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Abstract: 

In recent years, the growth of urbanization has increased the impermeable levels and has caused 

an increase in the volume of floods and peak flood discharges. Many types of research have 

been done in the field of implementing environmentally friendly methods to make the urban 

environment more natural and at the same time be effective in controlling urban floods. The 

use of Low Impact Development (LID) methods is one such study. But choosing the best 

designs from among these strategies has always been a vital problem for urban water system 

designers. One of the goals researchers in the field of urban hydrology is to find methods to 

determine the required volume reduction. In the present study, the hydraulic behavior of the 

surface water collection system in the Golestan town of Semnan has been simulated using 

Storm Water Management Model (SWMM). In the following, the performance of 
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implementing different proposed designs of three types of LID_ namely rain barrel (RB), 

infiltration trench (IT), and permeable pavement (PP) _ was investigated. These plans include 

seven general scenarios, each with ten different LID combinations. These plans include seven 

general scenarios, each with ten different LID combinations. The results of hydraulic studies 

indicate the effectiveness of the PP-RB scenario with an average reduction of 90% of peak 

discharge and an average reduction of 80% of total flood volume. Also, the weakest 

performance is related to the IT scenario with an average reduction of 60% of peak discharge 

and 47% of total flow volume. In this regard, the considering the importance of estimation of 

flood reduction, present paper introduces a novel approach for urban flood mitigation 

estimation. In this method, intelligent algorithms are used to perform flood calculation 

operations taking into account the percentage of LIDs (Low-Impact Developments) proposed. 

In this research, SVM (support vector machines), LSSVM (Least square support vector 

machines) and LSSVM-GOA (Least square support vector machines-grasshopper optimization 

algorithm) algorithms have been used. The allocated percentage area of different combinations 

of the used LIDs, and the reduced peak flow coefficient in each combination were considered 

as input data; and the reduced flood volume corresponding to each LID combination was used 

as the output data. This research has been conducted in Golestan town of Semnan city in Iran. 

The results obtained in this study indicate the success of these algorithms in predicting reduced 

flood volume. In the test period, the value of R2 index for LSSVM-GOA model (0.9896) 

compared to LSSVM (0.9266) and SVM (0.8990) intelligent models, indicates the high 

accuracy of this model in this period. Also, the values of R2 index for the other two algorithms 

indicate the adequacy of these algorithms in predicting the amount of reduced flood. Also in 

the training course, LSSVM - GOA model showed that with values of 0.0101 and 0.0185 for 

MAE and RMSE indices, respectively, has a higher predictive power. The values of these 

indices are 0.0268 and 0.0361 for LSSVM model and 0.0318 and 0.0434 for SVM model, 



respectively. According to the results, the use of intelligent algorithms can be introduced as an 

accurate tool in estimating and predicting reduced flood volume in urban basins.  

Keywords: SWMM, LID, Urban Flood reduction estimation, Machine Learning  

Introduction 

Today, more than half of the world's population lives in urban areas (UN, 2012), and most of 

the world's population growth also occurs in cities (Flood, 1997). These changes have caused 

floods to have more severe effects on residential areas and urban infrastructure. These effects 

include drastic changes in runoff quality and quantity due to storm rains (Jacobson, 2011; Shen 

et al., 2014; Huang et al., 2018). Numerous studies have shown that urban development 

increases surface runoff (Dietz and Clausen, 2008; Schoonover et al., 2006; Wang et al., 2005; 

Palla and Gnecco, 2015). In recent years, many urban designers facing the challenge of urban 

flooding (Bisht et al., 2016). However, Floods causes significant damage, having proper 

management runoff can be used in semi-arid and arid regions (Ghazavi et al., 2012; Huang et 

al., 2018).  

Mathematical models can achieve the best possible design for urban runoff management (Faye 

et al., 2016). Rainfall-runoff models either act on the occurrence of an event or continuously 

perform simulation. Event-based models usually perform rainfall-runoff calculations based on 

a unique short-term event. These models usually simulate only part of the hydrological 

processes of the catchment. Most event-based models use fixed time steps for hydraulic and 

hydrological analysis. Among all event-based models, the Storm Water Management Model 

(SWMM) is one of the most widely used mathematical models in the field of rainfall-runoff 

modeling in urban areas (Shahed Behrouz et al., 2020). The SWMM model was first introduced 

by the U.S. Environmental Protection Agency in 1971. Based on the environmental plan of the 

study area, SWMM simulates the rainfall-runoff of the basin and prepares the results of 



quantitative and qualitative analyzes related to runoff (Faye et al., 2016). The SWMM model 

was used to simulate and calibrate storms observed in a large basin in Tallinn, and the results 

showed that the SWMM model is sensitive to the percentage of impermeable areas, flow 

volume, and peak discharge (Maharjan et al., 2017). Based on previous research studies, the 

SWMM model can estimate flood volume and peak discharge in urban sub-basins. In recent 

years, new methods for flood control in urban watersheds have been studied by researchers. 

