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Abstract

Data-driven optimization of biomass torrefaction is constrained by the high cost and time
required for experimental exploration. We present an active learning framework that couples
Gaussian Process Regression (GPR) surrogates with a multi-objective acquisition function to
recommend the most informative next experiments for improving mass yield, higher heating
value (HHV), and energy yield (EY). Using 486 torrefaction observations, GPR models with
automatic relevance determination (ARD) kernels achieved cross-validated R? values of 0.854
(mass yield), 0.971 (HHV), and 0.869 (EY), outperforming random forest, support vector
regression, and neural networks. A hybrid acquisition function balanced uncertainty reduction
(40%) with expected improvement for mass yield (30%) and HHV (30%), while diversity-aware
batch selection (K=10) ensured spatial coverage. Cross-validated calibration confirmed 93.2%
coverage for mass yield. ARD length scales identified temperature and residence time as

dominant features. The recommended batch spans 200-315 °C and 30-1089 s within the
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conventional torrefaction regime. Ablation and sensitivity analyses demonstrated component
contributions and robustness. The Pareto front shows recommended points near the trade-off
curve. This interpretable, uncertainty-aware framework provides a systematic methodology for
accelerating torrefaction process development.

Keywords: Active learning; Gaussian process regression; Torrefaction; Uncertainty calibration;

Experimental design

Introduction

Torrefaction, a mild pyrolysis process conducted at 200-320 °C in an inert atmosphere, is a
leading thermochemical pretreatment for upgrading raw biomass into a coal-like solid fuel with
enhanced energy density, hydrophobicity, and grindability [1], [2]. The product quality—
typically quantified by mass yield, higher heating value (HHV), and energy yield—is highly
sensitive to operating conditions, primarily temperature and residence time, as well as feedstock
composition (proximate and ultimate analyses) [3], [4]. Despite decades of experimental
research, systematic optimization remains challenging due to the high dimensionality of the
parameter space and the batch-to-batch variability of biomass feedstocks. Traditional
one-factor-at-a-time experimentation is inefficient and often misses synergistic effects [5], while
full factorial designs quickly become prohibitive in terms of cost and time [6].

Data-driven surrogate modeling, especially using machine learning, has emerged as a powerful
alternative to guide experimentation. Among these, Gaussian Process Regression (GPR) is
particularly attractive because, unlike neural networks or support vector machines, it provides
both a predictive mean and a principled estimate of predictive uncertainty (variance) [7], [8], [9].

This uncertainty quantification enables the use of acquisition functions from Bayesian
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optimization and active learning, which systematically select the next experiment to perform by
trading off exploitation (sampling where the objective is predicted to be optimal) and exploration
(sampling where the model is uncertain) [10], [11], [12]. Active learning has been successfully
deployed in materials science [13], drug discovery [14], and chemical process optimization [15],
[16], yet its application to biomass torrefaction remains nascent.

Previous efforts in torrefaction modeling have employed response surface methodology [17],
artificial neural networks [18], [19], random forests [20], and, more recently, GPR [21], [22].
However, most studies focus on predictive accuracy alone, without leveraging the uncertainty
estimates to actively design new experiments. A few notable exceptions applied Bayesian
optimization to hydrothermal carbonization [23], but these did not incorporate diversity-aware
batch selection, multi-objective acquisition, or rigorous calibration of the GPR uncertainty.
Furthermore, none have systematically reported cross-validated feature importance derived from
the ARD kernel, a valuable diagnostic for understanding which input variables most influence
the model.

Table 1 compares the present study with key recent works in torrefaction surrogate modeling and
active learning. This table clearly positions our work as the first to simultaneously incorporate
batch diversity, cross-validated uncertainty calibration, and ARD feature importance within a

multi-objective active learning framework.

Table 1. Comparison of recent GPR-based process optimization studies.

Study Surrogate Active Batch Uncertainty Multi-objective ARD
Learning  Diversity Calibration Feature
Importance
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Kaya et al. GPR v (single X X X X

(2024) step)
[23]
Ta & Liu GPR X X X v X
(2026)
[22]
This study GPR N4 v v v (weighted) v

(CV-based)

In this work, we address these gaps by developing a comprehensive active learning pipeline for

multi-objective torrefaction optimization. The specific contributions are:

1.

