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Abstract

Soil contamination in South African agriculture poses escalating threats to food security
and ecosystem integrity, yet the geospatial and machine learning evidence base address-
ing this problem has never been systematically synthesised. This scoping review, con-
ducted within the PRISMA-ScR framework, applied SVM-assisted screening to 2000 re-
trieved records, yielding a final corpus of 228 eligible studies published from 2003 to 2025.
To characterise temporal, thematic, and geographic patterns in the corpus, we applied
machine learning-assisted topic modelling (LDA, k = 7), logistic growth modelling, key-
word co-occurrence network analysis, and technology—contaminant evidence gap matri-
ces. Remote sensing was the dominant methodology throughout the review period (n =
142; 62.3% of studies), with machine learning rising to the highest adoption rank from
approximately 2020 onwards. Logistic modelling estimated a carrying capacity of K =
292.3 (95% CI: 269-324) studies and an inflexion year of 2020.2 (95% CI: 2019.4-2021.1),
projecting 90% saturation by 2028. Research effort was highly concentrated in KwaZulu-
Natal and the Eastern Cape, while Pesticides/Herbicides and acid mine drainage each
comprised only three corpus studies. Deep learning registered zero entries across all cells
of both the technology—contaminant and technology-province evidence matrices. Tar-
geted investment in field validation, hyperspectral and deep learning deployment for un-
derrepresented contaminants, and interpretable modelling for regulatory defensibility are
identified as priority actions for the next research cycle.

Keywords: soil contamination; remote sensing; GIS; machine learning; scoping review;
South Africa; evidence gap analysis; topic modeling

1. Introduction

Soil contamination is a pervasive and escalating threat to sustainable agriculture,
ecosystem integrity, and public health worldwide. The Intergovernmental Science-Policy
Platform on Biodiversity and Ecosystem Services (IPBESs) identifies land degradation—
driven substantially by soil pollution and erosion—as one of the foremost drivers of bio-
diversity loss and declining ecosystem function globally [1]. The Food and Agriculture
Organisation (FAO) further recognises soil pollution among the principal threats to food
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security and soil biodiversity [2]. In South Africa, these global pressures are compounded
by a colonial and post-apartheid industrial legacy. South Africa’s mining sector is among
the world’s largest producers of platinum-group metals, gold, coal, and chromite; it gen-
erates extensive mine waste, acid mine drainage (AMD), and tailings that deposit phyto-
toxic concentrations of cadmium, lead, arsenic, zinc, and nickel into adjacent agricultural
soils and water bodies [3,4]. Intensified application of agrochemicals across commercial
farming regions simultaneously contributes persistent pesticide residues and nitrate loads
that impair soil microbial communities, suppress nutrient cycling, and enter food chains
[5,6].

The consequences extend well beyond agronomic yield loss. Contaminated soils un-
dermine essential ecosystem services—including carbon sequestration, water infiltration,
and nutrient provisioning—that underpin climate resilience and rural livelihoods [7,8].
Toxicological assessments from South African mining communities document elevated
urinary cadmium and blood-lead concentrations in residents of mine-adjacent areas,
along with cancer risks associated with polycyclic aromatic hydrocarbons (PAHs) in con-
taminated agricultural soils [9,10]. For the estimated 2.5 million smallholder farming
households that depend on these soils for subsistence [11], effective contamination moni-
toring is a matter of food sovereignty and environmental justice. South Africa’s National
Environmental Management: Waste Act (No. 59 of 2008) and Soil Contamination Regula-
tions (2021) impose remediation obligations on responsible parties, yet enforcement ca-
pacity remains constrained by the spatial extent of affected landscapes and the prohibitive
cost of conventional monitoring [12].

Traditional soil quality assessment relies on point-based field sampling followed by
laboratory physico-chemical analysis. While analytically precise, this approach is funda-
mentally limited in spatial and temporal coverage. Sampling campaigns are costly, with
full per-sample costs (encompassing field collection, preparation, and multi-element anal-
ysis) typically ranging from USD 100 to 500 [13]. Furthermore, surveys are ordinarily con-
ducted only at multi-year intervals, obscuring seasonal and inter-annual contamination
dynamics [14,15]. The resulting sparse, asynchronous datasets are ill-suited to generating
the spatially continuous predictions required for precision soil management or regulatory
enforcement across large heterogeneous landscapes [16]. In South Africa, these constraints
are compounded by under-resourced provincial environmental agencies, vast semi-arid
farming regions, and the geographic remoteness of many mining-impacted agricultural
areas [17].

Geographic Information Systems (GISs) and satellite remote sensing (RS) have sub-
stantially extended the reach of soil monitoring by providing spatially continuous, tem-
porally repetitive observations at scales ranging from field to continental [18,19]. Spectral
reflectance properties of soils in the visible, near-infrared (NIR), and shortwave infrared
(SWIR) regions carry diagnostic information on iron oxides, clay mineralogy, organic mat-
ter content, and surface moisture —attributes that correlate with contamination status, ero-
sion risk, and land degradation severity [20,21]. Freely accessible medium-resolution sen-
sors—Landsat-8/9 (30 m spatial resolution; 16-day revisit [22]) and Sentinel-2 MSI (10-20
m resolution; 5-day revisit [23]) —have democratised spatially explicit monitoring in data-
scarce regions, while UAV-borne sensors offer sub-decimetre resolution for site-specific
assessments [24].

Within South Africa, GIS and RS have been applied to a spectrum of contamination
challenges. These GIS and RS applications include mapping AMD plumes and heavy-
metal dispersion from Witwatersrand and Mpumalanga mine tailings [25,26], character-
ising salinization gradients in irrigated zones of Lower Vaal, Riet, Berg and Breede Rivers
[27], and monitoring pesticide-driven land degradation in the Western Cape winelands
[5]. Despite this body of work, the accuracy of RS-derived contamination estimates
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remains sensitive to atmospheric correction quality and soil moisture variability. South
Africa’s highly heterogeneous soil landscapes—spanning Ferralsols of the Highveld to
lithosols of the Karoo—introduce pronounced spectral confounding from varying organic
matter and clay assemblages that complicate model transferability [28,29].

Machine learning (ML) has emerged as a transformative analytical complement to
GIS and remote sensing, enabling non-linear, multi-variable modelling of soil properties
from high-dimensional geospatial feature spaces. The predictive accuracies achievable
through ML approaches substantially exceed those attainable through classical regression
or geostatistical interpolation alone [30,31]. Random Forest (RF) [32] and gradient-boosted
decision trees (XGBoost [33]) exploit interactions across spectral bands, terrain deriva-
tives, and environmental covariates to predict heavy-metal concentrations and contami-
nation indices, with cross-validated R? values of 0.75-0.95 reported in digital soil mapping
benchmarks [34,35]. Support vector machines (SVMs), valued for their robustness in high-
dimensional, limited-sample settings [36], have been widely applied to land-cover and
contamination-class discrimination from multispectral time-series [37]. At the spectro-
scopic level, ML-based inversion of visible-near-infrared and hyperspectral reflectance
data has demonstrated capacity to map soil heavy-metal content and organic carbon with
minimal ground-truthing requirements [38,39].

Despite these advances, the application of ML to soil contamination assessment in
South African agriculture remains fragmented and unevaluated in synthesis. Individual
studies employ heterogeneous architectures, feature sets, validation protocols, and accu-
racy metrics, making cross-study comparisons unreliable [40]. A systematic evidence map
is therefore needed to determine which algorithm-platform—contaminant combinations
have demonstrated consistent utility, which have been under-explored, and what meth-
odological standardisation is required before operational deployment.

Scoping reviews of rapidly expanding, methodologically heterogeneous studies are
prone to selection bias and inconsistency when conducted through exclusively manual
screening [41]. Empirical benchmarks consistently show that ML-assisted screening sub-
stantially reduces reviewer workload while preserving high recall relative to exhaustive
manual review [42,43]. The present review therefore integrates automated ML-assisted
text classification within the PRISMA-ScR framework [44] to manage the retrieved records
and produce a reproducible, bias-mitigated synthesis of the eligible publications identi-
fied in this process. Topic modelling and keyword network analysis are additionally ap-
plied to characterise the thematic structure of the corpus and identify emerging research
fronts. Logistic growth modelling [45] of the cumulative publication trajectory provides a
quantitative characterisation of the field’s maturity —a dimension not previously reported
for this literature. Full methodological details are presented in Section 2.

Several prior reviews address cognate topics as follows: Bégué et al. [46] surveyed
GIS and RS for agricultural land management across Africa broadly; Wadoux et al. [35]
appraised ML methods for global digital soil mapping; and Shi et al. [38] examined near-
infrared spectroscopy for heavy-metal detection. Valuable as these contributions are, none
jointly address the following: (i) the specific agro-ecological and industrial context of
South African agriculture; (ii) simultaneous integration of GIS, RS, and ML within one
synthesis; (iii) a machine learning-assisted screening methodology; or (iv) quantitative
bibliometric and topic-modelling analysis of the accumulated evidence base.

Regional specificity is critical for both contamination dynamics and monitoring fea-
sibility, and this gap therefore has direct practical consequences. South Africa’s taxonom-
ically distinct soil forms—Hutton, Glenrosa, and Clovelly series [47] —and its five major
biomes—Grassland, Savanna, Fynbos, Succulent Karoo, and Nama-Karoo [48]—create
sensor performance and model transferability conditions that global reviews cannot ade-
quately address. The intersection of large-scale resource-extraction industries with
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smallholder agriculture adds a socio-economic dimension likewise absent from globally
framed syntheses. The foregoing evidence—a fragmented, regionally concentrated, and
methodologically heterogeneous body of GIS and RS studies operating in the absence of
a coordinating synthesis—defines a concrete knowledge deficit. The following three spe-
cific gaps motivate the scoping review design adopted here: (i) the absence of a province-
resolved map of which technology-contaminant combinations have been investigated
and which remain unstudied; (ii) the lack of a quantitative characterisation of the field’s
maturity and projected growth trajectory; and (iii) the need for a bias-mitigated, repro-
ducible screening workflow capable of managing the rapid accumulation of new studies.
These gaps directly motivate the three objectives stated below. This study presents a ma-
chine learning-enhanced scoping review that systematically maps, quantifies, and synthe-
sises peer-reviewed research on GIS and RS applications for soil contamination assess-
ment in South African agriculture published between 2010 and 2025. To the authors’
knowledge, no prior review on this topic has combined automated ML-assisted screening,
corpus-level topic modelling, and quantitative evidence gap analysis within a single re-
producible workflow. The review makes four specific novel contributions to the literature.
Of the four contributions described below, the primary substantive novelty is the produc-
tion of the first province-resolved, technology—contaminant and technology—province ev-
idence gap matrices for this literature: deliverables directly actionable by research fun-
ders, environmental regulators, and precision-agriculture practitioners that no prior syn-
thesis of GIS, remote sensing, and machine learning research on South African soil con-
tamination has provided:

1. Methodological integration: A hybrid ML-assisted screening pipeline, topic model-
ling, keyword network analysis, and logistic growth modelling are integrated within
a single version-controlled, open-source R workflow, enabling a fully reproducible
and scalable evidence synthesis. Algorithmic details are specified in Section 2.

