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Machine learning models were developed to predict volatile organic 
compound and ethylene gas adsorption performance of freshness-
preserving agents based on torrefied oak wood chips. Oak chips were 
torrefied at 350 °C for 20 min and processed into three particle sizes. A 
dataset of 39 experimental points was collected, comprising 8 input 
variables (particle size, torrefied wood content, commercial content, bulk 
density, compressed density, porosity, total content, and final bulk density) 
and 2 output variables (VOC and ethylene adsorption levels). Data 
augmentation techniques were applied to overcome dataset limitations. 
Three machine learning algorithms were implemented: Random Forest 
(RF), Extreme Gradient Boosting (XGBoost), and Support Vector 
Regression (SVR). For ethylene adsorption, SVR achieved superior 
performance with R² = 0.934, RMSE = 5.06, and MAE = 1.997.). For VOC 
adsorption, RF demonstrated highest accuracy with R² = 0.962, RMSE = 
1.11, and MAE = 0.845. Torrefied wood content was positively correlated 
with ethylene adsorption (r = 0.43). Porosity was negatively correlated (r = 
-0.76). Higher porosity gave reduced ethylene capture efficiency, 
consistent with a negative relationship between pore structure and 
adsorption. The effectiveness of machine learning was demonstrated in 
predicting gas adsorption performance. The work provides practical 
guidelines for designing torrefied wood-based freshness-preserving 
systems. 
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INTRODUCTION 
 

Global wood production reaches 4 billion m³ annually, with the global wood 

market projected to reach $174.3 billion in 2024 (FAO 2024). The forest sector 

contributed over $663 billion to global GDP in 2015, demonstrating the significant 

economic impact of high value-added utilization of wood resources (Li et al. 2022). 

Forest biomass, as a renewable resource, has gained attention as a key material 

for achieving carbon neutrality and addressing climate change challenges (Berndes et 

al. 2016; Selivanov et al. 2023). While conventional wood utilization has primarily 

focused on primary processed products such as construction materials and pulp raw 

materials, recent research has actively explored transitions to high value-added 

products including biofuels, biochemicals, and functional materials (Amidon and Liu 

2009; Woo and Turner 2019). Wood fuel production alone reached 1.97 billion m³ in 

2022, indicating the rapid expansion of energy conversion from wood biomass (FAO 

2024). This paradigm shift holds significant importance not only for improving the 

economic efficiency of the wood industry but also for developing environmentally 
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friendly materials that can replace fossil-based alternatives (Brunet-Navarro et al. 

2021). 

Torrefaction is a thermal treatment technology that processes biomass in an 

oxygen-limited environment at relatively low temperatures (250 to 350 °C), 

significantly improving the physicochemical properties of wood as a pretreatment 

process (Chen et al. 2019, Lu et al. 2012). During this process, hemicellulose and some 

cellulose decompose to form a porous structure similar to biochar, while enhancing the 

energy density of the raw material (Chen and Kuo 2011; Tumuluru et al. 2021). 

Hardwood species including oak are evaluated as suitable raw materials for torrefaction 

treatment due to their solid wood texture and high density (Simonic et al. 2020). 

Torrefied wood exhibits increased hydrophobicity and improved grindability, making 

it highly applicable across various fields (Chen et al. 2019; Tumuluru et al. 2021). 

Particularly, the surface functional group changes generated during the torrefaction 

process (Xu et al. 2024), along with the porous structure, significantly enhance its 

potential for utilization as adsorption material (Doddapaneni and Kikas. 2023), 

attracting attention as an environmentally friendly alternative to fossil-based materials. 

Although torrefied wood has been proposed as a potential adsorbent for 

ethylene gas and volatile organic compounds generated during the post-ripening 

process of agricultural products (Ha et al. 2025; Doddapaneni and Kikas 2023), its 

adsorption performance under various formulation conditions has not been 

systematically characterized. Ethylene, known as the “death or ripening hormone,” is a 

plant hormone that accelerates fruit and vegetable maturation, serving as a major cause 

of quality deterioration during storage (Saltveit 1999).  Indeed, excessive ethylene gas 

exposure is a major cause of postharvest losses, with fruits and vegetables accounting 

for 20 to 50% of global food losses in the supply chain (Kader 1985; Schudel et al. 

2023). Internal ethylene concentrations in mature fruits can exceed 100 μL/L, rapidly 

accelerating quality deterioration of surrounding agricultural products (Saltveit 1999). 

Additionally, volatile organic compounds (VOCs) cause loss of flavor components in 

agricultural products and promote microbial growth, thereby adversely affecting 

freshness preservation (Martínez-Romero et al. 2007). Torrefied wood chips can be 

utilized as natural freshness-preserving agents that effectively adsorb these harmful 

gases and extend the storage life of agricultural products (Ha et al. 2025). Unlike 

conventional chemical preservatives, biochar-based ethylene absorbers are receiving 

significant attention as environmentally friendly and safe alternatives (Charoensuk et 

al. 2024). 

The adsorption performance of freshness-preserving agents is determined by 

complex interactions among various structural parameters including particle size, 

torrefied material content, commercial base material content, bulk density, true density, 

and porosity. Traditional experimental approaches alone require significant time and 

cost for optimizing such multi-variable systems(Manatura et al. 2023). Machine 

learning methods offer a data-efficient complement by modeling complex variable 

interactions and enabling prediction across a broader parameter space than direct 

experimentation alone. 

