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ABSTRACT

The biowaste to wealth is a pillar of circular bioeconomy tactics, which aim at turning organic waste like food wastage,
farm residues and city sludge into a range of high value products such as biogas, biofertilizers, biochar and platform
chemicals. Models based on conventional methods which depend on mechanistic kinetic equations such as Monod or
Gompertz, frequently have problems with the intrinsic heterogeneity of feedstocks nonlinear microbial dynamics and
multiple process variables. Machine learning (ML) stands out as a revolutionary tool that can be used to overcome these
problems. It utilizes data driven algorithms to forecast output, tweak inputs and allow live control with an accuracy never
seen before. In this work discusses in detail the use of machine learning in the main recycling pathways such as anaerobic
digestion (AD) for the production of methane, thermochemical methods such as pyrolysis and gasification for the
production of syngas/bio-oil composting for the production of nutrients, rich humus and fermentation for the production

of biohydrogen.
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INTRODUCTION

The biowaste to wealth concept symbolizes a significant
shift in sustainable waste management, whereby large
quantities of organic residues including food scraps,
agricultural husks, crop residues and municipal sludge are
converted into economically valuable products such as
biogas, biofertilizers, biochar and platform chemicals[1].
Worldwide the amount of biowaste generated is more than
2 billion tons per year, which is nearly 30% of the total
municipal solid waste and moreover, disposal through
landfills and incineration contributes over 8% of
anthropogenic ~ greenhouse gas  emissions.  Such
wastefulness not only exhausts limited resources but
worsens climate change through methane emission[2].

Biowaste valorization techniques like anaerobic digestion
(AD) to produce methane, rich biogas, thermochemical
pyrolysis/gasification for syngas and bio-oils aerobic
composting for nutrient, rich humus, and microbial
fermentation for biohydrogen, harmonize with circular
bioeconomy strategies aiming at closing material loops[3],
[4]. Yet these methods still suffer from problems caused by
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the variable nature of feedstock, the diversity of microbial
communities, and the nonlinearity of processes, which
makes the conventional empirical methods insufficient for
widespread application[5].

Traditional modeling in biowaste valorization mostly
depends upon mechanistic frameworks such as the
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Gompertz equation for modeling the kinetics of biogas,
Monod kinetics for microbial growth or using ADM1 for
multi-step AD hydrolysis/acidogenesis/methanogenesis
[6].These models require accurate parameter estimation,
fail to account for the synergies in co-digestion and do not
work well with real life situations like temperature
fluctuations (5C) or inhibitor accumulation (VFA > 5000
mg/L)[7], [8], [9]. CFD modeling for reactor design
requires a lot of computational resources, whereas RSM
restricts multivariate exploration. As a result, the lab to pilot
scale up has <70% predictive fidelity thus limiting
commercialization[10].

Machine learning (ML) provides a solution to these
problems through the use of large, heterogencous datasets
to discover hidden patterns predict outcomes and optimize
controls with outstanding accuracy (R consistently >0.90,
0.99). Supervised algorithms neural networks (NN,
LSTMs, CNNs), tree ensembles (Random Forests,
XGBoost), and support vector regressions are very good at
learning complex nonlinear relationships[11].

As an example XGBoost applied on pyrolysis datasets
pinpoints lignin content and temperature (700°C) as the
most important variables determining biochar higher
heating value. Unsupervised clustering categorizes waste
materials for the best blending, while reinforcement
learning (RL) is used for the automatic dynamic adjustment
of organic loading rates in anaerobic digestion (AD) pilot
plants[12]. Hybrid physics informed NNs incorporate
conservation laws thus extending the model's validity
across scales. A meta, analysis of the literature demonstrates
that ML can be expected to lower prediction RMSE by 40
to 60% when compared to kinetics models[13], [14].

2. Fundamentals of ML in Waste Processing

ML algorithms take in inputs such as volatile solids (VS),
C/N ratio, temperature and pH to predict outputs like
methane yield or biochar properties.Supervised learning is
a good fit when predicting the yield; unsupervised learning
can be used for clustering types of wastes, reinforcement
learning is suitable for process control[15]. One of the main
neural network (NN) methods is the Multilayer Perceptrons
(MLPs), LSTMs for time series AD data, CNNs for the
spectral analysis of waste compositions. Examples of tree
based models are Random Forests (RF) and XGBoost
which can be used to determine the importance of features.
Support Vector Machines (SVM) are particularly beneficial
when dealing with high dimensional data such as pyrolysis
kinetics[16].Table 1 describes various types of models and
algorithms for data analysis.

