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Abstract : In modern agriculture precision forecast crop yields, diagnose plant disease and schedule 

irrigation systems rely on machine learning (ML) and deep learning (DL). Cost of training and 

deploying these models is weighed their accuracy. Two research threads have far developed largely in 

parallel. Green AI, which treats computational and energy efficiency as a first-class evaluation 

criterion alongside accuracy and Explainable AI(XAI) uses technology like Shapley additive 

explanations(SHAP), LIME and Grad-CAM to open the “black box” models so that farmers , and 

policymakers can act on their predictions.This paper synthesises recent literature (2017–2026) at the 

intersection of these threads as they apply to agriculture, covering crop-yield prediction, plant-disease 

detection, and soil- and irrigation-modelling studies that report either energy-efficiency measures or 

explainability analyses, or both. The synthesis identifies a specific and consistent gap: while 

explainability is now common in high-performing agricultural ML studies, almost none of them report 

the energy or carbon cost of training the underlying models, and the one purpose-built Green-AI 

agriculture framework identified in the review explicitly leaves explainability as future work rather 

than integrating it. Building on this synthesis, the paper proposes a unified Green-XAI methodological 

framework for agricultural ML that couples resource-appropriate model families – tree-based 

ensembles such as Random Forest, XGBoost and LightGBM, alongside a compact CNN architecture 

for imagery – with SHAP-based interpretability and continuous energy/carbon instrumentation across 

the training and inference lifecycle. The paper details the proposed dataset scope, the governing model 

equations, the SHAP computation, and an accuracy-versus-energy evaluation protocol, and positions 

the framework against a comparative synthesis of the performance figures reported by prior studies.  
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I. INTRODUCTION 

Agriculture sits at the intersection of two pressures that are separately discussed. It feed a global population of roughly 

ten billion people within three decades, and it also do so while facing water scarcity, soil degradation, and an 

increasingly climate change [6]. Artificial intelligence (AI) and machine learning (ML) are proposed as part of the 

solution such as precision irrigation, yield forecasting, disease detection, and resource-efficient farm management [7]. 

The computational techniques that efficiency gains in the field carry a hidden efficiency cost of  training and running 

ML and deep-learning (DL) models consumes electricity, and scale this consumption has a measurable carbon 

footprint. 

The computational cost has become its own field of study under the banner of Green AI. [1] contrasted “Red AI” 

research, which chases state-of-the-art accuracy through ever-larger models regardless of computational cost, with 

“Green AI,” which treats efficiency measured in floating-point operations, carbon emitted, or a comparable “price 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                             International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 1, November 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-40559   486 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

tag”as an evaluation criterion on par with accuracy. Their position paper followed empirical work [2], who estimated 

that training a single large NLP model with neural architecture search could emit carbon dioxide comparable to the 

lifetime emissions of several cars, a finding that sharpened concern about the environmental cost of AI research 

generally. Subsequent work [3] surveyed the resulting body of “green-in-AI” techniques and catalogued the tools now 

available to measure that footprint, such as CodeCarbon and comparable carbon-tracking packages [28]. 

Agriculture is an explicit target of this second, “green-by-AI” category[5] recently proposed a Green AI framework for 

smart agriculture built around lightweight model architectures, model compression, federated learning, and edge 

computing, aimed specifically at reducing the carbon footprint of predictive farming systems. Their framework is 

notable for what it deliberately leaves out: the authors list the integration of explainable AI among the topics for future 

work rather than as part of the proposed system [5]. This omission is not unique to that paper; as Section 2 and Section 

4 show, it reflects a broader pattern across the agricultural-AI literature that motivates the present review. 

