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Abstract

:

Extensive studies have highlighted the roles of rainfall, impervious surfaces, and drainage systems in urban pluvial flooding, whereas topographic control has received limited attention. This study proposes a depression-based index, the Topographic Control Index (TCI), to quantify the function of topography in urban pluvial flooding. The TCI of a depression is derived within its catchment, multiplying the catchment area with the slope, then dividing by the ponding volume of the depression. A case study is demonstrated in Guangzhou, China, using a 0.5 m-resolution Digital Elevation Model (DEM) acquired using Light Detection and Ranging (LiDAR) technology. The results show that the TCI map matches well with flooding records, while the Topographic Wetness Index (TWI) cannot map the frequently flooded areas. The impact of DEM resolution on topographic representation and the stability of TCI values are further investigated. The original 0.5 m-resolution DEM is set as a baseline, and is resampled at resolutions 1, 2, 5, and 10 m. A 1 m resolution has the smallest TCI deviation from those of 0.5 m resolution, and gives the optimal results in terms of striking a balance between computational efficiency and precision of representation. Moreover, the uncertainty in TCI values is likely to increase for small depressions.
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1. Introduction


Urban pluvial flooding is defined by the Federal Emergency Management Agency (FEMA) of the United Sates as “the inundation of property in a built environment, particularly in more densely populated areas, caused by rain falling on increased amounts of impervious surfaces and overwhelming the capacity of drainage systems.” [1] Increases in both the frequency of extreme rainfalls and impervious surfaces in urban built environments have aggravated the situation of urban pluvial flooding. The roles of rainfall, impervious surfaces, and drainage systems in urban pluvial flooding are highlighted in this definition, and have also been confirmed by extensive studies [2,3,4,5,6]. Nevertheless, topography should also be underlined because of its significant effect on the direction and velocity of surface runoff. Topographic control is boosted under extreme rainfall, because permeable surfaces become saturated with water quickly, and runoff is generated at virtually the same rate as that on the impervious surfaces [7].



Topographic control in fluvial flooding has been represented by topographic indicators, such as Topographic Wetness Index (TWI) in the original form [8,9,10] and the modified form [11,12], downslope index [13], Height Above Nearest Drainage (HAND) [14], and Geomorphic Flood Index (GFI) [15]. In terms of the roles of topographic indicators and hydraulic models in flood susceptibility analyses, hydraulic models such as HEC-RAS [16], LISFLOOD-FP [17], FloodMap [18,19], Cellular Automata [20], and WOLF 2D [21,22] give more information about the dynamic process of flooding, at the cost of detailed data for model calibration and validation, and intensive computation, which makes it challenging for assessments over large areas [23,24]. Although topographic indicators cannot describe the flooding process, their capabilities have been shown to be acceptable in delineating flood-prone areas [23,24,25,26,27]. Applying topographic indicators relies on the determination of their thresholds, which can be trained to achieve the best fitting to flooding records using machine learning methods, like Logistic Regression, Support Vector Machine, Random Forest, and naive Bayes estimation [28,29,30,31,32,33,34,35]. Moreover, using topographic indicators is more feasible due to their relatively low computational cost compared to hydraulic models, and the increasing availability of high-resolution Digital Elevation Models (DEMs) [36,37,38].



However, these topographic indicators cannot be directly applied to the analysis of urban pluvial flooding, which has a driving mechanism which is distinct from fluvial flooding. The hazard source of fluvial flooding is river networks; as a consequence, flood-prone areas are spatially connected to rivers. This rule can be applied to decide whether the spatial pattern of floods is reasonable. Unfortunately, the rule doesn’t work for urban pluvial flooding, because this kind of flooding can occur in any low-lying place. A study conducted in Illinois, U.S., reported that over 90% of pluvial flooding damage claims from 2007 to 2014 had been from beyond the mapped floodplain [39]. Similar results were reported by another study in Guangzhou, China, based on historical records from 2009 to 2015 [40]. As a result, an alternative topographic index is required for the analysis of urban pluvial flooding.