Gaussian Process Regression (GPR) is a technique that is
capable of offering uncertainty quantification when dealing
with small datasets. Hybrid models integrate ML with a
physical understandingfor enhanced interpretability. Data
preprocessing such as normalization/feature selection
through PCA/SHAP helps to resolve the issue of data
imbalances that are typical in biowaste[17], [18].Fig. 1
describes different models of ML.
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Fig. 1 Different types of models for ML

Table 1 Various types of models and algorithms for data

analysis
ML Algorithm | Data Biowaste
Category | s Requireme | Fit
nts
Supervise | NN, Labeled Yield/emissi
d XGBoost, | yields on
Regressio | SVM (1000+ prediction
n samples
ideal)
Ensembles | RF, Noisy, Optimizatio
LightGBM | imbalanced | n under
data variability
Probabilist | GPR, Small Uncertainty
ic Bayesian datasets in
NN feedstocks
Deep LSTM, Time-series | Real-time
Learning Transform | (>5000 monitoring
ers points)

2.1 Anaerobic Digestion: ML-Driven Optimization

AD hydrolyzes, acidifies, acetates and methanates biowaste
into CH/CO. ML models predict the yields from co
digestion mixtures for example food waste + manure. An
AutoML tree based tool on few year industrial data has
detected fats/oils/greases (FOG) and poultry waste as great
yield enhancers with RF reaching RMSE=0.075
m/kgVS[19]. XGBoost has beaten the baselines (R=0.895)
giving daily input more importance than VS efficiency.
Deep NNs after microwave pretreatment have scored
R=0.9946 using VS/TS and SCOD/TCOD ratios as inputs.
LSTM models predict the buildup of VFA thus help in
avoiding instability. SHAP analysis indicates temperature
and OLR as the main factors[20], [21].

2.2 Thermochemical and
Gasification

Pyrolysis produces biochar/bio-oil gasification (air/steam)
yields syngas. ML is capable of managing combinatorial
inputs: biomass composition, temperature, catalyst.
XGBoost on various datasets forecasted biochar

Pathways:  Pyrolysis
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yield/HHV, with microwave power as the leading feature.
RF/GBM for microwave, assisted pyrolysis (MAP). ANN
kinetic models derived from lignin/hemicellulose ratios had
deviations of <15%][22].Table 2 describes various ML
models for analysis different processes[23], [24].

Table 2Analysing ML models in various processes
Proce | ML Key Inputs Outputs Accu
ss Mode Predicted | racy

1
Pyrol | XGB | Temp, power, | Biochar R>=0.
ysis oost lignin % yield, HHV | 92
Gasifi | SVM/ | ER, steam ratio | Syngas R>=0
cation | RF compositio | 90
n
HTL | GBM | Pressure, Bio-crude R>>0.
/GPR | residence time | yield 90
2.3 Challenges in ML Deployment
Machine learning (ML) applications for biowaste

valorization face significant challenges due to the scarcity
and poor quality of data which are further complicated by
regional biases forexample EU focused datasets on
livestock manure, whereas India has a variety of agro, waste
such as rice husks and sugarcane bagasse. Synthetic data
generation using Generative Adversarial Networks (GANs)
can be a good option to solve this problem, as it allows the
model to be trained on more data, thus improving the
model’s  robustness[25]. ML  ensembles, LI1/L2
regularization, and stringent k, fold cross, validation are
some of the methods that are used to prevent the problem of
overfitting, which is frequently seen in deep neural
networks trained on noisy bioprocess data and refers to the
model that learns the training data too well but fails on the
test data. Scalability is still a very important factor for the
commercialization of products and thus lightweight edge
ML frameworks like TinyML are required for real, time
monitoring in on site anaerobic digesters as well as
composting units to be deployed at the industrial scale[26],
[27].

