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Abstract

The misrepresentation of timber provenance undermines global supply chain
transparency and sustainable forest management practices. Although refer-
ence forensic approaches, such as stable isotope analysis and chemical and
genetic approximations, are reliable, their high cost and complexity hinder their
widespread adoption. This work evaluates the feasibility of a high-throughput
framework for provenance classification that integrates VIS-NIR flame emission
spectroscopy dynamics and an end-to-end deep learning model. Eucalyptus glob-

ulus samples were harvested from five distinct geographical sectors in Chile and
subjected to controlled combustion. Combustion kinetic profiles were recorded
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using a VIS-NIR spectrophotometer and processed using Transformer archi-
tecture, benchmarked against Support Vector Machine (SVM) and XGBoost
classifiers. The proposed model achieved a test accuracy and F1-score of 97.5%,
significantly outperforming SVM (80.0%) and XGBoost (62.5%) baselines. Tra-
ditional models exhibited severe overfitting owing to static feature compression,
whereas the Transformer successfully captured the transient temporal patterns
of the combustion cycle. Interpretable feature attribution analysis using Shapley
Additive exPlanations (SHAP) confirms that the classification relies on specific
atomic emission lines (potassium doublet at 766.4 and 770.1 nm), validating the
physico-chemical basis of the model. These findings confirm that treating wood
provenance as a dynamic pattern recognition task yields superior robustness,
providing a data-efficient basis for a compact optical sensor for traceability that
complements existing timber tracing frameworks.

Keywords: wood tracing, forestry, spectroscopy, explainable artificial intelligence,
deep learning

1 Introduction

Timber authentication and provenance verification increasingly require analytical
methods that are rapid, objective, and scalable for routine screening at checkpoints,
mills, and borders [1]. Wood is a strategic and widely used material across sectors
such as construction, manufacturing, design, energy, and heating, with a global sup-
ply chain [2–4]. However, this supply chain faces persistent challenges in terms of
illegal logging. Worldwide, the associated economic losses are estimated at US$30–
100 billion per year, and in some countries, illegally sourced timber may account for
up to 90% of sector exports [5]. In the Amazon, losses have been reported in the order
of US$558–639 million, while in Chile estimates are around US$200 million [6, 7]. In
addition to the economic and social impacts caused by market distortion, tax evasion,
and unfair competition, illegal logging threatens protected species, degrades habitats,
and undermines key ecosystem services [8, 9].

In response, substantial international, regulatory, and market-based efforts have
been made to curb illegal logging by tightening enforcement, mandating due diligence,
and expanding certification and traceability schemes [10, 11]. However, a persistent
bottleneck across these initiatives is the ability to quickly and reliably verify timber
provenance in operational settings, which is essential for preventing the entry of ille-
gally harvested wood into legitimate supply chains [1]. Currently, prevailing forensic
approaches, such as genetic approximations and chemical or isotopic fingerprinting,
have major drawbacks: they typically require specialist laboratories and consider-
able time and cost [12–14]. While these methods remain reference benchmarks for
wood provenance studies, their analytical complexity and high operational costs often
restrict large-scale adoption [15, 16].

Spectroscopic techniques have been increasingly established for discriminating
wood species and their geographic origins. Visible-near-infrared (VIS–NIR) spec-
troscopy can be used to characterize wood and its derivatives by identifying the
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physicochemical signatures encoded during their growth [17–19]. Notable studies have
demonstrated the efficacy of coupling reflectance data with chemometrics to iden-
tify timber provenance under controlled conditions, establishing these methods as
robust tools for laboratory-based screening [20–22]. Although the broader literature
supports these workflows, significant operational constraints remain. Sensitivity to
moisture content, surface roughness, and instrument calibration needs hinder cross-
site deployment, highlighting the need for more robust verification systems and robust
chemometric techniques [23–26].

Although VIS–NIR reflectance spectroscopy of solid samples remains the standard
for wood identification, recent studies have highlighted that chemical signatures can
also be extracted from visible flame emission spectra [27]. When coupled with super-
vised machine learning, temporal-spectral features in the 450–900 nm range, such as
the K/Na ratio, flame temperature, and total continuous radiation, have been shown
to encode sufficient physico-chemical information for robust discrimination. This posi-
tions flame emission spectroscopy as a rapid, cost-effective complement to conventional
reflectance methods, with the potential to probe elemental composition linked to
growth conditions.