Urban pluvial flooding only occurs in depressions, which hold storm water that exceeds the capacity of urban drainage systems [41,42,43]. Depressions are low-lying areas surrounded by higher places, and can be identified using Geographic Information Science (GIS) analysis and a high-resolution DEM. Surface runoff driven by gravity flows towards and accumulates in depressions, and spills downstream once the depressions are completely filled. Therefore, it’s better to take depressions as the units of analysis, rather than a single raster cell. As illustrated by an example of cell-based TWI in the Section 3, there is no spatially-explicit pattern for the distribution of TWI values with regard to the locations of historic flooded areas. In order to avoid this problem, this study proposes a depression-based index, the Topographic Control Index (TCI), to describe topographic control on urban pluvial flooding. The resulting flood susceptibility map excludes non-depression area and highlights the depressions.



In Section 2, the conceptual framework and workflow of the new index, the TCI, are illustrated. A results analysis is described in the Section 3, which includes TCI mapping and validation, a performance comparison with cell-based TWI, and a discussion of the impact of DEM resolution. The applicability and shortcomings of the new index are discussed in Section 4, and conclusions are summarized in Section 5.




2. Materials and Methods


2.1. Conceptual Framework of Topographic Control Index (TCI)


The profile of a typical topographic depression is given in Figure 1 to illustrate the conceptual framework of the Topographic Control Index.



As illustrated in Figure 1, topography plays a critical role in determining the direction and velocity of runoff, and also the potential places where pluvial flooding can occur. Given a specific study area, the catchments of depressions can be delineated using GIS analysis. Regarding a single depression, the more quickly it gets inundated, the more prone to flooding it is. The time required to fill a depression is affected by the topography in its catchment, such as the catchment area, the catchment slope, and the ponding volume of the depression. From a physically-based view, catchment area and catchment slope are inversely proportional to the time, while the ponding volume is proportional to the time. As a result, the TCI is defined as:


TCI = ln(A × S1/2/V)



(1)




where A is the area of the catchment of the depression (m2), including the upslope-contributing area and the depression itself, S denotes the average slope (dimensionless) of the catchment, and V represents the ponding volume (m3) of the depression. The power of S is inspired by the Gauckler-Manning formula [44], in which S1/2 is linearly proportional to flow velocity. V is dependent on water depth Hi, and each depression has its own relationship between water depth and ponding volume, called the “depth-volume” relationship. The TCI is not dimensionless, and has a dimension of the natural log of m−1.



Concerning the definition of the TCI, in which only the factors in connection with the topography are considered, it should be kept in mind that the TCI doesn’t reflect the actual risk of flooding, and thus, cannot take the place of the flooding risk. Nevertheless, TCI can act as a guide for urban planning, construction, and upgrading in terms of mitigating the risk of urban pluvial flooding. The TCI provides the spatial distribution and the proneness level of areas that have inherent disadvantages in drainage caused by topography; from there, it is possible to design proper measures for each area, like Low Impact Development, deep tunnels, pumps, and drainage pipe enlargements, to reduce runoff generation or increase the capacity of storage and conveying.




2.2. Calculation of TCI


Rivers are natural places to receive and transfer surface runoff. They have a much larger upstream contributing area than a single depression in an urban area, and the difference will be magnified due to the spatial connection of rivers. As a result, some depressions that are close to rivers will act as sub-depressions in a much larger depression, rather than single objects. However, complete inundation caused by pluvial flooding in a river catchment is very rare, whereas flooding in individual depressions in urban areas is more frequent [45]. Therefore, this study emphasizes a smaller spatial scale than a river catchment, and excludes rivers from the analysis.



The workflow to calculate the TCI using a DEM without rivers is given in Figure 2. After identifying all depressions in the DEM, the thresholds of depth and area of depressions are derived. Then, the depressions that have a depth or an area less than the corresponding thresholds are filled. The partly-filled DEM is used to calculate the properties of the catchments of the remaining depressions, which are then employed to compute the Topographic Control Index for depressions.



2.2.1. Depression Locating


First, the original DEM is filled using GIS software, such as ArcGIS, SAGA GIS, or Whitebox, etc. Then, the depressions in the DEM can be located by simply subtracting the original DEM from the completely filled DEM and searching for non-zero cells in the derived difference raster. A group of non-zero cells that are spatially connected in the difference raster are considered to be one depression.