Rigorous surrogate modeling: GPR with ARD kernels trained on a cleaned dataset of
486 observations, with 5-fold cross-validation metrics and stored cross-validated
predictions for transparent parity plots.

Baseline model benchmarking: Comparison against random forest, support vector
regression, and a shallow neural network, demonstrating the superiority of GPR both in
accuracy and in providing predictive uncertainty.

Multi-objective acquisition: A weighted acquisition function combining predictive
variance (uncertainty), expected improvement for mass yield (maximisation), and
expected improvement for HHV (maximisation), reflecting the practical goal of
maximising both yield and energy density.

Diversity-aware batch recommendations: A sequential greedy algorithm that penalises
proximity to already selected candidates, ensuring the batch of 10 experiments covers the

design space.
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5. Uncertainty calibration: The first cross-validated calibration assessment of GPR
predictive uncertainties in the torrefaction domain, demonstrating near-ideal coverage for
mass yield (93.2%) and EY (95.1%).

6. Interpretability via ARD length scales: Extraction and visualisation of per-feature
length scales as a data-driven feature importance metric, confirming that temperature and
residence time dominate the predictions.

7. Ablation and sensitivity analyses: Systematic assessment of the contribution of each
acquisition component and the robustness of the recommended experiments to variations
in hyperparameters.

8. Pareto front analysis: Visualisation of the trade-off between mass yield and HHYV,
showing that the recommended experiments lie near the Pareto-optimal frontier.

The resulting framework is computationally efficient, modular, and directly translatable to other

multi-objective chemical process optimization problems.

Materials and Methods

Dataset and preprocessing

The dataset comprised an initial 522 records from in-house torrefaction experiments and
published literature [24], [25]. Each record contained five input features: torrefaction
temperature (7em, °C), residence time (R7, seconds), and feedstock proximate analysis—ash
(%), volatile matter (VM, %), and fixed carbon (F'C, %). The three target variables were mass

yield (Yield, %), higher heating value (HHV, MJ kg™'), and energy yield (EY, %), defined as:

. HHVtorreﬁed
EY = Yield X —————x 100
T THRV,,



106  Rows containing more than two missing values across any feature or target were removed,

107  leaving 486 observations. The remaining missing values (285 entries, 7.3 % of the cleaned data)
108  were imputed using column-wise mean substitution. The imputation rate is reported for

109 transparency; A sensitivity analysis performed using complete-case data showed that cross-

110  validated R? values changed only marginally and that ARD feature rankings remained

111 unchanged, indicating that the conclusions are robust to the chosen imputation strategy.

112  The input matrix X (486 x 5) was standardized to zero mean and unit variance using the

113  training-set mean and standard deviation, yielding X norm. The same standardization parameters
114 were later applied to candidate points.

115  Gaussian Process Regression surrogates

116  For each of the three targets, a GPR model was trained on X norm using the fitrgp function in
117  MATLAB (Statistics and Machine Learning Toolbox, R2023a). The kernel function was an

118  automatic relevance determination (ARD) squared exponential kernel:

D

(xi,d - xj,d)z
i

120 k(x;,X;) = ofexp
d=1

119

121 where 0'f2 is the signal variance and €, are length scales for each feature d. This kernel allows

122 the model to learn different sensitivities along each input dimension. A linear basis function and

123  a constant noise model were used. Hyperparameters (afz, £4, ..., £s, and noise variance g2) were

124  optimized by maximizing the marginal likelihood using the LBFGS optimizer. In the rare event

125  that the ARD optimization failed to converge, a fallback isotropic squared exponential kernel

126  was used.
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To ensure full reproducibility, the hyperparameters obtained from the stochastic optimization
were extracted and used to retrain the GPR models deterministically. This procedure eliminates
run-to-run variability arising from the stochastic nature of the automated hyperparameter search.
All metrics, figures, and recommendations reported in this work derive from those deterministic
models.

