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Highlights 27 

1. An open-to-public tool called SWMM_FLC was developed for co-simulating 28 

fuzzy logic control and hydraulic-hydrologic procedure; 29 

2. A data-driven method was used to train the relationship between inputs and 30 

outputs of fuzzy inference system; 31 

3. Genetic algorithm was implemented to improve the fuzzy inference system 32 

performance by minifying the deviations between predictions and expectations; 33 

4. SWMM_FLC can be used as an optimization-simulation tool to reduce total 34 

flooding volume at downstream urban drainage systems. 35 
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Abstract 38 

The uncertainty of climate change and urbanization imposed additional stress for 39 

urban drainage systems (UDSs) by intensifying rainfall frequency and magnifying 40 

peak runoff rate. UDSs are among the stormwater infrastructures that can be 41 

controlled in real-time for mitigating downstream urban flooding. In this paper, a 42 

data-driven improved real-time control optimization-simulation tool called 43 

SWMM_FLC, which is based on the FLC (fuzzy logic control theory) and GA 44 

(genetic algorithm) was developed for smart decision-making of flooding mitigation. 45 

A calibrated and validated SWMM model was used for applying SWMM_FLC to 46 

explore the potential in reducing downstream flooding volume at UDSs. The results 47 

show that the data-driven enhanced GA optimization significantly reduces fuzzy 48 

system deviations from 0.22 (non_optmial scenario) to 0.07 (optimal scenario). The 49 

accumulated flooding volume reduction by up to 4.55% under eight artificial rainfall 50 

scenarios rules out the possibility of adopting SWMM_FLC as appropriate software 51 

to assist decision-makers to effectively minimize urban flooding volume at 52 

downstream urban drainage systems. 53 
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1. Introduction 58 

Urban drainage systems (UDSs) are designed to collect urban runoff and convey 59 

residential discharges to receiving water bodies. However, the limited storage and 60 

conveyance capacity of UDSs yield difficulties in delaying flood peaks, buffering 61 

over-size runoff, and reducing peak water depth under extreme storm events 62 

(O’Donnell et al., 2019). Urban flooding entails adverse impacts on social, 63 

environmental, ecological, and economic perspectives and, consequently, endangers 64 

residential areas (Wing et al., 2018). These consequences include life and property 65 

losses by street overflows, traffic jam due to drainage systems’ failure, health issues 66 

resulting from possible pollutant intrusion into drinking water system, species 67 

reduction because of habitat loss, pollutant over-loading in watersheds, and 68 

availability decrease of freshwater resources for meeting increased population growth 69 

(Arrighi et al., 2018). Thus, it is of great importance to keep UDSs in an adaptive 70 

status to be against the mounting flood challenges.   71 

Historically, engineers get used to upgrading the existing stormwater grey 72 

infrastructure for reducing flood peaks or implementing new green infrastructure (GI) 73 

to mimic nature-based flood mitigation (Li et al., 2019c). However, these alternatives 74 

have some inherent disadvantages when subject to alleviate urban flooding severity. 75 

These drawbacks contain, for instance, high cost due to constructions of gray 76 

stormwater infrastructure, public open space loss due to GI implementation, and 77 

limited adaptability due to distributed low impact development (LID) practices (Di 78 
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Matteo et al., 2019; Kerkez et al., 2016). Even though these traditional solutions can 79 

provide a range of benefits in controlling urban flooding, their defects might be 80 

magnified by exceptional urbanized and climatic changes (Changnon and Demissie, 81 

2004; Huong and Pathirana, 2013; Miller et al., 2014; Rozario et al., 2017; Wang et al., 82 

2017, 2016; Zahmatkesh et al., 2014). 83 

Recently, real-time control (RTC) has been widely adopted as an adaptive solution for 84 

addressing urban drainage flooding issues by installing controllers at UDSs. RTC can 85 

be considered as a dynamic, heuristic, and low-cost technique for three perspectives: 86 

optimizing operation strategy, adapting UDSs to changing conditions, and improving 87 

eco-system (García et al., 2015). By retrofitting the existing UDSs with smart device 88 

such as digital controllers and sensors, instead of renewing pipelines or re-sizing 89 

storage facilities, RTC adaptively allows existing UDSs to make full use of capacity 90 

to selectively purge retained water before the next storm comes by operating 91 

remote-controlled actuators (weirs, gates, valves, and orifices) (Wong and Kerkez, 92 

2018). Although RTC has been applied to UDSs for over 50 years since the 1960s, 93 

there are still some gaps calling for participation and efforts (Schütze et al., 2004). 94 

One key challenge is identifying the optimal settings before implementing controller 95 

in UDSs, which involves in hydraulic and hydrology simulation-optimization process 96 

(Darsono and Labadie, 2007; Li et al., 2019b; Marinaki and Papageorgiou, 2002)  97 

It is true that controller setting optimization is crucial for propagating RTC in UDSs 98 

field (Cembrano et al., 2004; Mullapudi et al., 2017a). RTC adaptability to watershed 99 
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alterations such as land-use land-cover (LULC) change and rainfall pattern variation 100 

might not be fully exploited due to the unpredicted hydraulic stress, exceptional flood 101 

loading, heavy computational expense, and low operating efficiency (Bilodeau et al., 102 

2018). So far, the limitation regarding RTC settings has motivated researchers to 103 

develop controller setting optimization algorithms, in order to make most of RTC 104 

effectiveness and efficiency in mitigating urban flooding (Bartos et al., 2018; Bartos 105 

and Kerkez, 2019; Duchesne et al., 2001; Muschalla et al., 2014).  106 

Fuzzy logic control (FLC) in UDSs are attracted extensive attention for lessening 107 

urban flooding stress (Chang et al., 2008; Leitão et al., 2017; Meneses et al., 2018; 108 