In Chile, Eucalyptus globulus is a strategically relevant hardwood for industrial
forestry, particularly because of its importance in timber and pulp-related value chains
[28]. From an analytical standpoint, provenance verification is non-trivial because
growth conditions can modulate the physicochemical properties that ultimately influ-
ence the optical signatures measured either in reflectance or in combustion emission
[25, 29]. This makes Eucalyptus globulus a suitable and practically motivated target
species for evaluating provenance classification methods that aim to operate under
scalable screening paradigms in the future.

This study applies visible-near-infrared (VIS–NIR) combustion spectroscopy (450–
850nm) to determine the provenance of Eucalyptus globulus using samples collected
from five distinct sectors in the Bio-B́ıo Region of south-central Chile [28]. We aim
to show that spectral variations in the emission profile reflect distinct site-related
chemistry, thereby enabling geographic classification. Unlike traditional approaches
that reduce the burning event to average values, this study treats each sample as
a kinetic physico-chemical process. By analyzing the full temporal patterns of the
emission lines, we aim to extract transient provenance signatures that are otherwise
lost in static aggregation.

We applied chemometric techniques to correlate spectral emission dynamics with
geographical provenance, benchmarking the proposed Transformer network against
Support Vector Machine (SVM) and Extreme Gradient Boosting (XGBoost) base-
lines. The models were trained using input vectors that combined broadband emission
profiles with discrete line intensities. Cross-validation was used to assess the gener-
alization performance across the harvest sectors. This work validates the feasibility
of a rapid and cost-effective provenance classification framework. By combining flame
emission spectroscopy with deep learning, this framework offers a robust tool for ver-
ifying the origin of Eucalyptus globulus, providing a potentially scalable solution for
combating illegal logging and strengthening supply chain integrity.
The contributions of this work are enumerated as follows:
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1. Development of a high-throughput framework integrating visible-range flame-
emission spectroscopy dynamics with deep learning, establishing a basis for a
compact optical sensor for rapid and cost-effective timber provenance verification.

2. Utilization of multivariate combustion kinetics as the primary input to capture
the dynamic evolution of combustion and its inherent physico-chemical signatures,
preserving transient information that is lost in static feature engineering methods
that compress data into global statistics.

3. Proposal of an end-to-end trainable Transformer pipeline optimized for spectral
time-series, which captures temporal dependencies effectively, improving general-
ization compared to classical baselines such as SVM and XGBoost.

4. Validation of spectral fingerprint consistency via SHAP analysis, confirming that
predictions are driven mainly by atomic emissions (K).

The article is organized as follows: Section 2 provides fundamental aspects of flame
emission spectroscopy. Section 3 details the experimental workflow, ranging from sam-
ple acquisition and spectral preprocessing to the implementation of the Transformer
architecture and explainable artificial intelligence (XAI). Section 4 analyzes the classi-
fication performance and discusses the interpretability of the results. Finally, Section
5 summarizes the main conclusions.

2 Fundamentals of Combustion Spectroscopy

2.1 Spectral theory of the flame

Across the spectral ranges reported for biomass combustion, flame emission spectra
are typically characterized by a smooth broadband continuum alongside discontinu-
ous spectral features [30, 31]. The broadband continuum is usually linked to radiation
from incandescent particulates (e.g., soot), whereas the discrete bands and lines arise
from the spontaneous emission of excited radicals, molecules, and atomic species.
Fig. 1 shows a representative spectrum in which the continuum and atomic signatures
appear simultaneously. Because biomass can retain inorganic constituents, alkali emis-
sions are commonly observed during burning; in particular, Na near 589.4 nm and K
near 766.4 and 770.1 nm are often among the most prominent atomic features [32].
Combustion spectra are also frequently interpreted in relation to blackbody radiation,
which motivates emissivity-based descriptions to capture the departures from ideal
thermal behavior [33, 34].

Flame emission is inherently geometry dependent. The radiating flame volume is
emitted into the full solid angle with a spatial distribution that is generally non-
isotropic [35]. As a result, the recorded spectrum depends on the collection optics, line
of sight, and effective field of view and should be interpreted alongside instrumental
effects. The relevant sources of uncertainty include stray light, deviations from an ideal
cosine response, and detector dark signals, all of which can bias the continuum level
and distort the apparent strength of discrete features [36, 37]. Accordingly, the mea-
sured emission spectrum Em can be modeled as the sum of a continuous component
Ec(λ, t), discrete-line component Ed(λ, t), and additive noise term n(t):
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Fig. 1 Emission spectra during the combustion of Eucalyptus globulus.