The second thread this paper addresses is explainability. As agricultural ML models have grown more accurate, they 

have also grown more opaque: gradient-boosted ensembles and convolutional neural networks routinely reach accuracy 

or R² figures above 0.9 on yield, soil, and disease-classification tasks (Section 4), but their internal reasoning is not 

directly inspectable by the agronomists, extension officers, or farmers who must act on their outputs. Explainable AI 

(XAI) methods address this opacity. SHapley Additive explanations (SHAP), introduced by Lundberg and Lee [4], 

adapt the Shapley value from cooperative game theory to attribute each prediction to the features that produced it, and 

has become the dominant XAI technique for tabular agricultural data, while Gradient-weighted Class Activation 

Mapping (Grad-CAM) plays the equivalent role for image-based disease-detection models. Recent reviews confirm that 

XAI adoption in agriculture has accelerated sharply since 2020 [8], [9], [10], spanning crop recommendation, yield 

forecasting, disease diagnosis, and precision-farming decision support. 

The problem this paper addresses is the disconnect between these two threads. Green AI research in agriculture 

optimises for energy and carbon efficiency but, as illustrated framework [5], has not yet incorporated explainability as a 

design requirement. XAI research in agriculture, conversely, has matured rapidly in its ability to explain highly 

accurate models but – as the synthesis in Section 4 shows – almost never reports the energy, carbon, or compute cost of 

producing those explanations or the models that underlie them. 

Based on the literature review identifies four specific research gaps: 

 Most published XAIinagriculture studies report predictive performance and explanation quality but not energy 

consumption, training time on specified hardware, or carbon emissions, making it impossible to compare the 

true resource cost of competing “explainable” approaches. 

 Model-family imbalance: image-based disease-detection studies default to large, pretrained CNN backbones 

(e.g., ResNet152, EfficientNetB7) explained via Grad-CAM, with comparatively little benchmarking of 

lighter-weight architectures against these backbones on an accuracy-per-joule basis. 

 Explanation-cost gap: SHAP computation, particularly on large tabular datasets, is itself computationally non-

trivial, yet its marginal energy cost relative to model training is essentially unreported in the agricultural-AI 

literature reviewed here. 

 Actionability gap: SHAP and Grad-CAM outputs typically explain a prediction (e.g., which feature drove a 

yield estimate) but are rarely connected back to a resource-efficiency decision (e.g., reducing fertiliser or water 

application), leaving a gap between being ‘explainable’ and being ‘actionable for sustainability.’ 

Against this background, the present paper makes three contributions. First, it synthesises recent literature at the 

intersection of Green AI, XAI, and agricultural ML into a structured comparison (Section 2) covering crop-yield 

prediction, plant-disease detection, and soil/irrigation modelling. Second, it proposes a unified Green-XAI 

methodological framework (Section 3) that pairs resource-appropriate model families with SHAP-based interpretability 

and continuous energy/carbon instrumentation across the training and inference lifecycle, directly addressing RG1–

RG4. Third, it positions this proposed framework against the reviewed literature (Section 4) and sets out a concrete 

empirical validation plan (Section 5). The remainder of the paper is organised as follows: Section 2 reviews the related 
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literature and presents the table underlying the gap analysis above; Section 3 details the proposed methodology; Section 

4 presents the comparative synthesis, the reporting-gap analysis, and the framework positioning; Section 5 outlines the 

planned empirical work; and Section 6 concludes. 

 

II. LITERATURE REVIEW 

This section synthesises the literature underlying the research gaps identified in Section 1. Studies through academic 

literature , prioritising work that published between year 2017 and 2026 that combines a machine-learning or deep-

learning models used in agricultural task with an explicit explainability component (SHAP, LIME, Grad-CAM), 

supplemented by the foundational Green AI and XAI references that motivate the framework and by broader XAI-in-

agriculture reviews.  

No. 