One of the advantages of these new methods is being friendly to the environment. Green 

Infrastructure (gi), Best Management Practices (BMPs), and Low-Impact Development 

methods (LID) are among these methods (Eckart et al., 2012; Jia et al., 2015). However, to 

optimize LID and the costs allocated to these methods, appropriate optimization measurements 

should be used, especially when there are multiple criteria for decision making (Babaei et al., 

2018). Recently, the use of LID has been introduced as a completely reliable method in 

controlling urban runoff, surface water pollution in the urban basin, and urban ecosystem. 

(Teymouri et al, 2020) (Kayhanian et al., 2012; Ahiablame et al., 2012; Randhir and Raposa, 

2014). LIDs are a green approach to urban flood management. LIDs seek to assist in the 

hydrology of the urban basin, and this assistance is implemented on a small scale in the urban 

basin. (HUD, 2003). However, the use of these methods requires further experimental studies 

to determine the exact characteristics of these methods to make them more effective in 

controlling floods and peak discharges. The first goal of using LID in urban environments is to 

control urban floods by reducing possible runoff with a specified return period (Park et al., 

2013). Mathematical models can be used to determine the type of LID and its location, 

especially when there is a limited budget for urban flood management (Prez-Pedinin et al., 

2005), and also these models can be more effective in the wider use of LIDs (Elliott and 

Trowsdale, 2007).  



The main idea is to use the LID method to control runoff and reduce pollution on site. There 

are different types of LIDs such as bio-retention cells, rain gardens, green roofs, rain barrels, 

Infiltration trenches, permeable pavements, roof separation, and green swale (Hoang and 

Fenner, 2016). One of the complexities of using LID methods is the optimization of the space 

allocated to them and their implementation costs (Martin-Mikle et al., 2015; Geng and 

Sharpley, 2019). The purpose of implementing the LID-BMPs is to reduce the volume of floods 

and to create the natural hydrology of the water basin as much as possible. However, the 

optimization of LIDs will be commensurate with their performance by considering criteria such 

as effectiveness in reducing the quantity of flood volume, improving the quality of urban 

runoff, physical constraints of the area, implementation costs, and even social factors. 

Increasing urbanization rates in the world have caused impermeable surfaces to replace 

permeable soils (Zhang et al., 2015). The spread of impermeable areas parallel with climate 

change has caused considerable increase in flood volume in urban residuals (Olang and Furst, 

2011; Zhang, W. et al., 2018). In other hand, the occurrence of heavy rainfall challenge the 

urban wastewater drainage system and thus have major impacts on communities, habitats and 

the economy (li et al., 2020). The complexity of the urban environment necessitates integrated 

research and policies to control urban flooding (Lawson et al., 2014; Pappalardo et al., 2017). 

In recent years, various methods for modeling and predicting flood rates have been proposed 

by researchers (Henonin et al., 2015; Mark et al., 2004; Miguez et al., 2017; Rene et al., 2014). 

Nature-based solutions, known as green infrastructure, have been widely recommended for 

reducing runoff from urban flooding, improving water quality, and having a sustainable 

ecosystem (Fu et al., 2019). It has been reported that among the various methods of urban flood 

management, green infrastructure has a better performance in reducing runoff and peak 

discharge (Wolch et al., 2014). The effectiveness of green infrastructure in reducing urban 

flooding is affected by a combination of several factors such as: the study area, the distribution 



of green infrastructure in the region, and the hydraulic characteristics of green infrastructure 

(Fiori and Volpi, 2020). Floods are one of the most well-known devastating natural disasters 

in the world (Freer et al., 2013; Razavi et al., 2020). However, floods can be useful in 

supporting ecosystems, especially in areas with arid climates (Teng et al., 2017; Bond et al., 

2014). Therefore, considering all the positive and negative aspects of floods, it can be 

concluded that understanding, simulating, predicting and evaluating floods is of great 

importance (Teng et al., 2017). 

In recent years, intelligent models have been used extensively in modeling and predicting 

hydraulic and hydrological phenomena. For example, use of support vector machine to predict 

flood sensitivity (Choubin et al., 2018, Karami et al, 2022), using LSSVM, a new method for 

correcting runoff prediction error (Liu et al., 2021), using variational mode decomposition and 

the least squares support vector machine optimized by the sparrow search algorithm (VMD-

SSA-LSSVM) to predict the water quality of the Yangtze River (Song et al., 2021), using whale 

optimization algorithm and combining it with LSSVM to subscale rainfall prediction under 

climate change conditions (Valikhan Anaraki et al., 2021), application of SVM and LSSVM to 

modeling of evaporation from open water surfaces (Farasat et al., 2021), using Coupling 

