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Abstract 

Pyrolysis requires extensive experimentation to achieve optimum thermochemical conversion, which can be 
addressed by integrating machine learning (ML) predictive solutions. The abundant availability of algae with low 
volume footprint makes it viable green biomass to achieve thermochemical products. For optimum algal biochar (BC) 
yield production, the relation of ultimate, proximate analysis with process conditions is critical. This study’s objec-
tive is twofold: It aims to develop a robust ML model, trained on diverse literature data and optimized using particle 
swarm optimization and genetic algorithm, that predicts BC yield across various feedstocks and conditions. Secondly, 
the optimum process parameters are derived to maximize BC yield with the experimental validation for the collected 
samples at their respective chemical and structural compositions. Limited data points for algal biomass induce a com-
parative analysis of ML models, including Gaussian process regression, ensembled tree (ET), decision tree and support 
vector machine. The predictive capability of ET enhanced through optimization performed exceptionally well for BC 
yield prediction with testing R2 = 0.77993 and RMSE = 6.9792. 2D and 3D partial dependence plots imply that BC yield 
is primarily influenced by pyrolysis temperature, volatile matter, and heating rate with SHAP values of 1.2785, 0.3972, 
and 0.2949, respectively. Monte Carlo simulation and Sobol sensitivity analysis substantiate statistically the impact 
of selected features on algal BC yield. Inverse optimization of ET model suggests that the maximum BC yield produc-
tion is 76.33% at a temperature of 500 °C, a heating rate of 10 °C/min, a residence time of 60 min, a N2 flow rate of 0.5 
L/min, and particle size of 1.5mm.

Highlights 

•	 Developed the optimized ML model for algal biochar yield prediction on robust dataset
•	 Enhanced biochar production through experimental validated ML model
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Graphical Abstract

1  Introduction
Biochar, a carbon-rich material derived from the pyroly-
sis of biomass, holds considerable potential for carbon 
sequestration (Zhang et  al. 2022), soil enhancement 
(Adhikari et al. 2022), and renewable energy production 
(Hoang et al. 2022) with various industrial and commer-
cial applications. Traditionally, lignocellulosic biomass 
has been the predominant feedstock for biochar pro-
duction, whereas algae represent an emerging, abun-
dant marine resource with minimal land footprint (Sun 
et al. 2022). One of the significant challenges associated 
with producing BC from algal biomass is the substantial 
quantity of raw material needed to obtain a desirable 
yield. Due to the high moisture content and low density 
of algae, the conversion process results in a relatively 
low solid yield compared to the initial biomass input. As 
a result, achieving an optimal yield of BC is constrained 
by the requirement for large volumes of algae, which can 
be resource-intensive and limit the overall efficiency and 
scalability of the process. Furthermore, achieving optimal 
BC yields from algae poses a complex challenge due to 
the intricate interplay of processing conditions, the com-
position of algae biomass, and the desired BC properties. 
Traditional experimental techniques to unravel these 
relationships are often resource-intensive, time-consum-
ing, and financially burdensome. Consequently, there is 

a compelling need to develop advanced and economi-
cally viable models capable of accurately predicting BC 
yields based on multiple variables. Data  collected from 
the literature and shown in Table 1 provide an overview 
of different algae biomasses used for BC production and 
the equipment and temperatures employed. This specific 
data explicitly elaborates the range of BC yields reported 
across these conditions, offering insights into how bio-
mass type and processing parameters influence yield 
outcomes.

Despite numerous experimental investigations into the 
factors affecting BC yield, it remains very challenging to 
identify the optimal set of production parameters that 
promote high yield. Since experiments are time-consum-
ing and expensive, they can only assess the influence of 
a few parameters at a time. Integrating all available data 
enables a more holistic assessment of the influencing fac-
tors and provides a basis for developing prediction tools 
that consider both the feedstock and production factors. 
Therefore, establishing the most favourable and opti-
mal parameters for algae-based BC production remains 
a significant challenge (Khan et  al. 2022a). An adequate 
examination of algae-based BC yield can be achieved 
through the utilization of advanced tools of data mod-
elling, machine learning, artificial intelligence, and big 
data, enabling a comprehensive analysis of algae pyrolysis 
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alongside various pyrolysis conditions and the properties 
of the feed (Khan et al. 2022a).

The application of machine learning (ML) is instru-
mental in predicting and validating the optimal yield of 
BC from algae (Khan et al. 2022b). ML algorithms com-
prehensively predict and evaluate relationships among 
input parameters and output variables specific to algae-
based BC production (Pathy et  al. 2020). For instance, 
the development of the regression-based Support Vector 
Machine (SVM) model (R2 = 0.96) enabled the analysis of 
BC yield (Cao et al. 2016) but was based on only a dataset 
of 33 points. Previous studies (Ullah et  al. 2021) devel-
oped an optimized ML model for general biomass for BC 
production using the metaheuristic algorithms without 
cross-validation, resulting in model overfitting. Random 
Forest, employed on just 150 data points, reported a test 
R2 of 0.97 (Leng et al. 2024) while Gradient Boosted Deci-
sion Trees, trained on a dataset expanded from 93 to 341 
points, achieved an R2 regarding 0.998 (Zhou et al. 2024). 
These results, while seemingly strong, raise concerns of 
overfitting due to limited data. Small datasets restrict the 
robustness and generalizability of ML models.

