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Appendix A: Study Participants 

We convened two groups of participants for this regional stormwater investigation, Study 
Partners and Stakeholder Advisors. The Study Partners convened for five workshops during the 
project from May 2015 through September 2016. We also met separately with the Stakeholder 
Advisors twice during this deliberation period. Partners and stakeholders were typically asked to 
commit staff time to attend meetings; provide data, models, or modeling support; help to identify 
and provide preliminary design input for stormwater source reduction and other policy levers 
considered in the analysis; and review written products. Lists of the study participants are 
provided in Tables A.1 and A.2. 
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Table A.1. Study Partners 

Organization Name Title 
3 Rivers Wet Weather  John Schombert Executive director 

3 Rivers Wet Weather  Beth Dutton Program manager 

Allegheny County Sanitary Authority (ALCOSAN) Jeanne Clark Public information officer 

ALCOSAN Timothy Prevost Manager, wet weather programs 

ALCOSAN Alex Sciulli Owners’ representative 

Allegheny County Conservation District  Jan Lauer District manager 

Allegheny County Department of Economic 
Development 

Kay Pierce Planning manager 

Allegheny County Department of Economic 
Development 

William McLain Planner 

Allegheny County Office of the Chief Executive Darla Cravotta Manager of special projects 

Carnegie Mellon University Civil and Environmental 
Engineering (CEE) 

Lauren Cook Graduate student 

Carnegie Mellon University CEE Constantine Samaras Assistant professor 

Carnegie Mellon University CEE Jeanne VanBriesen Professor 

CDM Smith Colleen Hughes Vice president 

CDM Smith Khalid Khan Senior project engineer 

CDM Smith Edward Kluitenberg Principal 

City of Pittsburgh Office of the Mayor Grant Ervin Chief resilience officer 

City of Pittsburgh Office of the Mayor Rebecca Kiernan Senior resilience coordinator 

Congress of Neighboring Communities (CONNECT) Kristen Michaels Executive director 

CONNECT Lindsay Angelo Project coordinator 

Ethos Collaborative Damon Weiss Principal 

Landbase Systems Matt Graham Founding partner 

Michael Baker Jr., Inc. John Shannon Senior project manager 

Mott MacDonald Tom Batroney Water resources engineer 

Penn State Center: Engaging Pittsburgh Deno DeCiantis Director 

Penn State Center: Engaging Pittsburgh Lisa Vavro Sustainable environments and 
engaged scholarship manager 

Pittsburgh Water and Sewer Authority (PWSA) James J. Stitt Sustainability manager 

Pittsburgh Water and Sewer Authority (PWSA) Katherine Camp Green infrastructure program 
manager 

University of Pittsburgh Institute of Politics Kim Bellora Maltempo Policy strategist 
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Table A.2. Stakeholder Advisors 

Organization Name Title 
Allegheny Conference on  
Community Development 

Brian Jensen Executive director 

Allegheny County Councils of 
Government  

Tom Benecki Allegheny Valley North Councils of Government 
executive director 

Allegheny County Councils of 
Government  

Janet Snak Char-West Councils of Government executive 
director 

Allegheny County Councils of 
Government  

Wayne Roller North Hills Councils of Government executive 
director 

Allegheny County Councils of 
Government  

An Lewis Steel Valley Councils of Government executive 
director 

Allegheny County Councils of 
Government  

George Lambrinos Steel Valley Councils of Government Geographic 
Information Systems (GIS) and Redevelopment 
administrator 

Allegheny County Councils of 
Government  

Amanda Settelmaier Turtle Creek Valley Councils of Government 
executive director 

Allegheny County Parks Foundation Caren Glotfelty Executive director 

Collier Township Sal Sirabella Township manager 

Duquesne University Jack Ubinger Adjunct faculty 

East McKeesport Borough Connie Rosenbayger Borough secretary/administrator 

eDesign Dynamics Ian Lipsky Senior hydrologist 

Etna Borough Mary Ellen Ramage Borough manager 

Green Tree Borough W. David Montz Borough manager 

GTECH Strategies Andrew Butcher Chief executive officer and  
co-founder 

GTECH Strategies Sarah Koenig Project manager 

Millvale Borough Zaheen Hussain Sustainability coordinator 

Nine Mile Run Watershed Association Brenda Smith Executive director 

North Fayette Township Bob Grimm Borough manager 

O’Hara Township Julie Jakubec Township manager 

Pennsylvania Environment Council Lindsay Baxter Program manager 

Pittsburgh Parks Conservancy Heather Sage Director of community projects 

Pittsburgh Parks Conservancy Erin Copeland Senior restoration ecologist 

Pittsburgh United—Clean Rivers 
Campaign 

Jennifer Kennedy Campaign director 

Shaler Township Tim Rogers Township manager 

Urban Land Institute Tom Murphy Joseph C. Canizaro/Klingbeil Family chair for 
urban development; former mayor of Pittsburgh 
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Appendix B: Stormwater and Wastewater Modeling 

For this project, we adapted a series of stormwater and wastewater models for a Robust 
Decision Making (RDM) analysis for Pittsburgh and the surrounding regions. The models 
simulated the operations of the region’s stormwater and wastewater infrastructure, which enabled 
us to evaluate the performance of the system. Using these models and high-performance cloud 
computing, we simulated hundreds of annual scenarios to (1) evaluate the potential risks and 
vulnerabilities to the existing stormwater and wastewater infrastructure resulting from long-term 
climate change and population growth and (2) compare the effectiveness of different strategies 
for reducing combined sewer overflows (CSOs) and sanitary sewer overflows (SSOs) across a 
range of climate, land-use, and population scenarios.  

Given time and resource limitations, and to ensure consistency with recent investigations, we 
did not independently develop the stormwater models used in this analysis. Rather, we adapted 
models developed and calibrated by ALCOSAN in the 2008–2012 time frame to develop its draft 
Wet Weather Plan (WWP). We performed a calibration step to ensure that results from our 
adapted models were consistent with the original ALCOSAN results; however, it is important to 
note that we did not independently calibrate the stormwater models with original flow 
monitoring data, and any limitations present in the original ALCOSAN models will also exist in 
the adapted models used in this analysis.   

This appendix describes the stormwater modeling system used in this analysis. We begin 
with a general overview of stormwater modeling, followed by a description of the regional 
models developed by ALCOSAN. Finally, we describe our approach for adapting those models 
to support a large-scale scenario analysis and calibrating our results to ensure consistency with 
ALCOSAN’s modeled results.  

Stormwater Management Model 

The U.S. Environmental Protection Agency (USEPA) developed the Storm Water 
Management Model (SWMM) to assist planners in the design and evaluation of stormwater and 
wastewater systems. The SWMM model was originally developed in 1971, but updates have 
been made through many iterations to produce the current version of SWMM 5.1 (Rossman, 
2015). Over the years, the SWMM model has been widely used for stormwater modeling; 
previous applications include analyses of flooding (Giron, 2005), water quality (Lee et al., 2010), 
best management practices (Aad, Suidan, and Shuster, 2009), and infrastructure capacity (Lowe, 
2009). 

Using a coupled hydrologic and hydraulic (H&H) model, the SWMM model can simulate 
runoff conditions arising from single storm events or long-term precipitation scenarios. Modeled 
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areas are divided into subcatchments—smaller geographic areas representing independent 
hydrologic units—that are used to track runoff. Each subcatchment is defined based on its 
dimensions and characteristics, such as slope, surface roughness, soil type, and the amount of 
impervious area1 (e.g., pavement, sidewalks, roofs). The runoff flow is then routed from the 
subcatchment into the collection of conduits and nodes making up a drainage system. Such 
characteristics as flow rate, depth, and water quality are calculated throughout a simulation, and 
results are reported at 15-minute time intervals. 

Recent versions of the SWMM model have added the ability to model green stormwater 
infrastructure (GSI) strategies (termed “low-impact development” [LID] in the SWMM model). 
Currently, there are seven separate GSI types that can be modeled in the SWMM model 
(Table B.1). 

Table B.1. Types of GSI Modeled in SWMM 5.1 

Type Description 

Bioretention cell A ditch containing vegetation in soil above a gravel drainage bed. It stores, infiltrates, and 
evaporates runoff and precipitation. 

Rain garden A bioretention cell without the gravel layer below the soil 

Green roof A soil and vegetation layer above an engineered drainage mat. Water not captured by the 
soil or vegetation flows off the roof. 

Infiltration trench A pit containing a gravel layer to allow runoff to percolate through. It provides storage, 
additional infiltration time, and some pollutant removal. 

Permeable pavement Gravel or sand below porous pavement or paver blocks. It reduces runoff and captures 
some pollutants from stormwater. 

Rain barrel Often connected to roof downspouts, stores precipitation to be released at a later time 

Vegetative swale Shallow ditch lined with plants along stormwater pathways. It slows runoff to aid in 
infiltration. 

Modeling the ALCOSAN Service Area 
ALCOSAN developed models of Pittsburgh’s regional stormwater and wastewater 

infrastructure (as of 2012) using the SWMM model to support development of its draft WWP 
(ALCOSAN, 2012a, p. 1-9). The Allegheny County region was divided into seven separate 
planning basins, as shown in Figure B.1 and summarized in Table B.2. In addition to the 
planning basin models, this system includes a separate Regional Balance Model (RBM), which 
simulates the major interceptors and trunk lines of the system. The RBM overlaps much of the 
seven planning basins.  

                                                
1 Directly connected impervious area (DCIA) is the portion of total impervious area (TIA) directly connected to the 
stormwater system. DCIA is the relevant SWMM model input.   
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Figure B.1. ALCOSAN SWMM Model Planning Basins  
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SOURCE: Data from Allegheny County Sanitary Authority.
NOTE: The region was divided into seven planning basins that are represented in eight SWMM models 
(LO/GR is a single planning basin with two models). A ninth SWMM model, the RBM, is a hydraulic model 
that simulates the operation of the major trunk lines and interceptors. The RBM overlaps with all seven 
of the planning basins.
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Table B.2. ALCOSAN Planning Basin Summary  

Basin Name Abbreviation 
Total Area 

(Square Miles) 
CSO 

Outfalls 
SSO 

Outfalls 

Chartiers Creek CC 93.7 76 34 

Lower Ohio/ 
Girty’s Run 

LO/GR 42.1 26 20 

Main Rivers MR 23.4 103 2 

Saw Mill Run SM 19.7 46 6 

Turtle Creek TC 57.2 24 19 

Upper Allegheny UA 42.6 31 8 

Upper  
Monongahela 

UM 30.3 44 9 

Total — 309 350 98 

SOURCE: ALCOSAN, 2012C, pp. 4-9–4-21, 4-24–4-31. 
 

In each SWMM model, the regional wastewater system is represented as a network of 
conduits and nodes that characterize pipes, manholes, diversion structure, and flow-control 
devices. Such characteristics as depth, diameter, length, slope, and roughness coefficients of 
these model pieces were entered to closely represent real-world sewer system features.  

Throughout the system, monitoring devices were installed to record precipitation, dry and 
wet weather flow, and hydraulic grade line (HGL) data.2 These data typically spanned a full 
calendar year to capture seasonal variability and were used to perform a calibration step to 
ensure that model outputs correlated with monitored data throughout the system. The model was 
calibrated using both dry and wet weather conditions in the 2008 time frame to confirm that 
results captured system operations under both normal and stressed conditions. Where necessary, 
model parameters were adjusted until model outputs closely matched monitored depth and flow 
data. Figure B.2 shows an example of model calibration outputs to real-world data from section 4 
of the ALCOSAN WWP (ALCOSAN, 2012c, p. 4-22). 

 

                                                
2 An HGL is the water elevation in the storm and wastewater system as equilibrium is reached across the pipe 
network. 



 

 8 

Figure B.2. Example Validation Comparison of Monitored Flow to Simulated SWMM Model Results 

 
SOURCE: ALCOSAN, 2012e, p. 4-22. The x-axis was unlabeled in the original plot but represents one month of 
flows at 15-minute time intervals. 

Sensitivity analyses were conducted by ALCOSAN at both the planning basin level and the 
aggregate system level. ALCOSAN’s model development, calibration, and validation processes 
are documented in section 4.2 of the 2012 WWP (ALCOSAN, 2012c, pp. 4-9–4-21).  