Regulatory bodies are less willing to trust black box models
as they cannot understand the decision making process but
such regulatory and market constraints can also be removed
by leveraging eXplainable Al (XAI) techniques that use the
local explanation for every prediction and globally measure
feature importance to uncover which input variables have a
more significant effect on the model outputs through SHAP
and LIME[28]. Table 3 briefs Various types of models and
processes for data analysis. Besides that, the ML integration
with Life Cycle Assessment (LCA) and Techno Economic
Analysis (TEA) must be achieved for the comprehensive
consideration of sustainability, thus giving the
environmental aspects a balanced weight with the financial
ones for the largescale biowaste to wealth
conversion[29].Fig. 2 explains ML models in agro waste
management
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Fig. 2ML models in agro waste management

Table 3 Various types of models and processes for data

analysis
Process Model Dataset R*RMSE
Size
AD Co- | Tree- 8y RMSE=0.075
digestion AutoML | industrial
Microwave Cascade Literature | 0.9946
AD NN
Pyrolysis XGBoost | 200+ >0.9
Composting | RF/ANN | Lab-scale | 0.88
3. Biowaste Characteristics and Conversion

Technologies

Biowaste features depend largely on the kind of feedstock
and thus each one differently impacts the efficiency of
biowaste conversion in the biowaste to wealth scheme.
Among others, agro, industrial wastes like rice husks,
sugarcane bagasse and palm oil residues which are
dominating in India are mainly made up of lignocellulose
and poorly balanced nutritionally, whereas municipal
organic waste has a high moisture content and a diverse
microbial consortium[30]. These raw materials vary in their
proximate composition volatile solids (VS) ash content and
biodegradability and therefore to improve accessibility they
need to be preprocessed by methods such as shredding or
hydrothermal treatment[31].

Four primary technologies are commonly used in the
conversion of organic material to energy or fertilizers
anaerobic digestion (AD) to produce biogas, composting to
create biofertilizers, pyrolysis to generate bio-oil and
microbial fuel cells (MFC) to produce bioelectricity. The
success of these conversion processes largely depends on
the extent of various parameters[32]. Among them are the
optimal carbon to nitrogen (C/N) ratio, pH (6.5, 7.5),
temperature and the presence of inhibitors such as
lignocellulose tannins or heavy metals which hinder
hydrolysis. Traditional modeling which depends on black
box kinetics is less capable of handling nonlinear dynamics
and sitespecific variabilityhence the justification for data
driven machine learning (ML) solutions[12].

4. Datasets, Preprocessing, and Feature Engineering

Most of the time, datasets for biowaste to wealth ML
research come from publicly available repositories. For
example, Waste Classification dataset from Kaggle has
labeled images for sorting and Bio, AD sets have anaerobic
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digestion parameters. Besides being extremely helpful,
these datasets have a few limitations like scale and regional
bias[33]. Additionally, some specialized data such as
composting kinetics time series from UCI Machine
Learning Repository, howeverthese features (pH,
temperature or C/N ratios) are not standardized, which
makes it difficult to transfer the models directly[34].

Preprocessing intends to fill in these gaps mainly through
the class balancing augmentation techniques such as
SMOTE (Synthetic Minority Over sampling Technique) in
the prediction of waste types combined with normalization
and outlier removal employing the IQR method[35].
Feature engineering is a vehicle for better performance
dimensionality reduction via PCA provides a more
manageable set of high dimensional spectral data features
whereas domain specific features provide the inputs with
more depth. By quantifying the contribution of each feature
in the prediction, SHAP (SHapley Additive exPlanations)
keeps the model transparent and shows the main
factors,such as lignocellulose content over less influential
metadata[ 10].Fig. 3 shows diagrammatic representation of
data preparation process

Data Collection Augmentation

Gathering data from
public repositories

Enhancing data to
address imbalance

Identifying relevant
features for analysis

Fig. 3Diagrammatic representation of data preparation
process

Conclusion

The biowaste to wealth paradigm is a radical innovation that
can reshape the circular bioeconomy, where machine
learning (ML) plays a crucial role in the transformation of
organic waste streams such as agricultural residues,
municipal solid waste and food scraps into value added
products  including  Dbiofuels, biofertilizers  and
biochemicals. Historically, the biowaste management sector
has struggled with inefficiencies in processes such as
anaerobic digestion (AD), composting and pyrolysis, where
empirical models have often been unable to accurately
estimate yields because of complex, nonlinear interactions
among parameters like the C/N ratio, pH, temperature and
lignocellulose. Machine learning mitigates these problems
by adopting data, centric methods ranging from supervised
algorithms such as Random Forests and Support Vector
Machines for waste classification and yield prediction, and
deep learning techniques However, there is also huge
potential in the integration of Al, IoT at the edge. ML

powered biowaste valorization not only reduces
environmental pollution but also releases economic
capacity thus paving the way for sustainable resource
efficiency in the era of bioeconomy

REFERENCE
[1]A. Saravanan, S. Karishma, P. Senthil Kumar, and G.