The introduction of machine learning technology is essential to address these 

challenges. Recent studies have demonstrated excellent performance of machine 

learning models in gas adsorption and biochar/torrefied material predictions, which are 

directly relevant to this research field (Zhang et al. 2023). Machine learning models 

have successfully predicted biochar porous structure properties, with validation R² 

reaching 0.94 for surface area and pore volume predictions (Li et al. 2023). The 

LightGBM model demonstrated superior prediction performance for biochar CO₂ 

adsorption capacity (R² = 0.956) (Zhao et al. 2025). The Gradient Tree Boosting model 
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developed to predict the solid yield and higher heating value of torrefied biomass 

achieved a high accuracy of R² = 0.93 (Onsree et al. 2022). These machine learning 

algorithms can model nonlinear and complex relationships and achieve high prediction 

accuracy even from limited experimental data (Dalmau et al. 2025; Ghattas and 

Manzon 2023). In particular, data augmentation techniques can overcome limitations 

of small datasets and improve model generalization performance, making them 

essential tools for efficient freshness-preserving agent development (Liu et al. 2025). 

Previous studies on gas adsorption and freshness-preserving agents mainly 

focused on single gas adsorption performance or relied on traditional statistical analysis 

methods, failing to reflect complex interactions in multi-variable systems (Pilkington 

et al. 2014). Moreover, most studies required substantial experimental data, limiting 

practical applications. With the advancement of machine learning technology, data 

augmentation techniques that can achieve high prediction performance even with small 

datasets have been developed, presenting new approaches to overcome these limitations 

(Jha et al. 2019). Particularly, there is a growing need for developing integrated models 

that predict simultaneous adsorption performance of both ethylene and volatile organic 

compounds, and research on comprehensive approaches that simultaneously consider 

structural characteristics and composition ratios of torrefied wood is required. 

Addressing these technical challenges to provide practical freshness-preserving agent 

design guidelines is recognized as a major objective in the current research field. 

The primary objective of this study is to develop machine learning models that 

can accurately predict the volatile organic compound and ethylene gas adsorption 

performance of freshness-preserving agents based on torrefied oak chips. The specific 

research objectives are as follows. First, to systematically analyze physicochemical 

property changes of oak chips torrefied at 350 °C for 20 min and derive optimal 

conditions through particle size classification (< 1 mm, < 2 mm, < 4 mm). Second, to 

identify correlations between 8 input variables including particle size, torrefied material 

content, commercial base material content, bulk density, compressed density, and 

porosity, and 2 output variables including volatile organic compounds adsorption rate 

and ethylene adsorption rate based on 39 experimental data points. Third, to overcome 

limitations of small datasets by applying data augmentation techniques and 

comparatively evaluate prediction performance of Random Forest (RF), Extreme 

Gradient Boosting (XGBoost), and Support Vector Regression (SVR) models. Fourth, 

to quantitatively assess model accuracy and generalization capability using coefficient 

of determination (R²), root mean square error (RMSE) and mean absolute error (MAE). 

 

 

EXPERIMENTAL 
 
Materials 

The oak wood chips were provided by Poonglim Co., Ltd. (Republic of Korea) 

and were standardized to a uniform size of 3 cm × 3 cm. The chips were oven-dried at 

105 °C for more than 24 h to completely remove moisture. 

 

Torrefaction Process 
 Torrefaction was conducted using a laboratory-scale muffle furnace (TMF-

3200, EYELA, Tokyo, Japan). The torrefaction conditions for oak wood chips were 

selected based on the results of the first-year study. Specifically, the chips were heated 

at 350 °C for 20 min in the electric muffle furnace. Prior to torrefaction, each batch of 

oak chips was wrapped in aluminum foil and glass fiber to minimize contact with 

oxygen. After the torrefaction process, the samples were cooled under a nitrogen 
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atmosphere and stored in zip-lock bags until further processing. 

 

Preparation of a Freshness Preservative Using Torrefaction Oak Chips 
  The torrefied oak chips were ground into powder using a commercial grinder 

operating at 34,000 rpm. The resulting torrefied material was sieved using standard 

mesh screens to obtain three particle size fractions: <1 mm (20 mesh pass), <2 mm (10 

mesh pass), and <4 mm (5 mesh pass). All sieved samples were stored in zip-lock bags 

until further use in subsequent processes. For the preparation of freshness-preserving 

agents containing torrefied powder, a commercial freshness-preserving base material 

was provided by SunGel Co., Ltd. (Republic of Korea). The agents were formulated by 

varying the particle size and input amount of the torrefied material, as well as the 

amount of the freshness-preserving base. Detailed formulations are summarized in 

Table 1. 

 

Evaluation of Bulk Porosity of Uncompressed Torrefied Wood Powder 
Bed  

The torrefied oak wood was placed in a 25 mL glass cylinder, and its weight 

was measured. The real density was calculated by dividing the weight by the volume. 

The sample was then dried in a dry oven at 105 °C for more than 12 h, followed by 

compression using a 500 g weight. The weight after compression was recorded to 

determine the relative density of the unpacked bed, following standard procedures for 

biomass characterization (ASTM D2395-17). The relative porosity of the unpacked 

shelf-life extender containing torrefied oak was calculated according to Eq. 1 (Table 1). 

Note that this calculation does not indicate a true density due to the fact that the 

compressed bed may still contain air, both between the particles and in smaller particles 

within particles. 
 

𝑩𝒆𝒅 𝒑𝒐𝒓𝒐𝒔𝒊𝒕𝒚 (%) = (𝟏 −
𝑼𝒏𝒑𝒂𝒄𝒌𝒆𝒅  𝑫𝒆𝒏𝒔𝒊𝒕𝒚 (𝒎𝒈/𝒄𝒎𝟑)

𝑷𝒂𝒄𝒌𝒆𝒅 𝑫𝒆𝒏𝒔𝒊𝒕𝒚 (𝒎𝒈/𝒄𝒎𝟑)
) × 𝟏𝟎𝟎   (1) 

 

Evaluation of Gas Adsorption Capacity of the Freshness-Preserving 
Apples, known for releasing substantial amounts of volatile organic 

compounds and ethylene gas (Fidler and North 1969), were selected as the test crop. 

