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ABSTRACT 
The growth in urbanisation and human population has resulted in significant rise in generation of municipal solid 
waste (MSW) globally, with bio-waste (i.e., biodegradable waste) comprising around 40-60% of the total waste 
generated in many developing nations. But poor source segregation, mixed composition and variable moisture 
content pose major challenges to the efficiency of traditional, large-scale waste management facilities. This makes 
it difficult to convert bio-waste into valuable products such as bioenergy, biochar, compost and bio-based 
chemicals. The paper provides an overview of existing technologies and emerging strategies for sustainable and 
circular bio-waste management, focusing on decentralized processing technologies. The review compares 
biological treatment technologies (e.g., composting and anaerobic digestion) and thermochemical conversion 
processes (e.g., pyrolysis and gasification) in treating unsorted bio-waste. The review also examines the use of 
digital technologies, such as artificial intelligence to enhance waste characterization, process optimization and 
efficiency of the system. 
Furthermore, the paper explores decentralised waste management systems as a sustainable alternative to large-
scale facilities, with benefits such as lower transportation impacts, localised resource re-use and community 
engagement. Also, the review identifies important challenges and future research needs, such as waste variability, 
lack of real-world data, technology integration, and the need for techno-economic and life-cycle analysis. In 
conclusion, smart and decentralized bio-waste management approaches have great potential in facilitating circular 
bioeconomy, sustainable urban waste management and resource recovery, especially in densely populated areas. 
Keywords: Municipal biowaste; anaerobic digestion; composting; circular economy; urban sustainability; 
resource recovery 
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1. INTRODUCTION 
The production of municipal solid waste (MSW) has 
increased to about 2.01 billion tonnes annually around 
the world, and it is expected to increase to 3.40 billion 
tonnes by 2050 in a business-as-usual scenario (Kaza 
et al., 2018). Low and middle-income countries 
(LMICs) disproportionately contribute to this 
exponential trend, with urbanization rates becoming 
faster, resulting in the development of waste 
infrastructure. In India, the annual MSW production 

in cities amounts to about 62 million tonnes, which is 
projected to grow to 165 million tonnes by 2030 
(MoEFCC, 2016). Such effects of poor waste 
management are diverse, which include greenhouse 
gas (GHG) emissions, groundwater pollution, 
flooding of cities, and high costs to the health of 
people. 

On the heterogeneous MSW stream, organic or bio-
waste fraction, which includes food waste, kitchen 
waste, yard waste, paper, and lignocellulosic waste, 
represents 4060 percent of overall waste in developing 
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and 2540 percent in developed countries (Scarlat et al., 
2019). This proportion constitutes a large, unexploited 
store of embedded energy, nutrients, and biochemical 
forerunners. Bio-waste can be transformed into biogas 
(to make electricity and heat), biochar (to sequester 
carbon and remediate soil), compost (to feed animals), 
bio-oils and high-value platform chemicals like 
volatile fatty acids (VFAs) and lactic acid when done 
correctly. 

Nonetheless, there are three main obstacles to the 
successful valorization of municipal bio-waste. One, 
bad source separation: a structural failure in the 
majority of LMICs that causes extremely 
contaminated waste streams with a mixture of plastics, 
metals, glass, and hazardous material mixed with 
organic material. Second, the nature of bio-waste 
fractions, their heterogeneity and variability of 
moisture destabilize the biological and 
thermochemical conversion processes, lowering 
yields and increasing operational costs. Third, current 
waste management models in developing nations are 
based on large centralized plants that require costly 
collection logistics, long haul transportation and 
capital infrastructure large scale, which makes the 
system economically infeasible in smaller cities. 

A structurally different and possibly more resilient 
approach is defined as decentralized waste 
management, the local handling of waste in or close to 
the source of the waste, at community, ward, or 
campus levels. Decentralized systems decrease the 
costs of collection, permit community ownership, cut 
processing times, and permit the selection of 
technology based on context. Composting and biogas 
systems on a ward level have been adopted 
successfully in several Indian cities such as Pune, 
Bengaluru, and Indore (Sharholy et al., 2008; Annepu, 
2012). 

The introduction of artificial intelligence (AI), 
machine learning (ML), and IoT-based sensing offers 
unprecedented chances to overcome the constraints of 
both bio-waste characterization and conversion. 
Hyperspectral images, near-infrared (NIR) spectral 
data, and electronic nose (e-nose) sensor arrays can be 

processed by AI systems to identify the composition 
of waste in real time, without segregating sources. AI-
control of processes can optimize dynamically in both 
biological and thermochemical reactors depending on 
the variability of feedstocks, enhancing conversion 
efficiency and product quality. Deep-learning-
powered robotic sorting systems have been shown to 
achieve sorting accuracies over 90% in pilot-scale 
systems (Bircanoğlu et al., 2018; Bechtsis et al., 
2018). 

Regardless of these developments, the literature does 
not contain an integrated, holistic review synthesizing 
AI-based characterization, decentralized conversion 
technologies, and valorization pathways as part of an 
integrated systems framework. Current reviews are 
inclined to deal with either AI applications in waste 
sorting (Gundupalli et al., 2017; Ramos et al., 2024) 
or a particular conversion technology, like anaerobic 
digestion or pyrolysis (Chen et al., 2020; Nizami et al., 
2017), but not their systemic integration. 

This gap is addressed in this paper. In particular, this 
review: (i) defines the composition and challenges of 
mixed municipal bio-waste; (ii) assesses traditional 
biological and thermochemical conversion 
technologies and limitations using unsorted streams; 
(iii) broadly reviews AI techniques used to 
characterize waste, sort waste, and optimize 
processes; (iv) shows decentralized systems along 
with example cases; (v) proposes an alternative AI + 
IoT + decentralized conversion model 

The paper summarizes the importance of AI in 
characterization and decentralized conversion of 
mixed municipal bio-waste to facilitate the 
development of a scalable, intelligent, and circular 
solution to urban waste management in the developing 
and developed world. 