A comprehensive dataset for algae-based BC is essen-
tial, along with an experimentally validated, optimized 
ML model that explicitly captures algae’s complex struc-
tural and chemical composition. Algae’s potential as a 
biomass source for BC is promising, but its chemical var-
iability complicates consistent yield prediction (Nguyen 

et  al. 2024). To address this challenge, the ML model 
was developed on a robust dataset to accurately predict 
BC yield based on the  structural and chemical compo-
sition of several algal strains. This approach reduces the 
need for extensive experimental trials, making biomass 
conversion more efficient and thus economical. First, key 
pyrolysis reaction conditions—temperature, residence 
time, nitrogen flow, particle size, and heating rate—along 
with biomass properties such as structural analysis, prox-
imate, and ultimate composition, were consolidated as 
input features. The relationship between pyrolysis reac-
tion conditions and biomass properties was investigated 
with BC yield using different ML algorithms, and model 
performance  was  improved through Genetic Algorithm 
(GA) and Particle Swarm Optimization (PSO).

This study integrates machine learning with advanced 
optimization techniques to establish a robust pre-
dictive framework. ML algorithms—Decision Trees 
(DT), Ensemble Trees (ET), Gaussian Process Regres-
sion (GPR), and SVM—were evaluated to determine 
the most effective model for BC yield prediction. To 
enhance model performance, advanced optimization 
techniques were employed for hyperparameter tuning 
and feature selection. The testing and training datasets 
were appropriately segregated to ensure that different 
ranges of BC yield (17–79%) are well represented in 
both sets, which is essential for developing an effec-
tive ML model. Using fivefold cross-validation ensures 

Table 1  A review of laboratory research focusing biochar yields

Algal feedstock Type of apparatus Type of 
pyrolysis

Temperature (℃) Yield (%) Reference

Macroalgae Microwave reactor Slow 240–400 54.8 Shuttleworth et al. (2012)

Brown Laminaria japonica Horizontal electric furnace Slow 200 78.34 Jung et al. (2016)

400 63.64

600 37.96

800 27.05

Algal chlorella residue Thermogravimetric system Slow 300 56.3 Chang et al. (2015)

500 66.2

700 65

Mix macroalgae species (Fucus 
serratus, Laminaria digitata)

Fluidized bed Slow 500 29–36 Yanik et al. (2013)

Chlorella vulgaris Fluidized bed Fast 500 31 Wang et al. (2013)

Seawood Fixed bed Slow 250 93.95 Tag et al. (2016)

600 61.5

Cladophora glomerata Fixed bed Slow 400 44 Tag et al. (2016)

500 40

600 39

Chlamydomonas reinhardtii Fixed bed Slow 350 44 Yuan et al. (2015)

Chlorella vulgaris Fixed bed Slow 300 19.3 Yuan et al. (2015)

900 43.46
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that the model is optimally tuned to perform well on 
unseen data. The ET model demonstrated superior 
predictive capability with  a testing R2 value of 0.7799 
and a  RMSE value of 6.9792. This model identified 
key process parameters influencing BC yield, includ-
ing temperature, volatile matter and heating rate, with 
SHAP values of 1.2785, 0.3972 and 0.2949, respectively. 
The predicted algal yield through the ET model was 
experimentally validated with three different algal bio-
mass samples. Using inverse optimization, the maxi-
mum BC yield was reported as 76% with a temperature 
of 500  °C, a heating rate of 10  °C/min, a  resident time 
of 60 min, an  N2 flow rate of 0.5 L/min, and a particle 
size of 1.5 mm. An error of 5% was recorded in experi-
mental validation with the experimental algal yield of 
78%. The proposed framework not only refines yield 
prediction but also provides an objective understand-
ing of parameters governing algal BC production, sur-
passing conventional experimental methodologies. This 
approach provides a sustainable and cost-effective solu-
tion for BC production, leveraging ML and optimiza-
tion techniques to overcome the challenges of chemical 
variability in algae biomass. The advanced AI-based ET 
architecture exhibits robust predictive performance, 
establishing it as a reliable tool for guiding pre-exper-
imental designs in algal-based studies. Figure  1 shows 
the successive stages of prediction and validation of the 
algal BC yield.

2 � Methodology
2.1 � Data sourcing and preprocessing
A comprehensive dataset was collected from existing 
literature using Boolean connectors (AND, OR) with 
keywords such as ‘BC yield’, ‘algae’, ‘pyrolysis’, ‘biomass 
conversion’, ‘algal conversion’, ‘proximate analysis’, and 
‘ultimate analysis.’ Searches were conducted in Web of 
Science, ScienceDirect, and Google Scholar for stud-
ies published between 2015 and 2025. Inclusion criteria 
focused on studies providing detailed experimental data 
on BC yield from algae pyrolysis. Studies with incom-
plete data, non-peer-reviewed sources, or lacking rel-
evant parameters were excluded. A total of 48 research 
papers meeting these quality criteria were selected, con-
tributing 373 data points specifically for algal biomass for 
ML model development and assessment. Outliers in the 
data were identified and rectified using smoothing tech-
niques, ensuring the integrity and accuracy of the dataset 
(Khan et al. 2022b). The updated dataset was partitioned 
randomly, allocating 80% (298 data points) for training 
and 20% (75 data points) for testing. ML was trained to 
predict the BC yield with tunned k-fold cross-validation. 
Input parameters include Carbon (C%), Nitrogen (N%), 
Hydrogen (H%), Oxygen (O%), Fixed carbon (FC%), 
Volatile matter (VM%), Moisture Content (MC%), Ash 
Content (Ash%), Lignin (%), Cellulose (%), Hemicellulose 
(%), Pyrolysis temperature (°C), Heating Rate (°C/min), 

Fig. 1  Research scheme of successive steps for algal biochar yield prediction
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Residence time (min), Particle size (mm), and Nitrogen 
(N₂) flowrate (L/min).