Study 

(Authors, 

Year) 

Domain Model(s) 
XAI 

Method 

Reported 

Performance (as 

stated) 

Venue / DOI 

1 

Schwartz et 

al., 2020 

[1] 

Foundation

al – Green 

AI 

Position paper (n/a) n/a 

Proposes efficiency 

(FLOPs / cost) as 

an evaluation 

criterion alongside 

accuracy 

Commun. ACM 

63(12):54–63; 

doi:10.1145/3381831 

2 

Strubell et 

al., 2019 

[2] 

Foundation

al – cost of 

DL 

NLP Transformer 

models (analysis) 
n/a 

Estimated training-

run emissions 

comparable to 

several cars' 

lifetime CO� 

ACL 2019, 3645–3650; 

doi:10.18653/v1/P19-1355 

3 

Bolón-

Canedo et 

al., 2024 

[3] 

Foundation

al – Green 

AI review 

Review (n/a) n/a 

Surveys green-in-

AI / green-by-AI 

techniques and 

measurement tools 

Neurocomputing 

599:128096; 

doi:10.1016/j.neucom.2024

.128096 

4 

Lundberg 

& Lee, 

2017 [4] 

Foundation

al – XAI 

method 

Model-agnostic 

SHAP 

(introduc

ed) 

Introduces SHAP 

as a unified 

additive feature-

attribution 

framework 

NeurIPS 30, 4765–4774 

5 

Elbasi et 

al., 2025 

[5] 

Green AI – 

smart-

agriculture 

framework 

Lightweight/compre

ssed models, 

federated learning, 

edge computing 

Listed as 

future 

work 

only 

Framework 

proposal for 

energy-efficient 

crop-yield and 

resource-

management 

models 

IEEE Access 13:204924–

204953; 

doi:10.1109/ACCESS.202

5.3637027 

6 

Mohan et 

al., 2025 

[11] 

Crop yield 

(climate 

factors) 

Decision Tree, 

Random Forest, 

LightGBM 

SHAP, 

LIME 
R² up to 0.92 Frontiers in Plant Science 
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No. 

Study 

(Authors, 

Year) 

Domain Model(s) 
XAI 

Method 

Reported 

Performance (as 

stated) 

Venue / DOI 

7 

Yenkikar et 

al., 2025 

[12] 

Crop / rice 

yield 

Hybrid RF–LSTM–

XGBoost 

SHAP, 

LIME, 

Counterf

actual 

R² = 0.9827 (crop), 

0.9721 (rice) 

MethodsX 15:103442; 

doi:10.1016/j.mex.2025.10

3442 

8 
Pant et al., 

2025 [13] 

Crop yield 

(comparativ

e) 

XGBoost, Decision 

Tree, Random 

Forest, Linear 

Regression 

SHAP, 

LIME 

Accuracy up to 

99.09% (RF); 

R²=0.95 (XGBoost) 

2025 ICAECT 

9 

Mampitiya 

et al., 2025 

[14] 

Tea crop 

yield 

CatBoost, XGBoost, 

LightGBM, ANN, 

Ridge, LASSO, 

ElasticNet 

SHAP 

R² = 0.904 

(CatBoost, best of 7 

models) 

Smart Agricultural 

Technology 

10 

Kushwaha 

et al., 2026 

[15] 

Crop yield 

(hyper-

local, India) 

XGBoost Regressor SHAP R² = 0.93 2026 ICCSC 

11 

Kehkashan 

et al., 2026 

[16] 

Corn yield 

– low-

carbon 

computing 

special 

section 

Random Forest, 

Gradient Boosting, 

Ensemble Voting 

SHAP 

Precision/Recall/F1 

≈ 0.92; training 

accuracy 0.97 

Scientific Reports 

12 

Dangi et 

al., 2025 

[17] 

Crop yield LightGBM SHAP R² = 0.94 2025 IEEE REACS 

13 

Alsumaiei 

et al., 2026 

[25] 

Soil 

moisture / 

irrigation 

(arid) 

SVM, Gaussian 

Process Regression, 

Bagged Trees 

Ensemble 

SHAP 

R² up to 0.987 

(Bagged Trees 

Ensemble) 

J. Irrigation and Drainage 

Engineering 

14 

Alahmad et 

al., 2025 

[26] 