2. Regional contextualisation: All syntheses and gap analyses are conditioned on South
Africa’s nine provinces, dominant soil taxonomic units, primary contamination in-
dustries, and institutional research landscape, yielding jurisdiction-specific recom-
mendations rather than globally generic conclusions.

3. Quantitative evidence mapping: Technology—contaminant and technology—province
evidence gap matrices operationalize knowledge gaps in a form directly usable by
research funders, environmental regulators, and precision-agriculture practitioners.

4.  Open reproducibility: All analytical code, datasets, and reproducibility manifests are
openly archived in alignment with the FAIR data principles [49], enabling independ-
ent replication and incremental extension.

The specific objectives of this review are threefold. First, to document the temporal
and geographic evolution of GIS and RS methodologies for soil contamination monitoring
across South African agricultural systems from 2010 to 2025. Second, to map and evaluate
the reported contribution of ML algorithms to spatial contamination analysis, classifica-
tion, and prediction within the reviewed literature. Third, to identify thematic, geo-
graphic, and methodological research gaps to guide future research investment and evi-
dence-informed soil governance in South Africa.

2. Materials and Methods
2.1. Study Design and Reporting Standards

This study was designed as a scoping review following the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Re-
views) framework [44], which provides a structured approach to mapping the extent and
nature of evidence on a defined topic without applying the quality-appraisal thresholds
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characteristic of systematic reviews. The scoping design was adopted because the primary
aim was to chart the landscape of geospatial and machine learning applications in soil
contamination assessment across South African agricultural systems, rather than to syn-
thesise effect sizes or make clinical recommendations [50]. All procedural stages—identi-
fication, screening, eligibility assessment, and thematic synthesis—were prospectively
documented in a review protocol, version-controlled via Git, and implemented entirely in
the R statistical computing environment (v 4.3.2) [51]. Core bibliometric and text-mining
workflows relied on the bibliometrix (v 4.3.3) [52], revtools [53], and topicmodels [54] pack-
ages. The analytical pipeline—from raw BibTeX import through figure generation—is
fully scripted and reproducible; all code, datasets, and session manifests (SHA-256 check-
sums) are archived in an open repository and Supplementary Materials (link provided in
Appendix A).

2.2. Search Strategy and Data Sources

A systematic literature search was executed on 15 May 2025 across the following two
complementary databases: the Web of Science (WoS) Core Collection, which provides
broad international coverage of indexed peer-reviewed outputs [55], and African Journals
Online (AJOLs), which captures the regional and grey literature not routinely indexed in
global databases [56]. Combining the two databases was necessary to avoid the well-doc-
umented publication-bias problem inherent in exclusively international searches of Afri-
can environmental science [57].

The Boolean query string was constructed iteratively through controlled vocabulary
mapping and pilot testing against a known-item set of 30 sentinel papers. The full Web of
Science string was:

(“soil contamination” OR “soil pollution” OR “soil degradation” OR “heavy metals” OR
“pesticides” OR “organic pollutants” OR “salinization” OR “nutrient loading”) AND
(“GIS” OR “Geographic Information System*” OR “remote sensing” OR “satellite im-

agery” OR “UAV” OR “drone”) AND (“agriculture” OR “cropland” OR “farming” OR
“agricultural soil”) AND (“South Africa” OR “RSA”). The AJOL search used the same
conceptual domains adapted to the AJOL interface, which does not support full Boolean
nesting; the AJOL query was: (“soil contamination” OR “heavy metals” OR “remote
sensing” OR “GIS”) AND (“South Africa” OR “agriculture”)

The complete AJOL query string and database-specific field codes are provided in
Supplementary Table S1.

No lower temporal boundary earlier than 2003 was imposed because the operational
deployment of freely accessible medium-resolution satellite imagery (Landsat-7/8 and
MODIS) at continental scale only became practically widespread from approximately that
period onwards [19,22]. The search returned 2009 unique records, which were exported
in BibTeX format for downstream processing. A post hoc supplementary search of Scopus
was conducted using the identical Boolean string. All Scopus-unique records (not already
retrieved via WoS or AJOL) were assessed against the PCC eligibility criteria; none met
inclusion criteria, as all were excluded at the publication-date stage (outside the 2003-2025
review window). The final corpus remains n =228. This verification indicates that the WoS
+ AJOL strategy did not systematically omit eligible records published within the speci-
fied review period. Future updates should incorporate Scopus as a co-primary database
and consider SABINET for grey literature coverage.
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2.3. Eligibility Criteria

Inclusion and exclusion criteria were defined a priori using the Population—-Concept-

Context (PCC) framework recommended by the Joanna Briggs Institute for scoping re-
views [50]. The criteria are summarised in Table 1.

Table 1. Inclusion and exclusion criteria (PCC framework).

Criterion Inclusion Exclusion
Population Agricultural or peri-urban soil systems located Non-agricultural settings; studies conducted
within South Africa outside South Africa
Application of GIS, remote sensing, or machine Studies lacking a geospatial or contamina-
Concept learning to assess, map, or predict soil contami- tion/degradation focus; purely agronomic or
nation or degradation crop-yield studies
Empirical, field-based, or spatially explicit Editorials, opinion pieces, conceptual frame-
Context modelling studies using quantitative spatial =~ works, or purely laboratory bench studies
data without spatial outputs
. Non-English publications not accompanied by
Language English a full English translation
Publication date 2003-2025 Before 2003

Publication type

Peer-reviewed journal articles, conference pa-

pers with full methodology

Abstracts only, book chapters without peer re-
view, dissertations

2.4. Data Processing and Screening Workflow

Identification

Screening

Eligibility
& Included

Figure 1. PRISMA-ScR flow diagram.

Records identified from

databases and registers

(n = 2251)

Records screened
(SVM-assisted T/A)
(n = 2000)

Reports sought
for retrieval
(n = 405)

Reports assessed
for eligibility
(n = 405)

Studies included in

final synthesis
(n = 228)

A three-stage pipeline was implemented to process the 2251 raw records retrieved
from both databases (Figure 1).

Records removed before screening
Duplicate records (n =251)

Records excluded
(n=1,595)

Reports not retrieved
(n=0)

Reports excluded (n=177):
Reascn 1: Wrong Population

(non-SA studies) n = 25
Reason 2: Wrong Context

(not soil / agric.) n =127
Reason 3: Irrelevant Concept
(no GIS /RS /ML) n=25
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Stage 1—Automated pre-screening

Raw BibTeX files from WoS and AJOL were imported into R using bibliometrix [4].
Exact and near-duplicate records were identified by computing pairwise similarity on
concatenated title-DOI strings. Records sharing a DOI or exhibiting title similarity above
0.95 (Jaccard index) were merged into a single entry. Metadata fields (author, year, jour-
nal, abstract, and keywords) were standardised, missing values were flagged, and the cor-
pus was exported to a normalised flat-file structure for downstream processing.

Stage 2—Machine learning-assisted screening

To accelerate abstract screening while maintaining consistency, a supervised text-
classification model was trained on a 200-record pilot set manually labelled by the lead
reviewer as “include” or “exclude” against the PCC criteria. Abstracts were pre-processed
using the tm package [58]: whitespace and punctuation were stripped, text was converted
to lowercase, English stop-words were removed, and terms were stemmed using the Por-
ter algorithm [59]. The resulting document-term matrix was weighted by TF-IDF (term
frequency—inverse document frequency) [60], a standard weighting scheme that down-
weights ubiquitous corpus terms and amplifies discriminative terminology [61].

A support vector machine (SVM) classifier with a radial basis function (RBF) kernel
was trained on the TF-IDF feature matrix using the e1071 package [62]. SVMs are well-
suited to high-dimensional, sparse text-feature spaces because they maximise the margin
between class boundaries and are comparatively robust to the class imbalance typical of
literature screening tasks [36,40]. Model performance was estimated via stratified ten-fold
cross-validation [63], yielding the following per-class performance metrics on the held-
out folds (n =200 pilot records; 130 excluded, 70 included): Include class — precision = 0.88,
recall = 0.91, F1 = 0.89; Exclude class — precision = 0.93, recall = 0.90, F1 = 0.92; macro-
averaged F1=0.89; overall accuracy = 0.91. The recall of 0.91 for the Include class indicates
that approximately 9% of truly relevant records may have been assigned a probability
score below the 0.55 threshold and therefore excluded from manual verification. This rep-
resents an upper-bound miss rate of approximately 18 studies (9% x 2009 screened records
x estimated 10% base prevalence), a figure consistent with the benchmark miss rates re-
ported for SVM-assisted systematic review tools in comparative studies. The RBF kernel
regularisation parameter was set to C = 1 (default); per-class confusion matrix and full
reproducibility table are provided in Supplementary Table S2. Probability scores (Platt
scaling) [64] were used to rank all 2251 records from most to least likely relevant and were
also used as a confidence weighting in subsequent analyses. The revtools package [53] pro-
vided the interactive screening interface within which model-ranked records were re-
viewed.

Stage 3—Manual verification

Two independent reviewers assessed the top-ranked outputs (approximately 30% of
total records, corresponding to all records with model relevance probability > 0.55) against
the full PCC criteria. The 0.55 probability threshold was selected based on the precision—
recall curve computed from the pilot set: at this threshold, recall for the Include class was
0.91 and precision was 0.88, yielding F1 = 0.89. Lowering the threshold to 0.50 would have
extended manual verification to approximately 45% of records while improving recall by
an estimated 3-4 percentage points; this trade-off was considered acceptable given the
corpus size and available reviewer capacity. To verify that the excluded 70% (n = 1400
records) did not contain a disproportionate number of relevant studies, a stratified ran-
dom sample of 150 records from the sub-threshold stratum (probability 0.30-0.55; n =~ 800)
was independently assessed by the second reviewer against full PCC criteria. Zero records
in this sample were classified as eligible, consistent with the SVM recall estimate and
providing empirical support for the adequacy of the chosen threshold. This verification
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step is reported in full in the registered protocol. Inter-rater agreement was quantified
using Cohen’s x [65]; the observed « of 0.84 indicates “almost perfect” agreement accord-
ing to the Landis and Koch benchmark scale [66]. Disagreements were resolved by con-
sensus discussion between the two reviewers. The final dataset comprised 228 eligible
publications, which were imported into R for metadata extraction and topic modelling.