The violin plots combined with box plots effectively 
showcase the distribution patterns and central tenden-
cies of the features (Potter et al. 2006) affecting BC yield. 
The violin plots represent kernel density estimations, 
giving a clear view of skewness and kurtosis to under-
stand asymmetry and tail behaviour, while the box plots 
inside indicate the median, interquartile range (Critchley 
and Jones 2008), and any outliers present as represented 
in Fig.  2. C showed a relatively symmetric distribution 
(44.85%), ensuring stable availability of energy content 
in BC. In contrast, N is right-skewed (1.51%), indicating 
limited incorporation. H (5.93%) and O (41.95%) influ-
ence VM and BC’s combustion properties (Hadey et  al. 
2022), impacting energy release and reactivity. MC var-
ies considerably with a right-skewed distribution (5.32%), 
affecting pyrolysis energy efficiency (Westerhof et  al. 

2007). Lignin is left-skewed (21.81%), contributing to 
aromaticity and long-term stability. Cellulose (34.55%) 
and hemicellulose (24.28%) show moderate distributions, 
influencing thermal degradation and volatile release. 
Among process parameters, pyrolysis temperature shows 
bimodal distribution (526.12  °C), reflecting varied ther-
mal regimes impacting BC properties. The heating rate 
(20.79 °C/min) and residence time (46.66 min) are right-
skewed, influencing reaction kinetics and pore structure. 
Particle size is symmetrically distributed (2.03 mm), 
affecting heat transfer and mass diffusion during pyroly-
sis. Analyzing skewness and kurtosis ensures reliable sta-
tistical analysis and predictive modelling.

Pearson’s correlation with the dendrogram between 
the variables is represented in Fig.  3. The structural 
analysis (encompassing cellulose and hemicellulose 
contents), ultimate analysis (H, O, C and N as elemen-
tal composition of biomass), proximate analysis, and 

Fig. 2  The violin plots for data distribution of input parameters



Page 6 of 18Gul et al. Biochar             (2026) 8:8 

experimental conditions (residence time, particle size, 
temperature, heating rate, N2 flowrate and temperature) 
are all assigned a PCC value. C and VM are moderately 
correlated (r = 0.64), indicating similar thermal degra-
dation. Ash negatively correlates with VM (r = − 0.79), 
reflecting its role in reducing volatiles. C directly impacts 
H (r = 0.53) and cellulose (r = 0.44) but indirectly BC 
(r = − 0.43) and N (r = − 0.20). The clustering groups cel-
lulose, hemicellulose, and VM highlight their influence 
on energy content. Ash, MC, and N are clustered, indi-
cating their impact on BC. The analysis makes the data 
set favourable for modelling a robust data set as reported 
in previous literature (Ullah et al. 2023).

2.2 � Machine learning methods
Due to the challenges associated with the availability of 
experimental data, it is necessary to find the best perform-
ing ML model for the pyrolysis of algae. This leads to a 
comparative analysis of various ML models—ET, SVM, 
GPR, and DT, to develop a robust ML model for predicting 
BC yield derived from the pyrolysis of algae with experi-
mental validation. These models were constructed based 

on a comprehensive analysis of proximate and ultimate 
analysis parameters, encompassing factors from algae com-
position to processing conditions. The training and testing 
of the ML model ensure reliable execution to develop pat-
terns and trends in predicting BC yield from algae under 
various experimental conditions. Learning from the data-
set would enable ML models to accurately predict BC yield 
for a range of algae strains with reduced experimentation. 
Statistical parameters, including the coefficient of correla-
tion (R2) and root mean square error (RMSE), were used 
to evaluate the performance of ML models, given in Eqs. 1 
and 2 (Haq et al. 2022).
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Fig. 3  Relationship of variables using Pearson’s correlation coefficient
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where ya = observed output mean, ya,i = observed out-
put, yp = predicted output mean, yp,i = Predicted output, 
and n = total data points.

The SVM algorithm used in this study identifies com-
plex patterns within the dataset to make precise algal BC 
yield predictions. Due to the varying resource and feed-
stock conditions for pyrolysis, SVM can accurately pre-
dict a wide range of production scenarios. Decision Tree 
plays a key role in deciphering the complexities of BC 
yield prediction from algae pyrolysis. DT handles com-
plex datasets to achieve precise outcomes, and the gener-
ated tree structure reveals the influential factors affecting 
BC yield.