To assess predictive performance, 5-fold cross-validation was performed using

MATLAB?’s crossval and kfoldPredict. For each fold, a GPR was trained on the training partition
and used to predict the held-out fold. Cross-validated root mean square error (RMSE), coefficient
of determination (R?), and mean absolute error (MAE) were computed from the residuals. The
cross-validated predictions J,,, were stored for parity plots and uncertainty calibration.

Baseline models. For comparison, three widely used machine learning models were trained
using the same 5-fold CV splits: random forest (RF, 100 trees, bagging), support vector
regression (SVR, linear kernel), and a feedforward artificial neural network (ANN, one hidden
layer with 10 neurons). Their cross-validated R? values were computed identically. The ANN
architecture was intentionally kept simple to provide a transparent, easily reproducible baseline
without extensive hyperparameter tuning, consistent with fair comparison against the other
non-tuned baseline models (RF and SVR).

Candidate experimental space

The candidate space was designed to vary the two most controllable process parameters—
temperature and residence time—while fixing the feedstock composition at the median values of
Ash, VM, and FC from the training set. The ranges for 7em and RT were defined as:

range , = [min(observedy) — 0.1 - span,, max(observed;) + 0.1 - span, |
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with the lower bound clipped to 0 and the upper bound of temperature capped at 320 °C to
remain within the torrefaction regime. Additionally, the candidate space was constrained to the
conventional torrefaction window: temperatures below 200 °C are generally associated with
drying and mild thermal pretreatment rather than true torrefaction, while temperatures above
320 °C approach the onset of pyrolysis [1], [2], [26]. A minimum residence time of 30 s was
imposed to exclude instantaneous heating scenarios that are rarely realisable in practice. These
bounds ensure that all recommended experiments are physically meaningful and immediately
transferable to laboratory-scale torrefaction studies. The 10% margin was maintained for the
upper bounds of all features to allow modest extrapolation beyond the observed data without
excessive risk of surrogate degradation [27].
A 10 x 10 full grid was generated over the 7Tem—RT space, and the three remaining features were
set to their medians, resulting in 100 structured points suitable for contour visualization. To
encourage broader exploration and prevent the acquisition function from being trapped on the
grid, 500 additional candidate points were generated via Latin hypercube sampling (LHS) over
the full 5-dimensional bounded space using lhsdesign . The combined pool of 600 candidates
was deduplicated using unique(..., 'rows', 'stable') to preserve the ordering (grid first, then LHS),
ensuring that indices 1-100 correspond to the grid for plotting.
Acquisition function
The acquisition function was designed as a weighted sum of three normalized components:

1. Uncertainty (U): For each target t, the predictive variance o7 (X) was normalized by its

maximum across the candidate pool, then averaged:
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This term drives exploration of regions where the GPR is most uncertain.
2. Expected Improvement for mass yield (EI_MY): Torrefaction aims to maximise mass
yield while improving HHV. Therefore, EI was formulated for maximisation.

Letfiax my be the maximum observed mass yield. Then:

Elyy(X) = (tuy (X)) = fnaxmy) P(Zuy) + ouy )P (Zuy)

with Zyy = (Umy — fmaxmy)/0my- The EI was clipped to zero and normalized by its maximum.

3. Expected Improvement for HHV (EI_HHYV): For maximisation, using the maximum

observed HHV fax v :

Elgny (X) = (Uany (X) — fmaxaav )P Ehayv) + oguy ()P (Zhny)

Normalized by its maximum.

The combined acquisition function is:

a(X) = Wync - U(X) + wyy - Elyy (X) + Wyny - Elypy (%)

where the weights were set to wy,,. = 0.4, wyy = 0.3, wyyy = 0.3. These values reflect a
balanced emphasis on reducing model uncertainty and simultaneously targeting both practical

objectives (yield and energy density). Energy yield was not given a dedicated EI term because it
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is a derived quantity; its influence is captured indirectly through the uncertainty component,
which aggregates predictive variances across all targets.
Diversity-aware batch selection
To recommend a batch of K = 10 experiments without redundancy, we used a sequential greedy
algorithm. The first experiment was the candidate with the maximum acquisition score. For each
subsequent selection k = 2, ..., K, the score of each remaining candidate was modified by adding
a diversity bonus:

min d(X,X;)

j<k
max(min_dist)

se(X) = (1—2)-a(x) +1-

where d(X, X;) is the Euclidean distance between normalized feature vectors of the candidate and
already selected points X;. The factor A = 0.3 controls the trade-off; a value of 0.3 ensures a
moderate spread while still strongly favoring high acquisition scores. The candidate that
maximized s, was added to the batch and removed from the pool. This approach is
computationally light and has been shown to produce spatially diverse designs [28], [29].

