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Abstract 

The successful revitalization of urban centers depends on the consideration of both 

community needs and sustainability goals in planning decisions. Green infrastructure (GI) and 

low impact development (LID) are strategies that can reduce combined sewer overflows (CSOs) 

while enhancing the urban landscape. The Stormwater Management Model (SWMM) is 

commonly used to simulate the addition of GI/LID projects in urban areas and their impacts on 

stormwater management objectives. However, few tools exist that support the multi-objective 

optimization of GI/LID projects within SWMM models. To address this need, a new SWMM 

optimization tool was developed that connects SWMM with an existing optimization program, 

the Optimization Software Toolkit for Research Involving Computational Heuristics 

(OSTRICH). The optimization tool, OSTRICH-SWMM, was applied in a case study regarding 

the placement of GI/LID in Buffalo catchments. This study illustrates how OSTRICH-SWMM 

can be used to add GI/LID to catchments in a SWMM model and find the optimal placement of 

GI/LID that balances the number of CSO events, CSO volume, and/or pollutant loads with 

GI/LID implementation costs. GI/LID type was also optimized in a preliminary test considering 

the impact of rain barrels and permeable pavement on CSO volume. In the future OSTRICH

SWMM will be used to optimize other types of GI/LID and contribute to a broader decision 

support framework for urban land use, GI/LID, and stormwater management. 
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1. Introduction 

1.1 Background Information 

Urbanization and climate change are two of the most important challenges that need to be 

considered in urban stormwater management for the twenty-first century. By 2018, 55 percent of 

the world ' s population was living in cities, and this proportion is expected to increase to 68 

percent by 2050 (United Nations, 2018). Urbanization and its associated expansion of 

impervious surfaces creates imbalance in the hydrologic cycle by decreasing soil water that 

promotes infiltration, groundwater recharge and baseflow, and evapotranspiration (Ahiablame, 

Engel, and Chaubey 2013) while increasing runoff Subsequently, peak flows and flooding 

intensify while more pollution is introduced in urban waterways. 

The urban hydrologic cycle is also affected by climate change. In the Great Lakes Basin, 

average annual precipitation has been increasing for the past few decades, with some areas in the 

region experiencing a greater than 10% increase (Baule et al. , 2014). This trend can be attributed 

to rising frequency and intensity of extreme storm events. The precipitation trends observed in 

recent decades are projected to continue. Coupled with urbanization and land use changes, higher 

intensity storm events will increase flooding and pollution risks. 

Many communities in the Great Lakes region are especially vulnerable to high intensity 

storm events because they have combined sewer systems (CSS). These systems collect both 

wastewater and stormwater to be treated at a downstream wastewater treatment plant. In the 

Great Lakes Basin, 184 CSS serve over 30 million residents (U.S. EPA, 2016). Buffalo, New 

York is one of the major metropolitan areas in the basin that serves over 250,000 people with its 

CSS. During large storm events, stormwater runoff can exceed the capacity of the downstream 

conveyances and/or treatment facility, leading to a combined sewer overflow (CSO) event. In 
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2014, these events released an estimated 22 billion gallons of untreated wastewater and 

stormwater runoff into waterways in the Great Lakes Basin. Buffalo Sewer Authority (BSA) 

alone reported 296 CSO events with a total overflow volume exceeding 1.5 billion gallons in 

2014 (U.S. EPA, 2016). In addition to untreated sewage, CSO effluent contains non-point source 

pollutants like sediment, nutrients, bacteria, and heavy metals from urban stormwater runoff 

(Bedan and Clausen, 2009). This pollution threatens both public and ecosystem health in the 

basin that contains 84% of the fresh surface water in the United States. Recreational exposure to 

polluted waters after CSOs and Sanitary Sewer Overflows (SSOs), which occur during sewer 

line blockages or breaks, has been attributed to about 5,000 cases of illness annually at U.S . 

beaches (Moran, 2016). 

Green Infrastructure (GI) and Low Impact Development (LID) controls (rain barrels, 

permeable pavement, bioswales, green roofs, etc.) have the potential to solve this issue by 

creating conditions similar to those seen pre-development, which can restore the hydrologic 

balance at a site and improve surface water quality (Ahiablame et al. 2013). For example, 

Ahiablame et al. (2013) showed that implementing rain barrels and permeable pavement reduced 

urban watershed runoff, Total Phosphorous, and Total Nitrogen by 2-12%. In addition to helping 

achieve watershed management goals of reducing storm water runoff and improving surface 

water quality, GI/LID can provide many ecosystem and community benefits. Hoang and Fenner 

(2016) present many GID/LID benefits that include attenuating flood impacts, improving urban 

aesthetic and perception of neighborhood quality, providing recreation opportunities, improving 

air quality, and enhancing urban biodiversity and species richness. However, it is also important 

to note that GI/LID can have unintended negative impacts such as releasing volatile organic 

compounds, exacerbating pollen allergies, and accelerating neighborhood gentrification, where 
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rising property values from perceived neighborhood improvements can force low income 

residents out of their homes. These impacts are highly site specific, but should be considered in 

the GI/LID planning process. 

The numerous benefits of GI/LID have prompted many municipalities, including the City of 

Buffalo, to include GI/LID controls in CSO mitigation plans. However, determining the proper 

spatial allocation and investment in GI/LID to maximize benefits is a challenging management 

task (Yang and Chui, 2018). This study focused on developing and testing a management 

decision support tool for optimizing GI/LID types, sizing, and location to maximize benefits 

while minimizing implementation costs. 

GI/LID impacts on storm water runoff volume and quality are commonly simulated through 

the Storm Water Management Model (SWMM), a popular open-source code (Rossman, James, 

& James 2010). Many algorithms and tools have been developed for automatic SWMM 

calibration, the adjustment of model parameters to minimize the difference between observed 

and predicted values, and some have applied optimization approaches (Niazi et al. , 2017). Most 

algorithms and tools that calibrate model parameters use single-objective optimization to 

minimize model errors. In addition to model calibration, optimization techniques can be used to 

maximize the modeled system's ability to meet management goals by adjusting model 

components. 

Compared to available tools for SWMM calibration, there are not many state-of-the-art tools 

available that can do multi-objective SWMM optimization by balancing the tradeoffs between 

implementation costs and CSO reduction or other management goals. SUSTAIN (Riverson and 

Lee, 2012) and GreenPlan-IT (SFEI, 2015) are two distributed software tools that utilize plug-in 

extensions for GIS to prioritize sites for many different types of GI/LID and find the optimal 
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configuration. SUSTAIN's main limitation is that it is no longer being supported or developed 

by the EPA (U.S. EPA, 2018). GreenPlan-IT is still being developed, but it is currently written 

in FORTRAN, only runs on Windows, and has hard-coded parameters for the non-dominated 

sorting genetic algorithm (NSGA-II) that the user can' t adjust. Karamouz and Nazif (2013), Li et 

al. (2015), Ghodsi et al. (2016), Giacomoni and Joseph (2017), and Yang and Chui (2018) 

developed multi-objective SWMM optimization code for specific research projects. The 

application of these tools is limited because almost none are open-source and most employ only 

one optimization algorithm, which can be problematic because performance and computational 

time varies significantly for different optimization algorithms in stormwater management 

applications (Sebti et al. , 2016). 

