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ABSTRACT

A Data-Driven Decision Model
for Combined Sewer Overflow Management

using the Low-Impact Development Rapid Assessment Method

Noah Saber-Freedman

Mitigating the frequency and severity of Combined Sewer Overflows (CSOs) represents a
significant engineering and economic challenge in urban stormwater management (SWM). Low-
Impact Development (LID) methods are a decentralized approach for dealing with this
challenge. Current methods for estimating CSO mitigation efficacy and informing choices about
infrastructure solutions are typically based on simulation of the storm sewer network for
municipalities. The recent public availability of rainfall and CSO data represents a potential
opportunity to improve the quality of these estimates, as well as reducing the time it takes to
generate them.

A novel decision support model is presented which solves a Mixed Integer Program (MIP)
formulation of the Low-Impact Development Rapid Assessment (LIDRA) method algorithmically
to identify priority catchment areas for intervention with LID infrastructure, as well as the optimal
extent of investment, subject to different budgetary constraints. The reliability of the model is

improved by means of a Monte Carlo simulation.

This method is demonstrated with an open dataset from the city of Spokane, Washington,

but it is generalizable to other municipalities where storm and CSO data is available.



For my father, my teacher:
Dr. Aaron Jaan Saber,

who is now and always very deeply missed.



Table of Contents

LSS ettt vii
LIST OFf FIQUIES ...ttt ettt ettt e e st e e be e b e sbeessentessaensesbeensasseeneans vii
LISt OF TADIES ... viii
LIS} Ao =T U= (o) o 1T viii
LiSt Of VArTADIES ......oeieieeee ettt nae s iX
List Of ADDIeVIationsS........c..coviiiiie et X

1. INTRODUGCTION ...ttt e ettt e e e e en b e e e e e nbe e e e e e nnneeeeeannes 1
1.1 BACKGIOUNG. ...ttt b e sttt et a e bbbt et et et eaeebesbeneennen 1
1.2 Problem StatemeEnt....... ... et 1
1.3 ThesSiS CONTIIDULION ......ouiiiiiiee ettt nes 3

2. LITERATURE REVIEW ...ttt a e nenea e 5
2.1 Combined SeWer OVEITIOWS .........ccooiiiriiiiiieeee ettt 5
2.2 LID SYSIEMS ...ttt bbb h bt b et b ettt a e he b e nen 6
2.3 LID MOGEIING ..ttt ettt b e sttt et ese st e nen 9
2.4 COStS @Nd BENEFILS ......cueieiiiciicee e 10
2.5 DECISION MOGEIS.......c..oeiiiiiiiiiiiee ettt 11
2.6 Algorithmic Solutions of IP and MIP Problems ... 12
2.7 Monte Carlo Methods............ccoviiiiiniiic e 15

3. EXPLORATORY DATA ANALYSIS ...ttt eee e ee e 17
3.1 SEOMM DALA.......ceiee bbbttt ettt 17
3.2 CSO Data......ceeuiieeiee bttt 20
3.3 CSO-Shed Area Data ........cccccoviiniiiiiiiniciicceee e 21
BT =W o (o= A 0= - TSRO 24

4. IMETHODS ...ttt e e ettt e e oottt e e e e e s e e e e e e s et ee e e e seeee e e e neeeaeeeanteeeeeannreeeas 25
4.1 Low-Impact Development Rapid Assessment (LIDRA)........cccceeieirinineseeeeeeeesese e 25
4.2 Formulation of the TIme-TO-CSO IP........ccccoiiniiiiccce e 29
4.3 Algorithmic Solution of the TIMe-t0-CSO [P ..o 31
4.4 Formulation of the LIDRA MIP ..ottt 33
4.5 Algorithmic Solution of the LIDRA MIP ...t 36
4.6 Benefit-Cost ANAIYSIS .....c.coueiiiieie bbb 39



4.7 Demonstration of Robustness with Monte Carlo MethodsS...........oooeeeeee oo 40

ST S =] U I S PR PPPRRSPRRR 44
5.1 Minimum Depth-t0-CSO .......coiieeeececee ettt st st reeaaas 44
5.2 System Behaviour, DeterministiC Case.........cccvvieiiiiecereeee et 45
5.3 Solutions at Optimality, Deterministic Case .........ccoieeererieiiceeeeee e 48
5.4 Robust Analysis with Monte Carlo Methods...........cccooeiiiiiiiiineeeeee e 50

6. DISCUSSION ...ttt ettt e e e a et e e e e s et e e e e nb et e e e e anbae e e e annneeaeeans 54
6.1 The Availability Of Data...........cccoviririiiieee e 54
6.2 Determining the Minimum Depth t0 CSO ..o 55
6.3 LIDRA AIgorithm RESOIULION ........couiriiiiiiieiee e 57
6.4 Selection of DecCisSion VariabIes..........ccocviiiiiniiiiiice e 58
6.6 Alternate DeciSion MOEIS ...........coiiiiiiiiiie e 59
6.7 Robustness of the RESUILS ..o 60
6.8 Benefit-CoSt ANAIYSIS ......c.coiiiiiiiriereeee ettt 61

7. CONCLUSION . ...ttt e e e ekt e e e e sttt e e e e s et e e e e e nteeeeeaanseeeaeaanseeaeeaanseeaaeans 62

= aTo | g o L= J PP PPPPPPPPP 63

WOTKS CItEA ... 64

APPENDIX. ...ttt ettt ettt e bt e e et e e e e b e et e e e R e et e e e e ntb e e e e e ante e e e e e nnneeean 68

