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This study addresses this imperative by proposing an intelligent hybrid 

algorithm, integrating Group Method of Data Handling (GMDH) with Harmony 

Search (HS), to offer a novel, scalable, and cost-effective framework. The 

objective is to significantly enhance dust storm prediction accuracy by 

effectively capturing intricate environmental interactions, thereby critically 

advancing the state-of-the-art in environmental hazard forecasting. This study 

aims to model the frequency index of dust storm days (FDSD) using integrated 

Group Method of Data Handling - Harmony Search (GMDH-HS) intelligent 

algorithm at eight synoptic stations in Kurdistan Province, Iran over a 50-year 

statistical period (1971–2020). The performance of two intelligent models, 

Group Method of Data Handling (GMDH) and Group Method of Data Handling 

- Harmony Search (GMDH-HS), was evaluated and compared. The results, 

based on goodness-of-fit criteria during the training and testing phases, indicated 

a marginal but statistically insignificant difference in accuracy between the two 

models. The Hybrid model of Data Handling - Harmony Search (GMDH-HS) 

model exhibited superior performance, achieving lower error values of 0.113, 

1.231 percent respectively for NRMSE and MAPE metrics. The selection of a 

suitable model should be guided by the specific characteristics of the project, 

the dataset, and existing constraints. By leveraging the strengths of both 

components—GMDH’s ability to automatically select the optimal network 

structure and HS’s efficiency in fine-tuning the model parameters—this hybrid 

framework offers a state-of-the-art, scalable, and computationally efficient 

predictive tool, thereby critically advancing the accuracy and efficiency of 

environmental hazard forecasting models. 
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1. Introduction 

Urbanization, industrialization, and climate change have made dust storms one of the main 

sources of air pollution globally (Manisalidis et al., 2020). This phenomenon usually occurs in 

arid and semi-arid regions with loose soils or surfaces without vegetation cover (Du et al., 2025). 

According to the World Meteorological Organization (WMO), a dust storm is a phenomenon that 

transports a large volume of dry soil particles or other fine material from the Earth's surface into 

the atmosphere and reduces horizontal visibility to less than 1,000 meters (Midelton & Kang, 

2017). One of the well - known types of this phenomenon is the cyclone storm which occurs in 

arid and semi - arid regions and is often accompanied by thunderstorms. This storm is 

characterized by a wall of dust and sand that moves rapidly, reducing horizontal visibility to a 

few meters or less (Golkar et al., 2019). In addition to strong winds, vertical air movement is also 

necessary to transport dust particles over long distances. Dust storms can occur in a variety of 

sizes and intensities, from local, short-lived events to large, long-lasting storms that affect large 

areas (Liang et al., 2020; Wang et al., 2022). This phenomenon is associated with hot and dry 

weather conditions, low humidity, and atmospheric instability, significantly contributing to air 

pollution and increasing health risks (Han et al., 2022). In addition to severely reducing visibility, 

dust storms can cause damage to roads and airport runways, significantly disrupting 

transportation activities (Miri & Middleton, 2022). These storms also increase the concentration 

of bioaerosols in the air, which poses a serious threat to human health, especially those suffering 

from respiratory problems (Miri et al., 2023). On the other hand, the deposition of dust particles 

on soil and vegetation can disrupt the balance of ecosystems and reduce agricultural productivity 

(Midelton & Kang, 2017; Zhang et al., 2021; Tang et al., 2023). 

Nowadays, much research has been conducted to predict dust storms using various modeling 

approaches. For example, Yarmohammadi et al. (2025) focused on predicting the path of dust 

storms using deep learning models by employed deep learning architectures, CNN-LSTM 

model. The results show that the performance of both models is improved by considering 

textual information. Furthermore, the increase of 0.2 in the kappa coefficient measure across 

all forecast hours indicates that the convolutional neural network-long short-term memory 

network (CNN-LSTM) model performs better when considering textual information compared 

to the convolutional long short-term memory network model. Similarly, Al-Shammari et al. 