1.2 Research Objectives 

A new SWMM optimization tool called OSTRICH-SWMM was developed to meet the need 

for an open-source tool that can support both single- and multi-objective optimization with a 

variety of algorithms. The name OSTRICH-SWMM is derived from its linkage between SWMM 

and the Optimization Software Toolkit for Research Involving Computational Heuristics, 

OSTRICH (Matott, 2017). The tool is a Python module that is freely distributed via a Github 

repository. The user can select from many heuristic (global search) optimization methods to find 

the optimal types, sizing, and location of GI/LID. OSTRICH-SWMM can directly modify a 

SWMM model to implement GI/LID and extract response variables from SWMM binary output 

files to calculate objective function values at each iteration of an optimization algorithm. 

The objectives of this study included developing OSTRICH-SMWM, highlighting its 

advantages over trial-and-error and other SWMM optimization tools, and demonstrating its use 

in single- and multi-objective optimization of GI/LID to meet both runoff volume and quality 

4 



goals. In addition, the effectiveness of rain barrels and permeable pavement in runoff 

management was evaluated. These objectives were considered in a series of numerical 

experiments for a case study of the BSA CSS SWMM model. 

The first set of experiments tested multi-objective optimization with OSTRICH-SWMM by 

maximizing CSO reduction while minimizing implementation cost through optimization of rain 

barrel placement. The next set tested the ability to select the most appropriate optimization 

technique for a particular management application by comparing the performance and 

computational time for different single-objective optimization algorithms available in OSTRICH. 

To test OSTRICH-SWMM's ability to optimize multiple types of GI/LID, the single-objective 

optimization algorithm with the best performance was applied to problem that considered both 

rain barrels and permeable pavement. Lastly, water quality parameters were added to the Buffalo 

SWMM model and a Total Suspended Solids (TSS) loading optimization analysis was conducted 

to demonstrate how OSTRICH-SWMM can be used to optimize rain barrel placement for runoff 

quality management. 

2. Methods 

2.1 Software 

2.1.1 SWMM 

The Stormwater Management Model (SWMM) is a freely available software for dynamic 

rainfall-runoff simulations that was developed by the U.S. EPA (Rossman, James, & James 

2010). SWMM can be used for either single event or long-term continuous simulations of runoff 

quantity and quality. It is typically used to model runoff in urban areas due to its routing 

functionality. Since it was first developed in 1971 , SWMM has become one of the most widely 

used modeling software for urban stormwater management throughout the world. The most 

recent version is SWMM 5, which will be applied in this study. 
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2.1.2 OSTRICH 

The Optimization Software Toolkit for Research Involving Computational Heuristics 

(OSTRICH) is an open-source, model-independent optimization program that can be used to 

implement a wide variety of optimization algorithms (Matott, 2017). Many of these algorithms, 

such as Asynchronous Parallel Dynamically Dimensioned Search (Tolson et al. , 2014), 

Simulated Annealing (Dougherty and Marryott, 1991), and Real-Coded Genetic Algorithm 

(Yoon and Shoemaker, 2001) are parallelized to speed up automatic calibration or optimization 

processes. Since it is model independent, OSTRICH has been successfully applied to different 

water resources and environmental modeling calibration and optimization projects (Bartelt-Hunt 

et al. , 2006; Matott et al. , 2006a; Matott et al. , 2006b; Matott et al. , 2009; Matott et al. , 2011 ; 

Matott et al. , 2012). Environmental modeling systems that have been linked with OSTRICH 

include FRAMES, the Framework for Risk Assessment of Multimedia Environmental Systems 

(Johnston et al. , 2011), and MESH, Modelisation Environmentale-Surface et Hydrologie 

(Haghnegahdar et al. , 2014). Similar to PEST (Doherty, 2004) and UCODE (Poeter and Hill, 

1999), OSTRICH is able to achieve model independence by using template files to adjust model 

inputs and parsing guidelines to extract model output. 
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(a) Direct Connection Approach (b) Wrapper Approach 

Results 

Figure 1: Alternative Approaches for Linking OSTRICH and SWMM5 

Typically OSTRICH uses the "direct connection" approach illustrated in Figure la. This 

approach is driven by model template files (model.tpl) that will be filled in with 

optimization/calibration design variables and a configuration file (OSTRICH config) that defines 

parameters such as the design variables, objective function, and optimization algorithm (Figure 

la). The template files include all of the required model inputs, but have design variable names 

instead of numerical values for certain parameters. OSTRICH uses these variable names to 

conduct "find-and-replace" operations, where the templates are filled in with the correct 

numerical values for that particular iteration in the optimization algorithm. Once the model 

inputs are complete and syntactically correct, OSTRICH is able to run the executable or script, 

such as SWMM5.exe, to start the model simulation along with pre- and post- processing 

operations. The model output is parsed by OSTRICH to extract response variable information. 

This process repeats until the optimization algorithm meets its stopping criterion. The 
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optimization results, including the optimal parameter set and objective function value, are stored 

in OSTRICH report files. 

2.1.3 OSTRICH-SWMM 

The "direct connection" approach is simple, but it is inappropriate for adding LIDs in 

SWMM. Inserting these components involves adding new sections to the input file describing the 

LID design parameters as well as adjusting the associated subcatchment' s area, width, and 

percent impervious/pervious area. The "direct connection" approach also does not provide the 

tools OSTRICH needs to parse the binary SWMM5 .out file. Therefore, adding LIDs to 

SWMM5 models requires the use of the "wrapper" approach shown in Figure lb. This approach 

is executed using OSTRICH-SWMM, a Python module that contains pre- and post-processing 

instructions that complete the linkage between OSTRICH and SWMM. 

OSTRICH-SWMM's interface includes a pair of JSON, JavaScript Object Notation 

(Severance, 2012), files and a SWMM5 .inp file that does not contain LIDs. Instead of directly 

manipulating the SWMM model template, OSTRICH manipulates a JSON template file with 

LID input parameters (OSTRICH-SWMM input) . This JSON template is fed into OSTRICH

SWMM, which fills in the SWMM model template with new LIDs and adjusts original 

subcatchments while maintaining the initial total subcatchment area (Model Input) . The area for 

each new LID is taken out of the existing "parent" subcatchment where it is located (Rossman, 

James, & James, 2010). OSTRICH-SWMM calculates the new "parent" subcatchment area by 

subtracting the total LID footprint area from the initial subcatchment area. The impervious and 

pervious area for the parent subcatchment are adjusted in a similar manner. If the number of 

LIDs is greater than one in a particular subcatchment, the total LID area is the product of the 
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number of the LIDs and the individual LID footprint area. The parent subcatchment properties 

are updated for each iteration of the optimization algorithm as the number of LIDs changes. 

