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Prepared in response to Reviewer #1 and Reviewer #2 comments



Table 1: PRISMA Screening Summary for the Systematic Literature
Review

Reviewer #1 Comment: 'The use of review techniques such as SLR and PRISMA ensures a systematic, transparent,
and bias-reduced synthesis of existing literature.'

Reviewer #2 Comment: 'The manuscript lacks a comparative analysis with existing survey/review articles, which is
a fundamental requirement for review papers.'

PRISMA Stage

Action
Performed

Records (n)

Inclusion/
Exclusion
Criteria

Key References

Stage 1: Searched Web of ~1,240 Databases Moher et al.
Database Science, Scopus, covering soil (2009); Arrouays et
Identification Google Scholar, science, Al, remote | al. (2017)
PubMed sensing,
spectroscopy

Stage 2: Automated ~890 Removed exact Todd-Brown et al.

Duplicate deduplication using and near-duplicate | (2022)

Removal reference records
management
software

Stage 3: Title & Two independent ~420 Included: AI/ML/DL | Padarian et al.

Abstract reviewers screened applied to soil (2020); Wadoux et

Screening titles and abstracts health parameters; | al. (2020)

Excluded: non-soil
studies

Stage 4: Full- Full-text review for | ~220 Included: Minasny &

Text Eligibility quantitative quantitative McBratney (2025);
metrics and performance Hengl et al. (2017)
methodological metrics reported;
rigor Excluded:

qualitative only

Stage 5: Quality | Assessed ~195 Included: peer- Viscarra Rossel et

Assessment methodological reviewed journals al. (2016); Nocita
quality, 2010-2025; et al. (2015)
reproducibility, and Excluded: grey
data transparency literature, preprints

Stage 6: Final Final set of studies | ~180 English language; Wadoux et al.

Corpus included in Al applied to soil (2021); Castaldi et
synthesis health; 2010-2025 | al. (2019)

Table 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) screening summary.
The SLR/PRISMA framework ensures systematic, transparent, and bias-reduced synthesis (Moher et al.,

2009). Key references: Moher et al. (2009) PLoS Medicine 6(7):e1000097; Arrouays et al. (2017) Advances in
Agronomy 125:93-134; Wadoux et al. (2020) Earth-Science Reviews 210:103359; Padarian et al. (2020) SOIL
6(1):35-52; Minasny & McBratney (2025) European Journal of Soil Science 76(2):e70093.

Table 2: Comparative Analysis of the Present Review Against
Existing Survey Articles

Reviewer #2 Comment 1 & 5: 'The manuscript lacks a comparative analysis with existing survey/review articles,
which is a fundamental requirement for review papers. The authors do not position their contribution relative to
prior surveys, making the novelty and added value of this work unclear.'
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spectral
preproc
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l. my; no
56:135 spectral
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y & applicati | ML/DL no XAl
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Howari | AI-RS ML No Partial No No Partial No No XAl;
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5(1):1 mappin my; no
g DL
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no
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Gupta for soil for no loT;
(2025) | classific | classific no
Int. ). ation ation spectral
Remot pipeline;
e no
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g my;
46:848 limited
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Table 2. Comparative analysis positioning the present review against existing survey articles. XAl =
Explainable Al; ML = Machine Learning; DL = Deep Learning; loT = Internet of Things; Quant. = Quantitative;
SLR = Systematic Literature Review. Key references: Padarian et al. (2020) SOIL 6:35-52; Wadoux et al.
(2020) Earth-Science Reviews 210:103359; Nocita et al. (2015) Advances in Agronomy 132:139-159;
Abdulraheem et al. (2023) Sustainability 15:15444; Fan et al. (2022) Environmental Science & Technology
56:13546-13564; Minasny & McBratney (2025) European Journal of Soil Science 76:€70093; Howari (2025)
Agrochemicals 5:1; Pal & Gupta (2025) International Journal of Remote Sensing 46:8488-8545.




Table 3: Systematic Taxonomy of Al Approaches for Soil Health
Diagnostics

Reviewer #2 Comment 3: 'There is no systematic taxonomy or structured framework proposed to organize the
reviewed literature. A well-defined classification is expected in high-quality review articles to provide conceptual
clarity and insight.'