(2024) predicted the frequency of dust storms in Saudi Arabia using machine learning. Their 

findings demonstrated the superiority of temporal convolutional networks and LSTM models 

over traditional statistical methods in capturing complex temporal dynamics. Ansari ghojghar 

& Pourmohammad (2024) modeled dust storms using a triple hybrid model of a general 

regression neural network-support vector machine-long short-term memory (GRNN-SVM-

LSTM). The results of their findings showed that the aforementioned triple hybrid metamodel 

has the best performance compared to the individual and dual hybrid models studied in 

predicting the frequency index of days with dust storms. Pourgholam Amiji et al. (2020) 

compared the performance of integrated seasonal autoregressive moving average time series 

models and Holt-winters in predicting dust storms in Sistan and Baluchestan province. The 

results showed that the Adaptive Neural Fuzzy Inference System (ANFIS) had the best 

performance among the other models studied. Sobhani et al. (2020) studied dust modeling and 

forecasting in western Iran. Based on the output results of the artificial neural network model 

based on radial basis functions in predicting dust for the future years of the studied stations, in 

both the average and maximum dust frequency scales, the western and southwestern stations of 

the studied region were more exposed to dust in the future years. Despite these studies, several 

gaps remain in the existing literature. First, many of the aforementioned deep learning and 
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hybrid models, require intensive computational resources and large datasets. This issue making 

these models difficult to implement for real-time early warning systems. Second, there is a lack 

of research on models that can automatically optimize their own functional structures while 

maintaining low computational complexity. Most existing studies focus on fixed-architecture 

models that may struggle with the highly non-linear and random nature of dust storm data in 

specific climatic regions like Kurdistan Province. This research aims to fill these gaps by 

proposing a GMDH-HS hybrid intelligent algorithm. The GMDH-HS approach combines the 

automated structure-selection capability of GMDH with the robust optimization of the 

Harmony Search algorithm, providing a highly accurate yet computationally efficient solution 

for modeling the FDSD index. 

Accurate prediction of the Frequency Index of Dust Storm Days (FDSD) remains a 

significant and complex environmental challenge. A review of the current literature reveals two 

critical limitations in existing modeling techniques: first, standalone conventional models often 

lack the fidelity and robust non-linearity handling capability required to accurately capture the 

intricate atmospheric dynamics governing dust events, resulting in inadequate predictive 

accuracy. Second, while some complex hybrid models have been explored, they are typically 

characterized by excessive computational resource demands and high operational costs, 

rendering them neither economically viable nor scalable for practical, regional environmental 

forecasting. To overcome this critical deficiency in the state-of-the-art, this study introduces, 

for the first time in the field of atmospheric hazard prediction, a novel and computationally 

efficient intelligent hybrid algorithm: the Group Method of Data Handling–Harmony Search 

(GMDH-HS) model. The core innovation lies in the synergistic integration: the GMDH 

framework is utilized for its inherent self-organizing polynomial network structure, which is 

exceptional at automatically determining the optimal model complexity and capturing the non-

linear relationship between atmospheric predictors and the FDSD index. 

 Despite of significant developments in hydrological forecasting, several challenges still 

persist in long-term discharge series modelling. Traditional deterministic models often struggle 

to find the complexities, non-linear dynamics of long-term flow data, especially in regions with 

high climatic variability like Kurdsitan Provinse in Iran. Also while various meta-heuristic 

algorithms have been employed to optimize machine learning models, achieving a balance 

between high predictive accuracy and computational efficiency remains a significant problem. 

There is a lack of robust, scalable, and economically applicable digital-based solutions 

specifically designed for long-term streamflow forecasting in semi-arid regions like Kurdistan 

Province, Iran. Responding to these gaps, the present study develops a hybrid GMDH-HS 

model to forecast long-term FDSD data (1971–2020) in Kurdistan Province, Iran. The primary 

objective of this research is to establish a reliable predictive framework that optimizes model 

performance through meta-heuristic integration. Specifically, the study aims to implement a 

hybrid architecture combining Group Function Data Driven (GMDH) with Harmony Search 

(HS) for parameter optimization, evaluate the model's capability in capturing long-term 

hydrological patterns and assess the scalability and computational efficiency of the proposed 

approach for real-time hydrological management. The findings of this study are expected to 

provide a robust tool for managing dust storms and a more efficient and accurate alternative to 

conventional modeling techniques in the region. 

 

2. Materials and methods 

2. 1. Study area and methodology 

In the present study, the application of the intelligent hybrid model of Group Management of 
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Data-Harmony (GMDH-HS) to predict the frequency of days with dust storms in eight 

meteorological stations of Kurdistan Province with a statistical period of 50 years (1971-2020) 

was investigated (Figure 1). According to the World Meteorological Organization definition, a 

day with dust storms is a day on which, in at least one of the eight SINOPS, one of the dust-

related codes (06, 07, 08, 09, 30, 31, 32, 33, 34, 35 and 98) is declared in the current weather 

report section (Table 1). Provided that the horizontal visibility data corresponding to the 

declared code is recorded at less than 1000 meters (Goudi et al., 2014). Therefore, in this study, 

hourly data on horizontal visibility and codes standardized by the World Meteorological 

