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Abstract

Monthly rainfall information is essential for water management and rainfed agriculture in semi-arid Kurdistan
Region of Iraq. This study developed a Mamdani fuzzy inference system (FIS-RH-T-E) in MATLAB that estimates
monthly rainfall in Sulaymaniyah from relative humidity (RH), temperature, and evaporation, using 140 expert rules
and data from Bakrajo station (2010-2024, n = 180). The FIS was compared with multiple linear regressions (MLR),
random forest, gradient boosting, support vector regression, a multilayer perceptron and monthly climatology,
evaluated by leave-one-year-out cross-validation and a 2020-2024 hold-out, including one-month-ahead prediction.
Climatology alone achieved a Nash-Sutcliffe efficiency (NSE) of 0.45. The FIS reached a coefficient of
determination (R?) of 0.63 and NSE = 0.63 (Kling-Gupta efficiency 0.71), second only to MLR (R? = 0.67, NSE =
0.66) and ahead of support vector regression, gradient boosting and random forest (NSE 0.61-0.62); differences
among these five models were not significant, whereas all clearly outperformed climatology and multilayer
perceptron (NSE = 0.44). Scored on their training data, the machine-learning models reached NSE up to 0.84, which
overstates their accuracy. RH dominated both FIS response surfaces and data-driven analyses (anomaly correlation
with rainfall 0.63, against —0.21 for temperature and evaporation). All models underestimated the wettest months;
the FIS never exceeded 221 mm, whereas observed rainfall reached 316 mm. No model predicted rainfall one month
ahead better than climatology. An expert-defined FIS therefore provides transparent estimates as accurate as machine

learning for filling gaps in rainfall records, whereas forecasting requires large-scale predictors.
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1. Introduction

Rainfall is the main source of water for agriculture in Kurdistan Region of Iraq. In Sulaymaniyah Governorate,
winter wheat and barley are largely rainfed, while vegetables and orchards depend on springs and groundwater
recharged by winter rain (Najmaddin et al. 2017). Annual rainfall averages 700 mm but varies strongly between
years and within the wet season. Dry spells alternate with short, intense storms that exceed soil infiltration capacity
and cause runoff, erosion and flash floods. Reliable monthly rainfall information is therefore needed for irrigation
scheduling, reservoir operation, crop planning and flood preparedness (Fattah et al. 2020; Hamaamin 2025).

Two practical needs arise from this setting. The first is estimation; many stations in the region have gaps in their
rainfall records, while air temperature, relative humidity and pan evaporation are measured more continuously. A
model that estimates monthly rainfall from these routinely observed variables can fill such gaps and extend records.
The second is prediction; water managers need rainfall information before the month begins, which requires inputs
available at the time of issue. The two tasks are often conflated in the literature, although a model that performs well
when fed concurrent observations may have little skill with a one-month lead.

Statistical, stochastic and machine-learning (ML) models have been widely used for both tasks (Sham et al. 2025). In
Sulaymaniyah, recent studies applied data-mining, artificial neural network and deep-learning methods to daily
precipitation and climate variables (Hamaamin 2025; Hamaamin et al. 2025). Even well-designed models cannot
approach perfect accuracy, because atmospheric processes are dynamic and highly variable (Matolepsza et al. 2025).
ML models can be accurate, but their internal logic is difficult to inspect. For decisions that affect water allocation
and farmer livelihoods, transparent models whose reasoning can be checked against physical understanding are
preferable when they perform comparably (Rudin 2019).

Fuzzy inference systems (FIS) offer such transparency. Based on fuzzy set theory (Zadeh 1965), they represent the
imprecision of environmental measurements, which differs from random variability (Jantakoon 2016). A Mamdani
FIS maps inputs to outputs through linguistic IF-THEN rules such as IF humidity is high AND evaporation is low
THEN rainfall is high (Ross 2009). Mamdani systems have been applied widely in hydrology and engineering
(Katambara and Ndiritu 2009; Tosun et al. 2011; Akgun et al. 2012), including the assessment of treated wastewater

for irrigation in Sulaymaniyah (Hamabor et al. 2023). For rainfall, they have been used in the USA (Hasan et al.
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2008), Iran (Fallah-Ghalhary et al. 2009), Egypt (Asklany et al. 2011), Malaysia (Mohd Safar et al. 2019), India
(Janarthanan et al. 2021; Selvaraj et al. 2023) and Indonesia (Damayanti et al. 2022), among others (Rahman 2020).
Most of these studies share three limitations. First, membership functions and rules are set by expert judgment and
evaluated on the same data used to design them, thus reported accuracy is in-sample. Second, performance is rarely
compared with a climatological baseline or with ML models. In climates with a strong annual cycle, even the long-
term monthly mean explains much of the rainfall variance, hence a high coefficient of determination does not
demonstrate skill. Third, the effect of centroid defuzzification on extreme values is seldom examined, although it
restricts predictions to the interior of the output universe and systematically underestimates the largest events.

To our knowledge, no previous study has directly compared a rule-based fuzzy rainfall model for Sulaymaniyah with
machine-learning models under a common, independent evaluation. This study addresses that gap. The objectives
were to: (i) develop a Mamdani FIS in MATLAB that estimates monthly rainfall from relative humidity (RH), air
temperature (T) and pan evaporation (E); (ii) interpret the FIS through its rule viewer and response surfaces; (iii)
compare its performance with multiple linear regression, random forest, gradient boosting, support vector regression,
a multilayer perceptron and monthly climatology, using leave-one-year-out and chronological validation; and (iv)
test whether the same variables can predict rainfall one month ahead. We hypothesized that the FIS would perform
comparably to the machine-learning models while offering readable rules, and that skill would largely vanish when

concurrent inputs are replaced by lagged ones.