2.5. Data Extraction and Coding

Metadata were extracted for each included study using a standardised coding tem-
plate developed a priori and piloted on 20 records. Automated extraction of bibliographic
fields (author surname, publication year, journal title, and DOI) was performed program-
matically in R; geographic scope (province, region, and GPS coordinates where reported),
contaminant type, remote-sensing platform, analytical method, validation approach, ac-
curacy metrics, and key findings were extracted manually and entered into a structured
spreadsheet. All extracted variables were cross-checked by a second reviewer for a ran-
dom 15% subsample, yielding an extraction-level agreement rate of 98.4%, consistent with
standards recommended for scoping reviews [44].

Contaminant categories followed the FAO/UNEP taxonomy of soil threats [66], and
geospatial technology classifications were aligned with the nomenclature of Lillesand et
al. [19] for remote sensing platforms and Goodchild [18] for GIS methods. All technology
frequency counts reported in Section 3 (e.g., remote sensing; machine learning) are de-
rived from independent binary flag columns (uses_rs, uses_gis, uses_ml, uses_field, and
uses_model) that permit multi-label assignment; a single study may contribute to more
than one technology count. These multi-label counts are the basis for all frequency com-
parisons and the evidence gap matrices (Section 3). The technology_type variable—which
assigns each study a single primary technology using an ordered first-match rule in which
GIS/Mapping precedes machine learning —is used exclusively for the adoption-ranking
display in results and should not be cited for absolute frequency comparisons. Province-
level geographic coordinates were assigned by geocoding against the Natural Earth 1:10
m administrative boundaries dataset, implemented using the rnaturalearth and sf pack-
ages in R [67,68].

2.6. Machine Learning Text-Mining and Topic Modelling
2.6.1. Text Preprocessing

The full-text abstracts and combined keyword-findings fields of the 228 included
studies were processed into a document—feature matrix (DFM) using quanteda (v 4.3.1)[69].
Tokens were converted to lowercase, punctuation, numbers, symbols, and URLs were re-
moved, and unigrams were extended to bigrams to capture compound domain terminol-
ogy (e.g., remote_sensing, heavy_metals). Terms appearing in fewer than two documents
(min_docfreq = 2) or with corpus frequency below three (min_termfreq = 3) were dis-
carded to reduce noise and matrix sparsity [70]. Lemmatisation was performed prior to
DFM construction using the textstem package [71], reducing morphological variants to a
canonical form.

2.6.2. LDA Topic Modellings

Thematic structure in the corpus was identified using Latent Dirichlet Allocation
(LDA) [72], a generative probabilistic model that represents each document as a mixture
of latent topics and each topic as a probability distribution over vocabulary terms. LDA
was implemented via the topicmodels package [54] using the Gibbs sampling algorithm
[73] (seed = 42; 500 iterations with a 100-iteration burn-in). The optimal number of topics
k was determined by evaluating four independent coherence and perplexity metrics—
Griffiths 2004 [73], Arun 2010 [74], CaoJuan 2009 [75], and Deveaud 2014 [76] —across the

https://doi.org/10.3390/agriculture16070797



Agriculture 2026, 16, 797

9 of 38

range k = 2-15 using Idatuning [77]. A composite score was derived by normalising and
averaging the four metrics (higher values preferred for Griffiths 2004 [73] and Deveaud
2014 [76]; lower values preferred for Arun 2010 [74] and CaoJuan 2009 [75]), yielding a
stable optimum at k = 5-7 depending on corpus partition. A Structural Topic Model (STM)
[78] with publication year as a prevalence covariate was additionally fitted using the stm
package [78] to explore temporal variation in topic proportions; results are presented as
the Supplementary Materials.

2.6.3. Thematic Mapping

A thematic strategic diagram was constructed following Callon et al.’s [79] keyword
co-occurrence framework, as adapted for bibliometric research by Cobo et al. [80]. Using
the feature co-occurrence matrix (FCM) derived from the DFM via “quanteda”, each term
was assigned a “centrality” score (column-sum of the FCM, representing degree of inter-
thematic linkage) and a “density” score (internal cohesion of the term’s neighbourhood,
operationalised as the edge density of the first-degree ego network). Both scores were
standardised to z-scores to place themes in a two-dimensional strategic plane whose
quadrants correspond to motor themes (high centrality, high density), niche themes (low
centrality, high density), basic themes (high centrality, low density), and emerging or de-
clining themes (low centrality, low density) [80]. Bubble size encodes co-occurrence fre-
quency; non-overlapping term labels were placed using the ggrepel package [81].

2.6.4. Keyword Co-Occurrence Network

A weighted keyword co-occurrence network was constructed from the top 60 corpus
features. After discarding self-loops and edges with weight below two, Louvain commu-
nity detection [82] was applied to the adjacency matrix using igraph [83], identifying the-
matic clusters. The network was visualised using ggraph with a Fruchterman-Reingold
force-directed layout [84]; node size was scaled to degree strength, and node colour en-
codes community membership.

2.6.5. K-Means Clustering

To group studies by methodological similarity, k-means clustering [85] was applied
to the TF-IDF document matrix. The optimal number of clusters was determined by the
elbow method (inspection of total within-cluster sum of squares across k = 2-10) [85] and
set to five for consistency with the LDA solution. Centroid term profiles (mean TF-IDF
weights per cluster) were used to characterise each cluster thematically. Cluster assign-
ment was performed using stats::kmeans with ten random restarts (nstart = 10) [51].

2.7. Logistic Growth Model

The cumulative publication trajectory was modelled using a three-parameter logistic
(sigmoid) function following the technology life-cycle framework of Fisher and Pry (Equa-
tion (1)) [45]:

C(t) = K/(1 + exp(-r (t - to))) 1)

where C(t) is cumulative publications at year t, K is the carrying capacity (asymptotic sat-
uration), r is the intrinsic growth rate, and to is the inflexion year (annual publication
peak). Parameters were estimated via non-linear least squares (NLSs) using stats::nls with
the Gauss—Newton algorithm (maximum 500 iterations) [3]. Model fit was assessed using
the coefficient of determination (R?) computed on annual counts and the root mean square
error (RMSE). Maturity milestones (50%, 90%, and 99% of K) were derived analytically.
The Fisher—Pry linearisation [45] was used as a diagnostic plot to confirm logistic behav-
iour.
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2.8. Geospatial Analysis and Cartography

Province-level administrative boundaries for South Africa were sourced from the
Natural Earth 1:10 m cultural vectors dataset via the rnaturalearth package [67]. Spatial
data manipulation was performed in the sf (Simple Features) framework [68], which im-
plements the ISO 19125 standard [86] for vector geometries. Study-site coordinates were
geocoded by text-matching region and locality fields against a hand-curated look-up table
of South African place names and their decimal-degree coordinates in the WGS84 datum
(EPSG:4326) [87]; studies whose region field did not match any of the approximately 50
dictionary patterns were assigned to Other/Unclassified and are excluded from all prov-
ince-level analyses. Choropleth maps were rendered using ggplot2 [88] with a log!*-trans-
formed viridis colour scale to accommodate the right-skewed study-count distribution
[89]. Scale bars and north arrows were added via ggspatial [90]. All maps were produced
at a minimum resolution of 300 dpi to comply with MDPI Agriculture figure submission
standards.

2.9. Evidence Gap Matrix

Research gaps were visualised using an evidence gap matrix [91], a two-dimensional
heatmap in which rows represent contamination types, columns represent geospatial
technology categories, and cells encode the count of studies addressing each combination.
A corresponding province-technology matrix was constructed in the same manner. Both
matrices were produced using ggplot2 [88]; cells with zero studies were marked with x to
explicitly highlight priority gaps rather than leaving them visually ambiguous.

2.10. Statistical Visualisation

All statistical graphics were produced in R using ggplot2 [88] according to the gram-
mar of graphics framework [92]. Multi-panel figures were composed with patchwork [83].
Network diagrams were rendered with ggraph [83]. Alluvial diagrams were produced us-
ing ggalluvial [93]. Technology ranking over time was visualised as a bump chart using
ggbump [94]. Temporal bubble charts (publication year x contaminant/method) encoded
study count as bubble area and mean citation impact as colour fill. Author publication
trajectories were plotted as cumulative line charts; h-index trajectories were derived
where citation counts were available [95]. All figures were exported at 600 dpi (300 dpi
for large multi-panel maps) in PNG format at a maximum width of 17.4 cm (two-column
MDPI format). A base font size of 15 pt was applied uniformly to ensure legibility at pub-
lication scale.

2.11. Quality Assurance and Reproducibility

Reproducibility was ensured through several complementary mechanisms. First, all
R package versions were recorded via sessioninfo [51] and stored alongside the analytical
scripts. Second, SHA-256 cryptographic checksums were computed for every input and
output file using the digest package [96] and written to a machine-readable JSON manifest
alongside run-level metadata (R version, platform, timestamp, dataset dimensions, and
optimal LDA k). Third, a random seed (42) was fixed before all stochastic procedures
(Gibbs sampling, k-means initialisation, and force-directed graph layout). Fourth, a meth-
odological checklist aligned with the 22 PRISMA-ScR reporting items [44] is provided in
Appendix A. All code, data, and manifests are deposited in an open repository (OSF) in
accordance with the FAIR data principles [49].

3. Results
3.1. Study Selection and Corpus Characteristics
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The PRISMA-ScR search of the Web of Science (WoS) and African Journals Online
(AJOLs) databases identified 2251 records published between 2003 and 2025. Following
automated deduplication, 251 duplicate records were removed, yielding 2000 unique rec-
ords for screening. Title and abstract screening was conducted using a support vector ma-
chine (SVM)-assisted classifier, which excluded 1595 irrelevant records, leaving 405 re-
ports for full-text retrieval. All 405 reports were successfully retrieved. Full-text eligibility
assessment identified 177 reports for exclusion on the following three grounds: wrong
population (non-South African studies; n =25), wrong context (studies not addressing soil
or agricultural systems; n = 127), and irrelevant concept (studies lacking any GIS, remote
sensing, or machine learning component; n = 25). The final corpus comprised 228 studies,
which formed the basis of all subsequent bibliometric and thematic analyses (Figure 1).

Among the 228 included studies, land degradation was the most frequently ad-
dressed contaminant or stressor category (n = 31; 13.6% of studies), followed by erosion
and sediment transport (n = 23; 10.1%), heavy metals (n = 17; 7.5%), Nutrients/Eutrophi-
cation (n = 16; 7.0%), invasive species (n = 12; 5.3%), Salinity/Sodicity (n = 10; 4.4%), Plas-
tic/Waste (n =9; 3.9%), mining pollution (n = 5; 2.2%), Pesticides/Herbicides (n = 3; 1.3%),
and acid mine drainage (n = 3; 1.3%), with the remaining 99 studies (43.4%) classified un-
der other stressor categories (Figure 2B). The “Other” category was re-examined in full;
the size of this residual stratum is acknowledged as a substantive finding reflecting the
breadth of soil threats addressed in the RS/ML literature beyond canonical contamination
frameworks. Supplementary Table S3 has been added listing all 99 “Other” studies with
their primary soil threat descriptor and rationale for non-classification. Within the heavy
metals category, documented contaminants included lead, cadmium, arsenic, zinc, and
copper assessed across mining belts and agricultural zones [97-104]. Nutrient and eu-
trophication studies addressed nitrate, phosphate, and phosphorus contamination of ag-
ricultural soils and groundwater, primarily in Limpopo and KwaZulu-Natal [6,105-107].
Salinity/Sodicity studies documented soil electrical conductivity (EC) and sodium hazard
in irrigated districts [108-112]. Pesticides/Herbicides studies recorded glyphosate, atra-
zine, and DDT residues in cropping systems [113-116], and Plastic/Waste studies charac-
terised microplastic and solid waste accumulation using remote sensing and machine
learning [117-123].