Vi



Lists

List of Fi

Figure 1:
Figure 2:
Figure 3:
Figure 4:
Figure 5:
Figure 6:
Figure 7:
Figure 8:
Figure 9:

Figure 10:
Figure 11:
Figure 12:
Figure 13:
Figure 14:
Figure 15:
Figure 16:
Figure 17:
Figure 18:
Figure 19:
Figure 20:
Figure 21:
Figure 22:
Figure 23:
Figure 24:
Figure 25:
Figure 26:
Figure 27:
Figure 28:
Figure 29:
Figure 30:
Figure 31:
Figure 32:
Figure 33:
Figure 34:
Figure 35:
Figure 36:

gures

Comparison of Separate and Combined SEWEer SYStEMS.......ccvviiiiiiiieeciiiee e e 2

(DL WY A W 1 o T G- [ o [T TSR 8
Three Examples of a Matching M on @ Graph G......occviviiiciiiiiiiiiee e 13
Histogram of Storm Depth (LOZ-10).......uueiieiiiieeeiiieee ettt e ree e e ree e e e arae e e e nrae e e eareeas 19

Histogram of Storm Duration (LOZ-10) .......cceeviieeciieiiie et esee e ste e see e ste e e e sareeseeeesnnas 19

Histogram of Storm INtensity (LOS-10) ...ccccueeiieeiciieeciee ettt e et eee et eeea e e sare e eeeeesnnas 20
Rain Gauge and CSO-Shed Delination for Spokane, WA. ... eciiiee e 23
Spokane Municipal Budget, 2016 - Utilities DIVISION .......cueeeiiciiiiiiiiee e 24
The Rational MELROMT ......co.uviiiiee e e e s aae e e srbreeessnaeeeeas 26

The Effect of a Change in the Runoff Coefficient C on RUNOff Q.....cccvveieeeiiieiciiieeeeiee e, 27
JAN T o= Y 1 = € -] ] ISR 30
Flowchart of the Greedy Local Search Algorithm ..........covviiiiiiiiiiic e, 33
Discretized MIP Solution Space (Two Decision Variables Shown) .........ccceccveiieicieeiccciee e, 37
Tl [Pd=Te M2 E [T e W - [ e 1] TSP 38
Estimation of CSO Volume from Depth-To-CSO, with randomness .........ccccccevvveeeeeeeeiccnnnennn.. 43
o Ty e =d =T g TWo] o | {613 QPP 44
Change in Volume Reduction With Cp ......coiieiiiiiiciee et 45
Max CSO Volume Prevented With CP.......iiociiiii it 46
Scatterplot of Benefit-to-Cost Ratio (VOIUME).......cccuiiiieiiiieeciee et 47
Scatterplot of Benefit-to-Cost With Cp (FrEQUENCY) ....eecuveeiiieeeiee et 48
Histogram of CSO Volumes fOr CSO33D .......uiiiiiiiiieeiiiieeeciiee e csree e vee e e vee e avae e s s 49
Histogram Of dt fOr CSO33D........uuiiiiiiiiie ettt ettt e e et e e e et e e e e tre e e e e are e e e enteeeeenraeesesnsenas 50
Histograms of Monte Carlo RESUILS .......ccicciiiiiiiiiiiceceeee et e e ee e s 53
Predicted Change to CSO Parameters in CSO02 .......ccccuiiieiiiieeeieiee e ceiree e eeteee e esiee e ssveee s e saveeas 69
Predicted Change to CSO Parameters in CSO0B ........cccuuveeeeciieeeieieeeeecttee e eetee e eetee e e vee e e e 70
Predicted Change to CSO Parameters in CSO07 ......ccoccuiieeiiiiieeieiee e ceiree e eeeee e esee e evee e s e saveeas 71
Predicted Change to CSO Parameters in CSOTL0 .......cocciiieiciieee ettt e et e e vee e e 72
Predicted Change to CSO Parameters in CSOL2 .....cooouiiiiiciiiee ettt eevee e e evee e e 73
Predicted Change to CSO Parameters in CSOLA ......coouiiiiiciee et erre e e e ae e e 74
Predicted Change to CSO Parameters in CSO15 ...ttt e e 75
Predicted Change to CSO Parameters in CSO23 ... i ceectrereee et e e e e e eanrneeee s 76
Predicted Change to CSO Parameters in CSO24A..........ooiiiieeeieiiee e cciee e eceee e esee e svee e e 77
Predicted Change to CSO Parameters in CSO24B..........cccuviieeeeeeeeciiieeee e eeecvreee e e e e e s snreeeee s 78
Predicted Change to CSO Parameters in CSO25 ...ttt e e e nerree e 79
Predicted Change to CSO Parameters in CSO26 ........cccuviieieiieeeiiciee e ceitee e eeieee e eeiee e svnee s saveeas 80
Predicted Change to CSO Parameters in CSO33A. ...t e eeerrree e e e e e nnaeeeee s 81

Vii



Figure 37: Predicted Change to CSO Parameters in CSO33B.......ccccciiiiieeeiiececiiieeeee e eecnrrre e e e e e e esnnrneeee s 82

