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Abstract 

Purpose: With millions of hectares of farmland in Vidarbha 

already affected by erosion, salinity and declining soil nutrition, 

the region faces a critical, worsening threat - technogenic 

contamination from electronic waste (e-waste) and other industrial 

waste adds further complexity. Nagpur is identified as one of 

India’s top 10 e-waste generating cities. Artificial Intelligence (AI) 

offers a transformative potential to identify and isolate 

contaminant chemicals while assessing soil nutrition, yet adoption 

among rural farming communities remains constrained by a 

persistent digital and knowledge divide. This review 

systematically examines literature on key soil contaminants, AI-

driven detection of hazardous chemicals, and recommended 

mitigation pathways toward sustainable agricultural land use. 

Method: A systematic search across Scopus, Web of Science, 

IEEE Xplore, arXiv, Elsevier, and Google Scholar used terms 

spanning remote sensing, technology adoption, e-waste, soil 

contamination, digital agriculture and socio-cultural barriers. 

Of 169 records identified, screening against inclusion/ 

exclusion criteria focused on Indian rural contexts resulted in 

124 studies for PRISMA- based thematic synthesis. 

Research: Vision-based AI/ML in soil nutrient grading, 

contamination profiling, remote sensing and soil health advisory 

does show strong technical promise; however, adoption is severely 

constrained by traditional resistance, high initial investment, low 

contamination - risk awareness and gaps in digital literacy. 

Partnerships through Farmer Producer Organizations, government 

initiatives and localized voice-interface tools emerged as effective 

adoption enablers. 

Conclusion: The review synthesizes literature-based 

recommendations and identifies systemic gaps – in policy 

enforcement, recycling infrastructure, as well as farmer-level 

digital literacy – that must be addressed to prevent further, 

compounding land degradation. The evidence points to 

decentralized, offline-capable AI tools deployed through trusted local 

intermediaries as the most consistently recommended pathway. 

INTRODUCTION 

The agricultural landscape of India shows an enormous diversity and 

is outlined by persistent contradiction. With over 138 million farm 

holdings and around 86% of them being marginal (Agricultural 

Census, 2015-16), this rural-driven economy generates around 18% 

of India’s national GDP and gives employment to 40% of the 

workforce.  

Uncontrolled dumping of electronic and industrial waste, with 

minimal recycling capacity or focus has led to further 

contamination of agricultural land and groundwater.  

Surveys done by the National Bureau of Land and Soil Use 

Planning provide estimates that around 140 million hectares of land 

are degrading persistently due to various controlled or uncontrolled 

factors such as water and wind erosion, salinity, waterlogging, 

acidity, technogenic contamination and depleting soil nutrition 

(NBSS & LUP, 2018). Ground-level surveys of Nagpur reveal 

estimated 13,000 tonnes of solid waste generated each year (2016-

2017), 37% of which comprise metals, glass and inert materials 

[Patil & Khan, 2020]. The application of spectral analytics and 

machine learning (ML) - including trained neural networks, 

gradient boosting techniques and self-organizing maps - to satellite-

based soil imagery offers immense potential for monitoring 

localised soil health and contamination. The lack of public 

awareness and government- driven waste management initiatives, 

combined with uncontrolled open dumping, inadequate recycling 

capacity and the outpaced conversion of usable farmland to urban 

land, calls for immediate attention. This paper tries to address four 

key research questions as outlined below: 

RQ1 – What are the most consistent technogenic chemical 



contaminants associated with soil contamination, and their 

relative severity, as identified in the literature? 

RQ2 – Which AI/ML methods identified in the literature have 

been successfully applied to detect, identify, and rank soil 

contamination as well as nutrient deficiency?  

RQ3 – How effective are AI/ML techniques relative to 

conventional statistical methods as identified in the literature? 

RQ4 – What are the future pathways for course correction 

applicable to the Vidarbha region, as recommended in the 

literature? 

1.0 METHODOLOGY OF LITERATURE REVIEW 

This research paper takes a four-step methodical approach to 

identify and analyze literature addressing the research themes: 

a) Search relevant literature and case studies, published in 

English, addressing a combination of search terms - remote 

sensing, technology adoption, e-waste, soil contamination, 

digital agriculture and socio-cultural barriers 

b) Screen literature covering e-waste contaminants and their 

relative ranking, AI/ML technologies successfully applied to 

detect, identify and rank soil contamination and nutrient 

deficiency, and literature recommending future mitigation 

pathways  

c) Extract quantitative and qualitative evidence supporting the 

four themes and  

d) Synthesize findings to reach conclusive recommendations and 

identify gaps requiring further attention.  

This four-step approach follows the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses for Protocols 2015 

(PRISMA) standard (Moher et al., 2015) using pre-specified 

criteria for the search, selection, and data extraction. The details 

are described in the following sections. 