ALCOSAN Model Versions and Hydrology Assumptions 
Throughout its planning efforts, ALCOSAN developed multiple SWMM models reflecting 

different assumptions and system configurations. Our analysis is based primarily on the Existing 
Conditions model, which represents the system as it existed in 2012. The Existing Conditions 
model assumes an estimated 836,600 customers residing within the 214 square miles of service 
area. ALCOSAN developed a separate Future Baseline model to represent predicted growth in 
the number of wastewater customers by 2046, roughly 25 years into the future. The Future 
Baseline model assumes a modest increase in the number of serviced customers, up to 969,000, 
and an expansion of the service area in CC and TC, resulting in an increased footprint totaling 
233 square miles. Additionally, the Future Baseline model incorporates data on any planned or 
implemented GSI projects, which municipalities within the service area provided to ALCOSAN. 
The Future Baseline model is discussed further in Appendix C. ALCOSAN also developed 
versions of the SWMM models to test a range of infrastructure strategies for reducing overflows; 
these models were not used in this analysis. 
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ALCOSAN developed a typical rainfall year that was used throughout its analysis to 
represent the regional hydrology. After examining the 60-year historical rain gauge data (1948 
through 2008) from Pittsburgh International Airport, the WWP team found that 2003 
precipitation best matched the historical average at the time of analysis. The rainfall inputs into 
the SWMM models are based on radar-adjusted rainfall observations at a 15-minute time interval 
and 1-km2 spatial resolution. The high-resolution rainfall data were, in some cases, adjusted so 
that event statistics better matched the historical data from Pittsburgh International Airport 
(ALCOSAN, 2012c, p. 4-3). The adjusted 2003 rainfall data are referred to as the 2003 Typical 
Year throughout this report.  

Model Adaptation to Support Scenario Analysis 
ALCOSAN provided us with the calibrated SWMM models, which we adapted for the RDM 

analysis. As discussed earlier, the ALCOSAN service area was divided into seven planning 
basins that are represented in eight SWMM models. The models must be run in sequence such 
that the outer (upstream) basin models are run first, and outputs from those models become 
inputs for the downstream basins. This is illustrated in Figure B.3, in which each oval represents 
a basin model. Sewer system flows at the downstream junction in TC, for example, become 
inputs for that same junction at the upstream end of the UM model. Similarly, outputs from CC, 
LO/GR, SM, UA, and UM all become inputs into the MR model. The ninth and final model is 
the RBM, which simulates the major interceptors and trunk lines of the system, overlapping 
much of the seven planning basins. The RBM is a hydraulic model only and does not model 
surface runoff, but results from the RBM supersede the flows calculated in each individual basin 
model. There are roughly 250 junctions at which simulated sewer flows in the basin models 
(represented as time series in 15-minute intervals) become inputs into the RBM.   
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Figure B.3. Sequence of Basin Models Used for Automated Scripting  

  

Running all nine models in sequence for a one-year simulation requires more than 50 central 
processing unit (CPU)-hours, which can be completed in roughly a 24-hour span when using a 
server or multicore computer that can run several basin models simultaneously. In order to scale 
the study to be able to test many variables and scenarios, a computer script was developed to 
automate the nine-model sequencing using virtual servers, or “instances,” accessed through 
Amazon Web Services (AWS), a cloud computing service. The script was written with a 
combination of the R and JavaScript programming languages. The script completely automates 
the nine-model sequence described above, as well as calculates our final metrics of interest 
(annual and monthly CSO and SSO frequencies and volumes for each outfall). The process 
operates through a primary script that runs on a RAND server, which coordinates the sequenced 
dispatch of the basin models to AWS instances. The automated script performs the following 
functions: 

• It creates the SWMM model files and supporting data files for a given scenario. 
• It launches AWS instances (i.e., cloud computers) for CC, TC, SM, UA, and LO/GR. 
• It compresses and uploads the basin files to the AWS S3 server (for long-term storage) 

and transfers files for each basin to a separate AWS instance. Each AWS instance then 
performs the following steps: 

CC LO/GR TC SM UA

UM

MR

Regional Balance Model

RAND RR1673-B.3

NOTE: The models must be run in sequence so that outputs from upstream basin models can be used as 
inputs for downstream models. LO/GR is treated as a single basin in this report but is represented in two 
separate SWMM models provided by ALCOSAN, yielding a total of nine simulation models.
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− It creates the directory structure for input and output files. 
− It uncompresses the model and supporting files that were transferred from AWS S3. 
− It installs R on the AWS instance. 
− It initiates the SWMM basin model. 
− Once the run is complete (one to 12 hours, depending on the basin), an R script 

extracts the relevant results from the model outputs. This includes monthly and 
annual overflow frequencies and volumes for each outfall, as well as any time series 
that will become inputs for downstream models. 

− Once complete, all model output files are zipped and transferred to the AWS S3 
server for long-term storage.  

− The relevant outflow results and sequencing time series are downloaded to the local 
server within RAND. 

• Using an R script, the RAND server waits for results from TC; once those are 
downloaded, the local RAND server unzips the results, extracts the relevant output time 
series from TC, and writes them into the UM SWMM file; the UM model files are then 
zipped and uploaded to run on AWS, as described earlier. 

• The local RAND server then waits for results from all models upstream of MR (CC, 
LO/GR, UM, SM, and UA). Once those models are complete and the results are 
downloaded, the relevant upstream results are written into the MR SWMM file; the files 
are zipped and uploaded to run on AWS, as described earlier. 

• Once all of the basin models are complete, the relevant output time series from the basin 
models are used to create a new SWMM inflow file for the RBM. Again, the model files 
are zipped and uploaded to run on AWS, as described earlier.  

• Once the RBM is complete,3 the R script gathers the relevant outfall data from the nine 
models to create summaries of the overflow volumes and frequencies for each outfall.  

This outlined process is required for each one-year simulation. The advantage of using AWS 
cloud computing is that the process can be scaled up by running multiple simulations in parallel. 
For example, for the vulnerability analysis described in Chapter Three, we run simulations using 
2003 through 2013 rainfall (11 years). Each year requires nine AWS instances and roughly 50 
CPU-hours of computing, yielding a total of 99 total AWS instances and 550 CPU-hours needed 
for the 11-year simulation period. With cloud computing, we can launch all 11 years 
simultaneously, which would be completed within roughly 24 hours. Accomplishing the same 11 
years of simulation on a single-core desktop computer would take more than three weeks of 
calendar time. Throughout the full analysis, we completed 585 unique scenario–year 
combinations in the SWMM model, requiring a total of approximately 30,000 CPU-hours. To 
put this in context, completing these simulations on a single-core desktop computer would have 
taken more than three years. Establishing an automated process using parallelized cloud 

                                                
3 Note that we did not use an iterative process to adjust the HGL boundary condition between the basin models and 
the RBM. Doing so requires rerunning the full sequence of models a second time, which was prohibitive given the 
computing costs. For all scenarios tested in this analysis, we used the HGL boundary condition from the Existing 
Conditions models provided by ALCOSAN.  
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computing allowed us to explore a much more comprehensive set of uncertainties and strategies 
than would have otherwise been possible.  

Modeling System Verification 
We went through several steps to verify that the results from our adapted models matched 

ALCOSAN’s published results when using the same inputs and assumptions. The first step was 
to run the sequenced set of nine models, as discussed earlier, using the Existing Conditions 
models and 2003 Typical Year hydrology. We finalized a list of 440 outfalls throughout the 
system that contribute to the overflow totals shown in our analysis.4 For each CSO and SSO 
outfall, results from our adapted models were then compared with the data published in 
ALCOSAN’s draft WWP to identify any inconsistencies.5  

Results from the comparison are shown in the left pane of Figure B.4, where each point is the 
total annual overflow volume for a single outfall using rainfall from the 2003 Typical Year 
(ALCOSAN, 2012c, p. 4-3). The x-axis shows the ALCOSAN’s WWP volume, and the y-axis 
shows the results from RAND’s sequenced models when run under the same assumptions. A 45-
degree line indicates matching results. Table B.4 also shows the total 2003 outfall volumes, by 
basin, from ALCOSAN’s WWP and RAND’s adapted models, which is within 2 percent (middle 
columns).  

                                                
4 Note that the group of 440 outfalls that we used contains six fewer overflow locations than the data shown in the 
ALCOSAN WWP. These six outfalls contained constant daily flows, which were removed when the ALCOSAN 
basin planners quantified overflows. We did not have the information behind these constant flows, and, because 
some of the constant flows total to hundreds of millions of gallons per year, the decision was made to remove these 
outfalls from our analysis (email communication with E. Kluitenburg, 2016). In the published WWP data, these six 
outfalls have an annual total overflow volume of approximately 20 million gallons (Mgal.). 
5 Another difference between the overflow totals quantified in our analysis and the results provided by ALCOSAN 
is the inclusion of manhole overflows. Total overflow volumes from systemwide manhole flooding are published in 
the ALCOSAN WWP but not at the individual outfall level. System overflows resulting from flooded manholes 
annually total approximately 100 Mgal. (ALCOSAN, 2012c, p. 4-31) for the Current Baseline ALCOSAN model 
(email communication with E. Kluitenberg, 2016). These overflows, comprising approximately 1 percent of 
systemwide yearly overflow volume, are not included in our analysis. Under more extreme scenarios, as discussed in 
Chapter Three of the report, manhole flooding may become a more significant problem. Excluding manhole 
flooding, as we do in this analysis, may underaccount for future overflows, particularly in scenarios with more 
extreme rainfall or land use.  
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Figure B.4. SWMM Model Verification  

NOTE: The left pane compares RAND’s adapted SWMM model results (SWMM version 5.0) with published 
ALCOSAN results. Each point represents the total annual overflow volume from one outfall using the 2003 Typical 
Year rainfall. The right pane compares RAND’s adapted SWMM models (SWMM version 5.1) with published 
ALCOSAN results. A 45-degree line would indicate matching results. 

The next step was to migrate the models into a newer version of the SWMM model, which 
was necessary so that we could model GSI performance using SWMM 5.1. Because of various 
changes between SWMM model versions, rerunning the same models using the updated version 
(SWMM 5.1.009) resulted in slightly different overflow volumes (Figure B.4, right pane). The 
figure also shows that a small number of outfalls accounts for much of the overflow volume 
discrepancy between model versions. As shown in Table B.3, the total overflow volume is 
8 percent higher than ALCOSAN’s published values.  

To correct for the discrepancy arising with the new model version, we created a bias-
correction factor based on the percentage difference between RAND’s adapted SWMM 5.1 
model results and ALCOSAN’s published results (which are based on SWMM 5.0). The outputs 
from RAND’s adapted SWMM 5.1 models were then adjusted by this percentage difference—a 
bias correction—so that the overflow totals matched ALCOSAN’s published results as of 2012. 
Consistent with Figure B.4, which shows that most of the potential biasing occurs at a relatively 
small number of outfalls with large overflow volumes, the bias-correction was applied only to 
outfalls with annual overflows of greater than or equal to 5 Mgal./year in the 2003 Typical Year 
simulation. As shown in Table B.3, the bias correction step results in close agreement between 
ALCOSAN’s published results and RAND’s bias-corrected results from the SWMM 5.1 model 
(total overflow of 9.509 billion gallons [Bgal.] and 9.507 Bgal., respectively). Relatedly, the 
recently released draft PWSA City-Wide Green First Plan estimates 10.2 Bgal./year of overflow 
volume as the baseline condition. PWSA conducted its analysis using SWMM 5.1, and its 
baseline results align with our results before the bias correction is applied (PWSA, 2016b). This 

4	
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constant bias-correction factor was then applied for the same set of outfalls when we processed 
the outputs of all the SWMM model simulation runs throughout this study. 

Table B.3. Comparison of Overflows, by Basin, for Model Verification  

Basin ALCOSAN Model 
Results 

RAND SWMM 5.0 RAND SWMM 5.1 RAND 5.1 
Bias Corrected 

 Mgal. Mgal. 
% 

Difference Mgal. 
% 

Difference Mgal. 
% 

Difference 

CC 1,191 1,222 2.6 1,228 3.1 1,195 0.3 

LO/GR 607 597 –1.6 636 4.8 601 –0.9 

MR 2,823 2,855 1.1 2,951 4.5 2,836 0.5 

SM 435 420 –3.4 447 2.8 416 –4.6 

TC 187 188 0.5 239 27.8 188 0.5 

UA 2,245 2,304 2.6 2,608 16.2 2,249 0.2 

UM 2,021 2,039 0.9 2,156 6.7 2,022 0.0 

Total 9,509 9,625 1.3 10,265 8.0 9,507 0.0 

NOTE: ALCOSAN Existing Conditions model results are based on published value in the WWP; RAND 5.0 shows 
results from RAND’s adapted models run under the same assumptions and model version; RAND 5.1 shows results 
from the adapted models run with the newer version of SWMM model (5.1), which results in an 8-percent discrepancy 
from ALCOSAN’s published results. RAND 5.1 Bias Corrected shows results after applying the bias-correction step to 
the SWMM 5.1 results, resulting in a close match with ALCOSAN’s published results. 

