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ABSTRACT 

 

CHARACTERIZING RAINFALL DERIVED INFLOW AND EXPLORING LOT-LEVEL 

BASED STORMWATER MANAGEMENT MODELLING TECHNIQUES WITH LOW 

IMPACT DEVELOPMENT 

 

Albert Z. Jiang                Advisor: 

University of Guelph, 2019               Dr. Edward A. McBean 

 

Rainfall Derived Inflow (RDI) as a part of Rainfall Derived Inflow and Infiltration (RDII) has been 

known to cause various issues around the globe. Common issues resulting from excessive RDI 

range in magnitudes, from residential basement flooding to urban city flooding. Significant effort 

and time have been spent to attenuate RDI and reduce the risk of flooding which causes extensive 

environmental and financial losses. While continuing the effort in reducing RDI/RDII, it is difficult 

to characterize its volume accurately. In this research, using a local community as a case study site, 

a novel method is presented to characterize RDI with high accuracy. A general guidance is 

developed for engineers to determine the data size needed to correctly estimate RDI in the future. 

Furthermore, a Storm Water Management Model is created to examine the efficiency of Low 

Impact Development LID devices at lot-level, including its performance under climate change. 
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1 Introduction 

1.1 Background and Problem Statement 

With the inevitable trend of global urbanization, many basic municipal infrastructures are 

becoming outdated and causing problems. Undersized stormwater sewer and combined sanitary 

sewers that are exceeding its capacity, and large impermeable surfaces which introduce excessive 

flash runoffs are examples of a few which highlight urban flooding issues.  

A more detailed example is residential basement flooding, which not only brings extreme pressure 

to homeowners in terms of financial issues but also raises the alarm to the municipality in terms 

of environmental issues as well. Approximately thirty years ago, as extreme-weather related 

insurance losses were CAD 400 million per year on average, where this value is now estimated to 

be 2.5 times more: CAD 1.04 billion per year (Insurance Bureau of Canada, 2018). In particular, 

this number reached CAD 3.0 billion in 2013 caused by the flooding in Alberta and GTA (the 

Greater Toronto Area), which marked the fifth consecutive year of billion-dollar claim events 

(McGillivray, 2016). Under climate change as projected in Canada, this condition will become 

worse due to more intense rainfall events and increased sea levels, which have direct links to urban 

flooding. 

Thus, reducing the risk of urban flooding became a primary focus at the municipal management 

level. Out of many possible ways to reduce the risk of urban flooding, Low Impact Development 

(LID) systems are gaining more attention in stormwater management as they can reduce 

stormwater runoff at the source, which relieves the pressure on the existing stormwater sewer 

system. Typically, LID systems are installed at the lot-level, such as rain gardens, infiltration 

trenches, and other similar small- to medium-sized applications. Therefore, LID has great potential 

to attenuate urban flooding, such as basement flooding, which is the primary focus of this research. 

Meanwhile, Nilsen et al. (2011) indicated that Combined Sewer Overflow (CSO), which is a 

common issue in most Canadian cities due to the presence of combined storm and sanitary sewer 

systems, will have reduced hydraulic capacities for handling more regular stormwater runoff under 

climate change scenarios. Hence, exploring better techniques to attenuate these future events is 

urgent, and LID is one of the current most popular features applied at lot-level. However, the 

current focus of stormwater modelling is typically at large scale such as at watershed or regional 
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level. Juan et al. (2016) demonstrated the stormwater reduction amount at the watershed outlet 

after implementing LID features. Chen et al. (2014) evaluated various LID features to be applied 

in the watershed and found the infiltration amount has a significant impact on the overall water 

quality in the watershed. These are conventional approaches of modelling but can be questioned 

on its accuracy when it comes to details such as how much lot-level LID systems can handle during 

a storm event. Li et al. (2014) reviewed 16 LID planning tools commonly used in the North 

America and found that most are lacking accuracy due to use of averaged parameters (such as 

reduction rate) at large scales. Therefore, the effectiveness of the LID planning tools are affected. 

Thus, understanding LID performance, and particularly, its efficiency to reduce basement flooding, 

these large-scale models will not have the capability to reflect such detailed characteristics. 

Moreover, only limited research has been done on modelling at the lot-level. Cipolla et al. (2016) 

modelled a green roof and simulated various events over a year in the model. Their results 

suggested EPA SWMM can be used to model LID at the small scale efficiently, which can provide 

much detailed information on the hydrologic response of green roofs. Therefore, lot-level based 

modelling can be done and will provide better information in terms of understanding basement 

flooding. 

In this research, the hydrologic modelling software PC SWMM will be used to perform lot-level 

analysis to compare to the conventional regional level modelling for urban basement flooding. 

Locations that have experienced severe flooding events will be used as a case study for analyzing 

the characteristics of RDI. RDI refers to Rainfall Derived Inflow which is the part of Rainfall 

Derived Infiltration and Inflow, which is commonly being combined together during discussion. 

More detailed explanation of RDI can be found in Chapter 2. The flooded neighbourhood will be 

modelled based on lot-level instead of the regional level to demonstrate the model capability of 

characterizing LID performances at lot-level.  
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1.2 Objectives 

The objective of this research is to provide insights for lot-level hydrologic responses, such as the 

amount of overland runoff and infiltration, which leads to further studies on applying LID features 

at the lot-level in a hydrologic model to observe its performance individually. The five main 

objectives of this research are listed below: 

1. Characterize RDI in the case study area and understand the gaps between current practices 

in estimating RDI. 

2. Develop a general guidance in collecting data for analyzing RDI, in terms of the data sizing. 

3. Develop a lot-level SWM model and provide insights into some hydrological responses at 

the lot-level, such as surface runoff and infiltration. 

4. Apply various LID systems at the lot-level in the developed SWM hydrologic model and 

assess its performances at lot-level. 

5. Apply appropriate climate change conditions in the SWM model and examine the changes 

in hydrological responses at the lot-level, as well as the changes in LID performances. 

These detailed lot-level based statistics can provide valuable information for decision makers who 

can develop more realistic and informative design principles in the future. 

 

1.3 Thesis Outline 

There are three major sections included in this thesis, all written in the format of individual journal 

articles: Chapter 2, Chapter 3, and Chapter 4. In Chapter 2, a methodology for RDI characterization 

is presented. In Chapter 3, the procedure of developing guidance for field personnel (such as 

engineers, project managers, and technicians) to collect the appropriate amount of data for 

analyzing RDI will be presented as a journal article as well. Lastly, in Chapter 4, lot-level 

modelling is demonstrated as well as the lot-level LID performance analyses. 
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2 Rainfall Derived Inflow (RDI) Characterization 
The first step to understand RDI is to examine its quantity and explore its variation under different 

conditions. As mentioned in Chapter 1, this part was done under the title “Quantifying Rainfall-

Derived Inflow from Private Foundation Drains in Sanitary Sewers: A Case Study in London, 

Ontario, Canada” (Jiang A. Z., McBean, Binns, & Gharabaghi, 2019). It was submitted to the 

ASCE Journal of Hydrologic Engineering in July 2018, approved in March 2019, and published 

in June 2019. 

 

2.1 Abstract 
Rainfall-derived infiltration and inflow (RDII) is a major issue causing surcharge flows in many 

municipal sanitary sewer systems. This paper demonstrates a statistical method for characterizing 

the Rainfall-derived inflow (RDI) originating from residential foundation drains (also referred to 

as weeping tiles), as well as the importance of having site-specific data. The results differentiating 

the contribution of RDI from residential weeping tiles (WT) to total RDII are demonstrated for a 

case study site for a residential subdivision in London, Ontario, Canada. This research used 

statistical linear regression analyses with bootstrapping methods to quantify the RDI and its flow 

duration. It was found that the RDI from WT contributed up to 85% of the total RDII in the sanitary 

sewer during the rainfall event. By disconnecting WT at this site, the RDI generated as a result of 

rainfall events was reduced by a minimum of 78% in volume and 32% in flow duration. Thus, this 

paper presents a novel method to quantify RDI and its duration from statistical perspectives, which 

provides better supporting evidence and guidance for RDI projects. 

 

2.2 Introduction 
Rainfall-Derived Infiltration and Inflow (RDII) refers to the abnormal, high flows observed in 

municipal sanitary sewers during, and immediately following, a rainfall event indicating the 

sanitary sewer is receiving flows that are induced by rainfall events. Infiltration and inflow (I/I) 

are undesirable flows in sanitary sewers, where infiltration represents the water entering the sewer 

from the soil via indirect connections such as pipe joints and/or cracks (USEPA 2014). It is noted 

that inflow (as part of I/I) represents the water entering the sanitary sewer via direct connections 

such as weeping tiles (also referred to as foundation drains), rooftop downspouts, yard drains, and 
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catch basins (Chambers 2014; USEPA 2014). Excessive amounts of RDII in the sanitary sewer 

system may result in, for example, basement flooding. Undoubtedly, for combined sewer systems, 

RDII plays an important role in creating combined sewer overflows (CSO) which mainly consist 

of surface water runoff (Kim et al. 2016). For separate sanitary sewers, RDII still contributes a 

significant amount due to reasons such as faulty connections and soil settlement (Yap et al. 2017). 

It is noted that in this assessment, the RDII is contributing to a separate sanitary sewer, not a 

combined sewer. USEPA characterized RDII as the ‘main cause of sewer system overflows’ 

(USEPA 2008). Direct impacts of sanitary sewer overflows cause reduced sewer functional 

efficiency; in the long term, excessive RDII may also negatively affect human health and 

environmental protection (Yap et al. 2017).  

RDII is an ongoing issue with extensive undertakings being extended to reduce its contributions. 

In particular, these efforts have focused on removing the portion of inflow (Rainfall Derived 

Inflow, also referred as RDI in this paper) primarily originating from residential weeping tiles. 

Yap et al. (2017) found that wastewater flows at the end-of-the-line (such as wastewater treatment 

plants) facilities are directly proportional to the rainfall amount, where 25% of the sanitary flows 

were contributed by downspouts. Samples et al. (2000) indicated that the impacts induced by 

regular daily human activities are limited to the sanitary sewer overflow, in comparison with flows 

in the sewer caused by RDII. Therefore, it is critical to understand the relationship between various 

contributing factors of RDII and knowing the magnitudes of the benefits. Disconnecting residential 

weeping tiles from sanitary sewer lateral can greatly reduce RDI to sanitary sewer systems, which 

is the focus of this paper. While the reduction of RDI from residential weeping tiles may not 

necessarily reduce the risk at the individual lot-levels, the overall flooding risk to the entire 

neighborhood and the pressure on the sewer system may still be substantially reduced (Sandink 

2011).  

RDI is a portion of RDII, as its name implies. As a common practice, either RDII and/or RDI is 

reported as a percentage of dry weather sanitary flow or a defined/published value based on 

population size and area, typically in many municipal sewer design guidelines (FCM and NRC 

2003). For instance, the City of London, Canada uses 0.100 L/s/ha as the design parameter for 

infiltration allowance, while the City of Toronto, Canada uses 0.26 L/s/ha (City of London 2007; 

City of Toronto 2009). Table 1 presents selected values of I/I design allowance as used by various 
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municipalities in Ontario, Canada. Using such defined/published values for calculating RDII/RDI 

in the sewer is conventionally popular (Water Environment Federation 2017). Yap et al. (2017) 

also presented an average infiltration rate for a case study location as a percentage but did not 

indicate any statistical basis. While knowing the accurate RDII/RDI quantity is important for 

problem-solving, rarely has it been quantified by statistical methods. Zhang (2005) commented 

that most methods of calculating RDII are ad hoc, and lack proper statistical validation analyses. 

Therefore, decisions made based on such analyses may be subjective and hence non-representative 

(Zhang 2007). 

Table 1 Selected value of I/I design allowance used by municipalities in Ontario, Canada (adapted from Federation of Canadian 
Municipalities and National Research Council, 2003) 

Municipality 
Design Allowance 

(L/ha/d) (L/ha/s) 

Ontario – 1 33 696 0.39 

Ontario – 2 17 280 0.20 

Ontario – 3 34 560 0.40 

Ontario – 4 19 008 0.22 

Ontario – 5 8 600 0.10 

Ontario – 6 15 552 0.18 

 

Despite the above examples indicating use of defined/published values as common practice, the 

accuracy can also be unknown due to the site-specific conditions and lack of statistical validity. 

As USEPA (2008) stated in Review of Sewer Design Criteria and RDII Prediction Methods, the 

quantity of RDII has almost never been reported other than via the general estimation manner due 

to the difficulty of the quantifying procedures, and also applies to RDI. In the same report, USEPA 

(2008) recommends use of site-specific data for calibration in order to provide better estimates in 

quantifying RDII which can be further used in designing a sewer system with sufficient 

conveyance capacity. However, data availability may be an issue since data availability is another 

reason for not applying statistical analyses as common practice. All aforementioned examples were 

site-dependent, where RDII and RDI are also highly site-specific (USEPA 2008). Therefore, this 

research presents a pathway of using probabilistic methods to establish improved accuracy for 

estimating RDI, a significant portion of total RDII, and can be further expanded to RDII estimation 

where the needed data are available. The reason for choosing a probabilistic model is that no single 

RDII analysis/model can be universally applicable (Water Environment Federation 2017; USEPA 
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2008), and hence probabilistic models are more statistically sound and objective. Nevertheless, 

using site-specific data for model generation and calibration is important and the benefits of 

knowing accurate site-specific RDII-related flow data cannot be over-emphasized. One example 

is the RDII analyses are used for stormwater management modelling (SWMM). For instance, EPA 

SWMM uses unit hydrograph principles to characterize RDII by defining three parameters: R (the 

fraction of rainfall volume entering the sewer), T (the time period between peak flow and initial 

flow), and K (the ratio of time to recession from peak flow) (USEPA 2015). The RTK method is 

widely applied in many stormwater models, but site-dependent calibrated data are important to 

allow improved estimation and characterization of RDII in a model (USEPA 2008). Nasrin et al. 

(2016) provide an example of use of RDII unit hydrographs to find relatively accurate R, T, and 

K values. Thus, providing accurate RDII estimates would be useful in many aspects such as 

designing sewer systems that best accommodate site-specific circumstances. 

As the first and most basic step, this paper mainly focuses on characterizing the RDI in the sanitary 

sewer which occurred from connected residential weeping tiles (referred to as WT in this paper). 

The main objective is to demonstrate the merit of using statistical methods to analyze RDI and the 

significance of disconnecting residential WT. The paper describes a statistical analysis method for 

estimating the RDI quantity and its associated flow duration using data from a case study site in 

London, Ontario, Canada (London). The Sherwood Forest Neighborhood (SFN) in London had 

been repeatedly impacted by I/I flooding due to RDII generated during heavy rainfall and 

snowmelt events (Chambers 2014). Thus, the case study site was instrumented, in part, due to the 

recurring frequency of RDII-related flooding events.  As a further improvement step, a weeping 

tile disconnection project was later conducted in SFN which greatly alleviated the I/I flooding 

issue. Thus, due to site-specific data availability, this case study site provided the opportunity to 

accurately characterize the RDI, demonstrating the merits of lot-level mitigation projects, 

particularly, weeping tile disconnection (referred as WTD herein) projects. 