Figure 38: Predicted Change to CSO Parameters in CSO33C....cccciiiiiiiieieeciieeeeciieeeeeiree e sesiree e e enveee e eareeas 83
Figure 39: Predicted Change to CSO Parameters in CSO33D.....cccuiiiiiiiiiieeiiieee et e e e e aee e e 84
Figure 40: Predicted Change to CSO Parameters in CSO34 .....ccovuiiieiiiiieeeiieeeeiiieeeesree e s ssree e s sneee s s e 85
Figure 41: Predicted Change to CSO Parameters in CSO38 ......ccccuiieeiiiiieeiiiieeeeiieeeeectee e e esareeeesnaeee s esaveeas 86
Figure 42: Predicted Change to CSO Parameters in CSO39 .....ccccciiieiiiiieeecieee e vee e e vee e e etee e s e eareeas 87
Figure 43: Predicted Change to CSO Parameters in CSOA0 ......coccuuiieiiiiieeeiiieeeeriieeeesree e s ssveee s sreee s esveeas 88
Figure 44: Predicted Change to CSO Parameters in CSOAL ......cccuiiieiiiieeeeeiieee et eectee e e vee e e aee e e e 89
Figure 45: Predicted Change to CSO Parameters in CSOA2 ......cccuuiieeiiieeeeeiieeeeecieeeeeetee e e sivee e e eveee s eeaveeas 90
List of Tables

Table 1: CSO SUMMANY StatistiCS....uuiiiiiiieiiiiiie et e e e s e e e sabee e e sabeeesesabeeeeenaseeas 20
B Lo LR O @ R o 1= AN =T TSR 21
Table 3: RUNOTT COBTIICIENTS ....eiiiiieieecee e et e st e e b ae e sate e sbeeesaees 37
Table 4: Shape and Rate Constants for GDF fitting dtCp ........ceeevviiiiiiiiiiie e 41
Table 5: Slope of the Linear Regression comparing dt and V .........ooeeeiiiiiciiiee e 41
Table 6: SUMMaAry STatiStiCs FOr ATCEX ...uviiiiiiiiiiiiee et e e e e e et e e e e e abe e e s eenbaeeeenneeas 44
Table 7: Optimality in the Deterministic CaSe ........uiiiiiiiiiiiiee e e e e e e s 49
Table 8: Optimality With RANAOMNESS .....ccceiiieeciiie ettt et e e et e e e e ate e e s e nbaee e eenneeas 51
Table 9: Sensitivity of the LIDRA Algorithm to Resolution...........c.ueeeeiiiiiciiiec e e 57

List of Equations

Equation 1: The Trivial Solution to an Integer Programming Problem...........cccocooiiiiciiii e, 14
Equation 2: The Cardinality of a Candidate SOlUtion Set.........cocciiiiiiiiiiiccee e e 15
Equation 3: The Rational Method for Predicting Surface Flow from a Rainfall.........ccccooeeiriiiiniinnninnnee. 25
Equation 4: The Rational Method (Complement Groundwater FIOW) .......cccceeeeiiiieecciiiee e e 26
Equation 5: LIDRA Equation for Flow in the Initial Condition .........ccoovviiiiiiiiiii e, 27
Equation 6: LIDRA Equation for Depth in the Initial Condition.........cccccuveeeiiiiiiiiiii e, 28
Equation 7: LIDRA Equation for Depth in the Final Condition .........cccccuiiiieiiiii e e 28
Equation 8: Modified LIDRA Equation for Depth in the Final Condition ........cccccevvveiiiiiei i, 28
Equation 9: CSO Mitigation CoONAItiON .....ccceieeiiiiiiei e e e e e e e e e e e e e snnraeeeee s 28
Equation 10: The TiMeE-t0-CSO IP......uuriiiiee ettt e e e e e e e et e e e e e e e e ssnnnreaeeeaaeesannnnraeeneaas 30
(o[ Lo ] I A O T = o T O O L PP PPTPPPPTPPPPRPPRE 32
Equation 12: Computation of dt by Linear INterpolation ..........cccceeeeeiiiee e e 32
EQUAtion 13: TRHE LIDRA MIP ..ottt ettt e e e e e e ettt e e e e e s e e nnb e e e e eaeeesanssbaaeeeaeeesannnnrannneans 34
o [VENd{o] o I 2R @oT 0 g o] U] =1 o] 4 e I 1 « PP 36



Equation 15: Derivation of Stormwater Storage Cost .........uuieeii it ee s 39

Equation 16: Benefit-Cost ANIYSIS ...cccuiiiiiiiiiee ettt ettt e e st e e e s tre e e e e abe e e s eabeeeeenbeeeeennreeas 40
Equation 17: Generation of Simulated CSO VOIUMES .......cccuviieiiiiiieccee et e e e e 42
Equation 18: Window for CSO-storm pairing metaheuristic condition..........cccceeeiiiniieiiiiiiee e, 56
Equation 19: Average Rainfall INtENSITY ...ccccuviiiiiie et e e e e e e e e 56

List of Variables

A = Area of Watershed [L?];

A; = The area of the i shed [L?);

Apea = Area of Rain Garden Bed [L’];

c = Runoff Coefficient, variable with land use [unitless];

Gy = Compound Runoff Coefficient, with LID implementation [unitless];
Cex = Extant Runoff Coefficient, prior to LID implementation [unitless];
D = Storm Depth [T];

dpea = Depth of Rain Garden Bed [L];

d; = The depth to CSO for the j™ CSO in the i shed [L];

d'ij = The simulated depth-to-CSO for the | event in the i shed [L];
d; = Cumulative depth of rainfall preceding a CSO [L];

decex = Minimum cumulative depth of rainfall preceding a CSO,

with LID implementation [L];
dicp = Minimum cumulative depth of rainfall preceding a CSO,

prior to LID implementation [L];

o~
1}

Storm Intensity [D/T];

k; = The cost of implementing the solution in the i shed [$];
K = The total budget of the project [$];
K = The cost per unit volume of stormwater storage [$/L°;
m; = The slope of the linear regression between d; and v
for the j™ event in the i shed [L%];
NO = The normal distribution function.
T = Storm Duration [T];
t = Time to Storm [T];



tcso =

tstorm =

Vstorage
X =

91']' =

List of Abbreviations

Cs
Cso
GLSA

LID
LIDRA
MIP
SWM
WW
WWTP

Equilibrium time for rainfall occurring at the most remote portion of the basin
to contribute flow at the outlet [T];