OSTRICH changes the number and location ofLIDs in each iteration by manipulating the 

JSON template. Once the JSON input is processed and the new parent subcatchment 

characteristics are defined, the SWMM5 model with LIDs is run through the SWMM5 numerical 

engine. After a simulation is complete, OSTRICH-SWMM conducts post-processing using 

swmmtoolbox (Cera, 2018), a Python module that reads SWMM binary output files and extracts 

results of interest, such as notable flow events for a CSO outfall. OSTRICH-SWMM writes the 

extracted flow results to a .csv file that can be used by OSTRICH to evaluate the objective 

function and constraints. Another .csv file written by OSTRICH-SWMM contains the number of 

each LID type per subcatchment and the total number of each LID type added to the SWMM5 

model. Currently, OSTRICH-SWMM contains LID sub-modules for rain barrels and permeable 

pavement. The development of additional LID interventions ( e.g. vegetative swales, green roofs, 

etc.) is an ongoing effort and will require the implementation of corresponding Python sub

modules in OSTRICH-SWMM. 

In cases where the total LID area exceeds the available area in a particular subcatchment, 

OSTRICH-SWMM resets the number of LIDS to the maximum number that will fit and reports 

the number of excess LIDs that had to be removed. This case can be avoided by setting an upper 

bound of the maximum number of LIDs that can fit in each subcatchment. When multiple LID 

types are being considered, a constraint on the excess number of LIDs should be applied so that 

OSTRICH chooses realistic LID configurations. 
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2.2 Study Domain 

OSTRICH-SWWM was applied to different GI/LID optimization problems for the same 

submodel of catchments within Buffalo 's South Central sewer district that drain to CSO outfall 

number 27 on the Buffalo River (Figure 2). This outfall has an average of 34 CSO events per 

year (Open Data NY, 2018). The submodel was extracted from a full model of the Buffalo CSS 

(MalcomPimie/ARCADIS, 2014). To ensure that the submodel produced results similar to the 

full model, dummy conduits were added to simulate connections with the rest of the full model. 

The submodel divides a total area of 16.2 km2 into 163 subcatchments with an average area of 

0.1 km2 each. 
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Without implementing LIDs, the submodel predicts 29 CSO events with a total overflow 

volume of more than 132,500 m3 over the course of Buffalo's "typical" rainfall year of 1993, as 

established by MalcomPimie/Arcadis and BSA (2014). Total precipitation for 1993 was 982.2 

mm, which is within a 5% deviation from Buffalo's average annual precipitation of 1027.9 mm 

(U.S. Climate Data, 2018). Figure 3 shows that there is variety in the intensity and duration of 

the typical year storm events, but there are no extreme precipitation events beyond the 2-year 

storm. Most of the high intensity events occur in the summer and fall during this simulation year. 
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Figure 3. Rainfall intensity over the typical year 1993 used for analysis 

2.3 LID Parameters 

2.3.1 Rain Barrels 

Rain barrels are a suitable type of LID for reducing parcel-specific runoff in urban settings 

because they can be easily installed in densely packed residential areas where space is limited 

(Aad et al. , 2010; Walsh et al. , 2014). Table 1 shows the subcatchment properties for rain barrels 

and their associated rooftops that was used in the case study. 
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Table 1. Subcatchment properties based on Aad et al. (2010) 

Subcatchment Description Roof Rain barrel 
Parameter 284 L 
Area, m2 Area of subcatchment 153 .78 0.31 
Width, m Characteristic width of subcatchment, 13 .11 0.16 

hose circumference for rain barrel 
% slope Subcatchment slope 40 100 
% imperviousness Percent of subcatchment area that is 100 100 

. .
1mperv10us 

N-impervious Manning's n for flow over impervious 0.0115 1 
sub-area 

Dstore-imperv, in Depth of depression storage in the 0 0 
impervious sub-area 

%zero Percent of the impervious sub-area 100 0 
im erviousness with no de ression stora e 

In the SWMM input file , different types of rain barrels can be set up as LID controls with 

appropriate storage and drain parameters. The 284 L (75 US gallons) rain barrel was defined 

using the parameters shown in Table 2. The most important storage parameter for rain barrels is 

the storage height, which is determined from the barrel geometry. The drain coefficient can be 

calculated using Equation 1 (Rossman and Huber, 2016): 

C = 0.6 A3 .fig X 62,768 (1)
A1 

where C is the drain coefficient in mm0
·
5/hr. , A3 is the drain valve opening area (assuming a 

diameter of 0.75 in), A1 is the rain barrel surface area (diameter of24 in), and g is 32.2 ft/s2
. 

Without the conversion factor of 62,768, C is in the units of ft0
·
5/s. To convert to in°·5/hr. instead 

of mm0
·
5/hr. , a factor of 12,471 can be used. The drain delay (length of storage period before 

barrel is drained completely) can be varied to represent different irrigation demands or property 

owner practices, but it should be noted that a storage time over 48 hours increases vector 

potential, e.g. mosquitoes and other pests (Walsh et al. , 2014). 
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Table 2. SWMM LID Control Properties for a 284 L (75 gal) rain barrel 

LID Layer Parameter Value 
Storage Height, m 0.914 

Void Ratio Ignored 
Seepage Ignored 
Vclog Ignored 

Drain 0Drain Coefficient, mm · 
5/h 294.2 

Drain Exponent 0.5 
Drain Offset Height, mm 0 

Drain Delay, hr. 6 

In addition to assigning storage and drain properties for individual rain barrels, it is necessary 

to specify how the device functions within a subcatchment. The percent of the subcatchment' s 

impervious area treated by the rain barrel (Fromlmp¾) is adjusted by OSTRICH-SWMM based 

on the selected number of rain barrels and their associated rooftops. As shown in Table 1, 

rooftops are assumed to be 100% impervious. After the rain barrel receives runoff from the roof, 

any overflows and scheduled draining are routed to the pervious area of the parent subcatchment. 

Due to this routing, the rain barrel simultaneously acts as a rooftop disconnection, a strategy that 

reverses traditional designs where gutters route roof runoff directly into the drainage system. 

