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Abstract. Efficient irrigation management is important for sustainable
agriculture because over-irrigation and under-irrigation can reduce wa-
ter efficiency, soil quality, and crop productivity. Conventional irrigation
practices often depend on fixed schedules, manual observation, or simple
threshold rules, which are not sufficiently adaptive to changing soil and
weather conditions. This study proposes an explainable hybrid machine
learning framework for smart irrigation prediction and anomaly-aware
decision support. A public smart farming sensor dataset was used, and
selected soil, weather, crop, and irrigation-related features were consid-
ered. Since the dataset did not contain direct irrigation decision or fail-
ure labels, irrigation need and anomaly labels were constructed using soil
moisture, temperature, humidity, and soil moisture change. SMOTE was
applied to handle class imbalance, while CTGAN was used to evaluate
the effect of synthetic tabular data augmentation through a CTGAN ver-
sus non-CTGAN comparison. Multiple machine learning classifiers were
evaluated using accuracy, F1-score, ROC-AUC, and cross-validation. The
CTGAN-enhanced Random Forest model achieved 0.9989 accuracy and
0.9898 F1-score for irrigation need prediction, while CatBoost achieved
0.9540 accuracy and 0.9541 F1-score for anomaly-aware warning. How-
ever, because the irrigation target was constructed from variables that
were also available to the classifier, the near-perfect irrigation result pri-
marily indicates successful recovery of the predefined pseudo-labeling
rules rather than independently validated agronomic prediction. SHAP
and LIME were used for explanation, and the final recommendation en-
gine converted model outputs into practical irrigation actions.

Keywords: Smart irrigation, machine learning, anomaly detection, CT-
GAN, SMOTE, SHAP, LIME, decision support.

1 Introduction

Efficient irrigation management is a major challenge in modern agriculture be-
cause water availability, soil condition, weather variation, and crop demand
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change continuously. Conventional irrigation practices often depend on fixed
schedules, manual observation, or simple soil-moisture thresholds, which may
cause over-irrigation, under-irrigation, water loss, soil degradation, and reduced
crop productivity. Recent studies show that machine learning can support smart
irrigation by analyzing soil moisture, temperature, humidity, rainfall, and related
environmental variables [1]. Similar work has also shown that machine learning-
based irrigation support can reduce water usage and improve soil moisture fore-
casting [2]. However, many existing studies mainly focus on irrigation prediction
or scheduling, while anomaly-related conditions such as leakage, abnormal mois-
ture change, and possible system failure are less frequently integrated into the
same decision-support framework [3].

A practical solution is to combine irrigation need prediction, anomaly-aware
warning, explainability, and recommendation generation within one data-driven
framework. Sensor and IoT-based irrigation studies have emphasized the im-
portance of real-time monitoring and multi-source agricultural data for better
irrigation control [4]. Recent studies also show that machine learning methods
can perform well in irrigation-related prediction and control tasks, but there is
still a need for compact frameworks that connect prediction results with practical
field-level decisions [5]. Therefore, a framework that can handle class imbalance,
compare synthetic augmentation, explain model behavior, and generate recom-
mendations can make irrigation decision support more useful.

To address these issues, this study proposes an explainable hybrid machine
learning framework for smart irrigation prediction and anomaly-aware decision
support. A public smart farming sensor dataset was used, and selected soil,
weather, crop, and irrigation-related features were considered. Since the dataset
did not contain direct irrigation decision or real failure labels, irrigation need and
anomaly labels were constructed using soil moisture, temperature, humidity, and
soil moisture change. Multiple machine learning models were evaluated under
CTGAN and non-CTGAN settings, SMOTE was used for imbalance handling,
SHAP and LIME were used for explanation, and the final outputs were converted
into practical irrigation recommendations. The main contributions of this study
are summarized as follows:

– A hybrid irrigation decision-support framework is proposed by integrating
irrigation need prediction and anomaly-aware warning generation.

– Irrigation need and anomaly labels are constructed from sensor-based soil
and environmental conditions because direct decision and failure labels are
not available in the original dataset.

