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Abstract: This study presents a hybrid intelligent irrigation decision support system that integrates fuzzy logic and Random
Forest (RF) regression to support irrigation decision-making in agriculture. A fuzzy inference engine was designed using expert-
defined rules based on soil moisture, air temperature, and rainfall. This system generated irrigation recommendations on a scale of
0–10 usingMamdani-type fuzzy logic. An RFmodel was trained on the same inputs with the fuzzy output as the target to evaluate
how accurately a data-driven model can reproduce the fuzzy decision mapping. Using five-fold cross-validation, the RF achieved
a root mean squared error (RMSE) of 0.2459 ± 0.1399, mean absolute error (MAE) of 0.0801 ± 0.0434, and coefficient of
determination (R2) of 0.9682 ± 0.0282, indicating strong alignment with fuzzy decision logic. This hybrid approach offers a
transparent, data-driven, and scalable solution, effectively bridging the gap between interpretability and prediction accuracy. The
system has the potential to support precision irrigation and informed water management decisions and was evaluated using one
year of daily aggregated Internet of Things (IoT) sensor observations from Narrabri, Australia.
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I. INTRODUCTION
Efficient water management in agriculture has become a pressing
global concern due to increasingly unpredictable climate patterns,
declining freshwater availability, and the growing demand for food
[1,2]. In many regions, especially those prone to arid and semi-arid
climates, water scarcity significantly affects crop yields, soil
quality, and the long-term sustainability of farming practices.
Conventional irrigation systems, which are often based on fixed
schedules, manual control, or farmer intuition, do not adequately
account for dynamic environmental conditions such as real-time
changes in soil moisture, rainfall, and ambient temperature [3]. As a
result, they frequently lead to either over-irrigation wasting valu-
able water resources and causing soil nutrient leaching or under-
irrigation, which can induce plant stress and reduce agricultural
productivity.

To overcome these challenges, it was decided to develop the
smart irrigation system, which was motivated by environmental
sensing technologies integration with the artificial intelligence (AI)
technologies [4,5]. The aim of these systems is to take decisions
based on real-time data and usage to balance the water use from
usage perspective with maintaining ecosystem or crop yield [6,7].
Among all the various AI tools, the complex nonlinear relationship
between data and the predictions can be effectively discovered by
machine learning (ML) models [8,9]. However, the ‘black box
methods’ that fall into this classification category of neural net-
works or ensemble learners [10,11] have the characteristic of being
not interpretable. These systems have to be transparent and
explainable to be used by stakeholders like farmers, agronomists,
and policy-makers for critical decision-making tasks in agriculture.
On the other hand, fuzzy logic systems (FLSs) lend themselves
very well because of their rule-based nature that imitates human
reasoning with linguistic variables and logical rules [12]. Fuzzy
systems are highly interpretable, and they are especially suited in
the situations where it is easy to express the domain knowledge in
the process of decision-making [13]. They are the perfect tools for
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using imprecise or uncertain input conditions, as required in
environmental monitoring [14,15]. But the conventional fuzzy
systems are static and expert-dependent and are less flexible to
handle large-scale datasets and changing environmental patterns. A
major research gap currently exists in the literature: although ML
and fuzzy logic techniques have been implemented in irrigation
decision-making, little has been done to integrate them into an
integrated framework. Existing systems are based on opaque ML
models, which lack interpretability, or on fixed-rule fuzzy systems,
which have no learning ability and adaptation. Furthermore, there
are few studies that study the trade-off between interpretability and
performance or apply the ML technique to validate and replicate
the fuzzy logic controller’s decisions. The opportunity to employ
the ML models as evaluative tools in fuzzy systems is not fully
explored. Based on the above, the research purpose of the present
research is to develop and test a hybrid intelligent irrigation
decision support system which takes the advantages of both fuzzy
logic and ML. The system is designed to be two-fold. First, the
fuzzy inference engine is developed based on expert defined IF-
THEN rules, which are given as input to the fuzzy inference engine:
soil moisture, air temperature and rainfall, and output as daily
irrigation need recommendations between 0 and 10. The rules are
designed to mimic real-world decision-making in the presence of
uncertainty and variance in the field.