Wang and Altunkaynak, 2011). FLC, which was first put forward by Zadeh, (1965), 109 

has been used in control systems for a long time. FLC is composed of membership 110 

functions and rule sets where linguistic and imprecise expressions are applied to 111 

describe their relationship (Arslan and Kaya, 2001). This quantitative relationship 112 

between membership functions and rule sets is used for controlling the model inputs 113 

and outputs (Mamdani and Assilian, 1975).  114 

As fuzzy logic is based on the linguistic and imprecise description for networks, and 115 

thus it doesn’t need complex mathematical algorithms for FLC simulation (Deka and 116 

Chandramouli, 2008). This feature makes FLC look potentially more advantageous to 117 

improve controller performance. Moreover, FLC simplifies the control methodology 118 

and can provide easy-to-understand and easy-to-modify approaches in terms of 119 

classical or state-space settings (Krejčí, 2018; S Ostojin et al., 2011). Therefore, this 120 
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paper hypothesized fuzzy logic algorithm is more suitable for improving controller 121 

performance concerning urban flooding mitigation under changing hydrologic 122 

conditions. 123 

In the FLC, to get the outputs that are close to the anticipated values, CMFPs 124 

(Controller Membership Function Parameters) need to be tuned optimally and then be 125 

obtained efficiently. However, the initial set-up of CMFPs is based on expert 126 

knowledge while final CMFPs are normally obtained by trials and errors in the 127 

simulation process (Bingül and Karahan, 2011; Lee, 1990). Such a time-consuming 128 

manual modification procedure becomes the main disadvantage of FLC. Minimizing 129 

deviations through trying different CMFPs is an evolutionary process that can be done 130 

through different algorithms. Previous studies utilized evolutionary algorithms, for 131 

instance, genetic algorithms (GA), particle swarm optimization (PSO), artificial 132 

neural network (ANN) to reduce deviation and achieve CMFPs optimization. Jin et al. 133 

(2005) used a GA for tuning the optimal parameters of FLC in different engineering 134 

networks. Deka and Chandramouli (2008) used GA based fuzzy inference for finding 135 

the optimal operating rule of a reservoir. Ostojin et al. (2011) utilized GA to adjust 136 

CMFPs to minimize energy costs and switching totals in urban water pumping station. 137 

Their results find GA system can be transferable to other water systems with different 138 

pump sizes, wet well capacity, and inflow pattern. Rauch and Harremoës (1999) also 139 

applied GA for gaining the minimization of pollutant concentrations in urban 140 

wastewater system. Mehta and Jain (2009) considered ANN as a reliable way to train 141 
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fuzzy inference systems to find the optimality of reservoir control operation. Talei et 142 

al. (2010) presented a neuro-fuzzy computational work based on fuzzy logic and ANN 143 

to order to compare the capability for simulating rainfall-runoff with SWMM tool. 144 

This artificially intelligent modeling tool was discovered to be better at peak flow 145 

routing. Shoorehdeli et al. (2007) developed a learning approach for tuning the 146 

CMFPs by using the PSO. Muthukaruppan and Er (2012) used the PSO method to 147 

tune the developed CMFPs of a fuzzy expert system and got a 93.27% accuracy. 148 

In spite of the CMFPs optimization studies mentioned above, there is limited work 149 

considering combining real UDSs’ measurements with an optimization algorithm. 150 

Since different optimization approaches generate different errors and deviations under 151 

different scenarios, it is sometimes hard to identify which single optimization 152 

approach can produce truly optimal outcomes. Zamani Sabzi et al. (2016) selected 153 

three popular optimization algorithms (GA, ANN, and PSO) and compared their 154 

performance according to the resulting error values under various scenarios. This 155 

research recommended using the algorithms with the lowest error value between 156 

outputs and measurements for finding the optimal CMFPs. Still, the shortage of 157 

integrating field monitoring and model simulation is related to the controller optimal 158 

performance (Razavi Termeh et al., 2018; Tien Bui et al., 2016), and the deviations 159 

(error values) between the expectations and predictions of fuzzy logic systems needs 160 

reduction. Additionally, less attention was paid to incorporate FLC into rainfall-runoff 161 

simulation for evaluating FLC performance at UDSs. Although previous studies have 162 
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tried to implement FLC into stormwater management model (SWMM) (USEPA, 2015) 163 

for simulating flood control (Jafari et al., 2018; Wang and Altunkaynak, 2011), their 164 

methodology didn’t directly connect SWMM and FLC as an efficient open-source 165 

optimization-simulation tool. Recent FLC studies contributed to implementing FLC 166 

into SWMM, but they seldom consider valuing FLC performance in terms of flooding 167 

severity alleviation on downstream UDSs under varying rainfall scenarios (Abdel-Aal 168 

et al., 2017; Mounce et al., 2019; Ostojin et al., 2017; Shepherd et al., 2016) 169 

To address these two problems, the first step of this study is to combine historical 170 

hydraulic measurements and GA to optimize the CMFPs in fuzzy logic simulation. 171 

Secondly, this research proposed to build a MATLAB wrapper and directly 172 

implement FLC into SWMM for flood control simulation. Accordingly, the goal of 173 

this research can be divided into two parts ： 1) developing an efficient 174 

optimization-simulation approach for optimizing the CMFPs (Controller Membership 175 