Singular Spectrum Analysis with Least Square Support Vector Machine to improve the 

accuracy of SPI drought forecast index (Pham et al., 2021), precipitation modeling by 

optimizing performance and LSSVM (Azad et al., 2021), using complementary ensemble 

empirical decomposition models and combining it with LSSVM to predict runoff in the 

medium and long term (Ji et al., 2020), using MSPI and data DRIVEN methods to detect 

multivariate droughts in the short and long term (Aghelpour et al., 2021), comparison of SVM 

and ANFIS performance for daily dam water level forecasting (Hipni et al., 2013), using 

Extreme Learning Machine in SVM Composition to Predict Hydrological Flow Series 

(Atiquzzaman and Kandasamy 2018), using SVM to predict long-term flow (Lin et al., 2006), 



evaluation of SVM and ANN performance in runoff modeling (Behzad et al., 2009), using 

SVM to estimate soil moisture (Gill et al., 2007), using SVM to estimate and predict 

evaporation rate (Moghaddaminia et al., 2009), investigation of statistical subscales on daily 

rainfall using SVM (Chen et al., 2010), using SVM to simulate and analyze runoff and sediment 

(Misra et al., 2009), using SVM to predict scour on control grade structures (Goel and Pal., 

2009), a comparative study between ANN and SVM performance for groundwater level 

prediction in coastal aquifers (Yoon et al., 2011), monthly forecast of evaporation using ANN 

and SVM (Tezel and Buyukyildiz, 2015), using ANFIS and SVM to predict the relationship 

between runoff-precipitation (Tasar et al., 2019), combining improved GOA and SVM 

algorithms to predict water levels in streams in coastal areas (Tao et al., 2021), combination of 

SVR and GOA for spatial prediction of flood occurrence in Qazvin plain (Panahi et al., 2021). 

A review of previous studies shows that research has been done in the field of flood prediction 

using intelligent algorithms, but in the field of flood reduction prediction using hybrid 

algorithms and using the percentage of available LIDs as research input has not yet been 

conducted enough. This study introduce a new solution to find the best percentage of LIDs 

used in urban areas to further reduce floods in the area using SVM, LSSVM and LSSVM-GOA 

algorithms. In this research, in the materials and methods section, the study area is introduced, 

the modeling of the area in software, SWMM field, and input and output data are introduced. 

Then the following algorithms are introduced. In the results and discussion section, the 

performance of these three algorithms is examined using statistical parameters, and finally, in 

the conclusion section, the total achievements of this research and future work suggestions are 

introduced. The process used in this study presented in figure 1. 

 



Figure 1-. The flowchart of the study 

 

Materials and methods 

Study area 

Golestan town is in the northern part of Semnan city located in Semnan province. Considering 

the residential settlements in this area of the city, it is considered as one of the centralized areas 

in the city of Semnan. The study area locates at northwest of Semnan city with an area of about 

2.86 Km (285 hectares). The maximum and minimum heights of the area are 1243.73 and 1175 

meters, respectively. The city of Semnan is located in the north of the desert plain and south of 



the Alborz mountain range. The city is located at longitude 53 degrees, 23 minutes to 53 

degrees and 26 minutes east and latitude 35 degrees and 33 minutes to 35 degrees and 35 

minutes north. Its average altitude is 1132 meters above sea level. Figure 2 shows the location 

of Semnan province and Semnan city and Figure 3 shows Golestan region in the north of 

Semnan city. 

 
Figure 2- Geographical location of Semnan province and Semnan city 

 

 

 



 
Figure 3- Golestan town area in the north of Semnan city 

 

Hydrologic modeling with SWMM 

According to the available information of the area, the modeling of the Golestan area was done 

in SWMM software, and the amount of peak runoff and runoff volume was recorded in the 

outlet of the basin. Due to the fact that there was no historical flood records in the area, the 

model was calibrated and validated only with the peak flow obtained from the software and 

compared with the peak flow calculated from the logical relation (Formula 2) in each of the 

sub-catchment. Considering that each sub-catchment was composed of different land uses, 

initially the area of different parts of each sub-catchment was calculated using AutoCAD 

software. Then by using relative weight averaging (Equation 1) to the area of each sub-

catchment, the runoff coefficient of each sub-catchment was calculated.  



 

(1) 
𝐶̅ = ∑ 𝐶𝑖𝐴𝑖𝑛𝑖=1∑ 𝐴𝑖𝑛𝑖=1  

In the above relation Ci is the value of the runoff coefficient related to the area Ai of each sub-

catchment. After calculating the value of 𝐶̅ for each sub-catchment using the logical formula 

(Equation 9), the peak flow rate in each sub-basin was calculated: 

(2) 𝑄 = 0.278 ∗ 𝐶 ∗ 𝑖 ∗ 𝐴 
Which Q stands for maximum peak discharge (m3/s), C is the runoff coefficient, i is rainfall 

intensity (mm/hr), and A is the area of catchment (km2).  

The coefficient of determination (R2) (equation 3) (Band et al., 2021) and root mean square 

error (RMSE) (equation 4) (Hu et al., 2021) were used to evaluate the validation of the the 

process. 

