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Abstract: Urban water-logging is a challenging environmental issue in most urban 18 

areas. Effective, process-oriented water-logging simulation and drainage optimization 19 

models have become imperative for urban storm water and emergency management. 20 

This research provides a solution to urban water-logging through integrating water-21 

logging prediction and drainage optimization schemes based on theories of cellular 22 

automaton and multi-objective optimization. An urban water-logging model for 23 

uncertain flow is constructed by using cellular automaton and rules in consideration of 24 

urban surface fragmentation and space complexity instead of definite mathematical 25 

equations. For dynamic simulation, outputs of water depth and flooded areas are 26 

projected with inputs of rainfall, soil infiltration, plant interception, gully discharge, and 27 

outflow to its neighbors in each cell, at any moment. The drainage decision model for 28 

optimal solutions is designed to calculate the maximal amount of water to be pumped 29 

from flooded zones to candidate reservoirs with minimal energy cost by using a multi-30 

objective optimization approach. This integrated approach was successfully applied in 31 

the DongHaoChong catchment (11 km2) watershed, a central urban area of Guangzhou, 32 

southern China, to forecast urban water-logging and optimize drainage decision-making. 33 

The results shows that the simulation model in this study is reliable as a whole and is 34 

capable of simulating uncertain flow at any position at any moment with minimal data 35 

input and parameters in an urban environment. An integrated solution to urban water-36 

logging prediction and drainage optimization can optimize decision-making to alleviate 37 

urban water-logging. 38 

 39 
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 42 

1. Introduction 43 

In recent decades, urban water-logging has become a challenging environmental 44 

issue in most urban areas of most developing countries, often resulting in serious disasters, 45 

such as traffic breakdown, property loss, and even loss of life. Urban water-logging is 46 

largely influenced by climate change and rapid urbanization and is likely to occur when 47 

climate extremes with torrential rain, heavy rainfall, and continuous precipitation become 48 

more frequent, resulting in the urban drainage capacity being exceeded (Gu and Gu 2014). 49 

Urban water-logging is intensified by rapid urbanization with increased impervious 50 

surfaces, insufficient construction, or maintenance of drainage systems, and a laggard civil 51 

engineering management system (Valipour 2014). Hence, an urgent need exists to develop 52 

functional tools for efficient decision-making to improve urban storm water management 53 

and utilization for water-logging prevention (Asia Development Bank 2014).  54 

Model-based simulation and prediction is an effective, and low-impact 55 

development (LID), measure to reduce adverse hydrologic effects of urban storm-water 56 

(Elliott and Trowsdale 2007). Hydraulic modeling is an important element for establishing 57 

a robust flood forecasting framework. Simulation results from hydraulic models can be 58 

used to generate inundation maps to evaluate flood risk. Indeed, various models have been 59 

developed to address water flow within canals and rivers. These models evolved from 60 

simple, empirical hydrology descriptions into incredibly complex models based on 61 
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discretized, numerical solutions of general laws (Parsons and Fonstad 2007). Generally, 62 

numerical simulations require certain assumptions in the governing equations. Simple 63 

hydraulic modeling approaches may be good for estimating flood propagation. However, 64 

the effects of infrastructure or complex overland flow typically need to be considered for 65 

complicated hydraulic investigation. For example, the U.S. Geological Survey (USGS) 66 

developed a one-dimensional river flow and water quality model (Spitz 2007) into a two-67 

dimensional model for hydraulic processes requiring detailed hydraulic information. 68 

Traditional equations of continuity and motion were used to simulate approximate water-69 

log depth on overland surfaces (Dong and Lu 2008). The Soil Conservation Service (SCS) 70 

model was utilized to simulate urban surface runoff depth and assess water-log (Quan et 71 

al. 2010). Moreover, diffusive-wave approximation of the Saint-Venant equations was 72 

developed to simulate surface water by integrating the USGS modular flow model 73 

(Hughes et al. 2014).  74 

These previous studies can be regarded as successful applications in numerical 75 

simulations of surface water systems, and provide a useful means to understand and 76 

predict regional hydrology processes in a natural environment. However, it is somewhat 77 

difficult to describe stochastic and uncertain surface flow in relatively small temporal and 78 

spatial scales in urbanized areas. The urban area differs from natural areas in its high 79 

fragmentation of land cover and densely distributed civil buildings and infrastructure. 80 

However, a cellular automaton (CA) model, a self-organization approach, provides an 81 

efficient alternative to physical-based models for simulating complicated hydrologic 82 

processes. The CA model with simple local interaction rules has been successfully applied 83 
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in water flow simulations (Cirbus and Podhoranyi 2013; Ma et al. 2009). For example, 84 

Parsons and Fonstad (2007) coupled the conservation of mass and Manning’s equations 85 

with an algorithm to slow down the movement of water flow from one pixel to the next 86 

until the correct timing was achieved. Ma et al. (2009) developed a novel, quantitative 87 

automaton model that projected hillslope runoff and soil erosion caused by rainfall events. 88 

Cirbus and Podhoranyi (2013) simulated the spreading of liquid using a CA and 89 

comparatively simple rules and conditions, which included several factors. Liu et al. 90 

(2014) developed a two-dimensional CA model using Von Neumann neighborhood to 91 

simulate flood inundation on urban roads. These applications suggest that a CA model is 92 

feasible and has significant potential to simulate uncertain water flow in urban areas.  93 