Date and Time of CSO Event [T];

Date and Time of Storm Event [T];

Peak Flow [L3/T];

Resolution of the LIDRA model [unitless];

The volume of the j™ CSO in the i shed [L%];

The simulated volume of the j™ event in the i shed [L’];

= Volumetric capacity of LID intervention [L%];

Binary decision variable indicating if i CSO-shed is in the solution set;
Binary variable indicating if the j" CSO in the i shed

is below the minimum depth to CSO;

The minimum depth to CSO in the i"shed [L];

The standard deviation of the CSO volumes in the ith shed [L3];

Void Ratio in Rain Garden Bed Soil Medium [unitless].

Combined Sewer

Combined Sewer Overflow

Greedy Local Search Algorithm

Integer Program

Low-Impact Development

Low-Impact Development Rapid Assessment
Mixed Integer Program

Stormwater Management

Wastewater

Wastewater Treatment Plant



1. INTRODUCTION

1.1 Background

Securing investment in stormwater sewers is challenging for municipalities, and it is
particularly difficult to make decisions about which regions of a given municipality should be
prioritized for intervention in the absence of sound data. Further, even if abundant data is
available, care must still be taken to operationalize said data in the context of informing

decisions about municipal infrastructure spending.

Despite their critical importance, sewers are largely invisible to the public, making
renovations and improvements a less-than-popular prospect for municipal governments. Indeed,
regardless of their necessity, the financial and environmental costs of renovating sewer
infrastructure can be seen as unpalatable — or even unnecessarily hazardous — as in the recent
case of Montreal’s renovation of the southeast interceptor (CBC News, 2015). This unpopularity
exacerbates the real environmental and public health costs associated with inefficient urban
stormwater and wastewater infrastructure by making discussion of its construction, repair, or
improvement taboo. Consequently, this places an increase in importance on reducing
infrastructure spending and increasing the efficiency of any notional stormwater management

system.

1.2 Problem Statement

Combined Sewer Overflow (CSO) is a frequent issue for Combined Sewer (CS) systems.
When a rainfall arrives that exceeds the design capacity for the sewer system, discharges of

effluent into a receiving water are a result. These discharges, which contain elevated levels of



contaminants and pathogens when compared to the discharges from dedicated Stormwater
Sewers (SS), represent an increased health and environmental risk to municipalities and
ecosystems. Figure 1 shows a simple representation of the difference between these two

systems:

Figure 1: Comparison of Separate and Combined Sewer Systems

This thesis attempts to answer two questions of interest to municipal planning professionals

who deal with Combined Sewer (CS) systems:

- “Where should municipal sewer infrastructure funds be disbursed?”

and,

- “What is the extent of the infrastructure spending that will achieve the best

results?”



Answering these two questions is important for both the efficient management of the health
and environmental risks due to CSOs, as well as making the best use of limited municipal
infrastructure budgets. These questions are answered by selecting Low-Impact Development
(LID) as the type of Stormwater Management (SWM) solution, as the LID approach is a
decentralized, cost-effective method for SWM which presents some major advantages over

more conventional SWM approaches.

1.3 Thesis Contribution

This thesis demonstrates a method that, given data on the time of onset and volumes of
CSOs for a large number of catchment areas under a municipal jurisdiction, and data on the
time of onset and depth of storms covering those catchment areas, will identify the catchment
area which will respond most favourably to a set infrastructure investment. In addition, the

method identifies the optimal extent of investment within that budget cap to minimize waste.

The method works by first solving an Integer Programming (IP) problem to compare storms
and CSOs in order to determine a critical parameter for each shed, the minimum depth to CSO.
Next, these solutions are used as inputs into a Mixed Integer Programming (MIP) problem which
describes the response of a CS system to rainfall, with the output being the maximization of the
effects of LID intervention given cost and space constraints. The reliability of the model is tested

with Monte Carlo methods and the introduction of random variates as input data.

Such an approach presents two immediate advantages. One of the advantages of this
approach is that, unlike most of the sewer infrastructure risk management approaches currently

in use, it does not require the surveying and simulation of a complete municipal sewer system,



but only needs information about the stormwater inputs and CSO volume outputs.
Consequently, this means that the method can be applied to new municipalities with relative

rapidity, making it useful for feasibility studies.

Another advantage is in scope: several decision support models currently in use are able to
identify the ideal mix of CSO mitigation solutions for a given catchment area, but there exist very
few models that identify the preferred catchment area for intervention from a set of catchment
areas are under consideration. By taking a broader view of where infrastructure intervention
should be done, rather than which interventions should be done, this method identifies
otherwise hidden opportunities for municipalities to maximize the impact of their potentially-

limited infrastructure budgets.



2, LITERATURE REVIEW

2.1 Combined Sewer Overflows

CS systems are a municipal sewer system design approach which integrates the domestic
wastewater (WW) system with the SWM system for a given municipality. It is an approach
which, at least initially, reduces infrastructure costs by avoiding the construction of two disparate
piping networks (Field, Sullivan, & Tafuri, 2004), but the relative benefits of the two design
approaches are still under debate (Toffol, Engelhard, & Rauch, 2007). With CS systems, there
is a risk that when a storm occurs which exceeds their design capacity, a CSO event can follow,

typically at a designed outfall into a receiving water body.