2.2.2. Depression Screening


(a) Area Threshold


Plenty of depressions exist in DEMs due to the micro-topography in urban environments, and also data noise. Noise may be introduced in the process of data acquisition or data resampling [46,47,48]. In order to reduce the impact of data noise, only depressions that have an area larger than 500 m2 are included in the analysis.



Flooding in large depressions causes more severe disruptions compared to small depressions, and thus, large depressions are the focus of the analysis. There is a general pattern like the pareto distribution in topography: a small number of depressions with large areas take a very large share in the total area of depressions [49]. This is also called the 80/20 rule. In view of this rule, a threshold in depression area can be found to strike a balance between the requirement of putting the focus on large depressions and the representativeness of the study. In this study, six thresholds, 500 m2, 1000 m2, 2000 m2, 5000 m2, 10,000 m2, and 20,000 m2, were tested. The number of depressions whose areas are larger than each threshold declines with the increase of the area threshold. The turning point on the area-number curve corresponds to the optimal area threshold. In addition, the area percentage that accounts for the depressions larger than the final area threshold should be above 80%, so that it can be representative of the study area.




(b) Depth Threshold


Water depth is a crucial indicator for flooding, in that its magnitude affects the degree of traffic chaos and property damage. Taking road traffic, for example, driving through a flooded area will put the engines and electronics in vehicles at risk of damage. The wading depth is frequently employed to measure the ability of vehicles to pass through flood water. Compared with other vehicles like Sport Utility Vehicles (SUVs) and pick-ups, cars are less able to pass through flood waters. So, the hazardous water depth in urban pluvial flooding is set according to the level of impact on cars. Car wading depths are subject to the height from the ground to the crucial level where sensitive electronics, air intake, and vulnerable areas are located; typical values are less than 30 cm. As a result, only depressions that have a maximum depth larger than 30 cm are included in the analysis.



Considering the uncertainties in DEMs, an empirical, 99th-percentile method is applied here to reduce the impact of outliers in elevation on computing the maximum depth of depressions. The depth of all cells within a depression are ranked in ascending order, and the 99th-percentile value is set as the maximum depth.




(c) Partly Filling


Depressions that have an area less than the area threshold or a maximum depth less than 30 cm are excluded from further analysis by filling. First, the original DEM is completely filled, and a difference raster is computed by subtracting the original DEM from the completely filled one. Then, in searching for a depression, a group of spatially-connected, non-zero cells in the difference raster, the properties of the depression, area and maximum depth, are calculated. If the area or the maximum depth of the depression is less than corresponding threshold, the elevation of the depression cells in the original DEM is replaced by the filled DEM. Otherwise, the elevation remains unchanged for the depression analysis. This procedure is repeated until all cells in the difference raster have been visited; the resulting raster is a partly-filled DEM. The properties of the remaining depressions are computed based on the partly-filled DEM.





2.2.3. Topographic Control Index (TCI)


(a) Catchment Area (A)


The area of a depression’s catchment equals the area of the depression plus its upslope-contributing area. Having identified the depressions, their upslope-contributing areas are needed to compute the catchment areas. It is common to search for upslope-contributing cells in a DEM by tracing in reverse with a routing algorithm, such as the D8 algorithm [50]. However, selecting appropriate flow routing algorithms in low-relief and flat areas is a problem, as discussed in the literature [50,51,52,53,54,55,56,57,58,59]. In this study, the elevation difference strategy [60] is employed because only the number of contributing cells, rather than flow paths, is required to calculate the upslope-contributing area. The contributing area is composed of all spatially-connected cells that are not lower than the depression.




(b) Catchment Slope (S)


In the calculation of the catchment slope, the part of the depression is not considered. It is assumed that surface runoff generated inside the depression immediately accumulates and does not need travel time. As a result, the catchment slope is represented by the average slope of the upslope-contributing area.




