisation
capability.

Classifier development and performance evaluation were carried out using five-fold cross-validation on the training dataset,
followed by an independent evaluation on the validation set. Cross-validation was employed to assess the stability of the model
and to reduce the influence of the relatively limited dataset size, whereas the independent validation set provided an unbiased
estimate of the expected performance under practical operating conditions.

Performance was quantified using the standard metrics adopted for binary classification, namely accuracy, precision, recall,
F1-score, and the confusion matrix. These complementary indicators allow both the overall classification performance and the
class-specific behaviour of the model to be evaluated, providing a comprehensive assessment of its suitability for automated
defect detection.

Confidence intervals for the validation accuracy were computed using the Wilson score method, which is appropriate for
binomial proportions estimated on small samples.

2.8 Demonstrator Software Architecture

The developed demonstrator integrates the complete computer-vision workflow into a modular embedded architecture
comprising five functional components: (i) image acquisition, (ii) image preprocessing and normalisation, (iii) feature
extraction, (iv) Random Forest classification, and (v) result visualisation and data storage.

The overall processing workflow, illustrated in Figure 2, begins with image acquisition using the Sony IMX500 intelligent
vision camera. The acquired images undergo automatic identification of the timber surface, followed by background removal,
geometric normalisation and segmentation into individual analysis regions. For each region, colour, texture and structural
descriptors are extracted and assembled into a numerical feature vector, which is subsequently classified by the Random Forest
model as either defect or nodefect. Finally, the classification results are displayed and stored for further analysis and integration
with the higher-level modules of the SMARTWOOD-AI platform.

The complete software pipeline was implemented in Python and executed on the Raspberry Pi 4 embedded platform. The
successful integration of image acquisition, pre-processing, feature extraction and classification within a low-cost embedded
system demonstrates the feasibility of performing automated timber inspection without relying on external computing
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infrastructure. This experimental validation establishes the technological basis for the future integration of deep-learning
models, digital-twin functionality and intelligent cutting optimisation within the SMARTWOOD-AI platform.
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FIGURE 2: Functional processing flow of the experimental demonstrator

1. RESULTS AND DISCUSSION
3.1 Experimental Configuration

The proposed computer-vision demonstrator was experimentally validated using the dataset described in Section 2 under
controlled laboratory conditions. The complete dataset comprised 192 image regions extracted from 24 beech (Fagus sylvatica)
boards, with data partitioning performed at the physical-board level to prevent information leakage between the training and
validation subsets.

The Random Forest classifier was trained using the extracted colour, texture and structural descriptors. Model robustness was
first assessed through five-fold cross-validation on the training dataset and subsequently verified using an independent
validation set composed of previously unseen timber boards. This evaluation strategy provided both an estimate of model
stability during training and an unbiased assessment of its generalisation capability.

Table 1 summarises the distribution of defect and defect-free samples used for training and independent validation. As expected
for industrial timber, the experimental dataset exhibits a pronounced class imbalance, with defective surfaces representing the
majority of the analysed samples. This class distribution is representative of the material selected for the present laboratory
validation and constitutes an additional challenge for automated classification.
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TABLE 1
COMPOSITION OF THE TRAINING AND VALIDATION SETS

Training 152 138
Validation 40 28
3.2 Classifier Performance

The classification performance of the proposed demonstrator was evaluated using the standard metrics for binary classification,
namely accuracy, precision, recall and F1-score. The Random Forest classifier achieved an average accuracy of 88.2% (+7.1%)
during five-fold cross-validation on the training dataset and 82.5% accuracy on the independent validation set (33 of 40 image
regions correctly classified; 95% Wilson confidence interval: 68.1-91.3%). The relatively wide confidence interval reflects the
limited size of the validation dataset and is consistent with the exploratory nature of this laboratory-scale TRL4 validation. The
cross-validation standard deviation of +7.1% indicates moderate variability across different training/validation splits, which is
expected given the limited dataset size and the class imbalance. These results indicate that the proposed embedded computer-
vision system is capable of reliably distinguishing defective from defect-free timber surfaces under controlled laboratory
conditions.

