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Abstract 11 

Monthly rainfall information is essential for water management and rainfed agriculture in semi-arid Kurdistan 12 

Region of Iraq. This study developed a Mamdani fuzzy inference system (FIS-RH-T-E) in MATLAB that estimates 13 

monthly rainfall in Sulaymaniyah from relative humidity (RH), temperature, and evaporation, using 140 expert rules 14 

and data from Bakrajo station (2010–2024, n = 180). The FIS was compared with multiple linear regressions (MLR), 15 

random forest, gradient boosting, support vector regression, a multilayer perceptron and monthly climatology, 16 

evaluated by leave-one-year-out cross-validation and a 2020-2024 hold-out, including one-month-ahead prediction. 17 

Climatology alone achieved a Nash-Sutcliffe efficiency (NSE) of 0.45. The FIS reached a coefficient of 18 

determination (R2) of 0.63 and NSE = 0.63 (Kling-Gupta efficiency 0.71), second only to MLR (R2 = 0.67, NSE = 19 

0.66) and ahead of support vector regression, gradient boosting and random forest (NSE 0.61–0.62); differences 20 

among these five models were not significant, whereas all clearly outperformed climatology and multilayer 21 

perceptron (NSE = 0.44). Scored on their training data, the machine-learning models reached NSE up to 0.84, which 22 

overstates their accuracy. RH dominated both FIS response surfaces and data-driven analyses (anomaly correlation 23 

with rainfall 0.63, against −0.21 for temperature and evaporation). All models underestimated the wettest months; 24 

the FIS never exceeded 221 mm, whereas observed rainfall reached 316 mm. No model predicted rainfall one month 25 

ahead better than climatology. An expert-defined FIS therefore provides transparent estimates as accurate as machine 26 

learning for filling gaps in rainfall records, whereas forecasting requires large-scale predictors. 27 

 28 
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 30 

1. Introduction 31 

Rainfall is the main source of water for agriculture in Kurdistan Region of Iraq. In Sulaymaniyah Governorate, 32 

winter wheat and barley are largely rainfed, while vegetables and orchards depend on springs and groundwater 33 

recharged by winter rain (Najmaddin et al. 2017). Annual rainfall averages 700 mm but varies strongly between 34 

years and within the wet season. Dry spells alternate with short, intense storms that exceed soil infiltration capacity 35 

and cause runoff, erosion and flash floods. Reliable monthly rainfall information is therefore needed for irrigation 36 

scheduling, reservoir operation, crop planning and flood preparedness (Fattah et al. 2020; Hamaamin 2025). 37 

Two practical needs arise from this setting. The first is estimation; many stations in the region have gaps in their 38 

rainfall records, while air temperature, relative humidity and pan evaporation are measured more continuously. A 39 

model that estimates monthly rainfall from these routinely observed variables can fill such gaps and extend records. 40 

The second is prediction; water managers need rainfall information before the month begins, which requires inputs 41 

available at the time of issue. The two tasks are often conflated in the literature, although a model that performs well 42 

when fed concurrent observations may have little skill with a one-month lead. 43 

Statistical, stochastic and machine-learning (ML) models have been widely used for both tasks (Sham et al. 2025). In 44 

Sulaymaniyah, recent studies applied data-mining, artificial neural network and deep-learning methods to daily 45 

precipitation and climate variables (Hamaamin 2025; Hamaamin et al. 2025). Even well-designed models cannot 46 

approach perfect accuracy, because atmospheric processes are dynamic and highly variable (Małolepsza et al. 2025). 47 

ML models can be accurate, but their internal logic is difficult to inspect. For decisions that affect water allocation 48 

and farmer livelihoods, transparent models whose reasoning can be checked against physical understanding are 49 

preferable when they perform comparably (Rudin 2019). 50 

Fuzzy inference systems (FIS) offer such transparency. Based on fuzzy set theory (Zadeh 1965), they represent the 51 

imprecision of environmental measurements, which differs from random variability (Jantakoon 2016). A Mamdani 52 

FIS maps inputs to outputs through linguistic IF–THEN rules such as IF humidity is high AND evaporation is low 53 

THEN rainfall is high (Ross 2009). Mamdani systems have been applied widely in hydrology and engineering 54 

(Katambara and Ndiritu 2009; Tosun et al. 2011; Akgun et al. 2012), including the assessment of treated wastewater 55 

for irrigation in Sulaymaniyah (Hamabor et al. 2023). For rainfall, they have been used in the USA (Hasan et al. 56 
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2008), Iran (Fallah-Ghalhary et al. 2009), Egypt (Asklany et al. 2011), Malaysia (Mohd Safar et al. 2019), India 57 

(Janarthanan et al. 2021; Selvaraj et al. 2023) and Indonesia (Damayanti et al. 2022), among others (Rahman 2020). 58 

Most of these studies share three limitations. First, membership functions and rules are set by expert judgment and 59 

evaluated on the same data used to design them, thus reported accuracy is in-sample. Second, performance is rarely 60 

compared with a climatological baseline or with ML models. In climates with a strong annual cycle, even the long-61 

term monthly mean explains much of the rainfall variance, hence a high coefficient of determination does not 62 

demonstrate skill. Third, the effect of centroid defuzzification on extreme values is seldom examined, although it 63 

restricts predictions to the interior of the output universe and systematically underestimates the largest events. 64 

To our knowledge, no previous study has directly compared a rule-based fuzzy rainfall model for Sulaymaniyah with 65 

machine-learning models under a common, independent evaluation. This study addresses that gap. The objectives 66 

were to: (i) develop a Mamdani FIS in MATLAB that estimates monthly rainfall from relative humidity (RH), air 67 

temperature (T) and pan evaporation (E); (ii) interpret the FIS through its rule viewer and response surfaces; (iii) 68 

compare its performance with multiple linear regression, random forest, gradient boosting, support vector regression, 69 

a multilayer perceptron and monthly climatology, using leave-one-year-out and chronological validation; and (iv) 70 

test whether the same variables can predict rainfall one month ahead. We hypothesized that the FIS would perform 71 

comparably to the machine-learning models while offering readable rules, and that skill would largely vanish when 72 

concurrent inputs are replaced by lagged ones. 73 

 74 

2. Materials and Methods 75 

2.1 Study area 76 

Sulaymaniyah lies on a high plateau at about 850–900 m a.s.l. in the north-east of Iraq, surrounded by Goyzha, 77 