The apples (Malus pumila Mill.) used in the experiment were purchased from a local 

market. Only apples harvested at the mature stage, exhibiting uniform color, and free 

from defects or mechanical damage were selected. The selected apples were sealed in 

airtight plastic containers together with the freshness-preserving agent. A tube was 

connected from the sealed container to a gas analyzer (AMO-1000, ASN, Korea) to 

measure the release of volatile organic compounds and ethylene gas. The volatile 

organic compounds and ethylene gas adsorption performance were calculated based on 

the control group without the freshness-preserving agent (Table 1). The gas 

concentrations released from both the control and treated groups (Table 1, Sample No. 

21) reached a plateau at 7 days of storage, indicating adsorption equilibrium (Fig. 1). 

Stabilization of gas concentrations was further confirmed by extending the observation 

period to 28 days, which showed no statistically significant differences from the 7-day 

values. Consequently, the data obtained at this 7-day equilibrium point were established 

as the baseline to normalize and calculate the relative gas adsorption percentages for all 

experimental groups. 
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Table 1. Volatile Organic Compounds, Ethylene Gas Adsorption Raw Data 
Table According to Composition and Freshness-preserving Characteristics  

 Input Data Variables Output Data Variables 

No. PS 
(mm) 

TWC 
(g) 

CFC 
(g) 

TC 
(g) 

BD 
(Mg/m3) 

CD 
(Mg/m3) 

PO 
(%) 

VOA 
(%) 

EGA 
(%) 

1 0 0 4 4 1.15 4.34 73.46 30 47.1 

4 1 1 3 4 0.13 0.4 68.99 30 55.5 

7 1 2 2 4 0.14 0.31 54.11 20.5 77 

10 1 3 1 4 0.16 0.29 46.72 30.5 68.1 

13 1 4 0 4 0.27 0.51 46.03 25.5 62.8 

16 2 1 3 4 0.3 0.91 67.37 20 62.8 

19 2 2 2 4 0.16 0.52 69.43 10.5 83.2 

22 2 3 1 4 0.15 0.52 70.66 11 79.6 

25 2 4 0 4 0.14 0.61 77.94 25.5 64.7 

28 4 1 3 4 0.13 0.58 78.22 30 47.1 

31 4 2 2 4 0.1 0.65 84.02 25.5 70.7 

34 4 3 1 4 0.13 0.85 85.17 25.5 60.7 

37 4 4 0 4 0.17 2.11 91.9 25.5 58 

2 0 0 7 7 0.12 0.49 75.57 25 52.9 

5 1 2 5 7 0.17 0.43 61.78 25.5 60.2 

8 1 3.5 3.5 7 0.16 0.33 51.41 20.5 78 

11 1 5 2 7 0.13 0.26 49.17 25.5 73.3 

14 1 7 0 7 0.49 0.92 46.97 20.5 71.7 

17 2 2 5 7 0.28 0.91 69.39 20 68.6 

20 2 3.5 3.5 7 0.16 0.49 67.55 10.5 84.3 

23 2 5 2 7 0.15 0.5 70.39 15 80.1 

26 2 7 0 7 0.09 0.44 79.38 10.5 73.5 

29 4 2 5 7 0.1 0.54 80.57 30 57.6 

32 4 3.5 3.5 7 0.12 0.97 87.18 20.5 70.7 

35 4 5 2 7 0.08 0.6 85.77 25.5 62.8 

38 4 7 0 7 0.17 1.9 91.04 25.5 71.2 

3 0 0 14 14 0.09 0.38 75.76 31 63.4 

6 1 4 10 14 0.16 0.39 59.88 25.5 62.8 

9 1 7 7 14 0.11 0.25 54.63 15.5 79.1 

12 1 10 4 14 1.15 1.95 41.05 25.5 75.4 

15 1 14 0 14 0.47 0.91 48.63 20.5 73.8 

18 2 4 10 14 0.13 0.41 67.63 15.5 73.3 

21 2 7 7 14 0.15 0.5 69.68 10.5 84.8 

24 2 10 4 14 0.13 0.45 71.91 13.5 82.7 

27 2 14 0 14 0.09 0.41 77.6 10.5 71.1 

30 4 4 10 14 0.14 0.7 80.61 30 68.6 

33 4 7 7 14 0.13 0.9 85.75 20 78 

36 4 10 4 14 0.18 1.45 87.3 25.5 62.8 

39 4 14 0 14 0.11 1.15 90.26 20.5 72.5 

PS: Particle size of torrefied oak wood, TWC: torrefied wood content, CFC: commercial 
freshness-preserving content, TC: Total content of torrefied wood and commercial freshness-
preserving BD: bulk density, CD: Compressed density, PO: porosity, VOA: volatile organic 
compounds absorption, EGA: ethylene gas absorption 
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Fig. 1. Kinetic release and adsorption of (A) volatile organic compounds and (B) ethylene gas 
from apples with and without freshness-preserving agent treatment during 28 days of storage 

 

Prior to the adsorption experiments, the amounts of volatile organic compounds 

(VOC) and ethylene gas released from apple samples were quantified to establish 

baseline conditions. As illustrated in Fig. 1, the concentrations of VOC and ethylene 

gas within the sealed containers gradually increased during the storage period, reaching 

equilibrium at approximately 7 days. At this equilibrium point, the VOC concentration 

of the control group (without freshness-preserving agent) was approximately 34.0 ppm, 

and the ethylene concentration was approximately 95.5 ppm (Fig. 1). Based on these 

values, the amount of gas absorbed by the freshness-preserving agent was expressed as 

a percentage calculated from the gas concentrations detected at Day 7 across all 

experimental groups (Table 1). 

 
Data Augmentation and Preprocessing 

Traditionally, machine learning models operate more effectively when 

provided with a broad range of input data to prevent prediction errors (Shorten and 

Khoshgoftaar 2019). In this study, the experimental dataset (Table 1) consisted of 39 

data entries, categorized into eight input variables particle size, torrefied material 

content, raw material content, final bulk density, specific density, and porosity and two 

output variables, namely volatile organic compounds adsorption rate and ethylene 

adsorption rate. The size of this dataset was insufficient to develop a predictive model 

with strong generalization capability (Mikołajczyk and Grochowski 2018). Therefore, 

data augmentation was applied to enhance the reliability of the metadata and to simulate 

real-world conditions (Feng et al. 2019) (Eq. 2). 
 