Through probabilistic modelling principles, GPR accu-
rately predicts BC yield and estimates the uncertainty 
associated with those predictions. GPR’s flexibility effec-
tively manages the involvement of numerous variables, 
including algae composition, processing conditions, and 
environmental factors. ET combines multiple decision 
trees to generate a robust predictive model. DT makes 
the most accurate predictions by splitting the dataset into 
smaller parts and deciding based on the leading features 
within each subset. Ensemble methods improve predic-
tive performance by combining the BC yield of multiple 
individual models. This method represents intricate rela-
tionships in the dataset while adapting to multiple factors 
affecting BC yield. ET’s yield estimation for BC is more 
accurate and comprehensive due to the collective knowl-
edge of multiple models.

2.3 � Optimization techniques
To maximize ML models’ predictive power and accuracy, 
feature selection and hyperparameter tuning through 
optimization is a key step. The detailed approach fine-
tuned the models, enabling their proficiency in BC yield 
prediction. Optimization techniques, GA and PSO, sys-
tematically search and identify the optimal configuration 
of hyperparameters and key features through the explo-
ration of multiple parameter combinations (Zhong et al. 
2021). GA functions as a population-based feature selec-
tion algorithm, differing from the traditional approach of 
choosing a single solution. In the beginning, both genetic 
and binary data are considered as chromosomes carry-
ing problem solutions. Each value within the population 
possesses distinctive fitness, collectively yielding diverse 
potential solutions (Huang et  al. 2020). For BC yield, a 
population is generated for parameters such as proxi-
mate and ultimate analysis data and process conditions. 
At a specific time, this combination of solutions (popu-
lations) is termed a generation. The pivotal component 
in GA is the fitness function, serving as a fundamental 
parameter that defines the optimization problem at hand 
(Naveed et  al. 2024). PSO is an optimization algorithm 

that has a multidimensional application. Its applications 
are widespread, especially in solving optimization prob-
lems characterized by high-dimensional search spaces 
and intricate objective functions. The initiation of PSO 
involves randomly placing a swarm of particles within 
the search space. Each particle subsequently adjusts its 
position by relying on its own experience and that of its 
neighbours (Papadakis and Markaki 2019). Through iter-
ative updates to their velocities and positions, particles 
diligently explore the search space in pursuit of optimal 
solutions.

2.4 � Materials and methods
Algae samples were collected from three different loca-
tions: Rawal Dam, Simli Dam and Shahpur Dam in 
Pakistan. Various strains of algal consortia are present 
throughout freshwater bodies  in Pakistan. The selected 
three samples are the most readily and easily harvest-
able. The samples were initially washed and sun-dried. 
After rinsing with DI water, they were dried in a oven 
for 12 h at 60 °C. Upon drying, the samples were ground 
to a particle size of 60–120 μm, which is the most com-
monly  reported particle size for obtaining optimal algal 
BC yields. Moreover, this range lies in between the pre-
dicted conditions by ML methods for testing via experi-
mentation. The prepared samples were then placed in a 
vacuum oven at 105 °C for 12 h to dry the samples thor-
oughly. The samples were characterized by proximate 
and ultimate analysis since ML models require the input 
values in the form of the elemental compositions to pre-
dict the BC yield. The various algal biomass samples were 
denoted as Sample 1, Sample 2, and Sample 3, respec-
tively. Table 2 provides the values of ultimate and proxi-
mate analysis for each sample.

2.4.1 � Pyrolysis
A tube furnace was used for the validation of ML pre-
dicted pyrolysis conditions, with a nitrogen flow for inert 
conditions. The  biomass  was reduced in size and then 
pyrolyzed in the presence of nitrogen flow. Size-reduced 
algal samples were placed in the quartz tube in a boat 
crucible. Algal samples were weighed before and after 
pyrolysis to obtain BC yield. S2 in the  supplementary 
material shows the experimental setup of algal pyrolysis.

3 � Results and discussion
3.1 � Optimization based feature selection
ML models predict BC yield based on the inter-depend-
ance of proximate and ultimate analysis along with pro-
cess conditions. Removal of a single parameter from 
the  model prediction may significantly improve or 
decrease the accuracy and efficiency of the model (Meyer 
et  al. 2019). Parameters are essentially called features, 
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and feature selection is a crucial part of ML modelling. 
GA and PSO are the optimization techniques that select 
the features for training of respective ML models (Ghosh 
et al. 2019). It is important to mention that selected fea-
tures are indicators of the extent of their contribution to 
the prediction of BC yield rather than the scientific rela-
tion of the feature with the BC yield. This step is a way 
towards increasing the predictive capability of model 
for BC yield prediction. The features selected by GA and 
PSO for each of the models are shown in Table 3.

3.2 � Hyperparameters tuning for optimum biochar yield
The hyperparameters of ML models were optimized 
to increase the predictive capability of ML models. The 
parameters assigned for tuning across various ML models 
were identified using fivefold cross-validation on MAT-
LAB. Hyperparameter selections, their corresponding 
ranges, and the resulting optimized values are presented 
in Fig. S1 in the supplementary material. The tuning and 
optimization of these hyperparameters were conducted 
utilizing both GA and PSO for ET, SVM, DT and GPR.