Azmir, Glazarda and Piramagrun ranges (Figure 1). The governorate extends between 34°32′–36°35′ N and 44°30′–78 

46°15′ E and covers about 18500 km2. The climate is semi-arid, Irano-Turanian, with cold, wet winters and long, hot, 79 

dry summers (Hamaamin et al. 2025). Winter rainfall is delivered mainly by eastward-moving Mediterranean 80 

cyclones, with additional moisture from the Black Sea, Red Sea and Persian Gulf (Mohammadzadeh et al. 2020; Al-81 

Naseri et al. 2022; Abdulrahman 2023). 82 
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 83 

Fig. 1 Location of Sulaymaniyah Governorate in the Kurdistan Region of Iraq. 84 

 85 

 86 

2.2 Data Collection and Quality Control 87 

Monthly data for January 2010 to December 2024 (n = 180) were obtained from Bakrajo agrometeorological station 88 

(35°33′ N and 45°21′ E, 850–900 m a.s.l.), operated by Iraqi Agrometeorological Network. The variables were 89 

monthly rainfall total P (mm month−1), and monthly means of daily air temperature T (°C), relative humidity RH (%) 90 

and Class-A pan evaporation E (mm d−1). Snowfall was recorded as water equivalent. The series were checked for 91 

missing and duplicated months, physically implausible values, and runs of identical values that might indicate gap-92 

filling. No months were missing. Fifty months had no rainfall, 48 of them between June and September. Mean 93 

temperatures of June–August 2012 (36.9–40.6 °C) exceeded the 2010–2024 means of those months by more than 94 

three standard deviations and were checked against the station records. The core wet season was defined as 95 

November–April, which contributes 89.8% of annual rainfall; May–October were treated as dry and transitional 96 

season. 97 
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Pearson and Spearman correlations between each input and rainfall were computed, together with partial correlations 98 

controlling for the other two inputs. Because all four variables follow the same annual cycle, correlations were also 99 

computed on monthly anomalies (value minus the long-term mean for that calendar month), for all months and for 100 

the wet season. Multicollinearity among the input variables was assessed using the variance inflation factor (VIF). 101 

 102 

2.3 Fuzzy Inference System (FIS) 103 

A fuzzy inference system (FIS), based on fuzzy set theory introduced by Zadeh (1965), was used to represent 104 

relationships among variables characterized by uncertainty, vagueness, and nonlinearity. Within the FIS framework, 105 

numerical (crisp) input variables were transformed into fuzzy sets using membership functions, which assigned each 106 

input a membership degree ranging from 0 to 1 (Katambara and Ndiritu 2009: Mohd Safar et al. 2019). The 107 

membership function is expressed as: 108 𝐴 = ,ݔ} ݔ|(ݔ)஺ߤ ∈ (ݔ)஺ߤ         ,{ܷ ∈ [0,1]…… … …(1) 109 

Where μA(x) represents the membership degree of element x in fuzzy set A, and U denotes the universe of discourse.  110 

Membership functions can take different forms, including triangular, trapezoidal, and Gaussian shapes. The FIS 111 

process consists of four main stages: fuzzification, rule evaluation, aggregation, and defuzzification (Figure 2). 112 

During fuzzification, crisp input values are converted into their corresponding membership degrees. The inference 113 

engine then evaluates the predefined IF-THEN rules based on the fuzzified inputs. The resulting fuzzy outputs from 114 

the activated rules are aggregated into a single fuzzy output and subsequently converted into a crisp numerical value 115 

through defuzzification. In the present study, a Mamdani-type FIS was adopted (Ross 2009; Hamabor et al. 2023). 116 ܴ௜: ௜ܤ ݏ݅ ݕ ܰܧܪܶ 𝐴௜3 ݏ݅ 3ݔ ܦ𝐴௜2 𝐴ܰ ݏ݅ 2ݔ ܦ𝐴௜1 𝐴ܰ ݏ݅ 1ݔ ܨܫ …… …… (2) 117 

Where Ri represents the ith fuzzy rule, x1, x2, and x3 represent the input variables, Ai1, Ai2, and Ai3 represent their 118 

corresponding fuzzy sets, and Bi denotes the fuzzy output set. Each rule Ri defines a specific input–output 119 

relationship within the FIS (Tosun et al. 2011; Akgun et al. 2012).  120 

 121 

 122 

 123 

 124 

 125 
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 129 

Fig. 2  Steps of fuzzy inference system (FIS). 130 

 131 

In this study, the Fuzzy Logic Toolbox in MATLAB was used to develop the FIS for rainfall prediction. The 132 

structure of the proposed model is presented in Figure 3. The model, designated FIS-RH-T-E, was developed using 133 

three meteorological variables as input variables: relative humidity (RH), temperature (T), and evaporation (E). 134 

These variables were selected to represent important atmospheric conditions associated with rainfall occurrence and 135 

intensity. In the first step, the observed values of RH, T, and E were simultaneously introduced into the FIS as input 136 

variables. The numerical values of these variables were then converted into fuzzy linguistic representations through 137 

predefined membership functions.  138 

During fuzzification, the numerical values of relative humidity, temperature, and evaporation were assigned degrees 139 

of membership to their respective fuzzy sets. The resulting fuzzy inputs were then evaluated using a rule base 140 

established from the relationships among the three meteorological variables and rainfall. The outputs of the activated 141 

rules were aggregated to form the final fuzzy output, which was subsequently converted into a crisp rainfall value 142 

through defuzzification. For example, as illustrated in Figure 3, input values of 57.2% relative humidity, 21.5°C 143 

temperature, and 4.1 mm d−1 evaporation produced a predicted rainfall value of 64.48 mm. 144 