Soil-

moisture 

content 

Random Forest 

Regression 
SHAP 

R² up to 0.97 (silt 

loam, 5 cm depth) 

Acta 

AgronomicaÓváriensis 

15 

Gopalan et 

al., 2025 

[18] 

Corn leaf 

disease 
ResNet152 

Grad-

CAM 

98.34% test 

accuracy 
BMC Plant Biology 

16 
Islam et al., 

2025 [19] 

Plant 

disease (15 

species) 

EfficientNetB7 
Grad-

CAM 

99.90% test 

accuracy 
2025 ICCIT 
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No. 

Study 

(Authors, 

Year) 

Domain Model(s) 
XAI 

Method 

Reported 

Performance (as 

stated) 

Venue / DOI 

17 
Joy et al., 

2025 [20] 

Plant 

disease 

(comparativ

e) 

InceptionV3, 

DenseNet121, 

Xception, 

MobileNetV2 

Grad-

CAM + 

Explaina

bility 

Score 

97.47–98.47% 

accuracy across 4 

backbones 

2025 ICoEIT 

18 

Alhammad 

et al., 2025 

[21] 

Potato leaf 

disease 

Transfer-learning 

CNN 

Grad-

CAM 
98% test accuracy 

Frontiers in Artificial 

Intelligence 

19 

Al Kafi et 

al., 2026 

[22] 

Plant 

disease 

(edge 

computing) 

Logistic Regression 

+ MobileNetV3 

(hybrid) 

Grad-

CAM 

~3% accuracy loss 

vs. full DL; 77.6% 

faster inference 

PLOS One 

20 

Gupta et 

al., 2025 

[24] 

Crop 

recommend

ation / 

health 

LightGBM SHAP 98.64% accuracy 2025 MoSICom 

21 
Pai et al., 

2025 [8] 

Review – 

XAI in 

agriculture 

n/a (review) 

LIME, 

SHAP, 

Grad-

CAM, 

rule-

based 

(surveye

d) 

n/a (methodological 

review) 

Engineering Research 

Express 

22 

Rajbongshi 

et al., 2026 

[9] 

Review – 

XAI for 

sustainable 

agriculture 

n/a (review, 2017–

2024 literature) 

LIME, 

SHAP, 

Grad-

CAM 

(surveye

d) 

n/a (methodological 

review) 

Artificial Intelligence 

Review 

23 

Abdul 

Razak et 

al., 2024 

[10] 

Scoping 

review – 

Agriculture 

5.0 & XAI 

n/a (84 articles, 

2018–2023) 

XAI 

methods 

(surveye

d) 

n/a (scoping 

review) 

Emerging Science J.; 

doi:10.28991/ESJ-2024-

08-02-024 

 

Table 1 groups the reviewed sources into four categories: (i) foundational Green AI and XAI references; (ii) crop-yield 

and soil/irrigation prediction studies that use XAI; (iii) plant-disease detection studies that use XAI; and (iv) broader 

reviews of XAI in agriculture. For each source, the table reports the models used, the XAI technique used, the headline 
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performance metric exactly as stated in the original paper, and the publication venue with its DOI where one is publicly 

indexed.  

 Table 1. Reviewed literature at the intersection of Green AI, XAI and  machine learning  

Two patterns are visible across Table 1. First, SHAP is the dominant explainability technique for tabular, regression 

tasks (yield and soil-moisture prediction), while Grad-CAM dominates image-based classification tasks (disease 

detection). Second, of the fifteen application-focused XAI studies summarised in rows 6–20 of Table 1, only one – the 

corn-yield study of Kehkashan et al. [16], explicitly framed within a special section on sustainable, low-carbon 

agricultural computing – is positioned around energy efficiency at all, and even that study does not report a quantified 

energy, compute-time, or carbon figure alongside its accuracy and SHAP results. This asymmetry is quantified in 

Section 4.2 and is the central empirical gap that the proposed framework in Section 3 is designed to close. 