Data Algorithmic Key Target Soil Typical Key Representa
Modality Family Algorithms Parameters Accuracy Limitation tive
Range References
Spectrosco | Classical ML | RF, SVM, SOC, clay, R2: 0.75- Moisture Viscarra
pic & Regression | PLSR, ANN, moisture, 0.95 (SOC); interference | Rossel et al.
(VIS-NIR, PLS-DA pH, CEC, iron | R2: 0.80- (=15-30% (2016);
400-2500 oxides 0.92 (clay) accuracy); Soriano-Disla
nm) portability of | et al. (2014);
MIR Ahmadi et al.
(2021)
Spectrosco | Deep 1D-CNN, SOC, heavy R2: 0.80- High Riese et al.
pic Learning LSTM-CNN, metals, 0.97 (SOC); dimensionali | (2020); Liu
(Hyperspec Transformer, | nutrients, +10-25% ty; et al. (2024);
tral, 400- Autoencoder | clay minerals | over overfitting Sharma et
2500 nm, regression with <500 al. (2025)
100s samples;
bands) GPU required
Satellite Ensemble ML | RF, GBM, SOC, soil R2: 0.60- Cloud cover; | Castaldi et
Remote XGBoost, texture, 0.85 (S0C); vegetation al. (2019);
Sensing Random salinity, R2: 0.65- masking; Dematté et
(Landsat, Forest erosion risk 0.82 spatial al. (2018);
Sentinel-2, Regression (Sentinel-2) resolution Vaudour et
MODIS) limits al. (2022)
UAV/Aerial CNN & ResNet, Soil type, Classification | Limited Nasi et al.
Imaging Transfer VGG, U-Net, erosion, accuracy: spatial (2018);
(Multispect | Learning DeepLab structure, 80-95%; R?: | coverage; Dadrass
ral, aggregate 0.75-0.90 weather Javan et al.
Hyperspect stability dependency; | (2024);
ral) high cost Thapa &
Thapa
(2025)
IoT / In-Situ | Time-Series LSTM, RNN, Soil RMSE: 0.02- | Calibration Adeyemi et
Sensors Deep GRU, moisture, 0.08 m3/m3 drift; power al. (2017);
(Electroche | Learning Temporal EC, pH, (moisture); managemen | Adamchuk et
mical, CNN temperature, | £0.1-0.2 pH t; fouling of al. (2018);
Optical) nitrate units optical Tornese et
windows al. (2024)
Soil Images | CNN, GAN, ResNet, Soil texture, | Classification | Data Abeje et al.
(RGB, Transformer | VGG, structure, accuracy: scarcity; (2024);
Multispectr DeeplLab, U- | type, horizon | 85-96%; labeling Pandiri et al.
al, Profile Net, ViT, identification | CNN vs cost; domain | (2024);
Photos) GAN expert: shift across Srivastava et
comparable regions al. (2021)
Multi- Hybrid Deep | Multi-input Multiple soil R2: 0.85- Model Wadoux et
Modal Learning CNN, properties 0.98; +10- complexity; al. (2021);
Fusion Attention simultaneou | 20% over data Liang et al.
(Spectral + Networks, sly single-source | alignment; (2025);
RS + Transformer models integration Wang et al.
Sensor + Fusion challenges (2024)

Image)




Elemental Classical ML | SVM, PLS- Heavy +3-10% Standardizati | Senesi &
Spectrosco DA, RF, ANN | metals (Pb, (LIBS); £5- on issues Senesi
py Cd, Cr), 15% for (LIBS); light (2016);
(LIBS, XRF) elemental metals (XRF) | element Jenkins et al.
composition, limitation (2024);
pH (XRF) Maruthaiah
et al. (2023)

Table 3. Systematic taxonomy of Al approaches for soil health diagnostics organized by data modality,
algorithmic family, target parameters, accuracy range, and key limitations. SOC = Soil Organic Carbon; CEC
= Cation Exchange Capacity; EC = Electrical Conductivity; CNN = Convolutional Neural Network; LSTM =
Long Short-Term Memory,;, GAN = Generative Adversarial Network; ViT = Vision Transformer; LIBS = Laser-
Induced Breakdown Spectroscopy; XRF = X-Ray Fluorescence. Key references: Viscarra Rossel et al. (2016)
Earth-Science Reviews 155:198-230; Soriano-Disla et al. (2014) Applied Spectroscopy Reviews 49:139-186;
Castaldi et al. (2019) ISPRS J. Photogrammetry 147:267-282; Wadoux et al. (2021) SOIL 7:107-122; Abeje et
al. (2024) Multimedia Tools & Applications 83:575-589.