 

x 

 

Cris

p 

 

y 

 

Crisp 

outpuFuzzification Defuzzification Inference 

engine 

Fuzzy rules 



 

 

7 

 

 145 

Fig. 3 Structure of the MATLAB-based fuzzy inference system (FIS-RH-T-E) for rainfall prediction. 146 

 147 

The FIS-RH-T-E was constructed using different numbers of membership functions for each input variable. Relative 148 

humidity was represented by seven membership functions: very low (VLRH), low (LRH), normal (NRH), high 149 

(HRH), very high (VHRH), very very high (VVHRH), and extremely high (VVVHRH). Temperature was 150 

represented by five membership functions: very low (VLT), low (LT), normal (NT), high (HT), and very high 151 

(VHT). Evaporation was represented by four membership functions: low (LE), normal (NE), high (HE), and very 152 

high (VHE). The ranges of the input variables were defined based on the observed meteorological data and expert 153 

knowledge, following the fuzzy rainfall modeling approaches of Hasan et al. (2008), Sojitra et al. (2015) and 154 

Selvaraj et al. (2023). The membership functions and their corresponding fuzzy sets are presented in Figure 4. 155 

 156 

 157 

 158 

 159 

 160 

 161 

 162 

 163 
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 174 

 175 

Fig. 4 Membership functions and fuzzy sets of the input and output variables used in the FIS-RH-T-E rainfall 176 

prediction model. 177 

 178 

The rainfall output variable was represented by eight membership functions (fuzzy sets): very very low rainfall 179 

(VVLRF), very low rainfall (VLRF), low rainfall (LRF), normal rainfall (NRF), high rainfall (HRF), very high 180 

rainfall (VHRF), very very high rainfall (VVHRF), and extremely high rainfall (VVVHRF). The total number of 181 

possible fuzzy inference rules was determined from the number of membership functions assigned to the three input 182 

variables. With seven membership functions for relative humidity, five for temperature, and four for evaporation, the 183 

total number of possible rule combinations was calculated as: R = 7 × 5 × 4 = 140 rules 184 

Accordingly, the FIS-RH-T-E consisted of 140 fuzzy inference rules, representing combinations of relative humidity, 185 

temperature, and evaporation conditions and their corresponding rainfall output fuzzy sets. The fuzzy rules were 186 

developed based on the researchers' knowledge and expertise in rainfall prediction, supported by the approach 187 

described by Asklany et al. (2011). The resulting rule base was used to infer the rainfall output from different 188 

Inference engine 

Membership Function of Input Fuzzification Defuzzification Membership Function of Output 
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combinations of the three meteorological input variables. The complete structure of the FIS and the membership 189 

functions of the input and output variables are presented in Figs. 4 and 5, respectively. 190 

For defuzzification, the centroid (center of gravity) method was used to convert the aggregated fuzzy output into a 191 

single crisp value representing the predicted rainfall. The method is expressed as follows: 192 ܼ௖௘௡௧௥௢௜ௗ = ∫ ఓಲ ೥ (௭)௭ௗ௭∫ ఓಲ ೥ (௭)ௗ௭ …………(3)                                                                   193 

Where Zcentroid is the resulting crisp rainfall value and μA (z) is the aggregated output membership function. 194 

 195 

2.4 Machine learning and reference models 196 

To place the FIS-RH-T-E in context, five data-driven models were fitted to the same three inputs in Python. Each 197 

model estimates the monthly rainfall P̂ from the input vector x = (RH, T, E). For SVR and the MLP, the inputs were 198 

first standardized: 199 

௝ݖ = ௝ݔ − ௝ݏ௝‾ݔ …………(4) 200 

where x̄j and sj are the mean and standard deviation of input j in the training years. Negative predictions were set to 201 

zero. Hyperparameters were selected by five-fold cross-validation grouped by year, nested inside each training set, 202 

therefore the test year was never used for model fitting or tuning. 203 

Multiple linear regression (MLR) assumes a linear relationship between rainfall and the inputs. 204 ܲ̂ = ܾ0 + ܪܴ 1ܾ + ܾ2 ܶ + ܧ 3ܾ ………… (5) 205 

whose coefficients b0–b3 minimize the sum of squared errors over the n training months: 206 

min௕0,…,௕3 ∑( ௜ܲ − ܲ̂௜)2௡
௜=1 …………(6) 207 

Random forest (RF) averages the predictions of B regression trees (Breiman 2001) 208 

ܲ̂(x) = ܤ1 ∑ ௕ܶ஻
௕=1 (x)…………(7) 209 

where each tree Tb divides the input space by successive binary splits (e.g., RH > 55%) chosen to minimise the 210 

squared error, and predicts the mean training rainfall within each resulting region. Each tree is grown on a bootstrap 211 
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sample of the training months and considers a random subset of the inputs at each split. B = 500; the minimum 212 

number of months per leaf (1, 3 or 5) and the number of inputs considered per split (1–3) were tuned. 213 

According to Friedman (2001), gradient boosting regression (GBR) builds an additive model sequentially by fitting 214 

small regression trees to the residuals of the current model, thereby progressively reducing prediction errors. 215 ܨ௠(x) = ௠−1(x)ܨ + ݉ ,ℎ௠(x) ߥ = 1,… ܯ, …………(8) 216 

starting from the mean training rainfall F0. Here hm is a regression tree fitted to the residuals Pi − Fm−1(xi), ν = 0.03 is 217 

the learning rate and M = 300; each tree was fitted on a random 80% of the training months, its depth (1–3) was 218 

tuned, and the prediction is P̂ = FM(x). 219 

As proposed by Smola and Schölkopf (2004), support vector regression (SVR) estimates rainfall as a weighted sum 220 

of similarities between the standardised input vector z of the target month and those of the training months, zi, while 221 

controlling model complexity to minimize prediction errors. 222 

ܲ̂(x) = ௜ߙ)∑ − ௜∗)௡ߙ
௜=1 ,z௜)ܭ z) + ܾ …………(9) 223 

using the radial basis function kernel 224 ܭ(z௜, z) = exp(−ߛ∥∥z௜ − z∥∥2)  (10) 225 