Despite progress in sustainable urban water management, it remains imperative to 94 

develop efficient decision support systems to reduce costs for urban storm water 95 

management (Bach et al. 2014; Ellis et al. 2004; Marlow et al. 2013). Although 96 

investigation of multi-objective issues in water resources have received considerable 97 

attention in large basins and for predicting flooding events in cities, less attention has been 98 

focused on urban drainage decisions (Labadie et al. 2012; Park et al. 2012; Penn et al. 99 

2013; Wang et al. 2013; Woodward et al. 2014). As such, the primary purpose of this study 100 

is to provide a solution to urban waterlogging through the integration of waterlogging 101 

predictions and drainage optimization schemes based on theories of cellular automata and 102 

multi-objective optimization. The findings of the study will provide an effective way to 103 

improve drainage decision-making and emergency response measures based on existing 104 

conditions. More specifically, if urban waterlogging can be accurately simulated according 105 
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to the rainfall forecast and urban situations, potential flooded areas can be predicted. In the 106 

current study, an urban waterlogging simulation model was constructed using cellular 107 

automaton and rules in place of definite mathematical equations. The outputs of this model 108 

include uncertain flow and water depth at random places and times, with required inputs of 109 

rainfall precipitation, digital elevation model (DEM), land use cover, and drainage gully 110 

geometry. A drainage decision model supported by multi-objective optimization is then 111 

proposed to pump water from flooded zones to candidate reservoirs. The emergency 112 

response based on optimal drainage decisions for stakeholders is then determined in 113 

advance and water is transported from flooded areas into candidate reservoirs, thereby 114 

decreasing the negative impacts of water-logging and property loss. Collectively, an 115 

integrated solution is proposed to use the input simulation results to dynamically compute 116 

numerous optimal drainage schemes for decision-makers using genetic algorithms. This 117 

optimal solution to urban waterlogging prediction and drainage decisions was applied in 118 

the DongHaoChong catchment, in the central urban area of Guangzhou, China, after being 119 

calibrated and validated. In this way, we were able to validate the prediction of 120 

waterlogging based on an accurate simulation of uncertain flow on urban ground, and to 121 

optimize the drainage solutions for emergency decision-making.  122 

 123 

2. Methodology 124 

2.1 Water-log simulation model 125 

An urban water-log model was designed based on a regular cellular automata (CA) 126 

model by simplifying the computation of the hydrology process with a grid-based 127 



 

7 

 

simulation frame. The cells of the CA were defined as a square grid filling a two-128 

dimensional (2D) space, which is in accordance with the grid cell of raster data covering 129 

the whole study area. The Moore neighborhood was used, comprising eight directions 130 

(D8) surrounding the central cell (Cirbus and Podhoranyi 2013). The status sets were 131 

divided into static status and dynamic status in computation of the central cell. The static 132 

status of the current cell retained values of height H(c), sink reservoir S(c), and plant 133 

interception I(c). The dynamic status included rainfall r(c,t), soil infiltration sI(c,t), 134 

outflow o(c,t), gully discharge g(c,t), and water depth h(c,t). The next status of the central 135 

cell depended on the current status of the adjacent eight neighbors and its own status, 136 

according to the CA regulation. Transition rules and regulations mainly determine the 137 

direction and depth of surface flow between the central cell and adjacent cells. The 138 

regulation can be expressed as follows in Equations (1) and (2): 139 

 [ℎ(𝑐, 𝑡 − 1), ∆ℎ] 𝑅→ ℎ(𝑐, 𝑡) (1) 140 

 ∆ℎ = 𝑟(𝑐, 𝑡) − 𝑆(𝑐) − 𝐼(𝑐) − 𝑠𝐼(𝑐, 𝑡) − 𝑔(𝑐, 𝑡) − 𝑜(𝑐, 𝑡) + ∑ 𝑜(𝐵, 𝑡)81  (2) 141 

where Δh is the change of inundated water depth in the central cell at current time t since 142 

previous time h(c, t-1); o(B,t represents the potential outflow from its eight neighbors to 143 

the central cell at time t while its neighbors individually become the central cell; and o(c, 144 

t) denotes probable outflow from the central cell to its neighbors.  145 

The production of runoff depends on the kind of urban ground surface during a storm. 146 

According to the difference in runoff production, the urban surface is divided into 147 

permeable (green land, lake, river, railway) and impermeable surfaces (building, road, 148 

square, viaduct). Three assumptions are applied in this model: (1) If the cell is covered by 149 
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an impervious surface, both soil infiltration sI(c) and plant interception I(c) always equal 150 

zero; (2) Water on cells covered by buildings or viaducts are fully collected by the sewer 151 

system, so these cells are never inundated and their water depth always equals zero; (3) If 152 

no gully is in the current cell, the cell’s outflow from the drainage system is always zero. 153 

The calculation of water depth therefore depends on different surfaces (Table 1). 154 

Here, rainfall r(c,t) is assigned values (mm/min) from the observed data or the 155 

estimated data. Both the sink reservoir, S(c), and plant interception, I(c), are constants and 156 

depend on empirical values with different surfaces or parameters determined using 157 

repeated experiments. The soil infiltration loss, sI(c,t), is calculated using Horton’s 158 

equation (Equation 3) (Ma et al. 2009): 159 

 𝑠𝐼(𝑐, 𝑡) = [𝑓𝑐 + (𝑓0 − 𝑓𝑐)𝑒−𝜆𝑡]∆𝑡/60 (3) 160 

where f(t) is the infiltration rate (mm per min) at time t (min); ƒc and ƒ0 are the stable and 161 

initial infiltration rates (mm per min), respectively; Δt is the iteration interval (ms); and λ 162 

is a constant. The g(c,t) of gully discharge is calculated using the hydraulics equation 163 