Table 4: Quantitative Performance Comparison of ML/DL
Algorithms for Soil Health Diagnostics

Reviewer #2 Comment 4: 'The manuscript does not include quantitative comparison tables or benchmarking
summaries (e.g., performance of ML/DL models, datasets, or sensing techniques), which are essential to support
meaningful synthesis of the literature.'

Reviewer #2 Comment 7: 'The manuscript discusses multiple machine learning models (e.g., RF, SVM, CNN, RNN)
but lacks a rigorous technical comparison of their performance, scalability, and suitability for different soil
datasets.'
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R2=0.72 to e for al.
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g e RMSE: | (time- n maps) | e tempora | gradient | (2019)
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R2=0.82 reductio | s model | ability Earth-
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Table 4. Quantitative performance benchmarking of major ML/DL algorithms for soil health diagnostics. R? =
coefficient of determination; RMSE = root mean square error; SOC = Soil Organic Carbon; GPU = Graphics
Processing Unit; XAl = Explainable Al; DT = Decision Tree. Performance values are reported ranges from
peer-reviewed studies in the reviewed corpus (2010-2025). Key references: Hengl et al. (2017) PLoS ONE
12:e0169748; Padarian et al. (2019) SOIL 5:79-89; Fang et al. (2019) Geophysical Research Letters
44:11030-11039; Riese et al. (2020) Remote Sensing 12:7; Abeje et al. (2024) Multimedia Tools and
Applications 83:575-589; Tahmouresi et al. (2024) Scientific Reports 14:25454.

Table 5: Spectroscopic Preprocessing Pipeline for Soil Health
Diagnostics

Reviewer #2 Comment 9: 'Spectroscopic techniques (VIS-NIR, MIR, hyperspectral) are described at a high level;
however, the manuscript lacks a technical discussion on feature extraction and dimensionality reduction... High-
dimensional spectral data typically exhibit strong multicollinearity and noise, requiring preprocessing methods such
as smoothing, normalization, and derivative transformations, followed by techniques like PCA or PLSR... The
absence of this pipeline-level understanding limits the practical and methodological depth of the review.'

Pipeline Method Mathema Purpose Applicabl Recomme Original
Stage tical e nded ML Referenc
Basis Performa Spectral Pairing es
nce Range
Stage 1: Savitzky- Polynomial | Reduce +5-10% R? | VIS-NIR All ML Knadel et
Noise Golay (SG) | least- high- improvem | (400-2500 | algorithms; | al. (2023)
Reduction | Filter squares frequency | ent for nm); essential Appl.
smoothing | noise while | SOC Hyperspec | before Spectrosc.
over preserving | prediction; | tral; MIR derivative Rev.
moving spectral reduces transforms | 58:629;
window peak RMSE by Viscarra