The weights αi, αi
* and the intercept b result from solving 226 

min 
12 ∥w∥2 + ܥ ∑max௡

௜=1 (0,  | ௜ܲ − ܲ̂௜| −  227 (11)…………(ߝ

where w is the weight vector in the kernel feature space, errors smaller than ε are ignored, and C controls the trade-228 

off between fitting the data and keeping the function smooth. C (10, 100 or 1000) and ε (1, 5 or 10 mm) were tuned, 229 

and γ = 1/3 (the inverse of the number of standardised inputs). 230 

The multilayer perceptron (MLP) is a feed-forward neural network with two hidden layers of 16 and 8 neurons: 231 h1 = ReLU(W1z + c1), h2 = ReLU(W2h1 + c2), ܲ̃ = w3⊤h2 + ܿ3 …………(12) 232 

where ReLU(u) = max (0, u), Wk and ck are weight matrices and bias vectors (209 parameters in total), and P̃ is the 233 

standardized rainfall, converted back to mm after prediction. The weights minimize the penalized squared error 234 

ܮ = 12݊ ∑(ܲ̃௜ − ܲ̂̃௜)2௡
௜=1 + 2݊ߣ ∑∥∥W௞∥∥2௞ …………(13) 235 



 

 

11 

 

with λ = 0.01, using the L-BFGS algorithm (at most 2000 iterations). The reported MLP prediction is the mean of 236 

five networks trained from different random initial weights. 237 

Finally, monthly climatology served as a baseline that represents the skill obtainable from the seasonal cycle alone. 238 

For calendar month m it predicts the mean observed rainfall of that month over the set Y of NY training years: 239 

௠ܥ = 1ܰ௒ ∑ ௬ܲ,௠௬∈௒ …………(14) 240 

The FIS-RH-T-E was not refitted for the comparison; its monthly predictions were computed with evalfis in 241 

MATLAB and scored on exactly the same months as the other models. 242 

 243 

2.5 Evaluation design 244 

The data-driven models and climatology were evaluated by leave-one-year-out (LOYO) cross-validation, a form of 245 

cross-validation widely used to assess statistical climate prediction models (Michaelsen 1987; Elsner and 246 

Schmertmann 1994): each of the 15 years was withheld in turn, the models were fitted on the other 14 years, and the 247 

predictions for the withheld years were pooled. Whole years rather than single months were withheld, because 248 

months of the same season are not independent and withholding single months would overestimate accuracy 249 

(Roberts et al. 2017). A chronological hold-out (for training 2010–2019, for testing 2020–2024) checked 250 

performance in the most recent, partly dry years. The FIS-RH-T-E has no parameters fitted to the data, thus its 251 

predictions are identical under every scheme and were scored on exactly the same months. However, its 252 

membership-function ranges and rules were defined with knowledge of the whole 2010–2024 record. The data-253 

driven models were therefore also fitted and scored on all 180 months (in-sample), which provides the like-for-like 254 

reference for the FIS; LOYO results represent accuracy expected for new years. The difference in root-mean-square 255 

error (RMSE; Eq. 18) between FIS and each data-driven model was tested with a paired year-block bootstrap (2000 256 

resamples of whole years). 257 

Finally, a one-month-ahead test examined whether the variables can predict next month's rainfall: the data-driven 258 

models used RH, T, E and rainfall of month t − 1 together with sine and cosine of the targeted month, and were 259 

compared with climatology and persistence (rainfall of month t equals that of month t − 1). Because the rules of FIS 260 

relate concurrent variables, this test was run for the data-driven models only. 261 

 262 
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2.6 Performance measures 263 

Agreement between observed (Pi) and predicted (P̂i) monthly rainfall over n months was quantified with the 264 

coefficient of determination (R2), the Nash–Sutcliffe efficiency (NSE), the Kling–Gupta efficiency (KGE) as 265 

proposed by Gupta et al. (2009), the root-mean-square error (RMSE), the mean absolute error (MAE) and the percent 266 

bias (PBIAS), interpreted with the guidance of Moriasi et al. (2007): 267 

ܴ2 = 2ݎ = [  
 ∑ ( ௜ܲ − ‾ܲ)௡௜=1 (ܲ̂௜ − ܲ̂‾)√∑ ( ௜ܲ − ‾ܲ)2௡௜=1 ∑ (ܲ̂௜ − ܲ̂‾)2௡௜=1 ]  

 2  (15) 268 

NSE = 1 − ∑ ( ௜ܲ − ܲ̂௜)2௡௜=1∑ ( ௜ܲ − ‾ܲ)2௡௜=1   (16) 269 

KGE = 1 − ݎ)√ − 1)2 + ௉ߪ௉̂ߪ) − 1)2 + (ܲ̂‾ܲ‾ − 1)2  (17) 270 

RMSE = √1݊ ∑(ܲ̂௜ − ௜ܲ)2௡
௜=1   (18) 271 

MAE = 1݊ ∑|ܲ̂௜ − ௜ܲ|௡
௜=1   (19) 272 

PBIAS = 100 × ∑ (ܲ̂௜ − ௜ܲ)௡௜=1∑ ௜ܲ௡௜=1   (20) 273 

where P̄ and the barred P̂ denote mean observed and mean predicted rainfall, r is the Pearson correlation coefficient 274 

between observed and predicted rainfall, and σP and σP̂ are their standard deviations. The Pearson coefficient r is also 275 

used in Section 3.1 to describe relationships between variables. R2 measures only how closely the predictions follow 276 

the observations, whereas NSE and KGE also penalise systematic over- or underestimation; NSE = 1 and KGE = 1 277 

indicate perfect agreement, and NSE = 0 means that the model is no better than the mean observed rainfall. PBIAS > 278 