Organization for the detection of dust storms were used for all codes. A stringent, multi-step 

Quality Control (QC) protocol was implemented to ensure the reliability and representativeness 

of the time-series data, which involved subjecting all records to standard range and step tests, 

employing the Interquartile Range (IQR) method for objective outlier detection, and conducting 

internal consistency checks to verify the data’s physical plausibility. Crucially, missing values 

were addressed systematically: short, intermittent gaps (defined as less than three consecutive 

hours) were filled using linear interpolation to preserve the underlying trend, while longer or 

critical gaps were explicitly treated as Not Available (NA) and excluded from segment-specific 

analyses to prevent potential bias. Prior to model development, the processed time series 

underwent formal statistical validation: the Run Test was utilized to formally assess the 

homogeneity and randomness of the data, which was accepted at a 95% confidence level, 

verifying the data’s suitability for time-series analysis. Furthermore, an initial descriptive 

analysis was performed using the Decompose function in R software to effectively separate and 

visualize the core time-series components, while the stationarity of the training data—a 

prerequisite for the predictive modeling—was rigorously evaluated using the Augmented 

Dickey-Fuller (ADF) test. 

Table 1. World Meteorological Organization codes related to wind erosion and dust phenomena 

(O’Loingsigh et al., 2014). 

 

Code Description 

06 Massive dust storm outside weather station 

07 Soil or sand lifted from the ground within the area of a weather station 

08 
Tornado sightings within or outside the meteorological station area during the observation 

hours or the past hour 

09 
Sand or dust storm during observation outside the station or within the last hour within the 

range of the weather station 

30 
Mild or moderate sand or dust storm with a decreasing trend over the past hour - with wind 

speeds of 15 m/s or more - reduced visibility to less than 1000 but more than 200 m 

31 
Light or moderate sand or dust storm with no change in intensity over the past hour - with 

wind speeds of 15 m/s or more - visibility reduced to less than 1000 but more than 200 m 

32 
Mild or moderate sand or dust storm with increasing intensity over the past hour - with wind 

speeds of 15 m/s or more - reduced visibility to less than 1000 but more than 200 m 

33 
Severe sand or dust storm with a decreasing trend over the past hour - wind speed of 15 m/s 

or more - reduced visibility to less than 200 m 

34 
Severe sand or dust storm with no change in intensity over the past hour - wind speed 15 m/s 

or more - reduced visibility to less than 200 m 

35 
Severe sand or dust storm with increasing intensity over the past hour - wind speed 15 m/s or 

more - reduced visibility to less than 200 m 

98 Thunderstorm - no precipitation - accompanied by sand or dust storm 
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Figure 1. Introduction of the stations studied in the present study (Source: Research findings) 

 

2.2. Harmony Search Algorithm (HSA) 
This algorithm is one of the simple and innovative meta-heuristic algorithms that is inspired by 

putting musical notes together to create a melody with aesthetic standards, in order to search 

for the optimal solution. Compared to other meta-heuristic methods, it has fewer mathematical 

requirements and can be adapted and used in various engineering problems by changing the 

parameters and operators. The algorithm's working process consists of three main steps. First, 

a set of initial solutions called harmony memory is randomly generated (Yang, 2009). In the 

second stage, this memory is updated by generating new solutions. The generation of new 

solutions is based on three main operations: selecting from the harmony memory, fine-tuning 

the values, and generating new random values when needed. The new solution is then evaluated 

against the objective function and, if it performs better, it replaces the weakest solution in 

memory. This process continues until a stopping criterion is reached, such as a certain number 

of iterations or a minimum optimum is reached (Abualigah et al., 2020). 

 

2.3. Group Method of Data Handling (GMDH) 

The data clustering method was first proposed by Ivakhnenko (1968) to create high-order 

polynomial equations that are capable of analyzing and evaluating complex systems. This 

algorithm is actually a type of self-organizing learning method that has the ability to model 

nonlinear systems and overcome the complexity of regression equations. Due to its ability to 

model complex regression systems with high degrees, it is called a type of meta-heuristic 

system (heuristic learning) (Olfatmiri et al., 2022). The progressive structure of this algorithm 

includes neurons with at least two inputs, and their transfer function is defined as polynomials 

that are fitted using the least squares method (Amiri et al., 2024).  