The lower performance observed on the independent validation set compared with cross-validation is expected because the
validation images originate from previously unseen physical boards and therefore provide a more rigorous assessment of model
generalisation. Considering the relatively limited size of the experimental dataset and the inherent variability of natural wood,
the obtained performance confirms the suitability of the proposed methodology for laboratory validation.

The class-wise evaluation metrics are presented in Table 2. The classifier achieved higher performance for the defect class than
for the nodefect class, with a defect-class recall of 0.93, indicating that the majority of defective surfaces were correctly
identified. This behaviour is particularly relevant for industrial inspection applications, where minimising missed defects is
generally more important than eliminating all false-positive detections.

TABLE 2
CLASS-WISE PERFORMANCE OF THE RANDOM FOREST CLASSIFIER ON THE VALIDATION SET

nodefect (n = 12) 0.78 0.58
defect (n = 28) 0.84 0.93
3.3 Confusion Matrix Analysis

The confusion matrix obtained for the independent validation set provides a detailed overview of the classifier performance
and the distribution of correctly and incorrectly classified samples (Table 3 and Figure 3). Overall, the classifier correctly
identified 33 of the 40 analysed image regions, corresponding to an overall validation accuracy of 82.5%.

TABLE 3
CONFUSION MATRIX OF THE RANDOM FOREST CLASSIFIER

Nodefect 7 5

Defect 2 26
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FIGURE 3: Confusion matrix of the Random Forest classifier.

The classifier demonstrated a strong ability to identify defective timber surfaces, correctly recognising 26 of the 28 defect
samples, corresponding to a recall of 0.93 for the defect class. Only two defective samples were incorrectly classified as defect-
free, indicating a relatively low false-negative rate.

Performance for the nodefect class was comparatively lower, with 7 of the 12 defect-free samples correctly identified and 5
samples incorrectly classified as defective. Consequently, the classifier exhibits a tendency to favour high defect sensitivity at
the expense of a larger number of false-positive detections. Such behaviour is consistent with the design objectives of an early-
stage inspection system, where overlooking a defective timber piece is generally considered more critical than submitting a
sound piece for additional inspection.

Visual examination of the misclassified samples indicates that most classification errors occurred in image regions
characterised by subtle defects, pronounced natural texture variability or machining artefacts that locally altered the surface
appearance. These observations suggest that the extracted texture descriptors successfully capture structural irregularities
associated with defects but may also respond to non-defect surface features presenting similar visual characteristics. A more
detailed analysis of the underlying error mechanisms is presented in Section 3.5.

3.4 Feature Importance Analysis

One of the principal advantages of the Random Forest algorithm is its ability to estimate the relative contribution of each input
feature to the classification process. The feature-importance analysis, presented in Figure 4, provides insight into the visual
characteristics that most strongly influenced the classifier decisions.

The obtained results indicate that texture descriptors contributed most significantly to the classification performance. Features
derived from the Gray-Level Co-occurrence Matrix (GLCM) and Local Binary Patterns (LBP) consistently exhibited the
highest importance values, demonstrating that local texture information represents the most discriminative characteristic for
distinguishing defective from defect-free beech timber surfaces.

The HSV colour descriptors provided a complementary contribution by capturing chromatic variations associated with defects
such as discolorations and bark inclusions. Although their overall importance was lower than that of the texture descriptors,
colour information contributed to improving the discrimination between visually similar surface regions. The edge-density
feature, computed using the Canny detector, showed the smallest contribution, indicating that structural discontinuities alone
are insufficient for reliable defect identification but provide useful complementary information when combined with colour
and texture descriptors.

Overall, the feature-importance analysis confirms that the adopted hybrid representation successfully captures complementary
visual information describing timber surfaces. The predominance of texture descriptors is consistent with the visual
characteristics of natural wood defects and supports the selection of GLCM and LBP features as the principal components of
the proposed computer-vision pipeline.