  



 

 15 

Appendix C: Technical Inputs for Scenario Development 

A primary focus of this analysis was generating a wide range of possible future scenarios, 
which were used to (1) evaluate vulnerabilities in the existing stormwater and wastewater 
infrastructure and (2) stress-test strategies for improving the system. In this analysis, we explore 
three sources of long-term uncertainty using scenario analysis:  

• Climate change: Expanding on previous work that used rainfall from the 2003 Typical 
Year, we create a Recent Historical rainfall scenario using observed data from 2004 
through 2013, and we develop two climate-adjusted rainfall scenarios using projections 
from 2038 through 2047. The future climate projections also include air temperature 
increases, which can affect evapotranspiration. 

• Land use: We develop three land-use scenarios reflecting no population growth, 
moderate growth, and high growth. These scenarios change the amount of impervious 
cover present in the areas of the system contributing to combined sewer overflows.  

• Wastewater customer connections: Adapting results from ALCOSAN’s WWP, we 
consider a scenario representing the current number of customer connections, as well as 
one with increased base flows and inflows resulting from an increase in the number of 
customer connections and an expansion of the ALCOSAN service area. 

There is deep uncertainty in each of these, making them difficult or impossible to predict or 
reasonably weight with probability estimates over the long time horizons (25 to 50 or more 
years) that are of interest for major infrastructure projects. In addition, precipitation and 
temperature, land use, and customer connections directly impact the amount of runoff or base 
flows entering the stormwater and wastewater system and are therefore important drivers of 
sewer overflows.6  

This appendix describes the data sources, methods, and analytic approach used to develop 
scenario inputs for the future vulnerability and RDM analysis. 

Climate Change 

Climate-Adjusted Rainfall 

A key uncertainty and potential source of long-term vulnerability for stormwater 
infrastructure are changes in the frequency or intensity of rainfall across the region due to 
climate change. This section describes the methods and data used to produce climate-adjusted 

                                                
6 While the uncertain inputs described here are key drivers for future stormwater runoff and overflows, it is 
important to note that there are others that were not considered in this analysis because of time and resource 
constraints (see Chapter Two). Long-term degradation of the existing infrastructure from inadequate capital 
investment is another example of a potential source of vulnerability.  
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future rainfall data suitable to support an analysis with the SWMM model. The process for doing 
this is called “downscaling,” where we combine the high spatial and temporal resolution from 
observed data with the longer-term, low-resolution precipitation trends projected through climate 
models. 

Method Overview 

The gridded projections from the regional climate models, which are at a 50-km2 and three-
hour resolution, require temporal and spatial downscaling before they can be used as inputs in 
the SWMM model, which, in our case, requires precipitation data on a 15-minute time interval at 
a 1-km2 spatial resolution. There are several approaches for downscaling, which can vary 
substantially in terms of level of methodological complexity, input data, and other assumptions 
needed. One method is to create a weather generator that uses statistical parameters to generate 
synthetic rainfall time series (Kilsby et al., 2007; Willems et al., 2013). Although weather 
generators are versatile, parameter development and model configuration are challenging. 
Results can also be unreliable on a subhourly time step, especially if spatial correlations must be 
taken into account for multiple gauges or grids (Wilks and Wilby, 1999). Another approach, 
which we use here, is a non-parametric delta-change method. In this method, we calculate a 
change factor, or delta, from the difference between future and historical projections and then 
apply the change to observed data (Arnbjerg-Nielsen et al., 2013; Boe et al., 2007; Wilks and 
Wilby, 1999; Wood et al., 2004). The advantage of this approach is that it does not rely on 
underlying assumptions about the distribution of the data (Gudmundsson et al., 2012). One 
important limitation of the delta-change method, however, is that it assumes that the frequency 
and duration of storms remain the same. With this approach, only the magnitude (intensity) of 
rainfall is changed. 

Observed Data 

The downscaling analysis uses radar-adjusted rainfall observations at 15-minute time 
intervals and a 1-km2 grid throughout Allegheny County. These high-resolution data have been 
recorded and maintained by 3 Rivers Wet Weather (3 Rivers Wet Weather, undated-a) and are 
based on radar systems that are calibrated with a series of rain gauges throughout the county. For 
this analysis, we utilize 11 years of historical rainfall data from 2004 through 2014 for the seven 
planning basins within ALCOSAN’s service area; this time period captures several extreme 
events, including Hurricane Ivan in 2004 and a 2011 storm that led to fatal flash floods in the 
region. 

Regional Climate Data and Model Selection 

Precipitation projections were obtained from Regional Climate Model (RCM) outputs from 
the North American Regional Climate Change Assessment Program (NARCCAP) (Mearns et al., 
2009). NARCCAP provides a compilation of RCMs that have been forced by General 
Circulation Models (GCMs), or RCM-GCM combinations, that are useful for impact analysis, 
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uncertainty assessment, or further downscaling experiments (Mearns, 2014). The RCM-GCM 
combinations provide three-hourly outputs over a 50-km2 grid for historical (1970 through 2000) 
and future (2040 through 2070) time frames. The projected data utilize the Special Report on 
Emissions Scenarios (SRES) A2 greenhouse gas emissions scenario for the 21st century. The 
large-scale output variable for precipitation, an instantaneous flux reported in units of kg/m2s, 
was converted to a three-hour rainfall depth, in inches. The centroid of the 50-km2 RCM grid cell 
closest to the centroid of Allegheny County was used in the analysis. 

Out of the 11 different RCM-GCM model combinations available from NARCCAP, two 
combinations were selected for use in the analysis: the Hadley Regional Model 3 Regional 
Climate Model forced by the Geophysical Fluid Dynamics Laboratory General Circulation 
Model (HRM3-GFDL) and the MM5–Penn State University/National Center for Atmospheric 
Research Mesoscale Regional Climate Model from Iowa State forced by the Hadley Center 
Coupled Model, version 3 (MM5I-HadCM3). The two regional climate models, HRM3 and 
MM5I, were selected based on the performance of these models in a hindcast simulation when 
compared to observed statistics. The NARCCAP model data sets allow comparison to 
observations through use of the National Centers for Environmental Prediction (NCEP)–driven 
experiment, which is a separate modeling effort in which each regional model is forced with 
regridded, reanalyzed observations instead of a GCM (Mearns, 2014). The NCEP-driven outputs 
from HRM3 and MM5I had the least amount of bias when the three-hour exceedance 
probabilities were compared with the observed exceedance probabilities over the period from 
1976 to 2006 (shown in Figure C.1).  

Based on the characteristics of the future simulation, the RCM-GCM combinations were then 
selected from the four combinations available from these two RCMs. HRM3-GFDL represents a 
future with the highest-intensity daily storms yet a marginal increase in total annual rainfall, 
meaning that storms will get much more severe but dry periods between them will get longer.  
MM5I-HadCM3, alternatively, projects the largest increase in total annual rainfall and slightly 
less intense daily storms than the HRM3-GFDL scenario, equating to a future with a similar 
frequency of rain events to that in the past, but more rain during these events. 
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Figure C.1. Hindcast Precipitation Results of the Three-Hour Exceedance Probability for All 
NARCCAP Regional Climate Models 

 
NOTE: NCEP data (colored lines) compared with observed historical regridded observations (dashed line) for a single 
grid cell in the Pittsburgh region. HRM3 (green) and MM5I (yellow) were selected for use in this study because of the 
low bias of extreme values when compared with observed data. 

Downscaling Method 

This study uses a delta-change method to downscale RCM precipitation outputs, which are at 
a three-hour time interval on a 50-km2 grid, into high-resolution precipitation data needed for 
stormwater simulation. Using quantile–quantile mapping (QQM), the change factor is linked to 
the observed variable using the empirical cumulative distribution function (CDF). A given 
quantile from the precipitation simulated from the climate model either replaces or adjusts the 
same quantile in the observed data (Boe et al., 2007). QQM assumes that the timing of rainfall is 
identical to the underlying observed baseline. QQM has been applied to precipitation at the 
monthly level (Wood et al., 2004), as well as at the daily level (Boe et al., 2007; Laflamme, 
Linder, and Pan, 2016). To our knowledge, however, this is the first analysis to generate 
downscaled, climate-adjusted precipitation data at the subhourly level.  

To arrive at the subhourly level, the change factor from the three-hour RCM output is first 
quantile-mapped onto the observed, radar-adjusted data that have been aggregated to a three-
hour interval. The change factor is then applied to the subhourly wet periods within the three-
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hour observed period for the given quantile. The steps for this process are outlined next and are 
illustrated in Figure C.2:  

1. The empirical CDF is calculated for the 30 years of data from the historical time frame 
(1970 through 2000) and future time frame (2040 through 2070), gridded RCM outputs, 
at a single 50-km grid. The empirical CDF is calculated with zero volumes, using a 
Weibull distribution, 𝑃𝑃! =

!
!!!

, where Pi is the three-hour exceedance probability, i is the 
rank of the data point, and n is the total number of data points in the time series (Step 1). 

2. A correction function (XCF) is then obtained from the historical (XH) and future (XF) 
empirical CDFs of the same length, by calculating the percentage difference (xF – xH/ xH) 
for each matching quantile in the historical and future RCM CDFs (Step 2).  

3. The radar-adjusted observations (YO) are then prepared to accept the correction function 
(CF) (Step 3). For a single 1-km2 grid from the observed data, every 12 15-minute time 
intervals are aggregated temporally to three-hour blocks at constant time intervals (e.g., 
12 a.m. to 3 a.m., 3 a.m. to 6 a.m., 6 a.m. to 9 a.m.) to form eight time periods per day 
over the period of 2004 to  2014 (YA). The empirical CDF of the temporally aggregated 
observations (XA) is then calculated in the same manner as the climate data, as described 
earlier.  

4. The quantiles in the correction function (XCF) are then linked to those in the aggregated, 
observed CDF (XA). For a given quantile (xi), the correction factor (xCF) is applied 
uniformly to the disaggregated observations (yO) that make up the aggregated quantile 
(xA). Each 15-minute wet period within the quantile is multiplied by the percentage 
difference from the correction function. This process is repeated for each quantile in the 
aggregated, observed CDF (Step 4).   

5. Once the correction factor has been applied to adjust the disaggregated observations, the 
empirical CDF is reordered to the original timing of the rainfall time series at that grid 
point (Step 5).  

Steps 3 through 5 are repeated for each 1-km2 grid cell in the watershed until all of the 
observations have been adjusted for future climate.  
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Figure C.2. QQM Downscaling Steps 

 
NOTE: QQM steps for downscaling large-scale precipitation data from RCMs to subhourly, 1-km2 future precipitation 
scenarios. The figure shows an example of the technique using the 0.1-percent quantile. All quantiles are computed 
and reordered to form the final subhourly time series. 

Climate-Adjusted Temperature 

Climate change effects on precipitation are likely to be the dominant driver of change for 
stormwater runoff and wastewater system performance in a water-abundant area like Allegheny 
County. However, the SWMM models also incorporate temperature into calculations of 
evapotranspiration, which can, in turn, affect runoff. To ensure consistency with the future 



 

 21 

climate projections used in the rainfall analysis, for each climate scenario, we update the 
temperature inputs for the SWMM model using values from the corresponding RCM-GCM 
model combination, which are at one-day time steps and a 50-km2 grid. Temperature outputs for 
these models were also downloaded from NARCCAP for the grid cell closest to the centroid of 
Allegheny County, and no additional spatial or temporal downscaling was conducted for 
temperature.   

Final Climate Scenarios 

The downscaling method described earlier was employed using observed precipitation data 
from 2004 through 20137 along with two climate models from the NARCCAP, as discussed 
above. The resulting outputs are two climate-adjusted precipitation scenarios, at a 15-minute step 
and 1-km2 spatial resolution, from 2038 to 2047, along with corresponding temperature inputs. 
Table C.1 shows summary statistics for the three precipitation scenarios described in Chapters 
Three and Five of this report.8,9 Throughout this appendix, we refer to the climate scenarios by 
the model names (either HRM3-GFDL or MM5I-HadCM3); in the body of the report, we use the 
less-technical names Higher Intensity Rainfall and Higher Total Rainfall, respectively. 