2. Materials and Methods

2.1 Study area

Sulaymaniyah lies on a high plateau at about 850-900 m a.s.l. in the north-east of Iraq, surrounded by Goyzha,
Azmir, Glazarda and Piramagrun ranges (Figure 1). The governorate extends between 34°32-36°35' N and 44°30'—
46°15' E and covers about 18500 km?. The climate is semi-arid, Irano-Turanian, with cold, wet winters and long, hot,
dry summers (Hamaamin et al. 2025). Winter rainfall is delivered mainly by eastward-moving Mediterranean
cyclones, with additional moisture from the Black Sea, Red Sea and Persian Gulf (Mohammadzadeh et al. 2020; Al-

Naseri et al. 2022; Abdulrahman 2023).
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Fig. 1 Location of Sulaymaniyah Governorate in the Kurdistan Region of Iraq.

2.2 Data Collection and Quality Control

Monthly data for January 2010 to December 2024 (n = 180) were obtained from Bakrajo agrometeorological station
(35°33" N and 45°21" E, 850-900 m a.s.l.), operated by Iraqi Agrometeorological Network. The variables were
monthly rainfall total P (mm month™), and monthly means of daily air temperature T (°C), relative humidity RH (%)
and Class-A pan evaporation E (mm d ). Snowfall was recorded as water equivalent. The series were checked for
missing and duplicated months, physically implausible values, and runs of identical values that might indicate gap-
filling. No months were missing. Fifty months had no rainfall, 48 of them between June and September. Mean
temperatures of June—August 2012 (36.9-40.6 °C) exceeded the 2010-2024 means of those months by more than
three standard deviations and were checked against the station records. The core wet season was defined as

November—April, which contributes 89.8% of annual rainfall; May—October were treated as dry and transitional

s€ason.
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Pearson and Spearman correlations between each input and rainfall were computed, together with partial correlations
controlling for the other two inputs. Because all four variables follow the same annual cycle, correlations were also
computed on monthly anomalies (value minus the long-term mean for that calendar month), for all months and for

the wet season. Multicollinearity among the input variables was assessed using the variance inflation factor (VIF).

2.3 Fuzzy Inference System (FIS)

A fuzzy inference system (FIS), based on fuzzy set theory introduced by Zadeh (1965), was used to represent
relationships among variables characterized by uncertainty, vagueness, and nonlinearity. Within the FIS framework,
numerical (crisp) input variables were transformed into fuzzy sets using membership functions, which assigned each
input a membership degree ranging from 0 to 1 (Katambara and Ndiritu 2009: Mohd Safar et al. 2019). The
membership function is expressed as:

A={x,u,(x)|x € U}, Ua(x) € [0,1] e v e o (1)

Where pa(x) represents the membership degree of element x in fuzzy set 4, and U denotes the universe of discourse.
Membership functions can take different forms, including triangular, trapezoidal, and Gaussian shapes. The FIS
process consists of four main stages: fuzzification, rule evaluation, aggregation, and defuzzification (Figure 2).
During fuzzification, crisp input values are converted into their corresponding membership degrees. The inference
engine then evaluates the predefined IF-THEN rules based on the fuzzified inputs. The resulting fuzzy outputs from
the activated rules are aggregated into a single fuzzy output and subsequently converted into a crisp numerical value
through defuzzification. In the present study, a Mamdani-type FIS was adopted (Ross 2009; Hamabor et al. 2023).
R;:IF xq is Ay AND x5 is Ay, AND x3 is A;3 THEN y is B; ... .. ... ... (2)

Where R; represents the i fuzzy rule, x;, x2, and x; represent the input variables, 4;;, 4;, and A;; represent their
corresponding fuzzy sets, and B; denotes the fuzzy output set. Each rule R; defines a specific input—output

relationship within the FIS (Tosun et al. 2011; Akgun et al. 2012).
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Fig. 2 Steps of fuzzy inference system (FIS).

In this study, the Fuzzy Logic Toolbox in MATLAB was used to develop the FIS for rainfall prediction. The
structure of the proposed model is presented in Figure 3. The model, designated FIS-RH-T-E, was developed using
three meteorological variables as input variables: relative humidity (RH), temperature (T), and evaporation (E).
These variables were selected to represent important atmospheric conditions associated with rainfall occurrence and
intensity. In the first step, the observed values of RH, T, and E were simultaneously introduced into the FIS as input
variables. The numerical values of these variables were then converted into fuzzy linguistic representations through
predefined membership functions.

During fuzzification, the numerical values of relative humidity, temperature, and evaporation were assigned degrees
of membership to their respective fuzzy sets. The resulting fuzzy inputs were then evaluated using a rule base
established from the relationships among the three meteorological variables and rainfall. The outputs of the activated
rules were aggregated to form the final fuzzy output, which was subsequently converted into a crisp rainfall value
through defuzzification. For example, as illustrated in Figure 3, input values of 57.2% relative humidity, 21.5°C

temperature, and 4.1 mm d™! evaporation produced a predicted rainfall value of 64.48 mm.



145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

57.2

Relative humidity

215

T

Temperature Predicting rainfall
FIS

4.1

Evaporation

Fig. 3 Structure of the MATLAB-based fuzzy inference system (FIS-RH-T-E) for rainfall prediction.