𝑿̃𝒊𝒋
(𝒓)

=  𝑿𝒊𝒋(𝟏 + 𝝐𝒊𝒋
(𝒓)

), 𝝐𝒊𝒋
(𝒓)

 ~ 𝝁(−𝝀, 𝝀)      (2) 

𝒚̃𝒊𝒕
(𝒓) =  𝑿𝒊𝒕(𝟏 + 𝜹𝒊𝒕

(𝒓)
), 𝜹𝒊𝒕

(𝒓)
 ~ 𝝁(−𝝀, 𝝀)     (3) 

As shown in Eq. (2), for each observation i, feature j, and target dimension t, r 

denotes the augmentation iteration index, and λ corresponds to the noise level (0<λ<1). 

The terms ϵ and δ are mutually independent and are independently sampled across 

observations and features. The final training matrix is expressed in Eq. 4. 

 

𝑿∗ = [
𝑿̃(𝟏)

…
𝑿̃(𝒓)

] , 𝒚∗ = [
𝒚̃(𝟏)

…
𝒚̃(𝒓)

]        (4) 
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Predictive Modeling of Gas Adsorption Performance for Freshness-
preserving Agent 

Machine learning algorithms were employed to construct predictive models for 

volatile organic compounds and ethylene gas adsorption performance of the freshness-

preserving agent. Three regression algorithms were selected based on their ability to 

capture non-linear relationships between input features and adsorption performance: 

Multiple Linear Regression (MLR), Random Forest (RF), Extreme Gradient Boosting 

(XGB), and Support Vector Regression (SVR). 

 

Multiple Linear Regression (MLR) baseline model 

Multiple Linear Regression (MLR) was employed as a baseline reference 

model to evaluate whether the relationship between the eight input variables and the 

two adsorption output variables (VOC and ethylene adsorption rates) could be 

adequately described by a linear additive framework. MLR assumes that each output 

variable is a weighted linear combination of the input features, making it one of the 

most interpretable and computationally efficient modeling approaches in statistical 

analysis. The MLR model assumes a linear relationship of the form (5), 

ŷ̂ = β₀ + β₁x₁ + β₂x₂ + ⋯ + βₘxₘ + ε                          (5)  

where ŷ̂ is the predicted adsorption rate, β₀ is the intercept, β₁ through βₘ are regression 

coefficients for each of the m = 8 input variables x₁ through xₘ, and ε is the residual 

error term. Model parameters were estimated by ordinary least squares (OLS) using 

scikit-learn LinearRegression (Pedregosa et al. 2011). No regularization was applied in 

order to represent the standard MLR formulation as a baseline.  

 

Random forest model 

Random Forest (RF) is an ensemble learning algorithm that integrates multiple 

decision trees to enhance prediction accuracy and reduce the risk of overfitting 

(Breiman 2001). Each tree is constructed from a random subset of training data and 

features, and the final prediction is obtained by averaging the outputs of all trees. This 

approach is particularly effective in modeling non-linear relationships and handling 

high-dimensional feature spaces (Friedman 2001; Meinshausen and Ridgeway 2006). 

In the present study, RF was employed to capture the complex interactions among 

structural parameters of the freshness-preserving agent and their influence on 

adsorption performance. The hyperparameter types and search ranges for RF are 

summarized in Table 2. 

 

Table 2. Hyperparameter Search Ranges and Optimal Values of Random 
Forest (RF) Model for Predicting Ethylene and Volatile Organic Compounds 
Adsorption Performance 

Hyperparameters Range Number of Cases 

Ethylene Volatile organic 
compounds 

Number of estimators 10 to 1000 651 137 

Maximum depth 1 to 30 27 23 

Minimum samples split 1 to 10 2 3 

Minimum samples leaf 1 to 5 1 1 

Maximum features sqrt, 0.5, 0.7, 1.0 1.0 1.0 
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Extreme gradient boosting model 

Extreme Gradient Boosting (XGB) is an advanced boosting algorithm designed 

to optimize both computational efficiency and prediction performance (Chen and 

Guestrin 2016). Unlike bagging-based approaches, XGB sequentially constructs trees 

where each subsequent tree corrects the errors of the previous ones (Friedman 2001). 

By applying regularization techniques and optimized gradient descent, XGB minimizes 

overfitting while maintaining high prediction accuracy (Chen and Guestrin 2016). In 

this research, XGB was selected to provide robust predictions of volatile organic 

compound and ethylene gas adsorption performance, owing to its proven capability in 

modeling highly non-linear and imbalanced datasets (Nielsen 2016; Torlay et al. 2017). 

The hyperparameter types and search ranges for XGB are summarized in Table 3. 

 

Table 3. Hyperparameter Search Ranges and Optimal Values of Extreme 
Gradient Boosting (XGB) Model for Predicting Ethylene and Volatile Organic 
Compounds Adsorption Performance 

Hyperparameters Range Number of Cases 

Ethylene Volatile organic 
compounds 

number of estimators 10 to 1000 632 708 

learning rate 0.02 to 0.2 0.1713 0.2579 

maximum depth 1 to 20 2 13 

subsample ratio 0.3 to 1.0 0.9236 0.7299 

column sample ratio 0.4 to 0.9 0.6347 0.8021 

 

Support vector regression model 

Support Vector Regression (SVR) is a kernel-based learning algorithm that 

maps input features into higher-dimensional space to establish a regression function 

within a specified margin of tolerance (Drucker et al. 1996). SVR seeks to minimize 

prediction error while maintaining model generalization by employing kernel functions 

such as radial basis function (RBF). This makes SVR particularly suitable for datasets 

with limited sample sizes or non-linear patterns. In the current study, SVR was 

implemented to evaluate its ability to generalize the adsorption behavior of the 

freshness-preserving agent across varying experimental conditions. The 

hyperparameter types and search ranges for RF are summarized in Table 4. 