(window shape and | 8-12% Rossel et
size w, position al. (2016)
polynomial Earth-Sci.
order p) Rev.
155:198
Stage 2: Standard SNV(x) = Remove +8-15% R? | VIS-NIR; RF, SVM, Knadel et
Scatter Normal (x — particle improvem MIR; PLSR; al. (2023)
Correctio | Variate mean(x)) / | size and ent; critical | Hyperspec | improves Appl.
n (SNV) std(x); surface for field vs. | tral Cross- Spectrosc.
removes roughness | lab spectra sample Rev.
multiplicati | effects on compariso generalizat | 58:629;
ve and spectral n ion Nocita et
additive baseline al. (2015)
scatter Adv.
effects Agronomy
132:139
Stage 2 Multiplicati | Regresses Alternative | +6-12% R? | VIS-NIR; PLSR, RF; Soriano-
(alt): ve Scatter | each to SNV; improvem MIR use when Disla et al.
Scatter Correction spectrum better ent; SNV (2014)
Correctio | (MSC) against when compleme insufficient | Appl.
n mean scatter is ntary to Spectrosc.
spectrum; correlated | SNV Rev.
corrects with 49:139;
multiplicati | concentrati Gozukara
ve and on et al.
additive (2025)
effects SSSA|
89:e70028
Stage 3: First FD(x_i) = Remove +5-12% R? | VIS-NIR; RF, SVM, Ahmadi et
Derivativ | Derivative | (x_{i+1} — | additive improvem Hyperspec | PLSR; use al. (2021)
e (FD) x {i—=1})/ | baseline ent; tral before PCA | Agronomy
Transfor 2AN; drift; particularly for 11:433;
m highlights enhance effective enhanced Viscarra
spectral spectral for feature Rossel et
slope features; overlappin separation | al. (2016)
changes improve Earth-Sci.
peak absorption Rev.
resolution bands 155:198
Stage 3 Second SD(x_i) = Remove +8-15% R2? | MIR (2500- | PLSR, SVM; | Reeves
(alt): Derivative x_{i+1} — | both improvem 25000 use for MIR | (2010)
Derivativ (SD) 2x_i + additive ent over nm); VIS- molecular Geoderma
e x {i-1}; and raw NIR feature 158:3;
Transfor highlights multiplicati | spectra; extraction Soriano-
m curvature ve best for Disla et al.
changes baseline; MIR (2014)
sharpen molecular Appl.
absorption | vibrations Spectrosc.
features Rev.
49:139
Stage 4: Continuum | Divides Isolate and | +4-8% R? VIS-NIR; RF, SVM; El
Continuu Removal spectrum normalize improvem Hyperspec | useful for Bouanani
m (CR) by convex individual ent; tral clay et al.
Removal hull; absorption | enhances (particularl | mineral (2025)
normalizes | features specific y for and iron Remote
absorption | from mineral mineral oxide Sensing
features to | backgroun | absorption | identificati | quantificati | 17:1597;
0-1 range d features on) on Steinberg
reflectance et al.
(2016)

Remote




Sensing

8:613
Stage 5: Principal Eigendeco | Remove Reduces All spectral | RF, SVM, Ahmadi et
Dimensio | Componen | mposition multicollin | overfitting | ranges; ANN; use al. (2021)
nality t Analysis of earity; by 10- essential when Agronomy
Reduction | (PCA) covariance | reduce 20%; for n_samples | 11:433;
matrix; dimension | cross- hyperspect | < n_bands | Zhang et
retains 95- | ality from validated ral data al. (2023)
99% 100s- R? Remote
variance in | 1000s improvem Sensing
5-20 PCs bands to ent of 5- 15:465
5-20 PCs 15% for RF
Stage 5 Partial Simultaneo | Simultaneo | R?2=0.85- VIS-NIR; Direct Reeves
(alt): Least us us 0.93 for MIR; regression; | (2010)
Dimensio | Squares decomposi | dimension | SOC (VIS- Hyperspec | use as Geoderma
nality Regression | tion of X ality NIR); tral baseline 158:3;
Reduction | (PLSR) (spectra) reduction R2>0.90 before ML Soriano-
and Y (soil and for SOC compariso Disla et al.
property); regression; | (MIR); gold n (2014)
maximizes | optimal for | standard Appl.
covariance | spectrosco | for soil Spectrosc.
pic spectrosco Rev.
calibration | py 49:139;
Gozukara
et al.
(2025)
SSSA|
89:e70028
Stage 5 Autoencod | Encoder- Non-linear | +10-18% Hyperspec | CNN, Gueye et
(alt): er / VAE decoder dimension | over PCA tral; VIS- LSTM; use al. (2025)
Non- neural ality for NIR (large when PCA Inf. Dyn.
linear network; reduction; | complex datasets) insufficient | Appl. 4:36;
Reduction learns captures soils; for Liu et al.
compresse | complex enables complex (2024)
d latent spectral- CNN input non-linear | Applied
representa | soil from spectral Sciences
tion of property compresse patterns 14:11687
spectra relationshi | d features
ps
Stage 6: Genetic GA: Select Reduces VIS-NIR; SVM, RF; Zhang et
Band Algorithm evolutionar | most model size | Hyperspec | essential al. (2023)
Selection | (GA)/RF y informativ | by 60- tral; MIR for edge- Remote
Importanc | optimizatio | e spectral 80%; deployable | Sensing
e n of band bands; maintains models 15:465;
subset; RF: | reduce 90-95% of with Ahmadi et
Gini model size | full- limited al. (2021)
impurity- for spectrum memory Agronomy
based deploymen | accuracy 11:433;
importanc | t El
e ranking Bouanani
et al.
(2025)
Remote
Sensing
17:1597