Model assessment and uncertainty calibration

Beyond standard performance metrics, we evaluated the calibration of the GPR predictive
uncertainties using out-of-sample standardized residuals from 5-fold cross-validation. For each
test fold, the predictive mean y and standard deviation o were obtained, and the standardized
residual z = (Y — V) /0 was computed. Under a well-calibrated model, z should follow a

standard normal distribution, and approximately 95% of points should lie within 1.96.

10
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Histograms of z for each target were plotted alongside the theoretical V'(0,1) density, and the
fraction of points within the 95% credible interval was reported. This provides a direct check of
whether the acquisition function’s exploration is guided by trustworthy uncertainty estimates.
Feature relevance was extracted from the trained ARD kernels: the inverse length

scale 1/, represents the sensitivity of the target to feature d. These values were normalized per
target to sum to 1 and displayed as bar charts.

Ablation and sensitivity analyses

To quantify the contribution of each acquisition component, four configurations were compared:
(1) uncertainty only (Wy,. = 1); (i) EI only (Wyy = wyyy = 0.5); (iii) uncertainty + EI without
diversity (4 = 0); and (iv) the full model (W, = 0.4, wyy = wygy = 0.3, 4 = 0.3). For each,
the batch of 10 was selected and the mean predicted mass yield, mean predicted HHV, and
spatial spread (mean pairwise distance in normalized Tem—RT space) were recorded.

Sensitivity of the recommended set to the acquisition weights and diversity factor was assessed
by varying wy,. from 0.2 to 0.6 (with wyy = wypy = (1 — wyne)/2) and A from 0.1 to 0.5. The
Jaccard similarity (intersection over union) with the baseline recommendation was computed.
Pareto front

The predicted mass yield and HHV for all 600 candidate points were plotted, and the
Pareto-optimal front (maximisation of both objectives) was identified using a simple pairwise
comparison. The recommended experiments were overlaid to assess their position relative to the
trade-off curve.

Justification of algorithmic constants

All hyperparameters were chosen based on domain knowledge and common practice, with the

aim of reproducibility:

11
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e Temperature bounds (200-320 °C): Industrial torrefaction is typically performed
between 200 and 300 °C; the 200 °C lower bound avoids inclusion of thermal drying, and
the 320 °C upper bound prevents drifting into pyrolysis [1], [2], [26].

e Residence time minimum (30 s): eliminates physically unrealistic instantaneous heating
scenarios.

Extrapolation margin (10 %): provides a slight buffer beyond the observed range, as GPRs can
extrapolate reliably over short distances before the predictive variance becomes too large [30],
[31].

e Acquisition weights (0.4/0.3/0.3): equal allocation between global uncertainty reduction
and the two process objectives reflects the dual need to improve model fidelity and
identify high-quality products.

o Diversity weight (0.3): values in the range 0.2—0.5 are typical for batch design; 0.3 was

chosen to encourage coverage without overly diluting the acquisition signal.

Results and Discussion

Surrogate model performance and baseline comparison

The cross-validated GPR metrics are summarized in Table 2. All three targets were predicted
with high accuracy. HHV achieved the best performance (R*>=0.971, RMSE = 0.293 MJ kg™),
consistent with the strong temperature-HHV relationship [1]. Mass yield showed a lower but still
strong R? of 0.854 (RMSE = 6.509 %), reflecting higher intrinsic variability. Energy yield

achieved R? = 0.869. The parity plots (Fig. 1) show no systematic bias.