(Equation 4) (Gao 2006)： 164 

 𝑔(𝑐, 𝑡) = 𝑊 ∗ 𝐶 ∗ 𝑘 ∗ ∆𝑡 ∗ √2𝑔 ∗ ℎ(𝑐,𝑡)1000 /𝑆 (4) 165 

where W is the surface area of the drainage gully in the current cell (m2), C is the flow 166 

coefficient of the gully, and K is the blocking coefficient of the gully. S is the surface area 167 

of the current cell (m2), h(c,t) is the previous depth of the current cell before the gully 168 

discharges (mm), and g is the gravitational acceleration constant (9.81 m/s2). 
169 

After considering sink reservoirs, plant interception, soil infiltration, and gully 170 

discharge, the rest of the storm water may produce surface flow of uncertain direction and 171 
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velocity. The distribution flow between the central cell and its neighbors is the key to 172 

cellular regulation. Usually it assumes that direction of slow flow is determined mainly by 173 

gravity in laminar flow, which can be judged by the Reynolds number (Ma et al. 2009). 174 

The laminar flow occurs from the central cell to one of the adjacent cells uncovered by 175 

buildings with the steepest descent or maximum drop. If there are more than two of the 176 

same maximum drops in laminar flow, the water randomly flows onto one of its neighbors 177 

with the same maximum drop. An empirical Manning’s equation can be used in CA to 178 

calculate the flow velocity (Cirbus and Podhoranyi 2013; Liuet al. 2014; Ma et al. 2009). 179 

The flow velocity directly influences intervals, Δt(s), of the simulation iterations, which 180 

should approximate the minimal time of flow through the current cell in the whole grid 181 

space. Then, the amount o(c,t) of interchanged water in time Δt(s) from the central cell to 182 

one neighborhood is formulated using Equation (5): 183 

 𝑜 = 𝑉𝑆′𝛥𝑡/𝑆 = (ℎ2/3𝑗1/2/𝑛′)∗(ℎ∗𝐿)∗𝛥𝑡(𝐿∗𝐿) = ℎ5/3𝑗1/2𝛥𝑡/(𝐿 ∗ 𝑛′) (5) 184 

where V (m s−1) is the flow velocity, depending on the water depth of the current cell (h), 185 

its water surface slope (j), and Manning’s roughness coefficient on its cover (n’). S’ (m2) is 186 

the area of the flow side from the central cell to its neighbor with maximum drop, S (m2) is 187 

the surface area of the central cell, and L is the length of the cellular side (m). Water 188 

surface slope, j, is computed by using the slope algorithm of Burrough and McDonnell 189 

(1998).  190 

However, the Manning formula diverges from supposed optimal conditions (Diaz 191 

2005), while the flow becomes turbulent with higher velocity and depth, and viscous 192 

forces have little effect. The accuracy of the Manning formula is lacking at a larger 193 
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Reynolds number, which indicates that the fluid undergoes irregular fluctuations or mixing 194 

when fully turbulent (Engineeringtoolbox 2015). In turbulent flow, the speed of the fluid at 195 

a point is continuously undergoing changes in both magnitude and direction, replacing the 196 

steady direction from the central cell to its one neighbor with maximum drop in laminar 197 

flow. Liu et al. (2014) distributed water from a central cell to its four neighbors in their CA 198 

model based on an algorithm that aims to minimize the water surface elevation difference 199 

between cells regardless of whether the flow is laminar or turbulent, however, this ignores 200 

a violation instance of the central cell with a high elevation and low water depth. In the 201 

current study, an improved algorithm is proposed to calculate a minimal water surface 202 

elevation during an iteration time between the current cell and its neighbors with low 203 

water surface in turbulent flow. The core of the improved algorithm is to minimize the 204 

water surface elevation 𝑎𝑣𝑒(𝑡′) after distribution of the water from the central cell to 205 

adjacent cells uncovered by buildings with low water surface (Equation (6)): 206 

 𝑎𝑣𝑒(𝑡′) = 1𝑘 (∑ 𝐷𝑒𝑝𝑡ℎ(𝑖, 𝑡)𝑙∈𝑠𝑖=1 + ∑ 𝐷𝑒𝑚(𝑗))𝑘∈𝑆𝑗=1  (6) 207 

where l is the amounts of set (S), including the central cell and its neighbors with lower 208 

elevation; k is variable and depends on the elevation, which is not less than 𝑎𝑣𝑒(𝑡′). If 209 

elevations of those cells are greater than 𝑎𝑣𝑒(𝑡′), k equals l and water depth of all cells is 210 𝑎𝑣𝑒(𝑡′). Otherwise, water depth on the cell with elevation higher than the average water 211 

surface elevation equals zero or a minuscule number, and k individually decreases until 212 𝑎𝑣𝑒(𝑡′) is greater than the highest elevation in the remaining cells. 213 