 

Table 4. Hyperparameter Search Ranges and Optimal Values of Support 
Vector Regression (SVR) Model for Predicting Ethylene and Volatile Organic 
Compounds Adsorption Performance 

Hyperparameters Range 
Number of Cases 

Ethylene 
Volatile organic 

compounds 

kernel rbf, poly, sigmoid rbf rbf 

penalty parameter C 0.1 ~ 100 6.4511 68.4263 

epsilon 0.001 ~ 1 0.2744 0.0353 

polynomial degree 2 to 6 4 5 

Gamma 
'scale', 'auto', 

0.001, 0.01, 0.1, 1 
1 1 

coef0 0.0 to 0.5 0.0368 0.6099 
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Hyperparameter tuning 

To ensure optimal predictive performance, hyperparameter tuning was 

conducted for all three regression algorithms (RF, XGB, and SVR). The 

RandomizedSearchCV method was employed with 120 randomized iterations 

combined with five-fold cross-validation (Bergstra and Bengio 2012). This approach 

enabled systematic exploration of parameter spaces while maintaining computational 

efficiency (Pedregosa et al. 2011). Through this process, the most appropriate 

parameter combinations for each algorithm were identified, thereby reducing the risk 

of overfitting and enhancing model generalization to unseen data (Kohavi 1995). 

 

Model performance evaluation 

The predictive accuracy and generalization capability of the machine learning 

models were evaluated using three statistical indicators: the coefficient of determination 

(R²), root mean square error (RMSE), and mean absolute error (MAE) (Willmott and 

Matsuura 2005). R² represents the proportion of variance in the observed data that can 

be explained by the model, with values closer to 1.0 indicating superior predictive 

performance (Eq. 6) (Kvålseth 1985). RMSE is defined as the square root of the mean 

of the squared differences between the predicted and observed values, providing a 

measure of the model’s prediction error in the same units as the target variable (Eq. 7) 

(Chai and Draxler 2014). MAE calculates the mean of the absolute differences between 

the predicted and observed values, reflecting the average magnitude of prediction errors 

regardless of direction (Eq. 8) (Willmott and Matsuura 2005). A well-trained model 

should yield R² values close to 1.0, while RMSE and MAE should be as low as possible 

(Chicco et al. 2021). These metrics were computed for both the training and validation 

datasets to ensure that the models achieved high accuracy without overfitting. 

𝑹𝟐 = 𝟏 − 
∑(𝒕−𝒚 )𝟐

∑(𝒕−𝒕̅ )𝟐        (6) 

𝑹𝑴𝑺𝑬 = √
∑(𝒚−𝒚̂ )𝟐

𝒏
        (7) 

𝑴𝑨𝑬 =
∑|𝒚−𝒚̂|

𝒏
        (8) 

 

 
RESULTS AND DISCUSSION 
 

Characterization of Torrefied Oak Wood Chips 
The physicochemical and adsorption-related properties of torrefied oak wood 

chips were characterized to provide a comprehensive understanding of the material 

prior to freshness-preserving agent preparation. Torrefaction at 350 °C for 20 min under 

limited-oxygen conditions induced substantial structural transformations, including 

partial decomposition of hemicellulose and amorphous cellulose, resulting in a biochar-

like porous architecture with enhanced surface hydrophobicity (Chen and Kuo 2011; 

Niu et al. 2019). These thermally induced changes are known to increase the specific 

surface area and generate microporous and mesoporous structures conducive to gas 

adsorption (Doddapaneni and Kikas. 2023). 

The textural parameters of the torrefied oak wood chips, including bulk density 

(BD) and compressed density, were determined experimentally and are reported in 

Table 1. The bulk density of torrefied wood fractions ranged from 0.08 to 1.15 Mg/m³, 

and the compressed density ranged from 0.25 to 4.34 Mg/m³, reflecting the influence 

of particle size and formulation composition on the packing structure. The calculated 

porosity values ranged from 41.05% to 91.90% (Table 1), indicating a highly porous 
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material framework. These textural parameters are directly relevant to gas adsorption 

performance, as porosity governs the availability of internal void spaces for molecular 

capture (Rouquerol et al. 2013). 

Surface morphology of the torrefied oak wood chips was qualitatively 

consistent with the characteristics reported for biomass torrefied at similar temperatures, 

including roughened surface textures and the development of inter-particle void spaces 

due to thermal degradation of cell wall components (Simonic et al. 2020; Xu et al. 

2024). Surface functional group changes associated with torrefaction—including the 

reduction of hydroxyl (-OH) groups and the formation of carbonyl (C=O) and aromatic 

C=C structures—are well-documented and contribute to the enhanced hydrophobicity 

and altered adsorption affinity of the material (Xu et al. 2024).  

 

Correlation Analysis of Structural Parameters and Gas Adsorption 
Performance 

The Pearson correlation matrix (Fig. 2) reveals distinct and contrasting 

relationships between the structural parameters of the freshness-preserving agent and 

the two target gas adsorption performances. Interestingly, ethylene adsorption showed 

a negative correlation with porosity (r = -0.25), which appears counterintuitive but can 

be explained by the specific pore size requirements for ethylene molecules (2.85 Å 

kinetic diameter) (Keller and Staudt 2005). Excessive porosity, primarily representing 

inter-particle gaps in this study, may result in inefficient gas-solid interaction, thereby 

hindering the effective capture of ethylene molecules. 