2.3.2 Permeable Pavement 

Permeable pavement is one type of LID that can be implemented in urban settings to reduce 

impervious area. The permeable pavement design parameters used for preliminary tests shown 

in Table 3 were based on work by Zhang and Guo (2014). In these tests, the permeable 

pavement sends flow to the drainage outlet and only receives runoff from rainfall that falls on the 

pavement itself (fromlmp¾ = 0). The area of an individual permeable pavement section is 100 
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Table 3. Permeable Pavement LID Control Parameters 

LID layer Parameter Value 
Surface layer Storage depth, mm 1.5 

Vegetative cover fraction 0 

Surface roughness 0.015 

Surface slope 1% 

Pavement layer Thickness, mm 200 

Void ratio 0.16 

Impervious surface fraction 0 

Permeability, mm/h 254 

Clogging factor 0 

Storage layer Height, mm 450 

Void ratio 0.63 

Filtration rate, mm/h 3.3 

Clogging factor 0 

Underdrain 0Drain coefficient, mm · 
5/h 1000 

system Drain exponent 0.5 

Drain offset height, mm 450 

2.4 Runoff Volume Optimization 

2.4.1 Baseline Measurement of Maximum GI/LID Impact 

Before applying optimization techniques, the maximum impact that rain barrels or permeable 

pavement could have on the number of CSO events (NCSO) and the total CSO volume (FVOL) 

was evaluated. Based on market prices (Rakuten, 2018), the cost of a single 284 L rain barrel 

was assumed to be $150. Table 4 shows the predicted results for the maximum practical number 

of installed rain barrels given the available area in the model. This arrangement was able to 

reduce NCSO from 29 events in the base model (i.e. no rain barrels) to only 4. Furthermore, 

FVOL was reduced by 88% relative to the base model. 

For this case study, the maximum number of permeable pavement installations was limited to 

the number of 100 ft2 sections that could fit in 5% of each subcatchment' s impervious area. 
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Purchase and installation costs for permeable pavement were assumed to be $4 per ft2
, or $400 

per 100 ft2 section (Low Impact Development Center, Inc. , 2018). This permeable pavement 

configuration only reduces NCSO to 26 and reduces the original FVOL by 7% for more than 

double the cost of the maximum RB condition (Table 4). The impact of permeable pavement on 

runoff volume could be improved by routing runoff from other areas of the subcatchment onto 

the pavement. Permeable pavement may also need to be applied to a larger proportion of each 

subcatchment's impervious area to be effective. 

Table 4. Maximum LID Impact 

Simulation NLID COST FVOL, m3 NCSO 
Base Model 134,287 29 

38,543 $ 5,781 ,450 16,440 4 
Maximum PP Im 32,034 $12,813 ,600 124,847 26 

2.4.2 Multi-Objective Optimization Problem Formulation 

One of the unique advantages of OSTRICH is that it can be used for either single- or multi

objective optimization (MOO). Pareto Archived Dynamically Dimensioned Search (PADDS) is 

one of several MOO algorithms in OSTRICH. Based on author guidelines (i.e. Asadzadeh 

and Tolson, 2013), PADDS was applied using a perturbation value of0.2, maximum number of 

iterations of 3,000, and the Exact Hyper Volume Contribution selection metric. Considering 

multiple objectives while optimizing the sizing and placement of rain barrels can address the 

conflicting objectives of different stakeholders, which is a critical component of stormwater 

management planning. The following MOO problems, each defined as the optimization of a 

vector composed of a pair of objective functions (Equations 2-4) were subjected to the same 

inequality constraint h1(a) (Equation 5). 
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Minimize F1 (f1 (a), f2(a)) Va E 0 (2) 

Minimize F2 (f1 (a),f3 (a)) v a En (3) 

Minimize F3 (f2(a), f3 (a)) Va En (4) 

Subject to : 

h1 (a) = ai - max(aa ~ 0 (5) 

Where a is a vector of decision variables in the decision space n (Equation 6), each f(a) is 

calculated from OSTRICH-SWMM response variables (Equations 7-9), and max(ai) is based on 

the total impervious area in a particular subcatchment (IAi) and the area taken up by individual 

rain barrels and their connected roofs (ARB and Aroof, Equation 10). 

a = [NRBi, NRB 2, ... NRBm] (6) 

f1 (a)= NCSO = number of CSO events over simulation period (7) 

fa (a)= FVOL = total CSO volume over simulation period (8) 

fa (a)= COST = 150 If=o ai (9) 

max(aa = IAJ(Aroof + ARB) (10) 

NRBi represents the number of rain barrels added to an individual subcatchment, with m being 

the total number of subcatchments. Since the h1(a) constraint was applied as an upper bound in 

OSTRICH-SWMM's selection ofNRB for each subcatchment, the use of a penalty function was 

not necessary. 

2.4.3 Problem Formulation for Comparing Single-Objective Optimization Algorithms 

OSTRICH has over 25 different algorithms to choose from for solving automatic calibration 

and optimization problems. To explore how different algorithms could be used with OSTRICH

SWMM, a single-objective GI/LID problem was solved using various algorithms, including: 
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Asynchronous Parallel Dynamically Dimensioned Search (ParaDDS), Simulated Annealing 

(SA), and Real-Coded Genetic Algorithm (RGA). 

ParaDDS is a parallel implementation of the DDS developed by Tolson and Shoemaker in 

2007 that uses simple, robust processes to find the global optimum (Tolson et al. , 2014). The 

algorithm was developed to solve computationally expensive automatic calibration problems, but 

can be easily applied to optimization problems. The serial version of DDS had proven to be more 

effective and efficient than Shuffled Complex Evolution (SCE) in solving high-dimensional 

automatic calibration problems. To parallelize DDS, ParaDDS runs DDS in series on separate 

processors and facilitates communication between processors. The current best solution is sent 

from the supervisor processor to an available worker processor which evaluates the candidate 

solution and creates a neighboring solution that is reported back to the supervisor processor. The 

supervisor processor selects the new best solution from the updated set of candidate solutions. 

This procedure repeats until the stopping criterion is met, i.e . the maximum number of iterations. 

Compared to the serial implementation of DDS, ParaDDS has improved performance in terms of 

computational efficiency and solution accuracy. 

Dougherty and Marryott (1991) applied the simulated annealing (SA) algorithm to 

groundwater remediation problems because it can handle large-scale optimization problems. SA 

follows the analogy of a controlled heating process that changes the properties of a material. 

Annealing involves heating solids to a high energy state where molecules are very mobile and 

cooling them slowly to encourage the formation of a low energy crystalline lattice. Rapid 

cooling or quenching prevents the solid from reaching the minimum energy state, and leads to 

imperfections in the material. In the SA algorithm, an initial temperature is decreased as the cost 

function is evaluated for each iteration. If the cost function has decreased with the current 
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iteration's design configuration, the new configuration is accepted. If the cost function increases, 

a probabilistic function is used to determine if the new configuration will be accepted. The 

potential for uphill moves allows for a wider exploration of the solution space. In the annealing 

analogy, greedy optimization algorithms that do not allow uphill moves can be seen as 

quenching techniques that could quickly reach a high energy state (local minima) instead of the 

minimum energy state (the global solution). 

