



A Chemometric Approach to Timber Species Classification Using Near-Infrared Spectroscopy (NIRS) and SIMCA

Abstract:

This study investigates the potential of using Soft Independent Modeling of Class Analogy (SIMCA) in conjunction with Fourier transform Near-Infrared Spectroscopy (NIRS) as a non-destructive and effective alternative method for classifying four commercially significant Indian timber species: Cedrus deodara (CD), Dalbergia sissoo (DS), Shorea robusta (SR), and Tectona grandis (TG). NIR absorbance spectra were collected using an FT-NIR spectrophotometer and SIMCA models developed through The Unscrambler 10.1 software. Class-specific Principal Component Analysis (PCA) models were employed to construct the classification algorithm. The developed training models achieved perfect classification performance, recording 100% accuracy for TG, CD, DS, and 97.5% for SR. Validation using independent wood samples yielded 100% prediction accuracy for all four species. Additionally, Eucalyptus tereticornis (ET), which was not part of the model calibration, was accurately recognized as distinct, confirming the model’s specificity. The NIRS-SIMCA combination thus provides a dependable and efficient solution for timber species determination, enhancing quality assurance and regulatory adherence in the wood industry.
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Introduction

India, a country of immense geographical and climatic diversity, possesses a rich and varied collection of timber species. This extensive timber resource is of paramount importance to the nation's economic framework, contributing significantly to its industrial and commercial sectors. According to the State Forests Report (2023) by the Forest Survey of India, the country is home to over 1,600 timber species. Each species has a unique set of characteristics such as color, texture, grain structure, density, hardness, and anatomical properties that are crucial in determining its quality. These distinct traits directly influence the processing methods and the final products. The wide variety of structural and material properties makes wood an indispensable resource, used extensively across numerous commercial and industrial sectors.


A precise identification of timber species is paramount for the efficient utilization of this raw material in wood-based industries. Traditionally, this has been accomplished through anatomical analysis using hand tools and  optical  microscopy. This method involves the visual examination of distinct anatomical features revealed by preparing and sectioning the wood along its three principal planes. However, this approach is destructive, costly, and time-consuming, as it requires extensive sample preparation (Gasson 2011., Dormontt et al., 2015; Zhan et al., 2023).

In the last couple of decades, DNA-based markers have emerged as a promising, non-destructive alternative for species identification. While these techniques offer a high degree of precision, their widespread adoption is currently hindered by challenges related to their accessibility, cost, and complexity (Ohyama et al., 2001; Dev et al., 2023; Kim et al., 2024). Consequently, the need for a rapid, accurate, and non-destructive identification method remains a significant challenge for the timber industry.

To address these limitations, researchers have explored alternative, more efficient techniques.  Hermanson and Wiedenhoeft (2011) emphasized the role of microscopic characteristics as a reliable basis for their findings. This foundation was later extended through computational approaches, including image-based classification models (Hafemann et al. 2014) and advanced deep learning frameworks (Kwon et al. 2017), which significantly improved accuracy and efficiency. Parallel to these developments, spectroscopic methods have gained attention, particularly near-infrared (NIR) spectroscopy. Early applications demonstrated its capacity to capture chemical and structural signatures (Adedipe et al. 2008; Russ et al. 2009), while more recent studies have refined its application to species-level discrimination and model robustness (Nisgoski et al. 2017; Park et al. 2017). Together, these anatomical, computational, and spectroscopic approaches provide a complementary toolkit for advancing reliable and non-destructive wood identification. 
Near-infrared (NIR) spectroscopy has emerged as a versatile technique, extensively applied for evaluating diverse wood characteristics (Kothiyal and Raturi, 2011; Raturi et al., 2012; Schimleck and Evans, 2003; Jiang et al., 2006, Deepa et al. 2024). Researchers have used it not only to analyze chemical composition (Watanabe et al., 2006; Alves et al., 2006; Üner et al., 2011; Cho et al., 2016), but also to predict mechanical properties such as strength and stiffness (Zhao et al., 2009; Hovarth et al., 2011; Thumm and Meder, 2001). In addition, several studies have highlighted its effectiveness in assessing moisture dynamics within wood (Eom et al., 2010; Yang et al., 2015; Chang et al., 2015), demonstrating the broad applicability of NIR spectroscopy for non-destructive and rapid evaluation of wood.