0 indicates overestimation. According to Murphy (1988), skill relative to climatology was assessed using the mean 279 

squared error skill score (MSESS) and the anomaly correlation coefficient (ACC): 280 

MSESS = 1 − ∑ (ܲ̂௧ − ௧ܲ)2௧∑ ௠(௧)ܥ) − ௧ܲ)2௧ …………(21) 281 
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ACC = corr( ௧ܲ − ,௠(௧)ܥ  ܲ̂௧ −  ௠(௧))…………(22) 282ܥ

where Cm(t) is the out-of-sample climatological mean for the calendar month of t. MSESS > 0 means a model beats 283 

climatology. Following Piñeiro et al. (2008), observed values were regressed on predicted values. Metrics were 284 

computed for all months, for the wet season, and for the upper decile of observed rainfall. Ninety-five percent 285 

confidence intervals (CI) of the LOYO metrics were obtained with a year-block bootstrap (2000 resamples of whole 286 

years), which also gave the probability that MSESS ≤ 0. 287 

 288 

2.7 Software 289 

The FIS-RH-T-E was built and evaluated with the Fuzzy Logic Toolbox of MATLAB R2007b (version 2.2.6; The 290 

MathWorks Inc. 2007). The data-driven models, the statistical analyses and the figures were produced with Python 291 

3.11.9 (Van Rossum and Drake 2009), using NumPy 2.4.6 (Harris et al. 2020), pandas 3.0.6 (McKinney 2010), 292 

SciPy (Virtanen et al. 2020), scikit-learn 1.9.1 (Pedregosa et al. 2011) and Matplotlib (Hunter 2007). 293 

 294 

3. Results and Discussion 295 

3.1 Rainfall climatology and relationships among variables 296 

Rainfall showed a strong annual cycle: November–April delivered 89.8% of the mean annual total of 688 mm, while 297 

June–September received less than 3 mm month−1 on average (Figure 5; Table, 1). Monthly rainfall ranged from 0 to 298 

316.1 mm (December 2018), with a coefficient of variation of 62.7% in wet season, and annual totals ranged from 299 

292 mm (2021) to 1051 mm (2019). T and E peaked in July–August (34.5 °C and 12.3 mm d−1), and mean RH 300 

ranged from 24.8% in July to 71.1% in January. 301 

 302 
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 303 

Fig. 5 Monthly distribution of (a) air temperature, (b) relative humidity, (c) pan evaporation and (d) rainfall at the 304 

Bakrajo station, 2010–2024. Boxes show the interquartile range, lines the median. 305 

 306 

[Insert Table 1 here] 307 

Table 1 Descriptive statistics of the monthly station data, 2010–2024.  308 

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 37.9 20.0 85.1 

All E mm d−1 5.8 3.9 68.3 0.9 14.9 

All P mm month−1 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 mm d−1 2.5 1.4 55.3 0.9 7.6 

Nov–Apr P mm month−1 103.0 64.6 62.7 0.0 316.1 

SD: standard deviation; CV: coefficient of variation. 
309 
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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 310 

(Table, 2). They were also very strongly correlated with each other: RH was negatively correlated with T (r = −0.94) 311 

and E (r = −0.92), and T and E positively with each other (r = 0.94), indicating that all three inputs largely carry the 312 

same seasonal information, with VIF values ranging from 9.2 to 12.2 (Table, 2). After removing the mean seasonal 313 

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, 314 

−0.29 and −0.24 in wet season. Controlling for other two inputs, only RH retained a significant partial correlation 315 

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 316 

rainfall therefore reflects the shared annual cycle, whereas RH carries additional month-to-month information.   317 

 318 

[Insert Table 2 here] 319 

Table 2 Correlation of each input with monthly rainfall (columns 2–6) and with the other two inputs (columns 7–8). 320 

Partial r controls for the other two inputs; anomalies are departures from the calendar-month mean; p values in 321 

brackets; VIF: variance inflation factor. 322 

Input Pearson r Spearman ρ Partial r 

Anomaly r 

(all) 

Anomaly r 

(wet) 

r with other inputs VIF 

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 12.2 

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 

 323 

 324 

3.2 FIS Rule Viewer Analysis 325 

The fuzzy rule-based rainfall prediction system (FIS-RH-T-E) produced rainfall predictions by considering 326 

simultaneous conditions of relative humidity, temperature, and evaporation. Figure 6 illustrates the response of the 327 

system for relative humidity of 57.2%, temperature of 21.5°C, and evaporation of 4.1 mm d−1. Under these input 328 

conditions, predicted rainfall was 64.48 mm, which was displayed as approximately 64.5 mm in Rule Viewer. The 329 

figure shows that the three meteorological variables contributed simultaneously to rainfall output through activated 330 

fuzzy rules. Thus, the predicted rainfall was determined from combined atmospheric conditions rather than from the 331 

effect of an individual variable alone. 332 
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This result is in agreement with Rahman (2020), who demonstrated that fuzzy logic can be used to predict rainfall by 333 

combining meteorological inputs through fuzzy membership functions and IF–THEN rules. A similar expert-rule-334 

based approach was reported by Janarthanan et al. (2021), who used temperature and wind speed as fuzzy inputs and 335 

converted the resulting fuzzy inference into quantitative rainfall predictions. These studies support the use of 336 

multiple meteorological variables within a fuzzy rule-based framework for rainfall prediction. 337 

The Rule Viewer also demonstrates the ability of FIS-RH-T-E to handle different degrees of membership among 338 

input variables. For the specified values of RH, temperature, and evaporation, several rules were activated with 339 

different strengths, resulting in the final rainfall prediction of 64.48 mm. This indicates that rainfall prediction in the 340 

developed model depends on the combined state of the three meteorological variables. The result presented in Figure 341 

6 therefore provides an example of how fuzzy rule base converts a particular combination of atmospheric conditions 342 

into a quantitative rainfall prediction. 343 

 344 

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

 346 



 

 

17 

 