Rangasamy, “A review on regeneration of biowaste into
bio-products and bioenergy: Life cycle assessment and
circular economy,” Fuel, vol. 338, Apr. 2023, doi:
10.1016/j.fuel.2022.127221.

[2] J. Nimita Jebaranjitham, J. D. Selvan Christyraj,
A. Prasannan, K. Rajagopalan, K. S. Chelladurai, and J. K.
J. S. Gnanaraja, “Current scenario of solid waste
management techniques and challenges in Covid-19 — A
review,” Heliyon, vol. 8, no. 7, p. €09855, Jul. 2022, doi:
10.1016/j.heliyon.2022.e09855.

[3] A. K. Singh et al., “Sustainable Utilization of
Biowaste Resources for Biogas Production to Meet Rural
Bioenergy Requirements,” Energies 2023, Vol. 16, vol. 16,
no. 14, Jul. 2023, doi: 10.3390/en16145409.

[4] D. Divakaran, M. Sriariyanun, S. A. Basha, I.
Suyambulingam, M. R. Sanjay, and S. Siengchin, “Physico-
chemical, thermal, and morphological characterization of
biomass-based novel microcrystalline cellulose from
Nelumbo nucifera leaf: Biomass to biomaterial approach,”
Biomass Convers. Biorefin,, Oct. 2023, doi:
10.1007/s13399-023-04349-9.

[5] I. Petric, E. Avdihodzi¢, and N. Ibri¢, “Numerical
simulation of composting process for mixture of organic
fraction of municipal solid waste and poultry manure,”
Ecol. Eng., vol. 75, pp. 242-249, Feb. 2015, doi:
10.1016/j.ecoleng.2014.12.003.

[6] A. Ali, Hareef Ahmed Keerio, Oshaque Ali Abro,
Muhammad Noor, Sallahuddin Panhwar, and Rasool Bux
Mabhar, “A Study of Mathematical Models Used in
Anaerobic Digestion of Organic Refuse,” VFAST
transactions on mathematics, vol. 12, no. 1, pp. 150-163,
Apr. 2024, doi: 10.21015/vtm.v12i1.1771.

[7] S. A. Basha, S. Cole, D. Divakaran, and I.
Suyambulingam, “Solid State Reaction Method for
Nanomaterials Synthesis: A Comprehensive Review on
Characterization, Properties, and Applications,” in Springer
Proceedings in Materials, vol. 60, Springer, 2024, pp. 667—
689. doi: 10.1007/978-981-97-7071-7_47.

[8] S. V. Balasubramanyam, K. Srinivasarao, S. Azad
Basha, and Sandya Cole, “Investigation on the structural
and morphological properties of magnesium cadmium
pyrophophate nanopowders doped with Pr3+ ions,”
Research  Methodology  in  Materials Science
(Y.VN.R.G.D.C).

[9] G. R. Rani, S. Kuna, D. Kodamala, S. A. Basha,
and S. Cole, “Structural, optical and luminescence studies

IJDDT, Volume 16 Issue 11s, 2026

Page: 792



Machine Learning for Analyzing the Biowaste to Wealth Approach: A briefreview..

of CuO doped MgZn2(P0O4)2 nanopowder variants for solid
state optical devices,” Next Materials, vol. 8, p. 100819, Jul.
2025, doi: 10.1016/J.NXMATE.2025.100819.

[10] E. G. Aklilu and Y. A. Waday, “Optimizing the
process parameters to maximize biogas yield from
anaerobic co-digestion of alkali-treated corn stover and
poultry manure using artificial neural network and response
surface methodology,” Biomass Convers. Biorefin., vol. 13,
no. 14, pp. 12527-12540, Sep. 2023, doi: 10.1007/s13399-
021-01966-0.