(c) Inundated Volume (V)


The “depth-volume” relationship of a depression can be obtained from a DEM using GIS spatial analysis. For a specific water depth, the elevation of its water surface equals the lowest elevation plus the water depth. Then, the corresponding volume can be calculated by adding the volumes of the cells, which are under the water surface within the depression. The “depth-volume” relationship is derived by repeating this procedure for different water depths. The volume for any water depth can easily be determined from this relationship. In this study, the target water depth is set as 30 cm, as mentioned in the analysis of depth threshold.




(d) TCI Map


After computing the properties of depressions, the TCI at a water depth of 30 cm for all depressions can be obtained using the Equation (1). Then, the spatial pattern of the topographic control is visualized by dividing the TCI values into three groups on the basis of the mean and standard deviation [61,62]: low (TCI ≤ mean), medium (mean < TCI ≤ mean + standard deviation), and high (TCI > mean + standard deviation).





2.3. Topographic Wetness Index (TWI)


TWI has been widely applied in hydrological processes, biological processes, vegetation patterns, and forests studies, and the assessment of flooding proneness [10,63]. The performance of TWI in representing the susceptibility to urban pluvial flooding was tested in its original form [8]:


TWI = ln(a/tan b)



(2)




where a is the local upslope area draining through a certain point per unit contour length, and b is the local slope in radians. TWI values are calculated using the SAGA GIS software (University of Hamburg, Hamburg, Germany. Available on www.saga-gis.org.). In this calculation, depression filling is a preliminary step, and the resulting TWI values are cell-based.




2.4. Impact of DEM Resolution


2.4.1. Topographic Representation


Applications using raster data need to strike a balance between computational efficiency and the precision of the representation, which are affected by the spatial resolution of DEM in contrasting ways. A generally employed strategy is to find a resolution which is as coarse as possible when the topographic representation is acceptable. The original 0.5 m-resolution DEM is resampled to resolutions of 1, 2, 5, and 10 m, and the best resampling resolution is determined by the patterns of two indicators, the number and total area of all depressions.




2.4.2. TCI Value


The impact of DEM resolution on a single depression is further investigated. The coarsening of DEM affects not only the area of a depression, but also its ponding volume and the area and average slope of its catchment. Subsequently, the TCI value of the depression changes accordingly.



The original 0.5 m-resolution DEM is resampled to resolutions of 1, 2, 5, and 10 m, and TCI calculation is repeated at each resolution. To measure the impact of DEM resolution on the TCI value of depressions, the results from the 0.5 m-resolution DEM are regarded as baseline, and the TCI deviation of a single depression within the resampled DEMs from its counterpart in the original DEM is computed. DEM resampling leads not only to the disappearance of depressions, but also to newly emerging depressions. The computation of TCI deviation and subsequent comparison require that each depression included in the analysis have a reference in the original DEM. However, newly-appearing depressions have no counterpart in the original DEM. As a result, this analysis only considered depressions that appear in both resampled DEMs and the original DEM. Then, the average deviation in TCI values of all the qualified depressions is employed to evaluate the effect of DEM resolution from an overall perspective. A more robust descriptor, median, is also given to reduce the impact of outliers in elevation.





2.5. Study Area


The study area is the downtown of Shiqiao, Panyu district, Guangzhou, China (Figure 3a), and has an area of 20.1 km2 and an annual rainfall of about 1800 mm [64]. The Shiqiao River runs through the downtown area from west to east in the south. Most creeks in the study area flow from north to south into the Shiqiao River (Figure 3b). A 0.5 m-resolution DEM was acquired by helicopter-based Light Detection and Ranging (LiDAR) equipment in 2014. Flooding points collected from newspaper reports and social media posts are employed as validation data for the results of TCI.






3. Results


3.1. Depressions


All depressions larger than the initial threshold, 500 m2, in the study area were identified. The number and area percentage of depressions that are larger than six thresholds—500, 1000, 2000, 5000, 10,000, and 20,000 m2—were then calculated, as shown in Figure 4. The turning point on the area-number curve stands at the threshold of 5000 m2, where 86 out of all 370 depressions possess 85% of the total area of depressions. The other depressions were filled before further analysis.