Page | 38


http://www.ijoer.com/
https://dx.doi.org/

International Journal of Engineering Research & Science (IJOER) ISSN: [2395-6992] [Vol-12, Issue-8, August- 2026]
Website: www.ijoer.com Journal DOI: 10.25125/engineering-journal

Feature Importance — Random Forest
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FIGURE 4: Relative importance of the features used by the Random Forest classifier
3.5 Discussion

The present study demonstrates the technical feasibility of a low-cost embedded computer-vision system for the automated
identification of defects in beech sawn timber under controlled laboratory conditions. Rather than aiming to maximise
classification accuracy, the primary objective was to validate the integration of image acquisition, pre-processing, feature
extraction and automatic classification into a single functional demonstrator corresponding to Technology Readiness Level 4
(TRL4). From this perspective, the successful operation of the complete processing chain confirms that the proposed
architecture constitutes a reliable technological foundation for the subsequent industrial development of the SMARTWOQOOD-
Al platform.

The objective of the present work was therefore fundamentally different from that of algorithm benchmarking studies. Instead
of maximising predictive performance on large public datasets, the emphasis was placed on demonstrating the feasibility,
robustness and reproducibility of an integrated embedded inspection architecture suitable for subsequent industrial maturation.

The Random Forest classifier achieved an accuracy of 82.5% on the independent validation set and 88.2% (£7.1%) during
five-fold cross-validation. Although these values are lower than those typically reported for recent deep-learning architectures
trained on large public datasets [10-15, 18-23], the comparison should be interpreted with caution because the experimental
conditions differ substantially. Most state-of-the-art CNN- and YOLO-based studies rely on several thousand annotated
images, extensive data augmentation and high-performance computational resources, whereas the present work intentionally
focuses on a limited experimental dataset representative of an early technology-development stage. Consequently, the reported
performance should not be regarded as the maximum achievable accuracy of the proposed methodology, but rather as evidence
that an embedded inspection chain based on classical machine-learning techniques can already provide reliable defect
discrimination while maintaining computational simplicity, model interpretability and low hardware requirements.

To better position the proposed demonstrator within the current state of the art, Table 4 compares representative studies on
automated wood-defect detection. Unlike recent research, which has primarily focused on improving classification
performance through increasingly sophisticated deep-learning architectures trained on large image datasets, the present work
addresses the laboratory validation of a complete embedded computer-vision system intended for early-stage technology
maturation. Therefore, the comparison emphasises methodological characteristics and research focus rather than direct
numerical performance, since the reported results were obtained under substantially different experimental conditions.
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TABLE 4
POSITIONING OF THE PROPOSED EMBEDDED COMPUTER-VISION DEMONSTRATOR WITH RESPECT TO
REPRESENTATIVE STUDIES ON AUTOMATED WOOD-DEFECT DETECTION

Reference Method Experimental data . Embedded. Research focus
implementation
Hu et al. [5] GLCM—based_ texture Knot image dataset No Classical machlne_—wsmn
analysis defect detection
Urbonas et Faster R-CNN Veneer image dataset No Deep-learning veneer defect
al. [18] detection
Gao et al. ResNet—34_ (transfer Knot image dataset No CNN-based knot classification
[19] learning)
An et al. [4] CWB-YOLOVS Mu'ltl-speues wood No Real-time wc_>0d defect
image dataset detection
L|r[11e7t]al. WDNET-YOLO Structural timber dataset No Structural timber inspection
War[?;it al. Improved YOLOVS8 Wood surface dataset No Surface defect detection
Random Forest + 24 industrial beech TRL4 validation of an
This work embedded vision boards (192 image Yes integrated embedded
system regions) inspection system

As shown in Table 4, most published studies concentrate on algorithmic optimisation using large annotated datasets and high-
performance computing platforms, whereas comparatively little attention has been paid to the experimental validation of
complete embedded inspection systems. The proposed demonstrator addresses this gap by integrating image acquisition, pre-
processing, feature extraction and classification into a low-cost embedded architecture validated at Technology Readiness
Level 4, thereby establishing the technological foundation for subsequent industrial development within the SMARTWOOD-
Al platform.

An important aspect of the proposed methodology is the adoption of board-level data partitioning, which prevents information
leakage between the training and validation sets. In wood inspection, several image patches frequently originate from the same
physical board. Splitting datasets at image level may therefore allow visually similar regions from the same specimen to appear
simultaneously in both subsets, artificially increasing the reported performance. By performing the split at the physical-board
level, the present study provides a more conservative and realistic estimate of classifier generalisation, which is particularly
important for small experimental datasets intended for technology validation rather than algorithm benchmarking.