 

III. METHODOLOGY 

This section proposes a Green-XAI methodological framework for agricultural ML, addressing gaps RG1–RG4 

identified in Section 1. The framework has not yet been empirically executed; it is presented here as a fully specified 

methodology – dataset scope, candidate models with their governing equations, the explainability mechanism, and the 

energy-instrumentation protocol – intended for the empirical validation described in Section 5. 

3.1 Dataset 

The framework is designed around three agricultural task families for which suitable public or field-collected data are 

available. 

 Crop-yield / soil-condition prediction – tabular data combining meteorological variables (temperature, 

rainfall, humidity, solar radiation), soil properties (moisture, N-P-K levels, pH), and management variables 

(crop type, sowing date, irrigation regime), of the kind used in the crop-yield and soil-moisture studies in 

Table 1 [11], [12], [16], [25], [26]. Suitable sources include national agricultural-statistics datasets and open 

agromet / soil-sensor repositories. 

 Plant-disease detection – RGB leaf imagery labelled by disease class, following the benchmark structure 

used in [19], [21], [22], [23] (e.g., PlantVillage-style corpora), supplemented where possible with field-

captured images to test out-of-distribution robustness, an aspect noted as under-addressed in the reviewed 

disease-detection literature [20]. 

 Irrigation / soil-moisture time series – multi-depth soil-moisture and evapotranspiration sensor time series 

with corresponding meteorological drivers, following the structure used in [25], [26]. 

 For all three task families, a stratified 70/15/15 or 80/10/10 train/validation/test split is proposed, stratified by 

crop type or disease class where applicable, consistent with the split ratios reported in the reviewed literature 

(e.g., a 70/30 train/test split in [18]). 

 

3.2 Proposed Model Framework 

To keep the accuracy–energy trade-off central rather than incidental, the framework evaluates two tiers of models 

against each task family, both of which recur repeatedly in Table 1. 

 Tier 1 – lightweight tree-based ensembles: Random Forest (RF), XGBoost, and LightGBM for the tabular 

yield / soil tasks. 

 Tier 2 – compact deep architecture: a small transfer-learning CNN (e.g., a MobileNetV2- or EfficientNet-B0-

class network) for the imagery task, deliberately chosen at the lighter end of the backbone spectrum 

represented in Table 1, where the reviewed studies mostly report on much larger networks (ResNet152, 

EfficientNetB7). 

Each tier is paired with the SHAP explainability layer described in Section 3.4, and every training and inference run is 

wrapped in the energy-instrumentation layer described in Section 3.5, so that accuracy, explanation quality, and energy 

cost are measured on the same run rather than estimated separately after the fact. 
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3.3 Model Formulations 

Random Forest aggregates T decision trees h� trained on bootstrap samples with random feature subsampling at each 

split. For a regression target the ensemble prediction is 

                  ŷ(x) = (1/T) Σ���ᵀ h�(x)     (1) 

and for classification the prediction is the majority vote across trees. 

Gradient-boosted trees (XGBoost, LightGBM) build an additive ensemble of K trees f� sequentially, each fitted to the 

residual gradient of the loss from the previous stage. The regularised training objective at iteration K is 

                Obj(θ) = Σᵢ l(yᵢ, ŷᵢ) + Σ� Ω(f�) ,   Ω(f) = γTᶠ + ½λ‖w‖²   (2) 

where l is a differentiable loss (e.g., squared error for yield regression), Tᶠ is the number of leaves in tree f, w the leaf 

weights, and γ, λ are regularisation coefficients that penalise tree complexity – the mechanism by which these methods 

control overfitting without the very large parameter counts associated with deep networks. LightGBM uses the same 

additive-boosting objective but grows trees leaf-wise with gradient-based one-side sampling, which is the source of its 

typically lower training-time and memory footprint relative to level-wise boosting, a property directly relevant to the 

energy-efficiency objective of this framework. 