Figure 1 shows the estimated growth of municipal 
solid waste (MSW) generation around the world, with 
2.01 billion tonnes in 2016 and 3.40 billion tonnes in 
2050, which poses a dire necessity of scalable and 
intelligent waste management systems (Kaza et al., 
2018).
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Fig1. Estimated growth of municipal solid waste (MSW) generation 

 

2. Municipal Bio-waste: Composition and 
Challenges 

2.1 Composition of Mixed Municipal Bio-waste 

Municipal bio-waste is not a homogenous material but 
is a multicomponent mixture with its composition 
greatly changing with geographic location, season, 
socioeconomic status, cultural dietary patterns, and 
collection frequency (Burnley, 2007). Table 1 gives a 
summary of the composition ranges that are 
commonly reported in the literature of MSW in the 
Indian and global environment. 
The organic fraction in general consists of: (a) food 
waste: kitchen scraps, cooked and uncooked food, 
oils, and dairy residues; (b) yard waste: grass 
clippings, leaves, and pruning residues; (c) paper and 

cardboard; (d) wood and lignocellulosic residues; and 
(e) a contamination fraction consisting of plastics, 
metals, glass, and text The moisture content of MSW 
in the Indian cities varies between 40 and 70 percent 
on a wet weight basis, much higher in comparison 
with the western countries due to high amount of fresh 
vegetable and fruit waste in the diet (Kumar and 
Gaikwad, 2004). 

The solids in the organic fraction which is the volatile 
solids (VS) content, which defines the theoretical 
maximum biogas potential, is usually 60-80 percent of 
total solids (TS). The carbon-to-nitrogen (C:N) ratios 
can change between 15:1 in food waste with a high 
nitrogen concentration and 80:1 in carbon-rich yard 
and paper waste, and this is a crucial factor in 
determining the performance of composting and 
anaerobic digestion (Scarlat et al., 2019). 

 

Table 1. Typical composition of mixed municipal bio-waste in India and globally (Kaza et al., 2018; Kumar 
and Gaikwad, 2004; Scarlat et al., 2019; Sharholy et al., 2008). 

Component India Range  
(%wt) 

Global Range 
(%wt) 

Moisture 
Content (%) 

C:N Ratio 

Food & Kitchen Waste 40–55 20–40 60–75 10–20:1 

Paper & Cardboard 3–8 15–35 5–15 150–200:1 

Yard/Garden Waste 2–5 10–20 30–60 25–60:1 

Wood & Lignocellulosic 1–4 2–8 10–30 60–100:1 

Plastics (contaminant) 5–12 8–20 0–2 N/A 

Metals (contaminant) 1–4 2–8 N/A N/A 

Inert/Other 5–15 5–15 Variable Variable 
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2.2 Key Challenges in Mixed Bio-waste Streams 

2.2.1 Compositional Heterogeneity 
The main obstacle to high-efficiency conversion and 
reliable, high-efficiency conversion of municipal bio-
waste is its heterogeneity. The physical, chemical and 
biochemical characteristics of the waste stream do not 
remain constant but vary both with time (day to day, 
seasonal, festal changes), space (residential, 
commercial, institutional sources) and demography.  

 

Such non-stationarity implies that conversion systems 
that are optimized to a fixed-composition feedstock 
will not perform well when used on actual mixed 
waste. Heterogeneity occurs at various scales: 
macroscopic (size distribution of particles, bulk 
density), intermediate (moisture content, VS fraction), 
and molecular (lignin crystallinity, protein content, 
lipid fraction, heavy metal contamination) as shown in 
figure 2.( (Kaza et al., 2018, Tchobanoglous et al., 
1993, Zhang et al., 2007)

 

 
Fig. 2: Multiscale Compositional Heterogeneity in Municipal Bio-waste  

2.2.2 Moisture Variability and Its Consequences 
Bio-waste in municipalities is characterized by high 
and variable moisture content that has trickle-down 
technical effects. Excess moisture in thermochemical 
conversion (pyrolysis, gasification) raises the energy 
cost of drying, decreases yields of char, and may cause 
instability of the process. In the biology, moisture 
exceeding 65 percent (wet weight) hinders aeration in 
the composting process, resulting in anaerobic areas 
and production of odors, whereas moisture less than 
40 percent suppresses microbial activities. In 
anaerobic digestion (AD), concentrations of total 
solids that do not lie within the 8 -12% (wet AD) or 20 
-40% (dry AD) optima lead to inhibition of ammonia, 
volatile fatty acids (VFA) build up and foaming 
(Appels et al., 2008). 

2.2.3 Contamination by Non-Biodegradable 
Materials 
Poor source segregation is an ignored general and 
disregarded technical problem and the consequential 
outcome of contamination of bio-waste with plastics, 
metals, glass, and hazardous materials. Organic waste 
mixed with plastics has the potential to block 
anaerobic decomposition, releasing plasticizers, 
partially degrade thermally during composting, and 

contaminate biochar made by pyrolysis with persistent 
organic pollutants (POPs) and microplastics. Battery, 
e-waste, and paint heavy metals have the potential to 
poison methanogenic archaea in AD systems and 
make compost non-compliant with agricultural safety 
standards (Tchobanoglous et al., 2009). 

2.3 Limitations of Conventional Characterization 
Approaches 
The common way of characterizing traditional bio-
waste is by manual sorting trials, proximate/ultimate 
chemical analysis (ASTM D7582, EN 15400) and 
periodic sampling, a process that are expensive, time-
lagged and inconsistently imprecise in heterogeneous 
streams. Manual sorting experiments would not be 
able to be conducted in real-time and would need it to 
be done by trained individuals under controlled 
conditions. High-quality data is obtained by 
laboratory chemical analyses (thermogravimetric 
analysis, bomb calorimetry, CHN elemental analysis), 
which takes 2472 hours per sample on average, which 
is not suitable in controlling dynamic processes. 
Consequently, traditional conversion systems use 
assumed values of average composition, which causes 
persistent under optimization of the process 
parameters and performance below theoretical yields.

 

3. Conventional Bio-waste Conversion 
Technologies 

3.1 Biological Processes 

3.1.1 Composting 
Composting is the aerobic, thermophilic breakdown of 
organic wastes by related consortia of microbes, to a 
stable, humus-like product (compost) that may be 
utilized as a soil conditioner and partial fertilizer 
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replacement. It occurs in three phases namely, a 
mesophilic initial step (25 -40 0C), a thermophilic step 
(50 -70 0C, the most crucial in pathogen inactivation) 
and a maturation/curing step. The optimum 
composting conditions are C: N ratio of 25-35:1, 50-
60 percent moisture, 10-50 mm particle size and 
sufficient aeration rates of 0.05-0.2 L/min per kg 
waste. In the case of mixed municipal bio-waste, the 
most significant issues with operations are the low 
C:N ratio of food waste (10-20:1), which requires the 
amendment with high-carbon bulking agents (wood 
chips or straw), and the presence of microplastic 
particles in the final compost due to the contamination 
of plastic contaminants in the feedstock (Hargreaves 
et al., 2008). 