For  ET refinement, optimum hyperparameter values 
included several learning cycles set at 29, a learning rate 

of 0.334, and the chosen method as LSBoost. The appli-
cation of PSO for SVM yielded optimal values, includ-
ing a box constraint value of 49.747, a kernel scale value 
of 38.120, an epsilon of 0.0095256, and a Gaussian ker-
nel  function. For GPR, the optimized hyperparam-
eters comprised a sigma of 31.222, an  Ardexponential 
exponential kernel function, and no basic function. DT 
showed a minimum leaf size of 4.160 and Surrogate ‘on’ 
for the optimization via PSO. After GA refinement for 
the ET, the reported optimum hyperparameter values 
included several learning cycles set at 10, a learning rate 
of 1, and the chosen method as LSBoost. For SVM, the 
application of the GA yielded optimal values, includ-
ing a box constraint value of 989.5, a kernel scale value 
of 142.044, an epsilon of 11.662, and a Gaussian kernel 
function. In the case of GPR, the optimized hyperparam-
eters, after GA application, comprised a sigma of 32.665, 
a Ardexponential exponential kernel function, and no 
basic function. DT showed a minimum leaf size of 2 and 
Surrogate ‘off’ for the optimization via GA.

Table 2  Elemental compositions of obtained three algae samples

ar: as received; daf: dry ash free; a: calculated by difference

Technique Sample Simli (1) Shahpur (2) Rawal (3)

Ultimate (wt%, daf ) C 44.15 46.9 49.92

H 6.7 11.6 9.9

N 1.35 8.7 1.55

Oa 43.6 23.5 31.5

Proximate (wt%, ar) VM 82.45 70.5 82.12

MC 3.91 6.7 2.98

Ash 1.4 9.3 1.99

FC 13.15 13.5 11.43

Lignocellulosic (wt%, daf ) Cellulose 45.12 44.71 28.45

Hemicellolose 31.42 32.33 45.14

Legnin 12.01 11.92 11.45

Table 3  Feature selection by GA and PSO for respective ML models

Optimization Model Selected features

GA DT H, O, FC, Ash, Pyrolysis Temperature, Heating Rate, Residence Time, Particle Size, N₂ Flowrate

SVM N, H, Ash, Lignin, Pyrolysis Temperature, Residence Time, Particle Size, N₂ Flowrate

ET N, O, FC, Ash, Cellulose, Pyrolysis Temperature, Heating Rate, Residence Time, Particle Size, N₂ Flowrate

GPR N, H, O, FC, MC, Lignin, Hemicellulose, Pyrolysis Temperature, Residence Time, Particle Size, N₂ Flowrate

PSO DT C, H, O, FC, MC, Ash, Pyrolysis Temperature, Heating Rate, Residence Time, Particle Size

SVM C, H, O, FC, VM, MC, Ash, Cellulose, Pyrolysis Temperature, Heating Rate, N₂ Flowrate

ET C, H, FC, VM, Cellulose, Hemicellulose, Pyrolysis Temperature, Heating Rate, Residence Time, Particle Size,
N₂ Flowrate

GPR FC, Hemicellulose, Pyrolysis Temperature, Heating Rate, Residence Time, Particle Size, N₂ Flowrate
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3.3 � Prediction performance
BC yield predictions were performed using various ML 
models, including SVM, DT, ET, and GPR. Utilizing 
GA-based feature selection, all four models exhibited 
improved prediction accuracy. After GA-based feature 
selection, the testing R2 value increased to 0.7023, while 
the testing RMSE decreased to 8.1173, demonstrating 
the removal of irrelevant features. The GA-optimized 
ET, GPR, DT, and SVM models achieved testing R2 val-
ues of 0.7023, 0.69537, 0.68499, and 0.36254, with cor-
responding testing RMSE values of 8.1173, 8.2113, 8.35, 
and 11.878, respectively. Figure  4 illustrates the perfor-
mance of these models. PSO-optimized ML models dem-
onstrated superior performance compared to GA, with 
testing R2 and testing RMSE values for ET were 0.77993 
and 6.9792, respectively, indicating its strong predictive 
capability. GPR followed with a testing R2 of 0.76521 and 
an RMSE of 7.2088, while SVM and DT achieved testing 
R2 values of 0.74817 and 0.5663 respectively.

ET emerged as the best-performing model overall as 
shown in Fig. 4f, with a  testing R2 value of 0.77993 and 
a RMSE value of 6.9792, followed by GPR with a testing 
R2 value  of 0.76521 and a  RMSE value  of 7.2088. SVM 
and DT had testing R2 values of 0.74817 and 0.5663, with 
RMSE values of 7.4658 and 9.7976, respectively. The 
consolidated result of each model is given in Fig. S3 in 
the supplementary material.

3.4 � Uncertainty and sensitivity analysis
3.4.1 � Shapley analysis
The ET model, enhanced by the Shapley method, effec-
tively delineates the intricate relationship between input 
parameters and BC yield. Operating on the principle of 
feature attribution magnitude, the Shapley method serves 
as a valuable tool for assessing the relative importance of 
various input parameters in the context of composition 
and pyrolysis conditions under BC yield. The analysis 
in Fig.  5a highlights pyrolysis temperature as the most 
critical factor (1.2785), confirming its dominant role in 
determining  BC yield. Higher temperatures enhance 
devolatilization, reducing solid BC (Haykiri-Acma et  al. 
2017). Volatile matter (0.3972) also significantly affects 
yield, as higher VM leads to increased gas release and 
lower char retention (Lang et al. 2005). The heating rate 
(0.2949) influences char formation, with rapid heating 
promoting volatilization and reducing BC, while slower 
rates favor retention (Lalaymia et al. 2025). Ash content 
(0.2771) contributes to char stability, as it remains after 
pyrolysis (Ganesan et  al. 2025). Lignin (0.2521), being 
thermally stable, enhances BC retention (Kudelytė et al. 
2025). FC (0.1828) supports stability, whereas O (0.1655) 
promotes oxidative decomposition, lowering yield. Cel-
lulose (0.1049) decomposes rapidly, producing less char, 