Table C.1. Summary Statistics for Three Precipitation Scenarios (Main Rivers Planning Basin) 

Climate Scenario Years 

Annual Rainfall 
(inches) 

Average Days per Year with  
Rainfall Above Threshold 

Min. Mean Max. 
0.1 

 Inches 1 Inch 1.5 Inches 2 Inches 

Recent Historical  2004–2013 29.8 38.9 50.0 80.5 5.9 2.2 0.9 

HRM3-GFDL  
(Higher-Intensity 
Rainfall) 

2038–2047 34.3 40.9 52.0 81.2 6.9 2.6 1.4 

MM5I-HadCM3  
(Higher Total Rainfall) 

2038–2047 36.5 43.1 53.9 84.7 8 3.0 1.7 

                                                
7 Note that an 11-year sequence was developed initially, from 2004 to 2014, but the final results use only the first 
ten years (2004 to 2013) to develop an annual average and yearly statistics. 
8 When modeling scenarios with higher rainfall, we did not assume a corresponding change in river stages (i.e., the 
water level at the river boundary). This can have an effect on the operation of the sewer system if the river stage 
exceeds the elevation of system outfalls. Because the rivers are, to varying extents, actively controlled, we assume 
that water levels would be managed to maintain conditions equal to those reflected in the Existing Conditions 
models. We suggest further work in the future to explore the sensitivity of this assumption. 
9 With more extreme scenarios, there was concern that the SWMM models would have excessively high continuity 
errors. We verified that errors were within an acceptable range for the most extreme cases of both rainfall and land 
use. 



 

 22 

Wastewater Customer Connections 
Our modeling results are based on ALCOSAN’s Existing Conditions SWMM model, which 

represents the system as it existed in 2012. The Existing Conditions model assumes an estimated 
836,600 customers residing within the 214 square miles of service area. ALCOSAN developed a 
separate Future Baseline model to represent expected growth by 2046. The Future Baseline 
model assumes a modest increase in the number of serviced customers, up to 969,000, and an 
expansion of the service area in the CC and TC basins resulting in a total footprint of 233 square 
miles.10 The combination of more customers and an expanded footprint of the Future Baseline 
model result in roughly 800 Mgal. in additional overflows—about an 8-percent increase—
relative to the Existing Conditions model (ALCOSAN, 2012d, p. 7-24).11   

To account for a potential increase in Future Connections, we created a new scenario 
dimension for wastewater customer connections using a post-processing step to adjust results 
from the Existing Conditions model to those that would be expected under ALCOSAN’s Future 
Baseline model conditions. This was done as an alternative to running the Future Baseline 
models directly, which was prohibitive because of computing costs. To create a scenario 
representing Future Connections, we employed a process based on a simple additive adjustment 
for each outfall:  

1. We calculate a delta term for each outfall as the difference between annual overflows 
projected by (1) RAND’s Existing Conditions model with 2003 Typical Year rainfall, 
already bias-corrected to account for differences between SWMM 5.1 and 5.0, and (2) 
ALCOSAN’s published overflow volumes from the Future Baseline model (personal 
communication with T. Prevost, July 29, 2016).  

2. The delta term is used as an additive adjustment to estimate Future Baseline results from 
any Existing Conditions model run. 

                                                
10 Along with the growth of expected customer contributions to wastewater flows, the ALCOSAN Future Baseline 
model also includes any constructed or planned GSI projects within customer municipalities as of 2012. These 
projects could be a confounder, meaning that using the ALCOSAN Future Baseline results to create a flow 
correction factor could understate the overall effect of increased wastewater customer flows. But, given that the 
overall change from Existing Conditions to Future Baseline is relatively minor, we expect that the effect of these 
projects is also likely to be small compared with the total overflow volumes. As a result, we judged this approach to 
be a reasonable simplification to reduce computing time and resource needs. 
11 The 800-Mgal. increase includes the volume from flooded manholes and three specific outfalls not included in 
our list of 440 outfalls. One outfall in the TC model, titled “WWMA_tank-OF,” was included in the list of outfalls 
received from ALCOSAN showing Future Baseline model results. This outfall contained an annual overflow 
volume of approximately 350 Mgal. but was noted not to be a physical outfall. The outfall was a model conduit used 
to track additional flows estimated to occur from future growth of the system. We did not include this outfall in our 
analysis (personal communication with K. Khan, January 21, 2016). Additionally, the outfalls “O-18-OF2” and “A-
58-OF1” were not included in our final list of 440 outfalls because only their partnered outfalls “O-18-OF” and “A-
58-OF” had outfall totals published in the WWP. However, their respective overflow volumes are captured within 
the bias correction of outfalls “O-18-OF” and “A-58-OF.” Without those volumes, the increase in total overflow 
from the current to future baseline is closer to 500 Mgal., which is what we used as the additive adjustment for 
future customer connections.  
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This fixed additive term is added at the outfall level to represent the change in customer 
flows for the Future Connections scenario, with the conservative assumption that this wastewater 
flow increase will have an approximately linear effect on overflows even when other changes 
occur in other rainfall and land-use scenarios.  

The result is that, across all 440 outfalls in this analysis, we add approximately 364 Mgal. in 
CSO volume and 136 Mgal. in SSO volume to adjust from Current Connections to Future 
Connections. An example of the resulting change for this scenario input using 2003 Typical Year 
rainfall and no other changes to land use is shown in Table C.2 below.  

Table C.2. Overflow Volumes, by Wastewater Customer Scenario (Mgal.) 

Overflow Type Current Connections Future Connections 

CSO 8,939 9,303 

SSO 568 704 

Total 9,507 10,007 

NOTE: Volumes reflect 2003 Typical Year rainfall and Current Land Use. 

Land Use  

Another key driver for stormwater runoff into urban combined stormwater, and wastewater 
systems is the extent to which land area is covered by impervious surfaces. Recognizing that (1) 
the extent of impervious cover in Allegheny County is likely to change in the future as the 
region’s population and economic development patterns evolve and (2) both population and 
development patterns are deeply uncertain over several decades or more, we developed an 
approach to create plausible land-use scenarios to support an investigation of future change and 
vulnerability to additional sewer overflows.  

For the RDM analysis, we developed land-use scenarios to represent three plausible future 
conditions: Current Land Use, which assumes no change in population or impervious cover; a 
moderate-growth scenario; and a high-growth scenario. Land-use scenarios were developed 
through a two-step process. First, we identified possible future populations roughly 20 years 
from the present day, or 25 years from a 2010 baseline condition. Second, we used a method 
derived from peer-reviewed literature to estimate the change in impervious cover resulting from 
changes in population density for the combined service area (i.e., the portion of the ALCOSAN 
system that contributes stormwater into the combined sewer system). These steps, and the 
resulting land-use scenarios, are described in detail below.  

Population Growth 

The first step in creating the land-use scenarios was to identify plausible projections of future 
population in the ALCOSAN service area approximately 30 years into the future. For the 
moderate-growth scenario, we use a recent population projection provided by the Southwestern 
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Pennsylvania Commission (SPC), which projects 15-percent growth by 2046 (Table C.1; 
ALCOSAN, 2012d).  SPC has since revised its projections down, with new estimates projecting 
9-percent growth by 2040 (SPC, undated). We retain the higher SPC estimate as an upper bound 
on what demographers have recently considered a likely growth scenario, to which we refer from 
here on out as SPC Growth. In order to test a fairly extreme or bounding case, we also generated 
a separate high-growth scenario, termed 2xPGH, in which the population in Pittsburgh nearly 
doubles by 2046 (Table C.3), equivalent to a 2-percent annual increase. This also roughly 
corresponds to the city’s historical population peak. 

Both the earlier SPC population projection and the 2xPGH scenario initially had low spatial 
granularity within the City of Pittsburgh, whereas the most recent population estimates by SPC 
projects growth at the neighborhood level. In order to increase the spatial resolution of the land-
use scenarios, we distribute the regional projections in SPC Growth and 2xPGH scenarios 
proportional to the newer SPC (neighborhood-level) population estimates.   

In an exploratory analysis, we also investigated the possibility that population growth may 
not significantly increase impervious area by developing on existing impervious area only. 
However, we concluded that this would be an unlikely trend given historical patterns in 
Allegheny County over the past several decades, which showed continued sprawl even when 
population was declining in many cases. As a result, both scenarios envision a future of moderate 
sprawl, in which growth can potentially occur on any area except vegetated steep slopes (100-
percent permeable, greater than 15-percent grade).12 

Table C.3 summarizes the change in population for the combined service area, by basin, 
based on these two projections. Figures C.3 and C.4 show the corresponding change in 
population by subcatchment.  

                                                
12 The sprawl scenario does allow development on parks. In many subcatchments, they are coterminous with steeply 
sloped hillsides, so that, when we tested not allowing development on parks in MR, we did not see a major change 
in impervious cover. This is also because the parks are part of unpopulated subcatchments and see negligible growth 
even if their corresponding neighborhoods are projected to increase in population. 
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Table C.3. Population Projections for Each Land-Use Scenario, by Basin, Combined Service Area  

Planning Basin 
ALCOSAN Service 
Population (2010) 

SPC Growth Projected (2046) 2xPGH Projected (2046) 

Population 
Difference 

(%) Population 
Difference 

(%) 

CC 29,833 31,071 4 40,330 35 

LO/GR 13,583 15,054 11 17,941 32 

MR 142,663 169,262 19 281,731 97 

SM 29,492 32,797 11 55,606 89 

TC 9,488 11,318 19 11,318 19 

UA 42,663 47,188 11 75,116 76 

UM 25,276 30,662 21 41,169 63 

Totala 292,998 337,352 15 523,211 79 
a Totals slightly different from those in the ALCOSAN WWP because of proportional split population assignment 
methodology and some subsequent subcatchment changes in the geospatial file. 
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Figure C.3. Change in Population by 2046 in the Combined Service Area with SPC Growth 
Scenario 
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Figure C.4. Change in Population by 2046 in the Combined Service Area with the 2xPGH Scenario 

 

Estimating Impervious Cover Change 

The next step in the process was to estimate the change in impervious cover corresponding to 
SPC Growth and 2xPGH population projections. The basic approach is as follows: 

• Map population growth to each subcatchment. 
• Make an assumption about where new population would develop. Growth is 

proportionally distributed across all subcatchments, except those in the SWMM model to 
be 100-percent permeable with a slope greater than 15 percent (i.e., vegetated hillsides).  
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• Use an equation developed in Hicks et al. (2002) to estimate the change in impervious 
area based on a change in population density (see below for the equation). The change in 
total impervious area is calculated separately for each subarea of each subcatchment.13  

• TIA is conservatively assumed to result in a 70-percent addition to DCIA (ALCOSAN, 
2015c), which is the final parameter represented in the SWMM models.  

An important assumption in our method is the Hicks et al. (2002) equation for translating 
effective population density to impervious area: 

  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = ln
𝑇𝑇𝑇𝑇𝑇𝑇 ∗ 100− 95

−94
−0.0001094  

where 
POPDEN = population density, and 
TIA = total impervious area. 

 
This relationship was based on empirical data from the Greater Vancouver Sewerage and 

Drainage District, and it has since been applied by the U.S. Environmental Protection Agency in 
the southeast United States (Exum et al., 2005). The sigmoid curve gives a good fit at both low 
and high population densities, with the highest rate of change in the middle.  

To verify the trend for Allegheny County, we plotted total impervious area from each SPC 
municipality or Pittsburgh neighborhood14 by its 2010 population density (Allegheny County 
Division of Computer Services Geographic Information Systems Group and University of 
Vermont Spatial Analysis Laboratory, 2010). As seen in Figure C.5, this resulted in a reasonably 
close fit, except for industrial or riverfront redevelopment districts with relatively high amount of 
impervious cover for their populations (e.g., the North Shore vicinity around Rivers Casino and 
Heinz Field, which have high impervious cover but low population density).  

                                                
13 In many cases, subcatchments in the SWMM models are broken out into separate subareas that differentiate 
between permeable and impervious areas, as well as different slopes (e.g., zero, low, medium, and high slope areas). 
14 Impervious cover was determined using the Allegheny County 2010 1-m resolution land cover data set. 
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Figure C.5. Relationship Between Impervious Area and Population Density from Hicks et al. (2002) 
with 2010 Allegheny County Data 

 

Final Land-Use Scenarios 

This analysis includes three land-use scenarios. Current Land Use assumes no change in 
population or impervious cover from the original ALCOSAN SWMM models, which represent 
conditions in 2012. SPC Growth represents a future in which the region experiences moderate 
population growth by 2040, and 2xPGH represents an extreme growth scenario in which 
Pittsburgh nearly doubles in population. Table C.4 summarizes the final projected DCIA, by 
planning basin, for each of the three land-use scenarios, and Figures C.6 and C.7 show the 
change in DCIA by subcatchment.  
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Table C.4. Directly Connected Impervious Area for Land-Use Scenarios, by Planning Basin 

Planning Basin Current Land 
Use 

SPC Growth (2046) 2xPGH (2046) 

Acres Acres 
Difference 

(%) Acres 
Difference 

(%) 

CC 657 712 8 723 10 

LO/GR 306 321 5 335 9 

MR 3,900 4,251 9 5,300 36 

SM 429 466 9 535 25 

TC 119 139 16 144 21 

UA 1,432 1,507 5 1,541 8 

UM 866 944 9 948 9 

Total 7,709a 8,340 8 9,526 25 
a Totals are slightly different from those in the ALCOSAN WWP because of proportional split 
population assignment methodology and some subsequent subcatchment changes in the 
geospatial file. 