3.3 Surface Plot Analysis 347 

The relationships between input variables and predicted rainfall were further evaluated using the three-dimensional 348 

surface plots presented in Figure 7. The relative humidity–temperature (RH–T) surface indicates that predicted 349 

rainfall was strongly affected by relative humidity. At relatively low RH values, predicted rainfall remained 350 

comparatively low over the temperature range, whereas increasing RH resulted in a marked increase in predicted 351 

rainfall. The maximum predicted rainfall occurred under combinations involving relatively high RH and suitable 352 

temperature conditions, reaching approximately 200–220 mm, while minimum rainfall predictions occurred under 353 

conditions associated with low RH. The surface also indicates that the effect of temperature was not constant across 354 

the RH range, showing that rainfall response to temperature depended on the prevailing relative humidity conditions. 355 

Relative humidity–evaporation (RH–E) surface showed a pattern similar to that observed for RH–temperature 356 

relationship. Predicted rainfall increased considerably with increasing relative humidity, while increasing 357 

evaporation was generally associated with lower predicted rainfall under the modeled conditions. The maximum 358 

predicted rainfall reached approximately 200–220 mm under conditions of high relative humidity and relatively low 359 

evaporation, whereas the lowest rainfall predictions occurred under lower RH conditions. This pattern indicates that 360 

high evaporation does not necessarily result in high predicted rainfall. Rather, its effect depends on the atmospheric 361 

moisture condition represented by relative humidity. Therefore, the surface demonstrates an important interaction 362 

between moisture availability and evaporative demand in the rainfall prediction model. 363 

The use of three-dimensional surface plots to examine interactions among meteorological variables is also consistent 364 

with Selvaraj et al. (2023), who applied a Mamdani fuzzy rainfall model and used surface plots to evaluate the 365 

variation of rainfall-related outputs with changing combinations of input variables. Although their model structure 366 

and input variables differed from the present FIS-RH-T-E, their approach provides methodological support for 367 

interpreting fuzzy-model responses through surface analysis. 368 

In contrast, the evaporation–temperature (E–T) surface showed a considerably narrower range of predicted rainfall 369 

than the two surfaces involving relative humidity. Predicted rainfall on this surface was generally concentrated 370 

between approximately 40 and 60 mm, with the maximum predicted rainfall being close to 60 mm. This difference 371 

occurs because the E–T surface represents the response of the three-input FIS while relative humidity is held at a 372 

fixed value. In other words, the surface represents R=F(E,T | RH=RHf), whereas the RH–T and RH–E surfaces allow 373 

relative humidity to vary. Consequently, E–T surface does not represent the complete range of rainfall outputs 374 



 

 

18 

 

possible from the FIS; it represents rainfall response to evaporation and temperature under one particular humidity 375 

condition. The relatively narrow range and maximum value of approximately 60 mm should therefore be interpreted 376 

as a conditional response of FIS rather than as a limitation indicating that temperature and evaporation cannot be 377 

associated with higher rainfall under other humidity conditions. 378 

 379 

 380 

 381 

 382 

 383 

 384 

 385 

 386 

 387 

 388 

Fig. 7 Three-dimensional surface plots of predicted rainfall using the FIS-RH-T-E model: (a) relative humidity and 389 

temperature, (b) relative humidity and evaporation, and (c) evaporation and temperature. 390 

 391 

 392 

3.4 Interactions among Temperature, Evaporation, and Relative Humidity 393 

The three surface plots collectively indicate that effects of temperature and evaporation on predicted rainfall 394 

depended on the prevailing relative humidity conditions. The substantially larger variation observed in the surfaces 395 

involving relative humidity indicates that FIS response was strongly dependent on atmospheric moisture conditions 396 

and their interaction with temperature and evaporation. 397 

 398 

 399 

A B 

C 
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3.5 Relative Humidity as an Important Component of Rainfall Prediction 400 

Among the three input variables, relative humidity showed a particularly strong influence on the predicted rainfall 401 

response in the surface plots. Both RH–T and RH–E surfaces showed a substantial increase in predicted rainfall as 402 

relative humidity increased. This behavior is physically reasonable because relative humidity represents the degree of 403 

atmospheric moisture relative to moisture-holding capacity of the air. Conditions of higher relative humidity indicate 404 

a greater degree of atmospheric moisture availability, which can provide more favorable conditions for rainfall 405 

formation when other atmospheric conditions are suitable. 406 

The data-driven analyses support this model response. After removing the mean seasonal cycle, RH remained 407 

correlated with rainfall anomalies (r = 0.63), whereas T and E were only weakly correlated (r = −0.21 each), and only 408 

RH had a significant partial correlation with rainfall when the other two inputs were held constant r = 0.59, p < 0.001 409 

(Table, 2). In the random forest, randomly permuting RH increased the out-of-sample RMSE by 51 mm, whereas 410 

permuting T or E changed it by about 1 mm. 411 

The relatively strong role of relative humidity in rainfall prediction may be related to regional climatological setting 412 

of northern Iraq, where precipitation is strongly influenced by moisture-bearing weather systems originating from the 413 

Mediterranean region. Moisture transported from the Mediterranean Sea, together with contributions from other 414 

regional moisture sources such as the Black Sea and Persian Gulf, contributes to the atmospheric moisture conditions 415 

associated with rainfall over the region. 416 

The strong role of relative humidity in the present model is consistent with previous rainfall studies that have 417 

included humidity as an important meteorological input. Rahman (2020), for example, identified relative humidity 418 

together with other atmospheric parameters as relevant to daily precipitation variability. Regional evidence also 419 

provides a physical context for the present result: Al-Naseri et al. (2022) identified the Mediterranean Sea and Black 420 

Sea as major moisture-source regions for Iraqi precipitation, while Mohammadzadeh et al. (2020) reported seasonal 421 

contributions from the Mediterranean Sea, Black Sea, Persian Gulf, and Red Sea in precipitation over the west of 422 

Iran and east of Iraq. These findings support the interpretation that atmospheric moisture conditions represented by 423 

relative humidity are relevant to rainfall formation in the region. However, Al-Naseri et al. (2022) reported a weak 424 

negative correlation between relative humidity and precipitation amount at the national scale; therefore, the positive 425 