 214 

2.2 Drainage optimization model 215 
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Among many measures employed for drainage emergency, forced drainage by 216 

pumping is an efficient measure. When all flood water is pumped from the selected water-217 

logged areas to candidate reservoirs, drainage decisions should consider certain 218 

optimization problems. How to maximize pumping volume and minimize energy cost are 219 

the basic concerns. A practical optimization model is proposed using specific variables: 220 𝑥𝑖: index of flooded area, I, from 0 to I, I depends on the simulation results of the 221 

water-log model 222 𝑗: index of candidate reservoirs, j, from 1 to J, J is a constant 223 𝑉𝑖: original volume of the flooded area, i, unit is cubic meters 224 𝐶𝑗: maximal capacity volume that potential reservoir, j, can bear of the flood water 225 

without danger, which is a given value; its unit is cubic meters 226 𝐴𝑖𝑗: distance of the cost path to transfer the flood from area i to reservoir j, which 227 

depends on the distance and slope between flooded area i and reservoir j, unit is 228 

meters 229 𝐴𝑖𝑗 = 𝑠𝑞𝑟𝑡((𝑐 𝑒𝑙𝑙𝑠𝑖𝑧𝑒 ∗( 𝑟𝑜𝑤𝑖 − 𝑟𝑜𝑤𝑗))2 + (𝑐 𝑒𝑙𝑙𝑠𝑖𝑧𝑒 ∗( 𝑐𝑜𝑙𝑖 − 𝑐𝑜𝑙𝑗)2) + (𝐻𝑗230 − 𝐻𝑖)3) 231 𝐻𝑖: height of the deepest place in flooded area, i,  232 𝐻𝑗: height of the deepest point in reservoir, j.  233 

Using the cube of the height difference not only shows the contribution of height 234 

difference, but also represents the influence of it being downstream or upstream. 235 

g: gravitational acceleration constant 236 

ρ: density of water, a given value 237 
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𝑥𝑖𝑗: binary decision variant indicating whether the flooded area i, is transferred to 238 

reservoir j; if it equals 1, then all of the flood at area i, is transferred to the reservoir j; 239 

otherwise, it equals 0. 240 

Objective function: 241 

 𝑂𝑢𝑡𝑓𝑙𝑜𝑜𝑑: 𝑚𝑎𝑥 ∑ 𝑉𝑖 ∑ 𝑥𝑖𝑗𝐽𝑗𝐼𝑖=0  (7) 242 

 𝑃𝑜𝑤𝑒𝑟𝐶𝑜𝑠𝑡: 𝑚𝑖𝑛  𝜌∗𝑔360 ∑ 𝑉𝑖 ∑ 𝐴𝑖𝑗∗𝑥𝑖𝑗𝐽𝑗=1𝐼𝑖=0  (8) 243 

subject to 244 

 ∑ 𝑥𝑖𝑗𝑉𝑖𝐼𝑖 ≤ 𝐶𝑗 ∀𝑗 (9) 245 

 ∑ 𝑥𝑖𝑗 ≤ 1  ∀𝑖𝐽𝑗=1  (10) 246 

 𝑥𝑖𝑗 ∈ {0,1} (11) 247 

Objective (7) seeks to maximize volume of the transferred flood (unit: cubic meters).  248 

Objective (8) seeks to minimize the power cost of transferring the flood (unit: kWh). 249 

Here, cost is the product of transferring volume (cubic meter), distance (meter), density 250 

(1020 kg per cubic meter), and acceleration of gravity (9.81 kg per square second).  251 

Constraint (9) ensures that the total transferred flood does not exceed the maximal 252 

capacity of every reservoir.  253 

Constraint (10) indicates that one flooded area can only transfer to one reservoir.  254 

Constraint (11) specifies binary restrictions on variables.  255 

Many algorithms can be applied to resolve such multi-objective optimization issues. 256 

An important feature in multi-objective optimization is to find a diverse set of optimal 257 

solutions for the problem so that the Pareto front can be approximated. Recent studies in 258 

the optimization literature have demonstrated the effectiveness of genetic algorithms 259 
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(GAs) in solving multi-objective problems. GAs is one of the most promising techniques 260 

and have received wide attention due to their flexibility and effectiveness in optimizing 261 

complex systems. Here, the gamultiobj algorithm used in Matlab2014 is a controlled elitist 262 

genetic algorithm, a variant of NSGAII. An elitist GA always favors individuals with a 263 

better fitness value (MathWorks 2012). For additional details regarding the use of GAs in 264 

solving multi-objective optimization problems, we refer the reader to relevant literature 265 

(Deb 2001; GarcíarPalomares et al. 2012; Liu et al. 2005; Samanlioglu 2013; Xiao et al. 266 

2007).  267 

 268 

3. Application of models 269 

3. 1 Study area and datasets 270 

DongHaoChong catchment with an area of 11 km2 is in the central urban area of 271 

Guangzhou. The DongHaoChong canal is a main branch of the Pearl River, with full 272 

length of 4,225 meters and a width of 7–11 m. It originates in Luhu Lake in the south of 273 

the Baiyun Mountain, and its elevation in the catchment decreases from north to south 274 

(Fig. 1). The river flows through an old urban area of Guangzhou from north to south, with 275 

part of a closed conduit. Big flooding has occurred for decades, and flooding risk has been 276 

intensified in rainstorms in recent years due to increased building density and old drainage 277 

infrastructure.  278 

The data primarily comprise spatial data related to the CA model (Table 2). All source 279 

data was obtained from the Drainage Facilities Management Center in Guangzhou, 280 

including DEM, green land, buildings, roads, reservoirs, lakes, rivers, drain gullies, and 281 
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rainfall. The resolution of the original DEM data is 5 m. The cellular space was built in 282 

accordance with DEM in the study area and is divided into 790,860 square grids in 980 283 

columns and 807 rows of 5 m width. The land use layer is composed of the green land, 284 

building, road, river, and lake, in which (1) represents road, (2), building, (3), green land, 285 

and (4) is a river or lake. The land use layer is converted into raster data and snapped to 286 

the DEM data with 5 m resolution. The gully is a part of the sewer system in the urban 287 

environment, usually present along the road edges. Gully data is a geographic point vector, 288 

with a geometry point location and certain attributes, including surface size and a block 289 

coefficient. In the CA model, gully data can be transferred into three grid layers of surface 290 

size (m2), flow, and block coefficient, explicitly represented by individual pixels. The 291 

rainfall is time series data from observation or prediction, assuming that the rain is well-292 

distributed at a small scale.  293 

 294 

3.2 Simulation, calibration, and validation 295 

Based on the described two models, a workflow of computation was developed using 296 