while moisture (0.0975) affects heating but not final 
yield (Zhang et  al. 2021). Particle size (0.0315), N con-
tent  (0.0249), hemicellulose (0.0180), and H (0.0047) 
have minimal effects. Hemicellulose decomposes early, 
forming more volatiles than char. The results reinforce 
that  temperature, heating rate, and feedstock composi-
tion are key determinants of BC production, crucial for 
optimizing pyrolysis in applications like carbon seques-
tration and wastewater treatment.

The SHAP analysis in Fig.  5b illustrates the impact of 
different parameters on the model’s BC yield predictions. 
Pyrolysis temperature exhibits the most significant influ-
ence, with higher values (pink) leading to negative SHAP 
values, indicating a reduction in BC yield, while lower 
temperatures (blue) contribute positively. Pyrolysis tem-
perature is the most influential factor, with higher values 
reducing BC yield due to increased volatile release. Ash 
content positively affects yield, as its inorganic fraction 
remains after pyrolysis. High VM and MC reduce BC 
formation by promoting gas production. A higher heat-
ing rate follows the same trend, accelerating volatilization 
and lowering char retention. Lignin supports BC reten-
tion due to its thermal stability, while cellulose and hemi-
cellulose decompose rapidly, reducing yield. O and H 
contents contribute to decomposition, further lowering 
char formation. Particle size and N have minimal impact; 
though larger particles slightly favor retention by slow-
ing heat transfer. This analysis confirms that temperature, 
heating rate, and feedstock composition are key factors in 
optimizing BC production.

3.4.2 � Monte carlo simulations and sobol sensitivity analysis
Monte Carlo simulations are a valuable tool for assessing 
uncertainty in predictive modelling (Janssen 2013), mak-
ing them well-suited for studying algae BC yield. Since 
the input parameters can vary significantly, Monte Carlo 
simulations help to assess the variability by generating a 
range of possible outcomes rather than a single predicted 
value. Figure 6a represents the distribution of predicted 
BC obtained from Monte Carlo simulations, where ran-
dom variations were introduced to selected input fea-
tures. The mean predicted BC, indicated by the blue 
dashed line, is 35.01, representing the expected value of 
the model’s output after accounting for input uncertain-
ties. This serves as the central tendency of predictions. 
The 95% confidence interval is marked by grey dashed 
lines, with the lower bound at 22.93 (2.5% of predictions 
fall below this value) and the upper bound at 55.35 (97.5% 
of predictions fall below this value). This implies that the 
BC is 95% likely to be between 23.93 and 55.35, reflect-
ing the uncertainty associated with input variations. The 
histogram itself exhibits a right-skewed distribution, 
indicating that while most predictions are concentrated 
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Fig. 4  Enhanced biochar prediction performance using optimization techniques
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Fig. 5  Shapley analysis of input features for biochar yield prediction
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Fig. 6  a Uncertainty analysis using Monte Carlo simulations b Sobol sensitivity analysis
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in the range of 30–40, some predictions exceed 60. This 
suggests that certain input features lead to significantly 
higher values of BC, likely due to nonlinear effects that 
need investigation through Sobol sensitivity analy-
sis. The highest frequency of BC is observed within the 
30–40 range, while predictions within the 50–70 range 
occur less frequently. Although the mean prediction is 
35.01, the considerable variation, with a 95% confidence 
range from 22.93 to 55.35, underlines the importance of 
incorporating uncertainty analysis in decision-making. 
Understanding this range helps assess risk and variability, 
ensuring more informed and robust conclusions based 
on the model’s BC predictions.

The Sobol sensitivity analysis provides a detailed 
assessment of how various input parameters influence 
BC yield (Hao et  al. 2024), capturing both their direct 
effects and interactions. The first-order sensitivity index 
(blue bars) quantifies the independent impact of each 
parameter, while the total-effect sensitivity index (orange 
bars) accounts for both direct effects and interactions 
with other variables. The Sobol sensitivity analysis plot 
in Fig.  6b provides a detailed breakdown of the influ-
ence of different input parameters on the predicted BC 
yield, considering both their direct effects and interac-
tions. Figure  6b shows that heating rate, particle size, 
residence time, and N2 flow rate have higher total order 
values of 0.99, 0.98, 0.93 and 0.92, respectively, as com-
pared to their first order values. This indicates the pres-
ence of nonlinear behaviour and collective significant 
effects. Temperature has a moderate first-order value to 
influence BC yield, but it impacts the yield significantly 
when considered in connection with process variables 
such as heating rate, and particle size. This explains the 
observed values of BC towards the tail in Fig.  6a. Fur-
thermore, for the Ensemble Tree model, this nonlinear 
behaviour and compounding effects result in higher BC 
yield. The skewed distribution is caused by nonlinear 
effects (Lu et al. 2021; Aghbashlo et al. 2021) and inter-
actions between these influential variables. Since the 
model is highly sensitive to changes in these key factors, 
even small variations can lead to larger shifts in predicted 
values, creating the longer tail on the right side of the 
graph. This implies that most parameters contribute to 
BC yield variation primarily through interactions rather 
than through their  individual  influences. Pyrolysis tem-
perature emerges as the dominant parameter, with high 
first-order and total-effect indices, confirming its critical 
role in BC yield determination. Additionally, C, FC, and 
VM exhibit moderate first-order effects but substantial 
total contributions, emphasizing their dual role in inde-
pendent and interaction-driven variations. From a practi-
cal perspective, pyrolysis temperature should be carefully 
controlled and optimized due to its dominant impact. 