1.1 Search Strategy 

The articles selected are mostly experimental, documentary, or 

based on real case studies that have been used for smart soil 

contamination and health measurement. A combination of search 

terms included digital agriculture, remote sensing, rural India, 

technology adoption, e-waste, soil contamination, artificial 

intelligence, machine learning, and socio-cultural barriers to 

adoption. Peer- reviewed studies and literature published in 

English were considered.  

Studies identified in non-English, grey and duplicate literature, 

abstracts- only data, as well as studies with AI applications not 

related to agriculture or focused to South Asian/Indian farms were 

excluded. 

The literature search was conducted by the lead author in July 2026, 

covering literature published between 2009 to 2026. The search 

encompassed records indexed in Web of Science and Scopus 

alongside major publisher databases (IEEE Xplore, Wiley, Springer, 

Elsevier), supplemented by arXiv and Google Scholar. The search 

keywords used were a concatenation of: 

'E-waste AND Soil Contamination AND India’ + “Technogenic 

Contamination AND Agricultural Land’ + ‘Digital Agriculture 

AND Rural India' + 'AI AND Soil AND India' + 'Technology 

Adoption AND Smallholder’ + ‘AI AND ML AND IoT AND NLP 

for Indian agriculture’ + ‘AI adoption barriers to Indian agronomy’ 

1.2 Selection of studies 

A total of 169 records were identified and screened by the author, 

and reviewed by the Industry mentor for compliance with the 

inclusion criteria: (a) published in English, (b) focuses on use and 

adoption of AI/ML/IoT/NLP usage in South Asian/India 

agriculture, (c) uses empirical case studies with quantitative or 

qualitative primary data to answer RQ’s and (d) removing 

duplicates, grey literature, unconfirmed doi as well as addresses any 

or all the four research themes. To check and validate for 

agreement, interrater reliability scores were calculated showing 

moderate-strong levels of agreement as per criteria (a) [% 

Agreement = 85, Cohen’s Kappa k = 0.63, Z-score = 7.89, p-value 

< 0.001], moderate agreement (b) [% Agreement = 80, k = 0.56, Z-

score = 6.6, p-value < 0.001] (c) [% Agreement = 87, k = 0.67, Z-

score = 7.71, p-value < 0.001] and (d) [% Agreement = 85, k = 

0.63, Z-score = 7, p-value < 0.001]. Disagreements were amicably 

discussed and aligned; studies which did not meet the criteria were 

subsequently removed.  Cohen’s Kappa calculation file can be 

shared. Figure 1 outlines the PRISMA flowchart used for study 

selection. The full list of selected studies, each with an individual 

numeric identifier and its mapped role in supporting the analysis, 

can be provided as Supplementary evidential file. Table 7 

summarizes representative contaminant hotspot geographic 

locations identified across the included literature.  

 

 



 

Figure 1: PRISMA flow chart for study selection 

1.3 Data extraction 

All selected articles were screened for publication year, 

publication journal, author details and citation count. Studies 

were then individually coded, with their abstracts, aims and data 

analyzed to group into following categories: (a) authorship, and 

country of origin (b) coverage of AI/IoT/ML/NLP studies and 

adoption in context to South Asian/Indian agronomy (c) barriers 

to AI adoption in context to South Asian/Indian agronomy (d) 

contaminant types, severity rankings, and AI/ML key 

performance metrics reported, wherever applicable; and (e) study 

design, coded as descriptive, experimental or co-relational.  

1.4 Data synthesis 

Extracted data were synthesized using a framework synthesis 

approach, structured around the four pre-defined research themes 

(RQ1-RQ4). Within each theme, findings from included studies 

were grouped and then compared to identify areas of 

convergence, divergence, and evidentiary gaps. RQ1 and RQ3 

were addressed by synthesizing quantitative findings comprising 

contaminant severity rankings and AI/ML performance metrics, 

while RQ2 and RQ4 were addressed by synthesizing qualitative 

findings on adoption barriers and socio-cultural context.  

Recommendations and systemic gaps reported in this review 

were derived by cross-referencing the consistency and coverage 

of findings across all included studies within each theme, rather 

than any single isolated study. 

 

2.0 RESULTS 

This section collates and presents the findings of the systematic 

review, structured around the four research questions that guide 

the study. Of 169 total records identified through database 

searching, 10 duplicates were removed, yielding 159 records for 

title/abstract screening, of which 2 were excluded, leaving 157 

records eligible for full-text assessment. Of these, 4 records were set 

aside pending independent verification, leaving 153 articles for full-

text assessment. Following full-text assessment, 124 studies met the 

inclusion criteria and form the evidential base for this synthesis. 

The included literature drawn predominantly from India, China, 

Southeast Asia as well as West Africa and European Union spans 

technogenic contaminant characterization, AI/ML based detection, 

government led soil health and e-waste management initiatives. 

Findings are presented as six parts: Study selection, study 

characteristics, technogenic contaminants and their relative severity, 

AI/ML detection and ranking methods, AI/ML effectiveness 

relative to conventional approaches, and recommended future 

pathways including government-initiative evidence. 