Much study has been done on the subject of environmental loading due to CSOs. Urban
stormwater runoff typically contains significant concentrations of priority contaminants
commonly found in raw sewage, as measured by the Five-Day Biochemical Oxygen Demand
(BODs), Chemical Oxygen Demand (COD), and Total Suspended Solids (TSS), as well as
nutrients such as Ammonia Nitrogen (NH4-N), and Phosphorus (P) (Lee & Bang, 2000)
(Gasperi & al., 2008) (Gupta & Saul, 1996). The latter two substances are an issue as they can
cause environmental problems such as eutrophication (Field, Sullivan, & Tafuri, 2004). Taebi
and Droste have compared pollution loads in urban runoff and sanitary wastewater (Taebi &
Droste, 2004), and CSO discharge can contain elevated levels of nutrients when compared to
the discharge of separate sewer systems (Brombach, Weiss, & Fuchs, 2005). There is also the
possibility of the presence of pathogens, such as fecal coliforms and Giardia (Davis & Cornwell,

2008), being passed directly to receiving waters.



More recently, substances in the category of Contaminants of Emerging Concern, which
include endocrine-disrupting substances such as the estrogens from birth control pills excreted
in human urine (Richardson & Ternes, 2005) (Battaglin & Kolpin, 2009) are presenting a
significant issue for aquatic ecosystems. Finally, there is an increased concern about the effects
of changing climate on municipal infrastructure, which may potentially exacerbate the

aforementioned issues (Yazdanfar & Sharma, 2015).

In short, the environmental contaminant loading due to urbanization is detected in water
quality, and this loading represents a significant infrastructure engineering challenge (Elliott &

Trowsdale, 2007).

2.2 LID Systems

Traditional SWM approaches involve the use of centralized engineering solutions (Field,
Sullivan, & Tafuri, 2004) but recent work has seen the rise of LID methods for dealing with
stormwater. The premise of LID - also called Sustainable Urban Drainage Systems (SUDS)
(Elliott & Trowsdale, 2007) - is to mimic the pre-development hydrological properties of a region

(Dietz & Clausen, 2008) (Montalto, et al., 2007).

Overall, LID decreases peak discharge depth and volume, while increasing the lag time and
runoff threshold when compared with more traditional SWM approaches (Hood, Clausen, &
Warner, 2007). There is some evidence that some LID methods, like constructed wetlands, may
remove some of the aforementioned emerging contaminants (Cahill, 2012). This suggests that
there may be a potential gain in efficacy from adopting alternative urban stormwater/wastewater

management approaches (Matamoros, Garcia, & Bayona, 2008). LID design typically



emphasizes distributed interventions like rainwater catchment cisterns, green roofs, permeable

pavement, and rain gardens (Montalto, et al., 2007).

Rainwater catchment cisterns are storage vessels which buffer the volumetric capacity of
the sewer system. They detain water on its path from the roofs of buildings to the CS system.
The stored water can also be used for irrigation, or other uses (Jones & Hunt, 2009). Cisterns
can provide a ready source of non-potable water for reuse, which is particularly important in

regions where water must be imported (Appan, 1999).

Green roofs, also known as “vegetated roof systems”, consist of vegetation that is grown on
the roofs (Cahill, 2012). Green roofs are a LID SWM approach with the advantage of
transforming contaminants as well as retain stormwater (Mulligan, 2002). They also have the
advantage of contributing to the thermal control of the building due to the evaporative cooling of
transpiration via the vegetation (Cabhill, 2012). Installing a green roof, however, can present a
significant engineering challenge, as the weight of the vegetation can contribute substantially to

the structural load on the building.

Permeable pavement is a LID SWM method consisting of a pervious medium above a
storage reservoir (Cabhill, 2012). For smaller storms, water avoids the sewer system completely,
but an overflow control structure is important for avoiding ponding on the surface of the road

during larger storms.

Rain gardens are a distributed stormwater detention method that reduce runoff volume and
mitigate peak discharge rates (Cahill, 2012), and, like green roofs, they have the added bonus
of being a bioremediation method, transforming contaminants into less harmful forms in the soil
matrix (Mulligan, 2002). A typical design for a rain garden consists of a bed of planting mix,

7



typically 18 inches in depth and sloped on the sides, above a drainage bed of gravel or washed
sand (Cahill, 2012). A riser with a domed grate and a sump is typically installed to put an upper
limit on the ponding depth. Plants are grown in the soil medium in order to keep the soil in place,
to conceal the water that pools in the garden, and to improve the extent of transformation of
undesirable contaminants that are washed into the garden. One of the advantages of rain
gardens is that they are rather pretty to look at, and this gives them a measure of flexibility as an
infrastructure intervention. Rain gardens constructed as ditches with a high length-to-width ratio
are frequently referred to as bioswales. A diagram of a rain garden can be seen in Figure 2
(Oregon State University, 2016). For the purposes of the method described here, rain gardens
are used to estimate the cost of the project, as well as the total land surface area to be

repurposed.