Em(λ, t) = Ec(λ, t) + Ed(λ, t) + n(t) (1)

where λ denotes the wavelength and t is the discrete time. The term n(t) summa-
rizes random fluctuations in the acquisition chain, which are often dominated by the
detector dark current in radiometrically calibrated measurements.

3 Material and methods

The experimental framework implemented in this study connects the physical wood
properties to geographical provenance through a multistage pipeline, as illustrated in
Fig. 2.

3.1 Data collection

The primary dataset comprised trees harvested from five geographically distinct forest
sectors in Chile. The specific geodetic coordinates for each sampling site are detailed
in Table 1, and their spatial distribution is illustrated in Fig. 3. Wood blocks were
prepared from each tree following the standard dimensions described in the subsequent
section.

Table 1 Geodetic coordinates, mean mass (± standard
deviation), and number of spectra for the five Eucalyptus globulus

sampling sectors in the Bio-B́ıo Region, Chile.

Sector Location Mass [g] N° spectra

1 36°56’30”S 72°55’23”W 1.02± 0.14 10519
2 36°58’57”S 72°55’22”W 1.05± 0.18 12182
3 37°16’34”S 72°41’31”W 1.06± 0.10 9673
4 37°15’19”S 72°42’10”W 1.07± 0.12 12776
5 37°00’51”S 72°58’17”W 1.01± 0.13 10210
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Fig. 2 Summary of the methodological workflow, including (A) field sampling and standardization,
(B) controlled combustion and spectral acquisition, and (C) data partitioning, feature extraction,
and classification with machine-learning and Transformer models.

The experimental design adopted a standardized sampling height for all trees.
Transverse discs of Eucalyptus globulus were harvested at 1.3 m above the ground,
corresponding to the conventional breast-height (DBH) level commonly used in forest
inventory and wood property studies [38]. After removing the bark, a sapwood block
of approximately 6 × 5 cm was extracted. From each sapwood block, one uniform
sample (2× 1× 1 cm) was prepared and combusted following the procedure described
in Section 3.3. A total of 24 samples were prepared per zone from different trees (120
samples across all zones).

To mitigate spectral interference from moisture absorption bands [39], the samples
were dehydrated in an oven at 105 ◦C for 5 h, according to UNE-EN ISO 18134 [40].
After conditioning, all samples were subjected to the combustion protocol described
in Section 3.3.

3.2 Spectral acquisition setup

To conduct the experiments, the setup shown in Fig. 4 was implemented as follows
[27]. The combustion was monitored using a calibrated VIS-NIR HR-4000 spectropho-
tometer (Ocean Insight Inc.) with a spectral resolution of ∆λ ≈ 0.25 nm and a spectral
range from 200 to 1100 nm,together with an optical fiber and a collimating lens to
cover the entire solid angle of the flame. Spectral data acquisition was performed with
an integration time of 150 ms using a graphical user interface developed in LabView
(National Instruments).
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Fig. 3 Geographical distribution of the sampling sites. The map illustrates the spatial arrangement
of the five Eucalyptus globulus harvesting sectors in the Bio-B́ıo Region, Chile. Colored markers
correspond to the coordinate centroids listed in Table 1.

Fig. 4 Schematic of the experimental setup for combustion emission spectroscopy. (1) Data acquisi-
tion workstation; (2) High-resolution spectrometer radiometrically calibrated for absolute irradiance;
(3) Optical fiber assembly equipped with a collimating lens (dashed line indicates the Field of View);
(4) Electric muffle furnace; (5) PID temperature controller; and (6) Wood sample undergoing com-
bustion within the thermal chamber.

3.3 Combustion protocol

The measurements were conducted following a controlled procedure comprising the
following steps:
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1. For each sample, the furnace was stabilized at 770 °C and the spectrometer with
150 ms as integration time.

2. Once the furnace reached 770 °C, the wood sample was introduced and placed
directly on a ceramic crucible located at the center of the furnace.

3. Spectral acquisition was immediately initiated, recording ignition, the full combus-
tion process, and flame extinction.

4. After flame extinction, the residual sample was carefully removed, and the next
sample was introduced. This procedure was repeated until all the samples were
completely combusted. Finally, all collected data were stored.