 

2.4. Intelligent Hybrid Model of Group Method of Data Handling - Harmony Search Algorithm 

(GMDH-HS) 

This model has been developed with the aim of combining the self-organizing modeling 

capabilities of the data group management algorithm and the optimization capabilities of the 
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harmony search (HS) algorithm in order to solve complex and nonlinear problems. In this 

method, the Group Management Data algorithm, as an initial step, creates the model structure 

and, through the analysis of input and output data, extracts nonlinear relationships in the form 

of successive layers based on polynomial functions. Then, by evaluating and eliminating low-

quality models at each stage, a simpler and more efficient model is presented for more accurate 

prediction (Mahdavi-Meymand et al., 2021). The self-organizing feature in the GMDH 

algorithm allows for automatic adjustment of the model structure and reduction of its 

complexity, while the harmony search algorithm uses harmony memory, fine-tuning of values, 

and generation of random values to search for the most optimal combination of parameters to 

increase the accuracy of the model. This process is completed by repeatedly evaluating the 

solutions based on prediction error criteria, and finally, the model with the highest accuracy and 

lowest error is selected as the output (Figure 2). Thus, the Intelligent Hybrid Model of Group 

Method of Data Handling - Harmony Search Algorithm (GMDH-HS) has remarkable flexibility 

and efficiency in solving complex problems, in addition to its effective learning capability 

(Khajeh et al., 2024). 

 

Figure 2. Flowchart of the intelligent algorithm for the integrated group data management - Harmony 

GMDH-HS (Source: Research findings) 
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2.5. Forecasting models 

In this study, the variable of interest is the number of past seasons or seasons in order to predict 

the future season or seasons. The number of predictable seasons can include one, two, three, 

and four seasons prior to the index of the frequency of days with dust storms. In model number 

one, in order to predict dust storms for the next season, a time series of the frequency of days 

with dust storms with one lag step is used. In other words, in order to predict at time t+1, its 

value at time t is used. In model number two, the prediction for the next season is made using 

the values of the frequency of days with dust storms for the previous two seasons. In models 3 

and 4, the predictions are made based on the FDSD values in the previous three and four 

seasons. The following relationships represent the predictions made in models 1 to 4. Also, the 

models used in selecting the previous season or seasons for forecasting in future seasons are 

shown in Figure 5. 

Model 1 𝐹𝐷𝑆𝐷(𝑡+1) = 𝑓(𝐹𝐷𝑆𝐷(𝑡)) 

Model 2 𝐹𝐷𝑆𝐷(𝑡+1) = 𝑓(𝐹𝐷𝑆𝐷(𝑡). 𝐹𝐷𝑆𝐷(𝑡−1)) 

Model 3 𝐹𝐷𝑆𝐷(𝑡+1) = 𝑓(𝐹𝐷𝑆𝐷(𝑡). 𝐹𝐷𝑆𝐷(𝑡−1). 𝐹𝐷𝑆𝐷(𝑡−2)) 

Model 4 𝐹𝐷𝑆𝐷(𝑡+1) = 𝑓(𝐹𝐷𝑆𝐷(𝑡). 𝐹𝐷𝑆𝐷(𝑡−1). 𝐹𝐷𝑆𝐷(𝑡−2). 𝐹𝐷𝑆𝐷(𝑡−3)) 

 

 

 

Figure 3. Structures used in dust forecasting (Ansari ghojghar et al., 2022) 

 

2.6. Evaluation criteria 

In this study, to evaluate the accuracy and efficiency of the models, the correlation coefficient 

(R), normalized root mean square error (NRMSE), mean absolute percentage error (MAPE), 

and Nash-Sutcliffe coefficient (NS) were used based on equations 1 to 4. 

(1) 
𝑁𝑅𝑀𝑆𝐸 =

√∑ (𝑓𝑖 − 𝑂𝑖)2
𝑛
𝑖=1

𝑁
𝑂𝑖

 

(2) 𝑀𝐴𝑃𝐸 =
100

𝑛
×∑|

𝑓𝑖 −𝑂𝑖
𝑓𝑖

|

𝑛

1

 

GMDH 

GMDH- HS 



Proposing an Intelligent Hybrid Algorithm: Group Method of … / Tavoosi Rad et al 93 

 

(3) 𝑁𝑆 =
1

𝑛
∑|𝑂𝑖 − 𝑓𝑖|

𝑛

𝑖=1

 

(4) 𝑅 =

1
𝑛
∑ (𝑂𝑖 − 𝑂̅)(𝑓𝑖 − 𝑓)̅𝑛
𝑖=1

√1
𝑛
∑ (𝑂𝑖 − 𝑂̅)2𝑛
𝑖=1

√1
𝑛
∑ (𝑓𝑖 − 𝑓)̅2𝑛
𝑖=1

 

 

In equations 1 to 4, 𝑂𝑖 is the observed values at time i, 𝑓𝑖  is the predicted values at time i, 𝑓 ̅

is the mean of the predicted values, 𝑂̅ is the mean of the observed values, and n is the number 

of data. 