In that, the input of a model called Random Forest (RF)
regression is the same as in the first step, while the output of
the fuzzy system is the target variable. This model is not intended to
replace the fuzzy system, but to check, understand, and know how
the ML system would behave, and if it could make the same rule-
based decisions. An RF learning with the capability to keep
interpretability by fuzzy logic is used in both methods, which
gives the robustness and generalization ability. This research offers
novelty in the fuzzy logic world that provides the transparency and
high performance seamlessly, for explainable fuzzy reasoning with
ML validator. It is one of the rare applications that use crisp or
fuzzy irrigation decisions based on predictions made by the RF
algorithm on real-world environmental sensor data and a practical,
scalable, and smart solution in the field of precision agriculture. AI
has been applied to agriculture and has resulted in the development
of precision irrigation systems [16]. Fuzzy logic has been exten-
sively applied due to its capabilities to deal with uncertainty and
represent the knowledge of experts in terms of IF-THEN rules [17].
For example, fuzzy systems for the management of a greenhouse
[18] have been developed, soil condition analysis [19], and crop
health monitoring [20]. These systems will, however, have to be
constructed by hand and are not very flexible. Agricultural fore-
casting tasks have shown excellent results withMLmodels like RF,
support vector machines, and neural networks. RF standout in
particular because of its robustness and contains key insights. But
there are issues with the difficulty of these models’ interpreta-
tion [21].

Although some hybrid systems have tried to combine AI
techniques, there is limited research on how to evaluate fuzzy
systems based on models obtained by ML, trained directly with
the fuzzy outputs. This study fills this gap by using an RFmodel as a
validation tool for a rule-based fuzzy system in smart irrigation. In
motor control studies [22], fuzzy logic is used to develop a decision
support system for automatic assessment of the wide range of motor
control to assist the motor control practitioner in motor control
assessment. The use of fuzzy logic in a healthcare setting aims at
improving the accuracy and the interpretation of the diagnosis. Since
the Mamdani Fuzzy Inference System (Mamdani FIS) is used to

model complex medical decision-making process that has imprecise
or uncertain medical data, it also provides nuanced assessments. In
[24], we have developed intelligent decision support system (IDSS)
based on fuzzy logic to support the chemical process company to
decide on the suppliers selection. The fuzzy-based model can be
used to convert the uncertainties and subjectivity in supplier evalu-
ation into quantitative criteria, which can then be used in a more
intelligent and reasonable decision-making process. Developed with
the fuzzy inference system (FIS, a precision irrigation controller is
developed that takes into account the deviation from the reference
soil moisture and the crop coefficient. These inputs are processed in a
28-rule base, and the optimal incremental control of irrigation
volume is computed by the FIS accuracy matching Discrete Linear
Quadratic Regulator (DLQR)with significantly lower computational
complexity, making it suitable for real-time applications for IoT [25].
A fuzzy logic controller is proposed to process the inputs like soil
moisture, ambient temperature, and the level of water tank, so as the
status of the water pump can be determined in which the smart
irrigation system can give the optimal irrigation for balcony plants
[26]. In the proposed hybrid AC/DC microgrid operating in stand-
alone mode with an integrated EV charging station, a fuzzy logic-
based decision-making system manages power distribution by eval-
uating the state of charge (SOC) of the energy storage system (ESS)
and solar irradiance levels. This method could improve the reliability
of the system by switching its operating modes to utilize energy
resources in a more efficient way while maintaining uninterrupted
operation through environmental changes [27]. While previous
research used fuzzy logic in isolation for particular applications
such as ergonomic evaluation, medical diagnosis, supplier selection,
or hardware-based control (e.g. irrigation, microgrid), this proposed
system has a hybrid decision support architecture that combines
fuzzy logic and RF ML into one holistic model. This is further
discussed in the next section.

II. METHODOLOGY
The proposed hybrid system consists of two main components:

1. An FIS to simulate expert-based irrigation decisions.

2. An RF model to learn from and validate the fuzzy outputs.

These components deliver an intelligent and explainable
irrigation decision support system. The overall architecture is
depicted in Fig. 1, and its components are described below.

A. FUZZY INFERENCE SYSTEM (FIS)

The fuzzy system models irrigation decision-making through
expert-defined rules applied to environmental inputs: Inputs: In
this system, the attributes (inputs) are environmental factors col-
lected via IoT sensors. These form the basis for decision-making.

Attributes used:

1. Soil Moisture (%VWC) – Indicates how much water is
currently in the soil.

2. Air Temperature (°C) – Higher temperatures increase evapo-
ration, indicating greater irrigation needs.

3. Rainfall (mm) – Recently recorded rainfall reduces irrigation
requirements.

These attributes are fed into the fuzzy system for
interpretation.