– SMOTE and CTGAN are used to address class imbalance and small dataset
limitations, and a CTGAN versus non-CTGAN comparison is performed.

– Multiple machine learning models are evaluated using accuracy, precision,
recall, F1-score, ROC-AUC, and cross-validation, with final model selection
mainly based on F1-score.

– SHAP and LIME are incorporated to explain global and local model predic-
tions.

– A recommendation engine is developed to convert prediction and anomaly
outputs into practical irrigation actions.
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The remainder of this paper is organized as follows. Section 2 reviews related
work. Section 3 presents the methodology. Section 4 discusses the experimen-
tal results. Section 5 discusses the findings. Section 6 concludes the paper and
outlines future work. Finally, Section 7 provides details on code and data avail-
ability.

2 Literature Review

Machine learning (ML) and artificial intelligence (AI) have driven transforma-
tive advances across domains where high-stakes decision-making and trustwor-
thiness are essential. A major share of this research focuses on clinical and cog-
nitive healthcare, ranging from comprehensive frameworks for cognitive assess-
ment [6] and comparative benchmarks for dementia identification [7] to inter-
pretable fuzzy reasoning for automated clinical diagnosis [8]. In neurodegenera-
tive care, deep transfer-learning ensembles have markedly enhanced Alzheimer’s
disease classification [9], complemented by integrated Internet-of-Healthcare-
Things (IoHT) paradigms [10], pervasive sensor systems [11], and inclusive AI ar-
chitectures tailored for broader neurological disorders [12]. Parallel developments
in neurodevelopmental conditions highlight automated psychological screening
[13], IoT-based assessment platforms [14], and assistive fuzzy interfaces for pedi-
atric care [15]. Beyond cognitive health, diagnostic machine learning has proven
effective across varied medical imaging and signal modalities. Recent break-
throughs include structural brain MRI segmentation [16], bio-inspired optimiza-
tion for brain pathology classification [17], few-shot grading of diabetic retinopa-
thy [18], convolutional thermal imaging for breast cancer screening [19], and
acoustic analysis of respiratory patterns [20]. Critical state-of-the-art syntheses
have mapped diagnostic avenues for epileptic seizure prediction [21] and poly-
cystic ovary syndrome (PCOS) detection [22]. At the sensor level, learning al-
gorithms increasingly process high-dimensional physiological signals, from raw
extracellular neural recordings [23] and in-vivo artifact removal [24] to fuzzy-
ensemble EEG emotion recognition [25] and wearable stress tracking [26]. In
personal mobility and assistive environments, ambient intelligence supports con-
tinuous patient safety through emotion-aware fall monitoring [27], multimodal
kinetic fusion [28], indoor navigation for patients with progressive neurodegener-
ation [29], and neuro-fuzzy controllers for autonomous wheelchairs [30]. Closely
aligned human-centered pipelines extend into behavioral analytics, addressing
continuous cognitive engagement [31], sentiment-driven academic performance
quantification [32], and data-driven anomaly detection in daily human activities
[33]. Underpinning these intelligent services is the need for robust, decentral-
ized, and tamper-resistant infrastructure. Recent work addresses next-generation
6G medical connectivity [34], Bayesian-blockchain frameworks for smart health-
care security [35], and end-to-end protective protocols for medical IoT ser-
vices [36]. Similar security-by-design strategies secure low-power edge nodes via
lightweight S-MQTT architectures [37], software-defined fuzzy intrusion detec-
tion [38], distributed KYC verification in banking [39], dynamic trust evaluation
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in ad-hoc mobile networks [40], and provenance tracking in agricultural supply
chains [41]. Beyond clinical and security contexts, intelligent optimization has
demonstrated success in cyber-physical automation—including adaptive fuzzy
controllers for photovoltaic arrays [42], recurrent networks for commodity mar-
ket forecasting [43], forensic camera source attribution [44], and autonomous
aquabots for precision pond management [45]. Taken together, alongside the
pedagogical shift toward Industry 5.0 educational frameworks [46] and formal
explainability paradigms [47], these developments reflect a decisive transition
toward multimodal, transparent, and context-aware intelligent systems.