 

3. Results and discussion 

The results of examining the performance of the GMDH and GMDH-HS models in predicting 

dust storms at eight synoptic stations in Kurdistan Province over a 5-year period (1971-2020) 

indicate the high accuracy of both models in predicting the FDSD index and a slight and 

insignificant difference in their results. For example, at Baneh station, the GMDH model has 

NRMSE, MAPE, and correlation (R) values of 0.161, 1.517 percent, and 0.957, respectively, 

while the GMDH-HS model performs better with NRMSE, MAPE, and R values of 0.113, 

1.231 percent, and 0.986, respectively. The findings indicate high accuracy of both models and 

a slight improvement in the performance of the GMDH-HS model compared to the individual 

GMDH model. At Saqqez station, the GMDH model shows NRMSE, MAPE, and R values of 

0.169, 1.712 percent, and 0.953, respectively, while the GMDH-HS model shows more accurate 

performance with NRMSE values of 0.117, MAPE of 1.721 percent, and R of 0.985. These 

comparisons indicate the high ability of both models in predicting the desired index, while the 

GMDH-HS model also shows a slight advantage at this station. Overall, the results at all stations 

indicate the high accuracy of both models in predicting the FDSD index, but the GMDH-HS 

model provides more accurate and reliable performance at the stations under study. 

The evaluation indices R, NRMSE, MAPE, and NS were used to examine and compare the 

performance of the GMDH and GMDH-HS models to predict the frequency index of days with 

dust storms in Kurdistan Province over a 50-year statistical period (1971-2020) (Figure 5). 

Tables 2 and 3, respectively, show the values of the evaluation criteria related to the training 

and testing stages of the GMDH and GMDH-HS models for predicting the frequency index of 

days with dust storms at eight synoptic stations: Baneh, Saqqez, Marivan, Sanandaj, Zarrineh, 

Qorveh, Salamatabad, and Bijar. In these tables, the evaluation criteria in 4 combinations for 

each of the aforementioned models have been examined. According to Table 2 and the 

evaluation indicators used, it can be concluded that all the stations under study show better 

performance in the first and second combinations than in the other combinations. Therefore, 

using one and finally two previous combinations to model dust storms at all stations improves 

modeling performance. Among them, combination number one has been selected as the optimal 

combination for modeling the FDSD index with the GMDH model. According to the results of 

modeling dust storms at Baneh station (with the highest frequency of days with dust storms on 

a seasonal scale) and Bijar station (with the lowest seasonal frequency), it can be concluded 

that as the number of dusty days at the studied stations decreases, moving from Baneh and 

Saqqez stations towards Selmatabad and Bijar stations, the accuracy of modeling the FDSD 

index decreases And the third and fourth combinations in Table 2 are not so acceptable. For 

example, at Baneh station, the correlation coefficient and Nash-Sutcliffe error increased from 
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0.954 and 0.904 days in the fourth step to 0.957 and 0.907 days in the first step, respectively. 

At Saqqez, Sanandaj, and Qorveh stations, the error criteria decreased from 1.712, 3.001, and 

4.127 days to 2.001, 3.427, and 4.927 days, respectively, after predicting dust storms using the 

first season instead of the fourth season. The results of this section are consistent with the results 

of Amiri et al. (2024), Golkar et al. (2019), Ni et al. (2025), and Mo et al. (2018). 

Table 2. Statistical results of input data to the GMDH model for predicting the FDSD index  

(Source: Research findings) 

 