Fuzzification: Inputs are transformed into fuzzy linguistic
variables using triangular membership functions (TMFs) in this
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Algorithm: Hybrid Fuzzy Random Forest Irrigation System

Input:

- Environmental dataset with attributes:

SoilMoisture, AirTemperature, Rainfall

Output:

- Irrigation Need Recommendation (Low, Medium, High)

BEGIN

// Step 1: Load and Preprocess Dataset

Read dataset from sensor logs or Excel file

FOR each record IN dataset DO

Extract input values: SM ← SoilMoisture

TEMP ← AirTemperature

RAIN ← Rainfall

END FOR

// Step 2: Fuzzy Inference System (FIS)

Define fuzzy membership functions for:

SoilMoisture: Low, Medium, High

AirTemperature: Low, Medium, High

Rainfall: Low, Medium, High

Define output variable: IrrigationNeed (range: 0–10)

Define fuzzy rules (R1 to R8) based on expert knowledge

FOR each input sample DO

Fuzzify Inputs:

Compute μ_SM, μ_TEMP, μ_RAIN using triangular MFs

(continued)

Fig. 1. System architecture.

Algorithm: (continued)

Rule Evaluation:

FOR each rule Ri DO

Compute rule activation μ_Ri using fuzzy AND
(min operator)

Clip output fuzzy set accordingly

END FOR

Aggregation:

Combine all clipped fuzzy outputs (max operator)

Defuzzification:

Compute crisp output using Centroid method

Save crisp output as FuzzyIrrigationNeed

END FOR

// Step 3: Train and Validate Regression Models

Create five folds using KFold (n_splits= 5, shuffle= True,
random_state= 42)

FOR each fold: train RandomForestRegressor using inputs [SM,
TEMP, RAIN] and target [FuzzyIrrigationNeed]; predict the held-
out fold

Repeat the same five folds for Linear Regression and Support
Vector Regression baselines

Evaluate all models:

Compute RMSE, MAE, and R2 for each fold; report mean ±
standard deviation

// Step 4: Decision Recommendation

(continued)
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stage. Each crisp input (numeric value) is converted into linguistic
variables using membership functions as per Table I.

Fuzzy Rule Base: The FIS was constructed using a Mamdani-
type rule base derived from expert agronomic knowledge as per
Table II. A total of eight IF-THEN rules were defined based on
combinations of the three environmental inputs: soil moisture, air
temperature, and rainfall. Each rule maps input conditions to a
linguistic output representing irrigation needs.

Rule Development and Validation: The eight rules were
formulated from agronomic reasoning and the relationships re-
ported in prior smart irrigation studies [25,26]. Soil moisture was
treated as an indicator of available soil water, air temperature as an
indicator of evaporative demand, and rainfall as natural water
replenishment. The rule base was used as an expert-informed
rule set in the present study; however, it was not independently
validated by a separate agricultural expert. Independent expert
validation is therefore retained as a limitation and future direction.

Defuzzification: It converts fuzzy output values (like partial
degrees of Low, Medium, High) into a crisp scalar value. The most
commonly used method is the centroid method, also called center
of gravity.

Before Defuzzification, let’s see the Fuzzification Process for
Sample Input

To demonstrate the fuzzification process, consider an accurate
environmental input sample:

1. Soil Moisture = 31.0 %VWC

2. Air Temperature= 40.0 °C

3. Rainfall = 0.0 mm

Each input variable is mapped to fuzzy linguistic terms using
TMFs defined over their respective domains.

1. Soil Moisture Fuzzification

Membership functions:
Low: Triangular MF with range [30,30,35]
Medium: Triangular MF with range [33,35,37]
High: Triangular MF with range [35,40,40]
Calculation:
Low (μ_low):
μLow (31.0) =35− 31.0/35− 30= 4/5= 0.80
Medium (μ_medium):
31.0< 33 → Outside support →
μMedium (31.0)= 0.0
High (μ_high):
31.0< 35 → Outside support →
μHig (31.0)= 0.0
Result:
μ_Low= 0.80
μ_Medium= 0.0
μ_High= 0.0

2. Air Temperature Fuzzification

Membership functions:
Low: Triangular MF with range [5,5,20]
Medium: Triangular MF with range [15,25,35]
High: Triangular MF with range [30,45,45]