The FIS-RH-T-E was constructed using different numbers of membership functions for each input variable. Relative
humidity was represented by seven membership functions: very low (VLRH), low (LRH), normal (NRH), high
(HRH), very high (VHRH), very very high (VVHRH), and extremely high (VVVHRH). Temperature was
represented by five membership functions: very low (VLT), low (LT), normal (NT), high (HT), and very high
(VHT). Evaporation was represented by four membership functions: low (LE), normal (NE), high (HE), and very
high (VHE). The ranges of the input variables were defined based on the observed meteorological data and expert
knowledge, following the fuzzy rainfall modeling approaches of Hasan et al. (2008), Sojitra et al. (2015) and

Selvaraj et al. (2023). The membership functions and their corresponding fuzzy sets are presented in Figure 4.
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Fig. 4 Membership functions and fuzzy sets of the input and output variables used in the FIS-RH-T-E rainfall

prediction model.

The rainfall output variable was represented by eight membership functions (fuzzy sets): very very low rainfall
(VVLREF), very low rainfall (VLRF), low rainfall (LRF), normal rainfall (NRF), high rainfall (HRF), very high
rainfall (VHRF), very very high rainfall (VVHRF), and extremely high rainfall (VVVHRF). The total number of
possible fuzzy inference rules was determined from the number of membership functions assigned to the three input
variables. With seven membership functions for relative humidity, five for temperature, and four for evaporation, the
total number of possible rule combinations was calculated as: R =7 x 5 x 4 =140 rules

Accordingly, the FIS-RH-T-E consisted of 140 fuzzy inference rules, representing combinations of relative humidity,
temperature, and evaporation conditions and their corresponding rainfall output fuzzy sets. The fuzzy rules were
developed based on the researchers' knowledge and expertise in rainfall prediction, supported by the approach

described by Asklany et al. (2011). The resulting rule base was used to infer the rainfall output from different
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combinations of the three meteorological input variables. The complete structure of the FIS and the membership
functions of the input and output variables are presented in Figs. 4 and 5, respectively.

For defuzzification, the centroid (center of gravity) method was used to convert the aggregated fuzzy output into a
single crisp value representing the predicted rainfall. The method is expressed as follows:

[ 1a(2)zdz
Zcentroid = m (3)

Where Zcenroia 1s the resulting crisp rainfall value and u4 (z) is the aggregated output membership function.

2.4 Machine learning and reference models

To place the FIS-RH-T-E in context, five data-driven models were fitted to the same three inputs in Python. Each
model estimates the monthly rainfall P from the input vector x = (RH, T, E). For SVR and the MLP, the inputs were
first standardized:

x]'—x]'

(4

Z- =
] .
Sj

where X; and s; are the mean and standard deviation of input ; in the training years. Negative predictions were set to
zero. Hyperparameters were selected by five-fold cross-validation grouped by year, nested inside each training set,
therefore the test year was never used for model fitting or tuning.

Multiple linear regression (MLR) assumes a linear relationship between rainfall and the inputs.

whose coefficients bo—bs minimize the sum of squared errors over the » training months:
n
SN2
min Pi—P;) oo (6

min > (P~ P) ()

i=1
Random forest (RF) averages the predictions of B regression trees (Breiman 2001)

B
~ 1
P(x) = Ez Ty (%) oo oo (7)
b=1

where each tree Ty divides the input space by successive binary splits (e.g., RH > 55%) chosen to minimise the

squared error, and predicts the mean training rainfall within each resulting region. Each tree is grown on a bootstrap
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sample of the training months and considers a random subset of the inputs at each split. B = 500; the minimum
number of months per leaf (1, 3 or 5) and the number of inputs considered per split (1-3) were tuned.

According to Friedman (2001), gradient boosting regression (GBR) builds an additive model sequentially by fitting
small regression trees to the residuals of the current model, thereby progressively reducing prediction errors.
E,xX)=F_1X)+vh,(x), m=1,..,M........(8)

starting from the mean training rainfall Fo. Here hy, is a regression tree fitted to the residuals P; — Fn-1(x;), v =0.03 is
the learning rate and M = 300; each tree was fitted on a random 80% of the training months, its depth (1-3) was
tuned, and the prediction is p= Fu(x).

As proposed by Smola and Scholkopf (2004), support vector regression (SVR) estimates rainfall as a weighted sum
of similarities between the standardised input vector z of the target month and those of the training months, z;, while

controlling model complexity to minimize prediction errors.
n
P(x) = Z(ai @) K@p7) + b e (9)
i=1

using the radial basis function kernel

K (z;,z) = exp(—yliz; — zI*) (10)

The weights o;, o;" and the intercept b result from solving

1 c R
min —{wil* + CZ max (0, |P; — P;| — €) e e . (11)

=1
where w is the weight vector in the kernel feature space, errors smaller than ¢ are ignored, and C controls the trade-
off between fitting the data and keeping the function smooth. C (10, 100 or 1000) and € (1, 5 or 10 mm) were tuned,
and y = 1/3 (the inverse of the number of standardised inputs).
The multilayer perceptron (MLP) is a feed-forward neural network with two hidden layers of 16 and 8 neurons:
h; = ReLU(W;z + ¢;), h, = ReLUW,h; +¢;), P=wih, +c5.unn.. (12)
where ReLU(u) = max (0, ), Wi and cj are weight matrices and bias vectors (209 parameters in total), and P is the
standardized rainfall, converted back to mm after prediction. The weights minimize the penalized squared error

n
1 ~ 2\ 2 A 2
L=5-Y (- B) +EZ||W,(|| e (13)

i=1

10
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with A = 0.01, using the L-BFGS algorithm (at most 2000 iterations). The reported MLP prediction is the mean of
five networks trained from different random initial weights.
Finally, monthly climatology served as a baseline that represents the skill obtainable from the seasonal cycle alone.
For calendar month m it predicts the mean observed rainfall of that month over the set Y of Ny training years:

1
C,, = N—Z Py oo e (14)

Y yey
The FIS-RH-T-E was not refitted for the comparison; its monthly predictions were computed with evalfis in

MATLAB and scored on exactly the same months as the other models.