12



257  Table 2. Cross-validated GPR performance (5-fold, deterministic retrain).

Target RMSE R? MAE
Mass yield 6.509 % 0.854 4.037 %
HHV 0.293 MJ kg™ 0.971 0.042 MJ kg™
Energy yield 4.211 % 0.869 2.831%

258

259  The baseline comparison (Table 3) confirms that GPR outperforms RF, SVR, and ANN for all
260 targets. For HHV and EY, the gap is particularly large. Only GPR provides a full predictive
261  distribution, making it the only suitable surrogate for uncertainty-driven active learning.

262  Table 3. Baseline model comparison (5-fold CV R?).

Model Mass Yield HHV Energy Yield
RF 0.651 0.808 0.610
SVR 0.482 0.188 0.299
ANN 0.541 0.347 0.375
GPR 0.854 0.971 0.869

263

13
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Fig. 1: Cross-validated parity plots for (a) mass yield, (b) HHYV, (c) energy yield. R? values from

5-fold CV.

Feature importance from ARD

The normalized inverse length scales (Fig. 2) confirm that temperature is the most influential

feature for all targets, particularly for HHV where it accounts for nearly 80% of the total

importance. Residence time is the second most important variable, contributing substantially to

mass yield and EY predictions. The proximate analysis variables (Ash, VM, FC) show

consistently low importance. This result justifies our decision to concentrate the active learning

effort on 7em and RT while treating feedstock composition as a noise factor. It should be noted

that the limited variability of these features in the training set may contribute to their apparent

low importance; nonetheless, the ARD kernel correctly identifies the dominant process variables.
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Fig. 2: Normalized ARD kernel feature importance (1/€) for each target.

Uncertainty calibration
The cross-validated standardized residuals are plotted against the standard normal density
in Fig. 3. The observed coverage percentages are:

e Mass yield: 93.2% within 95% CI — near-ideal calibration.

e  HHYV: 99.8% within 95% CI — conservative (predictive intervals too wide).

e Energy yield: 95.1% within 95% CI — near-ideal calibration.
The mass yield and EY results are particularly important because they validate the core
exploration-exploitation mechanism of the acquisition function. The GPR’s uncertainty estimates
for these targets are reliable, meaning that points identified as high-uncertainty genuinely
correspond to regions where the model is less certain.
The HHV model is conservative, likely because its extremely high accuracy (R?=0.971) leads the

marginal likelihood optimization to inflate the length scales or noise variance, resulting in wider

15



291  predictive intervals. This conservatism is benign in the context of active learning: it merely adds
292  extra exploration weight to HHV in the combined acquisition, which may cause the batch to
293  sample more HHV-uncertain points. The HHV MAE (0.042 MJ kg™') is considerably smaller
294  than its RMSE (0.293 MJ kg ™). This discrepancy indicates that the model is highly accurate for
295  the majority of the predictions, while a small fraction of observations contribute a

296  disproportionate share of the total residual variance. The cross-validated calibration (99.8 %
297  coverage) further confirms that the predictive intervals successfully account for these occasional
298 larger errors, preserving the reliability of the uncertainty estimates.

299  To our knowledge, this is the first study in the torrefaction literature to explicitly report GPR
300 uncertainty calibration. The results demonstrate that, with proper cross-validation, GPRs can

301 provide trustworthy uncertainty estimates that are essential for active learning.

GPR Uncertainty Calibration (5-Fold CV)

Yield: 94.0% in 95% CI (CV) HHV: 99.8% in 95% CI (CV) EY: 93.8% in 95% CI (CV)
T T T T T T
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303  Fig. 3: Cross-validated uncertainty calibration: histograms of standardized residuals with
304  standard normal overlay; percentages indicate fraction within 95 % CI.
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Acquisition landscape and recommended experiments

The combined acquisition surface over the Tem—RT grid (Fig. 4) reveals a strong peak in the
intermediate-temperature, moderate-residence-time region (T ~ 205 °C, RT ~30-100 s) and a
secondary peak at higher temperatures (~315 °C, short RT). The ten recommended experiments
(overlaid as colored squares in Fig.4 and listed in Table 4) span 200-315 °C and 30-1089 s, with
a clear division between a low-/medium-temperature cluster (200-215 °C) and a
high-temperature cluster (302315 °C). This distribution reflects the active learner’s dual
mandate: exploit the high-yield, mild-temperature region while also exploring the high-HHYV,
severe-torrefaction region. The diversity constraint forces the batch to include both clusters
despite the higher acquisition scores of the mild-temperature points.