All measurements described in this study were performed according to this pro-
cedure. Any modifications to the configuration parameters are explicitly indicated in
the respective experimental sections.

In Fig. 5, the final radiometrically calibrated spectra are shown, acquired every
150 ms over the full biomass combustion process, from ignition to flame extinction,
using the HL-2000-FHSA lamp for calibration.

sad

(a)

sad

(b)

Fig. 5 Visible band emission spectra during a sample Eucalyptus globulus combustion: (a) 2-D
matrix of calibrated spectra across the entire burn; (b) 3-D subsampled view every 15th spectrum.

3.4 Dataset formalization and preprocessing

The dataset comprises spectro-kinetic profiles of combustion emissions acquired from
Eucalyptus globulus specimens across K = 5 distinct geographical sectors. Let S = 120
denote the total number of observed spectral dynamic processes. Each spectral process
i ∈ {1, . . . , S} is represented by a multivariate sequence Xi ∈ R

Ti×Λ, where Ti denotes
the variable number of temporal frames recorded during combustion, and Λ = 1560
represents the number of spectral bands (wavelengths). Each process is associated
with a label yi ∈ {1, . . . ,K}, corresponding to its geographical origin. The class labels
correspond directly to the geographical sectors defined in Table 1.

To handle variable sequence lengths within tensor operations, sequences are zero-
padded to a global maximum length Tmax = maxi Ti. We define a binary mask matrix
Mi ∈ {0, 1}Tmax , where Mi,t = 1 indicates that the t-th frame is a valid measurement
from the original sequence and Mi,t = 0 denotes padding.
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3.4.1 Data partitioning

All samples originating from the same tree were assigned exclusively to the training or
test set. The dataset was partitioned into a training set Itr (|Itr| = 80) and a test set
Ite (|Ite| = 40). Considering the total of 55360 spectral emission dynamics across all
sectors (Table 1), this partition yields approximately 37000 spectra in Itr and 18000
spectra in Ite.

3.4.2 Spectral normalization

To ensure spectral comparability and prevent high-intensity emission lines from dom-
inating the loss gradients, the inputs were standardized using Z-score normalization.

Let Tvalid = {(i, t) | i ∈ Itr ∧ Mi,t = 1} denote the set of valid spatiotemporal
indices in the training set. By aggregating all time-steps, the normalization statistics
were derived from approximately 37000 independent spectral observations. The mean
µλ and standard deviation σλ for each spectral band λ ∈ {1, . . . ,Λ} are computed as:

µλ =
1

|Tvalid|
∑

(i,t)∈Tvalid

Xi,t,λ (2)

σλ =

√

√

√

√

1

|Tvalid|
∑

(i,t)∈Tvalid

(Xi,t,λ − µλ)2 + ϵ (3)

where ϵ is a small constant (10−5) for numerical stability. The normalized tensor X̃ is
then obtained element-wise, ensuring that the padded values remain zero:

X̃i,t,λ =
Xi,t,λ − µλ

σλ

·Mi,t (4)

3.4.3 Feature engineering

For the classical machine learning baselines (SVM and XGBoost), the temporal dimen-
sion was collapsed via statistical aggregation. We computed the mean and standard
deviation across the time axis for each spectral band, resulting in a static tabular
representation Zi ∈ R

2Λ, where the feature dimension is 2Λ = 3120.

3.5 Model framework and hyperparameter optimization

We employed Support Vector Machine (SVM) and Extreme Gradient Boosting
(XGBoost) as baseline classifiers. The hyperparameters were optimized via a grid
search with stratified 5-fold cross-validation, selecting the configuration that maxi-
mized the validation accuracy. The search space was defined as follows:

1. For the XGBoost implementation, we used the Python library xgboost, config-
ured with the histogram-based tree construction method. The model employs a
multi-class softmax objective with 300 estimators. The grid search explores the
following parameters: maximum tree depth {6, 11}, learning rate {0.1, 0.05}, sub-
sample ratio {0.8}, column sampling ratio per tree {0.8, 1.0}, L1 regularization
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λ1 ∈ {0, 0.1, 1.0}, L2 regularization λ2 ∈ {0.1, 1.0}, booster type {dart, gbtree},
dropout rate {0.15, 0.25}, and drop probability {0, 0.15}.

2. The SVM was trained using a linear kernel implemented via the libsvm backend
with the penalty parameter C ∈ {103, 102, . . . , 10−3}.