NATIVE PLANTS PER LANDSCAPE
ARCHITECT/DESIGER

23" MULCH

612" TYP
PONDING DEPTH

BERM AS NEEDED

BEEHIVE RIM

INSTALL LINER ABOVE
RIM EL

COMPACTED
STRUCTURAL FILL

EXISTING

Tt et ! GRADE
:-“‘--.__ e
j. e .
o 4
et g |
oW TR =
7z o i - L
g3 o e e e e I [ T e /-7 /
Eé P e — e £
W o e 1 /
E o9 b
i v P Ll /" JEXCAVATE AT STABLE
k 1 I I /'|'\ ‘\ ! SLOPE ANGLE FOR
4 CRUSHED ) NATIVE SOIL
GRAVEL =
COARSE SAND MIN SUMP DEPTH — . J ‘\ IMPERMEABLE LINER
Fareare AMENDED PLANTING SOIL
UNIFORMLY GRADED 6" PERFORATED HDPE FIPE,
STORAGE ROCK 5=0,0000 AREA DRAIN
UNDISTURBED MATIVE NON-PERFORATED OVERFLOW
SUBGRADE PIPE DIRECTED TO APPROVED

DISPOSAL POINT
3" -0 DRAIN ROCK, OPT
COMPACTED NATIVE SUBGRADE

Figure 2: Design of a Rain Garden



2.3 LID Modelling

A number of modelling approaches exist for assessing the efficacy of LID approaches for a
region (Yazdanfar & Sharma, 2015), including Chiew and McMahon’s Model for Urban
Stormwater Improvement Conceptualisation (MUSIC), Palmstrom and Walker's P8-UCM, the
Probabilistic Urban Rainwater and Wastewater Reuse Simulator (PURRS) of Coombes, Haith’s
RUNQUAL, the Source Loading and Management Model (SLAMM) of Pitt, and the Low-Impact
Development Rapid Assessment method (LIDRA). The latter method, developed by Montalto et
al. (Montalto, et al., 2007), seeks to evaluate the effect of LID SWM solutions for dealing with

CSOs.

LIDRA is based on the well-known Rational Method of hydrology (Bedient, Huber, & Vieux,
2008) (Yazdanfar & Sharma, 2015) (Montalto, et al., 2007), and parameterizes the effect of LID
technology application as a change in the dimensionless Runoff Coefficient C, which takes a
value between 0 and 1. Higher values of C indicate a reduced permeability — and, therefore,
greater runoff volumes. Importantly, LIDRA’s governing equations feature the parameter d;,
which corresponds to “the cumulative depth of rainfall preceding a CSO” (Montalto, et al.,
2007). Typically, CSO mitigation estimates are based on a simulated sewer response to a
known rainfall. This means that the sewer system for a given municipality must be modelled by
a pipe flow simulation software package like EPANET (USEPA, 2015) in order to produce
values for d, from known or simulated rainfall inputs (Montalto, et al., 2007) (Toffol, Engelhard,
& Rauch, 2007). Estimating d;, as described here, is faster than modelling the entire system

when storm and CSO data are abundant.



Even with the availability of abundant data, finding this critical value d; is not always a
straightforward affair; even though many municipalities keep excellent records of rainfall and
CSO volumetric flow rates and durations, these records are often decoupled from one another
and therefore a critical independent variable used in the LIDRA method may not be readily
available. Since a definitive causal relationship between storms and CSOs is not known for
each CSO in the set of events, and therefore the value d; is not immediately available, a Greedy
Local Search Algorithm (GLSA) is used to derive a value of d, for each CSO in the record so

that the minimum d;, indicated by d; .., can then be determined for each CSO-shed.

The following approach is presented with the caveat that correlation does not indicate

causation, but that correlationary data nevertheless retains some predictive power.

2.4 Costs and Benefits

Houle et al. rightly point out that the effective communication of LID cost is critical to
ensuring its implementation (Houle & al., 2013). Their analysis of the cost-benefit relationship
for LID methods includes volumetric storage and retention, as well as a discussion of
contaminant removal for TSS, phosphorus, and nitrogen. They compare maintenance costs for
LID with maintenance costs for conventional SWM and show that maintenance costs were lower
for “bioretention and subsurface gravel wetland” (Houle & al., 2013), which motivates the
selection of the rain garden solution as the means by which system costs are estimated in this

work.

Ariratnam and MacLeod note that when it comes to big infrastructure projects, everybody
wants to build and nobody wants to maintain (Ariratham & MacLeod, 2002). They perform an

economic analysis with benefit-cost ratio with the inclusion of the effect of interest, and the
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expected probability of deficiency. This probability of deficiency, first introduced in a report
prepared for the city of Edmonton and openly discussed in the literature, is a statistical
measure. This measure has some advantages, as it makes it possible to estimate the rate at
which the sewer system must be repaired, but it doesn’t give good localization for where the
failures are likely to occur. Wirahadikusumah et al. discuss methods for assessing sewers for
rehabilitation, discussing sophisticated survey methods involving robots and ground-penetrating
radar (Wirahadikusumah & al., Assessment technologies for sewer system rehabilitation,
1998), approaches which require time and skilled operators. Costs are not indicated in the

aforementioned work.

Modelling sewer infrastructure can be a complex and costly affair for large networks, and
gaining access to information about the condition of sewer pipes can be a significant project.
Cahill presents some straightforward cost estimates for LID infrastructure design purposes
(Canhill, 2012). These cost estimates are useful for estimates such as the one described in this
paper. The use of rapid assessment methods like LIDRA is intended to save time and money for
municipalities that have access to good-quality data about their CSO parameters. Finally, it
should be reiterated that LID presents significant advantages when compared with conventional

SWM methods both in terms of efficacy and cost (Houle & al., 2013).

2.5 Decision Models

Budgetary constraints on municipalities necessitate judicious CSO mitigation
infrastructure spending. It therefore follows that prioritization of CSO-sheds is a useful tool for
municipal infrastructure policy and planning. There exist many decision support models for
prioritizing infrastructure investment for existing, conventional sewers (Halfawy, Dridi, & Baker,

2008) (Wirahadikusumah, Abraham, & Castello, Markov decision process for sewer
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rehabilitation, 1999) (Fenner & Sweeting, 1999), but scholarly literature describes

comparatively few decision support tools available for LID infrastructure.