Table I. Membership functions

Input/output variable Low Medium High Membership type

Soil moisture (%VWC) [30,30,35] [33,35,37] [35,40,40] Triangular

Air temperature (°C) [5,5,20] [15,25,35] [30,45,45] Triangular

Rainfall (mm) [0, 0, 10] [5,20,35] [30,60,60] Triangular

Irrigation need (0–10) [0, 0, 4] [3,5,7] [6,10,10] Triangular

Algorithm: (continued)

FOR each predicted output DO

IF output≤ 3 THEN

Recommendation ← “Low (No Irrigation Needed)”

ELSE IF output≤ 6 THEN

Recommendation ← “Medium (Moderate Irrigation)”

ELSE

Recommendation ← “High (Full Irrigation)”

END IF

END FOR

Table II. The fuzzy rules

Rule
no. IF conditions THEN output Justification

1 Soil Moisture is Low AND Air Temperature is
High AND Rainfall is Low

Irrigation Need is High Hot and dry conditions with low moisture require urgent
irrigation.

2 Soil Moisture is Low AND Rainfall is Medium Irrigation Need is
Medium

Moderate rainfall partially compensates for dry soil.

3 Soil Moisture is Low AND Rainfall is High Irrigation Need is Low High rainfall offsets the low soil moisture.

4 Soil Moisture is Medium AND Air Temperature
is Medium AND Rainfall is Low

Irrigation Need is
Medium

Moderate weather with low rain requires careful irrigation.

5 Soil Moisture is Medium AND Rainfall is High Irrigation Need is Low Rainfall supports existing soil moisture.

6 Soil Moisture is High Irrigation Need is Low High moisture eliminates need for irrigation.

7 Rainfall is High Irrigation Need is Low Heavy rainfall satisfies water demand independently.

8 Air Temperature is Low AND Soil Moisture is
Medium

Irrigation Need is Low Low evaporation preserves medium soil moisture.
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Calculation:
Low (μ_low):
40> 20 → Outside support
μLow (40.0)= 0.0
Medium (μ_medium):
40> 35 → Outside support
μMedium (40.0)= 0.0
High (μ_high):
μHig (40.0)= 40.0− 30/45− 30= 10/ 15= 0.67
Result:
μ_Low= 0.0
μ_Medium= 0.0
μ_High= 0.67

3. Rainfall Fuzzification

Membership functions:
Low: Triangular MF with range [0, 0, 10]
Medium: Triangular MF with range [5,20,35]
High: Triangular MF with range [30,60,60]
Calculation:
Low (μ_low):
μLow (0.0) = 1.0
Medium (μ_medium):
0.0< 5 → Outside support →
μMedium (0.0) = 0.0
High (μ_high):
0.0< 30 → Outside support →
μHig (0.0) = 0.0
Result:
μ_Low= 1.0
μ_Medium= 0.0
μ_High= 0.0t

For the given input of Soil Moisture= 31.0 %VWC, Air
Temperature= 40.0°C, and Rainfall= 0.0 mm, the system evalu-
ated the membership of each variable in its respective fuzzy
categories. The soil moisture input was 31.0 which was mainly
located in the “Low” fuzzy set, and the membership degree (μ) of
the “Low” fuzzy set is 0.80. The membership of 31.0 in the defined
intervals “Medium” or “High” is essentially zero because it is well
below those intervals. The air temperature of 40.0°C was compared
with the “High” fuzzy set, and the membership value of 40.0°Cwas

calculated as 0.67, with the membership value for the “Low” and
“Medium” categories being 0, because the temperature is not in the
support sets of the “Low” and “Medium” fuzzy sets. Finally, the
amount of rainfall input was 0.0 mm and produced a membership
grade of 1.00 in the “Low” fuzzy set and 0.0 in the “Medium” and
“High” fuzzy sets. These fuzzified values Soil Moisture (Low:
0.80), Air Temperature (High: 0.67), and Rainfall (Low: 1.00) are
then fed into the fuzzy inference engine for evaluation of the rules.
In this stage, the degree of activation of each rule is computed with
fuzzy logic operators. If the rule is an AND rule (like Rule 1 for this
system), the degree of activation is calculated as the minimum
(min) of the degrees of membership to the inputs. Thus, for Rule 1,
the final degree of activation is calculated as μ=min(0.80, 0.67,
1.00)= 0.67. The centroid method was applied over the clipped
output fuzzy set representing the “High” irrigation need. This
resulted in a crisp value of 6.8, calculated by numerically integrat-
ing the product of each point and its membership value across the
domain of 6 to 10. This output falls in the “High” irrigation
category, validating the decision inferred by the activated
fuzzy rule.