Another noteworthy outcome concerns the feature-importance analysis. The dominant contribution of GLCM- and LBP-based
descriptors confirms that surface texture remains the most discriminative source of information for identifying natural wood
defects. This observation is fully consistent with previous studies demonstrating that texture descriptors retain considerable
discriminative power even in the presence of heterogeneous wood anatomy [5-9]. At the same time, the comparatively smaller
contribution of HSV colour features suggests that chromatic information alone is insufficient for distinguishing defects from
natural variations in beech wood, reinforcing the importance of combining complementary descriptor families.

3.5.1 Classification Error Analysis

The detailed analysis of classification errors provides further insight into the behaviour of the proposed model. The classifier
achieved high performance for the defect class (precision = 0.84, recall = 0.93), indicating that the system successfully
identifies the majority of surfaces containing visible defects. Conversely, the performance for the nodefect class (precision =
0.78, recall = 0.58) is substantially lower. This imbalance is largely explained by the experimental dataset itself: although
segmentation increased the number of image samples, only two physical boards without defects were available for training,
limiting the actual variability represented by this class.

A detailed investigation of the misclassified board01 illustrates this phenomenon. The board was visually confirmed to be free
of natural defects but was predominantly classified as defective. An initial hypothesis attributed this behaviour to chromatic
characteristics, assuming that its lighter colour might resemble discolouration defects. However, comparison of the HSV
feature distributions showed that the colour statistics of board01 were considerably closer to those of the nodefect class than
to those of defective boards. Consequently, chromatic information alone cannot explain the observed misclassification.
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Instead, detailed visual inspection revealed superficial circular-saw machining traces accompanied by local fibre disruption.
Although these artefacts do not represent natural wood defects, they modify the local texture sufficiently to generate responses
similar to those produced by knots or cracks in GLCM- and LBP-based descriptors. This interpretation is consistent with
previous reports highlighting the influence of wood texture and machining artefacts on automated inspection performance [17].
The results therefore suggest that the current classifier is more sensitive to structural texture variations than to colour
differences, an observation that agrees with the feature-importance analysis presented in Section 3.4.

Several strategies could be considered to mitigate the influence of machining artefacts in future work. These include (i)
additional preprocessing steps such as directional filtering to reduce the prominence of saw marks, (ii) the use of orientation-
invariant texture features that are less sensitive to directional patterns, and (iii) the incorporation of larger spatial context
windows to distinguish between local machining traces and genuine defect patterns. Such approaches would likely improve
the specificity of the classifier without compromising its sensitivity to actual defects.

From an industrial perspective, the observed error distribution is not necessarily undesirable. The classifier favours high
sensitivity to defects, producing relatively few false negatives while accepting a higher number of false positives. Since a sound
board incorrectly classified as defective can subsequently be verified by an operator, whereas an undetected defect may
compromise downstream processing and product quality, this operating point represents a reasonable compromise for an early-
stage inspection system.

3.5.2 Limitations

The present results should be interpreted within the context of a laboratory demonstrator developed for TRL4 validation.
Several limitations must therefore be acknowledged.

First, the experimental dataset remains relatively small and exhibits a pronounced class imbalance, with only two physically
defect-free boards. Although image segmentation increased the number of training samples, it could not compensate for the
limited diversity of the underlying material. This limitation is particularly relevant for the nodefect class, where the small
sample size may not adequately represent the full range of natural variation in defect-free beech wood.

Second, the feature-based Random Forest approach deliberately prioritises interpretability and computational efficiency over
maximum predictive performance. While hand-crafted descriptors proved suitable for validating the technological concept,
they cannot fully capture the complex hierarchical image representations learned automatically by modern deep-learning
architectures. Consequently, the reliable identification of subtle defects such as micro-cracks, incipient knots or irregular grain
distortions will likely require CNN- or YOLO-based models trained on substantially larger datasets [16].