Ahammed, Hewa, and Argue discuss a model (Ahammed, Hewa, & Argue, 2012)
comparing LID technologies with Analytic Hierarchy Process (Saaty, 1990), a decision model
based on expert judgment. This approach, however, doesn’t make recommendations about
specific geographic regions for infrastructure investment. Nielson and Turney presented a
conference paper (Nielson & Turney, 2010) discussing optimization analyses for CSO control
with green infrastructure in the city of Indianapolis, IN. Again, this method focusses comparing
different solutions within one watershed. Finally, Sample et al. discuss decision support systems
for SWM from a Geographic Information System (GIS) standpoint (Sample & al., 2001), and
uses a linear program to evaluate LID SWM for a hypothetical study area. Lee, Heaney, and Lai

perform a similar analysis (Lee, Heaney, & Lai, 2016).

There seems to be a need for methods that rapidly compare CSO-sheds for LID
infrastructure investment priority instead of simply comparing different LID technologies within a
single catchment area, use real data instead of simulation modelling or expert opinion as
decision variables, and treat real regions of interest instead of hypothetical study areas. It is

hoped that the approach described in this thesis serves to fill that gap.

2.6 Algorithmic Solutions of IP and MIP Problems

There are many different forms that IP and MIP can take, and some of the forms are

common and well-studied. The maximum cardinality matching problem, for example, is a
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common |IP problem where the solution is a matching, M, on a graph, G, consisting of vertices

V, and edges E (Wolsey, 1998). Examples of M are shown in Figure 3.

Iﬁ c H G i:i
Figure 3: Three Examples of a Matching M on a Graph G

An interesting property of the maximum cardinality matching problem is that it — and its
inverse, the minimum cardinality matching problem — is a problem in the set P, the set of
problems for which an algorithm exists that will solve the problem to optimality in polynomial
time (Wolsey, 1998). Some graphs can be divided into two sets of vertices which do not have
edges between them. These types of graphs are called bipartite graphs, and are also well-

studied (Glover, 1967). Graphs with more than one partition can also be constructed.

Nonlinear MIPs, however, are in the set NP, for which algorithms that solve the problem to
optimality in polynomial time have not been shown to exist (Wolsey, 1998). Consequently, for
problems in the set V2, a solution can be found algorithmically, but there is no way to know if

that solution is a global optimum.

There are several types of algorithms for solving IP and MIP problems (Wolsey, 1998). With
a judicious selection of algorithm — informed by the structure of the problem — very strong
solutions can be found in a relatively short period of time. For problems in the set P, such as the
maximum cardinality matching problem on a bipartite graph, there exist algorithms that can find

the global optimum in polynomial time by examining local optimality criteria. For problems not in

13



P, however, finding a global optimum is not a certainty, and creative methods must be used to

determine a solution.

Greedy Local Search Algorithms (GLSA) start with an incumbent solution, typically the trivial

solution:
x;=0:vx e X
where:
x = An integer decision variable.

Equation 1: The Trivial Solution to an Integer Programming Problem

and proceed by checking to see whether an adjacent solution in the solution space improves
the value of the objective function over the incumbent. If such a solution exists, the new solution
is accepted as the new candidate solution for the new optimal solution (Selman & Kautz, 1993).
The algorithm checks again to see if an adjacent solution exists that improves the objective
function, and so on. Left to run for an arbitrarily long period of time, the GLSA will eventually
stop when there exist no adjacent solutions that improve the value of the objective function over
the incumbent. If the problem is in the set P, then the solution is a global optimum (Wolsey,

1998).

MIPs of the kind featured in this thesis are, as stated, not in P. Therefore, different
algorithms must be used to determine feasible solutions and optima. One such approach, which
can be used for MIPs of is to simply enumerate a subset of feasible solutions and test each one
(Revelle, Whitlach, & Wright, 2004). This is time consuming, but feasible when the datasets are

not too large. Consider that, the data spans S CSO events in T CSO-sheds. Further, if the
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continuous variable C, is discretized by breaking it up into R portions, then the number of

possible solutions is, at, most,

T

al=r=) s

i

Where:

o] = The cardinality of the candidate solution set Q that solves the LIDRA MIP;
R = The resolution of the search:;

|S] = The number of CSO events in the i" shed;

T = The number of CSO sheds.

Equation 2: The Cardinality of a Candidate Solution Set

In the case of the data used in this thesis, the resolution is 100, and the total number of
CSO events is 3513, so the upper bound on the cardinality of the set of candidate solutions is
351300. This is a number of variables that most modern personal computers to can manage
quickly, making this a useful approach for many municipalities where information technology

budgets are limited.

Finally, it should be noted that although the IP and MIP problems and their solution
algorithms are discussed separately, they need not be constructed or solved separately.
Splitting the matching problem and the decision model into two problems was done in the

interests of modularity.

2.7 Monte Carlo Methods
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If the data is subject, as it is in the case of this thesis, to some kind of stochastic process,
then it is possible that decisions made on the basis of the information to date will not be optimal
for future scenarios. This attempt to reduce the sensitivity of the model to outliers in the CSO
and storm input data is what makes it robust. Since the LIDRA MIP is solved by an exhaustive
search of a discretized candidate solution space, care must be taken to ensure that the model is
not sensitive to outliers in the data, as oversensitivity to outliers in the storm and CSO inputs
can cause one single freak event to dominate the selection of the model outputs. Such a
sensitivity mean the model outputs no longer represent the ‘true’ best option. Improving the
ability of the model to withstand the effect of outliers, and in turn, to provide better results, is

accomplished by applying Monte Carlo methods, also known as Monte Carlo simulation.