RGA is another heuristic algorithm and is based on the phenomena of natural evolution 

(Goldberg, 1989). This algorithm involves manipulating a population of solutions using 

evolutionary operators like selection, mutation, and recombination to improve each individual ' s 

fitness (objective function value). Eventually the population converges towards an optimal fitness 

region and the individual solution with the best fitness is selected as the optimal solution. To 

implement a GA, design variables need to be coded so that they can be manipulated with 

evolutionary operators. In a real-coding GA, the real-numbered design variable is used in the code, 

as opposed to binary-coding GA (BIGA), where the design variables are represented as a set of 

binary numbers. In a groundwater remediation application, RGA was more computationally 

efficient and accurate than BIGA (Yoon and Shoemaker, 2001). 

For the comparison of the aforementioned algorithms, a constrained, single-objective 

optimization problem was formulated as follows: 

Minimize fa (a)= FVOL \fa E 0 (11) 

Subject to: 

h1 (a) = ai - max(aa ~ 0 (12) 

h2 (a) = COST - 2,500,000 ~ 0 (13) 

19 



The additive penalty method was applied using a cost factor of 100,000 to weight total cost 

constraint (Equation 13) violations. The conditions for each algorithm are shown in Table 5. The 

central tendency of 11 trials for each algorithm was used to characterize performance. All of the 

trials utilized two 16-core nodes in parallel, which affected the inner iterations for SA and the 

RGA population size. The SA and RGA convergence values were set to -1 .00 to force them to 

use the maximum number of iterations as the stopping criterion. Computational costs were kept 

consistent by ensuring each algorithm conducted a similar number of SWMM model evaluations. 

Table 5. Single-Objective Optimization Algorithm Conditions. 

Algorithm Parameter Value 
Asynchronous Parallel Dynamically Perturbation Value 0.2 
Dimensioned Search (ParaDDS) Maximum Iterations 1500 

Number of Initial Trials 100 
-----< 

Temperature Scale Factor 0.9 
Outer Iterations 42 

Simulated Annealing (SA) Inner Iterations 32 
---< 

Convergence Value -1.00 
Final Temperature 10 
Transition Method Gauss 
P_2pulation Size 32 

Real-Coded Genetic Algorithm 
(RGA) 

Maximum Generations 
Mutation Rate 
Survivors 

50 
0.05 
1 

---< 

Convergence Value -1.00 

2.4.4 Multiple LID Type Optimization Problem 

To demonstrate how different LID sub-modules in OSTRICH-SWMM could be used for 

GI/LID planning, the placement of permeable pavement and rain barrels in the Buffalo CSS 

submodel was optimized to minimize CSO volume (Equation 14) while meeting budget and 

space constraints (Equations 15-1 7). 

Minimize f(a, b) = FVOL Va, b E 0 (14) 
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Subject to: 

h1 (a)= ai - 0.25 max(aa ~ 0 (15) 

h2 (b) = bi - max(ba ~ 0 (16) 

h3 (a, b) = COST - 1,500,000 ~ 0 (17) 

Where bis an additional vector of LID decision variables in the decision space (Equation 18). 

b = [NPPi, NPP2 , ... NPPm] (18) 

max(bi) = 0.0S(IAa/App (19) 

COST(a, b) = I~0 (150ai + 400ba (20) 

NPPi represents the number of permeable pavement sections added to an individual 

subcatchment, with m being the total number of subcatchments. For this problem, max(ai) was 

limited to the 25% rain barrel implementation level and max(bi) was limited to the number of 

permeable pavement sections with area APP that could fit in 5% of the total IA(Equation 19). 

These upper bounds were set to avoid violations of the h1 and h2 constraints. Equation 20 reflects 

the previously mentioned installation cost assumptions. The additive penalty method was 

applied using a cost factor of 100,000 for violations of all three constraints. 

2.5 Runoff Quality Optimization 

2.5.1 Pollutant Selection 

TSS was selected as the pollutant of interest for the runoff quality optimization problem 

because changes in TSS concentration can have detrimental effects on aquatic ecosystems. High 

TSS levels can increase water temperatures, decrease dissolved oxygen (DO) levels, and inhibit 

photosynthesis in receiving waters (Fondriest Environmental, Inc. 2014). TSS is also associated 

with pollutants like dissolved metals and pathogens that attach to the suspended solids. Decaying 

organic matter, bacteria, protozoa, and viruses are likely to be present in the TSS of combined 
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sewer overflow (CSO) outfall effluent. Previous studies have also shown that this water quality 

parameter is correlated to TP concentrations in urban runoff (Bedan and Clausen 2009). 

The submodel's outfall location on the Buffalo River also contributed to the selection of TSS 

as the pollutant of concern. Many water quality problems in the Buffalo River stem from 

historical industrial pollution that left a legacy of contaminated sediments in addition to current 

non-point and point pollution sources (Buffalo Niagara Waterkeeper, 2018). These sources 

include 33 CSO outfalls in the Buffalo River watershed that create low dissolved oxygen, high 

turbidity conditions and also contribute to elevated levels of bacteria and heavy metals. Although 

significant progress has been made in Buffalo River clean-up efforts, GI/LID strategies could be 

used to reduce pollution from CSO events. Simulations with different rain barrel configurations 

within the Buffalo SWMM model were used to assess the effectiveness of rain barrels in 

decreasing TSS loads at CSO outfall 27 on the Buffalo River. A TSS loading optimization 

experiment was also conducted to highlight OSTRICH-SWMM's range of applications. 

2.5.2 Model Adjustments 

Before a TSS loading analysis could be done for the Buffalo study domain, water quality 

parameters had to be added to the submodel. Runoff quality is modeled in SWMM by calculating 

pollutant buildup during dry periods and wash-off during storm events (Rossman and Huber, 

2016). The amount of buildup per unit curb length or area over time follows a nonlinear pattern 

that is related to land use. The exponential function for buildup, b, is dependent on the maximum 

buildup, Bmax, the buildup rate constant, KB, and the buildup time interval, t (Equation 21). 

These parameters were defined for five different land use types based on a 2010 report by 

Tetra Tech that looked at the performance of stormwater best management practices (Table 6). 