2.1 Study Selection 

Of 169 records identified through database searching across Scopus, 

Web of Science, arXiv, Elsevier, IEEE Xplore and Google Scholar, 

10 duplicates were removed, resulting in 159 records for further 

title/abstract screening. 2 records were excluded at this stage (not 

India-focused (1); no confirmed DOI (1)), leaving 157 records. Of 

these, 4 records were set aside pending independent verification, 

leaving 153 full-text articles assessed for eligibility, of which 29 

were excluded due to: grey literature (11), no confirmed DOI (16), 

abstract- only/conference (1), and background-only (1). This 

yielded a final pack of 124 studies included in the quantitative and 

qualitative synthesis (SLR extraction tool can be shared). 

2.2 Study Characteristics 

The 124 included studies span years 2009-2026, with an increase in 

count over the recent years: 40 % studies (50) were published in 

2024-2026 alone, and 63 % (78) since 2021 – which shows 

consistency with AI/ML- based soil health and contamination 

research being a fast-accelerating domain rather than a mature, 

stable one, as shown in Table 1 below: 

 

Publication Period n % 

≤ 2015 8 6% 

2016–2020 16 13% 

2021–2023 28 23% 

2024–2026 50 40% 



Publication Period n % 

Year not specified 22 18% 

Table 1: Referenced publications timeline 

 

Most of the evidential base as shown in Table 2, geographically 

is dominated by India (45 %, 56 studies) and China (14 %, 17 

studies), with the balance distributed across Bangladesh, Ghana, 

Nigeria, Thailand, Vietnam while single-study representations 

are available from Indonesia, Sierra Leone, South Africa, Spain 

and the USA, plus global/multi-country reviews account for 11 

more. Of the 56 India- based studies, only 7 % of the total corpus 

(9) are specific to Vidarbha, Nagpur or Akola – the regional 

focus of this review. This concentration gap of studies done in 

these regions is a key evidentiary basis for the novelty argument 

developed in Section 3.2. 

Country / Region n % 

India (total) 56 45% 

  — of which Vidarbha/Nagpur/Akola-

specific 
9 7% 

China 17 14% 

Not specified 18 15% 

Global / multi-country (review) 11 9% 

Nigeria 4 3% 

Ghana 3 2% 

Thailand, Vietnam, Bangladesh (2 each) 6 5% 

South Africa, Sierra Leone, Indonesia, 

USA, Spain, and other single-country 

entries 

9 7% 

Table 2: Regional diversity of publications  

 

By data type as Table 3 outlines, 53 % (66) studies report 

quantitative data, 46 % (57) are qualitative (mostly policy 

analyses and reviews), and 1 report mixed method. This data is 

further mapped against the four research questions - noting that 

studies frequently address more than one – 50 studies contribute 

to RQ1 (contaminant severity), 55 to RQ2 (AI/ML detection 

methods), 16 to RQ3 (comparative AI/ML effectiveness), and 50 

to RQ4 (future pathways) respectively. The comparatively 

limited body of literature on RQ3 do reveal that benchmarking of 

AI/ML against conventional statistical methods is in a nascent 

stage. 

Research Question Studies 

mapped 

RQ1 — Contaminants and severity 50 

RQ2 — AI/ML detection methods 55 

RQ3 — AI/ML effectiveness vs. conventional 

methods 
16 

RQ4 — Future pathways (incl. government 

initiatives) 
50 

Table 3: RQ based publication mapping  

 

2.3 RQ1- Technogenic Contaminants and Severity Ranking  

Across the 43 studies mapped to RQ1 in the extraction dataset, eight 

distinct heavy metals were consistently flagged out. Frequency of 

reporting and available severity evidence (food-safety exceedance, 

concentration extremes, and outcomes of human biomonitoring) 

were jointly used to derive the ranking table 4 below, since sole raw 

frequency data does not capture toxicological severity.  

Chemical Studies 

(of 43) 
Study IDs 

Cadmium (Cd) 11 S001, S003, S021, S028, S029, 

S030, S032, S033, S056/S057, 

S058, S059 

Lead (Pb) 10 S001, S003, S021, S028, S029, 

S030, S032, S033, S056/S057, 

S058 

Copper (Cu) 7 S003, S021, S029, S032, S033, 

S058, S059 

Chromium (Cr) 4 S001, S021, S028, S032 

Zinc (Zn) 4 S021, S033, S056/S057, S059 

Arsenic (As) 2 S001, S029 

Mercury (Hg) 2 S001, S029 

Nickel (Ni) 2 S021, S029 

Table 4: Contaminant and severity ranking  

The top 5 contaminants ranked by severity in Table 5 are: 

Rank Chemical Severity Basis 

1 Cadmium 

(Cd) 
Most-reported (11/43); primary 

bioavailable contaminant in 

Nagpur/Vidarbha dataset; food-safety 

exceedance in vegetables 

2 Lead (Pb) Second most-reported (10/43); only 



Rank Chemical Severity Basis 

metal with direct pediatric health-

outcome evidence (blood-Pb / thyroid 

hormone correlation) 