3.1.2 Anaerobic Digestion (AD) 
Anaerobic digestion is the stepwise breakdown of 
organic matter by microbes in the absence of oxygen, 
which hydrolyzes into biogas (5575% CH4 ) and a 
nutrient-rich digestate, resulting in acidogenesis, 
acetogenesis and methanogenesis. AD has unique 
benefits compared to composting of high-moisture 
and low-C:N food waste: it produces recoverable 
bioenergy, does not need aeration energy input, and 
generates much less GHG emissions than landfilling. 

The biochemical methane potential (BMP) of the food 
waste fraction is 300-600 mL of CH4/g VS 0 based on 
lipid, protein and carbohydrate content (Angelidaki et 
al., 2009). 

In the case of mixed bio-waste where there is no 
source segregation, AD is challenged. The 
lignocellulosic biomass (paper, yard waste, wood) has 
slow and incomplete hydrolysis which allows 
biodegradability of cellulose of less than 40-60% of 
VS and less than 15% of lignin. Plastic contamination 
may interfere with reactor mechanics, plug pumps, 
and develop hydrophobic layers on the microbial 
biofilms. Methanogenesis can be inhibited by 
inhibitory compounds such as long-chain fatty acids 
(LCFAs) in lipid-rich waste, free ammonia in protein-
rich streams, and heavy metals and lead to reactor 
failure (Chen et al., 2008). 

Figure 3 illustrates the change in the yield of methane 
depending on the composition of the feedstock, the 
food waste demonstrates the greatest potential of 
biogas owing to its high biodegradability, whereas the 
lignocellulosic materials have low conversion 
efficiency (Angelidaki et al., 2009; Zhang et al., 2014)

. 

 
Fig. 3 Change in the yield of methane depending on the composition of the feedstock 

3.2 Thermochemical Processes 

3.2.1 Pyrolysis 
Purolysis is defined as thermal decomposition of 
organic substances at temperatures between 300 and 
700°C in an oxygen-free or inert environment, 
resulting in the production of three streams of 
products, namely, biochar (1035% yield), bio-
oil/pyrolysis oil (3060% yield), and syngas (1535% 
yield). Temperature, heating rate, and residence time 
determine the relative proportions. Pyrolysis at low 
temperatures, slow rate of heating (slow pyrolysis) 
results in the highest possible biomass in the form of 
biochar; pyrolysis at high temperatures, rapid heating 

rate (fast pyrolysis) results in the highest possible 
biomass in the form of bio-oil; pyrolysis at very high 
heating rates (extreme heating rates) produces mostly 
gas. Pyrolysis of bio-waste has been shown to have 
biochar that can be used as a soil amendment, as well 
as, carbon sequestration and heavy metal adsorption. 
Pyrolysis of food waste produces bio-oil that has a 
calorific value of between 20 and 35 MJ/kg, similar to 
that of diesel fuel but high oxygen and water content 
(15-35% wt.) requires upgrading to be used as 
transport fuel (Bridgwater, 2012). 

 

3.2.2 Gasification 

0

100

200

300

400

500

600

Food waste Mixed MSW Lignocellulosic waste

M
et

ha
ne

 Y
ie

ld
 (m

L 
CH

₄/g
V

S)



Municipal Bio-waste Management: Technologies and Future Directions 

IJDDT, Volume 16 Issue 43s, 2026 Page 184 
 

Carbonaceous material is partially oxidized at 700-
1200 o C using sub-stoichiometric oxygen (or steam) 
during the gasification process to produce a 
combustible syngas (producer gas) consisting of H2, 
CO, CO2, CH4 and N2. The resulting syngas can be 
used directly in gas engines in combined heat and 
power (CHP) or purified and refined to Fischer-
Tropsch production of liquid fuels, or reformed to 
hydrogen. The process of gasification of MSW is 
more robust than pyrolysis to heterogeneity of 
feedstocks and moisture variations, yet chlorinated 
plastics produce dioxins and furans at temperatures 
lower than 850 C unless extensive systems to clean 
flue gases are implemented. Mixed waste gasification 
faces major challenges in its operations that involve 
ash and tar formation which necessitate cyclone 
separators, scrubbers, and catalytic tar reformers 
(Arena, 2012). 

3.3 Critical Limitations with Mixed, Unsorted 
Bio-waste 
One of the most important and underrecognized 
results of this review is that all traditional conversion 
technologies i.e. both biological and thermochemical, 
were optimized and developed using relatively 
uniform, pre-sorted feedstocks. Performance 
degradation is systematic and severe when subjected 
to actual, unsorted, mixed, municipal bio-waste. Table 
2 provides a comparison of the conversion 
technologies and their respective limitations in the 
mixed waste stream processing. (Arena, 2012; 
Bridgwater, 2012; Chen et al., 2020; Appels et al., 
2011).

 

Table 2. Bio-waste conversion technologies and limitations 

Technology Temp. (°C) Oxygen Key Products Efficiency  Limitation  

Composting 50–70 Required Compost 60–70% VS 
reduction 

Plastic 
contamination, 
low C:N ratio 

Anaerobic 
Digestion 

35–55 None Biogas, 
Digestate 

300–600 mL 
CH₄/g VS 

Inhibition by 
LCFAs, NH₃, 
plastics 

Slow Pyrolysis 300–500 None Biochar, Bio-oil, 
Gas 

Biochar:  
25–35% 

Moisture 
sensitivity, 
contaminated 
char 

Fast Pyrolysis 500–700 None Bio-oil (60%) Bio-oil:  
20–35 MJ/kg 

PVC-derived 
HCl, unstable 
product 

Gasification 700–1200 Sub-stoich. Syngas (H₂, CO) CHP:  
20–28% 

Tar/dioxin from 
plastics, ash 
fouling 

Hydrothermal 
Liquefaction 

250–370 None Bio-crude HHV:  
25–35 MJ/kg 

High pressure, 
corrosion, scale-
up 

4. Role of Artificial Intelligence in Bio-waste 
Management 
Machine learning, in general, artificial intelligence, 
deep learning, computer vision, and intelligent control 
systems amount to a radical set of tools to surmount 
the heterogeneity and dynamic variability issues that 
thwart traditional bio-waste management solutions. In 
this part, the application of AI in the three areas is 
discussed: waste characterization, optimization of 
processes, and automated physical segregation. 