 

2.3 Methodology 

2.3.1 Study Area 

SFN (Figure 1) is 54 hectares in area and consists of 68 single detached houses primarily built in 

the 1980s, when the practice of connecting weeping tiles into the municipal sanitary sewer via 

sanitary sewer lateral drain was still common and this was one of the main causes which resulted 
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in sewer backups into basements (Sandink 2011). The elevation of SFN ranges from 277 m to 284 

m, where elevation increases from southeast to northwest. Extensive on-site investigations 

revealed that the soil in SFN is mainly clay; it is noted that rooftop downspouts while not directly 

connected to WT, were directing rainwater onto the ground near the house foundation. Figure 2 

depicts such concept where this paper investigates rainfall induced inflows from WT to sanitary 

sewers. Due to frequent basement flooding events which have occurred in many locations in 

London in the past, London underwent a publicly-funded residential weeping tile disconnection 

project in 2013 in SFN. Such project disconnected WT from sanitary sewer lateral drain as shown 

in Figure 2. Given these data, this research utilized linear regression models for both ‘before’ and 

‘after’ the WTD project to quantify the RDI and its duration of flow. Secondly, for robust statistical 

analysis purposes, bootstrapping methods were applied to characterize the confidence interval of 

the reduction rate of RDI reduction and flow duration.  

 

Figure 1 Map view of Sherwood Forest Neighborhood in London, Ontario, Canada 
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Figure 2 Visual illustration of the residential weeping tile disconnection project 

Linear regression models used in this research illustrate statistical evidence, providing insights into 

RDI quantity and flow duration-based sanitary flow and rainfall data from SFN. Rather than 

predicting RDI quantity, the model illustrates the role WT played during rainfall events by showing 

the dramatic reduction in RDI quantity and flow duration after the WTD project. Further, the merits 

of promoting WTD projects can identify the reduction of surcharge pressures in the municipal 

sanitary sewer systems. While the magnitude of reduction rate varies from site to site, as pointed 

out by Zhang (2008), such statistical models may not necessarily need to be complicated, but rather 

sufficiently comprehensive to provide statistically significant evidence to support assumptions and 

statements. This research was initiated to demonstrate the merits of building statistical models can 

provide insights in terms of better understanding the impact of RDI into sanitary sewers. To build 

a model with a high degree of confidence, sample size is an important factor as Zhang (2005) 

concluded the sample size should have at least 4000 observation points, and the duration should 

be at least three to six months, including at least five to six rainfall events having significantly 

elevated flow conditions. The City of London provided seven years of monitored sanitary flow 

and rainfall data from 2009 to 2016, recorded at 5-minute intervals and in units of L/s and mm, 

respectively. The importance of understanding the data preparation work done for the later analysis 

process are important (Samples et al. 2000). 
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2.3.2 Data Preparation 

Figure 1 shows the plan view of the SFN, where the specific study area is noted by the rectangular 

outline. The circle in Figure 1 indicates the location where the sanitary flow data were recorded. 

The manholes at the south-east corner in Figure 1 are the only sewer exits of this neighborhood 

sewer system, and therefore characterizes the entire neighborhood. Rainfall quantities were 

collected at the City of London Aquatic Centre which is located 700 m north-east of SFN. Since 

the rain gauge was not heated, only data from April to November were used for analyses from 

2011 to 2016. 

The initial data preparation consisted of identification of the dry weather flow patterns and 

selection of dry weather flow to characterize the Base Sanitary Flow (BSF) for later RDI 

calculations. This concept of BSF is the same as defined in the Guide for estimating Infiltration 

and Inflow by USEPA (2014), where the wastewater portion consists of domestic, commercial, 

institutional, and industrial sewage. Since dry weather flows vary not only on daily bases but also 

are influenced by seasons, Figure 3 illustrates typical weekly dry weather flow patterns of SFN for 

August and November of 2014, where both indicated weeks had no rainfall events. Both weekly 

flow patterns in Figure 3(a) and (b) fluctuate in a similar manner: sewer flows start to increase and 

then decrease during the morning and afternoon hours, with small variations depending on the day 

of the week. Although both weekly flow patterns demonstrate an increase in peak flow on 

weekends, peak flow rates in November were higher than those in August. Therefore, the BSF has 

to be chosen selectively rather than one-fits-all for all RDI calculations. 

 

Figure 3 (a) SFN weekly sanitary flow pattern of week Aug. 25, 2011; (b) SFN weekly sanitary flow pattern of week Nov. 05, 2011 
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Conventionally, most RDII- or RDI- related analyses reported in the literature have been 

deterministic and not relying on large sample sizes (Water Environment Federation 2017), where 

the BSF approaches have been typically chosen as one-fits-all for all analyses. To avoid using one-

fits-all BSF which brings overestimation/underestimation of RDI on different dates, and due to the 

data availability for this research, one method is to analyze 7 to 14 days dry weather flow data at 

the location of study (USEPA 2014). It is also mentioned in the Guide for estimating Infiltration 

and Inflow, that the BSF should be chosen for different seasons (USEPA 2014). Thus, in this 

research, probabilistic models were built, thereby allowing the BSF to be selected for each single 

RDI analysis date of interest. The general processes utilized were as follows:  

- select dates with rainfall events for potential RDI analysis; 

- rely on the same day of the prior week, to ensure zero rainfall input, then this day (without 

rainfall) was used as the dry weather flow (also BSF); and 

- the day (with rainfall) was then used for RDI analysis with the dry day selected as BSF. 

For example, assuming Thursday May 17, 2018 had a rainfall event that was of interest for RDI 

analysis, the RDI analysis can only proceed if Thursday May 10, 2018 had no rainfall (same day 

of the previous week), which can be used as the BSF. This procedure is also demonstrated in the 

flowchart shown in Figure 4. The reason for choosing the same day of the previous week as the 

base flow line is to control variables such as changes in seasons, residents’ populations, and similar 

groundwater table level. As demonstrated in Figure 2, although the overall flow patterns for a 

typical week are similar, the magnitudes differ. Presumably, the flow pattern would also be 

different on weekdays and weekends. This approach minimizes the probability of changes in BSF, 

since the probability of changes in BSF within a week is low. Thus, it avoids use of the same 

baseflow from the preceding week to fit all RDI analyses, thereby reducing the risk of 

overestimating or underestimating RDI.  
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Figure 4 Procedure of choosing a proper dry weather base flow in this research 

There were 56 RDI days chosen for analysis before the WTD project and 56 days selected for 

analysis after the WTD project, making the total sample size of 112 days, containing a total of 

32,256 data points used for both rainfall amounts and sanitary flows (both recorded in 5-min 

interval). Figure 5 depicts, as an example, a typical day for representing the RDII analysis. The 

entire analysis resulted in 112 graphs similar to Figure 5. Each daily data set was used to identify 

and calculate: rainfall amount (mm), rainfall duration (min), RDI quantity (L), and RDI duration 

(min). As demonstrated in Figure 6 (US EPA 1991), RDI quantities were computed by calculating 

the area between two curves: ‘rainfall-impacted sanitary flow (wet weather flow)’ and ‘dry weather 

base flow (BSF)’ (USEPA 2014). RDI flow duration was estimated by calculating the duration 

between the wet weather flow starting to increase and then decreasing to the regular flow level. 

This is completed by comparing the dry weather flow to the dry weather base flow on the same 

graph. Using Figure 5 as an example, the rainfall amount is 16.25 mm, rainfall duration is 255 min, 

total RDI incurred is 41,687 L, and RDI duration is 480 min. Pearson Correlation Test suggested 
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a strong relationship between rainfall amount and RDI quantity, as well as RDI flow duration, 

among other parameters such as rainfall duration and rainfall intensity. 

 

Figure 5 An example of daily sanitary flow impacted by rainfall with RDI related flow (date: September 8, 2012) 

 

Figure 6 Calculation demonstration of RDI based on average daily wastewater flow (US EPA 1991) 
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Histograms were then built to illustrate the data distribution shape and relationship between 

various parameters. Log-transformation was applied on data after the Kolmogorov-Smirnov (KS) 

Normality Test found that original data were highly skewed, along with the Pearson Correlation 

test were utilized for both original and log-transformed data, respectively. Such statistical tests 

were used to confirm the validity of log-transformation of the original data. 

 

2.3.3 Linear Regression Models 

Following data preprocessing, the scatter plot of RDI quantity versus rainfall amount was drawn 

to demonstrate its relationship. This type of scatter plot was utilized as an intuitive demonstration 

of the relationship (Zhang 2007). The results were also checked using the Pearson correlation test 

and R-squared value to validate its relationship. Next, to characterize the impact of residential WT 

connection to the lateral drain, data from the period after-WTD project were analyzed using the 

same method to build the linear regression model and compare with analyses of the before-WTD 

project period.  

Similar to RDI quantity analyses above, models were used to assess the characteristics of the sewer 

system on RDI flow duration: the time RDI flows will continue in the sewer system after the flow 

rate initially elevated by a rainfall event. 

 

2.3.4 Bootstrapping Methods 

The bootstrapping method was applied to improve the robustness of the statistical model. Although 

the sample size of both ‘before’ and ‘after’ the WTD project were reasonably large (16,704 data 

points for both ‘before’ and ‘after’ the WTD project), both of which exceeded the recommended 

sample size (4000 data points) by Zhang (2005). The application of a bootstrapping method can 

improve the confidence interval and eliminate potential human errors in the existing statistical 

analysis processes. The bootstrapping method falls under inferential statistics which uses 

resampling techniques to repeat the same statistical procedures many times using an existing 

sample population to represent/infer the true population characteristics. The general processes of 

bootstrapping used are as follows (one instance out of 10,000 iterations): 

1. Select one defined rainfall quantity (from 1 mm to 20 mm), such as rainfall = 1 mm; 

2. Sample with replacement from the ‘original before-WTD project data’ to make it become 

‘new before-WTD data’; 
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3. Sample with replacement from the ‘original after-WTD project data’ to make it become 

‘new after-WTD data’; 

4. Build a linear model using new before-WTD data, read new ‘before’ RDI quantity value 

and new ‘before’ RDI flow duration value at the selected rainfall quantity value; 

5. Build a linear model using new after-WTD data, read new ‘after’ RDI quantity value and 

new ‘after’ RDI flow duration value at the selected rainfall quantity value; 

6. Calculate the reduction percentage of new RDI quantity and RDI follow duration, and 

record the value into an array; 

7. Repeat steps 2 to 6, 10,000 times; 

8. Apply student t-test to the array to calculate the mean value, confidence interval, and p-

value at the selected rainfall quantity value. 

Figure 7 is a flowchart to visually characterize the above example process at rainfall amount equal 

to 1 mm.  

 

Figure 7 Bootstrapping procedure demonstration example @ rainfall amount = 1 mm 
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2.4 Results and Discussion 
Figure 8(a) shows histograms of three parameters calculated for the ‘before-WTD project’ period: 

rainfall amount, RDI quantity, and RDI flow duration. In Figure 8(a), the sample data for all three 

parameters are highly skewed to the right. This conclusion was also supported by statistical tests 

shown in Table 2. Intuitively, smaller rainfall events produce lower quantities of RDI and have 

higher frequency than large rainfall events, but non-normal distributed data can be problematic in 

statistical analyses (McBean 2019). Hence, data for all three parameters were modified by log-

transformation. The histograms of log-transformed data are shown in Figure 8(b) where the 

transformed data are normally distributed. Table 2 and Table 3 show the results of Kolmogorov-

Smirnov (KS) Normality Test and Pearson Correlation Test. 

 

 

Figure 8 (a) Histograms for ‘before-WTD project’ data; (b) Histograms for log-transformed ‘before-WTD project’ data 
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Table 2 Kolmogorov-Smirnov Normality test results 

KS Normality Test 

p-value KS-coefficient 

Original 

Data 

Log 

transformed 

Original 

Data 

Log 

transformed 

Before WTD 

RDI (L) <0.01 >0.15 0.258 0.095 

Rainfall (mm) <0.01 >0.15 0.163 0.071 

Duration (min) <0.01 >0.15 0.137 0.102 

After WTD 

RDI (L) <0.01 >0.15 0.382 0.087 

Rainfall (mm) <0.01 >0.15 0.238 0.062 

Duration (min) <0.01 >0.15 0.213 0.048 

 

Table 3 Bootstrapping results for RDI quantity reduction 

Rainfall (mm) 

RDI quantity (L) Bootstrapping Results 

Before WTD After WTD Reduction (%) 
Confidence Interval 

Upper Lower 

2 5111 915 81% 80.5% 80.8% 

4 12797 2174 83% 82.4% 82.6% 

6 21890 3606 83% 83.2% 83.3% 

8 32038 5165 84% 83.6% 83.8% 

10 43050 6824 84% 84.0% 84.1% 

12 54804 8567 84% 84.1% 84.3% 

14 67212 10385 84% 84.1% 84.3% 

16 80210 12268 84% 84.3% 84.4% 

18 93746 14211 84% 84.3% 84.5% 

20 107779 16209 84% 84.3% 84.5% 

 

Table 4 Bootstrapping results for RDI flow duration reduction 

Rainfall (mm) 

RDI flow duration (min) Bootstrapping Results 

Before WTD After WTD Reduction (%) 
Confidence Interval 

Upper Lower 

2 119 75 36% 35.6% 36.1% 

4 180 109 39% 38.9% 39.2% 

6 228 136 41% 40.5% 40.7% 

8 271 159 42% 41.4% 41.7% 

10 309 179 42% 42.2% 42.5% 

12 345 197 43% 42.7% 43.0% 

14 378 214 43% 42.9% 43.2% 

16 409 230 44% 43.5% 43.8% 

18 439 246 44% 43.7% 44.0% 

20 468 260 44% 43.8% 44.2% 
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Figure 9 Comparison between before- and after-WTD project in RDI amount of SFN 

Figure 9(left) shows the scatter plot of RDI quantity versus rainfall amount for the period before-

WTD project. The best-fit regression line and its 95% confidence interval lines are also presented 

in Figure 9(left), with dotted reference lines reading RDI quantity values at various rainfall amount. 

RDI amount has a positive relationship with rainfall amount, as an increase of rainfall amount 

leads to greater RDI quantities generated. Pearson correlation test results and R-squared values 

confirmed the positive statistical relation, where the R values are 0.83 (RDI versus rainfall amount) 

and 0.75 (RDI duration versus rainfall amount), respectively. To provide some sample readings on 

the best-fit regression line of the linear model in Figure 9(left), these coordinates read as follows: 

(5mm, 17,076L), (10mm, 43,803L), (30mm, 183,116L). 

Comparing the two linear regression models in Figure 9 for both before (left) and after (right) the 

WTD project, with dotted lines and associated readings to show the RDI quantity difference under 

the same rainfall amount (10 mm). This is characterizing the impact of residential WT connection 

to the lateral drain. For the model of after-WTD project, the positive relationship between RDI 

quantity and rainfall amount were confirmed by Kolmogorov-Smirnov (KS) Normality Test and 

Pearson Correlation Test, where results are shown in Table 2. Note that the linear regression line 
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for the after-WTD project period has a lower intercept value on the vertical axis (RDI quantity). 