Function Parameters) and evaluating COP (Controller Optimal Performance) in the 176 

fuzzy logic system; 2) implementing fuzzy logic control (FLC) into rainfall-runoff 177 

simulation tool to evaluate SWMM_FLC performance under synthetic rainfall events. 178 

The accomplishments of this paper are summarized as bellows; 179 

1) A data-driven improved genetic algorithm optimization approach was 180 

developed for automatically tuning CMFPs, and also a newly defined COP 181 

was used to assess the optimized controller performance;  182 
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2) An RTC tool for implementing FLC into storm water management model 183 

(SWMM) simulation was developed; this optimization-simulation tool called 184 

‘SWMM_FLC’ ; 185 

3) SWMM_FLC tool was tested to reduce accumulated flooding volume at 186 

downstream storage unit of a real-world urban drainage system under rainfall 187 

variations. 188 

 189 

2. Study Area and Model 190 

2.1 Study Case 191 

 192 

Fig.1. The study drainage catchment is located in the north of Utah state, the U.S., (left plot: the red 193 

heart-shape is the location of the study area) and the topological view of the SWMM model of RBC 194 

Urban Drainage Network, plotted by using PCSWMM v.7.2. (right plot: scale unit is kilometer; green 195 

label ‘93’ representing storage unit ID; black label ‘CP’ meaning orifice ID; red label ‘91’ for outfall 196 

ID) 197 
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This study selected a real-world urban watershed as the study case (Fig.1). This study 198 

case with 0.11kilometer square is located in the northeast of Salt Lake City, Utah, the 199 

U.S. The stormwater for this area is collected by a small drainage network, which 200 

discharges runoff into the nearby creek. Salt Lake City was classified as the district 201 

semi-arid climate. Historical records from 1981 to 2010 show this study area has 202 

annual precipitation with 409 mm and the average annual air temperature is 11.5 oC. A 203 

web survey in the U.S. Department of Agriculture (USDA)’s Natural Resources 204 

Conservation Service found that the primary soil type of the drainage catchment is 205 

Bingham gravelly loam. The water table was measured as 38.26 meters below the 206 

land surface by a U.S. Geological Survey (USGS) groundwater station near the study 207 

site (Gundersen et al., 2011). The average thickness of the local valley-fill aquifer was 208 

estimated as 823m (Cook et al., 1964). 209 

 210 

2.2 Rainfall-Runoff Model 211 

The rainfall-runoff model named RBC model for the drainage network was built by 212 

state-of-art hydraulic-hydrologic simulation tool SWMM (USEPA, 2015). According 213 

to Fig.1, there are a total of 52 sub-catchments, 36 nodes, four outfalls, one storage 214 

unit, one orifice and 36 conduits in the RBC SWMM model. The storage unit called 215 

node 93 in Fig.1 is the study interest. Precipitation measurements at 5-minute 216 

intervals were collected from the Mountain Met (MTMET) weather station located 217 

within the study catchment. Historical records within two rainfall events were 218 
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downloaded from the Meso west website (Horel et al., 2002), and a flow sensor was 219 

installed in the storm drain at the outlet of the catchment to measure the flow rate in 220 

15-minute interval. These measurements were used to calibrate and validate the RBC 221 

SWMM model. Of designing the rainfall for the RBC SWMM model, eight synthetic 222 

3-hour duration rainfall events with different return periods including 1-year, 2-year, 223 

5-year, 10-year, 25-year, 50-year, 100-year and 200-year return period artificial 224 

rainfall events were artificially generated by the Intensity-Duration-Frequency curves 225 

applied in PCSWMM 7.2 (James et al., 2004; NRCS, 1986). 226 

Even though one previous SWMM model has been previously calibrated by Feng et al. 227 

(2016), changes in structure and land-use land-cover require model updates by using 228 

the latest hydraulic and hydrologic datasets. Therefore, the new SWMM RBC model 229 

used in this study was re-calibrated under one latest rain event measured on 17th May 230 

2017 (Rainfall event 1) (Fig.3a) by using PCSWMM 7.2 (James et al., 2004). After 231 

that, another rainfall event on 10th December 2016 (Rainfall event 2) was used to 232 

validate the RBC model (Fig.3b). During the model calibration and validation process, 233 

the width, slope, imperviousness percentages, Manning’s roughness coefficients of 234 

sub-catchments, and size, length, and slope of drainage conduits were adjusted 235 

accordingly.  236 

In RBC model calibration, Fig.2c shows that the coefficients of determination (R2) is 237 

0.8122. The root of mean square (RMSE) is 0.0109 while the Nash–Sutcliffe model 238 

efficiency coefficient (NSE) is 0.8549. For RBC model validation, Fig.2c presents 239 
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that the coefficients of determination (R2) is 0.8543. The root of the mean square 240 

(RMSE) is 0.0143 and the Nash–Sutcliffe model efficiency coefficient (NSE) is 241 

0.8190. The accuracy of model calibration and validation indicate the new RBC 242 

SWMM model meets the required level for representing the hydraulic-hydrologic 243 

dynamics of the real-world UDSs. 244 

  245 

(a) 246 



14 

 

  247 

(b) 248 

 249 

(c) 250 

Fig.2. RBC SWMM performance evaluation: a) model calibration based on the 20170517 rainfall event: 251 

b) model validation based on the 20161210 rainfall event; c) statistics of model performance metrics 252 
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3. Methods 253 