2.5 Evaluation design

The data-driven models and climatology were evaluated by leave-one-year-out (LOYO) cross-validation, a form of
cross-validation widely used to assess statistical climate prediction models (Michaelsen 1987; Elsner and
Schmertmann 1994): each of the 15 years was withheld in turn, the models were fitted on the other 14 years, and the
predictions for the withheld years were pooled. Whole years rather than single months were withheld, because
months of the same season are not independent and withholding single months would overestimate accuracy
(Roberts et al. 2017). A chronological hold-out (for training 2010-2019, for testing 2020-2024) checked
performance in the most recent, partly dry years. The FIS-RH-T-E has no parameters fitted to the data, thus its
predictions are identical under every scheme and were scored on exactly the same months. However, its
membership-function ranges and rules were defined with knowledge of the whole 2010—2024 record. The data-
driven models were therefore also fitted and scored on all 180 months (in-sample), which provides the like-for-like
reference for the FIS; LOYO results represent accuracy expected for new years. The difference in root-mean-square
error (RMSE; Eq. 18) between FIS and each data-driven model was tested with a paired year-block bootstrap (2000
resamples of whole years).

Finally, a one-month-ahead test examined whether the variables can predict next month's rainfall: the data-driven
models used RH, T, E and rainfall of month ¢# — 1 together with sine and cosine of the targeted month, and were
compared with climatology and persistence (rainfall of month ¢ equals that of month ¢ — 1). Because the rules of FIS

relate concurrent variables, this test was run for the data-driven models only.

11
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2.6 Performance measures

Agreement between observed (P;) and predicted (P;) monthly rainfall over n months was quantified with the
coefficient of determination (R?), the Nash—Sutcliffe efficiency (NSE), the Kling-Gupta efficiency (KGE) as
proposed by Gupta et al. (2009), the root-mean-square error (RMSE), the mean absolute error (MAE) and the percent

bias (PBIAS), interpreted with the guidance of Moriasi et al. (2007):

2
i=1(Pi — P) (pi - 5)

. \/zg;lm—ﬁ)z ()

R? =12

(15)

CXL(P- pi)z

NSE =1 L
i=1(P; = P)?

(16)

= 2
KGE = 1 — “‘DLW?L4Y+<§‘Q 17)

n
1O, -
RMSE = —Z(Pi -p)"  (@18)
n i=1
1 n
MAE :—Zm- - P (19)
n i=1
n (p. —p.
PBIAS = 100 x L‘) (20)

i=1Pi

where P and the barred P denote mean observed and mean predicted rainfall, r is the Pearson correlation coefficient
between observed and predicted rainfall, and op and op are their standard deviations. The Pearson coefficient r is also
used in Section 3.1 to describe relationships between variables. R? measures only how closely the predictions follow
the observations, whereas NSE and KGE also penalise systematic over- or underestimation; NSE = 1 and KGE = 1
indicate perfect agreement, and NSE = 0 means that the model is no better than the mean observed rainfall. PBIAS >
0 indicates overestimation. According to Murphy (1988), skill relative to climatology was assessed using the mean
squared error skill score (MSESS) and the anomaly correlation coefficient (ACC):

Zt(pt_Pt)z

MSESS = 1 — ..
Y (Coney — Pr)

e (21)

12
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ACC = corr(Py — Coyeryy Pr = Cone) wov v e o (22)

where Cr) is the out-of-sample climatological mean for the calendar month of z. MSESS > 0 means a model beats
climatology. Following Pifieiro et al. (2008), observed values were regressed on predicted values. Metrics were
computed for all months, for the wet season, and for the upper decile of observed rainfall. Ninety-five percent
confidence intervals (CI) of the LOYO metrics were obtained with a year-block bootstrap (2000 resamples of whole

years), which also gave the probability that MSESS < 0.

2.7 Software

The FIS-RH-T-E was built and evaluated with the Fuzzy Logic Toolbox of MATLAB R2007b (version 2.2.6; The
MathWorks Inc. 2007). The data-driven models, the statistical analyses and the figures were produced with Python
3.11.9 (Van Rossum and Drake 2009), using NumPy 2.4.6 (Harris et al. 2020), pandas 3.0.6 (McKinney 2010),

SciPy (Virtanen et al. 2020), scikit-learn 1.9.1 (Pedregosa et al. 2011) and Matplotlib (Hunter 2007).

3. Results and Discussion

3.1 Rainfall climatology and relationships among variables

Rainfall showed a strong annual cycle: November—April delivered 89.8% of the mean annual total of 688 mm, while
June—September received less than 3 mm month™' on average (Figure 5; Table, 1). Monthly rainfall ranged from 0 to
316.1 mm (December 2018), with a coefficient of variation of 62.7% in wet season, and annual totals ranged from
292 mm (2021) to 1051 mm (2019). T and E peaked in July—August (34.5 °C and 12.3 mm d™'), and mean RH

ranged from 24.8% in July to 71.1% in January.
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304 Fig. 5 Monthly distribution of (a) air temperature, (b) relative humidity, (¢) pan evaporation and (d) rainfall at the
305 Bakrajo station, 2010-2024. Boxes show the interquartile range, lines the median.
306
307 [Insert Table 1 here]
308 Table 1 Descriptive statistics of the monthly station data, 2010-2024.
Subset Variable Unit Mean SD CV (%) Min Max
All T °C 20.9 9.7 46.6 5.0 40.6
All RH % 48.1 18.3 379 20.0 85.1
All E mmd! 5.8 3.9 68.3 0.9 14.9
All P mm month™! 57.3 66.9 116.7 0.0 316.1
Nov—Apr T °C 12.3 4.2 34.0 5.0 25.0
Nov—Apr RH % 63.9 9.3 14.6 37.7 85.1
Nov—-Apr E mmd! 2.5 1.4 553 0.9 7.6
Nov—-Apr P mm month™! 103.0 64.6 62.7 0.0 316.1