Torrefied oak wood content showed the strongest positive correlation with 

ethylene adsorption (r = 0.43), indicating that increasing the proportion of torrefied 

wood directly enhances ethylene capture capacity, attributable to the hydrophobic 

surface characteristics and residual microporous structure developed during 

torrefaction. Compressed density exhibited a notable negative correlation with ethylene 

adsorption (r = -0.36), suggesting that denser material configurations are less conducive 

to ethylene uptake, while bulk density showed a weak negative correlation (r = -0.16), 

consistent with the observation that lower bulk density alone does not favor ethylene 

adsorption when pore sizes exceed the optimal range for molecular capture (Yang 2003). 
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Fig. 2. Pearson correlation analysis between ethylene and volatile organic compounds 
adsorption and the prepared freshness-preserving agent 

 

Volatile organic compounds adsorption showed a negative correlation with 

torrefied oak wood content (r = -0.37), suggesting that an increase in torrefied wood 

content led to diminished effectiveness in the adsorption of larger, more complex VOCs 

(Bansal and Goyal 2005). This result may be attributable to the surface chemical 

characteristics of the torrefied material, where hydrophobic surfaces developed during 

torrefaction show limited affinity for the polar functional groups common in VOC 

molecules (Chen et al. 2014). A weak positive correlation with vermiculite content (r = 

0.16) suggests that the commercial base material contributed more to VOC capture, 

possibly through surface adsorption mechanisms rather than pore-filling (Yang 2003). 

Bulk density showed a modest positive correlation with VOC adsorption (r = 0.19), 

thereby providing substantiation for the hypothesis that denser material configurations 

may facilitate greater surface contact points per unit volume for VOC capture 

(Rouquerol et al. 2013). The strong negative intercorrelation between VOC and 

ethylene adsorption rates (r = -0.76) is particularly significant, demonstrating a 

fundamental trade-off between the two adsorption targets governed by contrasting 

structural requirements. This finding justifies the gas-specific model development 

strategy adopted in the present study, wherein SVR and RF were independently 

optimized for ethylene and VOC prediction, respectively, underscoring the necessity of 

machine learning approaches capable of capturing these complex, gas-specific 

nonlinear interactions across the multidimensional input feature space.  
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Machine Learning Model Hyperparameter Optimization 
Hyperparameter tuning was conducted for all three regression algorithms (RF, 

XGB, and SVR) using the RandomizedSearchCV method with 120 randomized 

iterations combined with five-fold cross-validation. This approach enabled systematic 

exploration of parameter spaces while maintaining computational efficiency. 

 

Random Forest Hyperparameter Optimization 
The optimal hyperparameters for RF showed distinct patterns between gas 

types (Table 2). For ethylene prediction, RF required a larger ensemble (n_estimators 

= 651) with deeper trees (max_depth = 27), indicating the need for complex model 

architecture to capture ethylene's intricate adsorption behavior. In contrast, volatile 

organic compounds prediction achieved optimal performance with a smaller ensemble 

(n_estimators = 137) and shallower trees (max_depth = 23), suggesting that volatile 

organic compounds adsorption patterns are more straightforward to model. Both tasks 

benefited from minimal overfitting control (min_samples_split = 2-3, 

min_samples_leaf = 1) and access to all features (max_features = 1.0). 

 

XGBoost Hyperparameter Optimization 
XGBoost optimization revealed significant differences in optimal 

configurations between gas types (Table 3). Ethylene prediction required a moderate 

ensemble size (n_estimators = 632) with shallow trees (max_depth = 2) and 

conservative learning rate (learning_rate = 0.1713), emphasizing the need for gradual 

learning to avoid overfitting on the complex ethylene adsorption patterns. Volatile 

organic compounds prediction benefited from a larger ensemble (n_estimators = 708) 

with deeper trees (max_depth = 13) and higher learning rate (learning_rate = 0.2579), 

indicating that volatile organic compounds patterns can accommodate more aggressive 

learning strategies. The subsample and column sample ratios differed substantially 

(ethylene: subsample = 0.9236, colsample = 0.6347; volatile organic compounds: 

subsample = 0.7299, colsample = 0.8021), suggesting different regularization 

requirements for each gas type. 

 

Support Vector Regression Hyperparameter Optimization 
SVR optimization demonstrated contrasting parameter requirements between 

gas predictions (Table 4). Both applications utilized RBF kernels with gamma = 1, 

confirming the effectiveness of radial basis function mapping for capturing non-linear 

gas adsorption relationships. However, the penalty parameter C showed dramatic 

differences: ethylene required moderate regularization (C = 6.4511) while volatile 

organic compounds demanded strong regularization (C = 68.4263), indicating that 

volatile organic compounds prediction requires more flexible decision boundaries. The 

epsilon values also varied significantly (ethylene: ε = 0.2744; volatile organic 

compounds: ε = 0.0353), with volatile organic compounds requiring tighter tolerance 

zones for accurate predictions. 

 

Model Performance Evaluation and Comparison 
Ethylene gas adsorption prediction 

The comparative analysis of machine learning models for ethylene adsorption 

prediction (Table 5, Fig. 3) revealed distinct performance characteristics. The MLR 

model yielded the lowest predictive performance, with a validation R² of 0.303 and high 

prediction errors (RMSE = 53.457, MAE = 5.512), confirming that the relationships 

governing ethylene adsorption cannot be adequately described by a linear additive 

framework. SVR demonstrated superior performance with the highest R² value of 0.934 
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on validation data and the lowest prediction errors (RMSE = 5.06, MAE = 1.997). The 

tight alignment between predicted and experimental values in Fig. 3 indicates excellent 

generalization capability. This performance can be attributed to SVR’s kernel-based 

approach, which effectively captures the non-linear relationships between structural 

parameters and ethylene adsorption through radial basis function mapping. The XGB 

model also achieved reliable performance (R² = 0.926) with moderate prediction errors 

(RMSE = 5.65, MAE = 1.56). While slightly less accurate than SVR, XGB maintained 

consistent performance across training and validation datasets, indicating good model 

stability without severe overfitting. In contrast, the Random Forest (RF) model 

displayed wider scatter and lower accuracy (R² = 0.879), indicating its limited capacity 

to capture the nonlinear adsorption mechanisms of ethylene. The substantial difference 

between training (R² = 0.914) and validation performance (R² = 0.879) suggests that 

RF struggled with generalization despite requiring the most complex hyperparameter 

configuration. 