RH response observed here should be interpreted as a response of the developed fuzzy model rather than as a 426 

universal linear relationship. 427 
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The strong response to relative humidity also helps explain the differences between the surfaces shown in Figure 4. 428 

When RH was included as one of the varying variables, the model was able to produce substantially higher rainfall 429 

predictions under high-humidity conditions. In contrast, when RH was fixed in the temperature–evaporation surface, 430 

the variation in predicted rainfall associated with temperature and evaporation alone was comparatively limited. 431 

Therefore, the results suggest that relative humidity plays an important role in modifying the effects of temperature 432 

and evaporation within the FIS-RH-T-E. However, this interpretation represents the response of the developed model 433 

and should not be considered evidence that relative humidity independently controls rainfall, since rainfall formation 434 

results from the interaction of several atmospheric processes. 435 

 436 

3.6 Performance of the FIS and the machine-learning models 437 

Table 3 and Figure 8 compare the FIS-RH-T-E with the data-driven models. Climatology alone achieved NSE = 0.45 438 

(R2 = 0.45). The FIS reached R2 = 0.63, NSE = 0.63 (95% CI 0.57–0.70) and KGE = 0.71, with RMSE = 40.4 mm 439 

and PBIAS = −3.2%. Under leave-one-year-out validation, MLR was the best data-driven model (R2 = 0.67, NSE = 440 

0.66, KGE = 0.72, RMSE = 38.7 mm), followed by SVR, GBR and RF (R2 0.61–0.63, NSE 0.61–0.62, RMSE 41.4–441 

41.8 mm), whereas the MLP was weakest (R2 = 0.48, NSE = 0.44). The FIS therefore ranked second of the seven 442 

models. 443 

Fitted to all 180 months, Eq. (5) became P̂ = −231.6 + 4.70 RH + 1.83 T + 4.24 E, where P̂ is the monthly rainfall 444 

total (mm month−1), RH and T are monthly means (% and °C) and E is the monthly mean of daily pan evaporation 445 

(mm d−1). Across the 15 leave-one-year-out fits, the RH coefficient varied only between 4.36 and 4.99, consequently 446 

each additional percentage point of RH adds about 4.7 mm of monthly rainfall. The positive coefficients of T and E, 447 

despite their negative simple correlations with rainfall, reflect multicollinearity: once RH is included, T and E 448 

contribute only small corrections, consistent with their weak partial correlations (Table, 2). 449 

 450 

 451 

 452 

 453 

 454 

 455 
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[Insert Table 3 here] 456 

Table 3 Performance of the FIS-RH-T-E and the data-driven models for monthly rainfall estimation. LOYO: leave-457 

one-year-out; MSESS: skill score against climatology; last two columns: 2020–2024 hold-out and in-sample (all 180 458 

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

Model 

R2 NSE (95% CI) KGE RMSE 

(mm) 

PBIAS 

(%) 

MSESS (95% CI) NSE 

2020–2024 

NSE in-

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 3.2 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 41.4 −1.7 0.30 (0.15–0.43) 0.55 0.76 

SVR 0.63 0.62 (0.56–0.67) 0.64 41.4 −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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 460 

Fig. 8 Observed versus predicted monthly rainfall for the FIS-RH-T-E and the data-driven models. Data-driven 461 

models and climatology: leave-one-year-out predictions. Dashed line: 1:1; red line: regression of observed on 462 

predicted; blue: November–April; orange: May–October. 463 

 464 

Fitted and scored on all 180 months, the data-driven models appeared considerably better NSE 0.68–0.84 (Table, 3), 465 

the MLP most of all (0.84). The difference between the in-sample and leave-one-year-out scores, up to 0.40 NSE 466 

units for the MLP, shows how strongly performance on the training data overstates accuracy for new years. Because 467 

the FIS has no fitted parameters but was designed with knowledge of the whole record, its scores should be read 468 

against both references: in-sample, the FIS (NSE = 0.63) was below RF, GBR and the MLP (0.76–0.84) and close to 469 

MLR and SVR (0.68); under leave-one-year-out validation, it was exceeded only by MLR. The paired bootstrap 470 

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 471 

(−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 472 

of the MLP (−9.6 mm, −15.2 to −4.3) and of climatology (−9.0 mm, −16.0 to −2.9). 473 

Relative to climatology (Figure 9a), MSESS was 0.39 for MLR, 0.34 for the FIS (95% CI 0.13–0.51) and 0.29–0.30 474 

for RF, GBR and SVR; the MLP did not beat climatology (MSESS = −0.01). In the wet season (November–April), 475 
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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 476 

captured part of the month-to-month variation beyond the seasonal mean. On the 2020–2024 hold-out, MLR (NSE = 477 

0.60), SVR (0.57) and the FIS (0.57) led. The FIS had the smallest bias of these models in this period (PBIAS = 478 

+7.7%, compared with +9 to +24% for MLR, SVR, GBR and RF), which includes the dry years 2021 (292 mm) and 479 

2022 (479 mm). 480 

 481 

 482 

Fig. 9 Mean-squared-error skill score against climatology with 95% year-block bootstrap intervals for (a) concurrent 483 

estimation and (b) one-month-ahead prediction. Numbers give the skill score of each model; grey area: worse than 484 

climatology. Note the different scales of the x-axes. 485 

 486 

 487 

3.7 Temporal pattern and high-rainfall months 488 

Figure 10 compares the observed and predicted series. All models reproduced the seasonal cycle and most wet and 489 

dry months, but underestimated the largest events. The FIS predicted at most 221 mm, whereas observed rainfall 490 

reached 316.1 mm (December 2018). For the upper decile of months (≥ 157 mm; 18 months with a mean of 199 491 

mm), the FIS predicted 55% of the observed mean and the data-driven models 51–58% (Figure 11). The FIS 492 

produced the widest range of predictions, but its highest values did not always coincide with the wettest months: its 493 

maximum of 221 mm was predicted for December 2014, when 118 mm were observed. 494 