These general definitions are for experimental purposes and should be updated once local 
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sampling and calibration based on concentration measurements are completed. Five different 

land use types were added to the submodel: parks/open space, low density residential, medium

high density residential, industrial, and commercial. 

b = B (1 - e-K8 t) (21)max 

Table 6. SWMM Buildup Function Definitions based on Tetra Tech 2010 report 

Name Buildup Max. Buildup Rate Buildup Buildup 
Function Buildup Constant Power/Sat. Normalizer 

(Scaling Factor) Constant 
(Time Series) 

Commercial Exponential 68.11 0.85 1.54 AREA 

Industrial Exponential 41.12 0.81 1.44 AREA 

LowRes Exponential 19.48 0.62 1.12 AREA 

MedHighRes Exponential 28.12 0.76 0.88 AREA 

ParkOpenSpace Exponential 4.18 0.31 0.87 AREA 

Wash-off occurs during wet weather events that can dissolve or erode pollutants that have 

built up on the land surface (Rossman and Huber, 2016). Often the amount of pollutant washed 

off at time t, W(t), is described using an exponential function (Equation 22). 

(22) 

Where mB(0) is the initial mass of pollutant on the surface and k is a coefficient that decreases 

with larger particle size and increases with higher runoff rates. The wash-off parameters applied 

to the submodel are shown in Table 7. No street sweeping/cleaning processes were included in 

the model, so wash-off was the only process that decreased the pollutant mass built up on the 

land surface. 
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Table 7. SWMM Wash-off Function Definitions based on Tetra Tech 2010 report 

Name Wash-off Wash-off Wash-off Wash-off Wash-off 
Function Coefficient Exponent Cleaning BMP 

Efficiency Efficiency 
Commercial Exponential 6.97 1.57 0 0 
Industrial Exponential 6.71 1.53 0 0 
LowRes Exponential 5.11 1.21 0 0 
MedHighRes Exponential 5.91 1.46 0 0 
ParkOpenSpace Exponential 2.11 1.02 0 0 

The fraction of each land use type for individual subcatchments was defined based on the 

2011 National Land Cover Dataset (Figure 4) as well as parcel data. The Intersection tool in 

ArcMap was used to calculate the area in a subcatchment polygon belonging to a particular land 

cover type (Figure 5). Post-processing involved summing the amount of each land use type for 

every subcatchment and combining some land use types to get the five types defined in the 

submodel. For example, forest, parks, and open space were all combined into one "open space" 

land use type. 
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Figure 4. 2011 National Land Cover Dataset (Homer et al. 2015) data for the study area 
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Once the land use analysis was complete, land use percentages for each subcatchment could 

be added to the Buffalo submodel. The pollutant of concern was also defined in SWMM as TSS 

in units of mg/L. Table 8 shows how the initial source concentrations were kept at zero, but the 

dry weather flow (DWF) concentration was set at 210 mg/L based on the medium concentration 

(120 gpd) for untreated domestic wastewater (Rossman and Huber, 2016). It is important to note 

that these parameters are based on assumptions for the purposes of demonstrating OSTRICH

SWMM's runoff quality optimization capabilities; this submodel could be calibrated by 

collecting field measurements of TSS in Buffalo catchments. Henceforth the modified submodel 

with water quality and land use parameters will be referred to as the WQ submodel. 

Table 8. TSS Pollutant SWWM Inputs 

Name Units Rain GW I&I DWF Init. Decay Snow 

Cone. Cone. Cone. Cone. Cone. Coeff. Only 

TSS MG/L 0 0 0 210 0 0 NO 

Rain barrels were implemented in the WQ submodel with the previously defined LID 

parameters. Since they were inserted as full subcatchments, the pollutant mass removed by each 

barrel was directly proportional to its impact on runoff reduction (Rossman and Huber, 2016). 

Therefore the pollutant removal efficiency for each rain barrel was equivalent to the fraction of 

roof runoff it could store during a storm event. Sediment capture in rain barrels could be 

encouraged by increasing the drain offset height. 
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2.5.3 Baseline Measurement of TSS for WQ Submode I 

With no LIDs added, the WQ submodel predicts 26 CSO events where the TSS concentration 

at the outfall exceeds 40 mg/L, the point where water begins to appear cloudy (Fondriest 

Environmental, Inc. 2014), while only 7 of those events exceed 210 mg/L, the DWF 

concentration (Figure 6). One possible explanation for the varying concentration is that there is a 

threshold between storms that cause wastewater dilution and storms that create enough runoff to 

cause erosion and make the TSS concentration exceed the DWF concentration. 

This relationship was explored by conducting simple linear regression analysis relating 

maximum TSS concentration to the maximum and mean rainfall intensity or inflow during CSO 

events. The most significant relationship was between the log transformed maximum rainfall 

intensity and maximum TSS concentration (Appendix A-1 , Figure 7), which had a high adjusted 

R2 and met the simple linear regression assumption of independent, homoscedastic, and normal 

residuals with a mean of zero. According to this relationship, TSS concentrations can be 

expected to exceed 210 mg/L at the outfall when maximum rainfall intensity for an event is 

above 8.2 mm/hr. This relationship could be used in the future to predict pollutant loads during 

CSO events, but for this study it helps characterize the system. Since it is possible that as flow 

volume is reduced, concentration will increase, it is more appropriate to use TSS load as the 

objective function for optimization of rain barrel placement. 
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Similar to the original submodel, the baseline outfall loading results were compared to the 

maximum RB impact in the WQ submodel (Table 9). In this model, rain barrels were only 

added to subcatchments with a majority medium-high density residential land use (106 out of 

163 subcatchments), which contain 61 % of the model ' s impervious area. Therefore the 

maximum NRB for the WQ submodel is 23 ,558, compared to 38,543 for the original submodel. 

Adding the maximum NRB to the WQ submodel results in a 51 % reduction in TSS loads and a 

55% reduction in FVOL. The baseline TSS load and total volume can be used to assess the 

effectiveness of different levels of RB implementation and pollutant loading optimization. 

Table 9. Baseline Outfall Loading and Maximum RB Impact on WQ Submode! 

Simulation NRB COST FVOL, m3 Total TSS Load, kg 

Base WQ Submodel 115,426 16,293 

Maximum RB Impact 23 ,558 $3 ,533 ,700 56,886 8,048 

2.5.3 Pollutant Loading Optimization Problem 

The following single-objective optimization problem was applied to the WQ submodel using 

OSTRICH-SWMM: 

Minimize f4 (c) = TS S = Total TS S loading at outfall, kg (23) 

Subject to : 

h1 (c) = Cj - max(ca ~ 0 (24) 

h2 (c) = COST - 2,500,000 ~ 0 (25) 

Where c is a vector of decision variables of length n, the number of subcatchments with a 

medium-high density residential land use percentage equal to or above 50% (n = 106). 

c = [NRBi, NRB2, ... NRBn] (26) 

Similar to the other single-objective problems, a penalty function with a cost factor of 100,000 

was used. ParaDDS with a perturbation value of0.2 and a maximum number of iterations of 
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1,500 was selected as the optimization algorithm. The trial was run with four 16-core nodes. 

Simulations for 10%, 25%, 50%, and 75% implementation of rain barrels in the same 

subcatchments used in the optimization trial were also run to assess the value of using 

optimization techniques for GI/LID planning. 