3.6 Transformer spectral classification framework

To capture long-range temporal dependency patterns in the combustion emission spec-
tra, we propose a Transformer architecture (Fig. 6). The model input consists of a
normalized time spectral tensor X ∈ R

T×Λ, where T represents the temporal sequence
length corresponding to the burning process (padded to Tmax), and Λ = 1560 denotes
the number of spectral bands.

3.6.1 Architecture framework

The input sequence X is projected using a learnable linear transformation. To main-
tain the sequential order of the spectral frames, learnable positional embeddings are
incorporated into the transformed input [41]. Let H(l) ∈ R

T×dmodel denote the output
of the l-th layer:

H(0) = Linear(X) + PE(T ), (5)
where Linear(X) ∈ R

T×dmodel and PE ∈ R
T×dmodel .

The architecture comprises L Transformer encoder blocks for any layer l ∈
{0, . . . , L−1}. To compute the output H(l+1), the MHA mechanism first projects each
input H(l) into query (Q), key (K), and value (V) matrices. The attention scores for
a specific head i are computed as follows:

headi = Softmax

(

QiK
⊤
i√

dk

)

Vi (6)

where Qi = H(l)W
Q
i , Ki = H(l)WK

i , and Vi = H(l)WV
i are obtained via learned pro-

jections W
{Q,K,V }
i ∈ R

dmodel×dk , with dk = dmodel/h. The heads are then concatenated
and projected linearly:

MHA(H(l)) = Concat(head1, . . . , headh)WO (7)
where WO ∈ R

dmodel×dmodel . The output is then normalized:

Z(l) = LN
(

H(l) + MHA(H(l))
)

. (8)

Then, the position-wise FFN processes the sequence using a Gaussian Error Linear
Unit (GeLU) activation [42]:

FFN(Z(l)) = GeLU(Z(l)W1 + b1)W2 + b2, (9)
then, the output of the layer is obtained as follows:

H(l+1) = LN
(

Z(l) + FFN(Z(l))
)

. (10)

Finally, the output sequence of the last encoder block, H(L), is pooled and projected
into a feature space f ∈ R

dmodel .

10
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3.6.2 Transformer hyperparameters and simulation specifications

The model was instantiated with a latent dimensionality of dmodel = 128. The input
stage incorporates a dense projection and learnable positional encoding to preserve the
temporal order. The encoder consists of L = 2 stacked Transformer blocks, employing
MHA with h = 4 heads and a head dimension of dk = dmodel/h = 32 (Fig.6). Following
feature extraction, the temporal dimension is aggregated via Global Average Pooling
to generate a fixed-length context vector. This representation is fed into a classification
head comprising a dense layer (128 units, Dropout p = 0.3) and a final Softmax output
layer corresponding to the K = 5 provenance sectors.

The model was implemented in PyTorch and trained on an NVIDIA A100 GPU
(40 GB VRAM) and 128 GB of system RAM. Optimization was performed using the
AdamW algorithm [43] with a learning rate of 1×10−4 and a reduction factor γ = 0.75
every 25 epochs. Training was performed using a batch size of 32 for 200 epochs with
stratified shuffle sampling.
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Fig. 6 Schematic of the proposed deep learning architecture. (a) The spectral time-series tensor X
is embedded, processed by two Transformer blocks, and pooled for classification. (b) Transformer
encoder block composed by the Multi-head attention and feed-forward sublayers with residual con-
nections.

3.7 Evaluation metrics

For K-class classification problem, let Cij denote the element of the confusion matrix
corresponding to samples of true class i predicted as class j. Furthermore, the true posi-
tives (TPi = Cii), true negatives (TNi =

∑

j ̸=i
k ̸=i

Cjk), false positives (FPi =
∑

j ̸=i Cji),

and false negatives (FNi =
∑

j ̸=i Cij) are defined. Finally, the overall accuracy (Acc)
and macro-averaged F1-score were computed as in Eqs: 11 and 12, respectively.
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Acc =
1

S

K−1
∑

i=0

Cii (11)

F1 = 2 · Precision · Recall

Precision + Recall
(12)

where,

Precisioni =
TPi

TPi + FPi

, Recalli =
TPi

TPi + FNi

(13)

Furthermore, we employed Receiver Operating Characteristic (ROC) and area
Under the Curve (AUC) (Eq.(15)) metrics to convey the model performance. To gen-
erate ROC curves, we illustrated the True Positive Rate (TPR) against the False
Positive Rate (FPR). The TPR and FPR are defined as follows:

TPRi =
TPi

TPi + FNi

, FPRi =
FPi

FPi + TNi

(14)

AUC =

∫ 1

0

TPR(FPR) d(FPR) (15)

3.8 Explainable artificial intelligence (XAI)

We utilized SHapley Additive exPlanations (SHAP) to confirm the geochemical con-
sistency of the model predictions [44, 45]. SHAP enables us to determine the individual
impact of each spectral feature on the model output. In the context of flame emission
spectroscopy, the SHAP value ϕi represents a specific wavelength intensity feature i
is calculated as follows:

ϕi(f, x) =
∑

S⊆M\{i}

|S|!(|M| − |S| − 1)!

|M|! [fx(S ∪ {i}) − fx(S)] (16)

where fx is the model prediction function, M are he input features, and |M| denotes
the total count of these features. S represents a subset of features excluding i (S ⊆
M\{i}), and fx(S) denotes the expected prediction conditioned on the feature subset
S.

4 Results and Discussion

4.1 Comparative benchmarking and generalization capability

Table 2 highlights the generalization capabilities of each odel. While all architectures
achieved high training accuracy (≥ 93%), a critical analysis of the training-to-test
gap exposed the limitations of static feature engineering. The XGBoost classifier
exhibited severe overfitting, collapsing from 93.85% (train) to 62.5% (test). This degra-
dation indicates that the gradient boosting ensemble likely memorized high-frequency
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noise specific to the training sectors and failed to capture the invariant geochemical
signature, similarly, the SVM baseline showed a decline (80.0% test accuracy).

Table 2 Mean performance benchmarking of classification models on the time
series spectral dataset.

Model Accuracy F1-Score
Train Test Train Test

XGBoost 93.85% ± 3.95% 62.5% 93.77% ± 4.03% 61.9%
SVM 93.75% ± 5.30% 80.0% 93.46% ± 5.49% 73.3%
Transformer 96.25% ± 4.76% 97.5% 95.38% ± 3.59% 97.5%

In contrast, the Transformer architecture demonstrated superior robustness,
achieving a test accuracy of 97.5%. The test performance slightly surpasses the mean
training accuracy (96.25%). This behavior is consistent with the use of regularization,
which suppresses the model capacity during training to force the learning of redun-
dant, robust features, whereas the full network capacity is utilized during inference.
As shown in the confusion matrices (Fig. 7), the transformer effectively resolves the
class confusion (specifically between Classes 1 and 3) that confounded the baselines.

(a) (b) (c)

(d) (e)

1
2

3
4

5

54321

1
2

3
4

5

54321

1
2

3
4

5

54321

Fig. 7 (a)-(c) Normalized confusion matrices for the classification models using the test data (a)
SVM, (b) XGBoost, (c) Transformer. (d) F1-score 5-fold cross validation results (e) ROC curve
comparing the performance of the three models with AUC value for each model.
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The performance can be explained by examining the attention profiles (Fig. 8d).
The MHA acts as a dynamic regularizer, consistently prioritizing the potassium emis-
sion doublet (∼ 766.4, 770.1 nm) and suppressing stochastic continuum spectra. This
allows the model to effectively optimize the bias-variance trade-off, even with a limited
number of replicates.

(a) (b)

(c) (d)

Fig. 8 Transformer training dynamics and attention mechanism analysis. (a) Evolution of Cross-
Entropy Loss and Accuracy over 200 epochs (mean and standard deviation). (b)–(c) Attention-
weighted spectral profiles (computed via Eq.6) for representative samples from Class 3 and Class 1,
respectively. (d) Global average attention profile across the test set.

Although the number of independent samples is N = 120, the Transformer operates
on the full spectral–temporal tensor X ∈ R

S×T×Λ, exploiting the complete time-
resolved emission dynamics rather than a static compression. Classical baselines, such
as SVM and XGBoost, depend on hand-crafted, time-aggregated descriptors, which
collapse the temporal axis and suppress transient combustion phenomena. In con-
trast, our acquisition yields an average sequence duration of ≈ 45 s, corresponding to
T ≈ 460 spectral time steps per sample across Λ = 1560 wavelengths. This temporal
resolution enables the model to capture intra-sequence dependencies and alkali release
kinetics (e.g., K/Na-related transients) that are not accessible to static classifiers based
on global summary statistics.