In addition, the use of data-driven methods in irrigation management has in-
creased because water scarcity, irregular rainfall, soil variability, and inefficient
irrigation practices directly affect crop production. Younes et al. [1] reviewed ma-
chine learning applications for smart irrigation and reported that neural-network
and ensemble-based approaches often achieved strong performance, with median
accuracy values around 0.95 and median R2 values around 0.87. Lephondo et
al. [2] applied machine learning for irrigation support and reported soil moisture
forecasting performance with a correlation value of about 96%. Umutoni and
Samadi [3] reviewed ML-based irrigation decision-making and found that gradi-
ent boosting achieved an RMSE of 0.11 and accuracy of 92.7%, while a binary
tree classifier reached about 95% success rate. These studies show that machine
learning can improve irrigation scheduling compared with fixed-rule and manual
irrigation practices.

Recent studies have also emphasized IoT, sensor integration, real-time irri-
gation management, and water-related agricultural prediction. Nsoh et al. [4]
reported that some multi-source irrigation models achieved R2 values between
0.7602 and 0.9181, with RMSE reduction between 32.505% and 57.125%. Del-
Coco et al. [5] reported high performance in irrigation control tasks, includ-
ing 0.98 pump activation accuracy and 0.97 soil moisture prediction accuracy.
Vallejo-Gómez et al. [48] highlighted the importance of soil moisture, tempera-
ture, humidity, and wireless sensor networks in automated irrigation systems. Vij
et al. [49] showed that IoT and machine learning can reduce manual intervention
in farm irrigation. Mokhtar et al. [50] predicted irrigation water requirements
using several ML and deep learning models, where DNN achieved RMSE =
0.055 mm and CNN/DNN models produced R2 values above 0.90. El Bilali and
Taleb [51] applied machine learning to irrigation water quality prediction in a
semi-arid environment. Hussein et al. [52] used ML for irrigation water quality
index prediction, where XGBoost achieved R2 = 0.971, RMSE = 2.827, and
MAE = 2.221.

Anomaly detection and explainability are important for making irrigation
systems more reliable and transparent. Benameur et al. [53] proposed a low-cost
irrigation anomaly detection system using deep learning and reported that the
best autoencoder model achieved 97.60% accuracy and 97.60% F1-score. Ad-
kisson et al. [54] showed that autoencoder-based methods can detect abnormal
behavior in smart farming sensor environments. Cartolano et al. [55] analyzed
explainable AI models for smart agriculture and showed the importance of expla-
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nation methods in agricultural prediction. Abdul Razak et al. [56] emphasized
that explainability is necessary for trust in agriculture-related decision-making.
Bouni et al. [57] showed that SHAP and LIME can support global and local
explanation in agricultural recommendation tasks. SMOTE [58] is widely used
for minority-class oversampling, while CTGAN [59] is useful for synthetic tab-
ular data generation. SHAP [60] and LIME [61] are also commonly used for
interpreting global feature importance and local prediction behavior.

From the reviewed studies, it is clear that previous works have improved ir-
rigation prediction, IoT-based automation, water requirement estimation, water
quality prediction, anomaly detection, and explainable agricultural modeling.
However, many studies focus on only one part of the problem, such as irriga-
tion scheduling, water quality estimation, or sensor automation. Fewer stud-
ies combine irrigation need prediction, anomaly-aware warning, class imbalance
handling, synthetic tabular augmentation, explainability, and recommendation
generation in one compact framework. Moreover, many irrigation datasets do
not contain direct irrigation decision labels or real failure labels. Therefore, this
study addresses these gaps by constructing irrigation need and anomaly labels
from sensor-based conditions, comparing CTGAN and non-CTGAN settings,
applying SMOTE, using SHAP and LIME, and generating practical irrigation
recommendations from model outputs.