A data-driven enhanced RTC optimization-simulation framework based on fuzzy 254 

logic theory and a genetic algorithm was developed to improve the performance of the 255 

smart stormwater system for reducing downstream urban flooding volume. This 256 

framework falls into three sections including data-driven genetic algorithm 257 

optimization part, FLC and hydraulic-hydrologic co-simulation portion, and, finally, 258 

the SWMM_FLC performance evaluation section.   259 

3.1 SWMM_FLC Development 260 

A fuzzy logic control (FLC) consists of membership functions (MFs) and fuzzy 261 

control rules (FCRs). Two key factors have noticeable impacts on generating an 262 

accurate FLC, and they are: (1) Setting up suitable fuzzy control rules (FCRs), and (2) 263 

Determining appropriate controller membership function parameters (CMFPs) 264 

(Arslan and Kaya, 2001). However, FCRs are defined by experts in most cases. In the 265 

output values of MFs, deviations between the expected responses and the simulated 266 

responses occur from now and then. Prior studies utilized evolutionary algorithm such 267 

as GA, PSO, or ANN, to adjust CMFPs in an efficient way (Mounce et al., 2019; S. 268 

Ostojin et al., 2011). Hence, creating an accurate and optimal fuzzy inference system 269 

(FIS) significantly relies on applying an appropriate tuning method.  270 

GA-optimized CMFPs was found to reduce flooding volume by 66% in a hypothetical 271 

urban drainage network (Mounce et al., 2019), which fairly motivated this study to 272 

select a genetic algorithm (GA) to optimize the parameter of membership functions. 273 
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And then, the new FIS with optimized CMFPs will be incorporated into SWMM 274 

simulation as the components of SWMM_FLC. Shown as the left part of Fig.3, firstly, 275 

a collection of 3-year measurements will be used as the inputs for the GA training 276 

FLC controller. These records are time-series water level and flow data with a 277 

15-mins interval from 7/9/2015 to 7/8/2018; these data were sampled by the water 278 

depth sensor and flow sensor. There are 2 attributes (water level and flow) for GA 279 

training inputs and 1 attribute (orifice setting) for output. The sample number for each 280 

attribute is 105119, which determines the simulation steps for FIS (fuzzy inference 281 

system). To improve computational efficiency, 1000 random values were selected as 282 

the subsets of the total samples for tuning CMFPs. And then, all 105119 simulated 283 

values will be compared with 105119 expected values for evaluating COP (controller 284 

optimal performance) (Vugar, 2019).  285 

At the beginning of the GA tuning CMFPs process, a group of chromosomes initially 286 

produced a population of 300 candidate individuals. The genes in those chromosomes 287 

can be regarded as the features of the objective function. In this study, the RMSE 288 

representing the error values between expected outcomes and simulated outcomes 289 

were calculated, and an error value of objective function was then used to evaluate 290 

every individual in the population (Vugar, 2019). During GA optimizing process, 291 

crossover and mutate between chromosomes will happen to generate the better next 292 

generation of individuals. This process continues until the defined break criteria reach. 293 

A total number of 500 iterations (generations) was initially set as the optimization 294 
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stop criteria but this optimization terminated at generation 427 at which objective 295 

function tolerance degree is less than the limited 0.05 in this case. 296 

The GA optimizing process ends with obtaining the tuned CMFPs. Afterward, the 297 

optimized FIS will be linked to a MATLAB wrapper of SWMM (Riaño-Briceño et al., 298 

2016), which intends to configure the functionalities of SWMM_FLC. As the right 299 

section of Fig.3 displays, the logics of FLC are applied to adjust the orifice open/close 300 

status step by step during the hydraulic-hydrologic simulation. At the modeling steps, 301 

the simulated nodal water level and conduit flow will be the inputs for FIS and an 302 

algorithmic strategy for ‘defuzzification’ is applied to obtain a single-valued output. 303 

In this way, the orifice operation will be conducted according to the defuzzied outputs 304 

of FIS. The gate will be set to a new position at step-wise style until the rainfall-runoff 305 

simulation stops. A general schematic of SWMM_FLC can be found in Fig.3. 306 

 307 
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 308 

Fig.3. SWMM_FLC general schematic - GA optimization process (Left: GA-Genetic Algorithm; 309 

CMFPs-Controller Membership Function Parameters; COP-Control Optimal Performance; FIS-Fuzzy 310 

Logic System; MFs-Membership Functions) and FLC simulation flowchart (Right: FIS-Fuzzy 311 

Inference System)  312 

3.1.1 Fuzzy Control Rules 313 

A 3D view in Fig.4 (left) graphically shows how FIS inputs and outputs are correlated 314 

with each other. FCRs follow on robust fuzzy logic reasoning which employs 315 

linguistic rules in the form of IF {condition}–THEN {action} statements (S Ostojin et 316 

al., 2011). These FCRs are fired based on values of MFs, so the relationship between 317 

MFs and FCRs controls the degree of the IF-THEN rules that will be released. This 318 



19 

 

research designed five levels (Very Low, Low, Middle, High, and Very High) for FIS 319 

input variables (Water Level and Flow) and five levels (open1, open2, open3, open4, 320 

open5) for the FIS output variable settings. Table1 summarizes a total of 25 basic 321 

logic of FCRs. For example, if the water level is ‘Very Low’ and flow is ‘Low’, the 322 

output is ‘open 1’. Traditionally, the fuzzy control rules (FCRs or controllers) were 323 

designed on the basis of expert knowledge of the system. However, such an empiric 324 

set-up for control law might be less efficient and event less reliable when disturbance 325 

happens to the dynamical systems (Mounce et al., 2019). To seamlessly connect FCRs 326 

to dynamical systems, this study basically employed a data-driven improved GA 327 

programming approach to re-shape MFs for promoting the FLC performance. As the 328 

system loop of Fig.4 (right) depicts, a dynamical model used hydraulic and water 329 

quality solver to generate system outputs (u) which are processed by sensors, and then 330 

transferred as the inputs for controllers. These original inputs, on the one hand, are 331 

used to train the relationship between measurements and actuators. On the other hand, 332 

they can be regarded as the parent generation to produce child generations through 333 

genetic crossover and mutation. The optimal solution is finally applied to tune the 334 

parameters of MFs Fig.4 (right).  335 

Table 1 Fuzzy Control Rules Set-up 336 

    Input variable #2 

 