Matlab2014 (Fig. 2). First, the rainfall and spatial data listed in Table 2 were processed 297 

into arrays, then cells and parameters were initialized. According to the simulation 298 

duration and initial iteration interval, the number of iterations was calculated and the 299 

iterations began. With the change in x and y in the circular body of the cellular array, every 300 

current cell became a central cell and was first judged by its cover type. If its cover was 301 

not building and ‘no data,’ its current water depth H(c,t) was computed according to 302 

regulations (2) and (3), including computing soil infiltration sI(c,t), gully discharge g(c,t), 303 
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and outflow to its neighbor, o(c,t). Based on the velocity of outflow from the central cell to 304 

its neighbor with a positive maximal drop, the iteration interval was refined by comparing 305 

the time of flow from the central cell to its orthogonal or diagonal cell. If the iteration 306 

interval was less than the minimal time of outflow from the central cell to its neighbor, the 307 

depth of outflow was calculated and added into the neighbor. Otherwise, a new process 308 

was recomputed according to the new iteration interval. The Reynolds number was 309 

calculated to judge whether outflow is fully turbulent. If the flow was turbulent, the 310 

improved algorithm that minimizes the lowest water surface was used to distribute water 311 

to the adjacent nine cells. Water depth in every cell was updated at every iteration. The 312 

iteration amount was determined by dividing the simulation time (minutes) by the iteration 313 

interval (seconds), which did not cause a significant increase in the computational 314 

complexity. After all iterations, water-log depth grids at all times were ready and a grid at 315 

any time point could be output in raster format. 316 

Two recent representative rainstorm-flooding events were selected to calibrate and 317 

validate the proposed model. These two rainstorms (August 15, 2013 and June 23, 2014) 318 

resulted in severely water-logged areas. The rainstorm of August 15, 2013 had a rainfall 319 

precipitation of 122.7 mm (with 78.5 mm at the first 5 h, 14 h of the total) and inundated 320 

half of the study area. Meanwhile, that on June 23, 2014 had a rainfall precipitation of 96 321 

mm (lasting 3 h of the total), resulting in obvious inundation. 322 

The simulated results coincided well with the observed water-log in the study area. 323 

Certain main water-log areas, which are usually located near roads, were observed and 324 

reported by the Center of Drainage Facility Management in Guangzhou. Thirteen flooded 325 
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points from August 15, 2013, and 23 points from June 23, 2014 were observed (Fig. 3a). 326 

The root mean standard error (RMSE) values—calculated by comparing the predicted 327 

depth with the observation—were 26.89 mm and 78.48 mm in 2013 and 2014, 328 

respectively. A total of 23 points were reported on June 23, 2014 compared with the 329 

simulated depth to yield the RMSE. Water-log was heavier on 23 June than on 15 August, 330 

as the storm on 23 June was heavier in rainfall intensity and precipitation. The prediction 331 

at certain flooded areas was higher than the observation on 23 June, caused by hysteretic 332 

measurement of those flooded areas. Moreover, the deviation of the 23 June prediction 333 

was larger than that for 15 August, which may be influenced by several factors and will be 334 

discussed later. As a whole, the results state the simulation is precise and valid (Figs 3a 335 

and 3b).  336 

Through the validation of the simulation results, some parameters were further 337 

calibrated and updated (Table 3). The values of parameters were revised to minimize the 338 

deviation between observations and simulation results, most of which were initialized and 339 

evaluated based on empirical values (Fuping et al. 2010; Schaffranek 2004; Valipour 340 

2014).  341 

 342 

3.3 Water-log prediction 343 

To reduce the loss of urban water-log and improve emergency levels of drainage 344 

management, water depth on urban surfaces was simulated with given rainfalls based on 345 

the above models. The study area is supposed to encounter 1-year, 10-year, 50-year, 100-346 

year storms, which refers to total rainfalls that have a one percent probability of occurring 347 
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at that location in that year. According to the central urban rainstorm formula and 348 

calculation chart in Guangzhou city (Water Affairs Bureau 2011), the rainfall amount of 349 

the 100-year storm is 115 mm in one hour, the 50-year storm is 106 mm, the 10-year storm 350 

is 85 mm, and the 1-year storm is 55 mm. With the rainfall gross, the rainfall per minute 351 

can be simulated based on rainstorm intensity. 352 

Running the simulation model, a three-dimensional matrix (980,807,60) of water 353 

depth in the study area was generated for 60 minutes of the 100-year rainfall. The array at 354 

random times can be chosen as the result of simulation, and as a template to create a new 355 

zero matrix for marking flooded areas. First, the deepest cell was searched in the result 356 

array and the value of the corresponding cell was updated to the ID of the flooded area in 357 

the marked array. Using the searching method with a 3 × 3 window, all neighbors with 358 

values greater than the water-log tolerance (50 mm) were found and corresponding cells 359 

were marked with the same ID as the deepest cell. The second deepest cell was then 360 

searched at unmarked positions in the result array. Its neighbors were searched and their 361 

corresponding positions were marked with the same ID as in the marked array. Similarly, 362 

the rest of the marked array was updated with the IDs and water-log areas were predicted. 363 