 

  



 

 31 

Figure C.6. Change in DCIA by 2046, SPC Growth Scenario 
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Figure C.7. Change in DCIA by 2046, 2xPGH Scenario 
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Appendix D: Stormwater Management Strategy Development 

In an effort to better understand and consider a range of possible solutions, we developed and 
tested several dozen strategies aimed at reducing sewer overflows, building off a core set of 
policy levers identified as relevant for the region that could provide either stormwater source 
reduction or near-term system capacity increases. Key policy levers identified include variations 
of broadly applied GSI, reductions in inflow and infiltration (I&I) through pipe and manhole 
repairs, upgrading the capacity of the treatment plant, and removing debris from the main 
interceptors in order to increase conveyance capacity.  

This appendix describes the scope and modeling assumptions used to develop individual 
policy levers or strategies representing combinations of levers, as well as an estimated cost range 
for each. 

GSI 

GSI encompasses a wide range of technologies and approaches for managing stormwater 
runoff, including rain barrels, rain gardens, bioretention, infiltration trenches, and green roofs  
(3 Rivers Wet Weather, undated-b). There are two mechanisms by which GSI can reduce 
overflows. First, GSI can remove runoff—either through infiltration or evapotranspiration—that 
would otherwise enter a combined sewer system. Second, GSI can act as distributed storage that 
can hold runoff during a rainfall event and slowly release it back into the combined sewer 
system. By delaying the release, GSI may increase the chance that the system will have adequate 
capacity to handle the stored runoff without contributing to an overflow (3 Rivers Wet Weather, 
undated-c). In this analysis, we consider a set of high-level GSI strategies, similar to those 
evaluated in ALCOSAN’s recent source control study (ALCOSAN, 2015c, Chapter Three). 
These strategies are applied using simplified criteria to the entire ALCOSAN combined service 
area, represent first-order approximations, and do not take into account site-level characteristics, 
constraints, or other key barriers to implementation. 

GSI Modeling Assumptions and Sensitivity Testing 

When modeling GSI in the SWMM model, there are more than a dozen parameters that can 
be adjusted to modify the configuration and performance of a GSI project. At a design level, 
many of these parameters will be site- and project-specific, and future designers and engineers 
will need to carefully consider the implications of different configurations. For the purpose of 
this high-level planning study, however, we define a simplified GSI template and focus on 
several key performance parameters.  
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We model all GSI as bioretention. Figure D.1 illustrates the general configuration of an 
installation. We assume a shallow berm to capture runoff, a soil layer to allow plant growth, and 
a gravel storage layer. Runoff can be removed from the system either through evapotranspiration 
or by infiltrating into the ground from the storage layer. We assume a drain-back pipe near the 
top of the storage layer, which will slowly release stored runoff back into the combined sewer 
system after the storage layer is full. Note that, by placing the drain-back pipe at the top of the 
storage layer, this design is intended to maximize infiltration.  

Figure D.1. Basic Configuration for Bioretention GSI 

 

 
 

Before finalizing the GSI strategies, we performed a sensitivity analysis to better understand 
the effect that various parameters have on the overall performance of a GSI installation or on a 
regionwide strategy. These are based on other recent investigations of large-scale GSI to support 
urban stormwater management, with a focus on ALCOSAN’s recent source control study 
(ALCOSAN, 2015b; District of Columbia Water and Sewer Authority, 2015; Philadelphia Water 
Department, 2009). We focus on four key performance parameters:  

• Impervious area controlled: A measure of the scale of a GSI strategy or installation. 
We test GSI strategies that are sized to control the runoff from 1 inch of rainfall over 10 
percent to 50 percent of total DCIA in the combined sewer system. 

• Loading ratio: The ratio of the tributary area of DCIA to the GSI footprint. We test 
strategies with loading ratios of 10:1 and 25:1. In other words, 1 acre of GSI will control 
runoff from either 10 or 25 acres of DCIA. Note that we keep the size of the GSI fixed, 
where each acre of GSI is sized for a 10 inch-acre volume. When adjusting the loading 
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ratio, we are changing only the acreage of tributary area that is assumed to be routed to 
the GSI installation. 

• Infiltration rate: The rate at which GSI infiltrates stormwater into the ground, thereby 
removing it from the system. Based on a review of soil profiles in the region, infiltration 
rates of 0.1 and 0.2 inches per hour were tested (U.S. Geological Survey Soil Survey 
Staff, undated).  

• Underdrain location: Figure D.1 illustrates the general configuration for bioretention in 
this study, with the underdrain placed near the top of the storage layer so as to maximize 
the opportunity for infiltration. We also test a configuration with the underdrain near the 
bottom of the storage layer, which would tend to release more runoff back into the 
combined sewer system.  

Figures D.2 and D.3 show the results from the sensitivity analysis, which are based on one-
year simulations using the Existing Conditions models and 2003 Typical Year rainfall. All GSI 
strategies are modeled as bioretention in the SWMM models, and GSI is applied only to 
subcatchments in the combined service area.15 The left pane of Figure D.2 shows the reduction in 
total system overflows for GSI strategies sized to control runoff from 1 inch of rainfall over 
10 percent to 50 percent of DCIA (assuming 72-hour drain-down time, 10:1 loading ratio, and an 
infiltration rate of 0.1 inches per hour). As expected, the overflow reduction increases roughly in 
proportion to the scale of the GSI strategy, with reductions ranging from roughly 0.44 Bgal./year 
up to 2.1 Bgal./year (compared with a baseline of 9.5 Bgal./year). The right pane of Figure D.2 
shows the overflow reductions for GSI strategies with two different loading ratios. In both cases, 
we assume that GSI is sized to control runoff from 1 inch of rainfall over 20 percent of DCIA 
(72-hour drain-down time and 0.1-inch/hour infiltration rate). At a 10:1 loading ratio (e.g., 10 
acres of tributary area for each acre of GSI), the strategy reduces overflow by roughly 820 MGal. 
With a 25:1 loading ratio, performance increases by nearly 60 percent, to 1.3 Bgal. of overflow 
reduction. Although the size of the GSI installation is the same in both cases, results suggest that 
placing GSI in high-flow sites that increase the amount of runoff that can be routed through a 
GSI installation can yield significantly better performance.  

                                                
15 In its source control study, ALCOSAN evaluated a mix of 95 percent bioretention and 5 percent green roof area. 
Because we are investigating the potential effect of a planning level, regionwide strategy (and many subcatchments 
would not have structures that would make green roofs cost-effective), the RAND team simplified this to support 
initial sensitivity testing. Green roofs are not simulated in the SWMM model in this analysis but are included as part 
of the cost uncertainty analysis for the final GSI strategies considered. 
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Figure D.2. GSI Performance as a Function of the Percentage of DCIA Controlled (left) and 
Loading Ratio (right) 

 

Figure D.3 (left pane) shows the GSI performance sensitivity infiltration rates of 0.1 and 0.2 
inches per hour (assuming 20-percent DCIA controlled, 72-hour drain-down time, and a 10:1 
loading ratio). Results suggest a moderate sensitivity to infiltration rates, with an 11-percent 
performance improvement with the higher infiltration rate.  

Lastly, the right pane of Figure D.3 shows the effect of the underdrain location (assuming 10-
percent DCIA controlled, 0.1-inch-per-hour infiltration rate, 72-hour drain-down time, and a 
10:1 loading ratio). The results suggest dramatically different performance depending on the 
location of the underdrain. Placing the drain at the top is designed to maximize infiltration, such 
that runoff is routed back into the combined sewer system only when the storage layer is full. 
Placing the drain near the bottom of the storage layer, by contrast, results in a much greater 
portion of the captured runoff being slowly released into the combined sewer system. In the case 
shown in Figure D.3, there is a 73-percent performance improvement when moving the drain to 
the top of the storage layer. Note that we also tested the sensitivity of GSI to the drain-down time 
associated with the underdrain and found a very minimal effect on performance when comparing 
24- and 72-hour drain-down times (not shown).  
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Figure D.3. GSI Performance Sensitivity to Infiltration Rate (left) and Drain Location (right) 

 
NOTE: Sensitivity to infiltration rate (left) assumes controlling 40 percent of DCIA. Drain location (right) assumes 
controlling 20 percent of DCIA with the underdrain placed either at the top or bottom of the storage layers (refer to 
Figure D.1). 

Final GSI Levers and Performance Assumptions 

We developed five GSI strategies based on planning-level assumptions regarding the 
placement, type, and performance of GSI throughout the combined sewer area. Table D.1 shows 
the key assumptions for each strategy. All GSI was modeled as bioretention in the SWMM 
model.  Because the performance of GSI is very sensitive to the assumed loading ratio (see 
Figure D.2), we include both 10:1 and 25:1 loading ratios in the final analysis to represent GSI 
performance uncertainty. As discussed above, when adjusting the loading ratio, we are not 
changing the size of the GSI installations, only the runoff that is routed to them. For example, 
under the GSI-10 strategy, we size GSI according to the volume of runoff from 1 inch of rainfall 
over 10 percent of all DCIA in the combined area. We then test the performance assuming either 
a 10:1 loading ratio (i.e., 10 percent of all DCIA would be routed to the GSI, which would be at 
full capacity during 1 inch of rainfall) or a 25:1 loading ratio (i.e., 25 percent of all DCIA would 
be routed to the GSI, and the capacity would be exceeded during a storm with 1 inch of rainfall). 
The latter assumption represents an optimistic GSI strategy in which projects are located at 
strategic, high-flow sites.  
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Table D.1. GSI Strategy Assumptions  

Strategy Name GSI Type GSI Sizing 

Infiltration Rate 
(inches per 

hour) Loading Ratio 

GSI-10 Bioretention 10% of DCIA with 1” rain 0.1 10:1 and 25:1 

GSI-20 Bioretention 20% of DCIA with 1” rain 0.1 10:1 and 25:1 

GSI-40 Bioretention 40% of DCIA with 1” rain 0.1 10:1 and 25:1 

GSI-40-HI  
(High Infiltration) 

Bioretention 40% of DCIA with 1” rain 0.2 10:1 and 25:1 

GSI-40-AOP  
(Art of the Possible) 

Bioretention 40% of DCIA with 1.5” 
rain 

0.2 10:1 and 25:1 

NOTE: Strategy names refer to the percentage of DCIA used to determine the size of the GSI. For example, 
GSI-20 is sized according to the volume of runoff from 1 inch of rainfall over 20 percent of DCIA in the 
combined sewer area. 

 
Table D.2 shows the total storage volume for each GSI strategy, the GSI footprint, and area 

of DCIA from which runoff is routed to the GSI assuming either a 10:1 or 25:1 loading ratio.  

Table D.2. Total GSI Installed, by Strategy 

Strategy Name 
Total GSI Storage 

Volume (Mgal.) 
Total GSI Footprint 

(Acres) 

Tributary Runoff Area 
DCIA; 10:1 Loading 

Ratio (Acres) 

Tributary Runoff Area 
DCIA; 25:1 Loading 

Ratio (Acres) 

GSI-10 26 97 971 2,427 

GSI-20 53 194 1,943 4,857 

GSI-40 106 389 3,886 9,715 

GSI-40-HI 106 389 3,886 9,715 

GSI-40-AOP 158 389 3,886  9,715 

 

GSI Capital Costs 

Literature shows a wide variation of potential GSI capital costs, both based on observed costs 
from completed projects and on engineering, or “bottom-up” cost estimates (Copeland, 2016; 
ALCOSAN, 2015a; District of Columbia Water and Sewer Authority, 2015; Water Environment 
Federation, 2015; Favero, 2014; O’Donnell et al., 2014; Valderrama et al., 2013; Milwaukee 
Metropolitan Sewerage District, 2013; Odefey et al., 2012; New York City Department of 
Environmental Protection, 2010; Roseen et al., 2010; Philadelphia Water Department, 2009). 
The capital costs assumed in this analysis are adapted from the Alternatives Costing Tool (ACT), 
which was used by Philadelphia Water and ALCOSAN for cost estimates in each of their 
stormwater management plans. We use direct construction costs assuming improved 
development practices and economies of scale directly from the ACT (Philadelphia Water 
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Department, 2009, Table 2.3.1-6). Construction costs are assumed to be “retrofit” rather than 
“redevelopment.”  