309 SD: standard deviation; CV: coefficient of variation.
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All three inputs were strongly correlated with rainfall over all months (r = 0.80 for RH, —0.70 for T and —0.68 for E
(Table, 2). They were also very strongly correlated with each other: RH was negatively correlated with T (r = —0.94)
and E (r =—0.92), and T and E positively with each other (r = 0.94), indicating that all three inputs largely carry the
same seasonal information, with VIF values ranging from 9.2 to 12.2 (Table, 2). After removing the mean seasonal
cycle, correlations with rainfall anomalies fell to r = 0.63 (RH), —0.21 (T) and —0.21 (E) over all months, and to 0.64,
—0.29 and —0.24 in wet season. Controlling for other two inputs, only RH retained a significant partial correlation
with rainfall (r = 0.59, p < 0.001; T: 0.13, p = 0.08; E: 0.14, p = 0.06). Most of the association of T and E with

rainfall therefore reflects the shared annual cycle, whereas RH carries additional month-to-month information.

[Insert Table 2 here]

Table 2 Correlation of each input with monthly rainfall (columns 2—6) and with the other two inputs (columns 7-8).
Partial r controls for the other two inputs; anomalies are departures from the calendar-month mean; p values in

brackets; VIF: variance inflation factor.

Anomaly r Anomaly r r with other inputs  VIF
Input Pearson r Spearman p Partial r
(all) (wet)
RH 0.80 0.89 0.59 (<0.001)  0.63 (<0.001)  0.64 (<0.001)  T:-0.94; E: -0.92 9.4
T —0.70 —0.82 0.13 (0.08) —0.21 (0.004) —0.29 (0.006) RH:—0.94; E: 0.94 122
E —0.68 —0.82 0.14 (0.06) —0.21(0.004)  -0.24(0.02)  RH:-0.92; T: 0.94 9.2

3.2 FIS Rule Viewer Analysis

The fuzzy rule-based rainfall prediction system (FIS-RH-T-E) produced rainfall predictions by considering
simultaneous conditions of relative humidity, temperature, and evaporation. Figure 6 illustrates the response of the
system for relative humidity of 57.2%, temperature of 21.5°C, and evaporation of 4.1 mm d™'. Under these input
conditions, predicted rainfall was 64.48 mm, which was displayed as approximately 64.5 mm in Rule Viewer. The
figure shows that the three meteorological variables contributed simultaneously to rainfall output through activated
fuzzy rules. Thus, the predicted rainfall was determined from combined atmospheric conditions rather than from the

effect of an individual variable alone.
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333 This result is in agreement with Rahman (2020), who demonstrated that fuzzy logic can be used to predict rainfall by
334 combining meteorological inputs through fuzzy membership functions and IF-THEN rules. A similar expert-rule-
335 based approach was reported by Janarthanan et al. (2021), who used temperature and wind speed as fuzzy inputs and
336  converted the resulting fuzzy inference into quantitative rainfall predictions. These studies support the use of
337 multiple meteorological variables within a fuzzy rule-based framework for rainfall prediction.

338 The Rule Viewer also demonstrates the ability of FIS-RH-T-E to handle different degrees of membership among
339 input variables. For the specified values of RH, temperature, and evaporation, several rules were activated with
340 different strengths, resulting in the final rainfall prediction of 64.48 mm. This indicates that rainfall prediction in the
341 developed model depends on the combined state of the three meteorological variables. The result presented in Figure
342 6 therefore provides an example of how fuzzy rule base converts a particular combination of atmospheric conditions

343 into a quantitative rainfall prediction.
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345 Fig. 6 Fuzzy rule viewer of the FIS-RH-T-E rainfall prediction system.

346
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3.3 Surface Plot Analysis

The relationships between input variables and predicted rainfall were further evaluated using the three-dimensional
surface plots presented in Figure 7. The relative humidity—temperature (RH-T) surface indicates that predicted
rainfall was strongly affected by relative humidity. At relatively low RH values, predicted rainfall remained
comparatively low over the temperature range, whereas increasing RH resulted in a marked increase in predicted
rainfall. The maximum predicted rainfall occurred under combinations involving relatively high RH and suitable
temperature conditions, reaching approximately 200-220 mm, while minimum rainfall predictions occurred under
conditions associated with low RH. The surface also indicates that the effect of temperature was not constant across
the RH range, showing that rainfall response to temperature depended on the prevailing relative humidity conditions.
Relative humidity—evaporation (RH-E) surface showed a pattern similar to that observed for RH—temperature
relationship. Predicted rainfall increased considerably with increasing relative humidity, while increasing
evaporation was generally associated with lower predicted rainfall under the modeled conditions. The maximum
predicted rainfall reached approximately 200-220 mm under conditions of high relative humidity and relatively low
evaporation, whereas the lowest rainfall predictions occurred under lower RH conditions. This pattern indicates that
high evaporation does not necessarily result in high predicted rainfall. Rather, its effect depends on the atmospheric
moisture condition represented by relative humidity. Therefore, the surface demonstrates an important interaction
between moisture availability and evaporative demand in the rainfall prediction model.