Flow 

Very Low Low Middle High Very High 
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Input variable #1 

 

Water 

Level 

Very Low Open1 Open1 Open1 Open1 Open1 

Low Open1 Open2 Open2 Open2 Open2 

Middle Open1 Open2 Open3 Open3 Open3 

High Open1 Open2 Open3 Open4 Open4 

Very High Open1 Open2 Open3 Open4 Open5 

 337 

       338 

 339 

Fig.4. Incorporating fuzzy control rules (left subplot: 3D control rule view) into genetic algorithm 340 

optimized fuzzy logic control (right subplot) 341 

3.1.2 Tuning CMFPs  342 
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In FIS, input variables are plotted as overlapping groups in FIS and each of these 343 

group functions acts as a membership function (Mamdani and Assilian, 1975). 344 

Membership functions (MFs) represent the degree of belonging over a specified range 345 

[0, 1]. Each membership function uses a linguistic approach to describe descriptive 346 

language, such as high or low. In this study, two input variables, including water level 347 

(WL) and flow are set. Both of them have five membership functions (MFs) 348 

containing very low (VL), low (L), middle (M), high (H), and very high (VH) with 349 

fuzzy descriptive applications in Fig.5 (a, b). Meanwhile, one output variable called 350 

‘setting’ is selected for characterizing orifice opening with five MFs from open1 to 351 

open 5 for fuzzy descriptive usages in Fig.5 (c).  352 

Here, MFs were chosen as the tuning objects. It was found that FIS is sensitive to 353 

changes in MFs shapes and positions which can be used produce significantly 354 

different results (S Ostojin et al., 2011). As Fig.5 demonstrates, this study pre-set three 355 

variables’ (Water Level; Flow, and Setting) MFs shapes; all of them are triangles with 356 

same peak points but different base points (Water Level with 5 base points; Flow with 357 

9 base points, and Setting with 5 base points), whose position will be the tuning 358 

objects. Since the .fis file of FIS has two inputs variables with 5 MFs per input, there 359 

are totally 10 (2*5) MFs to be tuned. Further, each triangular MF is normally 360 

described by 3 parameters, so 30 (3*10) CMFPs are to be tuned. Therefore, the GA 361 

searched for 19 (5+9+5=19) base points to automatically tune the 30 CMFPs and then 362 

generate optimal MFs shown in Fig.6.  363 
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 364 

                   (a) 365 

 366 

(b) 367 

 368 

(c) 369 
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Fig.5. Pre-determined (Non_optimal) membership functions for input variables (WL-Water 370 

Level: Fig.5 a; Flow: Fig.5 b) and output variable (Orifice Settings: Fig.5 c) 371 

 372 

(a) 373 

 374 

(b) 375 

Fig.6. Optimal membership functions for input variables (WL-Water Level: Fig.6 a; Flow: 376 

Fig.6 b)  377 

 378 

3.2 Controller Performance Assessment 379 

After the FIS is optimized by updating the CMFPs, the FLC controller is assessed by 380 

Controller optimal performance (COP) measure. COP has been used in some studies 381 
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as the metric for assessing optimized controller performance in fuzzy logic systems 382 

(Osman et al., 2005; Talei et al., 2010; Zamani Sabzi et al., 2016). It is generally 383 

defined as the performance that reduces the average of total deviations (error values). 384 

However, most of them consider COP as the single-event based index for assessing 385 

controller performance. Rare studies apply COP to evaluate controller behavior under 386 

scenarios of long-term measurements (Boughton and Droop, 2003). The event-based 387 

modeling approach might result in inaccurate simulated outputs (Grimaldi et al., 2012; 388 

Pathiraja et al., 2012; Yazdanfar and Sharma, 2015). 389 

To that end, this study re-defined the COP by including long-term historical records 390 

such as precipitation, water level, and flow rate into the controller performance metric, 391 

which could be intuitively utilized to compare MFs before and after GA optimizing 392 

based on the RMSE value. COP is defined as the performance that reduces the 393 

average of total deviations (error values) under different rainfall years. To achieve this, 394 

COP is formulated as equation (1) below. For each sampling attribute, there are a total 395 

of 105119 historical records, equals to the simulation steps for a fuzzy logic system. 396 

In spite of only 1000 random values selected as the subsets for tuning CMFPs, all of 397 

the 105119 simulated values are eventually compared with 105119 expected values 398 

for evaluating COP. The lower COP value means a more favorable CMFPs 399 

optimization while a lower COP value can be less acceptable. 400 

 401 
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                               (1) 402 

Where j is the rainfall sceanrio; i is the number of fuzzy logic modeling step;  is 403 

the ith derived fuzzy logic value in the FIS system;  is the ith expected fuzzy logic 404 

value from the expert system; N is the total simulation steps; M is the total rainfall 405 

scenarios. 406 

3.3 FLC Implementation to SWMM  407 

Based on the open-source toolbox for real-time control of UDSs developed by 408 

(Riaño-Briceño et al., 2016), this study created a code wrapper to make the .fis file of 409 