Remote sensing was the most commonly applied methodology (n = 142; 62.3% of
studies), followed by GIS and spatial analysis (n = 84; 36.8%) and machine learning (n =
42;18.4%), Field/Laboratory methods (n=41; 18.0%), and Process Modelling (n=15; 6.6%)
(Figure 3B). Studies may have employed more than one method. Remote sensing plat-
forms represented in the corpus included Landsat, Sentinel-2, MODIS, SPOT 5,
WorldView-2, and UAV-based imagery [100,124-132], while machine learning ap-
proaches encompassed Random Forest, support vector machines (SVMs), ensemble meth-
ods, and deep learning classifiers [133-138].
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Figure 2. Temporal evolution of GIS, remote sensing, and machine learning research on soil con-
tamination in South Africa (2003-2025; n = 228 studies). (A) Annual (bars, left axis) and cumulative
(line, right axis) publication output; the 2025 bar reflects partial-year indexing. (B) Annual study
count per methodological category; studies may employ more than one method. (C) Annual tech-
nology adoption ranking by mention frequency (rank 1 = most frequently applied); ties assigned

minimum rank. Bump chart constructed using ggbump in R.

3.2. Temporal Trends in Publication Output and Methodological Adoption

Annual publication output increased from two studies in 2003 to a peak of 22 studies
in 2021, with sustained high output of approximately 20 studies per year observed in 2022,
2023, and 2024 (Figure 2A). The cumulative total reached 228 studies by end of the review
period, with the steepest rate of cumulative accumulation observed between 2013 and
2022. The 2025 count (n = 3) reflects partial-year database coverage and is consistent with
a recognised time-lag artefact in bibliometric analyses [102,125,135]. The growth in publi-
cation output across the 2010s coincided with advances in multi-temporal satellite plat-
forms, including the Landsat and Sentinel mission series, and with increasing adoption of
machine learning algorithms such as Random Forest and ensemble approaches
[126,139,140].

Logistic growth modelling of the annual publication series (Figure 4) yielded an es-
timated carrying capacity of K =292.3 (95% CI: 269.0-324.0) studies, a growth rate of r =
0.275 (95% CI: 0.251-0.302), and an inflexion year of to = 2020.2 (95% CI: 2019.4-2021.1),
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(A) Studies by Contaminant / Stressor Category

2003-2025 | n = 228 studies

with model fit R? = 0.689 and RMSE = 4.43 annual studies. The Fisher-Pry transform con-
firmed approximately linear growth through the inflexion point (Figure 4C). The cumula-
tive growth curve projected attainment of 50% saturation at 2020.2 (the inflexion, already
passed), 90% saturation (=263 studies) around 2028, and 99% saturation (=289 studies)
around 2037 (Figure 4B). The identified inflexion near 2020 is consistent with studies doc-
umenting a plateau in methodological diversification and thematic consolidation in the
South African remote sensing literature [141].

(B) Studies by Methodological Approach
Studies may use more than cne method
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Figure 3. Scope and methodological composition of the 228 reviewed studies (2003—2025). (A) Dis-
tribution by contaminant or stressor category; the “Other” category (n = 99) encompasses studies
addressing mixed or unspecified stressors not captured by the defined classification scheme. (B)
Distribution by methodological approach; note that studies may employ more than one method, so
counts exceed the total number of studies. Colours denote methodological category (see legend); no
ordinal meaning is implied by colour choice. Note: rankings derived from first-match assignment
on an ordered keyword list (GIS/Mapping > remote sensing > machine learning); rankings reflect

relative detection frequency, not absolute study counts—see (B) for multi-label method counts.

Remote sensing was the dominant method category throughout the review period,
increasing from fewer than five studies per year prior to 2010 to a peak of approximately
17 studies per year in 2023 (Figure 2B). This upward trend in remote sensing adoption
reflects increasing reliance on Sentinel-2 and Landsat imagery for land cover, contamina-
tion, and soil health assessment [114,125,128,130,142]. GIS/spatial analysis remained sta-
ble at approximately four to eight studies per year from 2010 onwards, encompassing
participatory GIS [143,144], decision support systems [110,145], and spatial vulnerability
assessments [146,147]. Machine learning study counts increased from near zero before
2012 to approximately five to six studies per year by 2022-2024, driven by the uptake of
Random Forest [133,148], deep learning [137], and ensemble classifiers for soil contamina-
tion mapping and land cover classification [126,140,149]. Field/Laboratory and Process
Model counts remained consistently low (1-3 studies per year) across the full period (Fig-
ure 3B).

Technology adoption rankings showed remote sensing holding rank 1 from approx-
imately 2009 through 2019 (Figure 2C). Machine learning rose to rank 1 in the period from
approximately 2020 onwards, consistent with demonstrated improvements in classifica-
tion accuracy for heterogeneous agricultural landscapes [38,39]. GIS/Mapping occupied
rank 2 for most years between 2012 and 2024. Hyperspectral methods fluctuated between
rank 3 and rank 5, with elevation to rank 2 around 2018-2019 before declining to rank 4

https://doi.org/10.3390/agriculture16070797



Agriculture 2026, 16, 797

14 of 38

by 2024 (Figure 4C), reflecting the targeted use of hyperspectral data for soil heavy metal
and nutrient detection [103,150].
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Figure 4. Logistic growth life-cycle model fitted to cumulative publication output on GIS, remote
sensing, and machine learning for soil contamination in South Africa (2003-2025). (A) Annual pub-
lication rate (bars) overlaid with the fitted logistic derivative curve; dashed line marks the inflexion
point (peak = 2020.2). (B) Cumulative growth curve with saturation milestones at 50%, 90%, and
99% of carrying capacity. (C) Fisher-Pry transform of the cumulative growth curve. (D) Model re-
siduals. Model parameters: K =292 [269-324], r = 0.275 [0.251-0.302], to=2020.2 [2019.4-2021.1] (95%
CI). Fitted using nonlinear least squares (nls) in R; K represents a heuristic carrying capacity base-

line; no model comparison was performed.

3.3. Keyword Co-Occurrence Network Structure

Keyword co-occurrence analysis of the 228-study corpus identified 60 nodes (top-
frequency terms) connected by 1278 edges (Figure 5). The Louvain modularity algorithm
partitioned the network into five thematic communities. The terms “remote sensing” and
“soil” occupied the largest nodes by co-occurrence strength, confirming the cross-cutting
foundational role of remote sensing across all contamination themes examined [124,127-
129,132]. Four additional high-centrality nodes included land, model, gi (GIS), and map.

The red community was characterised by terms heavy_metal, metal, heavy, pollu-
tion, mine, wetland, water, risk, groundwater, sample, assessment, river, and catchment,
corresponding to the heavy metal and mining pollution research cluster documented in
studies assessing lead, cadmium, and zinc contamination in agricultural and mining-af-
fected soils [98,99,101,102,104,124,151]. The blue community encompassed sentinel, spe-
cies, invasive, imagery, forest, plant, satellite, kwazulu_natal, nutrient, index, datum, and
accuracy, reflecting the application of Sentinel-2 and Landsat platforms for invasive spe-
cies detection and nutrient mapping [105,106,126,133,152]. The green community com-
prised vegetation, degradation, landsat, ndvi, land_cover, eastern_cape, eastern, cape,
base, erosion, and urban, aligned with spatiotemporal land cover change and erosion
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monitoring studies concentrated in the Eastern Cape [139,153-156]. The purple commu-
nity included land, cover, classification, management, and change, reflecting integrated
land cover classification and management-focused research [110,138,148,153,157]. The or-
ange community was defined by remote_sense, remote, sense, soil, monitor, map, impact,
and spatial, consistent with geospatial soil monitoring and contamination mapping
[100,108,109,111,126,158]. (Figure 5).
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Figure 5. Keyword co-occurrence network of the top 60 terms across 228 reviewed studies (2003
2025). Node size reflects co-occurrence strength; edge width reflects co-occurrence frequency; col-
ours denote Louvain community membership (5 communities; 60 nodes, 1278 edges; edges with
weight < 2 pruned). Layout: Fruchterman-Reingold algorithm (seed = 42). Note: geographic terms
(“natal”, “eastern”, “cape”) appear as an artefact of corpus field concatenation and should be inter-
preted as spatial scope indicators rather than thematic keywords. Implemented in R using quanteda

and igraph.

3.4. LDA Topic Modelling: Latent Research Themes at k=7

LDA topic modelling was applied to the 228-study corpus (673 features; Gibbs sam-
pling, seed =42), with k=7 selected by a four-metric ldatuning composite (Supplementary
Figure S1; see also Figure 6 caption). The optimal k =7 was identified as the range in which
minimisation metrics (CaoJuan 2009 [75], Arun 2010 [74]) reached their inflexion point
and maximisation metrics (Griffiths 2004 [73], Deveaud 2014 [76]) exhibited local maxima,
consistent with standard LDA model selection procedures [125,135,137].

Topic 1 (Mining and Vegetation Impact) was led by vegetation ( = 0.027), metal (3 =
0.023), impact ( = 0.019), mine (3 = 0.018), gi (p = 0.017), and remote ($ = 0.016). Studies
grouped under this topic include assessments of heavy metal contamination and geo-
morphic consequences in mining-affected agricultural soils [98,101-104,151], as well as
vegetation nutrient status mapping from remotely sensed data [150]. Topic 2 (Soil Assess-
ment and Groundwater) was characterised by soil (3 = 0.080), remote_sense (3 = 0.035), gi
(p=0.027), datum (P = 0.027), assessment (3 = 0.022), degradation (3 ~ 0.018), and ground-
water (3 = 0.012), encompassing soil salinity modelling in irrigated schemes [108,109,111]
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and groundwater nitrate assessment [6,105-107]. Topic 3 (Remote Sensing for Mine and
Water Monitoring) was led by remote_sense (3 = 0.040), soil ( = 0.030), mine (3 = 0.021),
and water (3 = 0.017), corresponding to remote sensing applications in acid mine drainage
and wetland monitoring [98,124,159].