The use of three-dimensional surface plots to examine interactions among meteorological variables is also consistent
with Selvaraj et al. (2023), who applied a Mamdani fuzzy rainfall model and used surface plots to evaluate the
variation of rainfall-related outputs with changing combinations of input variables. Although their model structure
and input variables differed from the present FIS-RH-T-E, their approach provides methodological support for
interpreting fuzzy-model responses through surface analysis.

In contrast, the evaporation—temperature (E-T) surface showed a considerably narrower range of predicted rainfall
than the two surfaces involving relative humidity. Predicted rainfall on this surface was generally concentrated
between approximately 40 and 60 mm, with the maximum predicted rainfall being close to 60 mm. This difference
occurs because the E-T surface represents the response of the three-input FIS while relative humidity is held at a
fixed value. In other words, the surface represents R=F(E,T | RH=RHy), whereas the RH-T and RH-E surfaces allow

relative humidity to vary. Consequently, E-T surface does not represent the complete range of rainfall outputs
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possible from the FIS; it represents rainfall response to evaporation and temperature under one particular humidity
condition. The relatively narrow range and maximum value of approximately 60 mm should therefore be interpreted
as a conditional response of FIS rather than as a limitation indicating that temperature and evaporation cannot be

associated with higher rainfall under other humidity conditions.
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Fig. 7 Three-dimensional surface plots of predicted rainfall using the FIS-RH-T-E model: (a) relative humidity and

temperature, (b) relative humidity and evaporation, and (c) evaporation and temperature.

3.4 Interactions among Temperature, Evaporation, and Relative Humidity

The three surface plots collectively indicate that effects of temperature and evaporation on predicted rainfall
depended on the prevailing relative humidity conditions. The substantially larger variation observed in the surfaces
involving relative humidity indicates that FIS response was strongly dependent on atmospheric moisture conditions

and their interaction with temperature and evaporation.
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3.5 Relative Humidity as an Important Component of Rainfall Prediction

Among the three input variables, relative humidity showed a particularly strong influence on the predicted rainfall
response in the surface plots. Both RH-T and RH-E surfaces showed a substantial increase in predicted rainfall as
relative humidity increased. This behavior is physically reasonable because relative humidity represents the degree of
atmospheric moisture relative to moisture-holding capacity of the air. Conditions of higher relative humidity indicate
a greater degree of atmospheric moisture availability, which can provide more favorable conditions for rainfall
formation when other atmospheric conditions are suitable.

The data-driven analyses support this model response. After removing the mean seasonal cycle, RH remained
correlated with rainfall anomalies (r = 0.63), whereas T and E were only weakly correlated (r =—0.21 each), and only
RH had a significant partial correlation with rainfall when the other two inputs were held constant r = 0.59, p < 0.001
(Table, 2). In the random forest, randomly permuting RH increased the out-of-sample RMSE by 51 mm, whereas
permuting T or E changed it by about 1 mm.

The relatively strong role of relative humidity in rainfall prediction may be related to regional climatological setting
of northern Iraq, where precipitation is strongly influenced by moisture-bearing weather systems originating from the
Mediterranean region. Moisture transported from the Mediterranean Sea, together with contributions from other
regional moisture sources such as the Black Sea and Persian Gulf, contributes to the atmospheric moisture conditions
associated with rainfall over the region.

The strong role of relative humidity in the present model is consistent with previous rainfall studies that have
included humidity as an important meteorological input. Rahman (2020), for example, identified relative humidity
together with other atmospheric parameters as relevant to daily precipitation variability. Regional evidence also
provides a physical context for the present result: Al-Naseri et al. (2022) identified the Mediterranean Sea and Black
Sea as major moisture-source regions for Iraqi precipitation, while Mohammadzadeh et al. (2020) reported seasonal
contributions from the Mediterranean Sea, Black Sea, Persian Gulf, and Red Sea in precipitation over the west of
Iran and east of Iraq. These findings support the interpretation that atmospheric moisture conditions represented by
relative humidity are relevant to rainfall formation in the region. However, Al-Naseri et al. (2022) reported a weak
negative correlation between relative humidity and precipitation amount at the national scale; therefore, the positive
RH response observed here should be interpreted as a response of the developed fuzzy model rather than as a

universal linear relationship.
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The strong response to relative humidity also helps explain the differences between the surfaces shown in Figure 4.
When RH was included as one of the varying variables, the model was able to produce substantially higher rainfall
predictions under high-humidity conditions. In contrast, when RH was fixed in the temperature—evaporation surface,
the variation in predicted rainfall associated with temperature and evaporation alone was comparatively limited.
Therefore, the results suggest that relative humidity plays an important role in modifying the effects of temperature
and evaporation within the FIS-RH-T-E. However, this interpretation represents the response of the developed model
and should not be considered evidence that relative humidity independently controls rainfall, since rainfall formation

results from the interaction of several atmospheric processes.

3.6 Performance of the FIS and the machine-learning models

Table 3 and Figure 8 compare the FIS-RH-T-E with the data-driven models. Climatology alone achieved NSE = 0.45
(R? = 0.45). The FIS reached R? = 0.63, NSE = 0.63 (95% CI 0.57-0.70) and KGE = 0.71, with RMSE = 40.4 mm
and PBIAS = —3.2%. Under leave-one-year-out validation, MLR was the best data-driven model (R? = 0.67, NSE =
0.66, KGE = 0.72, RMSE = 38.7 mm), followed by SVR, GBR and RF (R? 0.61-0.63, NSE 0.61-0.62, RMSE 41.4—
41.8 mm), whereas the MLP was weakest (R? = 0.48, NSE = 0.44). The FIS therefore ranked second of the seven
models.