Decision-Making: The output score is interpreted as:
Low (0–3): No irrigation required;
Medium (>3–6): Moderate irrigation;
High (>6–10): Full irrigation needed.
The crisp output of 6.8 is greater than 6.0 and therefore falls

within the “High” irrigation decision range (>6–10) as per Fig. 2,
indicating a high/full irrigation recommendation for this illustra-
tive case.

A Random Forest Regressor was trained using the same
environmental inputs to assess how well ML can replicate fuzzy
logic. The fuzzy output served as the target variable. The model
was evaluated using root mean squared error (RMSE), mean
absolute error (MAE), and R2.

In order to complement the rule-based interpretability of the
FIS, an RF regression model was trained with the same environ-
mental inputs soil moisture, air temperature, and rainfall and a fuzzy
system’s crisp outputs as labels. The model was trained and simu-
lated with the expert specified FLS in order to evaluate the consis-
tency of the FLS derived decision mapping from the FIS and to
determine the degree of consistency with which the FIS-generated
decision mapping could be replicated under the observed environ-
mental variability. The model is scalable, generalizable, adaptable,
and unlike traditional fuzzy systems, is not static, so making it
suitable for dynamic agricultural conditions. This mixed integration
is a new method that combines the interpretation of fuzzy logic and
the prediction of ML and forms a decision-making support system
that is powerful and intelligent for precision irrigation. Random
Forest Configuration and Validation: The Random Forest Regressor
was configured with 100 trees (n_estimators= 100), max_depth=
None, min_samples_split= 2, min_samples_leaf= 1, max_features
= 1.0, bootstrap= True, and random_state= 42. Five-fold cross-
validation with KFold (n_splits= 5, shuffle= True, random_state
= 42) was used instead of 70:30 split. To compare the results, Linear
Regression (LR) and Support Vector Regression (SVR) were tested
with the same folds. Within the training pipeline, SVR employed a
radial basis function kernel with a C value of 10, an epsilon of 0.1, a
gamma of scale, and feature standardization. Each fold was com-
puted for RMSE, MAE, and the coefficient of determination (R2),
and then the mean ± standard deviation was determined. The fuzzy
inference output is used for the training of the ML class, and the
regression metrics are used to calculate the accuracy of the models
with respect to the decision surface generated with FIS. They are notFig. 2. Irrigation needed range as per membership function.
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a measure of the actual effectiveness of irrigation, water saved, or
crop production improvement.

III. EXPERIMENTAL RESULTS
A. DATASET DESCRIPTION

The study is based on real-time environmental data acquired from
the Internet of Things (IoT) sensor nodes deployed in an agricul-
tural environment in Narrabri, Australia. The data were obtained
from the IEEE DataPort dataset “IoT Sensor Node Data” byWaqas
Afridi [28] (DOI: 10.21227/m66w-vh45). The file “1 Year Node-4,
Narrabri.xlsx” contains 366 dated daily observations covering 10
October 2022 to 10 October 2023. IEEE DataPort states that the
aggregated raw data were cleaned, scaled, and converted to a per-
day basis; therefore, the sampling frequency used in this study is
one observation per day. The public dataset metadata does not
specify the pre-aggregation raw sensor acquisition interval. Data
includes daily measurements of: soil moisture (%VWC) at 20 cm
depth, air temperature (°C), and rainfall (mm).

1). DESIGN FUZZY LOGIC MODEL. A Mamdani-type FIS was
designed. Three linguistic termswere used to fuzzify the inputs (Low,
Medium, and High), and the output (Irrigation Need) was defined in
the range of 0–10. Eight expert-informed rules were developed to
control the irrigation recommendations. Table III presents 20 repre-
sentative environmental conditions and their output and recommen-
dation by the FIS. In the same way, all 366 daily observations and
their FIS outputs were considered for the ML analysis.