3.2. TCI Mapping and Validation


The spatial distribution of TCI at the water depth of 0.3 m was mapped in the study area (Figure 5). Twelve historical flooding points were collected from news reports and social media posts, and were shown to validate the TCI model. Most reported flooding points are located in places of high and median flooding susceptibility, indicating a good match between the results of the TCI model and flooding records. There is an exception for Point A, which is not within any depression. Actually, Point A does belong to a depression, but it was filled before the analysis because its depth is less than the threshold, i.e., 30 cm. In addition, there are still some depressions with large TCI values, but which are not reported. This suggests the potential of the TCI map to act as a guide for identifying flood-susceptible areas.




3.3. TWI Performance


The TWI map is shown in Figure 6, in which TWI values were classified into three groups: low, medium, and high, using the same approach with the classification of TCI values. There is no clear pattern highlighting the area surrounding the flooding points from both global (Figure 6a) and local (Figure 6b) perspectives. To be specific, the flood-prone area is significantly overestimated by the TWI model. Therefore, it can be concluded that the depression-based TCI model did a better job in identifying potential regions with high flood susceptibility in urban areas in comparison with the cell-based TWI model.




3.4. Impact of DEM Resolution


3.4.1. Topographic Representation


In the study area, the number and total area of depressions keep decreasing with increasing cell size (Figure 7), but at distinct rates. The number of depressions declines linearly from 0.5 m to 5 m, and has a large drop from 5 m to 10 m. The total area varies little from 0.5 m to 1 m and from 5 m to 10 m, but has a rapid decrease from 1 m through 5 m. This indicates that 1 m is the optimal resolution in terms of striking a balance between efficiency and precision.




3.4.2. TCI Value


Fifty-five depressions appeared in four resampled DEMs as well as the original DEM. The average and median of the TCI deviations at all resampled resolutions are listed in Table 1, and an obviously deteriorating pattern with increasing cell size can be observed. The performance of TCI at 1 and 2 m resolutions is significantly better than at 5 and 10 m.



The possible connection between the depression area and the stability of the TCI value was further explored at resolutions of 1 and 2 m; the results are shown in Figure 8. All qualified 55 depressions were ranked by area in descending order. The first depression is the largest, and the last one is the smallest. Most of large deviations at both resolutions stand in the right half, and the linear patterns show that the level of uncertainty increases when the TCI model is applied to small depressions. The performance of the TCI model at 1 m resolution is slightly better than that at 2 m resolution.



To sum up, 1 m is the optimal resolution concerning topographical representation and computational efficiency. The performances of the TCI values at 1 and 2 m resolutions are significantly better than those at 5 and 10 m. The TCI values of large depressions are probably less affected by DEM coarsening, compared to small depressions.






4. Discussion


4.1. Applicability of TCI


In the development of urban pluvial flooding, topography is a necessary but insufficient condition. Pluvial flooding only occurs within depressions, and the actual flooding status of a single depression is subject to the interplay of other influential factors like rainfall, impervious surfaces, and the local drainage capacity. As a result, a TCI value making use of only topography cannot reflect the actual risk of flooding. Nevertheless, it can be widely applied in urban planning, construction, and upgrading in terms of mitigating flood risk because of the low requirement of input data and the increasing availability of high-resolution DEMs. The spatial distribution of TCI provides an operational guide for the design and maintenance of drainage facilities. A catchment with a high TCI value may need efficient measures to reduce runoff generation, detain excessive runoff, and enhance drainage capacity. Depressions deserve more attention, since runoff generated in these areas can’t be drained naturally, and needs extra assistance like pumps to overcome the effect of gravity.



Under extreme rainfall events which surpass the design criteria of urban drainage systems, the TCI is likely to be able to provide simple estimates of the flooding risk. The soil gets saturated quickly, and the original pervious surfaces turn into impervious ones. The spatial difference in runoff generation is quite limited, and thus, the topography along with rainfall dominate the formation of pluvial flooding.




4.2. Representation of Dynamic Process


Like other topographic indices, the TCI is also static, and thus, has difficulty representing the dynamics of storm water. It implicitly assumes that each depression is isolated and has its own contributing area. Actually, depressions with a small ponding volume can be inundated quickly during a heavy storm, and the runoff subsequently generated in their catchments spills out to a downstream depression. Typically, hydro-dynamic models are required to simulate the dynamic processes. Nevertheless, it is still possible for the TCI model to take into account this process to some extent by filling small depressions before the TCI computation. These filled depressions are then assigned as contributing areas of the remaining depressions in the DEM.