FIS compatible with the SWMM in MATLAB environment (Hunt et al., 2001). To 410 

implement FLC into SWMM simulation process, firstly, the SWMM .inp file is 411 

initialized, and also the SWMM hydraulic solver is called within this wrapper. Then, 412 

the .fis file of FIS would be read and loaded to the hydraulic-hydrologic simulation. 413 

The main body of this wrapper is a loop to step through RTC simulation. As there are 414 

two variables, including water level and flow in this .fis file of FIS, this study selects 415 

the water level of downstream node ‘90’ and flow of link ‘40’ in Fig.1, which are 416 

physically close to the locations of sensor, as the FIS input sources. Thus, outputs of 417 

RTC simulation on downstream orifice ‘CP’ will be determined by the simulated 418 

water depth of node ‘90’ and flow of link ‘40’ in Fig.1. In other words, the water 419 

depth of node ‘90’ and the flow of link ‘40’ will be the inputs for getting the fuzzy 420 
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outputs for orifice ‘CP’. These fuzzy outputs are preferably defuzzied to orifice 421 

settings in a stepwise approach when hydraulic-hydrologic simulation proceeds. The 422 

downstream orifice ‘CP’ would be adjusted according to the defuzzied outputs until 423 

the SWMM simulation stops. The targeted object is the storage unit (node ‘93’) with a 424 

maximum depth of 0.9 meter and maximum storage capacity of 40 cubic meters. 425 

Finally, the flooding severity of the hypothetical storage unit will be evaluated. 426 

 427 

3.4 SWMM_FLC Evaluation: Changes in Flooding Severity 428 

In order to assess the performance of fuzzy logic control, the changes in flooding 429 

severity of downstream storage unit were compared between baseline scenarios (with 430 

non_optimized FIS) and optimal scenarios (with optimized FIS). This study 431 

considered accumulated flooding volume reduction (AFVR) as the index for 432 

quantitatively describing flooding severity changes at the downstream storage unit 433 

(Node 93) shown in Fig.1. The equation for calculating AFVR under various rainfall 434 

scenarios are formulated as follows: 435 

                               (2) 436 

Where  is the downstream storage unit flood volume with optimal FIS under ith 437 

rainfall-runoff simulation datetime;  is the system downstream flood volume with 438 

non_optimal (baseline) FIS under ith rainfall-runoff simulation datetime;  is the 439 

starting time of rainfall-runoff simulation while  is the ending time of the 440 
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modeling process.  441 

 442 

4. Results  443 

In the basis of fuzzy logic theory and genetic algorithm, this study developed an 444 

optimization-simulation tool to determine the optimal orifice settings of UDSs, aimed 445 

to test the performance of fuzzy logic control in reducing total flooding volume under 446 

multiple scenarios with artificially designed rainfall events. 447 

4.1 GA Performance in Optimizing FIS 448 

As mentioned in section 2.3, a genetic algorithm (GA) was used to tune the controller 449 

membership function parameters (CMFPs). Fig.7 presents the changes in 30 CMFPs 450 

during the optimization process. Generally, most of the CMFPs get small 451 

modifications. Only four CMFPs show relatively higher variations, which indicates 452 

their shape of MFs might be significantly modified. This implication can be found 453 

with the predominant MFs re-shaping when subject to compare Fig.5 with Fig.6.  454 

In this study, 300 populations and 500 generations are set to trace the optimal solution 455 

that satisfies the GA algorithm stop criteria. Referring to Fig.8, this optimization 456 

process was terminated at #427 generation where the changes in error values (fitness 457 

scores) of all populations are less than objective tolerance degree. Although the error 458 

values represented as RMSE are higher than 0.065 of all populations, the largest error 459 

value is lower than threshold 0.15 at the 427 generations (Fig.8). This finding 460 
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suggests that generation 427 can be adopted as the terminal step and the optimal 461 

solution at generation 427 is acceptable for optimizing CMFPs. 462 

 463 

Fig.7. Modifications of CMFPs (Controller Membership Function Parameters) when 464 

shifting non_optimal to optimal FIS (Fuzzy Inference System) 465 

 466 

Fig.8. Error values (from 0 to 1; 0 means the best performance while 1 means the least 467 
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performance) for each population in the terminated generation (#427) in the genetic algorithm 468 

optimization procedure. 469 

4.2 COP Evaluation 470 

Fig.9 clearly displays that the COP declines from 0.2200 (non_optmial FIS) to 0.0722 471 

(optimal FIS) after optimization. The COP values in this study are similar to results 472 

from (Razavi Termeh et al., 2018), whose highest value is 0.26, and the lowest value 473 

is 0.239, generated from GA based adaptive neuro-fuzzy inference system. In Fig.9 474 

(a), before modeling step 42706, the predicted outputs have a good fit with the 475 

expected outputs in the non-optimal FIS system. However, the predictions are unable 476 

to catch the growing trend of expectations after step 42706. Such significant 477 

deviations between expectations and predictions exactly explain why the COP in 478 

non-optimal FIS is unfavorably 0.2200. Conversely, Fig.9 (b) shows that predictions 479 

slightly differentiate expectations during the whole simulation steps in optimal FIS 480 

scenario with a very small COP value of 0.07. The demonstrations above reveal that 481 

the fuzzy logic system can be dramatically improved by using data-driven 482 

optimization to tune the CMFPs. It is crucial to assimilate the measurements to 483 

theoretical modeling research activities when subject to enhance system performance 484 

(Li et al., 2019a). 485 
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  486 