Two linear regression equations are equations (1) and (2) below: 

Linear regression equation for the period before-WTD project: 

log(𝑅𝐷𝐼 𝑖𝑛 𝐿) = 3.310 + 1.324 × log (𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑖𝑛 𝑚𝑚)    [1] 

 

Linear regression equation for the period after-WTD project: 

log(𝑅𝐷𝐼 𝑖𝑛 𝐿) = 2.586 + 1.248 × log (𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑖𝑛 𝑚𝑚)    [2] 

 

Eqns. (1) and (2) are for before-, and after-WTD project, respectively, but similar slopes were 

found for both equations (1.324 versus 1.248). In Figure 9, visually, the larger slope suggests the 

RDI quantity reacts more severely to greater quantities of rainfall (in agreement with the findings 

of Zhang (2007)), representing the characteristic of the RDI in this sewer system. However, similar 

slopes in Eqns. (1) and (2) indicate the WTD project did not greatly modify the characteristics of 

the sewer system responses to RDI in SFN. On the other hand, the linear model of after-WTD 

project has a lower vertical intercept. In agreement with reporting by Zhang (2007), a lower 

intercept shows the system became much less impacted to rainfall. These results indicate the WTD 

project made the sewer system more rainfall-resistant and produce less RDI under the same rainfall 

conditions. For example, in Figure 9 under the same 10 mm rainfall amount, the RDI quantity 

reduced by 84% from 43,803 L to 6,806 L after disconnecting residential WT in the SFN. 

 

Figure 10 Comparison between before- and after-WTD project in RDI flow duration of SFN 
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As shown in Figure 10, with dotted lines and associated references, the WTD project has also 

reduced the RDI flow duration. The dotted reference lines in Figure 12 are used to compare the 

RDI flow duration reduction under the same rainfall amount (10 mm). A similar slope for both 

regression lines and lower vertical intercept for the regression line for the period after-WTD project 

were quantified, similar to the previous RDI quantity analyses.  

The two linear regression equations are shown below: 

Linear regression equation for the period before-WTD project: 

log(𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑚𝑖𝑛) = 1.895 + 0.5954 × log (𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑖𝑛 𝑚𝑚)    [3] 

 

Linear regression equation for the period after-WTD project: 

log(𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑚𝑖𝑛) = 1.713 + 0.5397 × log (𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑖𝑛 𝑚𝑚)    [4] 

 

In Figure 10, under the same rainfall amount of 10 mm, RDI flow duration decreased by 42% after 

the WTD project, from 306 min to 177 min. Other characteristics of the sewer system remained 

unchanged which can be concluded based on the similar slopes of the two regression lines. 

Bootstrapping was applied on all 112 (56 for before- and 56 for after-WTD) sample data points 

for resampling with replacement, followed by the execution of the same linear regression analyses 

10,000 times. In each one of the analyses out of the 10,000 bootstrapping results, three parameters 

were recorded under selected rainfall amounts (1 mm to 20 mm with 1 mm increments): 

- the reduction rate in percentage (comparing before and after the WTD project) of RDI 

quantity and RDI flow duration; 

- estimated RDI quantity; and 

- estimated RDI flow duration. 

Each of the three 10,000 recorded values were used to calculate the mean value and confidence 

interval. The selected numerical results for RDI quantity reduction and RDI flow duration 

reduction are shown in Table 3 and Table 4, respectively. These values were obtained from each 

bootstrapped linear regression models at specific rainfall amounts, which were chosen to range 

from 1 mm to 20 mm, in increments of 1 mm. 

For instance, when the rainfall amount is 10 mm, the reduction percentages for the RDI quantity 

and flow duration are 84% and 42%, respectively, which are the same as the original analysis 

results with narrow 95% confidence intervals. Hence, the bootstrapping method values align well 
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with the original statistical analysis results.  Such results demonstrate the high quality of the 

original data sample and the validity of the initial statistical analyses and its associated conclusions. 

Furthermore, narrow confidence intervals for all reduction rates of RDI quantity at various rainfall 

amounts improves the accuracy of the linear regression models for this RDI case study analysis. 

 

 

Figure 11 Summary of various RDII value used by municipalities in Ontario (Canada) with comparison to calculated RDI value 

 

 

Figure 12 Percent reduction on RDI amount and flow duration before and after the WTD project with new developed function 
trendlines 
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2.4.1 Comparisons with Existing Practices 

Given that London uses 0.100 L/s/ha as the design parameter for I/I allowance, and Toronto uses 

0.26 L/s/ha (City of London 2007; City of Toronto 2009), the appropriateness of the magnitudes 

of these guidelines are of interest. Particularly, given the one-fits-all value for all rainfall events 

used in the current municipality design guidelines, the results shown above indicate the RDI 

quantity is highly dependent on rainfall amount, leading to the result the RDII quantity should also 

be dependent. To compare the results to existing guidelines in estimating RDII, consider the 

rainfall amount at 2 mm as an example, as follows: 

𝑢𝑛𝑖𝑡 𝑡𝑜𝑡𝑎𝑙 𝑅𝐷𝐼 @ 𝑥 𝑚𝑚 =
𝑅𝐷𝐼 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦

𝑓𝑙𝑜𝑤 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛×𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎
     [5] 

 

Using data from Table 3 and Table 4 for rainfall amount at 2 mm, the contribution of weeping tile 

inflows (RDI) to total RDII were: 

𝑢𝑛𝑖𝑡 𝑡𝑜𝑡𝑎𝑙 𝑅𝐷𝐼 @ 2𝑚𝑚 =
5111 𝐿

119 min × 60 𝑠/ min  × 54 ℎ𝑎
= 0.013 𝐿/𝑠/ℎ𝑎    [6] 

 

Using this procedure, the unit total RDI in SFN can be calculated at selected rainfall amount. 

Selected calculated results are shown in Table 5 and scatterplot (Figure 11) summarizes the 

findings. Figure 11 also summarizes the RDII values used by selected municipalities in Ontario 

comparing the research calculated before-WTD RDI value (FCM and NRC 2003). Figure 11 

contains the before-WTD project calculated results as well as lines representing the value of RDII 

currently used by local municipalities. In Figure 11, the flat line representing the value (0.1 L/ha/L) 

utilized by London for designing sewer pipes is substantially above the line that characterizes the 

calculated RDI results (lowest line) for the study site, which is correct since RDI is a portion of 

RDII. However, since RDI is not a flat line, this suggests that lines representing RDII should also 

have slopes. For instance, using City of London, at rainfall of 20 mm, the monitored/calculated 

RDI value (0.07 L/s/ha) is 70% of the currently used RDII value (0.10 L/s/ha). This means the 

inflow portion is taking up 70% of the total RDII, which leaves 30% for infiltration at rainfall of 

20 mm. Conversely, the inflow portion becomes only 13% of total RDII, where infiltration takes 

up the remainder (87%), at rainfall of 2mm. This conclusion suggests improvements which would 

provide information to municipalities for improved RDII estimates in sanitary sewers. Notably, 

the result line of RDI in Figure 11 is from before-WTD project, and therefore the gap between the 

calculated RDI and existing value used will become much greater after the WTD project. This 
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result clearly demonstrates the deficiency of current practices, which can be greatly improved if 

site-specific data were available for calibration. Thus, as indicated by USEPA (2008), having 

accurate site-specific parameter characterization is highly beneficial in local stormwater design 

practice. 

Table 5 Selected results of weeping tile inflow calculation for the case study site 

Rainfall (mm) L/s/ha 

2 0.013 

4 0.022 

6 0.030 

8 0.037 

10 0.043 

12 0.049 

14 0.055 

16 0.060 

18 0.066 

20 0.071 

 

2.4.2 Sewer System Characterization 

In Figure 12, the percentage reductions are plotted at each selected rainfall level from 1 mm to 20 

mm in 1 mm increments. Visually, Figure 12 illustrates that the reduction rate of RDI quantity 

increases with the rainfall amount, particularly at smaller rainfall amount levels such as when the 

rainfall amount is less than 5mm. Previously, in Figure 9, the two regression lines, Eqns. (1) and 

(2), had similar slopes. Along with Figure 12, the assumption can be made that the WTD project-

induced RDI quantity reduction is essentially independent of rainfall amount, especially for more 

severe rainfall events, such as above 10 mm (see Figure 12).  

Further scientific analyses were applied to distinguish the RDI quantity reduction and flow 

duration reduction responses to large and small rainfall events. Since Figure 12 showed that large 

rainfall events have less impact on the percentage reduction, the data were separated to identify a 

threshold defining ‘small’ and ‘large’ rainfalls. The 9 mm threshold and linear trendlines were 

added for rainfall ≥ 9 mm, as shown in Figure 12. Power function trendlines were added for rainfall 

amounts < 9 mm (see Figure 12). 

In Figure 12, for rainfall ≥ 9 mm, the two linear trendline equations all have relatively flat slopes 

which further proves the assumption: when the rainfall amount is large, the percentage reductions 

of RDI quantity and flow durations become independent of the rainfall amount. Similarly, as 
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shown in Figure 12, for rainfall < 9 mm, when the rainfall amount is small, the exponential power 

function trendline can fit all data points and shows high R-squared values. This step presents new 

power and linear relationships for the percent reduction of RDI quantity and flow duration through 

WTD, for this specific site. 

For this case study, 9 mm is the threshold rainfall amount to distinguish ‘small’ and ‘large’ rainfall 

events. Theoretically, for all rainfall events at SFN regardless of the rainfall amount, the WTD 

project helped reduce RDI quantity and duration by at least 78%, and 32%, respectively, during 

the rainfall event. Note it is specified as ‘during’ as some of the water avoided may eventually end 

up in the sewers but not at least during the high flow periods in the sewer, such as delayed inflow 

(USEPA 2014). Particularly, this reduction rate became independent of rainfall amount for rainfall 

amounts ≥ 9 mm. The bootstrapping method helped to improve the model with its greater accuracy 

and validity. 

Clearly, the water no longer entering quickly into the sanitary sewer has to ‘go somewhere’ and 

hence some may eventually enter the sewer and be treated at the wastewater treatment plant (and 

avoidance of this could have significant benefits). However, that issue is beyond the scope of this 

paper and can be furtherly investigated.  

 

2.5 Conclusions and Recommendations 
This research develops a scientific and statistical methodology to determine the contribution of 

residential downspouts (RDI) to total RDII for a subdivision in London, Ontario, Canada. This 

case study demonstrates the beneficial impact on the sanitary sewer by disconnecting residential 

weeping tiles through a series of statistical analyses. For this case study, the RDI quantity reduction 

can be expected to be at least 78% during all rainfall events. As well, the RDI flow durations are 

estimated as being shortened by ≥ 32% under all rainfall events. Such reductions are mostly 

independent of the rainfall amounts, which indicates the importance of such WTD project and 

reflecting the characteristics of sanitary sewers. The bootstrapping method improved the accuracy 

of the model, demonstrating the validity of the estimates for assessing the RDI quantity and its 

flow duration. Results emphasize the importance of having site-specific data, which plays a critical 

role in developing local stormwater management plans/guidelines. Exponential power and linear 

relationships of rainfall amount between RDI quantity and flow duration reductions were found to 

be useful in characterizing ‘large’ and ‘small’ rainfall events threshold for the case study site.  
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3 Guidance on Data Sizing for RDI Analyses 
During the process of characterizing RDI for the case study site, one interesting extra finding was 

the amount of data that are available for analyses. In Chapter 2, the paper presented a systematic 

statistical method of assessing RDI accurately with confidence. As well, as mentioned in Chapter 

2, such work was possibly to be done only due to the quantity and quality of data available: 7 years 

of collected data for the study site. However, data collection can be a lengthy and repetitive process 

which would take a significant amount of time and financial resources in an engineering project. 

Thus, the next step after characterizing RDI is to investigate how to obtain such data with high 

quality and quantity in the future in order to estimate RDI accurately as shown in Chapter 2. 

Another paper titled “Guidance on Field Survey Program Design for Basement Flooding 

Assessments” was therefore generated and submitted to the Hydrological Sciences Journal in 

March 2019. This paper is currently under review as of June 2019. 

 

3.1 Abstract 
Flood-related water damages have become the largest home insurance claims in North America in 

recent years. In response, extensive efforts are being focused on options to reduce flood damages, 

including options for reducing sanitary sewer backups that are responsible for considerable 

occurrences of basement flooding. Expenditures to carry out field surveys to establish the 

effectiveness of alternatives, such as the impact of reducing Rainfall Derived Inflows (RDI), are 

substantial. Considering this, a guidance methodology on minimum data size requirements for this 

type of field study is developed. To accomplish this, a statistical and mathematical methodology 

is developed as a guide to design such field programs, enabling an assessment of the amount of 

data collection required for the field study. Results show that by collecting data for approximately 

39 storm events yields an acceptable level of accuracy, as guidance for field collection programs. 

 

3.2 Introduction 
Due to widespread urban flooding, issues of sanitary sewer surcharge causing basement flooding 

are a large and growing concern. To abate these problems, flows in sanitary sewers need to be 

reduced. In response, efforts to reduce source waters beyond sanitary wastewaters from 
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contributing to sanitary sewage are being examined for means of control (Montserrata et al. 2014), 

as potential actions to reduce the risk of basement flooding. The non-sanitary sewage flows 

commonly found in sanitary sewers include, but are not limited to, stormwater runoff in combined 

sewers, residential weeping tiles or foundation drains (Sandink 2011), and deterioration of sewer 

infrastructure which has reduced the hydraulic capacity to handle the elevated inflows contributing 

to sanitary sewers. Additionally, climate change concerns and the consequent need for adaptation, 

are also increasing the likelihood and severity of urban flooding (Thakali et al. 2016, Burn et al. 

2016). Across North America, floods are causing severe damage in many respects including those 

of social, economic, and environmental dimensions (Burn et al. 2016, Insurance Information 

Institute 2018). Increasing intensities of storms are occurring not only locally, but also globally, 

due to climate change (Vasiljevic et al. 2012, Arnbjerg-Nielsen et al. 2013, Ohba and Sugimoto 

2018).  

In Canada, as a demonstration, the increasing flows in sanitary sewers are the root-cause behind 

substantial percentages of widespread urbanization-related flooding as reported in 2018 Facts of 

the Property and Casualty Insurance Industry in Canada (Insurance Bureau of Canada 2018). 

Meanwhile, there are numerous examples of evidence to support this claim, where the most direct 

result for increasing urban flood damages is basement flooding. For example, the apparent increase 

in extreme weather-related insured losses which were estimated at $400 million/year in the 1980s 

have increased to $1 billion/year by 2018 (Insurance Bureau of Canada 2018), or 2.5 times 

magnitudes within almost forty years. Interestingly, due to inflation, the prices in 2018 are 183.12% 

higher than the average prices were in 1980 (Statistics Canada 2019). Thus, such high magnitudes 

of insured losses have made water damage due to floods the greatest source of home insurance 

claims in Canada in comparison with other sources (e.g. winter storms, fires, and lightning) 

(Insurance Bureau of Canada 2015, 2018). From 1983 to 2017, there were a total of 212 

catastrophic loss events reported with 114 of these events being related to flood damages. In recent 

years, single severe weather events caused dramatic increases in flood damages as well (Insurance 

Bureau of Canada 2018). More specifically, in 2013, two floods, one in southern Alberta which 

resulted in insured damages of $1.6 billion, and another in the Greater Toronto Area (GTA) which 

resulted in $1 billion in insured damages, were due to single summer storms (Insurance Bureau of 

Canada 2018).  It is also noted that while economic damages could be straightforwardly expressed 

in figures, many other factors cannot, including the severity of rainfall and flooding, as well as the 
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physical and emotional challenges to homeowners (Schuster-Wallace et al. 2018). Moreover, in 

the United States, according to the National Flood Insurance Program, 1980-2017, the losses paid 

due to flood claims roared from $230 million to $8.7 billion (Insurance Information Institute 2018). 