 495 
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 496 

Fig. 10 Observed and predicted monthly rainfall, 2010–2024: climatology, FIS-RH-T-E, MLR and gradient boosting 497 

(GBR). 498 

 499 

 500 

Fig. 11 Observed versus predicted upper quantiles of monthly rainfall for the FIS-RH-T-E, MLR and gradient 501 

boosting (GBR). 502 

 503 

Two mechanisms are involved. First, in a Mamdani FIS with centroid defuzzification the crisp output always lies 504 

inside the output universe, below its upper limit of 250 mm, therefore a month such as December 2018 cannot be 505 

reproduced. Second, every model that is designed or fitted to minimise errors over many ordinary months is pulled 506 

towards typical values in the few extreme ones; this regression to the mean affected all data-driven models as well. 507 
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Widening the output universe of the FIS would remove the first limitation but not the second. Quantile post-508 

processing or weighting of rare wet months during model development are possible remedies. 509 

 510 

3.8 One-month-ahead prediction 511 

Replacing concurrent inputs with those of the previous month removed all skill (Table, 4 and Figure 9b). No model 512 

beat climatology: the best, MLR, reached NSE = 0.44 and MSESS = −0.02 (95% CI −0.15 to 0.07), compared with 513 

NSE = 0.45 for climatology and −0.09 for persistence. RF, GBR, SVR and the MLP all had negative skill scores, and 514 

their anomaly correlations were close to zero (−0.11 to 0.14). The station variables therefore carry no useful 515 

information about next month's rainfall beyond the seasonal cycle, which suggests that part of the concurrent skill 516 

reflects the effect of rainy days on humidity and evaporation rather than a precursor of rain. 517 

 518 

[Insert Table 4 here] 519 

Table 4 One-month-ahead prediction with lagged inputs (leave-one-year-out; data-driven models only). 520 

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 0.44 0.54 50.2 −0.02 (−0.15 to 0.07) 0.67 

RF 0.38 0.49 52.7 −0.13 (−0.23 to −0.03) 0.99 

GBR 0.39 0.51 52.2 −0.11 (−0.24 to 0.01) 0.97 

SVR 0.38 0.38 52.9 −0.14 (−0.33 to 0.06) 0.91 

MLP −0.23 0.46 74.2 −1.24 (−1.93 to −0.76) 1.00 

 521 

 522 

3.9 Implications and limitations 523 

Because RH, T, E and rainfall share one dominant annual cycle, climatology alone explained 45% of the variance of 524 

monthly rainfall, hence high R2 values of seasonal rainfall models mainly reflect the annual cycle. The FIS and best 525 

data-driven models reduced the remaining squared error by 29–39%, which is the skill attributable to the 526 

meteorological inputs; reporting skill against climatology should therefore become standard for fuzzy and machine-527 
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learning rainfall models. That MLR outperformed RF, GBR, SVR and the MLP is consistent with the data: 180 528 

monthly records, three strongly collinear inputs (VIF 9–12) and one dominant predictor whose relationship with 529 

rainfall anomalies is close to linear. Flexible models have little to gain and more variance to lose in this setting, and 530 

the MLP overfitted most clearly. 531 

For practical use, FIS and MLR are suited to filling gaps and extending rainfall records at stations that measure T, 532 

RH and E; MLR estimated monthly rainfall with an RMSE of 38.7 mm (68% of the mean) and FIS with 40.4 mm 533 

(70%). The FIS has the additional advantage that its reasoning is expressed as readable rules that can be checked 534 

against physical understanding (Rudin 2019). Neither approach can forecast next month's rainfall from station data; 535 

operational forecasts would require predictors such as large-scale circulation indices or bias-corrected seasonal 536 

forecasts, which could be added to the FIS as further linguistic inputs. 537 

The study has limitations. It uses one station, 15 years and monthly totals, which limits the number of wet extremes 538 

and prevents conclusions about spatial transferability. The membership functions and rules of FIS were defined with 539 

knowledge of the whole record, thus its scores are not fully independent of the evaluation data. All data-driven 540 

models overestimated rainfall in 2020–2024, suggesting that relationships learned in wetter years transfer 541 

imperfectly to drought conditions. Pan evaporation is sensitive to instrument exposure, and the unusually high 542 

temperatures recorded in summer 2012 should be confirmed. Optimising the membership functions and rules, for 543 

example with adaptive neuro-fuzzy inference (Sojitra et al. 2015), and testing the models at several stations are 544 

natural next steps. 545 

 546 

Conclusion 547 

A Mamdani fuzzy inference system was built in MATLAB with relative humidity, temperature, and evaporation as 548 

input variables, which then compared with five machine learning and statistical models for estimating monthly 549 

rainfall at Sulaymaniyah (2010–2024). Four conclusions follow: (1) Most of the apparent accuracy of monthly 550 

rainfall models comes from the seasonal cycle: climatology alone reached NSE = 0.45 and the meteorological inputs 551 

reduced the remaining squared error by up to 39%. Skill scores against climatology, not R2 alone, should be reported. 552 

(2) Evaluated on the same months, the FIS reached R2 = 0.63 and NSE = 0.63, second only to multiple linear 553 

regression (R2 = 0.67, NSE = 0.66) and ahead of random forest, gradient boosting and support vector regression 554 

(NSE = 0.61–0.62); the differences among these five models were not statistically significant. A transparent, expert-555 
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defined rule base can therefore match machine learning accuracy for this task, while expressing its reasoning in 556 

readable rules. 557 

(3) Relative humidity dominated both the FIS response surfaces and the data-driven analyses, in line with the 558 

Mediterranean origin of the moisture that produces rainfall in the region. 559 

(4) All models underestimated the wettest months, and none predicted rainfall one month ahead better than 560 

climatology. The models are therefore suited to gap-filling and record extension rather than forecasting; future work 561 

should optimize the membership functions and rules, add large-scale predictors and test the approach at several 562 

stations. 563 

 564 
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