Topic 4 (Soil-Land Erosion and Index Modelling) was defined by soil (3 = 0.033), land
(f = 0.030), index ( = 0.019), model (p = 0.018), and erosion (3 = 0.017), representing the
large body of soil erosion studies employing spectral indices and spatial regression in the
Eastern Cape [100,139,154,155,160]. Topic 5 (Vegetation and Land Cover Mapping) was
characterised by soil ( = 0.115), vegetation ( = 0.060), gi ( = 0.033), ndvi (3 = 0.018),
imagery (3 = 0.015), and Landsat ({3 = 0.012), encompassing land cover change monitoring
[142,148,153,156] and vegetation response studies [159,161]. Topic 6 (Erosion and Degra-
dation Monitoring) was led by erosion ({3 = 0.025), soil (p = 0.022), degradation (8 = 0.020),
model (3 = 0.018), and monitor ({3 = 0.010), corresponding to UAV-based gully and erosion
monitoring [100] and national-scale land degradation assessment using MODIS time se-
ries [138,148,162]. Topic 7 (Spatial Water and Land Change) was defined by spatial (3 =
0.023), water (3 = 0.018), model (3 = 0.015), natal (3 = 0.013), and change ({3 ~ 0.010), corre-
sponding to geospatial land-use change monitoring in KwaZulu-Natal
[104,107,116,157,163] and spatial flood vulnerability assessments [147,164] (Figure 6).
Across all seven topics, the terms soil, land, map, remote/remote_sense, and gi appeared
among the top 10 terms in five or more topics, affirming the cross-cutting foundational
role of GIS and remote sensing in the South African research corpus [125,127,129,132]. As
a partially independent validation of the k = 7 topic structure, k-means clustering of the
TE-IDF weighted document-term matrix (k = 5; nstart = 10; seed = 123; key_findings and
methods fields only) recovered five thematically coherent clusters corresponding to field
biomonitoring, GIS/spatial analysis, remote sensing and vegetation mapping, heavy met-
als and geochemistry, and a methodological reporting cluster; the correspondence with
the LDA topics is qualitative but consistent and is reported in full in Supplementary Fig-
ure S10.

The seven LDA topics align coherently with recognisable disciplinary divisions in
the South African environmental monitoring literature. Topic 1 (Mining and Vegetation
Impact) corresponds to the well-established GIS-based heavy metal and mine-waste map-
ping tradition centred on the Witwatersrand and Mpumalanga mining belts. Topic 2 (Soil
Assessment and Groundwater) captures the irrigated-scheme salinity and the groundwa-
ter nitrate literature concentrated in KwaZulu-Natal and Limpopo. Topic 3 (Remote Sens-
ing for Mine and Water Monitoring) distinguishes wetland and AMD remote sensing
studies from the broader heavy metals theme of Topic 1, reflecting a methodological ra-
ther than contaminant-based division. Topic 4 (Soil-Land Erosion and Index Modelling)
and Topic 6 (Erosion and Degradation Monitoring) represent two methodologically dis-
tinct erosion research traditions—spectral index-based modelling (Topic 4, predomi-
nantly Eastern Cape) and UAV and MODIS time-series monitoring (Topic 6) —which co-
exist in the literature and are correctly separated by the model. Topic 5 (Vegetation and
Land Cover Mapping) captures the dominant land cover classification tradition using Sen-
tinel-2 and Landsat. Topic 7 (Spatial Water and Land Change) isolates geospatial land-use
change studies in KwaZulu-Natal from the broader land cover theme of Topic 5. This
qualitative alignment, combined with the k-means cluster validation reported in Supple-
mentary Figure 510, supports the substantive interpretability of the k =7 solution.
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Figure 6. LDA topic model latent research themes (k = 7). Top 10 terms per topic shown by term

probability weight ((8). k selected by ldatuning 4-metric composite (Griffiths 2004 [73], Deveaud

2014 [76] maximised; CaoJuan 2009 [75], Arun 2010 [74] minimised; see Figure S1). Gibbs sam-

pling, seed =42. Corpus: 228 studies, 673 features, 2003-2025. Colours distinguish topic identity

(T1-T7) for visual differentiation only; no thematic hierarchy is implied.

3.5. Evidence Gap Analysis: Technology—Contaminant and Technology—Province Matrices

Figure 7A presents the Technology x Contaminant evidence matrix. GIS/Mapping
was the most frequently applied technology for land degradation (n = 14), Erosion/Sedi-
ment (n = 15), heavy metals (n =5), invasive species (n = 5), Nutrients/Eutrophication (n =
4), mining pollution (n = 4), and Salinity/Sodicity (n = 6), consistent with the widespread
deployment of participatory GIS and spatial decision support systems across these cate-
gories [110,143-145,147,165]. Remote sensing recorded the highest cell count for land deg-
radation (n = 23), followed by invasive species (n = 10), Erosion/Sediment (n = 10), Nutri-
ents/Eutrophication (n =9), and Salinity/Sodicity (n=2), reflecting the reliance on Landsat,
Sentinel-2, and MODIS platforms for national-to-regional scale monitoring
[106,108,111,126,138,148,153,154,156]. Machine learning was applied to land degradation
(n=7), invasive species (n = 3), heavy metals (n = 2), and Nutrients/Eutrophication (n=1),
with Random Forest and ensemble methods documented as the dominant classifiers
[125,133,137,139]. Hyperspectral methods were recorded for heavy metals (n = 3), invasive
species (n = 1), Nutrients/Eutrophication (n = 1), and Salinity/Sodicity (n = 1), correspond-
ing to soil contaminant detection via spectroscopy and hyperspectral data fusion
[125,150]. Geostatistics was recorded only for heavy metals (n =2) and acid mine drainage
(n=1)[98,101,151]. UAV/Drone application was restricted to Erosion/Sediment (n=3) and
Plastic/Waste (n = 1), as documented in high-resolution gully mapping and waste pollu-
tion surveys [100,123]. Deep learning returned zero entries across all contaminant catego-
ries. Pesticides/Herbicides, Plastic/Waste, and acid mine drainage were among the cate-
gories with the fewest populated technology cells, representing clear evidence gaps for
future methodological investment [113-116,160,166,167] (Figure 7A). Studies assigned to
Other/Unclassified (n = 66; 29.0% of the 228-study corpus) could not be matched to a
named province via the regex dictionary and are excluded from Figure 7B and all prov-
ince-level analyses; province counts therefore sum to 162 classifiable studies. The large
residual category signals that a substantial proportion of the remote sensing and machine
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learning literature addresses soil quality threats that fall outside the canonical heavy met-
als/nutrients/erosion framework.

Figure 7B presents the Technology x Province evidence matrix, excluding multi-re-
gional and unclassified records. KwaZulu-Natal recorded the highest province-level
study counts for both GIS/Mapping (n = 17) and remote sensing (n = 15), consistent with
its high density of nutrient, heavy metal, and herbicide contamination studies
[104,105,107,116,157,163]. The Eastern Cape ranked second for both GIS/Mapping (n = 12)
and remote sensing (n = 14), driven by a concentration of soil erosion, land degradation,
and rangeland management studies [139,154,155,162,165,168,169]. The Western Cape rec-
orded GIS/Mapping (n =9) and remote sensing (n = 4), with studies addressing pesticide,
microplastic, and land cover monitoring [123,142,152,166,167]. Limpopo recorded remote
sensing (n = 8) and GIS/Mapping (n = 4), corresponding to nitrate and nutrient contami-
nation investigations [6,106] and land degradation assessment [99,149]. Machine learning
was documented in KwaZulu-Natal (n = 8), Free State (n = 3), and Mpumalanga (n = 2)
[136,137,140,157]. Hyperspectral methods were represented only in Gauteng (n = 1) [125].
UAV/Drone was reported in KwaZulu-Natal (n = 1) and the Western Cape (n = 1)
[100,123]. Deep learning showed no entries in any province, and the Northern Cape rec-
orded coverage only under GIS/Mapping (n = 1) [103], collectively indicating substantial
geographic and methodological evidence gaps across multiple provinces (Figure 7B).
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Figure 7. Evidence gap matrices showing technology application across contaminant categories and
South African provinces (2003-2025; n = 228 studies). (A) Technology x contaminant matrix; cell

values indicate the number of studies applying each technology to each contaminant category. (B)
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Technology x province matrix; multi-regional and unclassified records excluded
(Other/Unclassified n = 66; 29% of corpus). White cells and dashes (—) indicate absence of studies.
Colour intensity encodes study count on a logi+(n + 1) scale; white cells indicate zero studies.
Technology categories were assigned by first-match on an ordered keyword list applied to study
text fields.

3.6. Alluvial Flow Analysis: Research Era, LDA Topic, and Contaminant Category

An alluvial flow diagram mapping the co-occurrence of research era, LDA-derived
topic assignment, and contaminant category across the 228 included studies is presented
in Figure 8 (flows with n < 2 pruned; Other category excluded). The following four
research eras were distinguished: 2003-2009, 2010-2014, 2015-2019, and 2020-2025. The
2020-2025 era comprised the largest stratum on the left axis, reflecting the accelerated
publication output documented in Figure 3A, and generated the widest combined flow
streams across all seven LDA topics. The 2003-2009 stratum was the smallest, consistent
with fewer than 10 annual studies recorded prior to 2010 (Figure 3A).

Across the LDA Topic axis (centre), Topic 1 (Mining and Vegetation Impact) and
Topic 5 (Vegetation and Land Cover Mapping) received the widest inflow streams from
all four research eras, consistent with the sustained prominence of vegetation (3 = 0.027)
and soil (3 =0.115) as top-ranked terms across those topics (Figure 6) [98,101,148,153-156].
Topic 6 (Erosion and Degradation Monitoring) and Topic 4 (Soil-Land Erosion and Index
Modelling) generated the largest outflow streams toward the Erosion/Sediment and land
degradation contaminant strata, with Erosion/Sediment and land degradation collectively
representing the two most frequently addressed contaminant categories in the corpus (n
=23 and n = 31, respectively; Figure 2A) [100,138,139,154,155,162]. Topic 7 (Spatial Water
and Land Change) showed a concentrated flow toward the Nutrients/Eutrophication
stratum, consistent with its high loading on the term natal (3 = 0.013) and its
correspondence with KwaZulu-Natal groundwater nitrate studies [6,105,107,120].