 

(3) 𝑅2 = [  
 ∑(𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛
𝑖=1 √∑(𝑥𝑖 − �̅�)2 ∑(𝑦𝑖 − �̅�)2𝑛

𝑖=1
𝑛

𝑖=1
2⁄ ]  

 2
 

 

(4) 𝑅𝑀𝑆𝐸 = √∑ (𝑥𝑖 − 𝑦𝑖)2𝑛𝑖=1 𝑁⁄  

Which in the above relations xi and �̅� express the observational values and their averages; yi 

and �̅� also represent the predicted values and their mean. 

Figure 4 shows the value of the R2 between the peak flow values calculated with the logical 

formula and the peak flow simulated with the SWMM for the 5-year return period. According 

to R2 = 0.8657 and RMSE = 0.01653(m3/s), it can be concluded that the SWMM model has 

shown a good ability to simulate the runoff collection system in the study area.  



 
Figure 4 - Peak discharge obtained from the logical equation and peak runoff calculated by SWMM 

The seven scenarios include three individual scenarios, three pair scenarios, and one general 

scenario. Each one contains ten different plans. Table 4 shows how to name the plans. The 

maximum flood volume and maximum runoff for the outfall point were considered as model 

outputs. 

Modeling the study area in the current conditions 

Figure 5 is a schematic view of the runoff collection system in Golestan town. The initial 

modeling results indicate the phenomenon of flooding in one of the nodes. Tables 1 and 2 show 

the hydraulic output results for the output node and the flood node, respectively, taking into 

account the total volume in the node as well as the maximum flow.  
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Figure 5- Schematic of runoff collection system 

Table 1: Hydraulic output of the output point (O1) in the current condition 

lit) 6Total volume of flow (10 /s)3Runoff peak (m 

3.446 0.559 

 

Table 2: Hydraulic output node 18 (J18) in the current condition 

lit) 6Total volume of flow (10 /s)3Runoff peak (m 

1.281 0.569 

 

Low-Impact development Methods 

Storm water is usually water that does not penetrate the ground, but flows on the ground and 

impermeable surfaces and flows into streams, rivers, lakes, etc. Low-impact development 

methods used to reduce flood volume and peak discharge in this area include rain barrels (RB), 

permeable pavement (PP), and infiltration trench (IT). These methods have been selected 



according to the arid and semi-arid climate of the region, and the available materials which 

their specifications are presented in table 3.  

Table 3 - Lid specifications 

amount LID features LID type 

1000 Barrel height (mm)  

 

Rain Barrel 

 

 

0.8 Flow coefficient 

0.5 Flow exponent 

6 Offset (mm) 

6 Drain daily (hrs) 

   

0.12 Surface roughness  

 

 

 

Permeable pavement 

120 Thickness (mm) 

0.6 Void ratio 

0.8 Flow coefficient 

0.5 Flow exponent 

15 Offset (mm) 

120.4 Soil conductivity (mm/hr) 

150 Soil thickness (mm) 

250 Storage thickness (mm) 

   

1 Surface slope (%)  

 

Infiltration Trench 

 

 

1000 Storage thickness (mm) 

0.75 Void Ratio 

0.8 Flow coefficient 

6 Offset (mm) 

 

The seven scenarios include three individual scenarios, three pair scenarios, and one general 

scenario. Each one contains ten different plans. Table 4 shows how to name the plans. The 



maximum flood volume and maximum runoff for the outfall point were considered as model 

outputs. 

Table 4 -LID Scenarios  

Explanation of Example Example symbol Number of plans type scenario 

The LID used is a rain barrel, 

and the percentage used is 

30% 

RB-30 RB-Usage 

percentage 

10 

 

individual 1 

The LID used is a permeable 

pavement, and the percentage 

used is 20% 

PP-20 PP-Usage 

percentage 

10 

 

individual 2 

The LID used is an 

infiltration trench, and the 

percentage used is 70% 

IT-70 IT-Usage 

percentage 

10 

 

individual 3 

The LIDs used are permeable 

pavement and infiltration 

trench, and the percentage 

used of each of them is 35%. 

IT-PP-35 IT-PP-Usage 

percentage 

10 

 

Paired 

composition 

4 

The LIDs used are infiltration 

trench and rain barrel, and the 

percentage used of each of 

them is 15%. 

IT-RB-15 IT-RB-Usage 

percentage 

10 

 

Paired 

composition 

5 

The LIDs used are permeable 

pavement and rain barrel, and 

the percentage used of each 

of them is 35%. 