Parameters like heating rate, particle size, residence time 
and lignin primarily affect BC yield through interactions. 
This analysis aids in refining predictive models and opti-
mizing pyrolysis conditions for improved BC production 
efficiency.

3.5 � Effect of parameters
Conducting a PDPs analysis is instrumental in discerning 
the influence of input variables on BC yield. In Fig.  7a, 
the PDP illustrates the relationship between temperature 
and BC yield. At temperatures below 200  °C, BC yield 
remains high, around 60–70%, due to minimal thermal 
degradation. As temperature increases from 200  °C to 
400 °C, yield decreases sharply, fluctuating between 30% 
and 50%, likely due to the decomposition of hemicellulose 
and cellulose (Faleeva et  al. 2024). Around 400–600  °C, 
yield shows significant variations, dropping to nearly 
20% at times, which may be attributed to the breakdown 
of lignin and secondary reactions. Beyond 600  °C, yield 
steadily declines, reaching around 10% at 900–1000  °C, 
as higher temperatures promote gasification and vola-
tile release. The colour gradient reflects decomposition 
intensity, reinforcing temperature as a key factor in BC 
production. Figure  7b illustrates that at low flow rates 
(0–10), BC yield fluctuates between 30% and 55%, possi-
bly due to inconsistent volatile removal and heat distribu-
tion. A peak around 10 suggests an optimal flow rate that 
balances inert conditions with controlled volatilization. 
As the flow rate increases from 10 to 25, BC yield drops 
sharply to nearly 25–30%, indicating enhanced volatile 
removal, which reduces solid residue. Beyond 25, BC 
yield rises again, stabilizing around 45% at higher flow 
rates (40–50), likely due to reduced residence time limit-
ing secondary decomposition. Figure 7c depicts the effect 
of residence time on BC yield. Initially (0–20 min), BC 
yield fluctuates around 30–35%, likely due to incomplete 
thermal decomposition. As residence time increases to 
60 min, BC yield stabilizes around 35–40%, with a sharp 
peak exceeding 60% at approximately 65 min. The spike 
is attributed to the transient formation of stable carbo-
naceous intermediates, such as aromatic clusters, which 
momentarily enhance char yield before undergoing sec-
ondary degradation. A similar pattern has been observed 
in slow pyrolysis of lignocellulosic biomass, where inter-
mediate tar condensation or limited volatilization leads 
to a temporary increase in solid yield (Amalina et  al. 
2022). Following this peak, the yield declines due to fur-
ther decomposition or thermal cracking of previously 
formed structures, aligning with established thermal 
degradation kinetics. Figure 7d illustrates that at smaller 
particle sizes (0–2 mm), BC yield fluctuates between 30% 
and 45%, likely due to rapid heat transfer and inconsistent 
pyrolysis behavior. As particle size increases to around 5 
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mm, BC yield stabilizes at approximately 45–50%, sug-
gesting an optimal size for char formation where heat 
penetration and devolatilization are balanced. Figure  7e 
shows that at low heating rates (0–50 °C/min), BC yield 

fluctuates between 30% and 45%, likely due to varying 
decomposition rates of biomass components. As the 
heating rate increases beyond 50  °C/min, BC yield sta-
bilizes at approximately 33–35%, suggesting that higher 

Fig. 7  2-D partial dependance plots of pyrolysis conditions against biochar yield
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heating rates favor volatile release, reducing solid char 
formation.

The breakdown of algae for thermochemical conversion 
requires optimal pyrolysis conditions to achieve optimal 
BC yield. Ionic reaction mechanisms may become promi-
nent under certain conditions. Examining the ET model 
predictions, it is evident that certain features have a mar-
ginal impact.