 

 

4.1 AI in Waste Characterization 

4.1.1 Computer Vision and Convolutional Neural 
Networks (CNNs) 
Recent progress in applying deep convolutional neural 
networks (CNNs) to the task of visual waste 
classification has made significant progress since the 
launch of TrashNet, one of the first publicly accessible 
labelled waste images collections that included 2,527 
pictures that belonged to six categories (paper, glass, 
plastic, metal, cardboard, trash) (Yang and Thung, 
2016).. Follow-up architectures such as ResNet-50, 
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VGG-16, Inception-v3, and EfficientNet have been 
trained on domain-specific waste data with 
classification accuracies of 85-97 percent in 
controlled laboratory environments. Bechtsis et al., 
(2018) have shown that a normalized CNN using 40 
000 household waste images reached accuracy levels 
of 91.3 percent in 14 waste types with a 
misclassification at the contaminated organic and 
paper boundaries. 

In the case of municipal bio-waste in particular, CNNs 
are challenged by the fact that many waste materials 
are visually ambiguous such as composted food waste, 
wet cardboard and contaminated soil are visually 
similar and that real-world deployment presents 
confounding variables like variable lighting, 
occlusion, deformation and liquefaction of soft 
organic material. The use of multimodal methods 
(RGB, near-infrared (NIR) reflectance or depth 
(RGB-D) sensors) has shown higher accuracy in wet 
and soft organic waste classification (Rasheed et al., 
2024). 

4.1.2 Spectroscopic and Sensor-Based 
Classification 
The NIR spectroscopy (9002500 nm) allows 
characterizing the composition of organic fraction, 
moisture content, and level of contamination quickly 
and non-destructively on the basis of overtone and 
combination absorption bands of O-H, C-H, N-H, and 
C=O functional groups. Hyperspectral imaging (HSI) 
is an extension of NIR spectroscopy to the ability to 
spatially divide classification across conveyor belts to 
allow two or more streams of materials to be sorted 
simultaneously. Fodor et al., (2024)established that 
moisture content prediction error of less than ±2% in 
food waste fractions was obtained using an HSI 
system with partial least squares regression (PLSR) 
model, which is a viable online feedstock 
characterisation instrument in an AD plant. 

Electronic nose (e-nose) systems are metal oxide 
semiconductor (MOS), conducting polymer, or quartz 
crystal microbalance (QCM) sensor arrays responsive 
to volatile organic compound (VOC) profiles and 
provide complementary characterization ability, 
especially in the detection of solvent, pesticide, and 
fermentation inhibitor contamination that optical 
sensors cannot detect. Recent e-nose sensor arrays, 
with machine learning classifiers (SVMs, random 
forests) that analyze the sensor array output, have 
shown classification accuracies of 88-95% of food 
waste versus compost, yard waste, and contaminated 
streams (Wojnowski et al., 2017). 

4.2 AI in Process Optimization 

4.2.1 Predicting Biogas Yield in Anaerobic 
Digestion 
Time-series process data is a natural input to recurrent 
neural networks (RNNs) and long short-term memory 
(LSTM) networks, which are known to be effective at 
predicting the rate of biogas production, the yield of 
methane, and the stability of the reactor. Jeong et al. 

2021) used 5 years of operational data of a full-scale 
municipal food waste AD plant to train an LSTM, and 
biogas yield prediction had a mean absolute 
percentage error (MAPE) of 4.2%, which is 
significantly better than traditional first-principles 
stoichiometric models (MAPE 11 18%). The model 
was able to capture intricate non-linear interactions 
among organic loading rate (OLR), fluctuations in 
temperature, variability in the feedstock composition, 
and dynamics of the microbial community. 

Gradient boosting machines (XGBoost, LightGBM) 
and random forests have been extensively used to 
predict important AD process variables such as 
volatile fatty acid (VFA) concentration, free ammonia 
nitrogen (FAN) and effluent chemical oxygen demand 
(COD) using routinely measured process variables. 
These models can be used to use advanced knowledge 
of process inhibition early to give operators 
opportunity to adjust OLR or add buffer before failure, 
which significantly decreases reactor downtime 
(Yildirim and Ozkaya, 2023). 

4.2.2 AI for Thermochemical Process Control 
In pyrolysis and gasification, AI-based control 
systems deal with the basic problem of variability of 
the feedstock composition, which exists in mixed bio-
waste and leads to changes in the distribution and 
quality of the products. The models of artificial neural 
networks (ANN) have been created to estimate the 
bio-oil yield, calorific value, and water content as 
functions of the pyrolysis temperature, heating rate, 
and feedstock proximate analysis (moisture, ash, 
volatile matter). Balde et al. (2025) found that a multi-
layer perceptron (MLP) ANN that was trained using 
224 literature data points was able to predict the bio-
oil yield of biomass pyrolysis with an R2 = 0.94 and a 
root-mean-square error of 2.3 percent, outperforming 
empirical models based on regression. In the case of 
gasification, reinforcement learning (RL) strategies 
have been promising to optimize equivalence ratio 
(ER), steam-to-biomass ratio, and temperature 
setpoints in real time based on the varying feedstock 
properties, and simulation experiments have shown 
that under the operation of reinforcement learning, 
cold gas performance has improved by 815% relative 
to fixed-parameter operation (Shen et al., 2015). 

4.3 AI for Waste Segregation and Smart Bins 
Systems of automated physical segregation at 
collection point are an alternative to source 
segregation by citizens that deal with the behavioural 
failure that results in waste being mixed up in the first 
place. Smart bins with weight sensors, NIR, RFID 
readers and embedded cameras linked to ML 
classifiers on the edge can be used to identify 
deposited waste items in real-time, give user feedback, 
and record composition data to optimize collection. 
Adedeji and Wang (2019) presented a prototype of a 
smart bin which utilized a MobileNetV2 classifier 
implemented on a Raspberry Pi 4 and achieved 88 
percent classification accuracy on five types of waste 
and a sub-second inference latency. 
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Robotic sorting systems (e.g., ZenRobotics, AMP 
Robotics, Bulk Robotic Sorter) used in industrial-
scale are capable of detecting and picking target 
material on conveyor streams at 40-80 picks per 
minute per robotic arm, using high-speed RGB 
cameras, NIR sensors, and deep learning classifiers, 
with the same accuracy as trained human sorters, and 
without fatigue or safety risk They have been 
implemented in the USA, Finland, and South Korea at 

material recovery facilities (MRFs) that achieved 90 
and 95 percent recovery rates of aluminum, paper, and 
PET plastics respectively in mixed MSW streams 
(Bircanoglu et al., 2018). Table 3 represents 
Comparative analysis of artificial intelligence (AI) 
and machine learning models in waste management 
applications, highlighting accuracy (R²/MAPE), data 
requirements, and operational limitations

 

Table 3. Comparative summary of AI techniques applied in bio-waste management: accuracy, dataset 
requirements, and key limitations. 