This non-destructive and efficient technique has become a preferred method for wood analysis. In the last couple of years, some studies have focused on using NIR spectroscopy for timber species classification (Yang et al., 2019). Early work by Brunner et al. (1996) and Schimleck et al. (1996) demonstrated the potential of this technique by using Principal Component Analysis (PCA) to differentiate between woody species. Subsequent research by Furumoto et al. (1999), Gierlinger et al. (2004), Horikawa et al. (2015), and Tsuchikawa et al. (2003) further validated that combining NIR with chemometric analysis is an effective method for identifying wood species.

As far as classification through NIR spectroscopy is concerned, some earlier studies have demonstrated its effectiveness in differentiating between various wood species. For instance, Yang et al. (2012) successfully used NIR spectra to analyze eight types of rosewood from a Chinese standard collection. They found a strong correlation between the NIR spectra and the wood's color parameters, which enabled the clear discrimination of all eight species. Similarly, Adedipe et al. (2008) achieved rapid, online discrimination of red and white oak by applying SIMCA to NIR spectra, establishing one of the first frameworks for automated wood identification. These studies highlight the potential of NIR spectroscopy, often in conjunction with chemometric tools, to provide a fast and reliable solution for timber classification. 
Russ et al. (2009) successfully used NIR diffuse reflectance spectroscopy and principal-component analysis (PCA) to identify broad-leaved species from wood chips. Tsuchikawa et al. (2003) also demonstrated the effectiveness of this method by combining NIR spectroscopy with Mahalanobis distance to discriminate between nine different woody species. Similarly, Pastore et al. (2011) achieved a high degree of accuracy in classifying tropical hardwoods like mahogany and cedar, with a very low risk of misclassification. Recent advancements, such as a study by Kumar and Raturi (2025), show that this approach is also effective for classifying modified wood. The collective findings from these studies confirm that NIR spectroscopy, when coupled with advanced chemometric techniques, is a powerful tool for wood classification, holding significant promise for applications in quality control and precise species identification within the timber industry.

The present research applies NIR spectroscopy together with the Soft Independent Modeling of Class Analogy (SIMCA) technique to discriminate four of the most important commercial timber species in India. These prominent species under consideration are Tectona grandis (TG), Cedrus deodara (CD), Dalbergia sissoo (DS), and Shorea robusta (SR). These species were deliberately selected due to their broad ecological distribution, high economic value, and representation of India’s diverse wood taxonomy, encompassing both hardwood and softwood categories Near-infrared spectroscopy (NIRS) operates as an indirect analytical tool, meaning it requires the creation of empirical models. These models are developed using chemometric methods like discrimination and classification techniques to correlate a sample's spectral data with its specific properties or category. SIMCA is a statistical classification method introduced by Wold (1976) for pattern recognition, finding widespread use in various fields, including chemometrics. NIR spectra were obtained from the radial wood surface using a fiber-optic probe accessory. These spectra were used as raw data for SIMCA modeling, where the statistical method was applied to create models for each timber species. Subsequently, the classification robustness of each model was rigorously assessed and evaluated. This approach aims to enhance the capabilities of NIR spectroscopy and SIMCA to accurately differentiate and classify the specified timber species based on their unique spectral signatures acquired from the radial wood surface. 
Material and Methods:
Sample preparation

Four mature logs representing each species—Teak - Tectona grandis (TG), Deodar - Cedrus deodara (CD), Sisham - Dalbergia sissoo (DS), and Saal - Shorea robusta (SR)—were selected from the timber yard of the Forest Research Institute in Dehradun, India. A total of 120 solid wood samples were prepared, with 30 samples for each species. All specimens were carefully inspected and found to be free from defects such as knots, cracks, and rot. Each specimen had dimensions of 8(2(2 cm. After air drying (12－15% moisture content on a dry basis), wood samples were sanded using sandpapers of grit numbers 120 and 240 to homogenize and create a high-quality surface finish suitable for subsequent analyses. This process eliminates irregularities that can scatter light inconsistently, ensuring the acquired spectra are reliable and representative of the sample's chemical composition. Wood specimens were stabilized at room temperature, and a narrow range of moisture content was maintained to avoid variation due to this factor in the NIR spectra. 
The Process of NIR Spectrum Acquisition