Fitted to all 180 months, Eq. (5) became P = —231.6 + 4.70 RH + 1.83 T + 4.24 E, where P is the monthly rainfall
total (mm month™"), RH and T are monthly means (% and °C) and E is the monthly mean of daily pan evaporation
(mm d™"). Across the 15 leave-one-year-out fits, the RH coefficient varied only between 4.36 and 4.99, consequently
each additional percentage point of RH adds about 4.7 mm of monthly rainfall. The positive coefficients of T and E,
despite their negative simple correlations with rainfall, reflect multicollinearity: once RH is included, T and E

contribute only small corrections, consistent with their weak partial correlations (Table, 2).
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456 [Insert Table 3 here]

457 Table 3 Performance of the FIS-RH-T-E and the data-driven models for monthly rainfall estimation. LOYO: leave-
458 one-year-out; MSESS: skill score against climatology; last two columns: 2020-2024 hold-out and in-sample (all 180

459 months). The FIS is identical in all schemes.

R? NSE (95% CI) KGE RMSE PBIAS MSESS (95% CI) NSE NSE in-
Model
(mm) (%) 2020-2024 sample
Climatology ~ 0.45 0.45 (0.34-0.54) 0.57 49.6 0.0 0 0.43 0.52
FIS-RH-T-E  0.63 0.63 (0.57-0.70) 0.71 40.4 -3.2 0.34 (0.13-0.51) 0.57 0.63
MLR 0.67 0.66 (0.61-0.71) 0.72 38.7 32 0.39 (0.22-0.52) 0.60 0.68
RF 0.61 0.61 (0.53-0.68) 0.73 41.8 0.0 0.29 (0.13-0.41) 0.54 0.78
GBR 0.62 0.62 (0.55-0.68) 0.69 414 -1.7 0.30 (0.15-0.43) 0.55 0.76
SVR 0.63 0.62 (0.56-0.67) 0.64 414 —9.1 0.30 (0.14-0.43) 0.57 0.68
MLP 0.48 0.44 (0.29-0.56) 0.67 49.8 0.5 —0.01 (—0.32-0.21) 0.36 0.84
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Fig. 8 Observed versus predicted monthly rainfall for the FIS-RH-T-E and the data-driven models. Data-driven
models and climatology: leave-one-year-out predictions. Dashed line: 1:1; red line: regression of observed on

predicted; blue: November—April; orange: May—October.

Fitted and scored on all 180 months, the data-driven models appeared considerably better NSE 0.68—0.84 (Table, 3),
the MLP most of all (0.84). The difference between the in-sample and leave-one-year-out scores, up to 0.40 NSE
units for the MLP, shows how strongly performance on the training data overstates accuracy for new years. Because
the FIS has no fitted parameters but was designed with knowledge of the whole record, its scores should be read
against both references: in-sample, the FIS (NSE = 0.63) was below RF, GBR and the MLP (0.76—0.84) and close to
MLR and SVR (0.68); under leave-one-year-out validation, it was exceeded only by MLR. The paired bootstrap
showed that the RMSE of the FIS did not differ significantly from that of MLR (+1.6 mm, 95% CI —0.4 to 3.5), RF
(-1.4 mm, —6.6 to 3.1), GBR (-0.9 mm, —6.0 to 3.6) or SVR (—=1.0 mm, —5.3 to 2.4), but was clearly lower than that
of the MLP (9.6 mm, —15.2 to —4.3) and of climatology (—9.0 mm, —16.0 to —2.9).

Relative to climatology (Figure 9a), MSESS was 0.39 for MLR, 0.34 for the FIS (95% CI 0.13-0.51) and 0.29-0.30

for RF, GBR and SVR; the MLP did not beat climatology (MSESS = —0.01). In the wet season (November—April),

22



476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

anomaly correlations were 0.62 for MLR, 0.58 for the FIS and 0.52-0.56 for RF, GBR and SVR, i.e. the models
captured part of the month-to-month variation beyond the seasonal mean. On the 2020-2024 hold-out, MLR (NSE =
0.60), SVR (0.57) and the FIS (0.57) led. The FIS had the smallest bias of these models in this period (PBIAS =

+7.7%, compared with +9 to +24% for MLR, SVR, GBR and RF), which includes the dry years 2021 (292 mm) and

2022 (479 mm).
(a) Same-month estimation (LOYO) (b) One-month-ahead prediction (LOYO)
MLR - +0.39 MLR - -0.02
FIS-RH-T-E +0.34 GBR -0.11
GBR 4 +0.30 RF ~0.13
SVR A +0.30 SVR - -0.14
RF +0.29 Persistence —-0.98
MLP wolsethan | —0.01 MLP 1 worse'than -1.24
climatology climatology
-04 -02 00 02 04 06 038 -20 -15 -1.0 -05 0.0 0.5
MSE skill score vs climatology MSE skill score vs climatology

Fig. 9 Mean-squared-error skill score against climatology with 95% year-block bootstrap intervals for (a) concurrent
estimation and (b) one-month-ahead prediction. Numbers give the skill score of each model; grey area: worse than

climatology. Note the different scales of the x-axes.

3.7 Temporal pattern and high-rainfall months

Figure 10 compares the observed and predicted series. All models reproduced the seasonal cycle and most wet and
dry months, but underestimated the largest events. The FIS predicted at most 221 mm, whereas observed rainfall
reached 316.1 mm (December 2018). For the upper decile of months (> 157 mm; 18 months with a mean of 199
mm), the FIS predicted 55% of the observed mean and the data-driven models 51-58% (Figure 11). The FIS
produced the widest range of predictions, but its highest values did not always coincide with the wettest months: its

maximum of 221 mm was predicted for December 2014, when 118 mm were observed.
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Fig. 10 Observed and predicted monthly rainfall, 2010-2024: climatology, FIS-RH-T-E, MLR and gradient boosting
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Fig. 11 Observed versus predicted upper quantiles of monthly rainfall for the FIS-RH-T-E, MLR and gradient

boosting (GBR).