(a)  487 

  488 

(b) 489 

Fig.9. Comparison of predicted and expected outputs within: a) non_optimal fuzzy 490 

inference system; b) optimal fuzzy inference system. 491 

4.3 SWMM_FLC Performance Assessment 492 

By visualizing the AFRV value under the artificial rainfall scenarios, it is clear that all 493 

of them are positive values in Fig.10. These consequences indicate that optimal FLC 494 

outperforms FLC in terms of using SWMM_FLC to reduce total system flooding 495 

volume. In particular, Fig.10 shows a decreasing trend for the AFRV values from 496 
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1yr_3hrs rainfall scenario to 200yr_3hrs scenario. This phenomenon illustrates that 497 

the optimized FLC in this study is more suitable for alleviating flooding severity 498 

under short return period storm events. Nevertheless, it should be reminded that the 499 

CMFPs are tuned based on water level, and flow measurements, which comes from a 500 

semi-arid city in middle-western states of U.S. In such a dry weather area, the 501 

long-term measurements might not be like the rainfalls with higher return period, and 502 

the CMFPs tuned by these historical records could not be suitable for mitigating 503 

flooding under short-duration high-return period rainfall scenarios. That is the reason 504 

why there is a larger AFVR value under shorter return period rainfall scenarios while 505 

lower AFVR value under longer return period rainfall scenarios. 506 

  507 

Fig.10. Performance of SWMM_FLC in reducing accumulated flooding volume at the Downstream 508 

Storage Unit (Node 93) under Three-hour Duration Artificial Rainfalls.  509 
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5. Discussions and Limitations 510 

In this study, firstly, a data-driven GA method was employed to tune the CMFPs and 511 

to further modify the MFs in fuzzy inference systems (FISs). Such a parameter 512 

optimization process was driven by the long-term measurements for obtaining the 513 

relationship between fuzzy system inputs and outputs. The optimization outcomes 514 

will be evaluated by using the COP metric. Secondly, the optimized FISs were 515 

comprised of the SWMM MATLAB wrapper for co-simulating fuzzy logic control 516 

and hydraulic-hydrologic procedure, aimed to assess the performance of 517 

SWMM_FLC in accumulated flooding volume reduction under different artificial 518 

rainfall scenarios. 519 

Prior modeling studies have documented the performance of real-time control 520 

strategies in decreasing flooding magnitude and peak water level approximately by 521 

40% to 70% (Sadler et al., 2019; Wong and Kerkez, 2018). However, these studies, on 522 

the one hand, ignore the physical dynamics by a linearizing system or manually set-up 523 

the control rules based on experts' experience. One the other hand, the expensive 524 

computation requires high-performance computing infrastructure or cloud parallel 525 

computing environment (Sadler et al., 2020). Considering these possible shortcomings, 526 

this study extended the traditional fuzzy logic control by developing a data-driven 527 

enhanced optimization-simulation tool (SWMM_FLC) to represent the 528 

hydraulic-hydrologic dynamics and to reduce computational expense. Although this 529 

tool needs many data for fuzzy controller training, it is efficient to optimize the fuzzy 530 
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inference system only based on a personal computer. Also, the decrease in COP from 531 

0.22 to 0.07 reflects that GA optimization can significantly improve FIS performance 532 

by reducing the deviations between fuzzy logic predictions and expectations. In 533 

comparison with prior approaches to optimize FIS settings (Razavi Termeh et al., 534 

2018; Zamani Sabzi et al., 2016), this study obtained substantially lower COP values 535 

in optimal FIS scenario. This work, therefore, indicates that the data-driven 536 

optimization-simulation method may have the potential to transfer the empiric and 537 

reactive settings to automatic and proactive settings of fuzzy logic control.   538 

Compared with the recent study which diminished the flooding volume by 25% 539 

(Mounce et al., 2019), the most noticeable benefit for using SWMM_FLC might be 540 

the applicability to case-specific simulation studies. It was found that SWMM_FLC is 541 

more appropriate to mitigate urban flooding under short-duration, short-return period 542 

rainfall scenarios according the simulated results where AFVR values are 4.55%, 543 

3.70%, 3.18%, 2.71%, 2.25%, 1.99%, 1.66%, and 1.53% corresponding to 1yr_3hrs, 544 

2yr_3hrs, 5yr_3hrs, 10yr_3hrs, 25yr_3hrs, 50yr_3hrs, 100yr_3hrs, and 200yr_3hrs 545 

scenarios. The relative lower AFVR values remind the modeler that this study used 546 

precipitation, water level, and flow measurements, which come from a semi-arid city 547 

in the middle-western states of the U.S., to tune CMFPs. In dry climatic areas, the 548 

features, structurcs, and correlations of long-term datasets might not be like the wet 549 

climatic areas’ rainfall records with higher intensity. CMFPs tuned by dry weather 550 

historical records is not suitable for mitigating flooding under short-duration 551 
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high-return period rainfalls scenarios, but CMFPs tuned by wet weather historical 552 

records might can. By understanding this explanation, applying SWMM_FLC to other 553 

cities with the rainy weather condition would be helpful to expand the application of 554 

SWMM_FLC. Even though we cannot conclude that SWMM_FLC is suitable for all 555 

cases at current stage, this research, at least, steps forward to successfully co-simulate 556 

FLC and hydraulic-hydrologic processes in a real-world case study under varying 557 

storms.  558 

However, this study also encounters some limitations. Despite the data (precipitation, 559 

water level, and flow) availability, temporal resolution for these measurements is 560 

necessary to be higher enough like a one-minute or five-minute interval for more 561 

accurately training the relationship between FIS input and output. Another 562 

disadvantage of this study can be found from the AFVR values, which are 563 

comparatively lower than the previous study (Talei et al., 2010). The reason for this is 564 

perhaps because some pre-determined control rules can not match the actual 565 

measurements, which leads to the warnings in running optimization. Finally, the lack 566 

of testing cases impedes performance improvement, and it is recommended to apply 567 