PP-RB-45 PP-RB-Usage 

percentage 

10 

 

Paired 

composition 

6 

The LIDs used are of all three 

types, and the percentage 

used of each of them is 20% 

IT-PP-RB-

20 

IT-PP-RB-

Usage 

percentage 

10 

 

Triple 

composition 

7 

 



The results of the hydrologic modeling in SWMM 

This section briefly discusses the results of hydrological analysis of various LID scenarios. As 

can be seen from Table 4, 7 different scenarios of ineffective development methods were 

considered. In between, each of the scenarios has 10 different models that differ in the 

percentage of LID used. Comparing the results of the RB scenario, it was found that the lowest 

rate of peak flow reduction and flood volume is related to the RB-10 project with approximate 

values of 74.5% and 79% and the highest values of these two parameters are related to the RB-

100 design with approximate values of 79.5% and 83%. PP scenarios have succeeded in 

gradually reducing the volume of floods so that a reduction of 1.4 million liters can be observed, 

while the maximum flow in PP-80, PP-90, AND PP-100 ARE about 0.15 m3/s. The 

performance of IT scenarios and PP scenarios in reducing peak discharge are similar to each 

other, with the difference that IT scenario have smaller values of peak discharge compared to 

PP scenario. According to the results of IT scenario (IT-10 and IT-100), it can was seen that 

increasing the percentage of IT coverage in the sub-catchments plays important role in 

reduction of the peak discharge and flood volume. The SWMM results showed that increasing 

the percentage of combined coverage of IT and PP has a significant ability to control the 

amount of runoff. So that the values of total flood volume and maximum flow for IT-PP-5 and 

IT-PP-50 projects are equal to 2.674 million liters, 0.387 (m3/s), 1.011 million liters, and 0.062 

(m3/s), respectively. Successful plans of this scenario (IT-PP-45 and IT-PP-50) have reduced 

about 90% of peak discharge and 70% of flood volume. The results obtained from this scenario 

show that the combination of IT and PP can cover each other's problems and represent better 

hydraulic performance than individual scenarios. Simultaneous use of RB and PP has had 

acceptable results in flood control in the study area. According to the obtained results, 

increasing the percentage of these two LIDs has a significant effect on controlling urban runoff.  

The obtained results from SWWM considering PP and RB as a combination of LIDs shows 



that the percentage reduction for peak discharge and flood volume is between 80 and 98% for 

peak discharge and 70 to 90% for flood volume. While considering all three Lid methods 

together, the results show that this scenario is effective in reducing the flood's volume and peak 

discharge. The SWMM results showed that the PP-RB scenario has recorded the lowest peak 

flow rate at the output point. The RB scenario, the IT-RB scenario, and the IT-PP-RB scenario 

are in the next ranks in terms of peak discharge, respectively. While the highest peak discharge 

at the output node is related to the IT scenario. The PP-RB scenario has the best performance, 

and the IT scenario has the worst. Also, the IT-PP-RB and IT-RB scenarios as well as the IT-

PP and RB scenarios have shown considerable performance in the total runoff volume. The 

PP-RB scenario has shown the best hydraulic performance by recording an average of 90% 

reduction in peak discharge and 80% reduction in flood volume, while the weakest results are 

obtained in the IT scenario with an average decrease of approximately 60% in peak discharge 

and 40% in flood volume. The results show the similar performance of the two scenarios IT-

PP-RB and IT-RB in reducing the peak discharge by 80 percent. Also, the three scenarios of 

RB, PP, and IT-PP have shown similar results in reducing the peak flow rate (75%). 

 

Data used for intelligent methods 

The input data of the model includes the percentage of LIDs and K coefficient. The LIDs used 

were in three general modes. In other words, either the LID was used individually or a binary 

combination and a ternary combination was used. Finally, the area of LIDs as a percentage was 

used in this study. To use the K coefficient, it was necessary to consider the rate of peak flow 

reduction associated with each mode compared to the non-LID mode. The reduced flood 

volume in each case was also considered as output data for the model. The study area includes 

12 sub-areas. The range of data used is shown in the table 5. 



Statistical details of input and output data used in this research -5Table  

output input 
Percentage of flood 

reduction 
K Q-peak 

 

Percentage 

of 

infiltration 

trench 

Percentage 

of porous 

pavement 

Percentage 

of rain 

barrel 

 

79.01915264 0.782363977 100 100 100 Max 

79.48345908 0.786116323 0 0 0 Min 

65.87588094 0.818198874 18.286 18.286 18.286 Average 

 
 

Support vector machine 

Vapnik introduced support vector machine in 1995 (Vapnik, 1995).  

The biggest positive feature of this algorithm is that it does not fall into the trap of local 

optimization using global optimization methods in its structure. The Support vector machine 

algorithm also maps the input vector to a higher dimensional space using a nonlinear function. 

By using linear regression, SVM calculates the amount of output. It is assumed that (x, y) are 

observational period data where x is the input vector and y is the observational output. Equation 

5 formulates the linear regression as follow: 

(5) ( ) ( )T
y f x x b     

Where f (x) represents the linear relationship, and ( )x represents the nonlinear mapping 

function. and b also represent the weight and bias. In order to reduce the difference between 

the model outputs and the actual outputs, it is necessary to minimize Equation 6: 



 

 

(6) 
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In the first term of this relationship, 
21

2
 is the norm of the weights. The second term,  , is 

a real positive number showing penalty coefficient, i  and 
*

i  are also the penalty coefficients 

of the upper and lower error The accuracy of the model is indicated by the parameter ε. 