3 Copper 

(Cu) 
7/43 studies; co-occurs with Cd/Pb at 

extreme concentrations (up to 11,140 

mg/kg); food-safety exceedance 

4 Chromium 

(Cr) 
4/43 studies but cross-regional (China, 

India independently); Cr (VI) 

carcinogenic risk 

5 Zinc (Zn) 4/43 studies; primary industrial 

contaminant in strongest Vidarbha-

specific evidence; food-safety 

exceedance 

Table 5: Top 5 contaminants  

 

Cadmium (Cd) and lead (Pb) were the two most consistently 

flagged and reported contaminants (11 and 10 out of 43 studies 

respectively), and each carries direct severity evidence beyond 

mere soil presence: CSIR- NEERI dataset (S057) identifies Cd as 

the primary bioavailable industrial contaminant in Nagpur/ 

Vidarbha and exceeded food- safety thresholds in vegetable- 

uptake studies (S059), while Pb was the linked to direct pediatric 

health outcomes- elevated blood-lead levels correlated with 

thyroid hormone alteration in 162 children in Guiyu, China 

(S030), reinforced by a body-burden review (S031). Zinc (Zn), 

reported in 4 studies, was notably one of the primary technogenic 

contaminants identified in the strongest Vidarbha- specific 

evidence (S057) and appeared in the vegetable food- safety 

exceedance data (S059), making it significant for the region 

despite lower global reporting frequency in this corpus. 

Copper (Cu), while less frequently isolated as a standalone focus, 

co-occurred with Cd and Pb at extreme concentrations (up to 

11,140 mg/kg at incineration sites, S033) and in the same food-

safety exceedance study (S059). Chromium (Cr) appeared in only 

4 of 43 studies but showed a consistent cross-regional signature 

(India and China independently) while its hexavalent form 

identified as a carcinogenic risk – a severity factor not captured 

by frequency alone. 

Interestingly Arsenic (As) and Mercury (Hg), carry higher per-

unit toxicological severity than the metals ranked above them and 

as such only 2 of 43 studies reported them, reflecting consistency 

of reporting across the included literature instead of an 

independent toxicological hazard assessment. 

2.3.1 Soil impact mechanisms 

Three mechanisms extracted from literature on how each 

contaminant affects the soil beyond mere concentration are: soil 

bioavailability, direct transfer to crops, and human exposure 

through cross- media. Table 6 below summarizes the findings:  

Contaminant Documented Soil Impact 

Mechanism 
Evidence 

Cadmium 

(Cd) 
Highly bioavailable/mobile soil 

fraction (directly plant- and 

organism-accessible); direct 

soil-to-crop transfer at extreme 

concentrations (up to 11,140 

mg/kg); measurable uptake into 

maize, tomato, cabbage 

S056/S057, 

S033, S058, 

S059 

Lead (Pb) Persists in soil/sediment across 

seasons; cross-media transfer 

from soil into human blood via 

dust/soil-contact exposure, with 

downstream physiological 

effects 

S028, S029, 

S030, S031 

Copper (Cu) Co-occurs with Cd/Pb at 

extreme concentrations near 

incineration/dismantling sites; 

transfers into vegetable tissue 

exceeding food-safety 

thresholds 

S033, S058, 

S059 

Chromium 

(Cr) 
Consistently detected across 

independent processing stages 

(acid-leaching, dismantling, 

burning, abandoned sites) and 

across seasons — persistence is 

the dominant documented 

mechanism; no 

bioavailability/transfer data 

reported 

S001, S003, 

S021, S028, 

S032 

Zinc (Zn) Primary bioavailable 

industrial/anthropogenic 

contaminant in soil (same 

mobile-fraction pathway as Cd); 

transfers into vegetables 

exceeding food-safety standards 

S056/S057, 

S021, S033, 

S059 

 Table 6: Soil contamination impact  

 

2.3.2 Geographic contaminant distribution evidence 

There are two clusters identified by the primary evidence base for 

the top 5 contaminants: Northern/Central India (Moradabad and 

Nagpur/ Vidarbha) which is this review’s regional focus and e-

waste processing corridor of South China (Qingyuan, Guiyu and 

adjacent incineration sites). Tabulated in Table 7, this reflects the 

broader corpus-wide distribution of the countries as mentioned in 

Section 2.2, but with a sharpened geographical concentration 



focused on these two countries obviously booming economic 

stature. 