3 Methodology

This study follows a hybrid irrigation decision-support pipeline that combines
irrigation need prediction, anomaly-aware warning, class imbalance handling,
CTGAN-based augmentation, explainability, and recommendation generation.
No new machine learning algorithm was developed; instead, existing classifiers
were evaluated for two connected tasks: binary irrigation need prediction and
anomaly-aware classification. The overall workflow of the proposed framework is
shown in Fig. 1.

3.1 Dataset and Preprocessing

The dataset used in this study was the publicly available Smart Farming Sensor
Data for Yield Prediction dataset from Kaggle [62]. It contains soil, weather,
crop, irrigation, and sensor-related farming records. Since the objective of this
work is irrigation decision support, non-essential attributes such as farm ID,
sensor ID, region, location, crop yield, and disease status were removed from
the predictive feature set. The date field was not used as a model input. Soil-
moisture change was calculated using consecutive records before the unnecessary
identifier information was excluded from model training. The features used were
soil pH, soil moisture, temperature, humidity, sunlight hours, rainfall, irrigation
type, and crop type. Missing numerical values were handled using the median,
while categorical missing values were handled using the mode. Categorical vari-
ables were encoded, and scaling was applied for scale-sensitive classifiers such as
Logistic Regression, KNN, and SVM.
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Fig. 1: Workflow of the proposed smart irrigation prediction and anomaly-aware
decision-support framework.

3.2 Irrigation and Anomaly Label Construction

The original dataset did not contain direct irrigation decision labels. Therefore, a
binary pseudo-label named Irrigation_Need was constructed using soil moisture,
temperature, and humidity:

Y irr
i =

{︄
1, if SMi < 30 ∧ Tempi > 25 ∧Humi < 60,

0, otherwise.
(1)

The thresholds used for pseudo-label construction were treated as heuristic op-
erating conditions for this experimental framework rather than universal agro-
nomic limits. They were selected to represent comparatively dry soil together
with warm and low-humidity conditions under which irrigation demand would
be more likely. Because irrigation requirements vary by crop, soil type, growth
stage, and local climate, these thresholds should not be interpreted as fixed rec-
ommendations for all agricultural environments. Here, Y irr

i = 1 indicates that
irrigation is required, while Y irr

i = 0 indicates that irrigation is not required.
For anomaly-aware warning, soil moisture change was calculated as:

∆SMi = SMi − SMi−1 (2)

Here, SMi represents the soil-moisture value of the current record and SMi−1

represents the soil-moisture value of the preceding record in the available data

Hybrid ML Framework for Smart Irrigation Prediction 423



sequence. The date variable itself was not supplied to the machine-learning classi-
fiers. Using soil moisture and moisture change, the anomaly label was constructed
as:

Y anom
i =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

1, if SMi > 80,

2, if SMi < 15,

3, if ∆SMi < −20,

4, if ∆SMi = 0,

0, otherwise.

(3)

Similarly, the anomaly thresholds were used to create interpretable experimental
warning categories from the available sensor variables. They provide a rule-based
basis for evaluating the anomaly-aware pipeline but require agronomic and field
validation before operational use. Class 0 represents normal condition, class 1
represents over-irrigation risk, class 2 represents under-irrigation risk, class 3 rep-
resents possible leakage, and class 4 represents possible system anomaly.In the
available dataset, observed records were available only for the normal, under-
irrigation, and possible-leakage categories. No observed samples satisfied the
rules for over-irrigation or system anomaly. Therefore, classes 1 and 4 are re-
tained only as rule-defined decision categories in the framework and were not
empirically validated as observed anomaly classes.

3.3 SMOTE, CTGAN, and Model Evaluation

The available records were divided into training and test subsets before model
evaluation. The test subset was kept separate from model fitting and was used
to evaluate the trained classifiers. SMOTE was applied only to the training data
so that synthetic minority samples were not directly introduced into the test set.
The CTGAN experiment was conducted as a separate augmentation setting and
was compared with the non-CTGAN baseline. Therefore, the reported CTGAN
and non-CTGAN results should be interpreted as an experimental comparison
on this dataset rather than as evidence of external generalization. A synthetic
minority sample is generated as:

xnew = xi + λ(xnn − xi) (4)

where xi is a minority-class sample, xnn is one of its nearest minority-class
neighbors, and λ is a random value between 0 and 1.