Therefore, it requires more complicated elements to be considered during the analysis of the risk 

and return on investment. Moreover, the issue of extreme rainfall/precipitation-caused flood 

insurance is increasing not only in Canada, but also globally, occurring in Spain (Cortès et al. 

2018), Denmark (Zhou et al. 2013), Netherlands (Spekkers et al. 2013), Ireland (Sampson et al. 

2014), France (Moncoulon et al. 2014), as well as among many other countries. 

As a result of the above, widespread attention is being given to projects that improve the resilience 

of municipal infrastructure such as repairing and upgrading sewer and stormwater systems 

(Insurance Bureau of Canada 2018). Projects to disconnect residential weeping tiles (also referred 

as foundation drains) are also being undertaken, which has been proven to be effective in 

attenuating Rainfall-Derived Inflows (RDI) (Chambers 2014, Jiang et al. 2019).  The situation of 

weeping tiles being connected directly to the sanitary sewers is still common in many urban areas. 

Another common initiative to decrease basement flooding involves installation of backwater 

valves to prevent sanitary sewer back-ups into basements. Although backwater valves can be 

effective, these valves still face many challenges due to lack of maintenance, poor plumbing 

conditions, and damage to the sewer lateral (Irwin et al. 2018).  

Disconnecting weeping tiles has conventionally been done following substantial field surveys at 

areas of interest to collect data to assess the potential effect. Installing monitoring wells and flow 

meters are the common methods used during this type of survey. Regrettably, the drawbacks of 

performing such surveys are evident. Firstly, the surveying normally would not be undertaken until 

after flooding has been observed, resulting in insurance claims due to basement flooding (Sandink 

2011). This is because preventive measures are usually expensive and exhaustive. Secondly, there 

is limited guidance available on the required length and extent for this type of surveying 

(colloquially, how long does a field survey need to be run). Thus, this paper investigates the 

threshold of minimum data size requirements to obtain relatively high-quality results for RDI 

analyses. 
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3.3 Methodology 

3.3.1 Understanding the Monitoring Needs 

The objective of this paper is to use a novel procedure to estimate the threshold of minimum data 

requirements to obtain defensible results for analyzing RDI. This paper uses data collected by City 

of London, Canada, during a Weeping Tile Disconnection (WTD) project (physical work done in 

2013), to estimate how long such monitoring needs to be for this type of project. This methodology 

provides guidance on diminishing marginal returns in terms of the data collection length, to assist 

authorities who perform surveys improve their efficiency and reduce the costs, by providing 

insights on the required duration of a survey. It is noted that this research was possible only due to 

the extensive data collected, which then allowed for extraction of the essential information 

regarding a minimum data size requirement. Without knowing the substantial information 

collected, allowing subsets of that data to be sampled, there would have been no way to judge at 

what point there was sufficient data to provide characterization. 

A substantial field survey was conducted by the City of London in the Sherwood Forest 

Neighbourhood (SFN), a subdivision located northwest from the city centre. This is the base data 

and will be referred to as Dataset I (before any remediation work is undertaken, before-WTD) and 

II (follow-up remediation work, after-WTD) throughout this paper. It should also be noted that the 

length of data collection and the project itself took seven (7) years for completion. Of interest 

herein is to determine, in hindsight, whether lesser durations of data collection (and hence, lesser 

expense) could be employed for future investigations. The goal of this paper is, therefore, to 

establish whether decreases in the length of this type of study could be employed, and yet still 

obtain accurate, statistically sound, and defensible results. 

 

3.3.2 Characterization of Information from Historical RDI Datasets 

In the previous research presented by Jiang et al. (2019), there was a substantial pre- and post- 

WTD datasets assembled for the SFN site, relating to RDI analyses.  The availability of this lengthy 

datasets provided the opportunity for the present research to investigate at what point (i.e., at what 

duration of data collection) the information content from the sampling program had been 

accurately obtained (in hindsight). In this paper, the term “information content” is assessed to 

allow decisions when high quality and defensible results are sufficient to estimate RDI. 



33 

 

Figure 13 shows the layout of SFN (outlined by the rectangle). The neighbourhood consists of 68 

single detached houses built mainly in the 1980s. Residential weeping tiles were connected to the 

sanitary sewer via laterals and the average elevation varies from 277 m a.s.l. to 284 m a.s.l. from 

northwest to southeast in the SFN (Jiang et al. 2019). There is a single sanitary sewer and a single 

storm sewer traversing through the entire SFN, going clockwise and exiting SFN at the east corner 

(27 m east from the starting point) as indicated by the circle in Figure 13. The layout of the sanitary 

sewer allowed the data to be collected only at the exit of SFN (circled in Figure 13). Rainfall data 

were collected at the Canada Games Aquatic Centre located approximately 650 m north-east from 

the sewer exiting point of SFN. 

 

Figure 13 Layout view of the Sherwood Forest Neighbourhood, London, Ontario 

The assembled data, recorded at 5-minute intervals, contained rainfall and sanitary sewer flow data 

collected during WTD project (physical work conduced in Summer 2013) from 2009 to 2016. In 

Jiang et al. (2019), the number of storm events selected consisted of 56 storm events before-WTD 

and 56 after-WTD projects storm events, for linear regression analyses on Rainfall Derived Inflow 

(RDI) reductions. Refer to Jiang et al. (2019) for more details regarding to the storm selecting 

methods.  
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Jiang et al. (2019) utilized a linear regression methodology to indicate that the RDI was reduced 

by 78% in volume after conducting the WTD project. It should be noted that the number of storm 

events (before-WTD and after-WTD) selected were coincidently the same number: 56 storms (out 

of 4 years) before-WTD project and 56 storms (out of 3 years) after-WTD project. A typical city, 

such as City of London, is expected to have more than 112 (=56×2) storm events during a seven 

(7) year period. Due to the technical limitation, the rain gauge was not heated and therefore only 

collected data during non-winter months (April to November) (Chambers 2014).  Evidence states 

that the annual average number of days with rainfall over the period 1981 – 2010 were 207 days, 

while 85 days had rainfall amounts greater than or equal to 5 mm (Government of Canada 2018). 

Table 6 summarizes rainfall data in London compared to some other Canadian cities (Government 

of Canada 2018). Thus, there are more than enough rainfall events which could be chosen to be 

studied in any given year, assuming the data were properly collected. 

Table 6 Climate data for selected cities in Canada 

City 
Days with Rainfall 

Total ≥ 5mm 

London 207 85 

Toronto 186 72 

Hamilton 195 77 

Vancouver 287 122 

 

Such a large data set made the preceding research possible and produced high quality results 

(32,256 data points in total) and required extensive effort to collect and process. However, due to 

various limitations and constraints in the field, mainly budgetary limits, it may not be possible to 

have this amount of data for statistical analyses in every field survey, which would provide the 

most valid results. Ideally, for any given data set, statistical analyses should be applied to obtain 

the most defensible results (Montgomery and Runger 2014). To demonstrate and determine the 

diminishing marginal returns on data size in terms of analyzing RDI, this paper utilizes the original 

data from the WTD project together with random selection algorithms with bootstrapping methods 

to illustrate the information content with statistical proofs, associated with smaller data sets. 

As demonstrated in Jiang et al. (2019), 56 storms before-WTD project (Dataset I) were used to 

develop a linear regression model to determine the RDI quantity at various rainfall levels. The 

same method was applied to utilize another 56 storms from after-WTD project (Dataset II). Table 
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7 displays the first ten rows in Dataset I. Note that in Dataset I (Table 6) each row contains four 

parameters: rainfall date, rainfall amount, RDI quantity, and RDI duration. The same structure also 

applies to Dataset II. 

Table 7 Sample readings from Dataset I (before-WTD project) 

Row 

number 
Date 

Rainfall 

(mm) 
RDI (L) 

Duration 

(min) 

1 20090403 27.75 327357.3 895 

2 20090428 15.75 118125.9 410 

3 20090516 2.75 3212.109 150 

4 20090527 25 85938.67 335 

5 20090608 6.25 12112.67 205 

6 20090620 7.75 101712.7 405 

7 20090620 7 31792.59 235 

8 20090711 1.25 2120.847 55 

9 20090726 4.5 9463.357 145 

10 20090811 8.75 21365.43 200 

(continued) (continued) (continued) (continued) (continued) 

 

The information content methodology (bootstrapping approach) is used to generate new datasets 

as subsets using a random selection algorithm to randomly remove ‘n’ storms from the original 

dataset (for both Dataset I and II). The procedure then builds the linear model and determines the 

RDI quantity value from the new datasets. It should be mentioned that the removal of random 

storms is essentially removing rows from the original datasets. For example, if n = 1 and Row 

number 1 in Table 7 was randomly selected, then the entire Row 1 would be removed. The 

remaining 55 rows consist of one new dataset, and then used to build a model to determine the 

RDI quantity at 10 mm rainfall. This example is illustrating the case of only 55 storm events 

available. 

Obtaining a stable reading from the new datasets is an important prerequisite in order to compare 

RDI readings between original dataset (total 56 storms) and new datasets (‘56 – n’ storms). 

Therefore, for parameter m – number of new datasets/number of trials. This parameter m has to be 

determined, under the certain conditions removing n storms: the average reading of RDI quantity 

out of m datasets produced linear model results is then compared with the reading from original 

dataset. The original dataset has RDI reading at various rainfall amount from 1 mm to 20 mm with 

1 mm increment. It was decided to fix this variable at 10 mm (the median) rainfall amount to read 
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the associated RDI value for comparison with other models. This procedure is a bootstrapping 

method, which is a part of inferential statistics (Ripley 1987). The method uses the same statistical 

procedures to resample (randomly remove n rows) and for ‘m trials (or times), using the existing 

original dataset. The repetitiveness of bootstrapping allows the results to be stable and close to the 

results of the true population. 

The following example illustrates this process: using Dataset I, if m = 500 and n = 1, the process 

of randomly removing a row in Dataset I will be repeated 500 times, which leads to 500 new 

datasets with each containing 55 storms (calculated by 56-n = 56-1). Each new dataset is derived 

from Dataset I, which had random rows deleted. Thus, there will be 500 linear models built and 

500 readings of RDI quantity at 10 mm rainfall. In the last step, the average value of RDI quantity 

at 10 mm rainfall of the 500 readings is used to compare with Dataset I produced RDI quantity 

reading at 10 mm rainfall. The reading of percent difference is adopted so the parameter reflects 

how large the offset is, comparing to the original dataset which has more data; this is an essential 

factor to determine the threshold of the data size limitation. The plot characterizing ‘percent 

difference in RDI quantity at 10 mm rainfall’ versus ‘number of storms available’ is plotted in 

Figure 14. Both Datasets I and II were used for determination on the threshold of the data size 

limitation. This process is also illustrated in Figure 14. 
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Figure 14 Flowchart visualizing the random selection and bootstrapping procedures 

The integer value of n was chosen between 1 and 55, thus representing how many storm events 

will be removed. The value of m is determined by trial and error as demonstrated below. 

Consequently, the number of storms in the new dataset is represented as 56 – n. Once the value of 

m is determined, the bootstrapping method is used to generate new datasets. 

 

3.3.3 Determination of number of trials – m 

Since there are two variables: n – number of storms to be removed, m – number of trials needed, 

the repetitiveness is needed for both bootstrapping and stable readings of new RDI quantity which 
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is needed to compare with the original data, Dataset I. Dataset I built linear model reads 43,050.8 

L of RDI quantity at 10 mm rainfall, while Dataset II built linear model reads 6824 L. To determine 

the number of storms (56 – n) needed to obtain a defensible result, the value of m is determined 

first. Thus, to control variables, n is set fixed as 28, assuming only 28 storm events were available, 

and Dataset I was used. After random selection, each new dataset will have 28 storms. Every 

randomly- generated new dataset would have different storm events, thus leading to different 

results for the linear regression models. Therefore, the reading of RDI quantity at 10 mm rainfall 

would be different from all others. Table 8 illustrates the RDI quantity readings at 10 mm rainfall 

of five newly-generated dataset samples from randomly moving 28 (n = 28) storms in Dataset I. 

Table 8 Sample newly generated datasets readings (random selected from Dataset I, n = 28) 

New Datasets No. RDI (L) @10mm rainfall Percent difference with 43050.8 L 

1 44699.6 3.8 % 

2 40211.6 -6.6 % 

3 51125.4 -4.5 % 

4 38530.7 -10.5 % 

5 38236.0 -11.2 % 

(continued) (continued) (continued) 

 

From Table 8, knowing that new RDI quantity readings will differ each time with new randomly 

selected dataset and based on the Central Limit Theorem (McBean 2019) (Montgomery and 

Runger 2014), the average value of m new datasets will become stable (or converge) after m 

reaches a specified, relatively large value. By trial and error, using different m values ranging from 

50 to 20,000, the mean value of percent difference was determined to converge when m 

approached 1000 (Figure 14). By repeating this process several times, the same trends were 

determined, where four repetitive results are shown in Figure 14. From Figure 14, when m is small 

(e.g. 50), the difference in the mean value is different each time when it repeats. When m is 

increased to 20,000, the differences in mean value decreases as m increases. Thus, there is a point 

on Figure 14 that distinguishes the small and large difference in magnitudes compared to the 

original dataset, hereby defined as a ‘converging point’. The ‘converging point’ in Figure 14 can 

be determined by the following method: when the mean value of percent difference is converging 

between various repeats while the value of m, number of new datasets, increases. Thus, based from 

Figure 15 and the Central Limit Theorem, the value of m could be any value that is greater than or 



39 

 

equal to 1,000. In this research, m was determined to be 5,000, which led to stable results but also 

maintained the efficiency of computational effort. 

It should be noted that in Table 7 the percent difference reading (either Dataset I or II) can be both 

positive and negative values. But this paper is intended to quantify the difference from the original 

dataset, but not the offset direction (greater or smaller). The value of percent difference is hence 

taken as absolute value. 

 

Figure 15 Trial and error process for determination of number of trials m (n = 28) 

While this research uses a bootstrapping approach, which abbreviates the record length and 

resamples to determine the information content, the intent herein is to determine the basis for the 

recommendations, demonstrating the minimum data size requirement in the field, to be used as a 

guidance in the field (and not a procedure needed to be followed by a field engineer, rather the 

results will be indicative). 
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3.4 Results and Discussion 
Figure 16 displays the results for both Datasets I and II, while m = 5000 and n ∈ [1,46]. When n 

becomes large, the number of available storms becomes fewer, which made the regression model 

become unstable, with a large difference (≥ 30%) compared to the original dataset. The results 

shown in Figure 16 eliminated some tail values of n from 47 to 55. 