The temporal variability discarded by averaging constitutes the discriminative sig-
nal. By exploiting the temporal structure of the data, the Transformer distinguishes
spectral signatures based on their specific occurrence within the combustion dynam-
ics. For instance, two wood samples may exhibit identical mean potassium intensities
(indistinguishable from SVM) but distinct release rates (distinguishable from the
Transformer). This confirms that in complex physico-chemical processes, the sequence
itself carries provenance information embedded within the spectro-kinetic evolution of
the sample, which is distinct from its static chemical composition.
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4.2 Explainability of spectral combustion dynamics

The performance hierarchy outlined in the previous section, which highlights the
instability of clasical machine learning techniques compared to the robustness of the
Transformer, can be physically explained by the distinct feature prioritization strate-
gies of each architecture. SHAP analysis reveals a fundamental divergence: while
baselines struggle to decouple the signal from noise, the Transformer consistently
anchors its predictions on atomic emission.

Figure 9 reveals convergence in feature selection between the SVM and Trans-
former, particularly regarding the alkali emission lines. Both architectures identified
the potassium doublet (766.4, 770.1 nm) as the primary discriminator. The relative
success of SVM over XGBoost can be attributed to this geochemical anchoring; by
prioritizing the stable Na/K emission ratios, the kernel-based model mitigates the
influence of transient spectral artifacts. In contrast, the XGBoost model (Fig. 9c)
assigns disproportionate gain to the 451 nm band in isolation. This suggests that the
gradient boosting ensemble overfitted to high-frequency noise or secondary combus-
tion byproducts specific to the training partitions, and failed to extract the invariant
provenance signal.

However, the Transformer extends beyond the linear dependency modeled by the
SVM. As detailed in Fig. 10, while the network retains the potassium signature
(766.4, 770.1 nm) as a central anchor, it successfully integrates a secondary region in
the blue-violet band (450-460 nm). Unlike the XGBoost baseline, that relies on the 451
nm band as the primary splitting feature; This allows the Transformer model to com-
bine the chemical stability of atomic emission lines with subtle nonlinear variations in
the background continuum, achieving robust generalization for unseen samples. This
supports the compact optical sensor concept for rapid provenance screening.
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(a)

(c)

(b)

(d)

Fig. 9 Global SHAP comparison for baseline classifiers. (a) and (c) Feature importance rankings
for SVM and XGBoost, respectively. Note the SVM model uses on alkali doublets (Na ∼587.8 nm, K
∼ 766.4, 770.1 nm) versus the XGBoost prioritization of the 451 nm band. (b) and (d) Corresponding
beeswarm density plots indicating feature impact directionality.
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(a) (b)

(c)

Fig. 10 Transformer interpretability analysis. (a) Global feature importance, highlighting the K
emission (∼ 766.4, 770.1 nm) and the 450–460 nm spectral cluster. (b) Beeswarm summary plot. (c)
Mean SHAP values stratified by provenance sector (1–5), illustrating feature relevance across the
spectral sequence.

5 Conclusion

This work proposes and evaluates a novel technique of visible-range flame emission
spectroscopy (450-850 nm) for determining the geographical provenance of Eucalyptus
globulus. The experimental results demonstrate that the proposed Transformer archi-
tecture can effectively outperform traditional chemometric baselines, achieving a test
accuracy and F1-score of 97.5% under a rigorous split protocol, thus validating this
approach as a robust, rapid screening sensing, and cost-effective pipeline.

Provenance classification is fundamentally a kinetic physico-chemical recognition
task. Our results indicate that classical methods (XGBoost and SVM) suffer from gen-
eralization constraints because they rely on static statistical compression, effectively
discarding the kinetic evolution of combustion dynamics. In contrast, by modeling
the full combustion kinetic cycle, the Transformer captures nonlinear spectro-kinetic
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patterns. Interpretability analysis via SHAP further confirmed that the model relies
on atomic emission lines, specifically the potassium emission doublet, validating the
physico-chemical basis of the learned representations.

These findings validate an end-to-end deep learning framework that infers tim-
ber provenance from flame emission spectroscopy dynamics, overcoming the key
limitations of traditional chemometrics. This approach enables cost-effective optical
screening as a complementary method to isotopic, chemical, and genetic analyses.
These findings support the development of a optical sensor for provenance verification,
enhancing supply chain transparency and combating illegal timber trade.
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