CTGAN was used to generate synthetic tabular farming records and evalu-
ate whether generative augmentation could improve model performance under
a small dataset setting. The synthetic records were labeled using the same irri-
gation and anomaly label rules. Two experimental settings were compared:

Dbaseline = SMOTE(Dreal),

DCTGAN = SMOTE(Dreal ∪Dsynthetic).
(5)

This CTGAN versus non-CTGAN comparison is a key novelty of the study
because synthetic data were not used only for augmentation; their effect was
experimentally compared against a non-CTGAN SMOTE baseline.
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The evaluated classifiers included Logistic Regression, KNN, SVM, Naive
Bayes, Decision Tree, Random Forest, XGBoost, LightGBM, CatBoost, and se-
lected ensemble settings. Performance was evaluated using accuracy, precision,
recall, F1-score, ROC-AUC, and 10-fold cross-validation. F1-score was used as
the main model-selection metric because the irrigation and anomaly targets were
imbalanced. Cross-validation was used as a supporting measure to examine the
stability of model performance across different data partitions. Since the data
were imbalanced, final model selection was mainly based on F1-score:

M∗ = argmax
Mj

F1(Mj) (6)

where M∗ represents the selected classifier and F1(Mj) represents the F1-score
of the j-th candidate classifier.

3.4 Explainability and Recommendation Engine

SHAP and LIME were used to support model transparency. SHAP was applied
to identify global feature importance, while LIME was used to explain individ-
ual predictions. The final recommendation engine combines irrigation output,
anomaly output, and input conditions to generate practical irrigation actions:

Di =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

Irrigation needed, ŷirri = 1 ∧ ŷanomi = 0,

No irrigation needed, ŷirri = 0 ∧ ŷanomi = 0,

Potential over-irrigation warning, ŷanomi = 1,

Monitor under-irrigation, ŷanomi = 2,

Possible leakage detected, ŷanomi = 3,

Potential system-anomaly warning, ŷanomi = 4.

(7)

This recommendation layer is another novelty of the study because the frame-
work converts prediction and anomaly outputs into actionable irrigation deci-
sions instead of stopping at classification results.

4 Results

Since the dataset was imbalanced, F1-score was considered the main evaluation
metric, while accuracy, ROC-AUC, and cross-validation performance were used
as supporting measures.

4.1 Class Distribution Analysis

The dataset contained 500 records after preprocessing and pseudo-label con-
struction. Table 1 shows the original irrigation need distribution, the balanced
distribution after SMOTE, and the CTGAN-generated synthetic distribution.
The original target was imbalanced, with 438 non-irrigation samples and only
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Table 1: Class Distribution of the Irrigation Need Target
Class Meaning Original Original % SMOTE CTGAN

0 Irrigation not required 438 87.60% 350 384
1 Irrigation required 62 12.40% 350 116

Total – 500 100% 700 500

62 irrigation-required samples. After SMOTE, both classes were balanced with
350 samples each. CTGAN generated 500 additional synthetic records for eval-
uating the effect of synthetic tabular augmentation.

The anomaly target was also imbalanced, as shown in Table 2. Normal records
were dominant, while under-irrigation and leakage appeared as minority classes.
No original samples were found for over-irrigation and system failure. This distri-
bution shows that the available dataset does not provide observed examples for
all predefined anomaly categories. Therefore, performance for the missing over-
irrigation and system-anomaly categories cannot be evaluated from the current
data.