Third, several uncontrolled industrial artefacts—including machining marks, chalk annotations, glove traces and transport-
induced surface modifications—were observed during the experimental campaign. Although their influence was documented
qualitatively, their quantitative impact on classifier performance was not analysed separately. Future investigations should
therefore include systematic annotation of such artefacts in order to distinguish manufacturing traces from genuine wood
defects.

Finally, the present work validates only the computer-vision module of the SMARTWOOD-AI architecture. The digital-twin
framework, multi-objective cutting optimisation and closed-loop decision system constitute subsequent development stages
and were intentionally excluded from the scope of the present TRL4 validation.

3.6 Industrial Implications and Integration into SMARTWOOD-AI

The proposed demonstrator should be regarded as the first operational building block of the SMARTWOOD-AI platform rather
than as a complete industrial inspection solution. Its primary contribution is the experimental validation of a fully integrated
embedded vision system capable of generating objective defect information under controlled laboratory conditions.

Within the planned SMARTWOOD-AI architecture, these defect maps will provide the input for digital-twin models
representing individual timber pieces, enabling multi-objective optimisation of cutting strategies and closed-loop decision
support [30-33]. This development trajectory is fully aligned with recent research advocating the integration of computer
vision, digital twins and intelligent production planning for next-generation sawmills [28, 31-33].

The technological choices adopted in the present work also support this progression. The use of a low-cost embedded platform
facilitates future industrial deployment, while the interpretable Random Forest model establishes a transparent experimental
baseline against which more sophisticated CNN- and YOLO-based approaches can be objectively evaluated. As the
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experimental database expands with images collected under real industrial conditions, the current feature-based methodology
will gradually evolve towards multiclass detection and localisation models capable of identifying individual defect types,
ultimately supporting the progression from laboratory validation (TRL4) to industrial demonstration (TRL7) and technology
transfer (TRL9).

V. CONCLUSION

This paper presented the laboratory validation of a low-cost embedded computer-vision demonstrator for the automated
detection of defects in beech sawn timber, developed as the first functional module of the SMARTWOOD-AI platform. The
study demonstrated that an integrated inspection chain combining embedded image acquisition, image preprocessing, hand-
crafted feature extraction and Random Forest classification can successfully operate under controlled laboratory conditions,
thereby fulfilling the requirements associated with Technology Readiness Level 4 (TRL4 — Technology validated in
laboratory).

The experimental evaluation confirmed the technical feasibility of the proposed approach. The demonstrator achieved 82.5%
accuracy on an independent validation set, while maintaining high sensitivity for defect detection (precision = 0.84, recall =
0.93 for the defect class). Although the experimental dataset was intentionally limited and highly imbalanced, the adopted
methodology—including board-level data partitioning, feature-importance analysis and critical error evaluation—provided a
realistic assessment of the system performance and established a robust experimental baseline for future developments.

Beyond the reported classification performance, the principal contribution of this work lies in the validation of an embedded
inspection architecture rather than in the optimisation of a single machine-learning algorithm. The proposed system
demonstrates that interpretable classical computer-vision techniques remain a practical solution during the early stages of
technology maturation, particularly when limited datasets, low computational requirements and transparent decision-making
are important design constraints. Furthermore, the integration of a Raspberry Pi 4 with a Sony IMX500 intelligent vision sensor
represents a promising embedded architecture for future industrial deployment of Al-assisted timber inspection systems.

The findings also identify the main challenges that must be addressed before industrial implementation. These include
increasing the diversity and size of the experimental dataset, improving robustness against machining artefacts and natural
texture variability, and extending the methodology from binary classification towards multiclass defect detection and
localisation using deep-learning models.

Finally, this work establishes the technological foundation for the subsequent development of the SMARTWOOD-AI platform.
The validated computer-vision module will provide objective defect information to future digital-twin models, multi-objective
cutting optimisation algorithms and closed-loop decision-support mechanisms. The present work therefore provides not only
a validated embedded computer-vision demonstrator but also a reproducible experimental framework that can support the
progressive maturation of Al-assisted timber inspection systems from laboratory validation (TRL4) towards industrial
deployment (TRL9).
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