Convolutional neural networks for disease classification learn a hierarchy of convolutional feature maps Aᵏ followed by 

a classification head producing class scores yᶜ. As a complementary check on SHAP (Section 3.4), the framework also 

computes Grad-CAM localisation maps: 

                   α�ᶜ = (1/Z) Σᵢ Σ�  (∂yᶜ / ∂Aᵢ��) ,Lᴴʳᵃᵈᴸᴬᴹᶜ = ReLU( Σ� α�ᶜ A� )   (3) 

which produces the coarse leaf-region localisation used throughout the disease-detection literature in Table 1 [18]–[23] 

to indicate which part of an image drove a given classification. 

 

3.4 Explainable AI Integration (SHAP) 

Interpretability is provided primarily through SHAP [4], which is model-agnostic and applies uniformly across the 

Tier-1 tree ensembles and, via its DeepSHAP/GradientSHAP variants, the Tier-2 CNN. SHAP attributes a prediction 

f(x) to its input features by computing each feature’s Shapley value – the game-theoretic solution for fairly dividing a 

prediction among ‘players’ (features): 

                    φᵢ = Σ S⊆F\{i}  [ |S|!(|F|−|S|−1)! / |F|! ] · [ f(S∪{i}) − f(S) ]   (4) 

where F is the full feature set and f(S) is the model’s expected output when only the features in subset S are known. 

The framework uses TreeSHAP for the Tier-1 ensembles – an efficient, polynomial-time algorithm for tree models 

rather than the exponential-time formulation in Eq. (4) specifically because its lower computational (and therefore 

energy) cost relative to KernelSHAP is itself part of the efficiency argument this paper makes. Both global explanations 

(mean absolute SHAP value per feature, aggregated across the test set, to identify dominant agronomic drivers such as 

rainfall, NDVI, or nitrogen level, consistent with [11], [16], [25]) and local explanations (per-prediction SHAP values, 

to justify an individual yield or disease call to an end user) are computed and logged. 

 

3.5 Green AI Energy-Efficiency Instrumentation 

Every training run, and every batch of SHAP or Grad-CAM explanation computation, is wrapped with an energy 

tracker (e.g., CodeCarbon [28], which samples CPU, GPU, and RAM power draw via RAPL/NVML and multiplies by 

run duration and local grid carbon intensity). For a run of duration T, total energy is decomposed as 

E_total = E_CPU + E_GPU + E_RAM = ∫�ᵀ [P_CPU(t) + P_GPU(t) + P_RAM(t)] dt          (5)    

and the associated emissions estimate is 

CO�e = E_total × CI_grid   (6) 

where CI_grid is the regional carbon intensity of the electricity supply (kg CO�e per kWh). Reporting both E_total (a 

hardware-portable metric, following Schwartz et al.’s recommendation to report a hardware-independent proxy such as 

FLOPs alongside a “price tag” metric [1]) and CO�e (a policy-relevant but location-dependent metric) directly 

addresses RG1 and RG3: energy is logged separately for the model-training phase and for the explanation-generation 
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phase (TreeSHAP / Grad-CAM), so that the marginal cost of explainability itself becomes visible rather than folded 

silently into total training cost. 

3.6 Evaluation Protocol 

Three families of metric are proposed, evaluated jointly rather than sequentially.

 Predictive performance – R² and RMSE for the yield/soil regression tasks; accuracy, precision, recall and F1 

for the disease-classification task,chosen to remain directly comparable to Table 1.

 Explanation quality – SHAP-consistency across bootstrap resamples (whether the top

remain stable), and, for the imagery tier, Grad

Explainability Score and Jaccard-index approach used by Joy et al. [20].

 Resource efficiency – E_total and CO

accuracy-per-kWh and accuracy

accuracy-versus-energy analysis that is the central comparison this framework is designed to produce and that 

is largely absent from Table1. 