Location Coordinates Contaminants Evidence 

Moradabad, 

India 
28.84°N, 

78.77°E 
Pb, Cd, Cr, 

Zn, Ni, Cu, Fe 
S021 

Nagpur, 

India 

(Vidarbha) 

21.15°N, 

79.09°E 
Cd, Pb, Co, Zn Nagpur, 

India 

(Vidarbha) 

South China 

(incineration 

sites) 

~23.1°N, 

113.3°E 
Cd, Cu, Pb, Zn S033, 

S058, 

S059 

Qingyuan, 

China 
23.68°N, 

113.06°E 
Cd, Cu, Pb, Sb S003 

Guiyu, 

China 

23.32°N, 

116.35°E 

Cd, Pb, Cu, 

Cr, As, Hg 

S028, 

S029, 

S030, 

S031, 

S032 

Table 7: Location versus contaminant mapping  

2.4 RQ2- AI/ML Methods for Detection and Ranking  

44 % (55 of 124) of the included studies apply AI/ML techniques 

or methods for the detection of soil contaminant as well as 

nutrient- deficiency. Table 8 summarizes these methods by 

grouping them into six methodological categories. 

Method Cluster n Representative 

Techniques 

Study 

IDs 

Source 

apportionment 

(PMF/SOM/RF 

hybrids) 

5 SOM + PMF + gradient 

boosting; RF + PMF + 

Monte Carlo; ML + 

receptor models 

S006–
S010 

XRF-spectral 

quantification 

7 Deep learning 

(DSPFormer), hierarchical 

DNN, PSO-CARS+BLS-

Net, RF, LR/MARS 

S043–
S049 

Remote sensing / 

hyperspectral 

nutrient & soil-

health prediction 

9 RF, SVM, ANN, DNN, 

quantile regression forest, 

XGBoost ensembles 

S064–
S068, 

S131, 

S136, 

S137, 

S150 

IoT-integrated 

precision 

agriculture 

9 Edge computing, 

reinforcement/transfer 

learning, graph-CRNN, 

IoT + UAV 

S070–
S072, 

S096–
S098, 

S100, 

S101, 

S122 

LLM/ NLP 9 Multilingual chatbots, S102–

Method Cluster n Representative 

Techniques 

Study 

IDs 

farmer-advisory 

delivery (India-

specific) 

RAG + LLaMA, ASR 

benchmarking, multi-

agent LLM 

S109, 

S127 

Broad AI/ML/DL 

remediation & 

waste-

management 

reviews 

7 AI/ML/DL frameworks, 

geospatial/IoT integration, 

omics-AI 

S011, 

S013–
S016, 

S143, 

S148 

Table 8: AI/ML detection methods  

The XRF- spectral quantification category evidences the strongest 

quantitative performance: a Random Forest classifier reached 99.62 

% accuracy for soil- type classification (S048), and a deep-learning 

spectral network (DSPFormer) achieved R2 = 0.95 – 0.97 spanning 

five heavy metals (S043), though the unusually high value by 

Random Forest may warrant further scrutiny on the validation 

method utilized. In the nutrient/ remote- sensing category, a 

quantile regression forest applied to India’s government Soil Health 

Card (SHC) data captured 28 – 65 % of nutrient zone variability 

(concordance 0.48 – 0.75, S131), while an XGBoost/ Random 

Forest ensemble classified soil health status with 85- 87 % accuracy 

depending on the type of soil (S136) – both directly co-relate to 

RQ2’s nutrient-deficiency and detection scope, not just 

contamination. 

A unique and most recent sub- category (9 studies across 2025- 

2026, pan India- focused) applies natural language processing 

(NLP) and large language models (LLM) to farmer- facing advisory 

delivery – multilingual voice-based chatbots, retrieval- augmented 

generation, and speech- recognition benchmarking across 

Hindi/Odia/Telugu (S102-S109, S127). Although these do not 

directly perform nutrient or contaminant detection themselves but 

represent the delivery layer through which the detected outputs, 

alarms and suggestions reach end users; the key unique aspect is 

their offline or low- connectivity operation which is directly 

relevant to the adoption- barrier evidence in Section 2.6. 

2.5 RQ3- AI/ML Effectiveness vs. Conventional Statistical 

Methods 

13% of the studies (16) report sufficient methodological or 

performance details elaborating comparative effectiveness of 

AI/ML techniques. These substantially overlap with XRF- spectral 

clusters and RQ2 source-apportionment evidenced by 

methodological specificity which forms the key basis for 

comparative assessment, outlined in Table 9. 



Study 

ID 

AI/ML Technique Measure of reported 

Performance 

S043 Deep learning 

(DSPFormer) + XRF 

R² = 0.95–0.97 across 

5 metals 

S045 PSO-CARS + BLS-Net 

(Bayesian-optimized SVR) 

Cr, Cd, Cu, Pb 

quantified 

S046 Linear Regression, MARS 8 heavy metals via 

portable XRF 

S047 Hierarchical deep neural 

network 

59 soil samples, 

IAWEWT-GC 

preprocessing 

S048 Random Forest 99.62% soil-type 

classification accuracy 

Table 9: AI/ML performance mapping  

Of the 16 RQ3- mapped studies, 5 report a concrete, detailed and 

quotable performance metric (S043, S045, S046, S047, S048); 

the remaining 11 define a statistical/ML hybrid method (for 

example, PMF in combination with gradient boosting or Random 

Forest) with no details about comparative performance. None of 

the other studies included explicitly present a head-to-head 

benchmark of an AI/ML technique against proven statistical 

methods (e.g. simple correlation analysis or PCA) applied to the 

same dataset. This is the clearest methodological gap in the 

overall study corpus relative to this review’s own RQ3 and is 

elaborated further in section 3.4. 