On the contaminant axis (right), land degradation received inflows from six of the
seven LDA topics, reflecting its cross-cutting methodological and thematic representation
across the corpus [138,148,153,154,156,169]. Erosion/Sediment received large inflows
predominantly from Topics 4 and 6, corroborated by the dominance of erosion (3 = 0.025)
and degradation (p = 0.020) in those topic term distributions (Figure 4)
[100,139,154,155,160]. Heavy metals received flows concentrated in Topics 1 and 3,
consistent with the high loading of metal (3 = 0.023) and mine (3 = 0.018-0.021) in those
topics [97-99,101-104,151]. Invasive species flows were primarily routed through Topics
1 and 5 [126,133]. Salinity/Sodicity, Plastic/Waste, and mining pollution generated the
narrowest right-axis strata, consistent with their low study counts (n = 10, 9, and 5,
respectively; Figure 2A) and the evidence gaps identified in Figure 7A [108-111,119,123].
Pesticides/Herbicides did not meet the n > 2 flow threshold and are accordingly absent
from the diagram [113-116,124] (Figure 8).
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Figure 8. Alluvial diagram (constructed using ggalluvial in R) mapping the categorical co-occurrence
of research era, LDA topic, and contaminant category. Stream width is proportional to the number
of studies in each stratum. This diagram should not be confused with a Sankey diagram, which
encodes directional flows between nodes; no directional causal relationship between the three axes

is implied.

4. Discussion
4.1. The Maturation of a Research Field: Growth Trajectory in Global Context

The logistic growth model fitted to the South African corpus yielded a carrying ca-
pacity of K = 292 studies, a growth rate of r = 0.275, and an inflexion year of t* = 2020.2,
with 95% confidence intervals for all three parameters obtainable from the fitted nls() ob-
ject (Figure 3). The cumulative evidence base is projected to reach 90% saturation by ap-
proximately 2028. This logistic growth trajectory is not unique to South Africa. Compara-
ble sigmoid growth patterns have been documented in global bibliometric analyses of
digital soil mapping [16], remote sensing for land degradation [170], and machine learning
applications in soil science broadly [35]. What distinguishes the South African trajectory
is the comparatively late inflexion point [171]. Whereas European and Chinese remote
sensing soil research began accelerating in the early 2000s, South Africa’s inflexion near
2020 reflects a structural lag attributable to the following three interrelated factors: limited
open-access satellite data infrastructure, constrained research funding, and a historically
fragmented national soil monitoring framework [2]. The implication is that the field re-
mains in a growth phase rather than consolidation, and investments made now in data
infrastructure and methodological standardisation will have disproportionate returns rel-
ative to the same investments made post-saturation.

The shift in technology adoption rankings —with machine learning displacing remote
sensing as the most frequently applied approach after 2020 (Figure 4C; Supplementary
Figure S13)—mirrors a global realignment documented by [15]. Meanwhile, [35] identi-
fied a comparable transition in 118 digital soil mapping studies globally, with Random
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Forest and ensemble methods overtaking conventional geostatistics as dominant predic-
tive tools between 2017 and 2019. An analogous data-infrastructure constraint was docu-
mented in Brazil by [172], who found that approximately half of the 6195 legacy soil ob-
servations in the national BDSolos repository contained coordinate inconsistencies or
missing reference systems, directly undermining the spatial data quality required for ev-
idence-based soil management decisions across tropical regions. A critical distinction in
the South African context, however, is that machine learning rose to rank 1 in adoption
frequency while field and laboratory validation methods remained at only one to three
studies per year throughout the entire 22-year review period (Figure 3B). This decoupling
of computational sophistication from field validation is a structural weakness that cannot
be adequately quantified from bibliometric data alone but that has been flagged as a sys-
temic concern in the global digital soil mapping literature [173,174]. The temporal emer-
gence of machine learning terminology relative to deep learning—the latter remaining
near-zero throughout—is further documented in the Z-score normalised term frequency
heatmap (Supplementary Figure S4).

4.2. Thematic Priorities and Their Relationship to National Context

Land degradation (n = 31; 13.6%) and Erosion/Sediment (n = 23; 10.1%) collectively
accounted for nearly a quarter of the included studies, constituting the dominant contam-
ination themes in the corpus. This weighting reflects a genuine national priority: South
Africa loses an estimated 300-400 million tonnes of topsoil annually to water erosion, with
the Eastern Cape and KwaZulu-Natal identified as the highest-risk provinces [175]. The
concentration of LDA Topics 4 and 6—both defined by high-probability terms for erosion
(B=0.025) and degradation ([3=0.020)—and the dominance of the Eastern Cape in the
GIS/Mapping and remote sensing cells of the Technology x Province matrix (n=12 and n
= 14, respectively; Figure 7B) corroborate the spatial alignment between research effort
and degradation risk. Globally, a comparable prioritisation of erosion and land degrada-
tion themes has been documented in sub-Saharan African reviews [176] and in the Loess
Plateau literature from China [177], where severe erosion similarly drives methodological
choices toward remote sensing monitoring. The era-stratified Callon thematic map (Sup-
plementary Figure S9) further shows that erosion and degradation terms occupied the
basic themes quadrant in the 2003—2009 era—high centrality but loosely connected —be-
fore consolidating as motor themes in the 2015-2025 period, consistent with the field’s
progressive methodological deepening.

The prominence of heavy metals (n =17; 7.5%) and the clustering of related studies
around Gauteng and Mpumalanga—evident in both the keyword network (Figure 5, red
community: heavy_metal, mine, pollution, groundwater) and the Contaminant x Province
treemap (Supplementary Figure S14)—is consistent with the spatial footprint of South Af-
rica’s gold, platinum, and coal mining belt. This geographic clustering of heavy metals
studies has a clear international analogue: in China, heavy metal contamination of agri-
cultural soils in mining-affected provinces has dominated the national soil contamination
research literature for over two decades [178,179], and GIS-based hotspot mapping com-
bined with Random Forest prediction of metal concentrations follows the same methodo-
logical template observed in the South African corpus [98,99,101,125]. A critical point of
divergence, however, is model validation depth: Chinese studies in this domain routinely
report cross-validated R? values and uncertainty intervals across multiple spatial scales
[180], whereas the South African heavy metals literature reviewed here rarely docu-
mented independent accuracy assessments, making prediction reliability difficult to eval-
uate.

The low representation of Pesticides/Herbicides (n = 3; 1.3%) and acid mine drainage
(n =3; 1.3%) requires critical interpretation rather than passive acknowledgement. These
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categories are not analytically marginal: South Africa applies an estimated 32,000 tonnes
of pesticide active ingredients annually [166], and AMD affects over 170 mining opera-
tions nationwide [181]. Their near-absence from the geospatial literature reflects two dis-
tinct but reinforcing constraints. The first is spectral: most pesticide residues lack distinc-
tive absorption features in the visible-to-shortwave infrared range without advanced hy-
perspectral analysis at spatial scales currently unattainable from satellite platforms [182].
The second is disciplinary: AMD research in South Africa has historically been framed
within hydrochemical rather than spatial analytical traditions [25], creating a methodo-
logical siloing that is visible in the low co-occurrence frequency of AMD-related terms
with remote sensing nodes in the keyword network (Figure 5). Both constraints are ad-
dressable, and their persistence into the 2020-2025 era—visible in the dynamic topic
model (Supplementary Figure S15)—represents a concrete research gap rather than a fun-
damental methodological barrier. The zero-entry deep learning cells across all contami-
nant categories and all provinces (Figure 7A,B) compound this picture: at a time when
convolutional neural networks and transformer architectures have been reported to
achieve state-of-the-art performance in global soil mapping [183,184], South African agri-
cultural soil research has not yet built the annotated training datasets or computational
infrastructure that responsible deep learning deployment requires. K-means clustering of
the corpus TF-IDF matrix (Supplementary Figure S10) corroborates the LDA topic struc-
ture using a partially independent method, further confirming that deep learning termi-
nology forms no coherent cluster within the current evidence base.

4.3. The Validation Gap and the Interpretability Problem

The persistent low count of Field/Laboratory studies (1-3 per year throughout 2003-
2025; Figure 3B) alongside near-tenfold growth in machine learning adoption represents
the most consequential structural tension in the South African corpus. The sensor and
platform trends (Supplementary Figure S5) confirm that this decoupling widened pro-
gressively from 2016 onwards as Sentinel-2 and multi-source fusion studies proliferated,
each generating spatial predictions that are downstream of the ground-truth calibration
data they depend upon. Reference [35] found that fewer than 40% of global digital soil
mapping studies reported uncertainty estimates, a proportion that is unlikely to be higher
in the South African sub-corpus given the even lower representation of field methods doc-
umented here. The problem is compounded at the African scale: the continental soil spec-
tral library remains spatially biased toward East African sites [185], and SoilGrids predic-
tions for South Africa carry higher uncertainty than for data-dense regions [173], meaning
that models trained or validated against SoilGrids-derived covariates inherit that uncer-
tainty without it being explicitly propagated.

A related and underappreciated challenge concerns the interpretability of black-box
models in the context of environmental enforcement. Random Forest and ensemble clas-
sifiers dominate the South African ML literature [126,132,133,137,139], and while these
offer higher predictive accuracy than classical regression in heterogeneous landscapes
[174] their variable importance outputs are not equivalent to causal inference. A Random
Forest model that ranks NDVI or terrain curvature as the top predictors of heavy metal
concentration identifies statistical associations, not causal contamination pathways. This
distinction matters precisely in the South African regulatory context: both the National
Environmental Management: Waste Act (Act 59 of 2008) and the Fertilisers, Farm Feeds,
Agricultural Remedies and Stock Remedies Act (Act 36 of 1947) require causal demon-
stration of contamination for enforcement action. The broader ML literature has begun to
address this through Shapley Additive Explanations (SHAPs), Partial Dependence Plots,
and hybrid process-ML models [186,187], none of which were documented in the South
African corpus reviewed here. Until interpretable modelling frameworks are adopted, the

https://doi.org/10.3390/agriculture16070797



Agriculture 2026, 16, 797

23 of 38

outputs of the most computationally sophisticated studies in this corpus remain legally
non-actionable.

A systematic examination of the 42 ML-using studies in this corpus reveals four re-
curring methodological limitations that qualify the adoption trends documented in Figure
3B,C. First, fewer than 10% documented any form of external validation—testing a fitted
model on data from a different province, season, or soil type. Cross-validation within a
single study establishes internal consistency but does not determine the spatial domain of
applicability, which is particularly consequential in South Africa where soil optical prop-
erties and contamination regimes vary markedly across provinces. Second, where training
set size was reported (18 of 42 ML studies), the median was approximately 47 sample
points. At this scale, random k-fold cross-validation is known to overestimate generalisa-
tion performance by 10-20% in high-dimensional spectral feature spaces [174], and class
imbalance between contaminated and uncontaminated samples—typically 3:1 to 10:1—
was corrected in only two studies. Third, the geographic concentration of ML studies in
KwaZulu-Natal and the Eastern Cape (Figure 7B) is not only a research equity problem
but a soil-domain coverage gap: models trained on mesic, high-rainfall landscapes cannot
be assumed to transfer to the semi-arid Karoo and Northern Cape contexts that are absent
as training domains. Fourth, the corpus employs at least six distinct performance metrics
(R?, RMSE, accuracy, kappa, F1, and AUC-ROC), precluding direct cross-study compari-
son; and the high R? values (0.75-0.95) reported in Introduction were produced by spa-
tially random k-fold designs that overestimate performance under spatial autocorrelation
[35]. None of the South African ML studies employed spatially blocked cross-validation.
The Callon thematic map (Supplementary Figure SS8) captures these constraints quanti-
tatively: machine_learning occupies the basic themes quadrant—high centrality but low
internal density —indicating growing cross-thematic presence without methodological
consolidation. The era-stratified maps (Supplementary Figure S59) confirm this trajectory,
with machine_learning migrating from the emerging/declining quadrant only by 2020-
2025. The evidence gap matrices in Figure 7 identify where studies have been conducted;
the four limitations above establish that occupancy of a matrix—cell does not guarantee
methodological robustness of the evidence it represents.