 

IV

4.1 Comparative Synthesis of Reported Model Performance

Figures 1 and 2 consolidate the headline performance figures reported by the studies in Table 1, grouped by task 

family. These are the values reported by the original authors on their own test sets 

benchmark – and are reproduced here to make the current state of the art visible in one place; direct  

comparison across studies should be read with the caveat that datasets, train/test splits, and evaluation protocols differ 

between them. 

Fig 1 – Reported R²  for crop

For crop-yield and soil-moisture prediction (Fig. 1), tree

bagged-tree ensemble of Alsumaiei et al. [25] and the SHAP

Yenkikar et al. [12] both report R² above 0.98, and XGBoost

range across four independent studies [12], [13], [15], [17]. Simpler models trail noticeably: in the Mampitiya et al. tea
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family. These are the values reported by the original authors on their own test sets – not an independent re
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yield comparison [14], CatBoost (R² = 0.904) clearly outperforms an unregularised ANN (R² = 0.573) on the same 

99.90% (EfficientNetB7 [19]). Within a single controlled comparison across four backbones, Joy et al. [20] report a 

spread of only about one percentage point between the best and weakest backbone 

difficulty, backbone choice affects accuracy far less than it likely affects the resource cost of achieving that accuracy, a 

relationship the framework in Section 3 is d

detection (Fig. 2), transfer-learning CNN backbones explained with Grad

from 97.47% (InceptionV3 [20]) to   

 dataset, evaluated with the same SHAP pipeline.

 Fig 2 – Reported test-set classification accuracy of explainable deep

the studies in Table 1. 

4.2 The Green-AI / XAI Reporting Gap 

Figure 3 – Coverage of predictive-performance 

reporting across the 15 application-focused studies in Table 1.
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Figure 3 quantifies the central empirical gap motivating this paper. Of the fifteen application-focused XAI-in-

agriculture studies summarised in Table 1 (rows 6–20), all fifteen report a predictive-performance metric and all fifteen 

report an explainability component, but none report a quantified energy-, compute-time-, or carbon-related 

measurement alongside their results – not even Kehkashan et al.’s study [16], which is explicitly positioned within a 

special section on sustainable, low-carbon agricultural computing. Even the purpose-built Green-AI-for-agriculture 

framework of Elbasi et al. [5] does not itself incorporate an explainability layer, instead listing XAI integration as 

future work. Read together, these observations show that Green AI and XAI have so far been treated as separate design 

goals in the agricultural-ML literature reviewed here, rather than jointly optimised – precisely the gap RG1 identifies. 

4.3 Positioning of the Proposed Framework 

Table 2 positions the Green-XAI framework proposed in Section 3 against the general pattern observed across the 

reviewed literature (Table 1), rather than against any single study, since no single prior work combines all of the listed 

dimensions. 

Dimension 
Typical prior XAI-agriculture study 

(Table 1 pattern) 

Proposed Green-XAI framework 

(Section 3) 

Explainability method 
SHAP or Grad-CAM – usually one 

technique, chosen by input modality 

SHAP across both tiers (TreeSHAP + 

GradientSHAP), cross-checked against 

Grad-CAM for imagery 

Model families compared Usually one family or a small ad hoc set 

Tiered comparison: RF / XGBoost / 

LightGBM vs. a compact CNN, explicitly 

including a lightweight tier 

Energy / carbon reporting 
Reported in 0 of the 15 application studies 

reviewed (Table 1, Fig. 3) 

Reported for every training run and every 

explanation batch, by design (Section 

3.5) 

Explanation cost isolated from 

training cost 
Not reported in any reviewed study Measured separately via Eq. (5)–(6) 

Efficiency metric Not defined 
Accuracy-per-kWh and accuracy-per-

explanation-second (Section 3.6) 

Validation status Empirically executed; single-study results 
Proposed and fully specified; empirical 

validation planned 

Table 2. Qualitative comparison of the proposed framework against the pattern observed in reviewed prior work 

4.4 Expected Outcomes and Hypotheses for Empirical Validation 

The comparative synthesis in Sections 4.1–4.3 supports three testable hypotheses for the empirical validation described 

in Section 5, rather than results in themselves. 