The predicted mass yield for the mild-temperature points is moderate (65—-75%), while the
predicted HHV is correspondingly modest (~20-23 MJ kg™'). The high-temperature points
exhibit lower mass yield (45-55%) but substantially higher HHV (26-28 MJ kg™), illustrating
the well-known trade-off. The confidence intervals for mass yield are wider than for HHV,
reflecting the relative model accuracy. The design-space and trade-off plots (Fig. 5) confirm that
the recommended batch spans the conventional torrefaction window and clearly displays the
yield-HHYV trade-off.

Because all recommended points lie within the conventional torrefaction domain (200-320 °C),
they are immediately actionable in a laboratory setting without concerns about whether the
conditions represent true torrefaction. The diversity-aware selection ensures that the batch covers
distinct processing regimes—mild torrefaction for yield preservation and severe torrefaction for
energy densification—providing a balanced experimental design for model refinement and

process optimization.
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Table 4. Top-10 recommended experiments with predicted outcomes and acquisition scores.

Pred.
Tem 95% CI  Pred. HHV  95% CI Pred.
Exp RT (s) Yield Score
©O) Yield (MJ/kg) HHV EY (%)
(%0)
E1l 253.4 813.4 60.8 +5.4 24.5 +0.12 72.3 0.7004
E2 205.0 120.2 71.2 +5.8 213 +0.13 78.1 0.5953
E3 214.6 83.9 69.8 +5.6 21.8 +0.13 71.5 0.6667
E4 210.7 241.6 70.5 +5.7 21.5 +0.13 77.8 0.6138
ES 302.4 1088.6 48.2 +5.2 27.1 +0.14 59.8 0.4000
Eo6 200.0 30.0 72.8 +5.9 20.8 +0.14 78.8 0.6382
E7 202.9 865.6 69.5 +5.8 21.0 +0.13 77.0 0.4627
E8 315.2 195.3 52.1 +5.1 27.8 +0.14 63.5 0.4159
E9 205.2 531.3 69.8 +5.7 21.1 +0.13 77.2 0.5110
E10 202.8 719.8 69.2 +5.8 21.0 +0.13 76.8 0.5195
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Fig. 4: Acquisition score surface over temperature and residence time (Ash, VM, FC at medians).

Colored squares indicate recommended experiments with acquisition score color-coding.
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Fig. 5: Active-learning recommendations in design and performance spaces. (a) Recommended
experiments in the temperature-residence-time design space. Marker colour indicates acquisition
score, marker size is proportional to predicted mass yield. Dashed line marks 200 °C. (b)
Predicted mass yield vs. predicted HHV, marker size proportional to predicted energy yield.
Black dashed curve: Pareto front of all candidate points.

Ablation study: contribution of acquisition components

The ablation study (Table 5) reveals the distinct roles of each component. The full model
achieves the largest spatial spread (4.1), demonstrating that the combination of uncertainty, EI,
and diversity yields a well-distributed batch. Uncertainty alone gives a lower spread (1.8); EI
alone gives a higher mean yield (77.1%) but with a smaller spread (3.0). Adding diversity to the
U+EI configuration increases the spread from 3.0 to 4.1, confirming that diversity is essential for
exploring the full design space. The identical results for EI-only and U+EI configurations
indicate that, for this dataset, regions of high expected improvement coincide with regions of

high predictive uncertainty, which is expected near the edges of the training domain.
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Table 5. Ablation study metrics (spread in normalized Tem—RT space).

Configuration Mean Yield (%) Mean HHV (MJ/kg) Spatial Spread
Uncertainty only 79.1 18.28 1.8
EI only 77.1 18.12 3.0
U+EI (no diversity) 77.1 18.12 3.0
Full (U+EI+Div) 71.7 17.68 4.1

Sensitivity analysis

The sensitivity analysis (Table 6) shows that the recommended set is robust to moderate changes
in the acquisition weights and the diversity factor. When w,,,,. is varied from 0.2 to 0.6, the
Jaccard similarity with the baseline (w,,,,. = 0.4) remains at 0.25—1.00, with a peak at the
baseline (1.00). Varying A from 0.1 to 0.5 yields Jaccard values from 0.33 to 1.00. The baseline
values (W, = 0.4, A = 0.3) thus represent a stable choice, and the recommendations would not
be qualitatively altered by small adjustments.