According to the ACT, retrofits are roughly 30 percent more costly because redevelopment 
includes only the marginal cost of construction when redevelopment work is already taking place 
(Philadelphia Water Department, 2009). Direct construction costs are adjusted for location and 
inflation, and we add adjustments to account for non-construction costs (Table D.3). The net 
effect is that the assumed capital costs are 69-percent higher than the direct construction costs. 
Note that the total capital cost includes engineering and design, materials and installation, 
contractors’ profits and overhead, and a construction contingency, but does not include the value 
of land. Also note that, unlike in the ACT, the percentage adjustments are not cumulative. For 
example, engineering and design are assumed to be 20 percent of only the direct construction 
costs (not including contingency or overhead and profits). In addition, we include a 25-percent 
construction contingency but do not add a separate project contingency to the capital costs. 
Instead, we explore a wide range of potential costs, which we assume accounts for the possibility 
of further cost overruns. 

Table D.3. Construction Cost Adjustments Used to Estimate Final Capital Costs (%) 

Cost Category Adjustment 

Construction contingency 25 

Overhead, profits, and indirect costs 24 

Engineering and design 20 

Total adjustment 69 

NOTE: Cost adjustments are applied to the location- and inflation-
adjusted direct construction costs, which assume retrofit projects with 
improved development and economies of scale (Philadelphia Water 
Department, 2009, Table 2.3.1-6). Non-construction cost adjustments 
are adapted from the ACT. However, unlike the ACT, percentage 
adjustments are not cumulative and do not include a separate project 
contingency. We assume an additional 20-percent increase in the 
capital cost for the GSI-AOP strategy to account for the increased 
storage capacity.  

The final capital cost estimates we used are shown in Table D.4. The wide range is based on 
the minimum, mean, and maximum construction costs from the ACT (adjusted to capital costs as 
described above). We believe that the wide cost range better represents the uncertainty associated 
with large-scale green infrastructure adoption in the region. As a point of comparison, 
ALCOSAN assumed a cost of $313,600 (2010 dollars) per impervious acre controlled, based on 
the assumption that 95 percent of GSI would be the lower-cost alternatives (bioretention, 
permeable pavement, or subsurface infiltration) and 5 percent would be green roofs (ALCOSAN, 
2015b). PWSA’s draft green infrastructure assessment established a similar range for GSI capital 
costs, from $324,000 to $432,000 per impervious acre (2016 dollars) (PWSA, 2016b, p. 7-1). 
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Table D.4. GSI Cost Assumptions (Dollars per Acre Controlled) 

GSI Type Low Nominal High 

Bioretention, permeable pavement, or  
subsurface infiltration 

154,000   285,000 554,000  

Green roof 571,000  672,000  772,000 

NOTE: Cost values were adapted from the ACT, assuming retrofits with improved development practices and 
economies of scale. Our low, nominal, and high costs correspond to its minimum, mean, and maximum values 
(Philadelphia Water Department, 2009).  

As discussed earlier, GSI was represented in the SWMM models as bioretention. However, 
for costing purposes, we assume that GSI could be a mix of the different control technologies 
and that the performance (in terms of reducing overflows) would be comparable to that of 
bioretention, as modeled in the SWMM model. Table D.5 shows the assumed mix between 
lower-cost GSI options (bioretention, permeable pavement, or subsurface infiltration) and 
higher-cost green roofs.  

Table D.5. Assumed Mix of GSI Types (%) 

GSI Type Low Cost Mix Nominal High Cost Mix 

Bioretention, permeable pavement, or 
subsurface infiltration 

100 95 85 

Green roof 0 5 15 

Reducing Inflows and Infiltration 
Groundwater inflows (GWIs) and rainfall-derived I&I (RDII), collectively referred to as I&I, 

result in a high volume of water—approximately 47 Bgal./year—entering Allegheny County’s 
combined and sanitary sewer systems, which contribute to overflow events (ALCOSAN, 2015c). 
I&I is the result of an aging sewer system with leaks in manholes, customer laterals, municipal 
sewers, and major trunk lines and interceptors, as well as some cases in which buried streams 
flow directly into the system. The process for reducing I&I typically involves a flow isolation 
study to identify target areas, repairing or relining pipes, and sealing manholes with watertight 
frames and covers. 

It is important to recognize that there is significant uncertainty in the level of I&I reduction 
that would result from a regional pipe or manhole repair effort. The strategies developed and 
tested here were largely informed by two recent studies from the Pittsburgh region. The first was 
an investigation of several pilot sewersheds for wastewater, inflows, and infiltration as a part of 
the Regional Collection System Flow Monitoring Program for 3 Rivers Wet Weather. At the 
neighborhood subunit level, excessive infiltration was found to vary greatly, affecting 
approximately 10 to 25 percent of all mainline pipes. In these areas, inflows and GWI were, in 
many cases, contributing 80 to 90 percent of total flows through the separated sewer system. 
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Three case studies documented cost-effective pipe rehabilitation programs, which involved 
repairing 11 to 39 percent of the infrastructure within the target areas and achieved a 40- to 
70-percent reduction of RDII. The case studies achieved a reduction in SSOs and life-cycle cost 
savings on the order of $14 million (Lennon et al., 2011; Lennon, 2014). 

The second source for I&I estimates is the ALCOSAN source reduction study, which 
provides estimates for the amount of I&I reduction for four levels of rehabilitation (ALCOSAN, 
2015c, Table 3-7). At the low end, the ALCOSAN study estimates a 15- to 30-percent reduction 
in volume and a 0- to 10-percent reduction in peak flow for point repairs for pipes in the public 
right of way. At the high end, the ALCOSAN study estimates a greater-than-70-percent 
reduction in volume and a greater-than-50-percent reduction in peak flows for a systemwide 
comprehensive rehab. Thus, ALCOSAN developed conservative, moderate, and aggressive 
scenarios with I&I reductions ranging from 10 to 20 percent. Its I&I strategies were based on 
selection criteria that targeted areas with high I&I for repair; two target areas were identified 
based on subcatchments with R-values greater than 6 percent or 8 percent (R-values are 
discussed in more detail in the following section). The study applied the conservative assumption 
that 100 percent of public sewers and manholes within a target area would need to be 
rehabilitated in an I&I reduction strategy to achieve these inflow reductions; the authors note, 
however, that sewer system evaluation surveys could identify subareas such that the “portion of 
the system requiring rehabilitation . . . could be less than half or even a third of the total area 
studied” (ALCOSAN, 2015c). 

I&I Reduction Levers and Assumptions 

We developed six possible I&I strategies based on two different target areas and three levels 
of reduction that may be achieved. Selection criteria were used to identify target areas with high 
RDII, the primary I&I contributor to overflows. The criterion is based on the average R-value in 
the RDII hydrographs in the SWMM models. An R-value is a measure of the rainfall that enters 
the sewer system through I&I, and it includes three separate values representing the short-, 
medium-, and longer-term responses to a rainfall event. Higher R-values indicate areas with 
higher RDII. We defined two target areas by finding subcatchments where the average annual R-
value is greater than 6 or 8 percent, consistent with the selection criteria used in the ALCOSAN 
source reduction study (ALCOSAN, 2015c). Figure D.4 shows the two target areas; note that 
they are in only the separated sewer systems. Table D.6 shows the estimated length of pipe and 
number of manholes within the two target areas.  

The length of pipe was estimated using a spatial join between the subcatchments that meet 
the selection criteria and a GIS database of the pipe network. The latter was developed from the 
June 2015 ALCOSAN “Conveyance and Treatment System with Regional Collection System 
Outfalls” map (ALCOSAN, 2015b), which includes greater detail about the network in the 
SWMM model up to the point of connection with service laterals. This GIS shapefile, however, 
did not include information about pipe diameter or other maintenance conditions, limiting our 
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analysis. We assume 15 manholes per mile of pipe, which is based on the average number of 
manholes per mile in the PWSA system and is largely consistent with the above conveyance and 
treatment system line segment data and satellite ground truthing (PWSA 2016a).16 

We tested three assumptions regarding the level of I&I reduction that may result from repair 
efforts in the target areas. The levels of assumed I&I reductions are shown in Table D.7, where 
R1, R2, and R3 are the short-, medium- and longer-term RDII responses, respectively. The 
process for implementing the I&I strategy was as follows: 

1. Identify RDII hydrographs where the average R-value is greater than the threshold for the 
target area (either 6 percent or 8 percent). 

2. Reduce each of the R-values in the target hydrographs by the appropriate percentage 
based on the assumed level of reduction (Table D.7). For example, when assuming the 
maximum reductions, each of the monthly R1-values (short-term response) of a target 
hydrograph would be reduced by 60 percent, and the R2 and R3 values (medium- and 
longer-term responses) would be reduced by 40 percent. A “floor” was applied such that 
the total average R-value could not be less than 3 percent. 

3. We assume that pipe repair efforts would reduce GWIs, which are likely to enter the 
pipes through the same mechanisms as longer-term RDII (R3), in addition to reducing 
RDII. We assume a reduction in GWI of 10 percent to 30 percent, similar to values used 
in ALCOSAN’s source reduction study (ALCOSAN, 2015c). To apply the reduction, we 
first estimated the component of an inflow that would be attributed to GWI using an 
approach deployed in Silcot (2015). For each inflow within a target area, we calculate the 
average daily flow (ADF), and we estimate the minimum daily flow (MDF) by averaging 
the flow rate from 12 a.m. to 5 a.m. for February through April. We then estimate the 
GWI for each node using the Stevens Shutzbach equation (Mitchell, Stevens, and 
Nazaroff, 2007): 𝐺𝐺𝐺𝐺𝐺𝐺 = !.!∗!"#

!!!.!∗ !"#
!"#

!"#!.! 

4. The above formula allowed us to estimate the GWI flow rate for each inflow within the 
target areas; the appropriate percentage reduction, as shown in Table D.7, was then 
applied only to the GWI component of the target inflows. 

                                                
16 The PWSA system consists of approximately 1,100 miles of pipe and 15,000 manholes; we assume that this ratio 
holds for the I&I target areas. 
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Figure D.4. RDII Sewer Rehabilitation Target Areas 

 

Table D.6. Estimated Pipe Length and Number of Manholes Within Target Areas for I&I Strategies 

RDII Threshold (%) 
Pipe Length Within Target Area 

(miles) 
Manholes Within Target 

Area 

8 610 9,150 

6 943 14,145 
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Table D.7. Three Levels of I&I Reduction Resulting from Pipe and Manhole Repairs in Target Areas 

Assumed Reduction RDII Reduction GWI Reduction (%) 

Low 10% in R1 
20% in R2 and R3 

10 

Mid 20% in R1 
40% in R2 and R3 

20 

High 40% in R1 
60% in R2 and R3 

30 

I&I Reduction Capital Costs 

Reducing I&I requires repairing pipes and manholes to reduce both RDII and GWI. The total 
strategy cost is a function of (1) the number of manholes repaired and the assumed cost per 
manhole, (2) the cost per linear foot to repair pipes, and (3) the assumed percentage of pipes in 
an area that need to be repaired in order to achieve the target I&I reduction. The latter two 
parameters are treated as scenario uncertainties in the final RDM cost-effectiveness analysis 
described in Chapter Five. 

Table D.8 shows the cost assumptions used in this analysis. The pipe repair costs are based 
on three data sources; the Low and Mid values are based on cost data from actual repair efforts in 
the region (ALCOSAN, 2015c) and the High value is the default for 8-inch pipes in Philadelphia 
Water Department (2009). Manhole repair costs were adopted directly from the Philadelphia 
ACT (Philadelphia Water Department, 2009, p. 25). Similarly to GSI costs, pipe and manhole 
repair costs were adjusted to account for engineering and design, as well as construction 
contingencies. Direct construction costs from the original sources were adjusted for location and 
inflated to 2016 dollars; we then added 20 percent for engineering and design and a 25-percent 
construction contingency (contractors’ overhead and profits are accounted for in the original 
construction costs). The result is an estimated pipe repair cost ranging from $86 to $222 per 
linear foot repaired. 

Table D.8. I&I Reduction Cost Assumptions and Uncertainty Range (2016 Dollars) 

Control Low Nominal High 

Pipe repair cost (per linear foot)a 86  144 222  

Manhole repair cost (per manhole) 4,000 
a Pipe repair costs assume 8-inch pipes, which was the approximate average diameter of targeted I&I reduction 
strategies in the ALCOSAN source reduction study (ALCOSAN, 2015c). 

A second important driver of cost uncertainty for I&I strategies is the percentage of pipes or 
manholes in a target area that would need to be repaired in order to achieve the target I&I 
reduction. Table D.9 shows the range used in this analysis. We assume at the high end of the 
range that 100 percent of pipes and manholes in a target area will need to be repaired. However, 
based on previous work, it is likely that flow-monitoring studies can be used to isolate relatively 
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small sections of pipe that contribute the majority of I&I, which can then be targeted for a more 
cost-effective repair strategy. We assume at the low end of the range that 20 percent of pipes and 
manholes within the target area would need to be repaired in order to achieve desired I&I 
reductions. The full range is represented in the RDM uncertainty analysis. 