Here is the Justification of FIS.
Case 1:
The results are Soil Moisture = 35.91 %; Air Temperature =

17.7°C; Rainfall = 0.0 mm; and Fuzzy Output= 3.69 which is
considered to be the medium (Moderate Irrigation)

recommendation. This scenario has moderately moisture soil
and has no rainfall with cool air temperature. The soil has a fair
supply of moisture (just below “High”) but no rainfall and moder-
ate transpiration at this temperature, which means that crops could
start to experience water stress over time. This balance of environ-
mental conditions is fairly interpreted by the fuzzy system and
moderate irrigation is recommended in order to keep the moisture
of soil without excess watering. It is a preventive measure in water
management – something which is key to sustainable farming.

Case 2:
Based on the above information, the soil moisture level is

35.23 % and the air temperature is 18.1 °C, while the rainfall is
20.4 mm, the fuzzy output is 1.88, which translates to “Low (No
Irrigation Needed).”

Here, moderate soil moisture, a relatively low air temperature,
and heavy rainfall are recorded. More than 20 mm of rainfall have
fallen recently, which means that there is a good supply of natural
water for the soil and artificial irrigation is not necessary at this time.
In addition, cooler temperatures reduce evapotranspiration and help
to hold available water for longer periods. Given this, the FLS gives
an irrigation score of 1.88, suggesting that no irrigation should be
provided. This shows the system’s capability to downregulate
irrigation needs with natural precipitation matching real agronomic
practices. The graphical interpretation of the influence of the three
variables to the fuzzy output is shown in Fig. 3.

B. RF MODEL

The consistency and generalizability of the FIS were tested by a
Random Forest Regressor with all 366 daily observations. The
environmental input parameters, soil moisture, air temperature, and
rainfall were used as the independent input variables, with the fuzzy
output parameter (0–10) treated as the target variable. A five-fold
cross-validation method was used rather than the usual 70:30 split of

Table III. Fuzzy inference system output and its recommendation

Soil moisture Air temp (°C) Rainfall (mm) Fuzzy output (0–10) Recommendation

35.91 17.7 0 3.69 Medium (Moderate irrigation)

35.48 18.95 0 4.33 Medium (Moderate irrigation)

35.9 20.25 0 4.08 Medium (Moderate irrigation)

33.68 22.92 0.2 5 Medium (Moderate irrigation)

33.35 24 0.2 5 Medium (Moderate irrigation)

33.49 26.99 0 5 Medium (Moderate irrigation)

33.29 31.38 0 6.21 High (Full irrigation)

34.12 27.37 0 5 Medium (Moderate irrigation)

33.24 27.17 0 5 Medium (Moderate irrigation)

33.85 25.17 0 5 Medium (Moderate irrigation)

35.23 18.1 20.4 1.88 Low (No irrigation needed)

34.3 16.5 0 3.05 Medium (Moderate irrigation)

33.91 15.65 0 2.36 Low (No irrigation needed)

33.72 15.1 0 1.8 Low (No irrigation needed)

34.14 6.85 0 1.5 Low (No irrigation needed)

35.02 12.15 0.2 1.54 Low (No irrigation needed)

34.75 13.95 0 1.63 Low (No irrigation needed)

34.54 13.35 0 1.6 Low (No irrigation needed)

34.37 11.4 4.2 1.5 Low (No irrigation needed)

34.18 17.4 0 3.65 Medium (Moderate irrigation)
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the data, and the same folds were used with the RF, LR, and SVR.
The results for the folds are reported in Table IV, and the mean ±
standard deviation comparison is reported in Table V. The five-fold
cross-validated actual-versus-predicted output, residual plot, and RF
feature importance are shown in Figs. 4–6, respectively.

Evaluation parameters were RMSE, MAE, and R2. From the
five-fold results, it is seen that the overall mean performance was

best for RF and the fold-to-fold variability in RMSE was the lowest
for SVR.

Across five folds, RF obtained RMSE= 0.2459 ± 0.1399,
MAE= 0.0801 ± 0.0434, and R2= 0.9682 ± 0.0282. LR obtained

Fig. 3. Fuzzy decision support system output with environmental inputs

Table IV. Fold-wise five-fold cross-validation performance of
the regression models