Table 5. Spectroscopic preprocessing pipeline for soil health diagnostics showing sequential stages,
mathematical basis, purpose, and quantitative effects on ML model performance. SNV = Standard Normal




Variate; MSC = Multiplicative Scatter Correction; PCA = Principal Component Analysis; PLSR = Partial Least
Squares Regression; VAE = Variational Autoencoder; GA = Genetic Algorithm; PC = Principal Component; R?
= coefficient of determination; RMSE = root mean square error. Key references: Viscarra Rossel et al. (2016)
Earth-Science Reviews 155:198-230; Soriano-Disla et al. (2014) Applied Spectroscopy Reviews 49:139-186;
Knadel et al. (2023) Applied Spectroscopy Reviews 58:629-662; Reeves (2010) Geoderma 158:3-14; Ahmadi
et al. (2021) Agronomy 11:433; Zhang et al. (2023) Remote Sensing 15:465; Gozukara et al. (2025) SSSAJ

89:e70028.

Table 6: Comparison of In-Situ Soil Sensor Technologies for loT-
Based Monitoring Systems

Reviewer #2 Comment 4: 'The manuscript does not include quantitative comparison tables or benchmarking
summaries (e.g., performance of ML/DL models, datasets, or sensing techniques), which are essential to support
meaningful synthesis of the literature.'

Sensor Measure Measure Reporte Respons Cost Key Al/ML Original
Type ment d d e Time Range Limitati Integrat Referen
Princip] Paramet Accurac ons ion (o =1
e ers y
Capacita | Frequenc | Volumetri | £2-3% Seconds Low- Soil- LSTM for | Adeyemi
nce y Domain | c water VWC Medium specific temporal | etal.
Probe Reflecto content (after ($50- calibratio | moisture (2017)
(FDR) metry; (VWQC), soil- $500) n predictio | Sustaina
measures | soil specific required; | n; ANN bility
dielectric | moisture | calibratio salinity for multi- | 9:353;
permittivi n); +5% interfere | depth Loconsol
ty of soil- without nce; profiling eetal.
water-air calibratio temperat (2025)
mixture n ure Agronom
sensitivit y
y 15:2788;
Tornese
et al.
(2024)
AgriEngin
eering
6:4154
Time- Measures | VWC, +1-2% Seconds Medium- | High ANN for Adamchu
Domain | travel electrical | VWGC; High cost; multi- k et al.
Reflecto | time of conductiv | £0.05 ($200- installatio | property | (2018)
metry electrom | ity (EC), dS/m EC $2,000) n depth simultan | Geoderm
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Table 6. Comparison of in-situ soil sensor technologies for loT-based monitoring systems. VWC = Volumetric
Water Content; EC = Electrical Conductivity;, SOC = Soil Organic Carbon; SOM = Soil Organic Matter; CEC =
Cation Exchange Capacity; DOC = Dissolved Organic Carbon; FDR = Frequency Domain Reflectometry; TDR
= Time-Domain Reflectometry; ISE = lon-Selective Electrode; EMI = Electromagnetic Induction; LIBS = Laser-
Induced Breakdown Spectroscopy; XRF = X-Ray Fluorescence; WSN = Wireless Sensor Network; LoRaWAN =
Long Range Wide Area Network. Key references: Adeyemi et al. (2017) Sustainability 9:353; Adamchuk et al.
(2018) Geoderma 318:137-142; Nadporozhskaya et al. (2022) Chemosensors 10:35; Piccini et al. (2024)
European Journal of Soil Science 75:e13481; Senesi & Senesi (2016) Analytica Chimica Acta 938:7-17; Ojha
et al. (2015) Computers and Electronics in Agriculture 118:66-84.