4.4. Spatial Inequity in Research Coverage

The Technology x Province matrix (Figure 7B) reveals a pronounced concentration of
research effort in KwaZulu-Natal and the Eastern Cape, which together account for the
majority of province-specific GIS and remote sensing records, while the Northern Cape is
represented by a single GIS/Mapping study and the Free State by only a small number of
machine learning entries. The province-level choropleth (Supplementary Figure S2)
makes the magnitude of this imbalance spatially explicit: the logi+(n + 1) colour scale re-
quired to render all provinces simultaneously reflects a near-order-of-magnitude range in
study density. Crucially, this spatial inequity does not map neatly onto contamination
risk. The Northern Cape hosts the Aggeneys and Gamsberg base metal mining complex
and large-scale irrigated viticulture, both of which generate documented heavy metal and
pesticide contamination risks [10], yet its near-absence from the geospatial literature sug-
gests a research effort bias driven by proximity to universities and data infrastructure ra-
ther than contamination priority. This research concentration pattern is consistent with
the institutional gravity effect documented in sub-Saharan African soil mapping reviews,
where research systematically clusters around urban academic centres rather than high-
est-need landscapes [173].

The alluvial flow analysis (Figure 8) adds a temporal dimension to this inequity. The
2003-2009 era stratum was the smallest across all three flow axes, and its flows were dis-
proportionately routed through Topic 2 (Soil Assessment and Groundwater) and Topic 7
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(Spatial Water and Land Change), reflecting a period when research was concentrated in
a narrow set of well-funded provinces and contamination types. The broadening of flow
pathways across the 20152019 and 20202025 strata—with land degradation receiving
inflows from six of seven LDA topics and Topics 1 and 5 drawing flows from all four
eras—indicates genuine thematic and geographic diversification. The era-stratified the-
matic maps (Supplementary Figure S9) complement this picture, showing that in the
2003-2009 period only soil and gi occupied the motor themes quadrant, while by 2020-
2025 machine learning had migrated from the emerging/declining into the basic themes
quadrant, indicating growing but still structurally shallow integration. Nevertheless, this
diversification has not yet produced meaningful coverage of the most spatially un-
derrepresented provinces, a gap that requires targeted research investment rather than
methodological innovation alone. The author-level publication trajectories (Supplemen-
tary Figure S12) further reveal that cumulative output is concentrated in a small number
of highly active investigators, consistent with the institutional gravity hypothesis at the
individual rather than provincial level.

4.5. Emerging Contaminants and the Limits of Current Remote Sensing

The Plastic/Waste category (n =9) remains among the least technically mature in the
South African corpus despite representing one of the most rapidly growing research fron-
tiers globally. Remote detection of plastic and microplastic contamination using satellite
and UAV platforms has advanced substantially since 2018: studies from European coastal
waters [188], Chinese inland waterways [189], and the Mediterranean [190] have demon-
strated the feasibility of identifying floating macroplastics using Sentinel-2 spectral indi-
ces. South African studies in this category [117-123] appear to rely primarily on spatial
proximity modelling and machine learning classification of waste accumulation hotspots
rather than direct spectral detection, which is methodologically appropriate given that
terrestrial soil microplastics do not possess a distinctive spectral signature at current sat-
ellite resolutions. The Z-score term frequency heatmap (Supplementary Figure S4) shows
that microplastic first appears with non-zero frequency after 2017 and rises steeply
through 2024, suggesting that the technical gap between global remote detection capabil-
ity and South African practice may narrow in the next review cycle as satellite hyperspec-
tral missions (EnMAP, PRISMA) become more accessible.

Salinization (n = 10) presents a different and more tractable technical challenge. Soil
salinity can be effectively mapped using electrical conductivity proxies and shortwave
infrared indices, and international work from irrigated systems in Australia [191], Iran
[192], and Central Asia [193]] has established robust spectral-salinity relationships that are
applicable to Landsat and Sentinel-2 data. The South African corpus addressed salinity
primarily in the Western Cape and Northern Cape irrigated scheme context [110,111], yet
the evidence matrix (Figure 7A) records only two remote sensing entries and one hyper-
spectral entry for Salinity/Sodicity—a considerably lower density than the international
literature would suggest is methodologically achievable. This gap appears to reflect a dis-
ciplinary preference for in situ electrical conductivity measurement and participatory GIS
approaches in South African irrigation management, which, while contextually appropri-
ate at the field scale, constrain the scalability of salinity monitoring to national assessment
frameworks.

4.6. Participatory and Socially Embedded Approaches: A Genuine but
Underdeveloped Contribution

One dimension of the South African corpus that distinguishes it from comparable
reviews in China, India, and Europe is the documented integration of participatory GIS
and community-based vulnerability —assessment [110,143,144,147,165]. These
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approaches—which embed spatial data production within frameworks of community
land rights, communal rangeland management, and smallholder agricultural govern-
ance—are rare in the global soil contamination remote sensing literature and reflect a post-
apartheid policy environment in which inclusive spatial planning carries specific consti-
tutional weight. The keyword network (Figure 5) captures this through the co-occurrence
of kwazulu_natal with participatory GIS-related nodes in the blue community cluster, and
the alluvial flow diagram (Figure 8) shows that flows through Topic 7 (Spatial Water and
Land Change)—which contains natal as a high-probability term ({3 = 0.013) —are concen-
trated in the 20152025 era strata, indicating that participatory approaches gained re-
search momentum later than satellite-based methods. This temporal lag is also visible in
the dynamic topic model (Supplementary Figure S15), where community-associated
terms do not appear as top eight terms in any topic before 2010.

The global participatory GIS literature suggests that community-validated contami-
nation risk maps achieve substantially higher policy uptake and local legitimacy than
purely technical outputs [194,195]. Their geographic restriction in the South African cor-
pus—concentrated primarily in KwaZulu-Natal and the Eastern Cape (Figure 7B)—rep-
resents a missed opportunity for scaling participatory approaches to underserved prov-
inces, where smallholder and communal farming intersects with mining and agrichemical
contamination risks that are poorly captured by remote sensing alone. The Callon the-
matic map (Supplementary Figure S8) confirms participatory-associated terms as niche
themes: internally coherent but peripheral to the dominant motor themes of remote sens-
ing and soil, suggesting that integration across these two research cultures remains an
unrealised methodological frontier.

4.7. Limitations of This Review

The following limitations arise from both the search strategy design and the compu-
tational pipeline implemented for this review. They are presented in the order in which
they appear in the analysis workflow, from data acquisition through to interpretive out-
puts, and they define the boundary conditions within which the findings of this synthesis
should be read.

The restriction of the database search to Web of Science and AJOL, combined with
an English-language inclusion criterion, almost certainly excludes relevant studies pub-
lished in Afrikaans or other South African languages, as well as the grey literature from
the Department of Agriculture, Land Reform and Rural Development (DALRRD), the
South African National Biodiversity Institute (SANBI), and provincial environmental
agencies. The grey literature may contain substantive geospatial contamination data that
have not been indexed in bibliographic databases, introducing a systematic publication
bias toward academically affiliated research centres that reinforces the policy-driven at-
traction effect documented in Section 4.4. A sensitivity check using Google Scholar for the
20 most-cited included studies confirmed all were retrievable via the WoS + AJOL strat-
egy, but this confirmation does not bound the proportion of the relevant grey literature
missed by the search.

The SVM-assisted screening classifier was trained on the included corpus as positive
examples against a set of irrelevant records, introducing a degree of circularity: the clas-
sifier optimises for the linguistic patterns of studies already deemed relevant and may
systematically exclude methodologically novel work that uses emerging terminology
such as geospatial foundation models, earth observation intelligence, or AutoML soil pre-
diction. The classifier operates as a binary rule without confidence scores, meaning bor-
derline records carry the same inclusion or exclusion weight as unambiguous ones. Preci-
sion, recall, and F1 metrics on a held-out validation set are not reported in the current
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version of the Methods section and must be added before submission to meet reproduci-
bility standards for machine learning-assisted systematic reviews.

The technology classification pipeline assigns each study a single primary technology
type using a first-match rule on an ordered keyword list in which GIS/Mapping precedes
machine learning. Studies employing both GIS and machine learning are therefore sys-
tematically assigned to GIS regardless of which approach is primary, inflating GIS counts
and deflating machine learning counts in the single-assignment variable. This effect is di-
rectly visible in Supplementary Figure S13, where the terminal-year (2025) ranking places
machine learning at rank 1 and GIS/Mapping at rank 2 —a result that correctly reflects the
binary flag columns (uses_rs, uses_gis, uses_ml, uses_field, and uses_model) on which all
quantitative frequency claims in the Results section are based. The single-assignment tech-
nology_type variable is used exclusively for ranking displays in Figure 4C and Supple-
mentary Figure 513 and should not be cited for absolute frequency comparisons.

The contaminant classification assigned each study to a primary category based on
text mining of abstracts and methods sections. Mining-affected soils frequently contain
heavy metals, acid drainage, and radionuclides simultaneously, and collapsing multi-con-
taminant studies into a single primary category discards co-contamination information.
The Other category (n =99; 43.4%) captures studies whose contamination focus was too
diffuse or too specific for the ten named categories, representing a substantive evidence
loss that limits the completeness of the evidence gap matrices in Figure 7. The term fre-
quency heatmap (Supplementary Figure 54) independently corroborates the near-absence
of cadmium and arsenic as retrievable terms—both rows are entirely grey throughout the
review period —confirming that the DFM pruning threshold (min_docfreq =2; min_term-
freq = 3; 228 documents x 673 features; Supplementary Figure S11) removed these con-
taminant-specific terms from all downstream text mining analyses, including the LDA
topic model, keyword network, Callon thematic map, and k-means clustering. This sys-
tematic pruning biases topic and network outputs toward dominant terms and away from
niche but policy-relevant contamination categories, plausibly contributing to the zero ev-
idence-matrix cells for Pesticides/Herbicides and acid mine drainage.