Table 2: Class Distribution of the Anomaly Target
Class Meaning Samples Percentage

0 Normal condition 399 79.80%
1 Over-irrigation risk 0 0.00%
2 Under-irrigation 55 11.00%
3 Possible leakage 46 9.20%
4 Possible system anomaly 0 0.00%

Total – 500 100%

4.2 CTGAN Synthetic Data Quality Evaluation

CTGAN was used to generate 500 synthetic farming sensor records. The gener-
ated data were evaluated using distribution comparison, correlation comparison,
Kolmogorov–Smirnov testing, and Train on Synthetic, Test on Real validation.
Although the KS test showed distributional differences between real and syn-
thetic numerical features, TSTR validation achieved 0.9840 accuracy and 0.9836
F1-score for irrigation need prediction. Therefore, CTGAN was used as an aug-
mentation strategy rather than as a replacement for real sensor records.
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4.3 CTGAN versus Non-CTGAN Model Comparison

Table 3 compares model performance under non-CTGAN and CTGAN-enhanced
settings. CTGAN did not improve all classifiers equally. Linear and distance-
based models showed lower F1-scores after CTGAN augmentation, while Ran-
dom Forest showed the strongest improvement. This supports the novelty of
evaluating CTGAN experimentally instead of using synthetic data without com-
parison.

Table 3: CTGAN vs Non-CTGAN Performance Comparison
Model Framework Accuracy F1-Score
Logistic Regression Non-GAN 0.9214 0.9436
Logistic Regression CTGAN 0.9468 0.7992
KNN Non-GAN 0.9229 0.9281
KNN CTGAN 0.9290 0.8742
SVM Non-GAN 0.9843 0.9509
SVM CTGAN 0.9734 0.9376
Naive Bayes Non-GAN 0.9786 0.9694
Naive Bayes CTGAN 0.9789 0.9248
Random Forest Non-GAN 0.9986 0.9681
Random Forest CTGAN 0.9989 0.9898
XGBoost Non-GAN 0.9957 0.9792
XGBoost CTGAN 0.9989 0.9792
KNN + NB Ensemble Non-GAN 0.9657 0.9436
KNN + NB Ensemble CTGAN 0.9612 0.9248
XGB + SVM Ensemble Non-GAN 0.9971 0.9681
XGB + SVM Ensemble CTGAN 0.9989 0.9584

4.4 Best Model Selection

The final models were selected mainly based on F1-score because both irriga-
tion and anomaly targets were imbalanced. This near-perfect score should be
interpreted in the context of the pseudo-label construction. Soil moisture, tem-
perature, and humidity were used to define the irrigation target and were also
available among the predictive variables. Therefore, the result mainly demon-
strates that the model can reproduce the deterministic relationships used to
generate the pseudo-labels. It does not by itself demonstrate equivalent perfor-
mance for independent field irrigation decisions. For anomaly-aware warning,
CatBoost achieved 0.9540 accuracy, 0.9573 precision, 0.9540 recall, and 0.9541
F1-score using 10-fold cross-validation. The selected final models are shown in
Table 4.
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Table 4: Selected Final Models
Task Model Acc. F1

Irrigation prediction Random Forest 0.9989 0.9898
Anomaly detection CatBoost 0.9540 0.9541

4.5 Explainability and Recommendation Output

SHAP and LIME were used to improve model transparency. SHAP identifies
global feature importance, while LIME explains individual predictions. Fig. 2 and
Fig. 3 show the SHAP-based global feature importance for irrigation prediction
and anomaly-aware warning, respectively.

Fig. 2: SHAP summary plot showing the global importance of input features for
irrigation prediction.
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Fig. 3: SHAP summary plot showing the global importance of input features for
anomaly-aware warning.

LIME was additionally used for instance-level interpretation. Unlike SHAP,
which summarizes feature influence across multiple observations, LIME explains
a single prediction by showing which input conditions locally supported or op-
posed the predicted class. In the tested cases, the LIME output provided a local
explanation of the irrigation decision based on the input conditions used by the
selected classifier. Therefore, LIME complements the global SHAP analysis by
allowing individual recommendations to be inspected separately.

The final recommendation engine converts model outputs into practical ir-
rigation actions. This is a key novelty because the framework does not stop at
prediction; it produces decision-support recommendations by combining irriga-
tion and anomaly outputs.