 

Figure 16 Percent difference from original dataset (I and II) versus number of storms available 

From Figure 16, the trend can be clearly identified when fewer storm events were utilized: when 

n increases (moving from left to right on Figure 16), the number of storms (56 – n) in a given 

dataset decreases, thus the percent difference compared to the original dataset also decreases. It 

can be said that if too few storm events were available, the regression model will result in 

inaccurate and unstable results (i.e. different findings in comparison with the original SFN WTD 

project findings). Next, to apply regression models is to fit the scatter plot in Figure 16, using 

Dataset I (Before-WTD), the cubic regression model was found to be the best fit shown in Figure 

17. 
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Figure 17 Cubic regression model for Datasets I 

The cubic regression model fit to the data in Figure 4 (R2 = 0.998) is: 

% 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 28.79 − 1.41(56 − 𝑛) + 0.031(56 − 𝑛)2 − 0.00026(56 − 𝑛)3   (1) 

Using Figure 18 as reference showing that the cubic regression model was the best fit. For a given 

cubic function, the schematic graph of the function is shown in Figure 18, the graph can be 

separated into three regions: beginning region, moderate region, and end region. The beginning 

region represents the original dataset starting to lose some data thus causing the differences to 

increase; the end region displays how the original data has lost too much data causing the 

differences to become very large; and the moderate region represents a plateau on the graph where 

the original data have been lost but the differences were still acceptable. Hence, examining the 

results from either statistical (Figure 17) or logical aspects (Figure 18), the cubic regression model 

is the best fit for the present scenario. 
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Figure 18 Cubic function characteristics demonstration 

 

Figure 19 Cubic regression model for Datasets I and II 

Figure 19 uses a cubic regression line to fit Datasets I and II and shows the associated regression 

equation and R2 value. Given that budget considerations are always of concern for municipalities, 

finding the minimum data needed for obtaining a relatively valid and statistically sound result, the 

derivatives of the regression function were used to find the ‘turning point’ of the regression line 

y = -0.0003x3 + 0.0308x2 - 1.4054x + 28.786
R² = 0.9985

y = -0.0004x3 + 0.0492x2 - 2.2648x + 48.531
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transitioning to the end stage from moderate stage (as illustrated in Figure 18). After the ‘turning 

point’ between the moderate and end stage, the difference from to original dataset increases 

dramatically. However, within the moderate stage such differences only rise slowly, where Figure 

20 demonstrates such relationship. 

 

Figure 20 (a) cubic regression model of Datasets I (collected before WTD project from 2009 – 2013) with slope of regression line; 
(b) cubic regression model of Datasets II (collected after WTD project from 2013 – 2016) with slope of regression line 

Regression lines shown in Figure 20 for before- (a) and after-WTD project (b) the RDI reduction 

projects have negative slopes. Figure 20(a) shows that the slope of the regression line, from right 

to left, decreases as the number of storms decreases. While the slope in Figure 20(a) reaches its 
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minimum value with n = 39, the slope increases as there are fewer storms’ data available. To 

conclude, 39-storms is the turning point between the moderate and end stages, for Dataset I. The 

percent difference compared to the full-length original dataset is 5.2%. While for Dataset II, the 

turning point (of the regression line slope) is 38-storms, and the percent difference is 10.1%. 

Although the values of percent difference compared to the original dataset are different, this is due 

to the variable nature of different datasets. That is, there will be no two datasets which will produce 

the same results. Thus, in order to obtain a relative accurate result for estimating RDI, to be 

efficient with budgets and time, data for at least 39 storms should be collected.  

Zhang (2005) suggested that there should be at least approximately 41 days required, if 

observations are taken 15 min apart (i.e. 4,000 observations). Zhang (2005) approached this from 

the number of observations (data points) aspect, while the present research demonstrates the results 

via statistical approaches to find the minimum number of storms required. For comparison 

purposes, calculating the number of observations as Zhang (2005) for datasets (either I or II) used 

in this paper (recorded at 5 min interval), the number of observations is 11,232, for 39 storm events 

to be collected. Thus, collecting approximately 39 storms will give relative accurate results where 

the offset compares to full length data is only approximately 10%. In Ontario, Canada, as an 

example, a typical city receives between 150 to 200 rainfall events annually, as shown in Table 6, 

where 70 to 80 of those events have rainfall amounts greater than or equal to 5 mm (Government 

of Canada 2018). Therefore, to meet the minimum data requirement determined in the present 

research, the data collection could be typically accomplished within one rainfall season. 

 

3.5 Conclusion 
To provide guidance on diminishing marginal returns for projects focused on estimating Rainfall 

Derived Inflow (RDI) in terms of the needed field data collection length, this paper used statistical 

and mathematical methods to determine the threshold of minimum data requirement collection 

period. The findings indicate that ~ 39 storms need to be collected. Based on data from 39 storms, 

the results will be relatively accurate (differ by less than 10%) and sufficiently statistically 

defensible. The number of storms used for calculation should be at least greater than or equal to 

39, otherwise inaccurate results may result, which would undermine the quality of the engineering 

project such as basement flooding evaluation and modelling. 
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4 Lot-Level LID and SWMM 
In Chapter 2, the importance of reducing RDI was clearly emphasized. Weeping tile inflows 

originating from rooftop downspouts are only one of many sources of RDI. To reduce RDI more 

effectively, more source controls should be added. As discussed in Chapter 1, lot-level LID 

systems have great potential to help achieve the goal of reducing surface runoff at the source. In 

this chapter, LID systems are applied in the SWM model at the lot-level. The results will 

demonstrate the effectiveness of LID in reducing surface runoff as well as some hydrologic 

responses which are commonly analyzed in SWM model such as infiltration and flooding loss. 

Meanwhile, climate change scenarios will be added into the model to investigate the tolerance of 

various LID systems under more severe weather conditions. In this chapter, the PC SWMM 

hydrologic model will be used to examine the performance of lot-level LID systems and its 

functionality. 

 

4.1 Methodology 

4.1.1 Assumptions 

This part of research was proceeded with many assumptions. Few major assumptions will be 

introduced here, as some of them will be gradually introduced in the following subsections. 

Firstly, this was a hypothetical analysis of feasibility of modelling at lot-level. Thus, economic 

aspects were not included. It was assumed that, based on field data, each individual lot has 

similar hydrologic properties such as soil condition and slope etc. Lastly, during the analysis 

process, it was assumed that no other non-hydrologic factors have changed, such as population 

and water usage pattern. 

 

4.1.2 Study Area Review 

As discussed in Chapters 2 and 3, the application in this chapter will be on the same case study 

area, a subdivision in the City of London, Ontario, Canada (Figure 13). The Engineering 

Department from the City of London provided flow data (as used in Chapter 2 and 3) as well as its 

associated infrastructure data including sewer pipes, residential roof size, residential driveway area, 

street area, manhole information, as well as many other parameters, which were used as input 

parameters in the SWM model.  
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Several important modelling parameters need to be characterized here: 

Local soil characteristics 

According to the soil map from Ontario Soil Survey (https://www.ontario.ca/data/soil-survey), the 

main component of the topsoil is clay. Thus, in the model, the following parameters from the Storm 

Water Management Model User’s Manual Version 5.1 are used: 

• 𝐾 = 0.254 𝑚𝑚/ℎ𝑟, where K is saturated hydraulic conductivity 

• 𝜓 = 320.04 𝑚𝑚, where Ψ is suction head 

• 𝜙 = 0.475, where Φ is porosity 

• 𝐹𝑖𝑒𝑙𝑑 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 = 0.378  

• 𝑊𝑖𝑙𝑡𝑖𝑛𝑔 𝑝𝑜𝑖𝑛𝑡 = 0.265  

 

Manning’s n for Overland Flow 

In the case study area, which is a residential community, the two main types of surfaces are 

concrete driveways and grass lawns (rooftops are not being modelling using Manning’s n). Thus, 

the Manning’s n value is selected from Storm Water Management Model User’s Manual Version 

5.1 as the following: 

• 𝑛 = 0.013 for residential driveways, roofs, and streets, serve as impervious surfaces 

• 𝑛 = 0.2 for residential lawns, which is the value between short (n = 0.15) and dense (n = 

0.24) grass, serve as pervious surfaces 

 

Depression Storage 

Again, values for depression storage were chosen from Storm Water Management Model User’s 

Manual Version 5.1 for various surfaces as follows: 

• For impervious surfaces, depression storage is 1.9mm, which is between the suggested 

values of 1.27mm to 2.54mm 



51 

 

• For pervious surfaces (lawns), depression storage is 3.8mm, which is between the 

suggested values of 2.54mm to 5.08mm. 

 

4.1.3 Lot Partition 

The first step towards investigating lot-level hydrologic responses is to divide the model into many 

subcatchments which can represent the performance of the lot-level, as opposed to the 

conventional method using large scale subcatchments. Since the case study area is a residential 

community, it can be intuitively divided into many lots based on the property size. 

The study site consists of 79 individual residential properties which serve as the ‘lot’ in this 

research as shown in Figure 21. Each single detached house is considered as an individual 

subcatchment in the SWM model where its IDs are labelled from 0 to 78. Streets transvering the 

community were divided into several subcatchments as well, in order to accommodate various 

manholes throughout the community, where the street subcatchment allocation is based on 

manhole locations. Figure 22 provides an overview model appearance screenshot from PC SWMM. 
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Figure 21 Lot partition and overview of LID allocation of the study area 

 

Figure 22 PC SWMM schematic of the model 
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4.1.4 LID Selection 

There are many LID options available based on demands and sizes. Here are some examples: for 

residential sites have limited open spaces available, property owner may choose to have a small 

sized bioretention cell rather than a large scale rain garden; for properties owner who are 

concerning about the cost, they may prefer a device as simple as a rain barrel; for home owners 

are aggressive on taking steps to save the environment, they would probably choose to have a 

green roof. Meanwhile, local existing environmental conditions can come into play as well, such 

as local soil conditions and groundwater levels. Since this model is based on residential properties, 

only LID options will be considered are which deemed to be affordable to a regular homeowner 

and can be installed on residential properties. For example, green roofs will not be considered due 

to its maintenance difficulty and cost. Six different types (four major types) of LIDs applied at lot-

level on the study site in order to study and compare the performance of various LID devices. The 

six LID devices are: 

- Rain garden (bioretention cell) without underdrain (lot 0-13) 

- Rain garden (bioretention cell) with underdrain (lot 26-39) 

- Permeable pavement without underdrain (lot 40-53) 

- Permeable pavement with underdrain (lot 54-67) 

- Vegetative swale (lot 68-78) 

- Rain barrel (lot 16-23) 

For the bioretention cell and permeable pavement, a further step of consideration in terms of its 

structure is added: without or with underdrain. Considerable research has shown that having an 

underdrain will decrease the runoff reduction efficiency of the LID. Thus, -with and -without 

underdrain conditions will be examined separately in this research. Meanwhile, there are four lots 

remaining without any LID controls to serve as control variables in the model. 

 

4.1.5 LID Design 

In the mean of comparison, design values are chosen from selected guidelines. LID parameters 

were selected mainly from these two guidelines: <Low Impact Development Stormwater 

Management Planning and Design Guide> from Credit Valley Conservation Authority and 

<Stormwater Source Control Design Guidelines 2012> from Greater Vancouver Sewerage & 
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Drainage District. Necessary parameters were chosen based on the associated parameter in PC 

SWMM, the idea is to design average-sized LIDs in the model. Thus, for many parameters given 

as a range, the median value was chosen to be used in the model. A summary of parameters for 

each LID used in the model is provided in the next few subsections. 

4.1.5.1 Rain Barrel Design 

A rain barrel in SWM model only requires one major input parameter: barrel height. The barrel 

height used in the model is 838mm, which is chosen based on the most common rain barrel 

available in the market – 200L/55Gal barrel. The area of the rain barrel is then calculated as 0.37m2. 

Rain barrels will be considered to only treat runoff from the roof. Thus, one required input in SWM 

model ‘% of impervious area treated’ will be calculated based on each individual lot. Table 9 

provides a summary of lots that are assigned with rain barrels as its LID control. 

Table 9 Rain barrel allocation summary 

Lot 

ID 
LID ID 

Roof Area 

(m2) 

Lot area 

(ha) 
Lot impervious area (m2) % impervious area treated 

16 LID16 100.6 0.08 178.0 57% 

17 LID17 105.8 0.06 155.4 68% 

18 LID18 200.1 0.05 270.4 74% 

19 LID19 198.2 0.05 250.5 79% 

20 LID20 174.7 0.05 230.3 76% 

21 LID21 116.5 0.05 172.8 67% 

22 LID22 171.5 0.07 264.5 65% 

23 LID23 183.6 0.09 259.4 71% 

 

4.1.5.2 Bioretention Cell / Rain Garden Design 

Table 10 provides the design detail of bioretention cells. Note that the last part in Table 10, 

underdrain parameters will only be applied to lots that are assigned with bioretention cells with 

underdrain. In the SWM model, bioretention cells are considered to be installed on individual 

lawns, and the size of each bioretention cell varies based on the available land area. Bioretention 

cells are designed to theoretically catch all runoff from the property and send excess to the original 

outlet of the lot. 
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Table 10 Bioretention cell design summary 

Surface 

Berm Height (mm) 75 

Vegetation volume 0 

Surface roughness (n) 0.24 

Surface slope (%) 1 

Soil 

Thickness (mm) 1000 

Porosity 0.437 

Field capacity 0.062 

Wilting point 0.024 

Conductivity (mm/hr) 120 

Conductivity slope 48 

Suction head (mm) 49 

Storage 

Thickness (mm) 1000 

Void ratio 0.4 

Seepage rate (mm/hr) 80 

Clogging factor 0 

Underdrain* 

Drain coefficient (mm/hr) 0.61 

Drain exponent 0.5 

Drain offset height (mm) 6 
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4.1.5.3 Vegetative Swale Design 

Table 11 provides a summary of design parameters for vegetative swales. Vegetative swales are 

assigned to lot-68 through lot-78 between the street and pedestrian sidewalk as shown in Figure 

21. The goal of vegetative swales is to catch runoffs of the residential lot and send any excessive 

runoff to the original nearby outlet. 

Table 11 Vegetative swale design summary 

Surface 

Berm Height (mm) 100 

Vegetation volume 0.1 

Surface roughness (n) 0.24 

Surface slope (%) 2.5 

Swale side slope (run/rise) 4 

 

4.1.5.4 Permeable Pavement Design 

Table 12 provides the design detail of permeable pavements. Similar to bioretention cells, 

underdrain parameters will be only applied to lots that are assigned with permeable pavements 

with underdrain. In the model, permeable pavements are designed to replace ordinary 

concrete/asphalt residential driveways. The size of each application is based on its original 

driveway size. The goal of installing permeable pavements as the driveway material is to catch 

runoff from the property first, and then send any overflow runoff to the original outlet of the lot. 
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Table 12 Permeable pavement design summary 

Surface 

Berm Height (mm) 20 

Vegetation volume 0 

Surface roughness (n) 0.013 

Surface slope (%) 2 

Pavement 

Thickness (mm) 80 

Void ratio (voids/solids) 0.18 

Impervious surface (fraction) 0.9 

Permeability (mm/hr) 280 

Clogging factor 0 

Soil 

Thickness (mm) 50 

Porosity 0.437 

Field capacity 0.062 

Wilting point 0.024 

Conductivity (mm/hr) 120 

Conductivity slope 48 

Suction head (mm) 49 

Storage 

Thickness (mm) 250 

Void ratio 0.4 

Seepage rate (mm/hr) 0.254 

Clogging factor 0 

Underdrain* 

Drain coefficient (mm/hr) 0.61 

Drain exponent 0.5 

Drain offset height (mm) 6 
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4.1.6 Intensity Duration Frequency (IDF) Data 

4.1.6.1 Historical Model 

57 years of available data were chosen between 1943 and 2003 at the gauge station in the City of 

London (Station name: LONDON CS, ID: 6144478). Note that there are more historical data 

available at this station, which is currently available up to the year of 2016. In order to better reflect 

the climate change condition in later of this study, only historical data up to 2003 were selected.  