Station 
Combination 

number 

Train dataset Test dataset 

NRMSE 
MAPE 

(%) 
NS R NRMSE 

MAPE 

(%) 
NS R 

Baneh 

1 0.147 1.327 0.918 0.971 0.161 1.517 0.907 0.957 

2 0.149 1.341 0.917 0.971 0.162 1.519 0.906 0.956 

3 0.146 1.425 0.916 0.969 0.164 1.612 0.905 0.955 

4 0.146 1.512 0.916 0.969 0.167 1.693 0.904 0.954 

Saqqez 

1 0.149 1.641 0.916 0.968 0.169 1.712 0.903 0.953 

2 0.151 1.644 0.919 0.968 0.166 1.723 0.903 0.953 

3 0.152 1.703 0.921 0.967 0.168 1.745 0.902 0.952 

4 0.153 1.941 0.915 0.966 0.171 2.001 0.901 0.951 

Zarrineh 

1 0.154 2.232 0.914 0.965 0.171 2.325 0.901 0.949 

2 0.156 2.325 0.913 0.964 0.172 2.426 0.902 0.949 

3 0.156 2.517 0.913 0.963 0.173 2.612 0.904 0.948 

4 0.156 2.693 0.913 0.962 0.174 2.812 0.899 0.947 

Marivan 

1 0.157 2.921 0.912 0.961 0.175 3.001 0.898 0.947 

2 0.159 3.003 0.912 0.961 0.176 3.015 0.897 0.946 

3 0.161 3.127 0.911 0.959 0.177 3.225 0.897 0.945 

4 0.162 3.246 0.914 0.958 0.178 3.427 0.896 0.944 

Sanandaj 

1 0.158 3.706 0.913 0.957 0.179 3.728 0.895 0.943 

2 0.157 3.827 0.912 0.956 0.181 3.926 0.894 0.943 

3 0.163 3.976 0.911 0.955 0.182 4.004 0.894 0.942 

4 0.163 4.004 0.909 0.954 0.183 4.125 0.893 0.941 

Bijar 

1 0.164 4.106 0.908 0.953 0.184 4.127 0.892 0.941 

2 0.165 4.221 0.907 0.952 0.185 4.321 0.891 0.941 

3 0.166 4.431 0.907 0.951 0.186 4.527 0.891 0.939 

4 0.167 4.851 0.907 0.951 0.187 4.927 0.891 0.938 

Qorveh 

1 0.168 4.995 0.906 0.949 0.188 5.001 0.889 0.937 

2 0.169 5.007 0.905 0.948 0.189 5.231 0.888 0.937 

3 0.171 5.224 0.904 0.948 0.192 5.321 0.887 0.936 

4 0.172 5.123 0.903 0.947 0.193 5.426 0.886 0.935 

Salamatabad 

1 0.173 5.321 0.902 0.946 0.201 5.721 0.885 0.934 

2 0.174 5.421 0.902 0.945 0.203 5.823 0.884 0.933 

3 0.175 5.823 0.901 0.944 0.204 5.927 0.883 0.932 

4 0.181 5.903 0.901 0.943 0.205 5.941 0.882 0.931 

 



Proposing an Intelligent Hybrid Algorithm: Group Method of … / Tavoosi Rad et al 95 

 

Table 3. Statistical results of input data to the GMDH-HS model for predicting the FDSD index 

(Source: Research findings) 

 