Two mechanisms are involved. First, in a Mamdani FIS with centroid defuzzification the crisp output always lies
inside the output universe, below its upper limit of 250 mm, therefore a month such as December 2018 cannot be
reproduced. Second, every model that is designed or fitted to minimise errors over many ordinary months is pulled

towards typical values in the few extreme ones; this regression to the mean affected all data-driven models as well.
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Widening the output universe of the FIS would remove the first limitation but not the second. Quantile post-

processing or weighting of rare wet months during model development are possible remedies.

3.8 One-month-ahead prediction

Replacing concurrent inputs with those of the previous month removed all skill (Table, 4 and Figure 9b). No model
beat climatology: the best, MLR, reached NSE = 0.44 and MSESS = —-0.02 (95% CI —0.15 to 0.07), compared with
NSE = 0.45 for climatology and —0.09 for persistence. RF, GBR, SVR and the MLP all had negative skill scores, and
their anomaly correlations were close to zero (—0.11 to 0.14). The station variables therefore carry no useful
information about next month's rainfall beyond the seasonal cycle, which suggests that part of the concurrent skill

reflects the effect of rainy days on humidity and evaporation rather than a precursor of rain.

[Insert Table 4 here]

Table 4 One-month-ahead prediction with lagged inputs (leave-one-year-out; data-driven models only).

Model NSE KGE RMSE (mm) MSESS (95% CI) p(MSESS < 0)
Climatology 0.45 0.57 49.6 0 -
Persistence -0.09 0.46 69.8 ~0.98 (~1.52 to —0.55) 1.00
MLR 0.4 0.54 50.2 ~0.02 (=0.15 t0 0.07) 0.67

RF 0.38 0.49 527 ~0.13 (~0.23 to —0.03) 0.99
GBR 0.39 0.51 522 ~0.11 (-0.24 t0 0.01) 0.97
SVR 0.38 0.38 529 ~0.14 (-0.33 t0 0.06) 0.91
MLP -0.23 0.46 742 ~1.24 (-1.93 to —0.76) 1.00

3.9 Implications and limitations

Because RH, T, E and rainfall share one dominant annual cycle, climatology alone explained 45% of the variance of
monthly rainfall, hence high R? values of seasonal rainfall models mainly reflect the annual cycle. The FIS and best
data-driven models reduced the remaining squared error by 29-39%, which is the skill attributable to the

meteorological inputs; reporting skill against climatology should therefore become standard for fuzzy and machine-
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learning rainfall models. That MLR outperformed RF, GBR, SVR and the MLP is consistent with the data: 180
monthly records, three strongly collinear inputs (VIF 9-12) and one dominant predictor whose relationship with
rainfall anomalies is close to linear. Flexible models have little to gain and more variance to lose in this setting, and
the MLP overfitted most clearly.

For practical use, FIS and MLR are suited to filling gaps and extending rainfall records at stations that measure T,
RH and E; MLR estimated monthly rainfall with an RMSE of 38.7 mm (68% of the mean) and FIS with 40.4 mm
(70%). The FIS has the additional advantage that its reasoning is expressed as readable rules that can be checked
against physical understanding (Rudin 2019). Neither approach can forecast next month's rainfall from station data;
operational forecasts would require predictors such as large-scale circulation indices or bias-corrected seasonal
forecasts, which could be added to the FIS as further linguistic inputs.

The study has limitations. It uses one station, 15 years and monthly totals, which limits the number of wet extremes
and prevents conclusions about spatial transferability. The membership functions and rules of FIS were defined with
knowledge of the whole record, thus its scores are not fully independent of the evaluation data. All data-driven
models overestimated rainfall in 2020-2024, suggesting that relationships learned in wetter years transfer
imperfectly to drought conditions. Pan evaporation is sensitive to instrument exposure, and the unusually high
temperatures recorded in summer 2012 should be confirmed. Optimising the membership functions and rules, for
example with adaptive neuro-fuzzy inference (Sojitra et al. 2015), and testing the models at several stations are

natural next steps.

Conclusion

A Mamdani fuzzy inference system was built in MATLAB with relative humidity, temperature, and evaporation as
input variables, which then compared with five machine learning and statistical models for estimating monthly
rainfall at Sulaymaniyah (2010-2024). Four conclusions follow: (1) Most of the apparent accuracy of monthly
rainfall models comes from the seasonal cycle: climatology alone reached NSE = 0.45 and the meteorological inputs
reduced the remaining squared error by up to 39%. Skill scores against climatology, not R? alone, should be reported.
(2) Evaluated on the same months, the FIS reached R? = 0.63 and NSE = 0.63, second only to multiple linear
regression (R? = 0.67, NSE = 0.66) and ahead of random forest, gradient boosting and support vector regression

(NSE = 0.61-0.62); the differences among these five models were not statistically significant. A transparent, expert-
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defined rule base can therefore match machine learning accuracy for this task, while expressing its reasoning in
readable rules.

(3) Relative humidity dominated both the FIS response surfaces and the data-driven analyses, in line with the
Mediterranean origin of the moisture that produces rainfall in the region.

(4) All models underestimated the wettest months, and none predicted rainfall one month ahead better than
climatology. The models are therefore suited to gap-filling and record extension rather than forecasting; future work
should optimize the membership functions and rules, add large-scale predictors and test the approach at several

stations.
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