3. Results 

3.1 Multi-Objective Optimization Results 

A separate multi-objective optimization trial was performed for each of the two-objective 

functions. Optimizing F1 did not produce a Pareto front because NCSO and FVOL are not 

conflicting objectives - decreasing NCSO also tends to decrease FVOL (Figure 8). The single 

non-dominated solution predicts 4 CSO events and 17% of the original FVOL with the 

implementation of 28,573 rain barrels at a cost of $4,285 ,950. The dominated solutions, which 

have a higher NCSO or FVOL than the non-dominated solution, show that a particular NCSO 

value can be associated many FVOL values, and that the same FVOL value can be associated 

with different NCSO due to the variability in CSO event volume. 
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The minimization ofF2 produced a Pareto front containing four non-dominated solutions 

(Figure 9). A decision-maker can consider all of the solutions on the front and select the solution 

that aligns best with their priorities. By optimizing the rain barrel configuration in the model, the 

maximum impact of reducing NCSO from 29 to 4 can be achieved for a much lower cost. 

0 
0 
0 
0 - 0 
0 
l{) 
(") 

0 
0 

Cl),._ 
ro 
0 
0 
Cf) 
:::J -Cl)-
0 u 
ro 
0 

0 
0 
0 
0 
0 
l{) 
N 

-

-

0 i 
0 0 

0 

0 

0 

0 
0 

0 

8 

0 

0 0 

0 
O 

O 

0 
0 

O 

0 
0 

0 

0 
0 

0 

O 
0 0 

0 
0 
0 

O 

0 

O 
0 

,-

0 
0 
0 
0 
N 

0 
0 
0 
l{) .,.... 

Cl) 

~ ,._ 
ro 
co 
C 
·cu 
0::: .... 
0 ,._ 
Ql 

..Cl 
E 
::::i 
z 

I-

0 
0 
0 
0 
0 
l{) .,.... 

-

\ 
0 
0 
~ 

0 

0 

--+--
Dominated Solutions 
Non-Dominated Solutions 

0 
0 
0 
0 .,.... 

ro-0 
I-

I I I I I 

5 10 15 20 25 30 

Number of CSO Events 

Figure 9. NCSO and COST Multi-Objective Optimization Results 

Minimizing F3 produced a Pareto front with 99 non-dominated solutions (Figure 10). The 

significantly wider spread of the Pareto front can be attributed to the minimization of two 

continuous variables. The majority of solutions along the front have lower FVOL but higher total 

cost than the solutions on the F2 curve. The minimum FVOL solution on the front has 6 CSO 

events with 29% of the original FVOL. All of the MOO trials ran for 25 hours on 20 16-core 

nodes (320 processors). One model simulation on these nodes takes 40 minutes. 
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Figure 10. Multi-objective and constrained, single-objective optimization results for the FVOL 

and COST problem 

3.2 Single-Objective Optimization Algorithm Comparison 

Even though they were applied to the same constrained, single-objective optimization 

problem, the different algorithms did not reach the same optimal solution. ParaDDS was able to 

find the lowest median FVOL with the fastest computational time compared to SA and RGA, 

while SA had the lowest solution variability (Table 10). Figure 11 shows violin plots for each 

algorithm's 11 trial solutions, with the width of each plot representing the kernel probability 

distribution, the hinges of the box representing the interquartile range (IQR), diamonds marking 

the mean, and vertical lines marking the median. In this style of plot, the whiskers represent the 

farthest value within 1.5IQR from the upper or lower hinge, and any values outside this range are 

represented with dots. According to the Wilcoxon-Mann-Whitney test (Helsel and Hirsch, 1992), 

33 



the difference in FVOL between algorithms is significant. ParaDDS has significantly lower 

FVOL results than RGA and SA (p-value < 0.001), while SA finds slightly lower FVOL than 

RGA (p-value = 0.03795). Overall, ParaDDS performed significantly better than RGA and SA 

by finding the lowest FVOL within the cost constraint in about half the computation time. 

Table JO. Comparison ofresults from different single-objective optimization algorithms 

Objective Algorithm Run Average Average Median FVOL 
time, NRB Total Cost FVOL, m3 Standard 
hr. Deviation, m3 

Base Model NA 0.7 0 0 134,287 NA 
Maximum NA 0.7 38,543 $5 ,781 ,450 16,440 NA 
Im act 
FVOL DDS 60 16,647 $2,497,064 43 ,982 2,138 
FVOL SA 117 16,531 $2,479,691 49,626 1,544 
FVOL RGA 126 16,504 $2,465 ,545 51 ,53 2,907 
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Figure 11. Distribution ofminimum flow volume at outfall found by 11 trials ofdifferent single

objective algorithms 
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The median solution for each single-objective optimization algorithm is compared to the 

Pareto front found by the FVOL-COST MOO problem in Figure 10. The average solution after 

1,500 iterations of ParaDDS was able to get very close to the intersection of the FVOL and 

COST Pareto front and the cost constraint of $2,500,000. The RGA mean solution is close to the 

cost constraint but is not along the front because for many trials, the RGA algorithm got trapped 

in local minima. SA seemed to have less trouble with getting trapped in local minima, but may 

need more outer trials to allow more uphill moves, complete the cooling process, and find the 

global solution. For this constrained, single-objective rain barrel distribution optimization 

problem in OSTRICH-SWMM, ParaDDS had the best performance. Further research is needed 

to make a general recommendation for which algorithm in the OSTRICH package is best to use 

for optimizing GI projects. 

3.3 Multiple LID Type Optimization Results 

A simulation with the upper bounds of 25% RB and 5% PP implementation predicted a 3 7% 

reduction in FVOL and a reduction from 29 to 15 CSO events for a total cost over $14 million 

(Table 11). The FVOL minimization problem produced an optimal RB and PP distribution with a 

16% reduction in FVOL and 15 CSO events for a total cost of about $3 million. The significant 

violation of the $ 1.5 million cost constraint indicates that more iterations may be needed to reach 

a final solution. The hydrograph for the maximum volume CSO event shows that the optimal RB 

and PP distribution is able to reduce peak flows more than the maximum PP simulation, but the 

maximum RB simulation makes the most significant impact (Figure 12). 