AI Technique Application Accuracy / R² Dataset Size Limitations Key 
Reference 

CNN (ResNet-50) Visual waste 
classification 

91–97% >10,000 
images 

Requires large 
labeled dataset 

Nowakowski 
et al., 2020 

CNN + NIR HSI Moisture & 
composition 

R² = 0.96 500–2,000 
samples 

Expensive 
hyperspectral 
camera 

Li et al., 2021 

LSTM (RNN) Biogas yield 
prediction 

MAPE = 4.2% 5-yr plant 
data 

Site-specific; 
poor transfer 

Zhu et al., 
2019 

XGBoost/RF AD process 
indicators 

R² = 0.91–0.97 Operational 
data 

Requires 
feature 
engineering 

Shi et al., 
2021 

ANN (MLP) Pyrolysis bio-
oil yield 

R² = 0.94 224 lit. data 
pts 

Literature data 
inconsistency 

Papari et al., 
2017 

SVM + e-nose Waste 
classification 

88–95% 200–1,000 
samples 

Sensor drift, 
recalibration 

Wojnowski et 
al., 2017 

MobileNetV2 
(edge) 

Smart bin 
classification 

88% ~5,000 
images 

Lighting 
sensitivity 

Adedeji & 
Wang, 2019 

Reinforcement 
Learning 

Gasification 
control 

8–15% 
efficiency gain 

Simulation 
only 

Not validated 
at full scale 

Shen et al., 
2015 

Table 4 and Figure 4, represent the performance of different AI models used in waste characterization and 
optimization is compared, and it has been shown that deep learning and ensemble approaches are more effective 
than traditional ones when working with heterogeneous waste data (Nowakowski et al., 2020; Zhu et al., 2019; 
Shi et al., 2021). 

 
Table 4: performance of different AI models used in waste characterization 

AI Technique Primary Application Strengths Weaknesses Practical 
Readiness 

CNN (ResNet, 
EfficientNet) 

Waste image 
classification 

High accuracy, 
scalable 

Needs large dataset High 

LSTM / RNN Time-series prediction 
(biogas) 

Captures temporal 
dynamics 

Data-heavy Medium–High 

XGBoost / Random 
Forest 

Process optimization Robust, 
interpretable 

Feature 
engineering needed 

High 

ANN (MLP) Thermochemical 
prediction 

Good nonlinear 
modeling 

Black-box nature Medium 

SVM + e-nose VOC-based 
classification 

High sensitivity Sensor drift Medium 
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Fig. 4  Performance of different AI models used in waste characterization and optimization 
 
5. Decentralized Waste Management Systems 

5.1 Concept, Rationale, and Importance 
Decentralized waste management (DWM) is a 
systems-level architecture, whereby waste processing 
is done at or near its point of generation at household, 
building, community, ward, or industrial cluster scale 
instead of being transported to large, centralized 
facilities. DWM has its conceptual origins in 
industrial ecology and systems engineering: with the 
spatial extent of material flows kept small, DWM 
minimizes the energy and cost of transportation 
(which in LMICs can take up 60-80% of the total 
waste management costs), enables local governance 
and accountability, and allows technology to be 
tailored to local waste composition and valorization 
markets (Maalouf & Mavropoulos, 20) 

DWM systems have proved to be particularly relevant 
in the Indian urban setting. The Solid Waste 
Management Rules (2016) of the Indian Environment 
Protection Act require all bulk waste generators 
(generating > 100 kg/day) to segregate sources and 
process organic waste decentrally, which provides 
regulatory incentives towards on-site composting and 
biogas units in residential complexes, hotels, markets, 
and institutions. Through the Smart Cities Mission, 
capital infrastructure at the ward level has been funded 
in 100 cities to process waste at scale, creating an 
emerging evidence base of the effectiveness of DWM 
at scale (MoHUA, 2021). 

5.2 Technologies Used in Decentralized Systems 
Various small, small-scale, and low-capital bio-waste 
conversion technologies have been invented and 
implemented at decentralized levels. The most 
common composting systems implemented on a 
community scale include windrow composters, in-
vessel rotating drum composters (1-5 TPD capacity) 
and aerated static pile systems, which do not need 
much technical expertise to operate and yield compost 
that can be used in local urban agriculture and in park 
maintenance. The Solid Waste Management Limited 
(SWML) program in Bengaluru has more than 200 
ward-level composting facilities that process about 
50-100 kg/day each (with a cumulative 15-20% of the 
organic waste being diverted out of the landfill). 

The second major type of DWM technology is small-
scale and community biogas plants (1 to 50 m3 of 
digester volume, serving 5 to 50 households or 100 to 
500 kg/day of food waste). The rural/peri-urban Indian 
scene is dominated by floating drum (Khadi and 
Village Industries Commission (KVIC)) and fixed 
dome (Deenbandhu) digesters, and compact semi-dry 
and wet AD units such as Home Biogas (Israel), 
Sistema. At institutional levels, Bio (global), and 
Biotech India are being implemented. A 3 TPD food 
waste-based AD unit at IIT Delhi generates around 
200 m3 of biogas/day to satisfy 15 -20% of the energy 
needs of the kitchen (Jain et al., 2019). 

5.3 Case Studies in Smart and Decentralized 
Waste Management 

5.3.1 Bengaluru Ward-Level Composting 
Network 
The BBMP (Bruhat Bengaluru Mahanagara Palike) of 
Bengaluru has put in place one of the largest and 
decentralized composting networks in India; with 
about 220 ward-level composting units and 50 
community biogas units. The program has already 
brought wet waste diversion of about 700 TPD, about 
20 percent of the MSW in the city and it generates 
about 120 tonnes/day of compost sold to farmers and 
gardeners via the municipal supply chains. The most 
important lesson of the program is that community 
engagement and involvement, champions at the ward 
level, and the inclusion of rag-pickers into the official 
collection system are equally significant to technical 
infrastructure (Doron and Jeffrey, 2018). 