Model Fold RMSE MAE R2

Linear Regression 1 0.643153 0.539121 0.815108

Linear Regression 2 0.609208 0.473195 0.853802

Linear Regression 3 0.677483 0.612504 0.817027

Linear Regression 4 0.635401 0.524229 0.835300

Linear Regression 5 0.620193 0.517461 0.820633

Support Vector Regression 1 0.290840 0.187568 0.962191

Support Vector Regression 2 0.312392 0.184842 0.961557

Support Vector Regression 3 0.287345 0.170558 0.967085

Support Vector Regression 4 0.321114 0.193754 0.957935

Support Vector Regression 5 0.314950 0.146703 0.953744

Random Forest 1 0.382907 0.114726 0.934464

Random Forest 2 0.376405 0.117763 0.944189

Random Forest 3 0.135885 0.044920 0.992639

Random Forest 4 0.262127 0.100108 0.971970

Random Forest 5 0.072226 0.022829 0.997567

Table V. Mean ± standard deviation performance across five-folds

Model RMSE Mean ± SD MAE Mean ± SD R2 Mean ± SD

Linear Regression 0.6371 ± 0.0261 0.5333 ± 0.0506 0.8284 ± 0.0163

Support Vector Regression 0.3053 ± 0.0152 0.1767 ± 0.0188 0.9605 ± 0.0050

Random Forest 0.2459 ± 0.1399 0.0801 ± 0.0434 0.9682 ± 0.0282

The comparative results indicate that Linear Regression is insufficient to reproduce the full nonlinear FIS mapping, whereas both SVR and Random Forest provide strong
agreement. Random Forest achieved the lowest average RMSE and MAE and the highest average R2. Its larger RMSE standard deviation reflects greater fold-to-fold
variation than SVR, which showedmore uniform performance. Because the target values are generated by the FIS, these results quantify rule-replication fidelity rather than
field-level irrigation effectiveness.

Fig. 4. Five-fold cross-validated actual versus predicted irrigation need.

Fig. 5. Residual plot of five-fold Random Forest predictions.
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RMSE= 0.6371 ± 0.0261, MAE= 0.5333 ± 0.0506, and R2=
0.8284 ± 0.0163, while SVR obtained RMSE= 0.3053 ± 0.0152,
MAE= 0.1767 ± 0.0188, and R2= 0.9605 ± 0.0050. The results
indicate that the irrigation scores from the nonlinear FIS generated
by the RF algorithm are the most similar to the actual irrigation
scores on average, while the irrigation scores generated by the SVR
algorithm are the most similar to the actual irrigation scores in a
uniform manner across the folds.

The importance of the RF results is especially relevant as
this model is able to capture the nonlinear relationship among
environmental variables, is noise resistant by averaging the results
across the ensemble of trees, and offers feature-importance esti-
mates. For this dataset, air temperature was the most important
feature to be used for the surrogate model, with rainfall and soil
moisture also being very important (see Fig. 6). The importance
values reflect the fit of the surrogate model and are not necessarily
agronomic causal.

IV. CONCLUSION
This research successfully developed and evaluated a hybrid
intelligent irrigation decision support system that combines the
interpretability of fuzzy logic with the predictive capability of an
RF regression model. The FIS was built upon expert-defined rules
using environmental parameters such as soil moisture, air temper-
ature, and rainfall. The system generated interpretable irrigation
recommendations by means of rule-based reasoning and centroid-
based defuzzification. Five-fold cross-validation over the one-year
daily dataset showed that RF achieved the strongest overall repli-
cation of the FIS output, with R2= 0.9682 ± 0.0282, RMSE =
0.2459 ± 0.1399, and MAE= 0.0801 ± 0.0434, outperforming LR
and SVR on average. These results demonstrate agreement with the
fuzzy-generated decision logic rather than direct field-level irriga-
tion effectiveness. With this approach, the study provides a robust,
scalable, and explainable framework for smart irrigation decision
support.

Future work will be extended to incorporate further agronomic
parameters like evapotranspiration, soil type, and crop growth
stages to improve further on the supported decision-making pro-
cess. Independent validation of the fuzzy rule base by agricultural
experts and field experiments using actual irrigation volume, water
consumption, crop stress, and crop yield measurements will be
required to evaluate agronomic effectiveness and potential water

savings. The presentation also allows that ML-based feedback can
be harnessed to perform dynamic or adaptive fuzzy rule learning,
auto-tuning membership functions, and rule sets over time. Finally,
the real-time implementation will be discussed through the use of
IoT platforms and edge computing before we deploy this system in
the real farm environments. Future work in the development of
next-generation precision irrigation system includes empowering
climate models through predictive models and incorporating other
ensemble learning techniques as well as fuzzy optimization for
further resilience and intelligence.
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