 

Table 5. Comparison of Training and Validation Performance of MLR, RF, 
SVR, and XGB Models in Ethylene Gas Adsorption Prediction 

Model R2_train RMSE_train MAE_train R2_Test RMSE_val MAE_val 

Ethylene 
Gas 

Adsorption 
Predict_MLR 

0.301 67.195 7.106 0.303 53.457 5.512 

Ethylene 
Gas 

Adsorption 
Predict_RF 

0.914 8.219 2.339 0.879 9.268 2.431 

Ethylene 
Gas 

Adsorption 
Predict_SVR 

0.951 4.700 1.828 0.933 5.060 1.997 

Ethylene 
Gas 

Adsorption 
Predict_XGB 

0.945 5.259 1.706 0.926 5.648 1.562 
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Fig. 3. Comparison of predicted and experimental values for ethylene gas adsorption using RF, 

SVR, and XGB models 

 

Volatile Organic Compounds Adsorption Prediction 
In contrast to ethylene, the adsorption of volatile organic compounds was best 

predicted by the RF model (Table 6, Fig. 4). The MLR model yielded the lowest 

predictive performance, with a validation R² of 0.412 and high prediction errors (RMSE 

= 67.195, MAE = 7.106), confirming that VOC adsorption behavior cannot be 

adequately described by a linear additive framework. RF achieved the highest R² value 

(0.962) with very low prediction error (RMSE = 1.11, MAE = 0.845), outperforming 

both SVR and XGB. The minimal difference between training (R² = 0.957) and 

validation performance (R² = 0.962) demonstrates excellent generalization without 

overfitting. The ensemble learning structure of RF effectively handles interactions 
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among multiple structural variables, such as porosity, bulk density, and particle size. 

The SVR model initially showed high training accuracy (R² = 0.990) but suffered from 

reduced performance in validation (R² = 0.931), indicating mild overfitting. 

Despite the high penalty parameter (C = 68.4263) intended to prevent 

overfitting, the model learned training-specific patterns that did not generalize well to 

new volatile organic compounds adsorption scenarios. XGB delivered intermediate 

accuracy (R² = 0.911) between SVR and RF, maintaining reasonable prediction 

capability without severe overfitting issues. The balanced hyperparameter 

configuration (deeper trees with moderate learning rate) successfully captured volatile 

organic compounds adsorption complexity while maintaining model stability. 

 

Table 6. Comparison of Training and Validation Performance of MLR, RF, 
SVR, and XGB Models in Volatile Organic Compounds Adsorption Prediction 

Model R2_train RMSE_train MAE_trai
n 

R2_Test RMSE_va
l 

MAE_va
l 

VOC 
Adsorption 
Predict_ML

R 

0.301 67.195 7.106 0.303 53.457 5.512 

VOC 
Adsorption 
Predict_RF 

0.956 2.078 1.228 0.961 1.114 0.845 

VOC 
Adsorption 

Predict_SVR 

0.989 0.499 0.440 0.930 2.019 0.778 

VOC 
Adsorption 
Predict_XG

B 

0.983 0.788 0.638 0.911 2.586 1.165 
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Fig. 4. Comparison of predicted and experimental values for volatile organic compounds 
adsorption using RF, SVR, and XGB models 
 

  

  

  

  
 



 

PEER-REVIEWED ARTICLE bioresources.cnr.ncsu.edu 
 

 

Kim et al. (2026). “Torrefied wood as an adsorbent,” BioResources 21(2), 4538-4561.  4554 

Optimal Model Selection and Performance Analysis 
SVR is recommended as the optimal choice for ethylene adsorption prediction 

due to its superior generalization capability (R² = 0.934) and robust performance under 

limited data conditions (Vapnik 2013; Smola and Schölkopf 2004). The kernel-based 

approach effectively models the penetration-dependent adsorption behavior of small 

ethylene molecules, where pore structure optimization is critical (Cortes and Vapnik 

1995). The moderate hyperparameter requirements (C = 6.4511, ε = 0.2744) indicate 

that ethylene adsorption follows well-defined physical principles that can be captured 

without excessive model complexity (Cherkassky and Ma 2004). RF is preferred for 

volatile organic compounds adsorption prediction due to its exceptional accuracy (R² = 

0.962) and ability to capture multi-variable interactions without overfitting (Breiman 

2001). The ensemble approach successfully models the complex surface-interaction 

mechanisms that characterize volatile organic compounds adsorption on torrefied 

materials (Liaw and Wiener 2002). The simpler hyperparameter configuration required 

for optimal volatile organic compounds prediction (n_estimators = 137) demonstrates 

the efficiency of RF in handling multi-dimensional feature interactions (Hastie et al. 

2009). 

 

Comparison with Literature and Model Validation 
Although conventional multiple linear regression (MLR) can describe 

individual pairwise relationships, it is unable to adequately capture the nonlinear cross-

interactions among the eight structural input variables that simultaneously influence 

two distinct adsorption outputs. In the present study, MLR was evaluated as a baseline, 

yielding low predictive accuracy (R² = 0.303 for ethylene; R² = 0.412 for VOC), which 

confirms that the multi-variable relationships governing adsorption performance in this 

system cannot be adequately described by linear models alone (Tables 5, 6). Machine 

learning approaches, which can model complex nonlinear interactions across the full 

variable space, are therefore justified for this application. 