 H1 (accuracy–efficiency trade-off): given that tree-based ensembles already match or exceed deep-learning-

level accuracy on the tabular yield/soil tasks in Fig. 1, Tier-1 models are expected to reach within a few 

percentage points of Tier-2 CNN accuracy on comparable tasks while requiring substantially less training 

energy, consistent with the generally lower FLOP cost of gradient-boosted trees relative to deep CNNs. 

 H2 (explanation overhead):TreeSHAP’s polynomial-time complexity on ensemble models is expected to add 

a small, near-constant energy overhead relative to model training, whereas Grad-CAM’s marginal cost is 

expected to scale with the number of images explained rather than with model size – meaning the energy cost 

of ‘being explainable’ is expected to differ structurally between the two model tiers. 
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 H3 (backbone diminishing returns): consistent with the narrow accuracy spread across CNN backbones 

noted in Fig. 2 [20], smaller backbones (e.g., MobileNetV2-class) are expected to sacrifice little accuracy 

relative to the largest backbones (ResNet152,EfficientNetB7) while offering a disproportionately larger 

reduction in training and inference energy. 

 

V. FUTURE WORK 

The immediate next step is to implement and execute the framework specified in Section 3 against the three task 

families, using the datasets outlined in Section 3.1, and to test Hypotheses H1–H3 empirically, reporting accuracy, 

explanation-quality, and energy/carbon metrics jointly as proposed in Section 3.6. Beyond this core validation, several 

extensions follow naturally from the gaps identified in Section 1. 

 Federated and edge deployment – extending the energy-instrumentation layer to federated-learning and 

edge-computing settings, in line with the direction flagged by Elbasi et al. [5] and the edge-focused disease-

detection work of Al Kafi et al. [22], so that on-device inference energy – not just centralised training energy – 

is captured. 

 Explanation-faithfulness benchmarking – moving beyond SHAP-consistency and Grad-CAM/SHAP 

agreement (Section 3.6) toward formal faithfulness and robustness metrics for XAI in the agricultural domain, 

an open problem also flagged in recent XAI-agriculture reviews [8], [9]. 

 Actionable sustainability loops – closing RG4 by connecting SHAP-identified drivers (e.g., over-

fertilisation, excess irrigation) directly to farm-level resource-reduction recommendations and measuring 

downstream water/fertiliser savings, rather than treating explainability as an end in itself. 

 Reporting standards – contributing toward a standard “efficiency label” for agricultural-AI publications, 

comparable to the “price tag” reporting Schwartz et al. proposed for AI research generally [1], so that energy 

and carbon costs become as routinely reported as accuracy in this literature. 

 

VI. CONCLUSION 

Artificial intelligence is increasingly central to precision agriculture, and explainability is increasingly treated as a 

precondition for farmer and policymaker trust in its predictions. This paper has shown, through a structured synthesis of 

recent literature, that the parallel push toward energy- and carbon-efficient – “Green” – AI has not yet been integrated 

with that explainability effort in the agricultural domain: fifteen recent XAI-in-agriculture studies report strong 

predictive performance and rich SHAP- or Grad-CAM-based explanations, yet none report a quantified energy or 

carbon measurement, and the one purpose-built Green-AI agriculture framework identified explicitly defers 

explainability to future work. In response, this paper has proposed a fully specified Green-XAI methodological 

framework – spanning dataset scope, tiered model formulations, SHAP-based interpretability, and energy/carbon 

instrumentation – designed to close this gap, together with the concrete hypotheses and validation plan needed to test it 

empirically. Carrying out that validation is the necessary next step toward agricultural AI systems that are 

simultaneously trustworthy and demonstrably sustainable. 
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