SWMM_FLC to different types of UDSs for broader testing and a deeper 568 

understanding of how CMFPs would be modified by data-driven GA optimization.  569 

Regarding future work, rather than using historical records, considering forecasting 570 

information like rainfall forecasts as the FIS optimization inputs to tune CMFPs is 571 

valuable for control operation decsision-making (Shishegar et al., 2019). This could 572 
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facilitate the performance of SWMM_FLC by making the fuzzy control strategy more 573 

adaptive to the coming storm events and more resilient to the potential failures (Parolari 574 

et al., 2018; Sharior et al., 2019). Although this study has address the downstream 575 

flooding problem, future work can switch to water quantity improvement by reducing 576 

the pollutant concentration and sedimentation issues in UDSs, especially in some cases 577 

with frequent combined sewer overflow and severe illicit intrusions. Finally, only one 578 

fuzzy logic controlled gate (orifice) and one storage unit were conceptually 579 

implemented and simulated at the downstream location of urban drainage networks. 580 

Such centralized-local control can not necessarily achieve global benefits at the 581 

system-level watershed (Mullapudi et al., 2017). Future work will focus on distributing 582 

multiple FLC controlled gates (orifices) among different storage sites to investigate 583 

how the system-level fuzzy logic control strategy can be improved by data-driven and 584 

GA optimization. 585 

6. Conclusions  586 

This study proposed a data-driven improved optimization-simulation open-source tool 587 

based on the fuzzy logic theory and genetic algorithm, aimed to optimize fuzzy 588 

control efficiency and to reduce downstream flooding volume at a real-world UDSs. 589 

The results show that traditional UDSs can be controlled by FLC to take advantage of 590 

their functionalities to handle downstream urban flooding issues. The major 591 

advantage of this tool lies in the noticeable performance improvement in COP and 592 

flooding volume reduction conducted by this data-driven enhanced 593 
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optimization-simulation SWMM_FLC. This open-source simulation-optimization tool 594 

is supposed to be implemented with different metaheuristic algorithms to promote 595 

applicability and help decision-makers and researchers to find effective solutions for 596 

mitigating urban flooding. The main contributions of this work are summarized as 597 

four parts below: 598 

1) A real-time control simulation-optimization tool called SWMM_FLC is developed 599 

for incorporating FLC into rainfall-runoff dynamics simulations in UDSs. This tool is 600 

distributed at https://github.com/Jiadalee/SWMM_FLC for public access. More 601 

information about how to run and modify this tool for personal usage can be found in 602 

the ‘Software Availability’ section below.  603 

2) Long-term water depth and flow rate measurements are used to train the fuzzy 604 

relationship between inputs and outputs in FIS (fuzzy inference system). Compared 605 

with manually building such relations, this data-driven method significantly enhances 606 

the efficiency of FIS training process; 607 

3) GA (Genetic algorithm) was used to tune the CMFPs (Controller Membership 608 

Function Parameters) before implementing FIS into SWMM MATLAB wrapper. The 609 

error metric COP value decreasing from 0.22 in non-optimal FIS to 0.07 in optimal 610 

FIS scenario indicates that GA can improve FIS performance by reducing the 611 

deviations between predictions and expectations. 612 

4) The SWMM_FLC performance testing finds that SWMM_FLC can reduce total 613 

urban flooding volume by up to 4.55% under varying rainfall scenarios, which 614 

https://github.com/Jiadalee/SWMM_FLC
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illustrates the possibility that urban flooding severity can be alleviated by 615 

implementing FLC into UDSs. 616 
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URL: https://github.com/Jiadalee/SWMM_FLC 633 

Contact address: Department of Civil and Environmental Engineering, University of 634 

Utah, 201 Presidents Cir, Salt Lake City, UT 84112, U.S 635 

Telephone: N/A 636 

Fax: N/A 637 

E-mail: jiada.li@utah.edu 638 

Access: Please visit the URL above to get the access to SWMM_FLC 639 

Hardware required: PC 640 

Software required: MATLAB 2018 Version, MatSWMM MATLAB module, and 641 

GOFIS toolbox;  642 

Optimization-Simulation set:  643 

1) Setting 1: Before you train the fuzzy ‘controller’ for characterizing the relationship 644 

between fuzzy system inputs and outputs, please store your training datasets in 645 

GA_Optimization folder; 646 

2) Setting 2: Before you run genetic algorithm optimization for tuning parameters of 647 

membership functions, please put fuzzy logic inference system ‘.fis’ file, which you 648 

previously created in MATLAB, into GA_Optimization folder;  649 

3) Setting 3: Before you run ‘SWMM_FLC’ simulation, please put SWMM .inp file 650 

in the folder of ‘swmm_files’ of MATLAB module folder of FLC_Simulation, and 651 

https://github.com/Jiadalee/SWMM_FLC
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also save the fuzzy inference system ’.fis’ file in the folder of MATLAB module 652 

folder of FLC_Simulation. 653 

4) Current SWMM_FLC version can only be run on MATLAB 2018. 654 

Availability: The ‘SWMM_FLC’ tool must be run after set-up the required software 655 

and optimization-simulation settings above. The urban drainage system simulation 656 

model used is EPASWMM, which is available at https://www.epa.gov/ 657 

water-research/stormwater-management-model-swmm. Data including flow and water 658 

level measurements, SWMM models, and optimal fuzzy inference system outputs; 659 
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