Station 
Combination 

number 

Train dataset Test dataset 

NRMSE 
MAPE 

(%) 
NS R NRMSE 

MAPE 

(%) 
NS R 

Baneh 

1 0.093 1.007 0.943 0.997 0.113 1.231 0.923 0.986 

2 0.096 1.113 0.943 0.997 0.114 1.325 0.923 0.986 

3 0.097 1.114 0.942 0.996 0.115 1.421 0.922 0.985 

4 0.099 1.201 0.941 0.998 0.115 1.521 0.921 0.985 

Saqqez 

1 0.101 1.207 0.939 0.995 0.117 1.721 0.921 0.985 

2 0.101 1.301 0.938 0.995 0.112 1.728 0.921 0.984 

3 0.103 1.315 0.937 0.995 0.119 1.741 0.919 0.979 

4 0.104 1.346 0.936 0.994 0.121 1.912 0.918 0.976 

Zarrineh 

1 0.099 1.378 0.935 0.993 0.121 1.918 0.918 0.983 

2 0.105 1.512 0.934 0.994 0.122 2.001 0.922 0.983 

3 0.106 1.713 0.933 0.996 0.123 2.003 0.917 0.982 

4 0.107 1.719 0.932 0.993 0.124 2.125 0.924 0.981 

Marivan 

1 0.108 1.803 0.931 0.992 0.125 2.136 0.916 0.979 

2 0.108 1.825 0.929 0.991 0.126 2.205 0.916 0.978 

3 0.108 1.827 0.929 0.989 0.126 2.301 0.916 0.977 

4 0.109 1.903 0.929 0.987 0.127 2.305 0.915 0.975 

Sanandaj 

1 0.112 1.924 0.928 0.988 0.127 2.307 0.914 0.975 

2 0.113 1.978 0.927 0.989 0.128 2.802 0.914 0.975 

3 0.113 2.006 0.926 0.987 0.129 2.904 0.913 0.974 

4 0.114 2.125 0.926 0.986 0.129 2.907 0.912 0.973 

Bijar 

1 0.115 2.224 0.925 0.985 0.131 2.923 0.912 0.972 

2 0.116 2.321 0.924 0.985 0.132 2.945 0.912 0.971 

3 0.117 2.325 0.923 0.984 0.133 3.007 0.911 0.971 

4 0.118 2.426 0.923 0.983 0.134 3.012 0.909 0.971 

Qorveh 

1 0.119 2.512 0.927 0.983 0.135 3.221 0.908 0.969 

2 0.121 2.614 0.925 0.983 0.136 3.334 0.907 0.969 

3 0.122 2.712 0.925 0.982 0.137 3.412 0.906 0.968 

4 0.123 2.803 0.922 0.979 0.138 3.419 0.905 0.967 

Salamatabad 

1 0.124 2.912 0.921 0.981 0.139 3.511 0.904 0.966 

2 0.125 2.956 0.919 0.978 0.141 3.526 0.904 0.965 

3 0.126 2.978 0.918 0.977 0.142 3.596 0.903 0.964 

4 0.127 3.003 0.917 0.976 0.143 4.001 0.902 0.963 

 

Table 3 presents the results of dust storm forecasting over a 50-year period (1970-2020) in 

Kurdistan Province. By examining the results of modelling the FDSD index with the combined 

GMDH-HS model, it can be concluded that in this method, as in the previous method, in all 

stations studied, the modeling results of these storms improved by using one or two previous 

seasons, and by using more seasons, the NRMSE and MAPE error values had an increasing 

trend. For example, at Marivan and Selmatabad stations, the NRMSE and MAPE error values 
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have decreased relatively from 0.174, 2.812, 0.193, and 5.426 in the fourth seasonal 

combination to 0.171, 2.325, 0.188, and 5.001 days as a result of applying a previous season to 

model dust storms. Therefore, it can be concluded that using a previous season to predict the 

FDSD index in future seasons provides the best results. Considering that in Table 3, the order 

of the stations according to the FDSD index is descending from Baneh to Bijar, it can be 

concluded that the performance and accuracy of the GMDH-HS model for modeling dust 

storms is directly related to the increase in the number of days with dust storms. On the other 

hand, as can be seen in Table 3, the error value at all studied stations for all combinations has 

changed slightly compared to the individual GMDH model. Also, the correlation and Nash-

Sutcliffe coefficients have slightly increased compared to the modeling results with GMDH. 

For example, at Saqez station, the NRMSE and MAPE values in the test phase in combination 

number four have decreased from 0.171 and 2.001 in the GMDH model to 0.121 and 1.912 in 

the GMDH-HS model. Thus, it can be concluded that the GMDH-HS intelligent model method 

is superior to the individual GMDH model in modeling dust storms. The comparative analysis 

presented in Tables 2 and 3 reveals a slight difference in predictive performance between the 

two predicting models of this study. It shows that the GMDH model has a high ability to predict 

the frequency of dust storms in Kurdistan Province. This high level of performance can be 

attributed to the GMDH's inherent ability to automatically select optimal functional structures, 

which effectively handles the non-linear and stochastic nature of duststorm-related atmospheric 

variables. The observed results align with previous studies, such as Qaderi et al. (2020), Olfat 

Miri et al. (2022), and Ghorbani et al. (2013), suggesting that the complex meteorological 

drivers in the semi-arid regions of Iran necessitate advanced non-linear modeling approaches 

to achieve reliable forecasting. These findings indicate that the GMDH model provides a robust 

and reliable alternative for long-term dust storm monitoring under similar climatic conditions. 

The cost and complexity of modeling dust storms is directly dependent on the choice of 

model and analysis method. The GMDH model is known as an efficient and low-cost tool for 

modeling nonlinear phenomena due to its self-organizing structure and ability to automatically 

select effective variables. This model, utilizing limited computational resources and a simple 

process, offers a suitable option for analyzing complex data with acceptable accuracy. In 

contrast, the GMDH-HS hybrid model, which is formed by combining the GMDH method and 

the Harmony algorithm, has greater ability to model complex phenomena by utilizing more 

advanced optimization processes. This model, although it increases the prediction accuracy, has 

a higher computational cost due to the need for more complex settings and longer execution 

time. Choosing between these two models requires a careful assessment of the project needs, 

including the expected level of accuracy, time constraints, and available computational 

resources. In cases where the volume of calculations and the cost of project construction are 

more important, using the GMDH model seems more logical. While for situations where 

forecast accuracy and uncertainty reduction are of higher priority, the combined GMDH-HS 

model would be an optimal option, despite higher implementation costs. In addition, the 

difference in the results of the models is not significant at the 95 and 99 percent confidence 

levels. Therefore, despite the high performance and considerable accuracy of the GMDH-HS 

hybrid model, the results of the GMDH model also showed acceptable performance with a 

slight difference compared to the hybrid method. The GMDH intelligent model requires fewer 

computational resources due to its simple structure and training and testing processes. This 

model is a suitable option in situations where the data is simpler and the relationships between 

variables are more linear, and it requires less time for processing and analysis. While the 