More detailed information was extracted and recorded, such as sum flood volume and 364 

area, depth, height, and the row and column of the deepest cell in every water-log area. 365 

Similarly, the water-log was predicted by inputting the amounts of 50-year storm, 10-year 366 

storm, and 1-year storm. 367 

The predicted water-log is useful to make drainage decisions and take emergency 368 

measures by pumping the flood water to reservoirs to avoid life and property loss. As a 369 
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measure of low impact development (LID), forced drainage by pumping is currently one 370 

of most popular emergency measures in many Chinese cities. The drainage solutions 371 

should meet the maximum pumping volume with the minimum energy cost. Based on the 372 

above drainage optimization model, it was simple to design numerous optimal drainage 373 

decisions. 374 

 375 

4 Results and discussion  376 

4.1 Prediction results and accuracy 377 

The predicted water-log with different storms is shown in Fig. 4. With the fall amount 378 

increasing, the area and depth of water-log gradually rise. According to 100-year rainfall 379 

forecast in the study area, the heaviest water-log areas with a volume above 50 cubic 380 

meters and a depth beyond 150 mm are filtered. Sixty heavy flood areas and eight 381 

reservoirs are shown on the map (Fig. 5). There are nine water-logged areas around Luhu 382 

Lake influenced by the undulating terrain, with many marshlands. Other water-logged 383 

areas are mainly located near roads with few gullies; few are on green land. 384 

The simulation model in this study is reliable overall, however the accuracy of the CA 385 

model needs refinement. The accuracy of simulation depends on many factors, including 386 

the basic data and simulation parameters. First, the precision of basic data directly 387 

influences the accuracy of flow simulation, such as refinement of land use and resolution 388 

of DEM and cells. Second, precision of the parameters listed in Table 3 has a 389 

comprehensive impact on simulation accuracy. Certain empirical parameters, e.g., Horton 390 

equation parameters and the Manning coefficient, can be calibrated gradually to coincide 391 
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with real conditions related to ground runoff and inundation in the urban environment. 392 

Recent research indicates the Manning coefficient at the same patch during the storm may 393 

not be constant due to a decrease in the relative roughness, for example, greater depth, 394 

increased slope, or turbulent flow velocity. It is therefore necessary to check the status of 395 

flow using the Reynolds number or other formulas. Iteration interval has a unique 396 

influence on simulation and may result in accumulated errors in a long simulation 397 

duration, such as the larger deviation observed on 23 June 2014 (Fig. 3). In this study, the 398 

setting of the iteration interval(s) was close to the minimal time of the water flow from the 399 

cell center to its adjacent cell with the velocity calculated using Manning equation.  400 

Storm sewer surcharge is not considered in the model and it is assumed that the storm 401 

sewerage system fully functions during a storm event. The static block coefficient of the 402 

gully should be dynamic to generate a more accurate contribution to the simulation. 403 

Finally, the complexity of the CA model must be improved. Facing sophisticated urban 404 

hydrologic environments, outflow is synchronized with other factors of soil infiltration and 405 

gully discharge. However, the quantitative influences of those factors are calculated in the 406 

CA model, which may result in implicit deviation due to lack parallel computation 407 

between those factors. Furthermore, a potential reciprocal effect is not considered in the 408 

CA model. 409 

 410 

4.2 Optimization results and improvement 411 

Considering the sewer surcharge, the water-log may be heavier during the 100-year 412 

storm, which causes severe threat of loss of property and life. By running the optimization 413 
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program, optimal drainage solutions were obtained. Since the bi-objective model has 414 

multiple objectives, it often has many optimal solutions. For example, let us consider an 415 

optimal solution to such a problem that has a volume of v1 and cost of c1. There may exist 416 

another solution with a lower volume of v2 < v1, but a cost of c2, which is less than c1. 417 

Since neither option is inherently better than the other, they are both considered optimal or 418 

none dominate. The set of all optimal solutions to the problem together is called the Pareto 419 

front, representing the trade-offs between the two objectives (Fig. 6). 420 

To assess the optimization solutions, a weighted sum method was selected, which 421 

applies a set of weights to the objectives so that they are converted into a single objective. 422 

Hence, two objectives are combined in Equations (7) and (8) into one objective, as 423 

follows: 424 

 𝑚𝑎𝑥: 𝑤 ∑ 𝑉𝑖 ∑ 𝑥𝑖𝑗 − (1 − 𝑤)𝐽𝑗𝐼𝑖=0 𝜌𝑔 ∑ 𝑉𝑖𝐼𝑖=0 ∑ 𝐴𝑖𝑗𝑥𝑖𝑗𝐽𝑗=1  (12) 425 

By systematically changing the weights, the optimal solutions can be found on the 426 