[11] D. Patil, N. L. Rane, P. Desai, and J. Rane,
“Machine learning and deep learning: Methods, techniques,
applications, challenges, and future research opportunities,”
Trustworthy Artificial Intelligence in Industry and Society,
Oct. 2024, doi: 10.70593/978-81-981367-4-9 2.

[12] M. Wang, Y. Xie, Y. Gao, X. Huang, and W. Chen,
“Machine learning prediction of higher heating value of
biochar based on biomass characteristics and pyrolysis
conditions,” Bioresour. Technol., vol. 395, Mar. 2024, doi:
10.1016/j.biortech.2024.130364.

[13] I. Malashin, V. Tynchenko, A. Gantimurov, V.
Nelyub, and A. Borodulin, “Boosting-Based Machine
Learning Applications in Polymer Science: A Review,”
Polymers 2025, Vol. 17, vol. 17, no. 4, Feb. 2025, doi:
10.3390/polym17040499.

[14] S. V. Balasubramanyam, K. S. Rao, K. Daniel, S.
A. Basha, and S. Cole, “Structural and Optical Insights of
Sm3+ Doped MgCdP207 Nanopowders for Solid-State
Lighting Applications,” Physical Chemistry Research, vol.
13, mno. 3, pp. 463-478, Sep. 2025, doi:
10.22036/PCR.2025.507953.2645.

[15] C. M. Ajay, S. Mohan, P. Dinesha, and M. A.
Rosen, “Machine learning-based analysis of microplastic-
induced changes in anaerobic digestion parameters
influencing methane yield,” J. Environ. Manage., vol. 377,
p. 124627, Mar. 2025, doi: 10.1016/j.fuel.2020.118234.
[16] A. Meola and S. Weinrich, “Full-scale dynamic
anaerobic digestion process simulation with machine and
deep learning algorithms at intra-day resolution,” Appl.
Energy, vol. 390, no. 9, p. 125781, Jul. 2025, doi:
10.1016/j.apenergy.2025.125781.

[17] Srinivasarao Kuna, Shaik Azad Basha, and
Sandhya Cole, “Methods for Designing and Improving
Luminescent Nanophosphors for LED Applications Using
Machine Learning,” National Seminar on Transforming
India; Innovations, Challenges and Opportunities, vol. 1,
pp. 138-159.

[18] K.Daniel, K.Venkatarao, K.Srinivasarao, Shaik
Azad Basha, and Sandhya Cole, “Structural and Optical
bandgap studies of wundoped and Sm3+ doped
MgZn2(PO4)2 nanopowders,” ANU Journal of Physical
Sciences, vol. 13, no. No. (2), pp. 53-60, 2021.

[19] Y. Wang, T. Huntington, and C. D. Scown, “Tree-
based automated machine learning to predict biogas
production for anaerobic co-digestion of organic waste,”
Jul. 2021, doi: 10.1101/2021.07.12.452124.

[20] F. Giannakas, C. Troussas, A. Krouska, C.
Sgouropoulou, and I. Voyiatzis, “XGBoost and Deep
Neural Network Comparison: The Case of Teams’
Performance,” Lecture Notes in Computer Science
(including subseries Lecture Notes in Artificial Intelligence
and Lecture Notes in Bioinformatics), vol. 12677 LNCS,
pp. 343-349, 2021, doi: 10.1007/978-3-030-80421-3 37.
[21] J. S. Kumar et al., “Spectroscopic and Optical
Studies of Molybdenum Ions in CdO-SrO-B203-Si0O2
(CdSBSi) Glass System,” Asian Journal of Chemistry, vol.
37, mno. 5, pp. 1204-1210, Apr. 2025, doi:
10.14233/AJCHEM.2025.33684.

[22] A. O. Onokwai et al., “Optimization of Pyrolysis
Operating Parameters for Biochar Production from Palm
Kernel Shell Using Response Surface Methodology,”
Mathematical Modelling of Engineering Problems, vol. 10,
no. 3, pp. 757-766, 2023, doi: 10.18280/mmep.100304.
[23] M. Chandra, M. Nookaraju, V. K. Sharma, and R.
Somasekhar, “Influence of Vanadium incorporated
mesoporous silica on the decolorization of orange G under
visible light irradiation,” Inorganic and Nano-Metal
Chemistry, vol. 52, no. 3, pp. 387-396, 2022, doi:
10.1080/24701556.2021.1980019.