5.3.2 Amsterdam Smart Waste City Platform 
The Smart Waste City project, which is a subset of the 
overall Amsterdam Smart City effort, has deployed 
IoT-capable underground waste receptacles 
throughout the city, and fill-level sensors reporting 
collection requirements in real-time to a central 
logistics platform. The route optimization algorithms 
had a 28% decrease in collection truck-kilometres in 
three years. The city recycling goals and 
communication campaigns to citizens were informed 
by waste composition data of the optical sorting 
research. The site is a demonstration of the 
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possibilities of combining IoT sensing and logistics AI 
in a Western city ( Amsterdam Smart City, 2020). 

5.3.3 Campus-Level Smart Waste System (South 
Korea) 
Yonsei University (Seoul) implemented a campus-
wide integrated waste management solution that 
includes smart waste containers with RFID user 
identification and weight-charged food waste, 
automated pneumatic collection to central processing 

center and 5 TPD AD reactor with biogas recovery to 
king-kitchen energy. Demand forecasting based on AI 
minimized the frequency of collection by 35 percent 
and bin occupancy at less than 85 percent target 
occupancy levels. The technical feasibility of closed-
loop campus waste valorization was confirmed by the 
system recovering about 65% of food waste organic 
carbon as biogas energy (Tundjungsari, 2025). Table 
5 shows Techno-economic comparison of selected 
organic waste management technologies 

  

Table 5: Techno-economic comparison of selected organic waste management technologies 

Technology Scale 
(kg/day) 

CAPEX 
(USD) 

OPEX Output Suitability 

Composting (in-
vessel) 

50–500 Low–Medium Low Compost High 

Biogas (AD) 100–1000 Medium Medium Biogas + 
Digestate 

High 

Pyrolysis 200–2000 High Medium–
High 

Biochar + Oil Medium 

Gasification 500–5000 High High Syngas Low–
Medium 

 
Fig. 5: costs of centralized and decentralized waste management systems 

Figure 5 illustrate the costs of centralized and decentralized waste management systems with transportation costs 
being the dominant in centralized systems, and logistics costs greatly lowered in decentralized systems (Wilson 
et al., 2012; Belien et al., 2014). 

 

6. Integration: AI-Enabled Decentralized 
Conversion Systems 
The greatest conceptual input of this review is the 
definition of a comprehensive framework where AI-
based characterization and control intelligence is 
imprinted into decentralized bio-waste conversion 
hardware thereby forming systems that are adaptive, 
efficient, and locally deployable at the same time.  

This section expounds on the elements and structure 
of such integrated systems. 

6.1 AI-Enabled Decentralized Collection and 
Routing 
The initial layer of integration relates to the gathering 
of mixed bio-waste at distributed generation locations 
to decentralized processing stations. Real-time fill-
level data collected by IoT sensors in smart bins, GPS 
positioning of collection vehicles, and traffic data has 
been used to optimize routes through AI and can 
significantly decrease the cost and emissions 
associated with collection. They include vehicle 
routing problems that have been solved using genetic 
algorithm (GA) and ant colony optimization (ACO) 
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metaheuristics which show a 1530% decrease in the 
total vehicle-kilometers travelled (Belieux et al., 
2014). On the bin level, smart bins with edge-AI 
classifiers can offer initial data on the composition of 
waste (percentages of organic waste, recyclable waste, 
and residual waste) that can be used by operators of 
decentralized processing nodes to know the 
composition of incoming feedstock prior to arrival. 

6.2 Real-Time Monitoring and Adaptive Process 
Control 
The second layer of integration links online 
characterization sensors to adaptive process control 
systems at decentralized conversion units. In the case 
of AD systems, an integrated system would be 
implemented with NIR probes that estimate the 
composition of the feedstock in real-time, a gas 
chromatographic sensor that measures biogas quality, 
and pH/redox/ammonia ion-selective electrodes that 
determine reactor stability. This sensor data is 
inputted into an AI process controller (usually a 
combination of LSTM forecasting and proportional-
integral-derivative (PID) control or model predictive 
control (MPC)) that sets organic loading rate, 
recirculation ratio, pH buffer dosing, and temperature 
setpoints to optimal values when feedstock changes 
occur. 

A simulation study by Han et al., (2023) showed that 
an LSTM-MPC controller implemented on a 100 m 3 
community-scale AD reactor decreased VFA 
accumulation events by 67 per cent and enhanced 
average methane yield by 12 per cent, relative to 
conventional fixed-parameter operation when 
processing variable-composition municipal food 
waste. The system did not need any manual process 
adjustment in the course of a 90-day simulation, which 
is one of the essential conditions to use it by non-
specialist community members. 

6.3 Digital Twin Architecture for Decentralized 
Waste Networks 
A digital twin is a computer simulation of a physical 
system, which is physics-based with continuous 
updates based on sensor data that allows real-time 
monitoring, simulation of scenarios and predictive 
maintenance. When applied to a decentralized waste 
management network, a digital twin would include: 
(a) unit models of each composting or AD node (mass 
balance, energy balance, microbial kinetics); (b) a 
network-level logistics model of the collection routes, 
processing nodes, and output markets; and (c) a city-
scale material flow model of carbon, nitrogen, and 
energy flows inside the urban bio-waste system. 

The digital twin structure will allow the operators and 
planners to model the impact of a change in the 
feedstock composition, technology malfunction, or 
demand changes before they happen and therefore 
allow them to be proactive instead of reactive. The 
study by Shah et al. (2025) has shown a digital twin of 
a network of 12 decentralized composting units in an 
Italian municipality, with a 95 percent accuracy fit 
between the simulated and measured output compost 
quality metrics during a 12-month validation period. 