Pareto front, which may be discrete and its shape may not be convex. An open-source 427 

solver called LP_Solve was used to find five optimal solutions, respectively setting the 428 

weight, w, equal to 0.1, 0.3, 0.5, 0.7, and 0.9 (Fig. 7). The five optimal solutions were 429 

identical to the corresponding solutions using the gamultiobj function in Matlab, which 430 

suggests that the results of the gamultiobj optimization were reliable. 431 

The optimal solution with the maximum volume of transferred flood water at 432 

minimum power cost was chosen (Table 4). The first part was 60 flooded area characters, 433 

including floodID, the largest depth (mm), flooded area (m2), and flood volume (m3). The 434 

second part was the optimal drain destination transferred from every flooded area. 435 
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During the drainage decision, many other issues may be considered. For example, 436 

flood at one water-logged area would be transferred simultaneously to more than one 437 

reservoir, and the priority of transferring flood water would be considered to minimize the 438 

loss of remaining flooded areas. The above drainage optimization model could be 439 

improved to meet those requirements, by adjusting variables and objectives. 440 

 𝑂𝑢𝑡𝑓𝑙𝑜𝑜𝑑: 𝑚𝑎𝑥 ∑ ∑ 𝑣𝑖𝑗𝐼𝑖=0𝐽𝑗=1  (13) 441 

 𝑃𝑜𝑤𝑒𝑟𝐶𝑜𝑠𝑡: 𝑚𝑖𝑛 𝜌∗𝑔360 ∑ ∑ 𝐴𝑖𝑗∗𝑣𝑖𝑗𝐼𝑖=0𝐽𝑗=1  (14) 442 

 𝐹𝑙𝑜𝑜𝑑𝐿𝑜𝑠𝑠: 𝑚𝑖𝑛 ∑ ∑ (𝐾𝑘=1 𝑃𝑘 ∗ 𝑠𝑖𝑘)𝐼𝑖=1  (15) 443 

Objective (13) seeks to maximize the volume of the transferred flood water (unit: cubic 444 

meter). The output volume of the flooded area i is transferred into reservoir j (unit: cubic 445 

meter), a decision variable. Objective (14) seeks to minimize the power cost of 446 

transferring flood (unit: kWh). Objective (15) seeks to minimize the loss of flooded area 447 

according to different land use types (unit: dollar). The 𝑠𝑖𝑘  denotes the remainder of the 448 

flooded area of land use type k in flooded area i, after transferring water (unit: square 449 

meter), a decision variable. 𝑃𝑘  is the average loss price of land use type k in flooded area 450 

i, which is a given value. 451 

The optimization model with three objective functions is an improved version, in 452 

which some constraints can be considered, such as water-log loss. It is also practicable in 453 

urban water-log emergency decisions. 454 

 455 

5. Conclusion 456 

Urban water-logging is inevitable posing a significant challenge for urban drainage 457 
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management and emergency decision-making. This study proposes a method of integrating 458 

simulation-based, urban water-logging prediction and drainage decision optimization. For 459 

the fragmentation and space complexity of urban surface, urban water-logging was 460 

simulated using a cellular automaton model and rules instead of mathematical runoff 461 

equations. The principle of the simulation model is simple, yet powerful as it can simulate 462 

uncertain flow at any position and predict water-log depth at any moment by inputting 463 

DEM, land use, gully, and rainfall. This approach assumes that the urban drainage line 464 

system can absorb all the down-seeping rainwater through the stormwater inlet and works 465 

smoothly. The results of urban water-logging were confirmed to agree with the observed 466 

outcome in two real rainfall events in the DongHaoChong basin, in the urban area of 467 

Guangzhou, China. Moreover, urban water-log was predicted with a 100-year storm for 468 

drainage decisions. A multi-objective optimization model for drainage decision-making 469 

was proposed and applied to pumping the flood water from the predicted water-logged 470 

areas to candidate reservoirs in the study area. The Pareto front was determined and tested 471 

using a weighted method, from which it was simple to select an optimal drainage solution. 472 

Although this model is reliable, but its precision of simulation depends on the data and 473 

parameters. The optimization model, it can be improved to meet three objectives including 474 

maximizing volume, minimizing the cost of transferring the flood, and minimizing the loss 475 

in the remaining flooded areas. The integrated process of water-log prediction and 476 

drainage optimization is useful for designing emergency plans to prevent and alleviate 477 

urban water-log. 478 

 479 
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 578 

Tables  579 

Table 1 The computation of water depth in different covering surfaces 580 

Ground cover type in current cell 
Calculation of water depth 

in current cell 
Notation 

Permeable 

surface 

Green land, wet 

land or lake 

Eq. (2) 
If no gully in 

cellular,𝑔(𝑐, 𝑡) = 0 

Impermeable 

surface 

Road, square, etc. 
𝐼(𝑐) = 𝑠𝐼(𝑐, 𝑡) = 0 in Eq. 

(2) 

Building, viaduct 𝛥ℎ = 0 

full discharge to 

sewer system 

 581 
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 582 

Table 2 The list of data sources 583 

Name Data type Amount Value type Unit Notation 

DEM grid data 980*807 Double meter Resolution 5m 

Land use grid data 980*807 Integer  Resolution 5m 

1 rep road, 

2:building, 

3: Greenland,  

4:river or lake 

 

gully vector data  Geo point  With attributes of surface size, 

flow and block coefficient 

 

rainfall time series 

data 

 Double mm depends on rain duration  

flooded 

areas  

vector data  Geo point cm observed data after rainfall 

 584 
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Table 3 The list of calibrated parameters 586 

Name Data type Value Unit Notation 

Manning 

coefficient 

parameter 

 

0.075  green land 

0.024  Concrete roads 

0.015  Concrete building 

0.055  Lake/river 

0.016  Asphalt viaduct 

ƒC Horton para. 1.5 mm /min permeable surface 

ƒ0 Horton para. 16.5 mm /min permeable surface 

λ  Horton para. 1  permeable surface 

I(c) Interception 1.5 mm permeable surface 

S(c) Sink constant 
3.5 mm permeable surface 

2 mm impermeable surface 

C Flow coefficient 
0.8  round gully  

0.6  square gully 

K Block coefficient 2/3   

 587 
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Table 4 The optimal solution with maximum volume and minimum energy of transferring 589 

flood water 590 

Reservoir Capacity (m3) Flood ID Depth (mm) Area (m2) Volume (m3) Cost (kWh) 