2.6 RQ4- Recommended Future Pathways  

40% (50) of the total corpus contain explicit recommendations, 

barriers, or future -pathway statements. The four recurring 

clusters or themes abbreviated as TRAM are summarized and 

mapped with representative evidence in Table 10: 

Cluster n Representative Evidence Study 

IDs 

Trust/   

Adoption 

barriers 

~15 Trust and language flagged 

as most critical (18-barrier 

study); COVID-19 

ISM/MICMAC/SWARA 

analysis; 33-barrier UAV-

specific taxonomy 

S110, 

S112, 

S114, 

S125 

Regulatory/ 

Government 

pathways 

7 EPR proposed for India e-

waste; MPCB regulatory 

framework; USDA/NIFA 

American AI Initiative 

funding; EU-aligned 

political-initiative call 

S057, 

S143, 

S150, 

S155, 

S158 

Adoption 

enabler for 

Localized/ 

9 Multilingual, offline-

capable advisory tools 

directly responding to 

S102–
S109 

Cluster n Representative Evidence Study 

IDs 

offline AI  trust/language barriers 

identified above 

Methodological/ 

Technical 

pathways 

3 AI-driven omics for 

phytoremediation; 

abandoned farmland as 

closest precedent for e-

waste/farmland study 

design 

S060, 

S148 

Table 10: Recommended TRAM pathway  

2.6.1 Trust/ adoption barriers: 

The most granular evidence of barrier is defined by Tzachor’s 

participatory- workshop study identifying 18 explicit AI- adoption 

barriers, which flagged trust and language as the most critical 

(S110) – a finding echoed structurally by the 9- study LLM/NLP 

advisory cluster in Section 2.4, nearly all of which are explicitly 

multi-lingual. Further taxonomies highlighting barriers include a 

543- farmer MICMAC/ ISM/ SWARA analysis during COVID- 19 

(S112), an m- TISM/ Delphi study of 9 implementation barriers 

(S114), and a 33- barrier, 6- category AHP/ Fuzzy Delphi analysis 

specific to adoption of UAV (S125). 

2.6.2 Regulatory/ government enabled pathways: 

Several studies point to not purely technical but policy- level 

solutions. The literature on India’s e-waste converges on Extended 

Producer Responsibility (EPR) as a proposed structural fix given 

“weak enforcement; insufficient infrastructure” (S057), 

corroborated by Maharashtra Pollution Control Board’s (MPCB) 

own regulatory framework (S155) and a national e-waste review 

citing a persistent informal recycling and limited treatment 

infrastructure (S158).  

2.6.3 Adoption enabler for localized/ offline AI: 

Internationally, the USDA/ NIFA S1090 program documents direct 

US federal investment in AI- driven agroecosystem monitoring 

under the American AI initiative (S143), while a Spanish mining- 

remediation case study explicitly advocates aligning AI/ GIS digital 

solutions to political initiatives, co- developed with stakeholders 

(S150) – both offering a government- initiative- as- pathway model 

with no current equivalent specific to Vidarbha. 

2.6.4 Methodological/ Technical pathways: 

AI- driven omics for optimizing phytoremediation via plant- 

microbe interaction prediction is proposed as a next- generation 

remediation approach (S148) and abandoned- farmland 

contamination is flagged as the closest existing precedent for a 



dedicated e- waste/ farmland study design (S060) – directly 

informing the primary- research proposal in Section 5.1. 

2.6.4 Study gap specific to Vidarbha: 

Only 6% (3 of the 50 RQ4- mapped) studies are Vidarbha/ 

Nagpur – specific (S055, S057, S155), and none of the studies 

combine a government- initiative pathway with primary 

contaminant or nutrient data for the region- the central 

evidentiary gap this review is positioned to address. 

 

3.0 Discussion 

The focus of this section is to interpret the findings reported in 

Section 2- what they collectively mean, how they compare with 

prior work, and where exactly the evidential base falls short. 