6.4 IoT + AI Integration Architecture 
Figure 6 presents the proposed integrated IoT-AI 
architecture for a smart decentralized bio-waste 
management system. The architecture comprises four 
functional layers: (1) Physical Layer: waste bins, 
collection vehicles, and conversion reactors equipped 
with heterogeneous sensor arrays; (2) Connectivity 
Layer: LoRaWAN, NB-IoT, or Wi-Fi networks 
transmitting time-series sensor data to a cloud 
platform; (3) Intelligence Layer: cloud-hosted ML 
models for characterization, yield prediction, anomaly 
detection, and route optimization; and (4) Action 
Layer: automated control actuators, mobile operator 
interfaces, and municipal dashboard.

 
 

Fig. 6 Proposed IoT-AI Integration Architecture for Smart Decentralized Bio-waste Management 
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7. Valorization Pathways and Value-Added 
Products 
Waste valorization, the extraction of the highest value 
out of waste streams as a resource instead of the use 
of waste streams as a burden is the primary concept in 
the circular bioeconomy model. Intelligent 
characterization and transformation of municipal bio-
waste through optimized processes can provide a 
variety of bioenergy, biomaterial, and biochemical 
products. 

7.1 Bioenergy Products 
Food waste that is anaerobically digested to produce 
biogas has a methane content of 5575% with a specific 
energy density of about 2225 MJ/m 3 (LHV). A well-
optimized AD unit can generate 20 30 m 3 biogas/day 
(at community scale (100 kg/day food waste input)) 
which can be equivalent to 10 -15 kWh of electrical 
energy or direct fuel used in cooking. Enriched 
biomethane (>97% CH 4 ) injected into natural gas 
grids, or utilized as compressed biogas (CBG), to 
transport, is a high value valorization route currently 
being actively sought in India as part of the 
Sustainable Alternative Towards Affordable 
Transportation (SATAT) scheme. Fast pyrolysis of 
dry bio-waste fractions provides bio-oil with a heating 
value of 2035 MJ/kg but it needs to be further 
hydrotreated to eliminate oxygen before it is used as a 
co-feed transport fuel. 

7.2 Biomaterials 
Slow pyrolysis of lignocellulosic bio-waste fractions 
at temperatures of 350-550 C yields biochar with high 
surface area (200-600 m2/g), alkalinity (pH 7.5-10) 
and stable aromatic carbon architecture with carbon 
residence times of over 100 years. Meta-analysis of 
agricultural biochar use at 520 t/ha has shown an 
increase in soil water-holding capacity (20-35%), 
cation exchange capacity (15-40%), and crop yields 
(5-15%), in soil types. Chemical or physical activated 
biochar has been shown to have heavy metal 
adsorption capacities of 50300 mg/g of Pb, Cd and Cu, 
and has been used in wastewater treatment. The 
biochar market in the world will reach USD 2.0 billion 
by 2030, as compared to USD 0.4 billion in 2022. 
Another currently underutilized valorization route is 
bioplastics and biopolymers such as 
polyhydroxyalkanoates (PHAs) made through 
bacterial fermentation of VFAs in effluent of AD 
reactors, with high market value of USD 46/kg. 

7.3 Chemicals and Nutrients 
Platform chemicals in bioplastics (PHA), solvents, 
and specialty chemicals can be made using volatile 
fatty acids (VFAs) including acetate, propionate, 
butyrate that are produced during the acidogenesis 
phase of AD. Food waste can be subjected to 
controlled acidogenic fermentation at pH 5.54 and 
short hydraulic retention times (HRT 13 days) to 

achieve VFA concentrations of 2040 g COD/L with 
productivities ranging from 38 g VFA/L/day (Dahiya 
et al., 2015). The AD contains nitrogen (35% of dry 
weight), phosphorus (0.5-1.5% of dry weight), and 
potassium (0.5-1.0 of dry weight) in plant-available 
form, making it possible to use it as an organic 
fertilizer, an important result of the urban-rural 
nutrient cycle. Microbial fermentation on bio-waste-
derived sugars can produce organic acids such as 
lactic acid, succinic acid and citric acid. 

8. Research Gaps and Challenges 
This review has found that there are some key gaps in 
research that need to be overcome to transform AI-
enabled decentralized bio-waste management beyond 
proof-of-concept to a reliable and scalable practice. 
These gaps are the frontiers of the field and research 
agenda of the coming decade. 

8.1 Lack of Real-World Heterogeneous Waste 
Datasets 
The greatest real-world limitation of AI-based waste 
characterization is the limited number of large, diverse 
and publicly available datasets of real-world mixed 
municipal bio-waste - versus laboratory specimens or 
clean consumer waste products. Models published by 
CNN that are trained on publicly available datasets 
(TrashNet, TACO, WasteNet) drop significantly in 
performance when applied to real municipal waste 
streams, showing a drop in accuracy of 15-40 
percentage points in field validation experiments. This 
domain gap comes about due to the fact that real waste 
is wet, deformed, soiled, occluded, fragmented and 
compacted in a manner not represented in curated 
datasets. An international initiative to develop and 
openly distribute labelled image and spectral datasets 
of real MRFs and decentralized processing locations 
is desperately needed, similar to ImageNet in general 
computer vision. 

8.2 Poor Scalability and Transferability of AI 
Models 
AI process models to optimize the AD and pyrolysis 
process are generally trained using data that is specific 
to one installation, operating conditions, and 
feedstock type, and geographical location. Transfer 
learning methods where a model trained on one type 
of reactor is fine-tuned on limited data on a new 
installation have demonstrated promise in the lab, 
however serious validation in a wide range of real-
world installations has not yet been done. Federated 
learning paradigming to train a common model on 
multiple decentralized nodes without access to raw 
data is theoretically appealing to privacy-sensitive 
municipal waste data but has not been shown to scale 
in the waste management domain. Also of concern is 
model interpretability: black-box neural networks are 
challenging to test and are not nearly as trusted by 
operators and regulators as transparent mechanistic 
models. 
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8.3 Limited Integration of AI Software with 
Decentralized Hardware 
Although AI algorithms to characterize waste and 
optimize processes have progressed fast in the 
software-based research community, the real-world 
harmonization of AI algorithms with robust, cost-
effective, field-deployable sensor and control devices 
is not well developed. The majority of published AI-
waste systems are based on the use of expensive 
laboratory-grade NIR spectrometers or high-
resolution industrial cameras that cannot be afforded 
by community-scale decentralized deployments in 
LMICs. A key component of hardware-software co-
development is the creation of low-cost, ruggedized, 
miniaturized sensor modules that can be incorporated 
into the small AD or composting devices and which 
do not lose accuracy with the conditions in the field of 
vibration, changes in temperature, humidity and 
biological fouling. 