1 

10500 

4 2123.8149 13500  658.1  495.7  

1 19 1031.6986 8950  305.1  1271.3  

1 20 1019.2893 2000  79.4  139.9  

1 59 241.97005 10200  80.9  130.2  

2 

3000 

3 2241.7153 15775  373.6  743.6  

2 7 1667.8442 10350  615.7  696.7  

2 10 1513.9525 11200  563.8  351.8  

2 14 1461.4508 1125  50.4  69.6  

2 28 831.33105 2525  68.4  128.3  

2 31 761.82129 4300  83.0  95.5  

2 38 644.47198 3100  63.5  78.6  

2 50 341.68088 4425  53.0  57.6  

2 55 293.52545 6050  75.9  145.5  

2 56 274.64941 6675  77.1  106.3  

3 

6300 

40 629.70514 4650  127.5  209.0  

3 46 468.60483 3900  62.6  52.3  

3 48 416.48105 3850  62.9  86.5  

3 53 309.09201 8450  84.8  169.3  

4 3000 5 2121.3005 24275  1427.8  1661.9  
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4 16 1323.0109 1425  62.5  80.1  

4 30 765.13538 7225  267.3  155.1  

4 39 631.7746 5025  79.0  114.0  

4 51 339.31653 2825  51.3  38.7  

4 60 238.77893 6275  62.4  102.4  

5 

35000 

6 1821.7334 2725  151.5  346.9  

5 12 1498.4288 2275  86.2  64.0  

5 23 998.95313 10225  170.3  518.1  

5 25 920.39471 7350  246.1  253.7  

5 26 861.73035 1400  52.1  22.5  

5 29 819.4292 15825  510.5  1140.6  

5 33 757.79053 4825  72.9  142.4  

5 34 745.80585 59650  1049.5  203.0  

5 36 699.97461 21050  337.7  432.4  

5 41 609.38672 14575  307.5  815.7  

5 42 567.39093 19925  307.4  576.7  

5 43 544.59082 3300  64.0  130.2  

5 52 334.93088 7675  94.3  308.3  

5 54 300.30109 4625  62.0  108.2  

6 

10000 

15 1453.9644 7900  398.5  861.0  

6 17 1144.4536 4225  166.7  335.1  

6 24 920.51135 1575  75.0  136.3  
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6 35 703.53833 4150  86.0  203.8  

6 37 679.5484 4050  95.2  128.9  

6 45 486.42014 23800  316.6  40.5  

6 47 437.69373 9400  152.9  69.4  

6 49 365.22165 11050  107.3  250.0  

6 57 260.64087 11425  115.7  213.7  

6 58 246.61449 7650  76.6  52.5  

7 

50000 

1 2908.5427 4200  423.0  356.8  

7 2 2458.1958 91350  3622.0  10484.9  

7 8 1659.0315 12300  443.8  6.2  

7 9 1656.8096 14000  840.1  1149.3  

7 11 1500.2119 7125  344.3  333.9  

7 13 1479.0426 10150  520.3  516.9  

7 21 1018.4205 4325  197.9  366.3  

7 22 1014.3046 4025  154.3  143.9  

7 32 761.09271 4150  110.5  142.2  

7 44 496.6109 52550  1540.0  4175.4  

8 

6700 

18 1076.0411 50200  1103.5  1301.5  

8 27 850.0863 1700  63.8  143.7  
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Figure legends 593 

Fig. 1 Study area of DongHaoChong basin in urban Guangzhou. (a) Study area is in the 594 

urban area of Guangzhou city in GuangDong province. (b) DongHaoChong basin is a part 595 

of the Pearl River basin 596 

 597 

Fig. 2 Main process of simulating water-log 598 

 599 

Fig. 3 Comparison of simulated and observed depth in main water-logging areas. (a) 15 600 

August, 2013 (b) 23 June, 2014 601 

 602 

Fig. 4 Water-log depth map simulated by cellular automata (CA) with predicted storms. 603 

(a) Water-log depth map simulated by CA with 1-year-storm. (b) Water-log depth map 604 

simulated by CA with 10-year-storm. (c) Water-log depth map simulated by CA with 50-605 

year-storm. (d) Water-log depth map simulated by CA with 100-year-storm 606 

 607 

Fig. 5 Predicted flooded areas in a 100-year storm and the reservoir statuses 608 

 609 

Fig. 6 Pareto front of multi-objective optimization based on genetic algorithms 610 

 611 

Fig. 7 Results of single objective optimization using the weighted method 612 

 613 



Figures

Figure 1

Study area of DongHaoChong basin in urban Guangzhou. (a) Study area is in the urban area of
Guangzhou city in GuangDong province. (b) DongHaoChong basin is a part of the Pearl River basin



Figure 2

Main process of simulating water-log



Figure 3

Comparison of simulated and observed depth in main water-logging areas. (a) 15 August, 2013 (b) 23
June, 2014



Figure 4

Water-log depth map simulated by cellular automata (CA) with predicted storms. (a) Water-log depth map
simulated by CA with 1-year-storm. (b) Water-log depth map simulated by CA with 10-year-storm. (c)
Water-log depth map simulated by CA with 50-year-storm. (d) Water-log depth map simulated by CA with
100-year-storm



Figure 5

Predicted �ooded areas in a 100-year storm and the reservoir statuses



Figure 6

Pareto front of multi-objective optimization based on genetic algorithms



Figure 7

Results of single objective optimization using the weighted method