Table 5: Decision and Recommendation Mapping
Irr. Output Anom. Output Recommendation

1 0 Irrigation needed
0 0 No irrigation needed
– 1 Stop irrigation; over-irrigation risk
– 2 Monitor field; under-irrigation alert
– 3 Possible leakage detected
– 4 System anomaly detected
Final configuration Random Forest (Prediction) + Cat-

Boost (Anomaly Detection)
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Fig. 4: Rule-based test case outputs showing recommendations under different
soil moisture, temperature, and humidity conditions.

Fig. 5: Sample recommendation outputs generated by combining irrigation pre-
diction, anomaly warning, and suggested decision.

5 Discussion

The experiments show that the proposed framework can reproduce the con-
structed irrigation labels and provide anomaly-aware decision-support outputs
from the available smart-farming data. Among the evaluated models, the CTGAN-
enhanced Random Forest produced the highest irrigation prediction score, while
CatBoost produced the strongest anomaly-classification result. SHAP and LIME
provide global and instance-level interpretation, and the recommendation layer
translates model outputs into understandable irrigation-related actions.

The near-perfect irrigation result must, however, be interpreted carefully.
Irrigation labels were created using fixed conditions based on soil moisture, tem-
perature, and humidity, and these variables were also available to the classifiers.
Therefore, the 0.9989 accuracy mainly indicates that the Random Forest suc-
cessfully learned the relationships used to construct the pseudo-labels. It does
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not demonstrate near-perfect prediction of independent farmer decisions, crop
responses, water savings, or other agronomic outcomes. Furthermore, only 500
original records were available, and no independent validation across different
farms, seasons, or geographical locations was performed. The present results
should therefore be treated as an evaluation of the proposed decision-support
pipeline within the available dataset rather than evidence of broad agronomic
generalization.

Several additional limitations should be considered. The pseudo-label thresh-
olds were used as heuristic experimental rules, and their sensitivity was not
systematically evaluated. The dataset contained no observed samples for the
predefined over-irrigation and system-anomaly categories, so these remain un-
validated rule-based warning categories. Repeated experiments with multiple in-
dependent random seeds and formal confidence intervals were also not evaluated.
In practical deployment, sensor drift, calibration errors, changing environmen-
tal conditions, and false alerts may affect system reliability. False irrigation or
anomaly warnings could result in unnecessary water use, crop stress, or unneces-
sary system inspection. Future work should therefore use independently observed
irrigation decisions and failure events, larger multi-farm and temporal datasets,
threshold sensitivity analysis, repeated-run statistical evaluation, and real-time
field testing.

6 Conclusion

This study presented an explainable hybrid machine learning framework for
smart irrigation prediction and anomaly-aware decision support. The framework
combined irrigation need prediction, anomaly-aware warning, SMOTE-based im-
balance handling, CTGAN-based synthetic augmentation, SHAP–LIME explain-
ability, and recommendation generation. Since the dataset did not contain direct
irrigation decision or failure labels, rule-based pseudo-labels were constructed us-
ing soil moisture, temperature, humidity, and soil moisture change. The CTGAN-
enhanced Random Forest model achieved 0.9989 accuracy and 0.9898 F1-score
for irrigation need prediction, while CatBoost achieved 0.9540 accuracy and
0.9541 F1-score for anomaly-aware warning. The recommendation engine con-
verted model outputs into irrigation-related decision-support actions, including
irrigation need, under-irrigation risk, and possible anomaly warnings. However,
the irrigation target was generated from predefined sensor-based rules rather
than independently observed irrigation decisions. Therefore, the near-perfect ir-
rigation performance mainly represents recovery of the pseudo-labeling rules and
should not be interpreted as field-level agronomic generalization. In addition, no
observed samples were available for the predefined over-irrigation and system-
anomaly categories. Future work should validate the framework using indepen-
dent field-labelled irrigation decisions, observed failure events, larger multi-farm
datasets, temporal evaluation, threshold sensitivity analysis, and real-time IoT
sensor streams.
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7 Code and Data Availability

The source code and data for this study are publicly available on GitHub at:
https://github.com/ashfi-raihan/Research/blob/main/IrrigationAnomaly/
IrrigationAnomaly.ipynb.
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