3.1 Synthesis of Key Findings 

Read collectively, Sections 2.3 – 2.6 point to a consistent pattern: 

technical capability of AI/ ML outpaces both real- world 

deployment rigorous validation. The XRF- spectral and remote- 

sensing clusters (Section 2.4) report strong quantitative 

performance (R2 = 0.95 – 0.97, up to 99.62 % classification 

accuracy), yet only 13 % (16 of 124) studies engage with 

comparative effectiveness in the first place and none directly 

benchmark an AI/ ML method against a conventional statistical 

baseline on the same dataset (Section 2.5). Comparatively 

contaminant characterization (Section 2.3) is quite mature – 43 

studies converge on a consistent five- metal severity profile (Cd, 

Cr, Cu, Pb, Zn) – but this maturity is geographically narrow, with 

concentration almost entirely in two countries (Section 2.2), and 

rarely paired with the AI/ ML methods documented in the same 

corpus. Meanwhile, the largest single theme by study count is 

ironically non- technical: regulatory/ government pathways and 

adoption barriers (Section 2.6, 50 studies) consistently flag 

language, trust, financial, and infrastructural constraints- not 

technical performance- as the binding constraint on real- world 

impact. Taken together, the corpus describes three largely 

separate conversations – contamination and contaminant study, 

AI/ ML techniques, and adoption/ policy – that rarely interact 

within a single study and never intersect specific to Vidarbha 

region.  

3.2 The Vidarbha/Nagpur Case 

Around 7 % (9 out of 124) of included studies are specific to 

Vidarbha, Nagpur, or Akola, and three of these directly tied to the 

case developed here. A field survey of around 380 scrap shops in 

Nagpur found at least 59 % of them engaged in informal e- waste 

dismantling to extract metals, alongside low public awareness of e- 

waste handling rules (S055). Independently, a CSIR- NEERI dataset 

identified cobalt, cadmium, zinc, and lead in the bioavailable soil 

fraction across Nagpur, highlighting industrial and technogenic 

activity – not yet linked explicitly to e- waste – identified as the 

primary source (S057). There is a regulatory framework dictated by 

Maharashtra Pollution Control Board (S155), yet a national e- waste 

review citing Nagpur as among India’s top e- waste generating 

cities simultaneously highlights a persistently informal recycling 

sector and limited treatment infrastructure (S158) – indicating that 

the mere presence of regulation with no translation to enforcement 

does correlate with a consistent pattern with the government/ 

regulatory- pathway findings in Section 2.6.  

This pattern – informal and unaudited dismantling activity, 

independently measured soil contamination, and a regulation- 

enforcement gap- mirrors the structure of better- studied e- waste 

hotspots in this corpus, particularly Guiyu, China (S028-S032) and 

the Agbogbloshie site in Ghana (S017-S019), both of which 

received substantially more dedicated research attention despite 

comparable or smaller informal-sector scale. This is largely 

attributed to the visible health impact on the population, identified 

as the aftermath of this toxicity. What this review is positioned to 

supply, and what Vidarbha lacks, is the connective evidence those 

sites already have: no study in this corpus utilized Nagpur’s known 

informal dismantling clusters for direct soil sampling and 

measurement, and none tested whether the contamination leeches 

into adjacent agricultural land- despite Vidarbha being a major 

agricultural belt even though three studies done elsewhere in the 

corpus (S033, S058, S060) do reiterate that this exact farmland- 

transfer pathway is measurable where it has been studied.   

3.3 Comparison with Prior Reviews 

This review’s closest a priori is a systematic review of e- waste-

derived heavy metal contamination spanning 59 studies across 11 

countries (S001), which established the same core contaminant set 

(As, Cd, Cr, Hg, Pb) this review independently converges on but 

predates the AI/ ML source- apportionment literature synthesized 

here and does not engage with detection methodology at all. 

Conversely, the AI/ML source-apportionment literature in this 

corpus (S006-S010) is methodologically sophisticated but was 

developed for general soil heavy-metal contamination- industrial, 

mining, agricultural- derived – and has not, in any study identified 



here, been applied specifically to e-waste-derived contamination 

as a distinct source signature. This review’s contribution is a 

deliberate amalgamation to present that neither prior body of 

work attempts: technogenic (e-waste and industrial) contaminant 

characterization, AI/ML detection methodology application, 

nutrient-deficiency detection, and government-initiated adoption 

pathways, synthesized together and grounded in a specific, 

evidenced regional case. 

 

3.4 Limitations 

The findings reported above are qualified by several limitations: 

a) Geographic concentration: 59 % (73 of 124) of the 

included studies originate from just two countries (India, 

56; China, 17), per Section 2.2; the resulting evidence 

base for contaminant severity (Section 2.3) and adoption 

barriers (Section 2.6) may not be used to generalize to e-

waste-affected regions outside these two national 

contexts. 

b) Sparsity of effectiveness benchmarking: Only 5 of 16 

RQ3- mapped studies, as outlined in Section 2.5, report a 

quotable performance metric, and none directly compare 

AI/ML against a conventional statistical method on the 

same dataset - meaning the methodological question at 

the heart of RQ3 is answered only indirectly, through 

juxtaposition instead of any head-to-head evidence. 

c) Incomplete study-design classification: study-design 

(descriptive/ correlational/ experimental) was explicitly 

stated only for 4 out of 124 included studies, limiting this 

review’s ability to characterize the evidence base by a 

thorough methodological rigor. 

d) Inconsistency in contaminant panels: The included 

studies report a range of 1 and 13 measured elements with 

no standardized panel, limiting direct cross-study 

comparability of severity rankings (Section 2.3) beyond 

the frequency-based approach used here. 

e) Search currency: The search was conducted in July/2026; 

accordingly, any records published after this date, 

including any 2026 literature beyond the search cut-off 

are not captured in this synthesis.  