Therefore, model simplicity and experimental error are indicated by the first and second 

expressions, respectively. In this research, the radial kernel function has been used (Equation 

7): 

 

(7) 

2

2
( , ) exp

2

i

i

x x
K x x



  
 
 
 

 

  indicates the width of the kernel function and K represents the nonlinear kernel function. 

Least Square Support Vector Machines (LSSVM) 

Suykens first introduced the support vector machine (Suykens 2001). The reason for the short 

computation time in LSSVM compared to SVM is the change in optimization method. In other 

word, the nonlinear relationship between inputs and outputs becomes a linear relationship by 

considering the mapping from lower dimension space to higher dimension space (Suykens 

2001). This is one of the most practical methods of solving nonlinear problems (Anandhi et al., 

2008). The linear relation expressed in LSSVM is formulated in Equation 8: 

(8)  ' ( )T
y W x b    

W: weight of the inputs 

b: Bias 

φ: mapping onlinear function  



x: input 

y: output 

 

By minimizing Equation 5, the difference between modeled data and real data is reduced to its 

lowest value: (Anandhi et al., 2008) 

(9) 
 1

1 1
: ( , ) *

2 2
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N
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i

i

i i i

Min W e W W C e

Subject to e y y



  

 

  

 

In Equation (9) the coefficient C is used to apply the penalty coefficient and has a positive and 

fixed value. If the value of coefficient C is high, it causes the complexity of the equation, and 

if its value is low, it reduces the complexity of the equation. The first part of Equation (9) is 

used to show the norm of weights. In other words, the value of this part is directly related to 

the complexity of the problem, so if its value decreases, it means that the problem is less 

complex. 

 

Grasshopper optimization algorithm 

The GOA is a new intelligent optimization method that was introduced to by Saremi et al. to 

solve complex engineering problems (Saremi et al., 2017). This algorithm has advantages 

compared to other optimization algorithms such as the participation of all search agents in 

updating the position of each search agent, special attention to avoid falling into the trap of 

local optimization and convergence, balance global and local search capabilities, no need for 

information is the gradient of the search space (Saremi et al., 2017). In this algorithm, the 

position of the Grasshoppers in the group is defined as Equation 10: 



(10) i i i i
X S G A   

In this regard, i
S is the effect of social interaction, i

G is the effect of gravity, and i
A is the effect 

of wind on the movement of the grasshopper. Equation 11 is used to simulate the social 

interaction of grasshopper:  

(11) '

1
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j

S s d d


 

In this relation, ijd  represents the Euclidean distance between the ith and the jth grasshoppers, 

s is the stress due to the community force, and '

ijd  is the unit vector, which indicates the 

direction of the movement of the ith grasshopper towards the jth grasshopper. The function is 

defined as Equation 12: 

(12) ( ) r l r
S r fe e

   

In this relation, 𝑓 is the absorption intensity and 𝑙 is the absorption length scale. In this equation, 

two forces of absorption and repulsion are considered. When the distance of the grasshoppers 

from each other is between 0 and 2.079, the force of them is repulsive and when this distance 

is between 2.079 and 4, this force is gravitational. Also, if the distance is 2.079, no force is 

created (Saremi et al., 2017). Equation 13 shows the formula for updating the position of the 

grasshoppers: 

(13) 
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In this relation, ub and lb represent the upper limit and the lower limit of the decision variables, 

respectively. T indicates the goal or best position achieved so far. Parameter c also represents 

a decreasing coefficient to limit the neutral zone, repulsion zone and gravity zone. The c 

parameter causes the group of grasshoppers to converge towards the target. This position, 

which is followed by a group of grasshoppers, will be updated if a new position is found. 

Equation 14 represents the formula for updating the parameter in each iteration: 



(14) max max min( )c c l c c L   

In this regard, L represents the maximum number of iterations, 𝑙 the current number of 

iterations, cmax = 1 and cmin = 0.00001. 

Least Square Support Vector Machines-Grasshopper optimization algorithm 

In the present study, a hybrid of LSSVM-GOA has been used to predict Volume Reduction. 

The process of this hybrid method is described below: (Figure 6) 

1) The basic parameters of GOA such as population, frequency, number of repetitions are 

determined. 

2) Preparing training data and test data 

3) Production of the initial population 

4) Training LSSVM and decision variables of GOA using training data 

5) Test LSSVM and determine the target function of GOA 

6) Check the termination conditions; if the termination conditions is satisfied, return the 

optimal values of the LSSVM parameters, otherwise change the position of each Grasshopper 

and repeat steps 4 and 5. 