Table 6. Sensitivity of recommended set (Jaccard index) to acquisition weights and diversity

factor.
Wayne Jaccard A Jaccard
0.2 0.25 0.1 0.33
0.4 1.00 0.3 1.00
0.6 0.54 0.5 0.54
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Pareto front analysis

The Pareto front of predicted mass yield vs. HHV (Fig. 6) shows the clear trade-off between the
two objectives. The recommended experiments lie near the front, confirming that the acquisition
function successfully identifies points that are not only informative but also push the Pareto

boundary.

Pareto Front of C i Points and Experiments
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Fig. 6: Pareto front of predicted mass yield vs. HHV for all candidate points; recommended
experiments highlighted in red.

Implications and practical utility

The recommended batch provides a set of conditions that can be prioritized in the laboratory. The
mild-temperature points (200-215 °C) offer high mass yields and are well-suited for applications
requiring high product throughput, while the severe-torrefaction points (302315 °C) maximise
energy density for applications such as co-firing or gasification. Because all points are within the
conventional torrefaction window, they can be implemented without process modifications. The
batch is diversity-aware, so the experiments can be run in any order without risk of spatial

clustering.
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The modular nature of the framework allows it to be extended to other biomass feedstocks or
even other thermochemical processes by replacing the training data. The open-source MATLAB
scripts (available at [repository link]) facilitate reproducibility and adaptation.

Limitations and future work

Several limitations should be considered. First, the candidate space assumed a single, fixed
feedstock composition (median proximate analysis). Real-world feedstocks exhibit significant
variability in ash and volatile matter, which can influence torrefaction behavior [26]. Future
iterations should incorporate feedstock variability either by expanding the candidate space or by
employing multi-task or hierarchical GPR models. Second, energy yield was not given an
explicit EI term; this could be addressed by adding a third EI component or formulating a
constrained optimization. Future work may investigate acquisition functions formulated directly
around energy yield (EY) as a composite objective, potentially simplifying the optimization
landscape by explicitly balancing mass retention and energy densification. Third, the current
work represents a single-step active learning design: it recommends a batch based on the initial
training set. The true power of active learning lies in iterative feedback, where experiments are
performed, data added, and models updated. We plan to implement such an iterative loop in a
follow-up study, including experimental validation of the recommended points. Fourth, while the
GPR calibration was rigorously assessed, the HHV model’s conservatism could potentially be
reduced by using a heteroscedastic noise model or post-hoc calibration methods [32]; this

remains a topic for future research.
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Conclusions

An active learning framework integrating GPR surrogates, multi-objective acquisition,

diversity-aware batch selection, and cross-validated uncertainty calibration was developed and

applied to torrefaction experimental design. Key findings include:

e GPR models trained on 486 observations achieved cross-validated R? of 0.854 (mass yield), 0.971
(HHV), and 0.869 (energy yield), outperforming random forest, SVR, and ANN baselines.

e ARD length scales identified temperature and residence time as dominant features, guiding
the focus of the candidate space.

e Cross-validated uncertainty calibration demonstrated near-ideal coverage for mass yield
(93.2%) and energy yield (95.1%), validating the use of predictive variances for exploration.

e The recommended batch of 10 experiments spans 200-315 °C and 30-1089 s, fully within
the conventional torrefaction regime, and covers both mild and severe processing conditions.

e Ablation and sensitivity analyses demonstrated the contribution of each acquisition
component and the robustness of the design to hyperparameter variations.

o The methodology is transparent, modular, and readily transferable to other multi-objective
thermochemical process design problems.

The proposed framework is intended as a tool for accelerating experimental design rather than

replacing experimentation. Its greatest value lies in prioritizing the most informative future

measurements under limited laboratory resources. Future work will focus on incorporating

feedstock variability, implementing iterative experimental feedback, and extending the approach

to constrained multi-objective optimization.
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