NIR absorbance spectra were recorded using a Bruker Optics FT-NIR spectrophotometer, model MPA-II (Berlin, Germany), operating over a wavenumber range of 4,000 to 12,820 cm⁻¹ (equivalent to 780–2,500 nm). Measurements were taken in diffuse reflectance mode at a resolution of 8 cm⁻¹ with a zero-filling factor of 2. NIR Spectra of each wood sample were collected from the radial–longitudinal surface using a fiber-optic probe with a TE-InGaAs detector, which has an internal Noise Equivalent Power (NEP) of 2 x 10⁻¹³ WHz⁻¹/². The setup, based on diffuse reflectance principles, allowed for analysis of a small spot size (10 mm) and was suitable for remote assessment of standing trees, logs, and processed timber. For each specimen, spectra were acquired from two equidistant points on opposite radial faces, resulting in four measurement positions. To minimize the effect of natural variability, 32 scans were collected at each of four different positions on each sample. These 128 scans (32 scans/position × 4 positions) were then averaged to produce a single, representative spectrum for each sample. The complete dataset of 120 specimens (30 from each species) was randomly split into calibration and validation groups in a 70:30 ratio, corresponding to 84 and 36 samples, respectively.
Soft independent modeling of class analogy (SIMCA)


SIMCA classification is also known as the similarity and analogy model (Wold, 1976). It is a supervised pattern recognition technique based on a known class model (Panero et al., 2022). In the present study, the model was developed using the Unscrambler 10.1 software (CAMO, Norway) and is designed to categorize data into predefined classes of wood species. For each class, independent models were established using principal components analysis (PCA), which extracts information from the dataset by orthogonalizing the data's variance and representing it in terms of principal components (PCs). The optimal number of principal components (PCs) for each SIMCA class model was determined based on the cumulative explained variance, residual variance, and cross-validation performance
During the development of the SIMCA classification model, each spectrum in the training set is analyzed using PCA tailored to each class. The residuals from these class-specific PCA models are assessed to determine the distribution of residuals for each training set, facilitating the classification of new samples into one or more existing classes (Bylesjö et al., 2006). The main goal of PCA is to generate the score matrix Sk and loading matrix Lk for each wood species within the known classes. The distance from an unknown sample to the centroid of each class is calculated to identify its classification (Jolliffe, 2002; Tsuchikawa, 2015). In chemometrics, inter-sample distances are used as a measure of dissimilarity, and classification is performed by evaluating the relative distance of a sample to the centroid of each predefined class. The sample is assigned to the class whose centroid is closest, indicating the highest similarity to that group (Firmani et al., 2019). This method typically uses two distance metrics: Euclidean distance and Mahalanobis distance (Das et al., 2013). 
 SIMCA Classification Procedure

The Soft Independent Modelling of Class Analogy (SIMCA) framework employs a distance-based approach for pattern recognition and classification (Wu et al., 2020). The modelling and prediction process can be outlined in two sequential phases:

Phase I: Building Class Models Using PCA

Each training dataset corresponding to class k is subjected to Principal Component Analysis (PCA). This process compresses the original spectral information into a lower-dimensional subspace while preserving its key variance structure. The decomposition matrix of the model can be expressed as equation (1)
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represents the residuals spectral matrix.
Each class, therefore, obtains an independent PCA model describing its internal structure.

Phase II: Prediction and Validation

When an unknown spectrum ynew​ is introduced, it is projected onto the PCA model of each class. The similarity is quantified by the orthogonal distance between the sample and its reconstruction within that class subspace. This distance is defined as equation (2)
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where yjnew  is the jth component of the test spectrum, and [image: image14.png]3



 its estimate after projection.

The projection itself is given as equation (3)
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with μk being the mean spectrum of the training set for class k.