Table D.9. Range of Pipe Repair Percentage Needed to Achieve a Given Target 

 Low Nominal High 

Percentage of pipes and manholes repaired 20% 40% 100% 

Treatment Plant Expansion 

Lever Description and Assumptions 

A key option considered in this study to reduce overflows in the near term would be to 
expand the capacity of the wastewater treatment plant located at ALCOSAN’s riverside 
facilities. As reported in the ALCOSAN draft WWP, the plant currently treats up to 250 MGD of 
wastewater. When the daily flow to the plant exceeds the 250-MGD limit, backups occur, 
leading to overflows throughout the system. An expansion of the ALCOSAN treatment plant 
would be faster and less challenging to implement than many other WWP components, since 
ALCOSAN already owns the land on which the new facilities would be built. The proposed first 
phase of expansion would expand the treatment capacity to 480 MGD of primary treatment, 
along with 295 MGD of secondary treatment. With the improved treatment facilities, flows 
during wet weather that exceed 295 MGD, up to 480 MGD, would be initially treated and 
disinfected before being discharged to the river. 

To incorporate this proposed plant expansion in the SWMM model, the pump properties 
governing the rate at which water leaves the system at the plant location were altered. The 
SWMM Existing Conditions model includes a pump curve, which governs the operation of 
pumps to control the water elevation in the wet well17 water elevation to the volume of water 
pumped. Along with the pump curve, rules that governed depths at which the pump would turn 
on and off were adjusted. As the wet well water elevation rises, the volume of water pumped out 
is increased according to the pump curve. ALCOSAN provided the RAND team with a copy of 
the proposed future system conditions characterized in a SWMM model, including the planned 
expansion of the treatment facility (personal communication with T. Prevost, May 6, 2016). We 
extracted the portion of the SWMM model representing the future pump curve and associated 

                                                
17 The wet well is a storage facility and key portion of the main treatment system at the ALCOSAN treatment plant. 
Main interceptors convey wastewater to the 11-story wet well, where it collects before being pumped into the first 
stage of treatment. Currently, the ALCOSAN wet well houses six pumps, which transport wastewater from the wet 
well to the treatment facilities at a rate of 128,000 gallons per minute (ALCOSAN, undated). 
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rules and included them in the Existing Conditions SWMM model to represent an expansion of 
the treatment plant alone. 

With the increased ability to treat incoming flow, regulator structures in the model were also 
altered to allow the system to transport greater volumes to the treatment plant than current 
conditions. ALCOSAN provided a list of regulator structures in the network and guidance on 
how these might be altered to increase system conveyance, with a caveat that the suggested 
alterations are first order approximations and would not necessarily match the final system 
design and operations when expansion is completed (personal communication with T. Prevost, 
May 6, 2016).  

Treatment Plant Expansion Capital Costs 

Table 10-1 in the draft WWP shows that the total cost of the treatment plant expansion to 480 
MGD is estimated to have a capital cost of $303 million (2010 dollars). Along with the increased 
main pump capacity, this accounts for the expanded secondary treatment, as well as on-site 
conveyance and disinfection. In our analysis, we assume that this capital cost could vary between 
–30 percent (low) and +50 percent (high) of the estimate, in the same manner as other planning 
cost assumptions in the WWP. This expanded cost range represents uncertainties, such as 
household wastewater rates, operation and maintenance costs, and bond interest rates, all of 
which will affect the final cost of the ALCOSAN WWP (ALCOSAN, 2012e, p. 11-58). 

Deep-Tunnel Interceptor Cleaning 

Lever Description and Assumptions 

Another option tested in our analysis focused on near-term improvements to the wastewater 
system itself is the cleaning of debris to expand the conveyance capacity of the existing main 
interceptor tunnels. The main interceptor tunnels run along the Allegheny, Monongahela, and 
Ohio rivers, carrying inflows from the ALCOSAN service area to the main treatment plant. 
These main interceptors combine for a total of approximately 30 miles of tunnel (ALCOSAN, 
2012b, p. 3-5, Table 3-1). Currently, gravel and other sediment accumulate as wet weather 
events wash debris into the stormwater system. The accumulation of material creates choke 
points along the main interceptors, which constricts the flow of wastewater to the treatment 
plant. These artificial capacity limits compound with the normal stress of wet weather events and 
contribute to untreated overflows along the system. Including this policy lever in some of the 
strategies tested is intended to quantify the overflow reductions that could be obtained from fully 
utilizing existing infrastructure.  

Among the stakeholders involved in this project, there are differing opinions regarding the 
feasibility of this strategy. Concerns have been raised over both the estimated cost and the 
permanence of the tunnel clearing. If the tunnels were cleaned only to have stream inflows 
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redeposit sediments within a few years, the strategy may not be cost-effective. Discussion is 
ongoing as to whether or not this effort could be undertaken in an affordable manner. 

In order to restore the system to its originally intended conveyance capacity, a number of 
drop shafts would need to be dug along the route of the main interceptors. Machinery would then 
be taken down through these drop shafts to clean accumulated debris from the tunnels. We 
represented the cleaning of the main interceptors in the SWMM model through two changes. 
First, we identified which sections of tunnel in SWMM model were representative of the main 
interceptors. These sections were found in the MR, UA, UM, and RBM. One attribute of tunnel 
sections in the SWMM model is the shape of their cross-sections. In the Existing Condition 
model, these portions of tunnel had a filled circular shape, indicating debris filling the tunnels 
and a reduced ability to convey wastewater flows. The cross-section shape of these tunnel 
sections was changed to circular to allow for the full use of the main interceptor. 

The second change to the SWMM model simulating the cleaning of the main interceptor 
tunnels was the removal of a handful of artificial “weirs”—elements that impede water flow—
which were placed into the model by ALCOSAN to show areas where choke points currently 
exist. The weirs connect two portions of main interceptor tunnel, although with a smaller 
diameter than either connected piece. Seven weirs in all were deleted from the ALCOSAN 
SWMM models. When a weir was deleted, the further downstream of the two main interceptor 
tunnel sections was extended upstream to join the corresponding tunnel piece.  

Interceptor Cleaning Costs 

The cost for this policy lever is estimated to be approximately $200 million (PWSA, 2016b). 
The dollar amount factors in the drop shafts that would need to be created to get cleaning 
machinery down into the tunnels, along with the cost of the cleaning itself. The nominal value of 
$200 million is used in this analysis when examining the cost and cost-effectiveness of cleaning 
the existing deep-tunnel interceptors. When exploring possible costs for this lever, a range of –30 
to +50 percent of the nominal cost is considered. 

Strategies and Policy Levers Omitted from the Final Analysis 
In addition to the four lever types described earlier—GSI, I&I, treatment plant expansion, 

and cleaning the main interceptors—we tested two strategy types that were not subsequently 
included in this analysis: 

• Stream daylighting or stream removal: Streams that previously flowed naturally 
through the regions are now buried and flow directly into the system and to the 
wastewater treatment plant. We performed a preliminary analysis to test the effect of a 
strategy to remove, or “daylight,” buried streams. We identified ten streams that 
contribute roughly 1.6 Mgal. per day into the system, and we subtracted those flows out 
of the appropriate SWMM models. Results showed very little effect on systemwide 
overflows. We attribute this to (1) the total volumes removed from the eight streams 
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being small relative to the overall system (1 to 2 percent of annual flows), and (2) our 
having modeled the stream volumes as a constant flow rather than rainfall-dependent 
flow. Further analysis is needed to better understand buried streams’ response to rainfall 
events, which will have a significant effect on their contribution to overflows.  

• GWI reduction: Initially, we developed an independent GWI strategy, separate from the 
I&I strategy discussed earlier. This strategy assumed that pipe repair efforts would be 
targeted in areas with high GWI. We exclude this strategy from this report because (1) 
although GWI contributes a much higher volume of water into the system, its 
contribution to overflows is lower than RDII, and (2) a pipe repair effort is likely to 
improve both RDII and GWI, as modeled in the I&I strategy discussed earlier.  



 

 49 

Appendix E: Final Design of Experiments 

The stormwater modeling analysis in this report consists of three phases. The first is a 
vulnerability analysis, which tests the performance of the existing stormwater and wastewater 
system under potential future scenarios (Chapter Three). For this analysis, we focus on 
vulnerabilities related to climate and land use. The second phase of analysis is screening 
potential strategies for reducing CSOs and SSOs (Chapter Four). For the screening analysis, we 
test strategies using a one-year simulation and provide an initial point estimate of cost-
effectiveness. The third and final phase is a full RDM quantitative scenario analysis, in which we 
test a subset of the screening strategies against the future wastewater customer connection, land-
use, and climate scenarios and incorporate cost and GSI performance uncertainties (Chapter 
Five). The following sections summarize the simulated scenarios and strategies for each of the 
three phases of the analysis. 

Vulnerability Analysis 

The vulnerability analysis is based on simulations using the Existing Conditions SWMM 
model, which represents the system as it existed in 2012. The vulnerability analysis consists of 
two wastewater customer scenarios, three land-use scenarios, and three climate hydrology 
scenarios (Table E.1), all described in Appendix C. Customer connection scenarios include 
ALCOSAN’s current and projected wastewater customers. Land-use scenarios include a 
baseline, which assumes no change in population or impervious cover; a moderate-growth 
scenario; and a high-growth scenario. In order to better represent year-to-year variability and 
estimate the average, each climate scenario in the vulnerability analysis includes a ten-year 
sequence. The first climate scenario is based on observed rainfall data from 2004 through 2013 
plus ALCOSAN’s 2003 Typical Year (adjusted 2003 rainfall). The remaining two hydrology 
scenarios provide climate-adjusted temperature and rainfall projections from 2038 through 2047.  

We considered a full factorial combination of all of these scenarios, resulting in 18 separate 
scenarios, or 706 scenario-year combinations. As noted in Appendix C, the two wastewater 
customer scenarios were included using a fixed factor rather than through SWMM model reruns, 
yielding a total of 353 scenario-year combinations run using the SWMM model for this phase. 
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Table E.1. Overflow Scenarios Evaluated in the Initial Vulnerability Analysis (All Combinations) 

Wastewater Customer 
Scenario Land-Use Scenario Climate Scenario 

Current Connections Current Land Use Recent Historical (2003–2013) 

Future Connections SPC Growth Higher Intensity Rainfall (HRM3-GFDL; 2038–2047) 

 2xPGH Higher Total Rainfall (MM5I-HadCM3; 2038–2047) 

Screening Strategy Analysis  
The screening strategies provide a preliminary evaluation of the performance of various 

stormwater reduction strategies and near-term infrastructure upgrades to reducing CSOs and 
SSOs. These strategies include variations of GSI, pipe repairs to reduce I&I, an expansion of the 
treatment plant capacity, and cleaning the main interceptors to increase conveyance capacity. 
Screening strategies are evaluated using a single scenario and year assumption: Current 
Connections, Current Land Use, and 2003 Typical Year rainfall. Table E.2 lists each of the tested 
screening strategies along with the total annual CSOs, SSOs, and total overflow (CSO plus 
SSO); the reduction in total overflow; and the nominal cost and cost-effectiveness for each 
strategy. The naming convention for the screening strategies is as follows:  

• Future without action: Future without action (FWOA) is the baseline for the strategy 
screening analysis, which is based on the Existing Conditions model and the average-year 
precipitation (modified 2003). All screening strategies are evaluated relative to the 
FWOA model results.   

• I&I The I&I label refers to pipe repair strategies that are aimed at reducing RDII and 
GWI, as discussed in Appendix D. The strategy is defined by the expected level of I&I 
reduction (low, medium, or high) and the target area for pipe repair (areas with R-values 
greater than 6 percent or 8 percent). For example, I&I High (6 percent) is the most 
aggressive I&I strategy and targets areas with R-values greater than 6 percent and the 
repairs yield a high level of I&I reduction (40-percent to 60-percent reduction in RDII 
and 30-percent reduction in GWI, as discussed in Appendix D). 

• GSI: There are five variations of GSI; the assumptions and parameters of those strategies 
are listed in Table D.1 in Appendix D.  

• Treatment plant expansion: The label 480 MGD refers to treatment plant expansion to 
a daily capacity of 480 MGD, up from the current capacity of 250.  

• Interceptor cleaning: The label Clean refers to cleaning the main interceptors to 
increase conveyance capacity.  

In total, we evaluated 30 strategies in this phase, with one scenario-year simulation for each. 
Results were then used to identify a subset of strategies for the full scenario comparison in 
Chapter Five. Table E.2 summarizes the performance and cost of each screening strategy, and 
Table E.3 shows the nominal cost breakdown for each strategy.  
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Table E.2. Summary of Strategies Considered in the Screening Analysis 

ID Strategy Name 

CSO 
Volume 
(Mgal.) 