 

Figure 6- Flow chart of LSSVM-GOA algorithm 

 

Statistical indicators 

To determine the accuracy of Volume Reduction (VR) predicted by intelligent models 

evaluation indicators including coefficient of determination (R2), mean square error (MAE), 

root mean square error (RMSE) respectively according to the relations (15), (16) and (17) are 

used. The coefficient of determination indicates the degree of correlation between the real data 

and the modeled data of the intelligent model, and the closer the value is to one, indicates that 

there is a good correlation. The MAE and RMSE indices show the rates of error, and the closer 

the value of these indices is to zero, the more precise the predicted values are. 

𝑅2 = 1 − [ ∑ (𝐸𝑖 − 𝐺𝑖)2𝑛𝑖=1∑ (𝐸𝑖)2𝑛𝑖=1 − ∑ (𝐺𝑖)2𝑛𝑖=1𝑁 ] (15) 
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In the above relations, Ei is the value real data, Gi is the estimated value, and N is the number 

of data. 

Results and discussions 

Figure 7 shows the results of Volume Reduction (VR) prediction in two train and test courses 

for SVM, LSSVM and LSSVM-GOA models. The results show that in the training course, the 

LSSVM-GOA model with an R2 value of 0.9874 is superior to the SVM model with a value of 

0.9483 and the LSSVM model with a value of 0.8977. Regarding MAE and RMSE indices in 

this period, LSSVM-GOA model with values of 0.0124 and 0.0209, respectively, has shown 

better performance compared to SVM model with values of 0.0234 and 0.0422, and LSSVM 

model with values of 0.0418 and 0.0594. In the test period, the higher value of R2 for LSSVM 

- GOA model (0.9896) than LSSVM (0.9266) and SVM (0.8990), indicates the high accuracy 

of this model in this period.  

Also, in this period, LSSVM - GOA model showed higher predictive power with values of 

0.0101 and 0.0185 for MAE and RMSE indices respectively, compared to LSSVM model with 

values of 0.0268 and 0.0361 and SVM model with values of 0.0318 and 0.0434. 
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Figure 7 – Comparison of models in estimating the Flood Volume Reduction during 

training and testing phases: a) R2 , b) MAE, c) RMSE 

 

Figure 8 showed the estimated DR for the LSSSVM-GOA, LSSVM, and SVM models. The 

DR parameter is the result of dividing the predicted values by the intelligent model (Gi) into 

experimental values (Ei) ( 𝐷𝑅 = 𝐺𝑖𝐸𝑖 ). Figure 3 shows the DR value distribution for these models 

in the training course. For example, the DRmax, DRmin, and DRave values for the LSSSVM-GOA 

model are 1.2207, 0.8529, and 1.0048, respectively. However, the DRmax values for the 

LSSVM and SVM models are estimated at 1.4328 and 1.3518, respectively. Also, for LSSVM 

and SVM models, DRmin is 0.7705 and 0.7736, respectively. It should be noted that DRave for 

LSSVM and SVM models is 1.0157 and 1.0085, respectively. 
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Figure 8- DR graphs in the training phase for models: a) LSSVM-GOA, b) LSSVM, c) SVM 
 

 

Figure 9 shows the distribution of DR values for LSSSVM-GOA, LSSVM and SVM models 

in the test period. During this period, the values 1.0155, 1.0734 and 1.1024 for DRmax were 

obtained for LSSVM-GOA, LSSVM and SVM models, respectively. DRmin values of 0.8800, 

0.8735 and 0.8431 and DRave values of 0.9878, 0.9818 and 0.9801 were obtained for LSSVM-

GOA, LSSVM and SVM models, respectively. 

 

0.5

1

1.5

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

D
R

VR

SVM (train)

0.5

1

1.5

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

D
R

VR

LSSVM-GOA (test)



a 

 

b 

 

c 

Figure 9- DR graphs in the testing phase for models: a) LSSVM-GOA, b) LSSVM, c) SVM 

 

Box diagrams of Volume Reduction (VR) values generated in training and test courses using 

SVM, LSSVM and LSSVM-GOA models are shown in Figure 10. In each box, a line of two 

colors (blue and red) represents the middle and the top and bottom edges of the boxes represent 
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the 75th and 25th percentiles, respectively. As can be seen, in both the training and testing 

periods, the LSSVM-GOA model can better simulate Volume Reduction (VR) and its 

distribution is more similar to the observational distribution than other models (75th and 25th 

percentiles are approximately the same for observational model and LSSVM-GOA model).  