Table 13 summarizes the storms in SWMM generated based on historical data (54 storms in total), 

which are used for this study and considered as historical model. Data in Table 13 were obtained 

using the IDF_CC Tool 3.5 developed by the University of Western Ontario, where further 

explanation about this tool is offered in the next subsection. 

Table 13 Historical model IDF data (unit in mm/hr) 

Duration (min) 
Return Period (years) 

2 5 10 25 50 100 

5 107.54 141.38 166.12 191.77 228 257.59 

10 76.21 103.65 125.67 150.23 187.93 221.31 

15 61.38 83.02 100.21 119.24 148.2 173.61 

30 40.19 54.85 65.66 76.95 93.04 106.28 

60 (1hr) 23.71 33.49 40.93 48.89 60.53 70.36 

120 (2hr) 14.52 20.19 24.23 28.33 33.99 38.51 

360 (6hr) 6.05 7.87 9.15 10.44 12.19 13.57 

720 (12hr) 3.58 4.52 5.14 5.72 6.47 7.02 

1440 (24hr) 2.14 2.82 3.24 3.62 4.09 4.43 

 

IDF curves used in the model were generated by using the historical data from Table 13 to fit the 

IDF equation: 

𝑖 =
𝑎

(𝑡𝑑+𝑏)𝑐   [Eq. 1] 

Where in Eq. 1, td is the storm duration measured in minutes and a, b, c are constants calculated 

using an equation fitting method. The equation fitting was done by using Minitab 18®. In Minitab 

18®, nonlinear regression model was used with Levenberg-Marquardt algorithm. The results of 

a,b,c values are shown in Table 14.  

  



59 

 

Table 14 Historical model IDF equation parameters 

Return Periods (years) a b c 

2 602.32 4.34 0.77 

5 1010.25 6.40 0.8 

10 1279.58 7.25 0.82 

25 1599.96 7.91 0.82 

50 1850.70 8.33 0.83 

100 2128.77 8.85 0.84 

 

4.1.6.2 Climate Change Model 

Similar to how the historical model was created, the climate change model was created using the 

same equation fitting method with data provided from the IDF_CC Tool 3.5. In this tool, to take 

climate change into consideration, a Global Climate Model (GCM) is used to generate 

precipitation amount for the projected future. This the detailed process of calculation can be found 

in the report <Computerized Tool for the Development of Intensity-Duration-frequency Curves 

Under a Changing Climate>. According to this report, there are multiple GCMs available 

throughout the world, the IDF_CC tool adopts all of the available GCMs based on each individual 

data availability (Schardong, Gaur, Simonovic, & Sandink, 2018). This method is described as the 

Representative Concentration Pathways (RCP). There are four RCP scenarios available, a 

summary of which is provided in Table 15 (Schardong, Gaur, Simonovic, & Sandink, 2018). In 

order to test the robustness of the LID designed for the model, this research used RCP8.5 data to 

generate the precipitation volume. 

Table 15 Summary of RCP models (Schardong, Gaur, Simonovic, & Sandink, 2018) 

RCP 2.6 
A pathway that radiative forcing peaks at approximately 3 W/m2 

before 2100 and then declines 

RCP 4.5 and RCP 6.0 
Two intermediate stabilization pathways in which radiative forcing is 

stabilized at approximately 4.5W/m2 and 6.0W/m2 after 2100 

RCP 8.5 
A pathway that radiative forcing reaches greater than 8.5W/m2 by 

2100 and continuous to rise for the same time. 

 

Table 16 shows the precipitation intensity (mm/hr) results from IDF_CC tool that is projecting 

from 2020 to 2070 under RCP8.5. Using data from Table 16, IDF curves used in the model can be 

produced using the same method in the previous section. A summary of a, b, c values is provided 

in Table 17, using the same fitting method (Eq. (1)) as discussed in the previous section for 
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historical model. Note that in this research, for simplicity reasons, the term ‘RCP model’ is used 

interchangeably with ‘climate change model’. In the following sections, ‘two models’ refers to the 

historical model and climate change model. 

Table 16 Climate change model IDF data (unit in mm/hr) based on projection from 2020 to 2070 

Duration (min) 
Return Periods 

2 5 10 25 50 100 

5 130.8 175.8 209.7 262.2 290.9 318.8 

10 92.6 128.6 157.9 205.5 235.1 265.9 

15 74.6 103.0 126.0 163.1 185.8 209.3 

30 48.9 68.2 82.8 105.4 118.6 131.6 

60 (1hr) 28.8 41.6 51.5 67.1 76.7 86.5 

120 (2hr) 17.7 25.1 30.6 38.9 43.7 48.3 

360 (6hr) 7.4 9.8 11.6 14.3 15.7 17.0 

720 (12hr) 4.4 5.6 6.5 7.8 8.4 9.0 

1440 (24hr) 2.6 3.5 4.1 5.0 5.4 5.7 

 

Table 17 Climate change model IDF equation parameters 

Return Period (years) a b c 

2 728.0 4.3 0.77 

5 1115.0 5.5 0.79 

10 1598.6 6.9 0.82 

25 2722.6 9.2 0.88 

50 3924.7 11.3 0.92 

100 5800.9 13.7 0.96 

 

4.1.6.3 SWMM Precipitation Comparison 

Figure 23 shows the precipitation amount of two models in SWMM as a comparison, which shows 

a clear increase of precipitation amount under this climate change scenario. For a small storm such 

as the 2-year 5-min storm, the increase in precipitation amount is 21.6%, while for a large storm 

this value can be as high as 56.9%, for a 100-year 30-min storm. More detailed results and 

comparison between the two models will be provided. 
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Figure 23 SWMM produced precipitation amount comparison 

 

4.2 Model Results and Discussion 
As discussed in previous sections, each lot has its own size and slope settings in the SWM model, 

as well as its own type of LID, and the LID sizes. It would be rather tedious to look at each exact 

individual lot in the study area. Thus, the results produced in SWMM for each lot will be grouped 



62 

 

together to evaluate the mean based on the different type of LID applied on that lot. To compare 

the performance of bio-retention cells with permeable pavements, rather than comparing lot-8 

versus lot-48, the average value of lot 0-13 is used to compare with average of lot 40-53. 

Parameters for comparison will be mainly expressed in the unit of millimetre(mm). For example, 

in order to demonstrate the runoff amount on lots with a bio-retention cell without underdrain, the 

runoff amount (mm) of each lot will be multiplied by its lot area to be converted to runoff volume 

following: 

𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑙𝑜𝑡 𝑟𝑢𝑛𝑜𝑓𝑓 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚3) = 𝑙𝑜𝑡 𝑠𝑖𝑧𝑒 (𝑚2) × 𝑟𝑢𝑛𝑜𝑓𝑓 𝑑𝑒𝑝𝑡ℎ(𝑚𝑚)/1000  [Eq. 2] 

For lot-0 to lot-13, having bioretention cell without underdrain, Eq. 2 is used to calculate runoff 

volume for each individual lot. Then, the total volume of runoff from lots with bioretention cell 

without underdrain can be calculated as: 

𝑡𝑜𝑡𝑎𝑙 𝑟𝑢𝑛𝑜𝑓𝑓 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑎 𝐿𝐼𝐷 = ∑ 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑙𝑜𝑡 𝑟𝑢𝑛𝑜𝑓𝑓 𝑣𝑜𝑙𝑢𝑚𝑒𝑛
𝑙𝑜𝑡−𝑛
𝑖=0    [Eq. 3] 

Next step is to calculate the average runoff volume for a particular LID (bioretention cell without 

underdrain is the example here) as: 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑢𝑛𝑜𝑓𝑓 𝑑𝑒𝑝𝑡ℎ 𝑓𝑜𝑟 𝑎  𝐿𝐼𝐷 =
𝑡𝑜𝑡𝑎𝑙 𝑟𝑢𝑛𝑜𝑓𝑓 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑎 𝑝𝑎𝑟𝑡𝑖𝑐𝑢𝑙𝑎𝑟 𝐿𝐼𝐷

∑ 𝑙𝑜𝑡𝑛 𝑢𝑛𝑖𝑡 𝑎𝑟𝑒𝑎𝑛
𝑖=0

   [Eq. 4] 

The runoff volume for a particular LID therefore can be used to compare with other types of LID 

systems, since it is the calculated average value that represents the specific hydrologic response 

for that particular LID.  

The SWMM produced more than sufficient data under various storm conditions for different LID 

types. The goal of this study is to investigate the performance of LID devices of a specific design 

at lot-level, and three major hydrologic response results will be taken into consideration: lot-level 

runoff, lot-level infiltration, and overall community sewer outflow. 
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4.2.1 Historical Model Results 

4.2.1.1 Overall Model Results 

Before examining the results at lot-level, one more necessary step is to compare the overall 

hydrologic responses comparison between conditions with, and without, LIDs. There are three 

parameters of the overall model results to be compared: infiltration, surface runoff, and flooding 

loss. Various types of LIDs are applied onto each individual lot in the study area, as well as some 

lots are assigned to be uncontrolled. This means the expected results for the overall study area 

would be less dramatically changed compared to examining at lot-level. This essentially means 

the significance of LID effectiveness at lot-level will not be reflected properly by solely looking 

at the overall model results. The overall model results are provided here only for an overview. 
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4.2.1.1.1 Infiltration 

Infiltration amount is measured in millimetres (mm) for the overall study area, and it is expected 

to have a positive relationship with the increase in storm duration since there will be longer 

duration for soil infiltration. Also, similar to runoff volume measurement introduced in the 

previous section, infiltration quantities are averaged in the same manner. As shown in Figure 24, 

both graphs demonstrate this trend. Without LID, under various storms, the infiltration amount 

ranges from the average 5.35mm (STD = 0.20) to 15.26mm (STD = 0.27), for storm duration from 

5-min to 24-hr, for different return periods. 

 

Figure 24 Infiltration comparison between w/o and w/ LID scenario in historical model 



65 

 

After implementing LID systems at the lot-level in the study area, the same trend of infiltration is 

observed. However, the magnitude increases due to the increased pervious surfaces and soil 

permeability provided by various LIDs. The average infiltration varies from 5.63mm (STD = 0.24) 

to 20.89mm (STD = 1.44) for storm duration from 5-min to 24-hr. Table 18 below summarizes the 

values of infiltration amount under different storm durations. The percentage increment increases 

while the storm duration becomes longer as well. It is noted that in both Figure 24 and Table 18 

(bolded values), comparing the tail value for storm duration greater than 2 hours, under the 

condition with LID systems installed, the infiltration amount increases quickly. These results could 

also be explained by the large increase in available runoff volume for soil infiltration. 

Table 18 Infiltration amount difference comparing scenarios w/o versus w/ LIDs 

Duration (min) 
Mean (mm) 

Percent increase 
Standard Deviation 

W/O LID W/ LID W/O LID W/ LID 

5 5.35 5.63 5.1% 0.20 0.24 

10 5.64 5.98 6.1% 0.13 0.17 

15 5.77 6.15 6.5% 0.11 0.15 

30 6.03 6.48 7.4% 0.09 0.15 

60 6.42 7.01 9.2% 0.09 0.18 

120 7.07 8.15 15.3% 0.11 0.25 

360 9.10 11.86 30.4% 0.15 0.59 

720 11.48 15.62 36.1% 0.20 0.96 

1440 15.26 20.89 36.9% 0.27 1.44 

 

4.2.1.1.2 Surface Runoff 

Surface runoff should aslo be expected to also have a positive relationship with storm duration and 

with return periods. Figure 25 illustrates the entire study area surface runoff under various storm 

duration and return periods, which verifies the assumption made previously. Different than 

infiltration, the variation between each return period is distinct. For example, for 5-min storm 

duration without LID, the runoff varies from 3.33mm to 13.43mm for 2 year return period storm 

to 100 years (a summary table is provided in Table 19). The standard error of mean for values in 

Table 19 is 1.55, while the standard deviation and mean are 3.79 and 8.80, respectively. Thus, the 
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difference between return periods with the same storm duration is considered to be more distinct 

than comparing to infiltration results in the previous section. 

 

Figure 25 Runoff comparison between w/o and w/ LID scenario in historical model 
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Table 19 Entire study area runoff volume for 5-min storms 

Return Period (years) 2 5 10 25 50 100 

5min Runoff (mm) 3.33 6.12 7.69 10.32 11.90 13.43 

 

4.2.1.1.3 Flooding Losses (Node Surcharges) 

Looking at the overall case study site level, flooding losses are the measure of flooding occurring 

in the entire system being modelled. As explained in the <Storm Water Management Model User’s 

Manual Version 5.1>: Flooding occurs when the water depth at a node exceeds the maximum 

available depth (Rossman, 2015). In this model, nodes were modelled based on manholes 

specifications provided by the municipality. It should be expected to see that flooding can be 

avoided for small storms and attenuated for large storms, after applying LID systems in the model. 

The results are shown in Figure 26. 

In Figure 26, there is no flooding observed for any of the 2-year storms, and the first flooding 

occurred under W/O LID scenario is from the 5-year 60-min storm. In contrast, the ‘first flooding’ 

is seen under the 5-year 2-hr storm after lot-level LID systems are applied. This indicates that the 

installed LID has successfully eliminated some flooding at all nodes for small storms at the entire 

study site level. Eliminating/reducing flooding losses is only obvious for small storms, such as a 

2-year 1-hr storm produces no flooding after LID systems are installed. For larger storms that have 

return period greater than or equal to 25-years, LID does not eliminate all flooding losses. The 

greater the storm, the lower the percentage efficiency for LID systems avoiding flooding losses. 
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Figure 26 Flooding loss comparison between w/o and w/ LID scenario in historical model 

 

4.2.1.2 Sewer outflow – Historical Model 

Characterizing the flow at the exit point of the sewer (as shown in Figure 21 and Figure 13) for 

the community can help understand the overall LID performances applied in this community. The 

results of the model showing the sewer exit point outflows are shown in Figure 27 as reduction 
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rate, which compares the flow in the sewer exiting point between the scenario with, and without, 

LID applied on individual lots. Some selected readings from Figure 27 are shown in Table 20. 