4.0 Conclusion 

This review set out to address a key gap at the intersection of 

three literatures that rarely seem to converge: technogenic soil 

contamination, AI/ML- based detection, and government backed 

adoption pathways, specifically as they apply to Vidarbha. 

Synthesizing 124 studies, it finds a consistent five-contaminant 

severity profile (cadmium, lead, copper, chromium, zinc; RQ1), a 

technically competent but under-benchmarked AI/ML detection 

landscape spanning source-apportionment, XRF-spectral 

quantification, remote sensing, and – notably – a fast-emerging 

cluster of multilingual, offline-capable advisory tools (RQ2-RQ3), 

and an adoption-barrier literature that converges overwhelmingly on 

trust, language, and infrastructure instead of a technical 

performance constraint (RQ4). 

For Vidarbha specifically, the evidence establishes that the 

preconditions for contamination are already documented – informal 

e-waste dismantling activities, independently measured bioavailable 

soil contamination, and a regulation-enforcement gap - but 

connective, site-specific evidential link, and its extension into the 

region’s agricultural land, does not yet exist. The most consistently 

supported pathway forward as collated from the reviewed literature 

suggest a combination of technologies: AI/ML detection methods 

coupled with government-backed institutional mechanisms 

(Extended Producer Responsibility, regulatory enforcement 

capacity) and delivered through a TRAM model – Trust building, 

Regulatory enforced, Adoption enablers for localized, offline AI 

usage and Methodologically driven pathways for AI/ML 

techniques. This same combination recurs, in different national 

contexts, across the government-initiative and adoption-barrier 

evidence synthesized in Section 2.6. Realizing this pathway for 

Vidarbha requires the primary research proposed in Section 5.1. 

 

5.0 Future Research Directions 

The following sections translate the identified gaps outlined in 

Sections 3.2-3.4 into a concrete research agenda. 

5.1 Proposed Primary Research: Vidarbha/ Nagpur 

Sampling Study 

This review proposes a two-part primary study directly informed by 

the evidential gaps identified above. First, soil sampling at and 

immediately around Nagpur’s documented informal e-waste 

dismantling clusters (as per the scrap-shop distribution identified in 

S055), analyzed for the five-contaminant panel established in 

Section 2.3 (Cd, Cr, Cu, Pb, Zn) using an AI/ML detection method 

drawn from Section 2.4 -  either the PMF/source-apportionment 

hybrid approach (S006-S010) to identify contribution from e-waste 



dismantling specifically versus other industrial sources, or the 

XRF-spectral deep-learning approach (S043) given its strongest 

reported performance (R2 = 0.95- 0.97) in the corpus. Second, a 

comparative sampling arm on adjacent agricultural land, modeled 

methodologically on the crop-uptake and abandoned-farmland 

studies identified in Sections 2.3.1 and 3.2 (S033, S058, S060), to 

test whether the farmland-transfer pathway measured elsewhere 

is present in Vidarbha too. Together, these would supply the site-

specific evidence that this review’s synthesis highlights to be 

absent. 

5.2 Framework/ Policy Recommendations 

Three recommendations follow directly from the government 

initiative and adoption-barrier evidence pointed out in Section 

2.6. First, strengthening enforcement capacity behind 

Maharashtra’s existing regulatory framework (S155) rather than 

introducing new regulation, since the documented gap is 

enforcement, not the absence of policy (S158). Second, 

evaluating Extended Producer Responsibility (EPR) as a 

structural mechanism for the Vidarbha e-waste stream, consistent 

with its use as the proposed national-level solution in the broader 

India e-waste literature (S057). Third, prioritizing offline-

enabled, multilingual advisory delivery - the design pattern 

common to the nine-study NLP/LLM cluster in Section 2.4 - as the 

technology layer most directly responsive to the trust-and-language 

barriers identified as most critical in the adoption literature (S110). 

5.3 Broader Research Agenda 

Beyond Vidarbha, two extensions follow from this review’s scope. 

First, the same evidence gap - informal e-waste activity documented 

separately from soil contamination data, with no linking study – 

likely exists at other Indian e-waste generating clusters named in the 

national literature (S059) beyond Nagpur, and the sampling design 

proposed in Section 5.1 could be replicated across these sites. 

Second, the AI/ML detection framework developed through this 

line of research need not remain e-waste specific: the same source-

apportionment and XRF-spectral methods reviewed in Section 2.4 

are, in principle, transferable to other technogenic contamination 

sources – industrial effluent, mining waste - that this review’s 

broader “technogenic contamination” framing was deliberately 

chosen to encapsulate. 
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