This indicates the superiority of this method over other models in predicting volume reduction 

(VR) in both training and testing. 
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Figure 10- Boxplots of observed Volume Reduction compared with predicted Volume Reduction 

by LSSVM-GOA, LSSVM and SVM models in: a) training phase  , b) testing phase 

 

Figure 11 compares the Volume Reduction (VR) in both observational and predictive modes 

of the LSSVM-GOA, LSSVM and SVM models in the training course. This figure also shows 

the correlation between the real and estimated data. The results show that in the training course, 

the data related to the LSSVM-GOA have the highest correlation and the value of 0.9874 has 

been obtained for this model. After this model, SVM and LSSMV with values of 0.9483 and 

0.8977, respectively, are in the next ranks. 
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Figure 11-The correlation of real and estimated data in the training phase: a) LSSVM-GOA, b) 

LSSVM, c) SVM 

 

Figure 12 examines the correlation between observational data and the output of LSSVM-

GOA, LSSVM and SVM models during the test period. In this period, the LSSVM-GOA model 

with a correlation coefficient of 0.9896 has shown better performance than the LSSVM with a 

value of 0.9266 and the SVM model with a value of 0.8990.  
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Figure 12-The correlation of real and estimated data in the testing phase: a) LSSVM-GOA, b) 

LSSVM, c) SVM 

 

Figure 13 shows the Taylor diagrams of LSSVM-GOA, LSSVM and SVM (2001) for both 

train and test. This graph is plotted to compare the results of each algorithm by comparing the 

value of their standard deviation, correlation coefficient and root mean square error. It should 

be noted that in Taylor diagram, the longitudinal distance from the origin of the coordinates 

indicates the standard deviation, the radial lines represent the correlation coefficient and the 

linear lines show the root mean square error. As the circumference of the circle increases, the 

value of the mentioned parameter increases. In other words, each point on the Taylor diagram 

simultaneously represents the three statistical parameters mentioned above. Figure 8 shows that 

in both training and testing, the LSSVM-GOA has the highest accuracy. Also, LSSVM and 

SVM models showed the lowest accuracy among the studied models in both train and test 

stages, respectively. 
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Figure 13-Taylor diagrams of predictions in: a) training phase b) testing phase 

 



Conclusion 

In this study, after selecting 3 low development methods of rain barrel, permeable pavement, 

and infiltration trench, 70 different plans under 7 scenarios were introduced. These scenarios 

include 3 individual scenarios, three paired scenarios, and a triple scenario. The results of 

SWMM showed that among these 7 scenarios, the PP-RB scenario showed the best results in 

terms of flood volume reduction and peak discharge reduction. The PP-RB scenario recorded 

an average of 80% reduction in flood volume and 90% reduction in peak discharge compared 

to the current system, respectively. Unlike the PP-RB scenario, the IT scenario showed the 

weakest performance among the 7 scenarios with an average of 60% reduction in peak 

discharge and 40% reduction in total flood volume 

Given the good performance of intelligent methods in this study, it can undoubtedly be 

concluded that only by estimating the volume of flood required to reduce, it is easy to determine 

what percentage of low-impact development methods should be selected. 

Calculating the reduced volume of floods is one of the goals of designers of urban runoff 

control systems during heavy rains. Finding the reduced flood rate always requires long 

calculations and time-consuming modeling, which is not a good method in terms of time and 

cost due to high calculations. In studies that aim to compare the effectiveness of low-impact 

development methods in reducing flooding at the basin outlet, we are always dealing with 

complex modeling for the repetition and application of input data, as well as evaluating the 

outputs of the SWMM model. The method proposed in this paper using intelligent algorithms 

SVM, LSSVM, and LSSVM-GOA only by considering the area of the desired LIDs along with 

the rate of peak discharge reduction has been able to strongly predict the rate of flood reduction 

in different LID compositions. Hence, it could play a pivotal role in the urban runoff 

management plans. The results obtained from the simulations performed by these algorithms 



indicate that the LSSVM-GOA hybrid algorithm, by showing good performance in statistical 

criteria, was able to show a powerful simulation in reducing the volume of the flood. The R2 in 

the test period for LSSVM-GOA, LSSVM and SVM algorithms is 0.9896, 0.9266 and 0.8990, 

respectively. The numbers obtained indicate the power of all three algorithms in predicting 

flood reduction volume, but the predictive power of the LSSVM-GOA algorithm is quite 

obvious compared to the other two algorithms. Also, in test period, LSSVM - GOA model 

showed higher predictive power that with values of 0.0101 and 0.0185 compared to LSSVM 

model with values of 0.0268 and 0.0361 and SVM model with values of 0.0318 and 0.0434 for 

MAE and RMSE indices, respectively. 

Also, the high correlation of all three algorithms indicates the high power of all three in 

predicting the reduced flood volume, while in the training period, the data related to the 

LSSVM-GOA model have the highest correlation and density among the studied models 

(correlation coefficient of 0.9874). These results show that the LSSVM-GOA hybrid algorithm 

has a good ability to predict the rate of flood reduction. In other words, the proposed method 

in this research has much less limitations in terms of time and cost of modeling compared to 

conventional modeling methods such as using the SWMM method, and the results obtained are 

also suitable for using designs related to control systems of urban flooding. 

In the following, it is suggested to use smart methods to study the best places to implement 

low-impact development methods in order to control floods. 
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