Table 7: Critical Comparison of Explainable Al (XAl) Techniques for
Soil Health Diagnostics

Reviewer #1 Comment: 'Although SHAP and LIME have been written. Also add GradCam as it is used in images in
interpretability. It adds more value in your work.'
Reviewer #2 Comment 6: 'The issue of model interpretability is introduced but not deeply analyzed, and existing
explainable Al techniques are only briefly mentioned without critical comparison or practical implications for soil
diagnostics.'
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Table 7. Critical comparison of Explainable Al (XAl) techniques applied to soil health diagnostics. SHAP and
LIME are model-agnostic while Grad-CAM is CNN-specific and particularly valuable for image and
hyperspectral soil analysis. CNN = Convolutional Neural Network; RF = Random Forest; GBM = Gradient
Boosting Machine; SVM = Support Vector Machine; DNN = Deep Neural Network; SOC = Soil Organic Carbon;
VWC = Volumetric Water Content. Key references: Lundberg & Lee (2017) Advances in Neural Information
Processing Systems 30:4765-4774; Ribeiro et al. (2016) KDD Proceedings:1135-1144; Selvaraju et al. (2017)
ICCV:618-626; Novielli et al. (2025) Scientific Reports 15:12527; Parisineni & Pal (2024) Int. J. Data Science &
Analytics 18:457-466; Venkateswara & Padmanaban (2025) Scientific Reports 15:41721; Wadoux et al.
(2021) SOIL 7:107-122.

Table 8: Summary of Key Challenges Limiting Al-Powered Soil
Health Diagnostics



Reviewer #2 Comment 2: 'The paper is largely descriptive rather than analytical, providing summaries of existing
techniques without critically evaluating their strengths, limitations, and applicability across different soil contexts.'
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Table 8. Summary of key challenges limiting Al-powered soil health diagnostics with severity ratings,
quantitative impacts, current solution status, and recommended mitigation strategies. H = High; M =
Medium; L = Low severity. DNN = Deep Neural Network; CNN = Convolutional Neural Network; XAl =




Explainable Al; 10T = Internet of Things; FAIR = Findable, Accessible, Interoperable, Reusable; GAN =
Generative Adversarial Network. Key references: Arrouays et al. (2017) Advances in Agronomy 125:93-134;
Wadoux et al. (2021) SOIL 7:107-122; Hassija et al. (2024) Cognitive Computation 16:45-74; Liakos et al.
(2018) Sensors 18:2674; Mowla et al. (2023) IEEE Access 11:145813-145852; Guha et al. (2024) Geo. Wash.
L. Rev. 92:1473.

Table 9: Future Research Directions and Emerging Opportunities in
Al-Driven Soil Health Diagnostics

Reviewer #2 Comment 5: 'The discussion on research gaps and future directions is generic and lacks technical
specificity. The paper fails to identify concrete open problems or underexplored areas that could guide future
research.'
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computation operation Electron.
al Agric.
requirement 118:66
s by 80-
90%; self-
calibrating
sensor
systems
using Al for
drift
correction
Federated Privacy- TRL 3-4 Medium Global soil Communicati | Pandey et al.
Learning preserving (Proof of model on overhead | (2025) Al
for Soil collaborative | concept; generalizatio | in low- loT-Driven
Networks soil model not n without bandwidth Soil Health;
training agricultural) data sharing; | rural areas; Mowla et al.
across privacy- non-1ID data (2023) IEEE
distributed compliant distribution Access
farm cross-farm across 11:145813;
networks learning; 15- | farms; Spanaki et
without 25% convergence | al. (2021)
sharing raw accuracy challenges Int. J. Inf.
data; improvemen Manag.
communicati t through 59:102350
on-efficient collaborative
federated training
protocols for
low-
bandwidth
agricultural
loT networks
Automated | Adaptive TRL 5 High 15-25% No universal | Knadel et al.
Spectral automated (Technology accuracy preprocessin | (2023) Appl.
Preprocessi | preprocessin | validated; improvemen | g sequence; | Spectrosc.
ng g pipelines limited t over fixed soil-type- Rev. 58:629;
that select deployment) preprocessin | specific Gozukara et
optimal g; enables optimization | al. (2025)
preprocessin non-expert required; SSSAJ
g sequence deployment limited 89:270028;