The test sample is then assigned to the class for which the orthogonal distance (D⊥​) is minimal. This ensures that the classification is based on the best match between the new observation and the internal PCA space of each category.
3. RESULTS AND DISCUSSION 

3.1 Near-infrared (NIR) spectra
In this research, SIMCA modeling was carried out using unprocessed spectral data. Figure 1a presents the near-infrared (NIR) spectra for the four selected timber species. In contrast, Figure 1b displays the averaged spectra from the training dataset, representing a single characteristic spectrum for each species. The raw spectra revealed differences in absorbance intensity, highlighting the distinct properties of each wood type. Since NIR radiation penetrates less deeply than visible light, particularly in dense materials such as wood, the measurements were taken in diffuse reflectance mode. Variations in absorbance were influenced by multiple factors, including the wood’s chemical makeup, surface texture, and grain orientation (Liu et.al. 2023). These distinctive spectral features provided the basis for SIMCA analysis, enabling precise classification of the different timber species, despite their very similar spectra. 
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Fig 1 (a) Raw NIR absorbance Spectra and (b) Raw average NIR absorbance spectra for: Tectona grandis (TG), Deodar - Cedrus deodara(CD), Sisham -Dalbergia sissoo(DS), and Saal-Shorea robusta (SR). Eucalyptus tereticornis (ET) was included to further test the robustness of the classification model. 
Application of Principal Component Analysis (PCA)


Prior to developing the classification model, Principal Component Analysis (PCA) was performed on the modeling dataset, which consisted of 120 samples (30 from each species). The calibration set’s score plot is presented in Figure 2. The first three principal components accounted for 97% of the total variation in the original dataset. The score values for PC1, PC2, and PC3 showed a clear clustering pattern among the samples (Figure 2), indicating strong separation between species in the reduced-dimensional space. Therefore, the calibration modeling set becomes suitable for establishing a classification model for four timber species: Tectona grandis (TG), Cedrus deodara (CD), Dalbergia sisso (DS), and Shorea robusta (SR), using the SIMCA approach. Significant differences exist among the four species, with Tectona grandis (TG) notably distant from the other three, and Dalbergia sisso (DS) and Shorea robusta (SR) exhibiting proximity. This distinction can be attributed to Tectona grandis (TG)’s unique chemical composition and anatomical structure, which result in distinct spectral signatures that set it apart in the classification models (Deepa et al. 2024).
 Individual PCA models were developed for each of the four timber species (TG, CD, DS, and SR) in the calibration modeling set. These PCA models encapsulated the distinctive chemical information of the corresponding timber species, displaying a good fit without any outliers. Subsequently, a SIMCA prediction model was established, selecting four as the optimal number of components for each of the four SIMCA models. It is worth noting that all distances between different sample sets exceeded by far a value of 3, an observation consistent with Figure 2 (a-b). Notably, the model distance between DS and SR was the smallest, i.e., 32 (larger than 3), while the distance between TG and SR was the largest (813), showing significant differences among all models being easily distinguishable from one another. Each model has a self-distance value of 1, representing complete identity with itself. The distance between TG and CD is (301), between TG and SR is (331), and between CD and DS is (254), while CD and SR are separated by a distance of (56). Overall, these results highlight clear and quantifiable distinctions among the models, providing a strong basis for subsequent analysis, for classification.
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Fig2 (a) 2D and (b) 3D PCA score plot of NIR spectra of four different wood species
Supervised Classification of SIMCA. 