Table 11. Multiple LID Optimization Results 

Simulation NRB NPP COST FVOL, m3 NCSO 
Base Model 134,287 29 

NRBandNPPU er Bounds 9,655 32,034 $14,261 ,850 84,216 15 
Minimize FVOL 4,404 5,864 $3 ,006,200 112,299 15 
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Figure 12. Flow at the outfall during the maximum volume CSO event for different simulations 

For this optimization problem, it is clear that rain barrels are more effective than permeable 

pavement in mitigating CSOs. The higher cost and lower impact of permeable pavement along 

with the $1.5 million budget constraint should have resulted in an optimal LID configuration 

close to the 25% RB simulation. However, the optimal configuration violated the cost constraint 

by implementing too many PP sections. Exploring the LID configuration for individual 

subcatchments revealed that the mean PP implementation level is lower than the mean RB level 

(Figure 13) and that the implementation distributions are significantly different (Wilcoxon

Mann-Whitney test, p-value < 0.001). The Wilcoxon signed-rank test (Helsel and Hirsch, 1992) 

shows that OSTRICH-SWMM tended to choose significantly higher RB than PP implementation 

levels for each subcatchment (p-value < 0.001). On average, the RB implementation level for a 

particular subcatchment was 16% higher than the PP implementation level. This indicates that 

OSTRICH-SWMM is able to recognize the higher impact and lower cost of rain barrels, but the 
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difference in implementation for each LID type is not as extreme as expected. Changing the LID 

parameters and increasing the upper bound for PP implementation could increase the impact of 

PP, while adjusting algorithm conditions or selecting a different algorithm could improve 

multiple LID type optimization performance. These results confirm OSTRICH-SWMM's ability 

to optimize the placement of multiple LID types to achieve management goals. 

pp 0 
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a. 
>, 
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0 
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0 25 50 75 100 

Implementation Level , % 

Figure 13. Distribution ofimplementation level, the percent ofthe maximum number ofLIDs for 

each subcatchment, for multiple LID type optimization problem 

3.4 Pollutant Loading Optimization Results 

To demonstrate how rain barrels can be used to meet runoff quality goals in addition to 

runoff volume goals, OSTRICH-SWMM was used to optimize the rain barrel distribution to 

minimize the TSS loading at the CSO outfall . The optimal rain barrel distribution significantly 

reduced the TSS loading throughout the simulation period of 1993 (Figure 14). For a total 

implementation cost of $2,484,750, the optimal solution reduces the total TSS loading to 9,035 
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. . 

kg and reduces FVOL by 45%. Figure 15 shows that the optimal distribution was able to lower 

TSS loading more than a linear increase in the same level of implementation across all 

subcatchments (an even distribution). Planners could use the optimal rain barrel distribution map 

shown in Figure 16 to decide which neighborhoods should be a priority for rain barrel programs. 
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Figure 14. TSS loading/or base model and optimal rain barrel distribution 
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4. Conclusion 

Sustainable storm water management is one of the top priorities in the Great Lakes Basin, but 

the conflicting objectives of different stakeholders need to be considered during the planning 

process. BSA is one stakeholder in the City of Buffalo, New York that plans on addressing the 

issue of CS Os while providing other community benefits through the implementation of GI/LID. 

Decisions for the proper investment and spatial allocation of GI/LID in Buffalo and other cities 

with combined sewer systems can be supported by a new open-source single- and multi

objective SWMM optimization tool, OSTRICH-SWMM. In a case study of GI/LID placement 

in Buffalo, applying the Pareto Archived Dynamically Dimensioned Search algorithm with 

OSTRICH-SWMM successfully produced a Pareto front of optimal rain barrel configurations 

that balanced implementation costs with CSO reduction. Decision makers could select any rain 

barrel configuration along the front as the preferred solution, providing them the flexibility to 

respond to the opinions of various stakeholders. 

OSTRICH-SWMM's large collection of heuristic optimization algorithms was explored in a 

comparison between Asynchronous Parallel Dynamically Dimensioned Search, Simulated 

Annealing, and Real-Coded Genetic Algorithm. For a constrained, single-objective rain barrel 

optimization problem, Asynchronous Parallel Dynamically Dimensioned Search had the best 

performance. This example demonstrated how different algorithms can be compared using 

OSTRICH-SWMM, but performance can be expected to be highly case specific. Further research 

is needed to make a recommendation for which algorithms should be used to optimize GI/LID. 

One of OSTRICH-SWMM's notable features is the ability to optimize the placement and 

sizing of multiple types ofLIDs through the implementation of Python sub-modules. For the 

Buffalo case study, the placement of rain barrels and permeable pavement was optimized using 
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Asynchronous Parallel Dynamically Dimensioned Search. The optimal LID configuration 

reflected permeable pavement' s higher cost and lower impact on runoff volume by selecting 

higher implementation levels of rain barrels for most subcatchments. However, this 

configuration violated the cost constraint. Future work may involve adjusting the optimization 

algorithm conditions to find the optimal LID configuration that accounts for the cost 

effectiveness of different LID types. The addition of Python sub-modules for other types of 

GI/LID is a part of OSTRICH-SWMM's ongoing development. 

Similar to previous studies, implementing rain barrels in the Buffalo case study significantly 

reduced TSS loading at a CSO outfall. Optimizing rain barrel placement with OSTRICH

SWMM was also able to reduce TSS loading more than an even rain barrel distribution across all 

subcatchments. This example highlights both the effectiveness of rain barrels in improving 

runoff quality and the advantage of using optimization techniques to achieve management goals. 

The series of optimization problems presented in this study emphasizes the advantages of 

OSTRICH-SWMM over other SWMM optimization tools and illustrates its potential in helping 

planners meet urban stormwater management goals. Since it is open-source, members of the 

scientific community can contribute to OSTRICH-SWMM and apply it to new GI/LID 

optimization problems that will in tum expand its functionality. Every municipality has its own 

unique issues, goals, resources, and stakeholders. With numerous algorithms to choose from and 

the ability to utilize parallel processing for either single- or multi-objective optimization, 

planners have the flexibility to conduct their own experiments and decide what optimization 

technique works best for them. Even though it is still being developed, OSTRICH-SWMM can 

already give planners the information they need to make smart GI/LID investments that will 

create lasting positive impacts on urban waterways and communities. 
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Appendix Al: WQ Submode! Baseline Analysis 

call: 
lm(formula = MaxTSSmgL ~ lnMaxRain) 

Residuals: 
Min lQ Median 3Q Max 

-43.201 -10.200 -0.469 13. 379 29.050 

coefficients: 
Estimate std. Error t value Pr(>ltl)

(Intercept) 65. 010 11.371 5.717 6.85e-06 
lnMaxRain 68.704 6.094 11.274 4.50e-11 

signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 ' ' 0.1 ' ' 1 

Residual standard error: 16.93 on 24 degrees of freedom 
Multiple R-squared: 0.8412, Adjusted R-squared: 0.8345 
F-statistic: 127.1 on 1 and 24 DF, p-value: 4.501e-11 

Figure A-1.1 R output for WQ submode! simple linear regression model oflog transformed 

maximum rainfall intensity vs. maximum TSS concentration 
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Figure A-1 .2 Plots for checking simple linear regression assumptions for model oflog 

transformed maximum rainfall intensity vs. maximum TSS concentration 
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