The SVR model achieved the highest predictive accuracy for ethylene 

adsorption (R² = 0.934), outperforming all other evaluated algorithms in this study. This 

result compares favorably with Li et al. (2023), who reported R² = 0.95 using a light 

gradient boosting machine (LGBM) for CO₂ adsorption prediction of biochar based on 

activation temperature and gas flow rate as key input features. The comparable R² 

values between the two studies are particularly noteworthy given that the present study 

predicted ethylene adsorption directly under practical postharvest storage conditions, 

whereas Li et al. (2023) targeted indirect structural properties under idealized 

laboratory settings. For VOC adsorption prediction, RF achieved the highest R² of 

0.962 among all models evaluated, surpassing recent deep learning and ensemble-based 

approaches reported in the literature. Specifically, Zhang et al. (2025) achieved R² = 

0.97 using gradient boosting machines with total pore volume and micropore volume 

as primary features for biochar VOC adsorption prediction. Jeong et al. (2025) reported 

R² = 0.94 using a multimodal-based prediction model with VOC type and BET surface 

area as key input features for activated carbon VOC adsorption. Zhou et al. (2025) 

achieved R² = 0.89 using a physics-embedded deep neural network (PEDNN) with 

mesopore volume and total pore volume as key features. The RF model in this study 

achieved an R² = 0.962, demonstrating high accuracy comparable to the performance 

of reported machine learning models. This was achieved despite the experimental data 

conditions derived from actual reservoir preservation tests being far more restrictive 

than those of large-scale pure gas injection systems (Table 7). 
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Table 7. Comparison of Machine Learning Model Performance in Gas 
Adsorption Literature 

Adsorbent 
Material 

Target 
Compound 

ML 
Algorithm 

R² Key Features Study 

Torrefied 
oak wood 

Ethylene SVR 0.934 Particle size, 
porosity, density 

Present Study 

Torrefied 
oak wood 

VOC RF 0.962 Particle size, 
porosity, density 

Present Study 

Biochar CO₂ LGBM 0.95 Activation 
temperature, 
Gas flow rate 

Li et al., 2023 

Biochar VOC Gradient 
boosting 
machines 

0.97 Total pore volume, 
Micropore volume 

Zhang et al. 2025 
 
 

Activated 
carbons 

VOC Multimodal-
based 

prediction 
model 

0.94 VOC type 
BETdata 

Jeong et al. 2025 
 
 

Activated 
carbons 

VOC PEDNN 0.89 mesopore volume 
total pore volume 

Zhou et al. 2025 
 
 

LGBM: Light Gradient boosting machines 
BET: Brunauer-Emmett-Teller 
PEDNN: physical experience-driven neural network  

 

Comparison with Other Biomass Adsorbents  
To place the adsorption performance of the torrefied oak wood chips into a 

broader context, the results of the present study were compared with previously 

reported studies employing thermochemically treated biomass materials as gas 

adsorbents (Table 8). Previous studies have demonstrated that biochar and heat-treated 

biomass materials exhibit strong adsorption capacity toward ethylene and various 

volatile organic compounds due to their developed porous structures and increased 

surface functionality (Dutta et al. 2017; Doddapaneni et al. 2018). For example, 

Charoensuk et al. (2024) reported ethylene removal efficiencies of approximately 60 to 

85% using agricultural biochar materials produced by pyrolysis. Similarly, Rajabi et al. 

(2021) demonstrated that biochar materials with well-developed microporous structures 

can effectively adsorb a wide range of VOCs. The adsorption efficiencies observed in 

the present study (ethylene adsorption up to 84.8%) fall within the range reported for 

thermally treated biomass adsorbents in the literature. These findings confirm that 

torrefied oak wood chips exhibit adsorption performance comparable to other biomass-

derived adsorbents, while offering the additional advantage of being produced from 

forest biomass resources using relatively mild thermal treatment conditions. 
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Table 8. Comparison of Adsorption Performance of Thermally Treated 
Biomass Adsorbents Reported in Previous Studies 

Study Adsorbent 
Material 

Target 
Gas 

Adsorption 
Performance 

Key Conditions 

Charoensuk 
et al. (2024) 

Agricultural 
biochar 

Ethylene 60 to 85% ethylene 
removal 

pyrolysis 400 to 
600 °C 

Rajabi et al. 
(2021) 

Biochar VOCs 65 to 90% VOC 
adsorption 

high surface area 
biochar 

Doddapaneni 
et al. (2018) 

Torrefied 
biomass 

VOCs enhanced adsorption 
after torrefaction 

250 to 300 °C 

Dutta et al. 
(2017) 

Biochar Various 
VOCs 

high adsorption capacity 
due to micropores 

review study 

Present 
study 

Torrefied 
oak wood 

chips 

Ethylene, 
VOCs 

47 to 84% ethylene 
adsorption 

torrefaction 350 °C 

 
 
CONCLUSIONS 

 
1. This study demonstrated the feasibility and effectiveness of using machine learning 

approaches to predict gas adsorption performance of torrefied oak-based freshness-

preserving agents.  

2. Key findings include: (1) Gas-specific optimization strategies are essential, as 

evidenced by the strong negative correlation (r = -0.76) between ethylene and 

volatile organic compounds adsorption performance; (2) Support Vector 

Regression (SVR) provides optimal prediction accuracy for ethylene adsorption (R² 

= 0.934), while Random Forest (RF) excels in volatile organic compounds 

adsorption prediction (R² = 0.962); (3) Hyperparameter optimization reveals that 

ethylene prediction requires more conservative model configurations while volatile 

organic compounds prediction benefits from more complex ensemble approaches; 

(4) The structural parameter analysis indicates that ethylene adsorption was 

negatively correlated with porosity (r = −0.25) and positively correlated with 

torrefied wood content (r = 0.43), while volatile organic compounds showed 

contrasting trends, suggesting that the two adsorption targets were governed by 

distinct physicochemical interactions that warrant further mechanistic investigation 

using pore characterization techniques such as nitrogen adsorption analysis. 

3. The integration of torrefied biomass materials with machine learning prediction 

models offers a sustainable and efficient approach to freshness preservation 

technology, contributing to food waste reduction and improved storage efficiency 

in agricultural and food industry applications. 
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