Regarding the influence of water level in the rivers, it is also beyond the capability of the TCI, and demands hydro-dynamic models to represent the interaction from a physically-based perspective.




4.3. Upper Limit of Depression Area


If the study area is large enough, it is possible to have huge depressions, for example, larger than 10 Km2. However, this kind of depression cannot get inundated completely only due to local storms. Consequently, a very large depression should be analyzed as a separate study area, rather than as a normal unit within the original study area. The upper limit of depression areas varies in different cities, and can be set according to historical records of flooding or empirical knowledge of the study area. In this study, the largest depression is 0.55 Km2, located in the middle bottom of the study area (Figure 5). Field investigation showed that most of this area suffers from frequent flooding; therefore, it was not considered as a standalone study area for the TCI analysis.





5. Conclusions


In order to quantify the role of topography in the development of urban pluvial flooding, this study proposes a new depression-base index, the Topographic Control Index. The TCI values for depressions can be computed by applying GIS analysis to a high-resolution DEM. A case study is tested using a 0.5 m-resolution LiDAR DEM in Guangzhou, China, and the derived TCI distribution matches with flooding records sufficiently, compared to the cell-based TWI map.



The impacts of DEM resolution on topographical representation and TCI values are also explored using the original 0.5 m resolution and four resampled resolutions, i.e., 1, 2, 5, and 10 m. The results show that (1) 1 m is the optimal resolution, i.e., that it strikes a balance between computational efficiency and representational precision, (2) TCI values at resolutions of 1 and 2 m are substantially more stable than those at the resolutions of 5 and 10 m, and (3) the level of uncertainty increases when the TCI model is applied to small depressions. Finally, it is recommended that a 1 m-resolution DEM be used for practical TCI applications, and that it not be used on small depressions.



With respect to the complexity of actual terrain, more case studies under distinct topographic conditions are required to improve our understanding of the role of topographic control in urban pluvial flooding.
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Figure 1. Profile of a typical topographic depression. The area embraced by the upper horizontal dashed blue line and the land surface is a depression. Hm is the maximum water depth in the depression when it is completely inundated, and Hi is any depth smaller than Hm. V(Hm) and V(Hi) are the maximum ponding volume and the volume at the depth Hi, respectively. The flow directions of the surface runoff are represented by arrows; thicker ones denote runoff from the upslope-contributing area of the depression. 
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Figure 2. The workflow to derive the Topographic Control Index for depressions. 
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Figure 3. The study area in Guangzhou, China: location (a), and topography, main roads, and historical flooding points (b). 
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Figure 4. The changes in the number and area percentage of depressions at area thresholds of 500, 1000, 2000, 5000, 10,000, and 20,000 m2. The area percentage is 100 when the area threshold is 500 m2. 
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Figure 5. TCI (ln(m−1)) map derived from the original 0.5 m-resolution LiDAR DEM at the water depth 0.3 m. TCI values were divided into three groups: Low (yellow, TCI ≤ mean), Medium (orange, mean < TCI ≤ mean + standard deviation), and High (red, TCI > mean + standard deviation). 
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Figure 6. The spatial distribution of TWI in the study area (a), and the part in the rectangle (b) that has two flooding points. TWI values are divided into three groups: Low (yellow, TWI ≤ mean), Medium (orange, mean < TWI ≤ mean + standard deviation), and High (red, TWI > mean + standard deviation). 
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Figure 7. Changes in the number and total area of depressions with increasing DEM cell size. 
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Figure 8. The pattern of TCI deviations of depressions at resolutions of 1 and 2 m. All 55 qualified depressions are ranked by area in descending order. ‘Linear’ in the legend means the linear trend of TCI values. 
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Table 1. Average and median of TCI deviations at four resampled resolutions.
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	Resolution/m
	1
	2
	5
	10





	Average/ln(m−1)
	0.131
	0.187
	0.446
	0.781



	Median/ln(m−1)
	0.065
	0.122
	0.351
	0.687
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