SSO 
Volume 
(Mgal.) 

Total 
Overflow 
(Mgal.) 

Total 
Flow 

Reduction 
(Mgal.) 

Nominal 
Capital 
Cost ($ 

Millions) 

Nominal 
Cost-Eff. 
($/gal.) 

1 GSI-10 8,506 565 9,071 –436 296 0.68 

2 GSI-20 8,123 559 8,682 –825 591 0.72 

3 GSI-40 7,267 544 7,811 –1,695 1,183 0.70 

4 GSI-40-HI 7,086 537 7,623 –1,884 1,183 0.63 

5 GSI-40-AOP 6,970 535 7,505 –2,002 1,774 0.89 

6 I&I Low (8%) 8,493 509 9,002 –505 222 0.44 

7 I&I Low (6%) 8,442 485 8,927 –579 343 0.59 

8 I&I Mid (8%) 8,051 453 8,504 –1,002 222 0.22 

9 I&I Mid (6%) 7,958 410 8,368 –1,139 343 0.30 

10 I&I High (8%) 7,568 394 7,962 –1,544 222 0.14 

11 I&I High (6%) 7,402 332 7,734 –1,772 343 0.19 

12 480 MGD 6,571 404 6,975 –2,532 335 0.13 

13 480 MGD + Clean 5,803 409 6,212 –3,295 535 0.16 

14 480 MGD + GSI-10 6,179 401 6,580 –2,927 631 0.22 

15 480 MGD + GSI-20 5,810 398 6,208 –3,298 926 0.28 

16 480 MGD + Clean + GSI-20 5,073 403 5,476 –4,030 1,126 0.28 

17 480 MGD + GSI-40 5,118 393 5,511 –3,995 1,518 0.38 

18 480 MGD + GSI-40-HI 4,988 392 5,380 –4,127 1,518 0.37 

19 480 MGD + GSI-40-AOP 4,894 391 5,285 –4,222 2,109 0.50 

20 480 MGD + I&I Mid (8%) 5,914 312 6,226 –3,280 557 0.17 

21 480 MGD + I&I High (6%) 5,494 213 5,707 –3,800 678 0.18 

22 480 MGD + Clean + I&I Mid (8%) 5,293 317 5,610 –3,897 757 0.19 

23 480 MGD + Clean + I&I High (6%) 4,965 217 5,182 –4,325 878 0.20 

24 480 MGD + GSI-10 + I&I Low (8%) 5,845 352 6,197 –3,310 853 0.26 

25 480 MGD + Clean + GSI-10 + I&I Low 
(8%) 

5,173 357 5,530 –3,977 1,053 0.26 

26 480 MGD + GSI-20 + I&I Mid (8%) 5,162 307 5,469 –4,037 1,270 0.31 

27 480 MGD + Clean + GSI-20 + I&I Mid 
(8%) 

4,571 311 4,882 –4,625 1,470 0.32 

28 480 MGD + GSI-40 + I&I Mid (8%) 4,348 301 4,649 –4,857 1,740 0.36 

29 480 MGD + Clean + GSI-40 + I&I Mid 
(8%) 

3,801 304 4,105 –5,401 1,940 0.36 

30 480 MGD + Clean + GSI-40-AOP + I&I 
High (6%) 

3,438 205 3,643 –5,864 2,652 0.45 
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Table E.3. Nominal Costs, by Screening Strategy and Lever Type 

ID Strategy Name 
Nominal 
GSI Cost 

Nominal 
I&I Cost 

Nominal 
WWTP 

Upgrade 
Cost 

Nominal 
Interceptor 
Cleaning 

Cost 

Nominal 
Total 
Cost 

1 GSI-10 $296 $0 $0 $0 $296 

2 GSI-20 $591 $0 $0 $0 $591 

3 GSI-40 $1,183 $0 $0 $0 $1,183 

4 GSI-40-HI $1,183 $0 $0 $0 $1,183 

5 GSI-40-AOP $1,774 $0 $0 $0 $1,774 

6 I&I Low (8%) $0 $222 $0 $0 $222 

7 I&I Low (6%) $0 $343 $0 $0 $343 

8 I&I Mid (8%) $0 $222 $0 $0 $222 

9 I&I Mid (6%) $0 $343 $0 $0 $343 

10 I&I High (8%) $0 $222 $0 $0 $222 

11 I&I High (6%) $0 $343 $0 $0 $343 

12 480 MGD $0 $0 $335 $0 $335 

13 480 MGD + Clean $0 $0 $335 $200 $535 

14 480 MGD + GSI-10 $296 $0 $335 $0 $631 

15 480 MGD + GSI-20 $591 $0 $335 $0 $926 

16 480 MGD + Clean + GSI-20 $591 $0 $335 $200 $1,126 

17 480 MGD + GSI-40 $1,183 $0 $335 $0 $1,518 

18 480 MGD + GSI-40-HI $1,183 $0 $335 $0 $1,518 

19 480 MGD + GSI-40-AOP $1,774 $0 $335 $0 $2,109 

20 480 MGD + I&I Mid (8%) $0 $222 $335 $0 $557 

21 480 MGD + I&I High (6%) $0 $343 $335 $0 $678 

22 480 MGD + Clean + I&I Mid (8%) $0 $222 $335 $200 $757 

23 480 MGD + Clean + I&I High (6%) $0 $343 $335 $200 $878 

24 480 MGD + GSI-10 + I&I Low (8%) $296 $222 $335 $0 $853 

25 480 MGD + Clean + GSI-10 + I&I Low (8%) $296 $222 $335 $200 $1,053 

26 480 MGD + GSI-20 + I&I Mid (8%) $591 $343 $335 $0 $1,270 

27 480 MGD + Clean + GSI-20 + I&I Mid (8%) $591 $343 $335 $200 $1,470 

28 480 MGD + GSI-40 + I&I Mid (8%) $1,183 $222 $335 $0 $1,740 

29 480 MGD + Clean + GSI-40 + I&I Mid (8%) $1,183 $222 $335 $200 $1,940 

30 480 MGD + Clean + GSI-40-AOP + I&I High (6%) $1,774 $343 $335 $200 $2,652 
NOTE: Costs in millions of 2016 constant dollars. 

Final RDM Analysis  

For the final RDM analysis, we test a subset of the strategies against the future land-use and 
climate scenarios and include uncertainty about GSI performance (varying the inflow loading 
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ratio; see Appendix D). In this round of analysis, we add an additional set of scenarios that 
represent the capital cost uncertainty for each strategy, described in further detail below. The 
overflow scenarios are combined with cost uncertainty scenarios in order to support the final 
cost-effectiveness analysis with uncertainty.  

Strategies Considered 

As discussed in Chapter Four, we identified a subset of strategies to test against a range of 
uncertain scenarios in the RDM analysis. This subset is summarized in Table E.4.  

Table E.4. Strategies Considered in Final RDM Analysis 

ID Strategy Name 

Includes 
WWTP 

Upgrade 

Includes 
Interceptor 
Cleaning 

Includes  
GSI 

Includes I&I 
Reduction 

2 GSI-20   ü  

12 480 MGD ü    

13 480 MGD + Clean ü ü  ü 

15 480 MGD + GSI-20 ü  ü  

20 480 MGD + I&I Mid (8%) ü   ü 

22 480 MGD + Clean + I&I Mid (8%) ü ü  ü 

26 480 MGD + GSI-20 + I&I Mid (8%) ü  ü ü 

27 480 MGD + Clean + GSI-20 + I&I Mid (8%) ü ü ü ü 

29 480 MGD + Clean + GSI-40 + I&I Mid (8%) ü ü ü ü 

 

Overflow Scenarios 

Because of the high computing cost associated with running all basin models through many 
simulation years in the SWMM model, we limit the number of years in the climate scenarios 
compared with the vulnerability phase in this portion of the analysis. Computing resources were 
instead balanced toward evaluating a higher number of combined strategies. We test strategies 
against 2003 Typical Year rainfall and 2013, which is a close match to the average rainfall 
statistics observed from 2004 through 2013. For the future climate scenarios, we test strategies 
against the projected rainfall in 2047, which is the climate-adjusted version of 2013 and is 
similarly a close match to the average the climate-adjusted rainfall from 2038 to 2047.  

In this phase of analysis, we include a new scenario uncertainty dimension, GSI 
Performance, which varies a key performance parameter for GSI stormwater source reduction as 
identified in the GSI sensitivity testing (see Appendix D). In the Low GSI Performance scenario, 
we assume a 10:1 loading ratio. This implies that each acre of GSI captures runoff from 10 acres 
of DCIA, and the GSI is sized to capture runoff from 1 inch of rain (or 1.5 inches of rain in the 
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GSI-40-AOP scenario). In the High GSI Performance scenario, alternatively, we assume that 
GSI is strategically located in high-flow sites such that runoff from 25 acres of DCIA is routed to 
each acre of GSI (25:1 loading ratio). Table E.5 shows the scenarios used in the RDM analysis. 

Table E.5. Overflow Scenarios Evaluated in the Final RDM Analysis 

Wastewater Customer 
Scenario Land-Use Scenario Climate Scenario 

GSI Performance 
Scenario 

Current Connections Current Land Use 2003 Typical Year Low: 10:1 loading ratio 

Future Connections SPC Growth Recent Historical (2013) High: 25:1 loading ratio 

 2xPGH Higher Intensity Rainfall 
(2047) 

 

  Higher Total Rainfall (2047)  

 
We considered a full factorial combination of all of these strategies and scenarios except for 

GSI infiltration, which was included only for the seven strategies that include GSI investments. 
Strategies without GSI were considered against 24 unique scenario-year combinations, while 
strategies with GSI were evaluated in 48 scenario-years. This yielded (3 x 24) + (7 x 48) = 408 
unique cases run across all strategies and scenarios. As noted in Appendix C, the two wastewater 
customer scenarios were included using a fixed factor rather than through SWMM model reruns, 
yielding a total of 204 simulation-years run in the SWMM model for this phase. 

Cost Uncertainty Scenarios 

Chapter Five of this report also considers the range of plausible capital costs around the 
subset of strategies considered, again utilizing scenario analysis. Appendix D includes a 
discussion of each policy lever and strategy and the corresponding capital cost range estimated 
for each. We bring these together in the final RDM analysis using a separate sampling design for 
cost uncertainty, which is then combined with the overflow scenarios to generate the final 
scenario ensemble. 

Specifically, we utilized a Latin hypercube sampling (LHS) approach to develop an efficient 
sample across five cost uncertainty dimensions, summarized in Table E.6.18 LHS is a “space-
filling” statistical method to develop samples from multiple parameter distributions that helps 
ensure that the entire distribution of each parameter is sampled consistently and that the full 
range of parameter value combinations is considered (Inman, Davenport, and Ziegler, 1980; 
McKay, Beckman, and Conover, 1979). By contrast, simple random sampling may oversample 
the middle of the distribution and omit plausible combinations at the extremes and tends to 

                                                
18 The two GSI cost parameters (bioretention and green roof costs) were sampled jointly rather than independently 
to reduce the number of dimensions and yield a single GSI cost uncertainty range. 
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require greater sample sizes to cover the same parameter space. LHS is often used to develop 
efficient samples in support of RDM analysis and scenario discovery (Bryant and Lempert, 2010; 
Groves and Lempert, 2007; Lempert, Popper, and Bankes, 2003). 

Table E.6. Final Cost Uncertainty Parameters and Ranges for RDM Analysis 

Cost Uncertainty Low Nominal High 

Bioretention cost (2016 $ per acre controlled) 154,000  285,000  554,000  

Green roof cost (2016 $ per acre controlled) 571,000  672,000  772,000  

Percentage green roof (%) 0 5 15 

Pipe repair cost (2016 $ per linear foot) 86  144 222  

Percentage of pipes and manholes repaired (%) 20 40 100 

Treatment plant expansion cost (millions of  
2016 $) 

234 335  502.5  

Deep-tunnel interceptor cleaning cost (millions of 
2016 $) 

140  200  300  

NOTE: GSI costs (bioretention and green roof) were sampled jointly rather than independently, reducing the number 
of sampling dimensions by one. Costs reflect a conversion to 2016 dollars for a common baseline using a consumer 
price index inflator and therefore differ slightly from those listed in previous tables that draw from the original sources.  

We developed a 100-point LHS sample across the six cost uncertainty dimensions listed in 
Table E.6 and include several additional samples representing the extreme end points of the 
distribution (all values set to their lowest or highest values), as well as the nominal cost estimates 
described in Chapter Four. This yields a total sample of 103 points, which is combined with the 
48 overflow scenario-year combinations discussed earlier (48 x 103) to produce a final scenario 
ensemble of 4,944 uncertain futures. 
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