GMDH-HS model requires more computational resources due to the use of more complex 
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algorithms and consideration of nonlinear interactions and more complex changes in the data. 

Therefore, this model may not be a suitable option in projects that have limitations in terms of 

computational resources or require fast predictions. In terms of implementation costs and 

processing time, the GMDH model, with its lower complexity and lower computational costs, 

is more cost-effective for projects that require fast and relatively accurate predictions. While 

the GMDH-HS model, despite its higher costs, can be beneficial in sensitive projects requiring 

more accurate predictions due to its higher accuracy and ability to simulate more complex 

relationships. Comparing the mean of observed and predicted values using the t-test indicates 

acceptance of the null hypothesis based on the equality of the mean of the observed and 

predicted time series of the frequency index of days with dust storms in Kurdistan Province 

(Table 4). Thus, it can be concluded that both models have retained the average of the 

observational time series to predict the FDSD index. The relationship between the observed and 

predicted values at all eight stations studied is a line with an approximate slope of 45 degrees. 

Among the models studied, the GMDH-HS hybrid intelligent algorithm has the lowest 

dispersion (highest accuracy and therefore highest agreement) with the first quadrant bisector 

(y=x). The results of this section are consistent with the studies of Goudie & Middleton, (2006) 

and Pourgholam Amiji et al. (2020) (Figure 5). 

Table 4. Comparison test of the observed and predicted time series averages of the FDSD index 

(Source: Research findings) 

 

 
average T statistic 

observations GMDH GMDH- HS GMDH GMDH- HS 

Baneh 0.993 0.981 0.987 2.127 2.236 

Saqqez 0.984 0.962 0.983 2.124 2.212 

Marivan 0.976 0.957 0.973 2.078 2.178 

Sanandaj 0.965 0.943 0.961 2.023 2.143 

Zarrineh 0.961 0.931 0.958 2.004 2.131 

Qorveh 0.951 0.921 0.949 1.993 2.117 

Salamatabad 0.943 0.912 0.938 1.984 2.104 

Bijar 0.939 0.907 0.931 1.878 2.005 

 

4. Conclusion 

This study developed and evaluated a hybrid GMDH-HS intelligent algorithm to model the 

frequency index of dust storm days (FDSD) in Kurdistan Province, Iran, using long-term data 

(1971–2020). The integration of the Harmony Search (HS) meta-heuristic with the Group Function 

Data-Driven (GMDH) approach aimed to overcome the limitations of traditional modeling in 

capturing the complex, non-linear dynamics of dust storm phenomena. 

The results demonstrated that both the GMDH and the hybrid GMDH-HS models possess high 

predictive potential for FDSD indices. The performance difference between the two models was 

not statistically significant, but the GMDH-HS model recorded superior performance in minimizing 

prediction errors and optimizing internal parameters through its automatic evolutionary process. 

This confirms that the hybrid approach provides a more robust framework for simulating the highly 

stochastic and non-linear nature of dust storm patterns in semi-arid regions. The findings of this 

research offer practical implications for environmental management and public health authorities 

in Kurdistan Province. The developed GMDH-HS model can serve as a reliable tool for establishing 
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early warning systems and aiding in the development of proactive mitigation strategies to reduce 

the socio-economic and health-related impacts of dust storms.  

  

  

  

  

Figure 4. Comparison of observed and predicted values of the FDSD index in Kurdistan Province 

(Source: Research findings) 



Proposing an Intelligent Hybrid Algorithm: Group Method of … / Tavoosi Rad et al 99 

 

  

  

  

  

Fig. 5. Comparison of Behbaneh model evaluation indices for modeling dust storms (Source: Research findings) 
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Despite the high accuracy achieved, this study is limited by the reliance on historical FDSD 

indices. Future research should focus on integrating real-time meteorological variables—such 

as wind speed, humidity, and aerosol optical depth—into the GMDH-HS framework to enhance 

the temporal resolution and reliability of short-term dust storm forecasting. 
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