 

Figure 27 Community sewer outflow reduction rate (historical model) comparing between with, and without, LID 

Table 20 Selected (randomly) readings for sewer outflow comparing with, and without, LID (historical model) (Figure 27) 

Storm type 2year - 5min 5year - 15min 10year - 1hour 10year - 2hour 

Without LID (ML) 0.18 0.83 1.72 2.06 

With (ML) 0.09 0.64 1.52 1.83 

% reduction 48.04 22.52 11.63 11.17 

Storm type 25year-10min 50year-1hour 100year-12hour 100year-24hour 

Without LID (ML) 0.96 2.23 4.13 4.58 

With (ML) 0.81 2.06 3.69 4.01 

% reduction 15.83 7.62 10.65 12.45 

 

In Figure 27 and Table 20, the results indicate that installing LID on individual lots can effectively 

reduce sewer flows, where as much as 48% for a typical 2-year 5-min storm. It is also clear that 

LID performance drops while dealing with more significant storm events, such as for a 5-year 15-
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min storm the reduction rate drops to 22%. The line trend in Figure 27 also demonstrates two 

findings: 

- LID-related sewer flow reduction rate decreases dramatically from storm duration of 5-min 

to 10-min. 

- When storm duration is longer than 2 hours, the sewer flow reduction rate increases slightly 

again. More details regarding this phenomenon will be provided later in the section of the 

infiltration results. 

 

4.2.1.3 Lot-Level Runoff and Infiltration 

4.2.1.3.1 Rain Barrels 

Figure 28 and Figure 29 demonstrate the lot-level runoff and infiltration for lots which have rain 

barrel as its LID application (lot-16 to lot-23). Runoff reduction on the lots have installed rain 

barrels is minimal, as well as the infiltration, as shown in the results. Although the reduction rate 

varies under different storm conditions, the trends are essentially a straight line for all return 

periods, where this conclusion applies to both runoff and infiltration reductions. 

To investigate why the reduction rate is so minimal, consider a hypothetical scenario: a homeowner, 

who has some environmental engineering education backgrounds, wishes to a rain barrel 

purchased from the market to capture the roof runoff. To characterize the benefit, he/she could 

bring to the environment by reducing runoffs from his/her property, consider: 

- A typical 2-year 5-min storm produces 9.1mm precipitation (Figure 23). 

- Most common and accessible rain barrel products have a capacity approximate at 200 Liter 

or 50 U.S. Gallon 

- The average residential property size in the community is 606m2. 

- The precipitation amount on his property can be calculated as: 

o  9.1 × 10−3 × 606𝑚3 = 5.51𝑚3. 

- The average roof area in the community is 146m2 (approximately 24% of the entire 

property area). Assuming uniform precipitation, the precipitation on the roof can be then 

calculated as:  

o 0.24 × 5.51𝑚3 = 1.33𝑚3.  
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- This amount is more than 200L which is the maximum capacity of the rain barrel. Thus, it 

can be assumed that under any other storm events (including this one), the rain barrel will 

be full. 

- Assuming the total 200L rain barrel will be fully filled, and the rest of the precipitation all 

becomes runoff. The runoff reduction rate of this rain barrel can be calculated as:  

o % 𝑣𝑜𝑙𝑢𝑚𝑒 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =
0.2

5.51
× 100 = 3.6% 

Therefore, the maximum theoretical reduction rate of a single rain barrel on an individual 

residential lot is only 3.6%. It is acknowledged that this result has not considered many other 

affecting factors such as infiltration and impervious areas, etc.  

As a conclusion, the results showing in Figure 28 and Figure 29 are reasonable. It can be said that 

rain barrel will have essentially no impact in terms of runoff reduction at individual property level. 

ANOVA (two-sided) was used to test the mean between different return periods gives a p-value 

of 0.067, which suggests that there are no statistically significant differences between return 

periods in terms of the runoff reduction rate. 

 

Figure 28 Rain barrel runoff reduction at lot-level residential properties (historical model) 
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Figure 29 Rain barrel infiltration reduction at lot-level residential properties (historical model) 

 

4.2.1.3.2 Vegetative Swale 

Figure 30 and Figure 31 illustrate the reduction in runoff due to infiltration of vegetative swales 

(note that in Figure 31, the vertical axis is inversed to show the ‘increase’ of infiltration). As 

indicated earlier, LID performance drops quickly when the storm event becomes larger. This 

phenomenon can be particularly seen by comparing 2 year return period with other return periods 

in Figure 30, where the gap between the 2 year return period to all other return periods is the 

greatest (the blue line to all other lines). The maximum reduction rate of runoff at lot-level by 

installing roadside vegetative swales is 53%, where this value decreases to 7% for major storm 

events.  

The same trend can be observed where the tail end of the line in Figure 30 upsweeps slightly when 

the duration is greater than 2 hours. As mentioned previously, this can be explained by the increase 

of time availability of long duration storms for soil infiltration. In Figure 31, this trend can be 

reflected by observing the trend before and after the 2 hour mark, where the infiltration increase 

rate slope becomes greater for storms longer than 2 hours. This is indicating that soil infiltration 
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percentage starts to increase quicker (compares to shorter than 2 hours) after 2 hours of storm 

duration. 

 

Figure 30 Vegetative swale runoff reduction at lot-level residential properties (historical model) 

 

Figure 31 Vegetative swale infiltration reduction at lot-level residential properties (historical model) 
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4.2.1.3.3 Permeable Pavement 

Two types of permeable pavement applications modelled: without underdrain and with underdrain. 

Figure 32 and Figure 33 show the runoff reduction rate of these two permeable pavement types, 

respectively. 

Compared to the results of the vegetative swale in the previous section, the permeable pavement 

is more effective for smaller (more frequent) storms than major (less frequent) storms such as 100-

year 24-hr storm. The reduction rate changes depend on the storm duration and return period. This 

value typically ranges from 100% to 12% for permeable pavement without underdrain, and 34% 

to 0.8% for permeable pavement with underdrain. As it is notable that the difference between 

permeable pavement without and with underdrain is significant. Without underdrain, the 

permeable pavement can catch most of the small storms that are less than 15 minutes and the 

reduction rate is as high as 100% and decrease to 40% as the minimum. On the other hand, when 

installed with underdrain, the maximum runoff reduction rate dramatically decreases to 34%, even 

for the smallest 2-year 5-min storm. 

 

Figure 32 Permeable pavement (w/o underdrain) runoff reduction at lot-level residential properties (historical model) 
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Figure 33 Permeable pavement (w/ underdrain) runoff reduction at lot-level residential properties (historical model) 

From the infiltration reduction rate (negative reduction means increase) as shown in Figure 34 and 

Figure 35, the difference between permeable pavement with and without underdrain is also distinct. 

For permeable pavement without underdrain, the infiltration reduction curve for all storms exhibits 

exerts very similar trends: infiltration increases by about 17% for small storms and this number 

decreases gradually as the storm event becomes larger. Eventually, the infiltration will decrease 

for major storms when the storm period is greater than 12 hours. This is due to the amount of 

precipitation that exceeds the soil infiltration capacity. Meanwhile, for permeable pavement with 

underdrain, the infiltration only increases slightly for small storms and starts to show the decreased 

trend where the infiltration decreases quickly when the storm becomes larger. 
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Figure 34 Permeable pavement (w/o underdrain) infiltration reduction at lot-level residential properties (historical model) 

 

Figure 35 Permeable pavement (w/ underdrain) infiltration reduction at lot-level residential properties (historical model) 
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4.2.1.3.4 Rain Garden / Bioretention Cell 

Same as permeable pavements, the bioretention cell is modelled as two types: without and with 

underdrain. The results of lot-level runoff reduction for lots installed with bioretention cells are 

shown in Figure 36 and Figure 37. The same trend as observed for vegetative swales can be found 

for bioretention cells: the runoff reduction rate is high, and gradually decreases with the increase 

of storm volume, while the end of the line tail upsweeps for storms duration greater than 2 hours. 

Again, similar results are also observed for permeable pavement with underdrain. Without the 

underdrain, the lot-level runoff reduction rate is much greater: up to 92% and 34% as the minimum. 

However, with an underdrain, this number becomes 88% and 24%, respectively. Compared to 

permeable pavement, which can totally capture the smallest storms, the bioretention cell performs 

less competent for small scale storms. However, for large scale storms, bioretention cells 

outperform permeable pavement. Using a 100-year 24-hr storm as an example, both without 

underdrain, the permeable pavement runoff reduction rate is 12% but this value for bioretention 

cell is 34%. 
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Figure 36 Bioretention cell (w/o underdrain) runoff reduction at lot-level residential properties (historical model) 

 

Figure 37 Bioretention cell (w/ underdrain) runoff reduction at lot-level residential properties (historical model) 
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Figure 38 and Figure 39 demonstrate the lot-level infiltration change results of bioretention cells 

(note the vertical axis is inverted to show the negative reduction is increase). In contrast to 

permeable pavement, bioretention cells have various infiltration reduction characteristics under 

different storm conditions. In general, longer return period storms provides more infiltration at the 

lot-level where bioretention cells are installed. Without underdrain, the increase in infiltration rate 

is greater than those with bioretention cells with underdrain. That is, without the underdrain, 

bioretention cells will introduce more infiltrations during major storm events. The increase in 

infiltration introduced by bioretention cell can be as large as 150% without an underdrain, and 100% 

with an underdrain.  

 

Figure 38 Bioretention cell* (w/o underdrain) infiltration reduction at lot-level residential properties (historical model) 
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Figure 39 Bioretention cell* (w/ underdrain) infiltration reduction at lot-level residential properties (historical model) 

 

4.2.1.4 Runoff Results Summary – Historical Model 

Generally, bioretention cells and permeable pavements are the two best LID applications at lot-

level in terms of runoff reduction efficiency, based on the design indicated in this research. In 

particular, installation without underdrain will always reduce more runoff than with underdrain for 

both LID systems. For both LID approaches (bioretention cells and permeable pavements), without 

underdrain, permeable pavements are more effective in runoff reduction under small storms, 

whereas bioretention cells will have better performance of reducing runoffs produced by large 

storm events. For both LID approaches (bioretention cells and permeable pavements), with 

underdrain, bioretention cells outperform permeable pavements. Vegetative swales will provide 

moderate runoff reduction capability for small storms but are less efficient in dealing with larger 

storms (such as greater than 2-year 5-min). Rain barrels will not provide any benefits at lot-level 

in terms of surface runoff reduction. 
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4.2.2 Climate Change Results and Comparison with Historical Model Results 

In the next few subsections, the results produced by the climate change model will be examined. 

Firstly, the same three parameters for the overall study area will be analyzed in the same manner 

as for historical data in the previous subsections. Then, the discussion will move to lot-level results 

and comparing the differences between results from historical and climate change model. 

 

4.2.2.1 Overall Model Results 

4.2.2.1.1 Infiltration 

The results of infiltration volume of the study site are shown in Figure 40. The infiltration volume 

under w/o LID scenario are similar to those from historical model, where the differences between 

different return periods are almost indistinguishable. Similar to the historical model results, when 

comparing w/o LID and w/ LID scenarios, the infiltration quantity only slightly increases as a 

result of LID installations. For storms with duration greater than or equal to 2 hours, the increment 

in infiltration under w/ LID scenario is more evident. 

Table 21 summarizes the mean infiltration amount for various return periods at different storm 

durations, as well as its percentage increase comparing conditions w/o LID and w/ LID. Again, for 

major storms, infiltration amount increases quickly when LID systems were installed. 

Table 21 Mean infiltration amount summary for overall model results in RCP model 

Duration (min) 
Mean 

Percent increase 
Standard Deviation 

W/O LID W/ LID W/O LID W/ LID 

5 5.50 5.82 5.8% 0.17 0.22 

10 5.73 6.11 6.7% 0.12 0.17 

15 5.85 6.27 7.1% 0.11 0.16 

30 6.10 6.59 8.0% 0.10 0.16 

60 6.48 7.14 10.1% 0.09 0.19 

120 7.12 8.27 16.2% 0.08 0.22 

360 9.08 11.88 30.8% 0.09 0.29 

720 11.36 15.34 35.0% 0.24 0.69 

1440 14.92 20.03 34.3% 0.60 1.59 
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Figure 40 Infiltration comparison between w/o and w/ LID scenario in RCP model 

Both under w/o LID scenario, comparing historical and climate change model, infiltration amount 

changes differently for different return periods. An example is the infiltration increased from 

4.97mm to 5.18mm for a 2-year 5-min storm, which marks a 4.2% increase. While the infiltration 

decreased from 15.5mm to 13.7mm for a 100-year 24-hr storm, which marks a 11.6% decrease. A 

summary plot is shown in Figure 41. The reason for these results can be explained as: 
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- For storm events having 2-year, 5-year, and 10-year return periods, under climate change, 

infiltration initially increases due to increased precipitation volume. However, the 

infiltration limit of the soil can be quickly reached, and hence the infiltration increment 

gradually becomes smaller for storm duration from 5-min to 1-hr. While the storm duration 

increases to 2-hr, the soil would have more time for infiltration thus the infiltration amount 

increases again. 

- For storm events having 25-year, 50-year, and 100-year return periods, under climate 

change, infiltration initially increases and then gradually decreases with the increase of 

storm duration. This is because for longer storms, the large amount of precipitation amount 

can quickly exceed the soil infiltration capacity. Thus, even for long storm durations, the 

soil capacity is already exceeded, the infiltration will not increase but instead decreases as 

a percentage under climate change. 

 

Figure 41 Infiltration change comparison between historical and RCP model 

Considering the LID efficiency under climate change when comparing the historical and climate 

change models. Table 18 and Table 21 summarizes the percent increase in infiltration under 

various storm durations for the two models. Similar to the analysis above for the infiltration change 
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comparing historical and climate change under w/o LID conditions, the results are the infiltration 

increases after LIDs are installed for storm duration less than or equal to 6-hr. After the storm 

duration becomes greater than or equal to 12-hr, the LIDs will help slightly less on increasing the 

infiltration volume. 

 

4.2.2.1.2 Surface Runoff 

Figure 42 illustrates the runoff volume results in climate change model. Interestingly, the similar 

trend for both w/o LID and w/ LID scenarios are observed, when compared to Figure 25 which is 

the result from historical model. However, the magnitude of runoff volume is much greater in 

comparison with historical model results. More comparisons will be made in the next section for 

reduction in lot-level runoff between the historical and climate change models. 

 

Figure 42 Runoff comparison between w/o and w/ LID scenario in RCP model 



85 

 

As indicated, under both historical and climate change conditions, the trend for runoff versus storm 

duration is similar in shapes but different in the magnitude (vertical axis). For scenario w/o LID, 

the results are shown in Figure 43. For all storms, runoff under climate change increases then 

decreases when the storm duration becomes longer. For large storms, such as 100-year return 

period, this runoff increase is more dramatic than for smaller storms, as shown in Figure 43. 

 

Figure 43 Runoff change comparison between historical and RCP model (w/o LID) 
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For scenario w/ LID, on the other hand, the trend is also similar to w/o LID scenario but with 

different magnitudes which can be seen on the vertical axis in Figure 44. Thus, due to the increase 

in precipitation quantity, some LIDs designed (based on current available guidelines) for current 

climate conditions might not be suitable for the future under climate changes. For example, a 100-

year 5-min storm will produce more than twice as much runoff even with LID installed. For the 

smallest storm, a 2-year 5-min storm, the increase in runoff is approximately 60%. However, the 

increase in runoff percentages will gradually become smaller when the storm duration increases. 

This is the same as for w/o LID scenario discussed above. 