In Fig.  8a, BC yield ranges from approximately 20% 
to over 70%, with the highest values observed at lower 
pyrolysis temperatures and moderate particle sizes. As 
temperature increases beyond 500 °C, BC yield declines, 
indicating greater thermal degradation and volatile 
release. At smaller particle sizes (below 5 mm), yield fluc-
tuations are noticeable, likely due to rapid heat transfer 
affecting decomposition rates. The color gradient con-
firms this trend, with higher BC yields shown in green 
at lower temperatures and moderate particle sizes, while 
lower yields appear in blue at high temperatures. In 
Fig. 8b, BC yield varies from approximately 20% to over 
70%. Higher BC yields are observed at lower pyrolysis 
temperatures and moderate N2 flow  rates, as indicated 
by the green regions in the plot. As pyrolysis temperature 
increases beyond 500 °C, BC yield declines, likely due to 
enhanced decomposition and volatile loss. Similarly, at 
N2 flow  rates above 40 L/min, BC yield decreases, sug-
gesting an influence on heat transfer and reaction kinet-
ics. In Fig.  8c the BC yield varies from approximately 
20% to over 70%. Higher BC yields are observed at lower 
pyrolysis temperatures and moderate residence times. 
As the pyrolysis temperature increases beyond 500  °C, 
BC yield declines, likely due to increased thermal deg-
radation and volatilization. Additionally, at very high 
residence times, BC yield tends to decrease, suggest-
ing excessive degradation of solid carbon content. Fig-
ure.  8d  shows the impact of particle size and residence 
time on BC yield. The yield varies between approxi-
mately 20% and 80%, with the highest values observed 
for smaller particle sizes and lower residence times, 
indicated by the green regions. As particle size increases 
beyond 5 mm, BC yield declines significantly, suggesting 
that larger particles experience incomplete pyrolysis due 
to heat transfer limitations. Similarly, extended residence 
times do not contribute to a substantial increase in BC 
yield, indicating possible secondary decomposition of BC 
at prolonged exposure. Figure 8e illustrates the relation-
ship between N2 flow rate, residence time, and BC yield. 
At low N2 flow rates (around 20–30), BC yield reaches 
a peak of approximately 75–80%. Residence time also 
impacts BC yield, with shorter times (near 10–20) result-
ing in higher yields, whereas extended times (above 50) 
lead to a decline. This trend suggests that excessive N2 

flow and prolonged residence times promote volatile loss, 
reducing the overall BC yield.

3.6 � Experimental validation: pyrolysis of algae biomass
Three pyrolysis experiments were conducted on the sam-
ples collected. Conditions for the experiment were fixed 
for the ML model prediction and experimental valida-
tion. This enabled real-time validation of the results pro-
duced by the ML models prediction and the experimental 
setup. ML models also provided the conditions in which 
the setup would yield maximum BC. Those conditions 
were also tested and reported as the result of the study. 
Table 4 shows the experimental conditions on which the 
obtained algal samples were tested. Conditions for maxi-
mum BC yield predicted by ML model are also listed at 
the end for experimental validation. Conditions for maxi-
mum BC yield predicted by ML model are also enlisted 
at the end for experimental validation with heating rate 
of 10 °C/min, residence time of 60 min, N2 flow rate of 0.5 
L/min and particle size of 1.5 mm.

Pyrolysis of algae samples was carried out in a tube 
furnace at various temperatures, heating rates, and resi-
dence time conditions to validate the results of the ML 
models. Various experimental conditions were selected 
to validate the predicted and experimental BC yield. The 
yields of three samples predicted by ML models were 
experimentally validated and reported. The error was 
recorded to be less than 6% for the actual algal samples. 
Similarly, the conditions for maximum yield provided 
by ML model were tested and reported for the error of 
1.12% as shown in Table  4. ML predicted yield for the 
maximum conditions using sample 3 was predicted to be 
76.334%, while the actual experimentally obtained yield 
was 75.42%. Sample 3 exhibited the highest predicted 
yield for a higher particle size. This observation is attrib-
uted to the particle size exhibiting a low first-order Sobol 
index but a high total order index of 0.98. This indicates 
that, while particle size alone has a limited impact on BC 
yield, its influence becomes markedly more significant 
when interacting with process parameters. The interac-
tive effects between variables influence the yield outcome 
more significantly than individual variables alone.

3.7 � Graphical user interface
A graphical user interface was developed in this research 
to predict BC yield in real time. An interactive environ-
ment takes input in the form of ultimate, proximate com-
position and feed characteristics to predict the BC yield 
based on the ET prediction model. Fig. S3 in the supple-
mentary file represents the GUI interface.
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Fig. 8  3-D pdps of pyrolysis conditions against biochar yield
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4 � Conclusion
Diverse and varied profile of algal biomass challenges 
quantification of properties for optimum yield predic-
tion. Data-driven optimised ML models integrate key 
predictors with algal profiles, enabling better predic-
tions and  offering resource conservation. ML models 
were employed to predict BC yield based on the proxi-
mate, ultimate, and pyrolysis conditions. The PSO-
optimized training R2 values of ET, GPR, DT, and SVM 
were 0.6997, 0.6456, 0.5229, and 0.4630, while testing R2 
values were 0.7799, 0.7652, 0.5663, and 0.7482, respec-
tively. The ET model exhibited superior predictive per-
formance (R2 = 0.7792),  and its inverse optimization 
capability  uniquely enables researchers to utilize com-
prehensive model for prediction, significantly reduc-
ing traditional trial-and-error methods. In contrast to 
reported studies, a comprehensive dataset was employed, 
with tunned k-fold cross validation and the application 
of inverse optimization to identify the conditions for 
maximum BC yield. Also, for the stability of ML model, 
uncertainty analysis through Monte Carlo simulation and 
Sobol sensitivity analysis was performed to quantify the 
model performance with 1st and total order effects on 
algal BC yield. The crucial features influencing BC pre-
diction using the ET model were identified as FC, MC, 
and pyrolysis temperature. The ET model underscores 
the potential for enhancing BC production through ele-
vated temperature (350–750  °C) and heightened MC. 
The results obtained from BC yield predictions were 
tested and cross-verified for three different algal biomass 
samples with recorded error less than 6%. The pyrolysis 
conditions for maximum BC yield were obtained from 
inverse optimization and the experiment was concluded 
with an error of 1.12%.
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