8.4 Economic Feasibility, Lifecycle Assessment, 
and Rebound Effects 
The literature on techno-economic analyses (TEA) 
and lifecycle assessments (LCA) of AI-enabled 
decentralized waste management systems is 
conspicuously lacking. The cost of AI-based sensor 
systems, the cost of data connectivity infrastructure, 
and cloud computing systems should be compared to 
the economic gains of increased conversion  

 

efficiency, lessened gate fees, and products of valor. 
Early estimates indicate that smart bin sensor and 
edge-AI systems increase the capital cost of a bin by 
USD 150-400, which is a potentially critical barrier at 
scale, unless there are policy mechanisms in place to 
support it. The energy and GHG footprint of the IoT 
devices, data centres, and AI inference also need to be 
included in LCA studies and might partially balance 
the environmental advantages of enhanced waste 
valorization. 

8.5 Regulatory, Social, and Governance 
Dimensions 
The AI-driven waste management cannot be 
technologically innovative without equivalent 
innovation in regulatory frameworks, community 
governance, and social acceptance. Most jurisdictions 
have not defined data ownership and privacy 
frameworks of waste composition data (that can 
indicate household consumption patterns). The model 
of community engagement of decentralized systems 
has to negotiate the tensions between the formal 
municipal authority and informal livelihoods of 
waste-pickers. The employment displacement in the 
informal waste sector where an estimated 15 million 
workers are employed in India alone is an issue that 
arises due to AI-driven automation of sorting and 
collection (Chaturvedi, 2010). These social aspects in 
relation to technical performance measures need to be 
incorporated into waste governance structures.

 

Table: 6 Identification of key research gaps in waste management 

Research Gap Current Limitation Proposed Solution Future Impact 

Lack of datasets Poor model generalization Open global datasets High 

Model transferability Site-specific AI models Federated learning High 

Hardware integration Expensive sensors Low-cost IoT devices Very High 

Economic validation Lack of TEA/LCA Integrated assessments Critical 

Social acceptance Informal sector conflict Inclusive policy design Essential 

 

9. Future Perspectives 

9.1 AI + IoT + Blockchain for Transparent Waste 
Value Chains 
The combination of AI, IoT and distributed ledger 
technologies (blockchain) provides the possibility of 
end-to-end transparent and auditable as well as 
incentive aligned waste value chains. The waste 
tracking system based on blockchain has the potential 
to establish permanent records of waste generation, 
composition, collection, processing, and product sale 
thereby facilitating performance-based contracts, 
producer responsibility schemes and green finance 
instruments based on verifiable waste diversion 
measures. Systems of tokenized incentive systems in 
which households receive digital tokens on their 

confirmed waste segregation, which can be redeemed 
to receive utility discounts or community services 
have been tested in Mumbai (Recykal platform) and 
Singapore (Sembcorp EcoWorth) with promising 
initial outcomes. 

9.2 Smart Cities Integration and Systemic Scale-
Up 
The full potential of AI-based decentralized bio-waste 
management can only be achieved when single-
community scale-installations are combined into city-
scale smart waste networks that share data, coordinate 
logistics, and join biogas and compost markets on a 
regional level. This involves the interoperability of 
data standards, open API frameworks, and multi-
stakeholder governance platforms consisting of 
municipal departments, technology provider, private 
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operator, and groups of citizens. This integration is 
scaffolded by the Smart Cities Mission in India, EU 
Smart Cities and Communities initiative, and the C40 
Cities network, but the technical standardization effort 
to achieve AI model and data interoperability across 
hardware platforms and city administrations has yet to 
be completed. 

 

9.3 Circular Bioeconomy and Planetary 
Boundaries 
Finally, AI-driven decentralized bio-waste 
management will need to be assessed not just with 
regard to its local performance but its role in the 
planetary-scale sustainability thresholds. The 
normative orientation is the circular bioeconomy in 
which biological materials are in the form of a 
continuous cycle through the economy with no waste 
or depletion. The most important systemic 
contributions of smart bio-waste management to 
remaining within planetary boundaries of climate 
change, nitrogen cycling, and land system change 
include closing urban-rural nutrient cycles (recycling 
urban digestate phosphorus and nitrogen to 
agricultural soils), making the most of carbon 
retention in stable biochar, and replacing fossil-
derived chemicals and plastics with bio-waste-derived 
alternatives (Rockstrom et al., 2009). 

10. Conclusion 
The convergence of artificial intelligence, IoT sensing 
and decentralized bio-waste conversion technologies 
has been shown in this review to be a paradigm shift 
opportunity in municipal waste management and 
especially in the rapidly urbanizing developing 
economies where traditional centralized systems are 
not keeping up with the pace of waste generation. 

The crux of this paper will be that mixed, unsorted 
municipal bio-waste, long viewed as an issue that 
needs sorting to be intelligibly converted into a useful 
form, is best seen as a continuously varying process 
parameter that can be intelligently described and 
intelligently handled through AI-enabled systems that 
convert compositional variability into an opportunity 
rather than a threat. CNNs and hyperspectral 
classifiers can determine the composition of waste in 
real time; LSTM models and ensemble ML models 
can be used to predict the AD biogas yields and the 
distributions of thermochemical products with 
practical accuracy, and digital twins can simulate and 
optimize the performance of decentralized networks 
across multiple installations at once. 

The identified research gaps include especially the 
absence of real-world heterogeneous waste data, low 
cross-site model transferability, insufficient hardware-
software integration, and techno-economic validation 
that characterize a clear and urgent research agenda. 
To advance on these fronts, it will require 
interdisciplinary cooperation, both within 
environmental engineering and within computer 

science and materials science and economics and 
social science and between academic institutions and 
municipal governments and technology developers in 
the global North and the global South alike. 

In the future, the trend of AI capabilities, foundation 
models, few-shot learning, and self-supervised  

 

learning and the use of decreasing sensor and compute 
costs will imply that the technical constraints of 
decentralized bio-waste management using AI will be 
lowered gradually. Governance innovation, policy 
design and community engagement of the human and 
institutional aspects of what eventually becomes a 
sociotechnical transformation will be the determinants 
of scale-up. Once these dimensions are harmonized, 
AI-based decentralized bio-waste management will be 
able to contribute a tangible and meaningful change to 
the circular bioeconomy, urban sustainability, and 
global climate objectives. 
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