 

Figure 44 Runoff change comparison between historical and RCP model (w/ LID) 
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4.2.2.1.3 Flooding Losses 

Figure 45 shows the results from climate change model for flooding losses over the entire study 

site. Flooding losses under w/o LID scenario could be observed as small as for a 2-year 6-hr storm, 

but none are observed under w/ LID scenario for 2-year return period. The smallest storm that 

produces flooding losses under w/ LID scenario is a 5-year 30-min storm. Thus, lot-level LID can 

still help preventing flooding from many small storms under climate change. Although the design 

specifications of LIDs in this climate change model is based on current available standards and 

guidelines. Presumably, authorities would readily update the LID design guidelines in order to 

adapt to climate change which seems to be inevitable. 

 

Figure 45 Flooding losses comparison between w/o and w/ LID scenario in RCP model 
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4.2.2.2 Sewer Outflow – Climate Change Model 

The results of community sewer outflow reductions are summarized in Figure 46. Figure 46 has 

its vertical axis set to the same scale as Figure 27 to facilitate comparison of the differences in 

magnitude. Under climate change, the sewer outflow will experience higher inflows due to the 

lower reduction in runoff offered by LID. For a 2-year 5-min storm, the reduction at the sewer 

outflow is 44.5%, whereas this value was 48.0% under historical conditions. Overall decreases in 

reduction rate at the community sewer outflow can be observed in Figure 46 under climate change. 

Another example is: for 2-year storms, the reduction rate was all above the 20% in the historical 

model. However, in the climate change model, when the storm duration reaches to 1-hr (2-year 

return period), the reduction is already at 19.5%. Thus, it is evident that under climate change 

conditions, the community sewer will receive more inflow. Table 22 provides some selected values 

from Figure 46 for the purpose of comparing with the results shown in  Figure 27. 

 

Figure 46 Community sewer outflow reduction rate (RCP model) 
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Table 22 Selected (randomly) readings for sewer outflow comparing conditions with and without LID (RCP model) 

Storm type 2year - 5min 5year - 15min 10year - 1hour 10year - 2hour 

Without LID (ML) 0.27 1.01 2.07 2.49 

With (ML) 0.15 0.84 1.90 2.28 

% reduction 44.49 16.53 8.21 8.43 

Storm type 25year - 10min 50year - 1hour 100year - 12hour 100year - 24hour 

Without LID (ML) 1.23 2.78 4.40 4.49 

With (ML) 1.11 2.64 4.09 4.17 

% reduction 9.76 5.04 7.05 7.13 
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4.2.2.3 Lot-Level Runoff 

4.2.2.3.1 Rain Barrel 

The results for rain barrels effect on runoff reduction at lot-level is shown in Figure 47. Comparing 

to Figure 28, results from historical model, the same trend is observed that the rain barrels are 

having virtually no effects on reducing surface runoff at the lot-level. The overall mean value of 

runoff reduction for rain barrel is 0.06%, with the p-value of 0.688 from ANOVA testing the mean 

between different return periods in climate change model. A further step using ANOVA (two-

sided) testing the difference between the mean for all return periods including both historical and 

climate change model gives the p-value as 0.059. Thus, the conclusion is that whether under 

historical or climate change conditions, rain barrel has very limited or merely no effect on reducing 

surface runoffs at residential lot-level. 

 

Figure 47 Rain Barrel runoff reduction at lot-level residential properties (RCP model) 
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4.2.2.3.2 Vegetative Swale 

Figure 48 shows the runoff reduction results for properties that installed swales as its LID control, 

under climate change scenario. Comparing Figure 48 with Figure 30, same trend is observed, 

where reduction rate decreases from storm duration of 5 minute to 2 hours and then again slightly 

increases after the storm duration reaches more than (including) 2 hours. However, under climate 

change, swales have less efficiency in runoff reduction than in historical model, which can be 

observed by comparing the vertical axis of Figure 48 and Figure 30. For a 2-year 5-min storm, the 

reduction rate changed from 53.5% to 34.33% when model changed from historical to climate 

change condition. Such decrease in reduction rate is commonly observed for all storms comparing 

two models. 

 

Figure 48 Swale runoff reduction at lot-level residential properties (RCP model) 
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runoff reduction rate changes from 100% to 99.96% from historical model to climate change model, 

respectively. Table 23 summarizes the two-sample t-test, comparing the mean between groups 

which are the mean reduction rate under same storm duration with different return periods. Given 

that p-values for all return periods are much greater than the 5% error rate, there are no statistically 

significant difference in runoff reduction rate exist between results from historical model and 

climate change model, within the same duration under various storm durations. Thus, permeable 

pavement without underdrain will almost have the same efficiency under climate change 

conditions.  

Table 23 t-test results comparing permeable pavement runoff reduction results (w/o underdrain) 

Storm Duration (min) 5 10 15 30 60 120 360 720 1440 

Historical mean % 82.0 59.8 51.4 44.2 39.1 32.4 25.3 22.1 19.7 

RCP8.5 mean % 65.1 46.1 39.1 33.9 29.7 24.9 19.9 17.7 16.0 

Difference of mean 16.9 13.7 12.3 10.3 9.4 7.5 5.4 4.4 3.7 

p-value 0.20 0.31 0.31 0.32 0.35 0.36 0.36 0.36 0.38 

 

 

Figure 49 Permeable Pavement (w/o underdrain) runoff reduction at lot-level residential properties (RCP model) 
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an underdrain will decrease the efficiency of the LID systems in reducing runoffs. Under climate 

change conditions, using 2-year 5-min storm as an example, reduction rate decreases to 22.54% 

from 34.14%. However, the climate change scenario does not impose a significant effect on the 

reduction rate, which can be confirmed by two sample statistical test of the mean runoff at same 

storm duration between historical model and climate change model. The statistical test results are 

shown in Table 24. The row of p-values indicates that there is no statistically significant difference 

between the mean runoff reduction historical and climate change model, for permeable pavement 

with underdrain. 

 

Figure 50 Permeable Pavement (w/ underdrain) runoff reduction at lot-level residential properties (RCP model) 

Table 24 t-test results comparing permeable pavement runoff reduction results (w/ underdrain) 
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permeable pavement without or with underdrain. As well, permeable pavement without underdrain 

will reduce more surface runoff under all storm conditions compares to permeable pavements with 

underdrain. Although there will still be a decrease in the runoff reduction rate, which varies from 

16.9% to 3.7% for permeable pavement without underdrain, and 5.4% to 0.3% for permeable 

pavement with underdrain. The difference in the decrease of runoff reduction rate drops when the 

storm return period becomes greater. In a word, permeable pavement has the capability of dealing 

with modelled climate change conditions but reduces less surface runoff at lot-level. However, this 

change is not statistically significant different. 

 

4.2.2.3.4 Rain Garden / Bioretention Cell 

The results for runoff reduction of bioretention cells without underdrain are shown in Figure 51. 

Table 25 provides the comparison between the mean reduction rate of historical model and climate 

change model. Similar to other type of LID, for major storms, the difference of the mean between 

two models are smaller. This suggests that climate change will have more impact on smaller and 

shorter duration storms. 

 

Figure 51 Bioretention cell (w/o underdrain) runoff reduction at lot-level residential properties (RCP model) 
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Table 25 Comparison in mean differences between two models for bioretention cells without underdrain 

Storm Duration (min) 5 10 15 30 60 120 360 720 1440 

Historical mean % 68.8 46.8 38.5 30.1 27.0 28.0 34.5 38.4 41.8 

RCP8.5 mean % 53.4 35.2 28.8 22.9 20.9 22.0 28.1 31.4 34.0 

Difference of mean 15.4 11.6 9.7 7.2 6.1 6.0 6.4 7.0 7.8 

 

For bioretention cells with underdrain, the graphic and tabulate results are shown in Table 26 and 

Figure 52, respectively. To compare the effects of climate change, the change in difference of 

mean for bioretention cells with underdrain is very similar to its without underdrain conditions. 

The difference of mean reduction percent decreased from 14.3% to 4.0% for storm duration from 

5-minute to 2-hours, and further increased slightly to 6.0% when the duration reached 24-hours 

(the difference becomes smaller gradually and becomes slightly large). 

 

Figure 52 Bioretention cell (w/ underdrain) runoff reduction at lot-level residential properties (RCP model) 
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Table 26 Comparison in mean differences between two models for bioretention cells with underdrain 

Storm Duration (min) 5 10 15 30 60 120 360 720 1440 

Historical mean % 54.5 34.1 27.4 21.1 18.4 18.5 23.3 27.1 30.6 

RCP8.5 mean % 40.2 25.1 20.3 16.0 14.2 14.5 18.8 22.0 24.6 

Difference of mean 14.3 9.1 7.0 5.1 4.2 4.0 4.5 5.2 6.0 

 

In conclusion, with respect to the performance of bioretention cells, climate change will impose 

some challenges on the surface runoff reduction for both its without and with underdrain 

conditions. The change in the difference of mean is similar between the two without and with 

underdrain conditions. 

 

4.2.2.4 Runoff Results Summary – Climate Change Model 

Under climate change, overall LID performances are impacted with the exception of rain barrels 

which had merely no effect on reducing surface runoff initially. Most impacts are observed when 

the storms are small, such as 2-year return period storm. LID systems under climate change 

conditions reduce much less runoff for small storms compares to larger storms. Vegetative swales 

will be greatly affected in terms of surface runoff reduction rate for all 2-year return period storms. 

For greater and less frequent major storms, the surface runoff reduction by LID systems are not 

affected as much. Permeable pavements with underdrain maintain its runoff reduction performance 

the best under climate change conditions, followed by the bioretention cells with underdrain.  
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4.2.2.5 Lot-Level Infiltration 

4.2.2.5.1 Rain Barrel 

Lot-level rain barrel infiltration results are shown in Figure 53. Visually, comparing to historical 

model (Figure 29), rain barrel infiltration reduction rates are quite similar. ANOVA test shows 

there are no statistically significant difference between all storms under either historical or climate 

change conditions, where the p-value is 0.374. The overall average infiltration does increase 

slightly from 0.07% to 0.08% while the scenario changes from historical model to climate change 

model. This is an expected result since the previous section showed that runoff reduction of rain 

barrels is not significantly impacted by climate change, thus the infiltration should be expected to 

have no significant changes as well. 

 

Figure 53 Rain barrel infiltration reduction at lot-level residential properties (RCP model) 
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an example, in historical model the increase in infiltration increase rate varies from 9.4% to 15.4%, 

whereas in climate change model the infiltration increases rate changes from 11.7% to 17.1%. Two 

sample t-test confirms such insignificancy where the p-value is 0.215 when comparing the 

infiltration increase rate at 5-minute storm duration between historical and climate change model. 

The same results are expected for other storm durations as well. 

 

Figure 54 Vegetative swale infiltration reduction at lot-level residential properties (RCP model) 
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model. Two sample t-test shows the p-value is 0.235 between historical and climate change model, 

for 5-mintue storm duration. Thus, there are no statistically significant difference between the two 

models in terms of its infiltration increase/reduction from historical and climate change model.  

The same conclusion applies to permeable pavement with underdrain as well. Whereas, the 

infiltration increases which averagely ranges from 0.61% to 0.66% from historical to climate 

change model under 5-minute storm duration. And its p-value from two sample t-test is 0.739, 

which indicates statistically non-significance between the two groups. Thus, infiltration related to 

permeable pavement will not be impacted by climate change, either for its application without or 

with underdrain. 

 

Figure 55 Permeable pavement (w/o underdrain) infiltration reduction at lot-level residential properties (RCP model) 
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Figure 56 Permeable pavement (w/ underdrain) infiltration reduction at lot-level residential properties (RCP model) 
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Figure 57 Bioretention cell (w/o underdrain) infiltration reduction at lot-level residential properties (RCP model) 

 

Figure 58 Bioretention cell (w/ underdrain) infiltration reduction at lot-level residential properties (RCP model) 
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4.3 Conclusions and Recommendations 
Firstly, the possibility of modelling at the lot-level are proved to be feasible and manageable during 

this research as the results shown. Lot-level related hydrologic response results demonstrated in 

this research indicated that installing LID at lot-level can indeed reduce surface runoff and 

attenuate urban flooding by generating less inflow into the storm sewer. It should be recommended 

to perform such lot-level detailed modelling for residential LID applications, which can intuitively 

reflect the benefit of adding LID systems on residential properties. LID can most effectively 

function under small-to medium- sized storms, which are more frequent as well. Whereas, LID 

systems have limited capability of accommodating large/major storms, such as a 100-year storm.  

Climate change will impose pressures on stormwater systems as well as LID systems, which varies 

from generating more surface runoff to creating more soil infiltration, as the results shown in this 

research. Thus, to maintain high functionality of LID, LID on residential properties should always 

be properly maintained and upgraded where possible to adapt to current climate conditions. 

Although many evidences show that LID systems are rarely being properly maintained after 

installation, particularly for those on residential properties. Those LID applications will have very 

limited capability of handling stormwater runoff under climate change conditions, as shown in this 

research. 
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5 Conclusions 
Individual detailed conclusions can be found at the end of each chapter, as here provides a 

summary of conclusions and recommendations found in this research. 

1. The case study based in the City of London, Ontario, provides insight of characterizing 

Rainfall Derived Inflow (RDI) from residential downspouts in a scientific and statistical 

way. 

2. By disconnecting residential downspouts, the RDI quantity reduction in sanitary sewer can 

be expected as least 78%, based on statistical analyses. As well, RDI flow duration could 

be reduced by 32% at least during rainfall events. 

3. Residential downspouts or weeping tile disconnection project can greatly alleviate the 

pressure on sanitary sewer which receives large quantity of inflow from roof downspouts. 

4. Statistical method provides the most accurate and defensible results, which should be 

involved in any engineering data analyses. 

5. Based on statistical method, to collect enough data for analyses related to Rainfall Derived 

Inflow, at least 39 storm events have to be measured. This process can be typically achieved 

within one rainfall season. More data are always welcome, but the difference of having 39 

storm events is within 10%, compared to having more storm events collected. 

6. Low Impact Development (LID) stormwater modelling is quite feasible at lot-level, which 

provides much insight of LID performance at individual residential lot-level. 

7. LIDs perform most effectively for small-short duration storms, compares to large-long 

duration storms, in general. 

8. Based on LID designs in this research, rain barrel as LID provides no effects on reducing 

surface runoff during rainfall event. Vegetative swales, on the other hand, provides some 

but limited effects on reducing surface runoff at residential lot-level. 

9. Based on LID designs in this research, permeable pavement performs the best under small-

short duration storm events. Bioretention cell/rain garden performs most effectively under 

large-long duration storm events. These two types of LIDs are considered to be the most 

effective LID devices at residential lot-level. 

10. Climate change will impose pressures on LID performances, which varies in quantity based 

on LID types. Current LID design based on available guidelines can endure certain climate 
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change conditions. It is suggested that municipal design guidelines to be updated frequently 

to adapt to the inevitable climate change conditions. 

11. Lot-level stormwater management techniques can best represent the interest of individual 

residential homeowner, which should be considered as a standard practice when 

considering apply LIDs to residential properties. 

12. LID requires extensive maintenance after installation, which is not included in this research 

but strongly recommended as a future direction of research. Without proper maintenance, 

LID performance will drop dramatically and can no longer capture surface runoffs 

effectively.  