[24] V. N. Kumar, M. Nookaraju, K. S. Jella, and S.
Nalla, “Synthesis and Biological Evaluation of 1,3,4-
oxadiazole ring incorporated (pyrimidin-5-yl)indolizine as
Anticancer Agents,” Chemical Data Collections, vol. 57,
no. 1, p- 101190, Jun. 2025, doi:
10.1016/j.cdc.2025.101190.

[25] U. U. Aliyu, S. Chaki, M. Isah Ismail, and I. Auwal
Sayyadi, “Leveraging Machine Learning for Optimized
Biomedical Waste Prediction in India: A Comprehensive
Overview,” Techno-computing Journal, vol. 1, no. 1, pp.
53-66, Apr. 2025, doi: 10.71170/tec0j.2025.1.1.pp53-66.
[26] V. L. Nandhini et al., “Biosynthesis of ZrO2 from
Phyllanthus niruri extracts and its PVA composite:
mechanical, wear, dielectric, water absorption, and thermal
conductivity properties,” Biomass Conversion and
Biorefinery 2024 15:9, vol. 15, no. 9, pp. 1413714145,
Aug. 2024, doi: 10.1007/s13399-024-06046-7.

[27] M. Nookaraju et al., “ONE-POT, GREEN
SYNTHESIS OF PYRIDINE-2-CARBALDEHYDE
BASED CHALCONES BY FUNCTIONALIZED MCM-
41 CATALYSTS AND THEIR ANTIMICROBIAL
EVALUATION,” Rasayan J. Chem, vol. 18, no. 4, p. 2025,
2080, doi: 10.31788/RJC.2025.1849386.

[28] V. Hassija et al., “Interpreting Black-Box Models:
A Review on Explainable Artificial Intelligence,” Cognitive

IJDDT, Volume 16 Issue 11s, 2026

Page: 793



Machine Learning for Analyzing the Biowaste to Wealth Approach: A briefreview..

Computation 2023 16:1, vol. 16, no. 1, pp. 45-74, Aug.
2023, doi: 10.1007/s12559-023-10179-8.

[29] Y. Wang, X. Mu, G. Hu, L. Wang, and X. Zhu,
“Life Cycle Assessment-Based Analysis of Environmental
and Economic Benefits in Construction Solid Waste
Recycling,” Sustainability 2025, Vol. 17, vol. 17, no. 9, Apr.
2025, doi: 10.3390/su17093872.

[30] S. Pandit et al, “Agricultural Waste and
Wastewater as Feedstock for Bioelectricity Generation
Using Microbial Fuel Cells: Recent Advances,”
Fermentation 2021, Vol. 7, vol. 7, no. 3, Aug. 2021, doi:
10.3390/fermentation7030169.

[31] L. Puri, Y. Hu, and G. Naterer, “Critical review of
the role of ash content and composition in biomass
pyrolysis,” Frontiers in Fuels, vol. 2, Mar. 2024, doi:
10.3389/ffuel.2024.1378361.

[32] S. Manikandan et al., “Critical review of
biochemical pathways to transformation of waste and
biomass into bioenergy,” Bioresour. Technol., vol. 372, no.
34, p- 128679, Mar. 2023, doi:

10.1016/j.biortech.2023.128679.

[33] D. Abuga and N. S. Raghava, “Integrating
artificial intelligence for sustainable waste management:
Insights from machine learning and deep learning,”
Watershed Ecology and the Environment, vol. 7, pp. 353—
382, Jan. 2025, doi: 10.1016/j.scs.2021.103347.

[34] Z. Ji, L. Zhang, Y. Liu, X. Li, and Z. Li,
“Evaluation of composting parameters, technologies and
maturity indexes for aerobic manure composting: A meta-
analysis,” Science of The Total Environment, vol. 886, p.
163929, Aug. 2023, doi: 10.1016/j.scitotenv.2023.163929.
[35] M. Imani, A. Beikmohammadi, and H. R. Arabnia,
“Comprehensive Analysis of Random Forest and XGBoost
Performance with SMOTE, ADASYN, and GNUS Under
Varying Imbalance Levels,” Technologies 2025, Vol. 13,
vol. 13, no. 3, Feb. 2025, doi:
10.3390/technologies13030088

IJDDT, Volume 16 Issue 11s, 2026

Page: 794