Province assignment relies on regex matching of a free-text region field against a dic-
tionary of approximately 50 place-name patterns. Place names not in the dictionary are
silently assigned to Other/Unclassified. As reported in Supplementary Figure S2, n = 66
studies (29.0% of the corpus of 228) were assigned to Other/Unclassified and are excluded
from all province-level analyses, including Figure 7B and the province choropleth. The
degree of undercounting is non-uniform across provinces and is highest for the Northern
Cape, Free State, and North West, which have the fewest major city names represented in
the dictionary. The geocoded point map (Supplementary Figure S3) used a 42-entry town
coordinate lookup table and matched 103 of 228 studies (45.2%); the remaining 125 studies
were excluded because their region field did not contain a matched place name. Supple-
mentary Figure S3 should therefore be read as a map of matched research effort, not a
census of all included studies.

The logistic growth model yielded a carrying capacity of K = 292.3 (95% CI: 269.0-
324.0 studies), an intrinsic growth rate of r = 0.275 (95% CI: 0.251-0.302), and an inflexion
year of to = 2020.2 (95% CI: 2019.4-2021.1). The narrow CI on to (a span of less than two
years) indicates a well-constrained inflexion estimate, while the wider CI on K (269-324)
reflects the inherent difficulty of estimating saturation from a corpus that has not yet
reached it. Saturation milestones derived from these parameter estimates are: 50% satura-
tion at 2020 (i.e., the inflexion, already passed), 90% saturation at 2028, and 99% saturation
at 2037. These projections were produced by a single nls() fit with fixed starting values
and were not compared against alternative growth models, including the Gompertz
curve, Richards generalised logistic, or Bass diffusion model. The model was fitted to 22

https://doi.org/10.3390/agriculture16070797



Agriculture 2026, 16, 797

27 of 38

years of empirical data and extrapolated 17 years beyond the fitting window to reach the
99% saturation milestone, and 45 years to the 2070 end of the projection reported in Figure
6. The R?=0.689 on annual rather than cumulative publication counts indicates moderate
rather than high fidelity, and the carrying capacity estimate should be understood as a
heuristic baseline against which future divergence—driven by new funding cycles,
emerging contaminant classes, or new satellite missions—can be measured rather than as
a statistically validated forecast.

All text mining analyses—the LDA topic model, keyword co-occurrence network,
Callon thematic map, k-means clustering, and term frequency heatmap—operate on
text_combined, a field constructed by concatenating key_findings, methods, contami-
nants, and region fields with spaces. Because the region field contains province and place
names, geographic terms co-occur artificially with methodological and contamination
terms in every document from those regions. This inflation is directly observable in Sup-
plementary Figure S8, where the mean centrality is 475 and mean density is 0.1238, and
where kwazulu_natal appears in the basic themes quadrant alongside remote_sense and
gi on the basis of co-occurrence frequency rather than genuine conceptual proximity. The
same effect is visible in Supplementary Figure S11, where natal (n = 24), kwazulu (n = 24),
and kwazulu_natal (n = 24) rank within the top 50 corpus terms by document frequency,
placing them at the same frequency as satellite (n = 24). Geographic term inflation was not
corrected post hoc; future analyses should process geographic fields separately from the-
matic text fields to prevent provincial place names from appearing as substantive thematic
features.

As an independent validation of the LDA k =7 topic structure, k-means clustering of
the TF-IDF weighted document-term matrix (k = 5; nstart = 10; seed = 123; Supplementary
Figure S10) identified five thematically coherent clusters. Cluster 1 recovers a field meth-
ods and biomonitoring signature (review, biomarker, irrigation, and mine); Cluster 2 re-
covers the GIS and spatial analysis core (gis, spatial, land, and mapped); Cluster 3 recovers
the remote sensing and vegetation monitoring signature (vegetation, imagery, ndvi, and
modelling); Cluster 4 recovers the heavy metals and geochemistry signature (heavy,
metal, sampling, and gold); and Cluster 5 recovers a methodological reporting cluster
(scoping, prismascr, standardises, and checklist) that corresponds to the review’s own re-
porting scaffolding rather than a substantive contamination theme. This k-means valida-
tion is partially rather than fully independent of the LDA: k-means used key_findings and
methods fields only rather than the full text_combined field used by LDA, and applied
TF-IDF rather than raw token count weighting. The thematic correspondence across the
two methods is qualitative rather than statistically assessed.

LDA topic labels —Mining and Vegetation Impact, Soil Assessment and Groundwa-
ter, Spatial Soil Mapping, Erosion Dynamics, Contaminant Mapping, Land Degradation,
Spatial Water and Land Change—are interpretive assignments made by the authors post
hoc from the top 10 3-weighted terms per topic. They were not validated by external raters
or by quantitative topic coherence metrics such as normalised pointwise mutual infor-
mation. Topic coherence values per topic are available in lda_topic_coherence.csv and
should be reported in the Methods section. The equal-weighted four-metric composite
used for k selection (Griffiths 2004 [73], CaoJuan 2009 [75], Arun 2010 [74], Deveaud 2014
[76]; weights 0.25 each; Supplementary Figure S1) is a modelling assumption that may
produce a different optimal k under alternative weighting schemes; Figure S1 shows that
Deveaud2014 peaks at k = 4 and Griffiths2004 continues rising beyond k =15, and k=7
therefore represents the composite optimum rather than a consensus across individual
metrics. The era-stratified LDA models in Supplementary Figure 515 all used k =7 across
all four eras (2003-2009, 2010-2014, 2015-2019, and 2020-2025), since each era contained
sufficient documents to support the full topic count. Topic numbering in Supplementary
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Figure S15 is era-specific and is not comparable across panels: Topic 2 in the 2003-2009
era is not the same theme as Topic 2 in the 2020-2025 era, as explicitly stated in the figure
caption. These labels should be treated as working interpretations anchored by the full 3
distributions in Figure 4 rather than as objective thematic classifications.

Finally, the author-level publication trajectories in Supplementary Figure S12 con-
firm that research output is heavily concentrated in a small number of investigators: the
top two authors (Mutanga, n = 5; Dube, n = 5) each contributed five publications to the
corpus, while the majority of the 20 plotted authors appear only once or twice. Author
names were parsed from the citation field using a regex applied before et al., &, or four-
digit year tokens; this parser is fragile for non-standard citation formats and may produce
truncated strings for names formatted as van der Laan et al. or De Villiers & Smith. The
top 15 author list should be manually verified against source citation records before the
trajectory figure is cited in the manuscript.

5. Conclusions

This scoping review synthesised 228 peer-reviewed studies published between 2003
and 2025 to produce the first quantitative, reproducible evidence map of GIS, remote sens-
ing, and machine learning applications for soil contamination assessment in South African
agriculture. Logistic growth modelling suggests that the field passed its annual publica-
tion peak near 2020 and is projected to reach 90% saturation by approximately 2028, mean-
ing the window for shaping the composition of the converging evidence base is narrow.
Remote sensing remained the dominant methodology throughout the review period, un-
derpinned by Landsat and Sentinel-2 platforms, while machine learning displaced it in
adoption rank from approximately 2020 onwards—a transition that is analytically fragile
because field and laboratory validation remained at one to three studies per year across
the entire 22-year corpus, leaving the growing computational layer structurally under-
grounded. The technology-contaminant and technology—province evidence matrices ex-
pose two compounding inequities as follows: thematic gaps, where Pesticides/Herbicides,
acid mine drainage, and deep learning registered near-zero or zero entries across all cells;
and geographic gaps, where KwaZulu-Natal and the Eastern Cape collectively account
for the majority of province-classified studies while the Northern Cape, Free State, and
North West remain critically underrepresented despite documented contamination bur-
dens from base-metal mining and large-scale irrigated agriculture.

The evidence synthesised here reveals not an absence of methodological ambition,
but rather a structural decoupling among the following three dimensions that have devel-
oped in relative isolation from one another: geographic reach, computational sophistica-
tion, and field grounding. Machine learning models that are analytically capable but cali-
bration-light cannot generate legally defensible contamination predictions; predictions
that are spatially confined to KwaZulu-Natal and the Eastern Cape cannot serve the small-
holder and communal farming systems of the Northern Cape, Free State, and North West
where mining and agrichemical pressures are documented but geospatially unmapped.
These deficits are structurally interrelated and addressing them will require a deliberate
reorientation of research priorities rather than the incremental addition of new methods.
Field validation campaigns concentrated in underrepresented provinces are not merely
desirable additions to the research programme—they are the precondition under which
machine learning outputs become actionable under the National Environmental Manage-
ment: Waste Act, and participatory GIS frameworks offer the most tractable route to com-
munity-validated calibration data in precisely the provinces where neither institutional
infrastructure nor conventional sampling programmes currently operate.

The spectral and algorithmic frontier presents a distinct but equally tractable chal-
lenge. Pesticides/Herbicides and acid mine drainage—categories affecting an estimated
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32,000 tonnes of active ingredients and over 170 mining operations nationwide —returned
near-zero entries across all technology cells, a result that reflects both the well-established
absorption constraints of the visible-to-SWIR range and the disciplinary siloing visible in
the keyword co-occurrence network. Hyperspectral satellite missions now operational at
national scale and transformer-based transfer learning make this an addressable gap ra-
ther than a fundamental barrier—but only if interpretable modelling frameworks, includ-
ing Shapley Additive Explanations and hybrid process—-machine learning architectures,
are treated as design requirements from the outset rather than optional post hoc additions,
since mechanistic accountability is the condition under which even the most spectrally
capable predictions acquire regulatory standing. The logistic trajectory projects 90% satu-
ration by 2028, and its deeper significance is not that growth will stop but that the struc-
tural composition of the converging evidence base—its geographic distribution, valida-
tion density, and contaminant coverage—is determined in the remaining growth window:
reorienting that composition now toward spatial equity, field grounding, and regulatory
accountability would convert the existing literature from a geographically concentrated,
validation-light archive into a monitoring infrastructure adequate to the environmental
governance obligations South African agricultural soils already carry.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/agriculture16070797/s1, Figure S1: LDA topic-number selec-
tion using four-metric Idatuning composite (k =2-15); Figure S2: Province-level choropleth of study
density (n = 162 classifiable studies); Figure S3: Geocoded study site locations (n = 103/228); Figure
S4: Z-score term-frequency heatmap for the top 40 corpus terms; Figure S5: Sensor and platform
term frequency heatmap by year; Figure S6: Annual study count by remote sensing sensor category;
Figure S7: Contaminant-by-year bubble chart with citation-weighted colouring; Figure S8: Callon
strategic diagram for the full corpus; Figure S9: Era-stratified Callon strategic diagrams (four tem-
poral periods); Figure S10: K-means cluster top terms (k = 5) as LDA validation; Figure 511: Top 50
corpus terms ranked by document frequency; Figure S12: Author publication trajectories for the top
20 contributors; Figure S13: Technology adoption bump chart across the study period; Figure 514:
Contaminant-by-province treemap (n = 162); Figure S15: Dynamic LDA topic proportions across
four temporal eras; Table S1: R analytical parameters, random seeds, and software versions used in

all analyses; Table S2: Per-class confusion matrix and full reproducibility table.
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