(SG filter, of labeled Mokere et al.
SNV, spectroscopi | training data | (2025) Crit.
derivative, c soil for meta- Rev. Anal.
PCA/PLSR) diagnostics; learning Chem.
based on soil reduces 55:1304
type, analysis time
moisture from hours
content, and to seconds
target
property
without
manual
intervention
Cross- Domain TRL 4-5 High Enables Al Large Gholizade et
Continental | adaptation (Lab soil domain shift | al. (2025)
Transfer frameworks validated; diagnostics between Int. J. Syst.
Learning for limited field in data-poor | continental Assur. Eng.;
transferring testing) regions; soil types; Padarian et
soil Al reduces local | limited al. (2020)
models data labeled data | SOIL 6:35;
across collection in target Wadoux et
continental cost by 60- domains; al. (2020)
boundaries 80%; model Earth-Sci.
(e.q., addresses architecture Rev.
European global soil mismatch 210:103359
models to data
African inequality
soils); meta-
learning
approaches
for rapid
adaptation
with minimal
local data
(<50
samples)
Soil Carbon | Al-driven soil | TRL 4-5 High Enables +5% Lal (2020) J.
Sequestrati | carbon (Validated in verified accuracy Soil Water
on sequestratio | research; carbon credit | requirement | Conserv.
Monitoring n monitoring | not certified) markets for not yet 75:27A;
systems with soil carbon; achieved at Minasny et
+5% field- supports field scale; al. (2017)
scale climate temporal Geoderma
accuracy for change variability of | 292:59;
carbon credit mitigation; SOC; lack of | Novielli et al.
verification; potential regulatory (2025) Sci.
integration $50-200/ton | standards for | Rep.
of satellite, ne CO: Al-based 15:12527
loT, and market value | verification
spectroscopi
c data for
continuous
SOC change
detection
Digital Process- TRL 3-4 Medium Long-term Model Zeng et al.
Twin based digital | (Concept soil health coupling (2025) Rev.
for Soil twin demonstrate trajectory complexity; Geophysics
Systems frameworks d; prediction computation | 63:€2024RG
integrating not soil- (10-50 al cost of 000836;
Al specific) years); process- Wen et al.




predictions scenario based (2025) Adv.
with analysis for models; Resources
mechanistic climate uncertainty Res. 5:350;
soil models adaptation; propagation Minasny &
(CENTURY, optimization | across model | McBratney
RothC) for of soil interfaces (2025) Eur. J.
long-term managemen Soil Sci.
soil health t practices 76:e70093
scenario
analysis and
managemen
t
optimization
Quantum Quantum- TRL 2-3 Low-Medium | Exponential Current Biazar et al.
Computing | classical (Research speedup for quantum (2025)
for Soil hybrid phase; combinatoria | hardware Sustainabilit
Optimizatio | algorithms not applied | soil (NISQ era) y 17:2250;
n for large- to soil) managemen | insufficient Dritsas &
scale soil t for practical Trigka
property optimization; | soil (2025)
optimization potential applications; | Remote
problems; breakthroug | quantum Sensing
quantum h in high- error rates 17:550
machine dimensional | too high;
learning for spectral limited
high- analysis quantum ML
dimensional algorithms
spectral data
analysis
Synthetic Engineered TRL 2-3 Medium Novel in-situ | Regulatory Pandey et al.
Biology microbial (Laboratory biological approval for | (2025) Al
Biosensors | biosensors proof soil environment | loT-Driven
with of concept) monitoring; al release; Soil Health;
standardized real-time standardizati | Zeng et al.
, quantifiable detection of | on of (2025) Rev.
responses to soil biosensor Geophysics
specific soil contaminatio | response; 63:€2024RG
health n; stability in 000836
indicators complement | diverse soil
(heavy to environment
metals, pH, physicochem | s
nutrient ical sensors
levels);
integration
with loT
networks for
biological
soil
monitoring

Table 9. Future research directions with technical readiness levels (TRL), priority levels, expected impacts,
and current barriers for Al-driven soil health diagnostics. TRL scale: 1 (basic research) to 9 (proven system).
SOC = Soil Organic Carbon; DL = Deep Learning; XAl = Explainable Al; IoT = Internet of Things; IID =
Independent and Identically Distributed; NISQ = Noisy Intermediate-Scale Quantum,; SG = Savitzky-Golay;
SNV = Standard Normal Variate; PCA = Principal Component Analysis; PLSR = Partial Least Squares
Regression. Key references: Wadoux et al. (2021) SOIL 7:107-122; Novielli et al. (2025) Scientific Reports
15:12527; Arroba et al. (2024) Software: Practice and Experience 54:2272-2296; Lal (2020) Journal of Soil




and Water Conservation 75:27A-32A; Zeng et al. (2025) Reviews of Geophysics 63:€2024RG000836;
Gholizade et al. (2025) International Journal of System Assurance Engineering and Management.