The SIMCA classification model employed in this study is a binary classification model, yielding either a positive (Yes) or a negative (No) outcome. In the context of this research, where four distinct species were considered, it was essential to determine the class of each sample individually. The precision of the SIMCA classification model was assessed using the validation set. The results of the identification of the four species in the test set are presented in Figure 3 that illustrates distance‐to‐model vs. leverage plots for the SIMCA models for Tectona grandis (TG), Cedrus deodara (CD), Dalbergia sissoo (DS), and Shorea robusta (SR). The horizontal axis (leverage) indicates how far each sample lies in the principal components (PC) space relative to the calibration set, while the vertical axis (distance to the model at 5% significance) represents how closely the sample’s spectrum aligns with the corresponding wood‐species model. This classification approach derives from using normalized spectroscopic data as inputs for principal components analysis with leverage measuring the extremity of each sample relative to the training set (Wold, 1976; Esbensen, 2000; Brereton, 2003, Xiao-Li, 2014).  
As shown in Figure 3, SIMCA correctly identified all TG, CD, and DS samples within a 5% significance level as acceptance thresholds. In Figure 3(d), one SR sample exhibited higher leverage, placing it outside the acceptance region for SR; however, due to its pronounced distance from the other species’ models, it was excluded from all four classes. Overall accuracies for TG, CD, DS, and SR reached 100%, 100%, 100%, and 97.5%, respectively. The small error (2.5%) for SR likely resulted from minimal spectral differences and a limited test sample size, aligning with earlier observations that principal component–based methods capture subtle variations but require comprehensive calibration data for optimal accuracy (Tsuchikawa & Yamato, 2003; Adedipe et al., 2008).
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Fig. 3(a-d) Sample-model distance plot of the classification model developed with NIR spectra of four different wood specimens
SIMCA Model Performance on the Validation Set. 

The SIMCA model was applied to classify a total of 75 samples in the test set, 60 from the calibration samples of TG, CD, DS, SR (15 samples of each). To extend the analysis, an additional 15 samples of Eucalyptus tereticornis (ET) not previously included in the SIMCA classification model were incorporated. Figure 4 (a-d) presents the prediction results of the calibration set across the four classes at the 5% significance level, where the ungrouped category represents the ET samples.

As depicted in Figure 4 (a-d), all TG, CD, DS, and SR samples among the validation set were accurately classified. However, all of the ET samples were not mistakenly assigned to any known class (TG, CD, DS, and SR) of SIMCA classification (Figure 4 a-d). This outcome highlights the effectiveness of the proposed SIMCA classification model in accurately handling unknown wood samples. The prediction accuracy for TG, CD, DS, and SR was 100% at the 5% significance level. Significantly, none of the ET samples, which were added as new unknown species (ungrouped) in the test set, were misidentified. Including ET as an unknown species demonstrates that the SIMCA models effectively exclude unknowns, reinforcing their utility for timber identification. Further, ET specimens were deliberately included as a different species, confirming that the models can exclude unknowns that do not appear in the training set. As expected, ET remains consistently outside the acceptance boundaries of all four class models, emphasizing that none of the four PCA models inadvertently accommodates ET’s spectral profile. This is an essential capability for quality control and regulatory oversight in wood‐based industries.
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Fig. 4(a-d) Sample-model distance plot of the classification model developed with NIR spectra of four  different wood specimens, with ET as an unknown specimen 
 CONCLUSIONS 


Combining near-infrared spectroscopy (NIRS) with Soft Independent Modeling of Class Analogy (SIMCA) allows for the powerful and effective differentiation of timber species. The experimental analysis demonstrated that the SIMCA classification model achieved accuracies of 100% for TG, CD, and DS, and 97.5% for SR within the modeling dataset, which was restricted to only one individual per species studied. When applied to predict unknown samples, the model correctly identified all TG, CD, DS, and SR specimens with 100% accuracy. Importantly, none of the Eucalyptus tereticornis (ET) samples were incorrectly classified as any of the four target species. This high level of precision confirms that combining NIRS with the SIMCA approach provides a fast and dependable method for timber species identification. However, it is important to recognize certain practical limitations of this approach. The accuracy of SIMCA models largely depends on the representativeness of the calibration dataset; models built from a limited number of specimens may not capture the full natural variability in wood anatomy, moisture content, or growth conditions across regions. Moreover, variations in surface roughness, sample preparation, and environmental factors such as temperature or humidity can influence NIR spectral responses, potentially affecting prediction reliability under field conditions. Despite these constraints, the NIRS–SIMCA framework remains a promising analytical tool for rapid and objective species discrimination, which can be further strengthened through expanded datasets, standardized sampling protocols, and model transferability studies to ensure broader industrial applicability.
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