Monte Carlo methods compare results based on repeated random sampling of data, and as
such, give useful insight when the data or the model has some inherent uncertainty (Kammen &
Hassenzahl, 1999). In cases where the data has an element of uncertainty associated with it —
in this case, the weather, or the production of wastewater in households — it can be very useful
to have information about the shape of the distribution of possible outputs for the decision
models that depend on that data. By “playing the game” (Clemen & Reilly, 2001) multiple times,

such a distribution can be developed.

The value of applying a Monte Carlo method can be the difference between making a

decision based on signal and noise.
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3. EXPLORATORY DATA ANALYSIS

In 2008, the city of Spokane, WA, published the Spokane Regional Stormwater Manual
(SRSM). The document states that it is intended to “protect water quality, prevent adverse
impacts from flooding, and control stormwater runoff to levels equivalent to those that occurred
prior to development” (City of Spokane, City of Spokane Valley, Spokane County, 2008). The
SRSM goes on to describe design guidelines for several LID CSO-reduction methods specially
tailored to the needs of Spokane. In addition to this document, Spokane has done an excellent
job of cataloguing their rainfall and CSO data since 2001, resulting in a rich dataset of 763 CSO-

producing storms spanning over 13 years as of this writing.

The data was initially made available in excel spreadsheet format and in comma-separated
value format. The availability of a policy and engineering design document, in addition to the
excellent data on storms and CSOs, make Spokane an ideal candidate for developing methods
of the kind described in the present report. The storm data consists of storm depth
measurements from rain gauges for storms where CSOs were known to occur, and the CSO
data contains measurements of total volume (in gallons), volumetric flow rate (in gallons per
minute), and duration (in minutes) of the various CSOs for the 27 CSO-sheds in the area. The
geographic delineations of these CSO-sheds can be seen in Figure 6. It should be noted that
two CSO-sheds with less than 5 recorded CSO events were excluded, bringing the total number
of CSO-sheds in the record to 24 and the total number of CSO events in the record to 3325.
Finally, including the CSO-shed Area in the computations lowered the number of sheds to 21

and the number of CSO events to 3198.

3.1 Storm Data
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The storm dataset contains a set of 763 CSO-causing storms recorded between December
21, 2001 at 11:03 and December 19, 2012 at 15:09. The maximum recording from any rain
gauge for any storm was 83.52 inches — a very large value, which may be present in the data
due to mismeasurement or a typographical error in the data entry. Average (across rain gauges)
depth of CSO-causing rainfall had a minimum value of 0.020 inches, and a maximum of 7.593

in., with a mean value of 0.2677 in. and a standard deviation of 4.604 in.

It is important to note that the markedly low minimum value of the CSO-causing storms — as
low as 0.01in. in many of the cases — could be due to CSOs triggered not by precipitation but by
the spring melt. This case is reflected in the data on precipitation rates: The minimum rate of
precipitation is recorded at 0.0001 hundredths of an inch per hour, with a maximum of 151.85
in./100*hr. and a mean precipitation rate of 0.2135 in./100*hr. The corresponding standard

deviation for precipitation rate was computed to be 5.497 in./100*hr.

The duration of CSO-causing storms had a mean value of 2.526 days, spanning a range
from 1.001 days to 20.170 days, with a standard deviation of 1.907 days. Density histograms of
the base-ten logarithm of storm depth, duration, and intensity are indicated in Figures 4, 5, and

6, respectively.
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3.2 CSO Data
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Figure 6: Histogram of Storm Intensity (Log-10)
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Table 1 indicates the mean, standard deviation, and maximum values of CSO flows for each

CSO shed. Note that for CSO-shed #20 (CSO20 in the tables), not enough data was available

to generate a useful summary. In these cases, the R script which produced these summary

tables produced non-numeric outputs. These non-numeric outputs have been replaced by a

dash character in the tables.

Table 1: CSO Summary Statistics

Mean of Recorded Values

Standard Deviation of Recorded
Values

Maximum of Recorded Values

CsO
Shed
CS002

Count
18

Cs003C 22

CS006
CS007
CSO10
CS012
CS014

299
125
109
324
152

Total Flow Duration

(gal)
2334
6088
166400
27480
13570
122800
7887

(min)
125
167.4
280.5
151
135.8
2723
379

Flow Rate Total Flow Duration

(gpm)
35.37
41.61
680.4
298
105.6
533.7
33.1

(gal)
6321
8061
270400
53930
25760
227100
18780

(min)
134.3
123.1
424.9
168.1
136.3
349.7
505.6

Flow Rate Total Flow Duration Flow Rate

(gpm)
97.88
47.28
939.9
591.1
208.1
1051
100.3

(gal)
27159
33757

1779061
443561
113746

2242467
130749

(min)
540
480

4500
940
725

2220

2990

(gpm)
418
174
6330
4470
1250

10900
811
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Cs015
CSO16B
CSo19
CS020
CS022B
CS023
CS024A
CS024B
CS025
CS026
CSO33A
CS033B
CS033C
CS033D
CS034
CS038
CS039
CS040
CSOo41
CS042

151.1
201.7
363.3

35.77
157.7
290.9
344.9
110.5
185.1
112.5
58.05
96.92

189.1
351.4
178.1
199.4
160.3
114.4

43600
55360
59.18

28520
99070
847200
31860
37430
1118000
8993
1295000
17740
42920
1180000
34800
22940
22280
69840
36.17

307765
311780
203
77739
104476
618655
7875001
238168
214474
8933946
76628
8159760
142477
515733
8444710
272392
123636
142766
544853
221

1025
3030
595

100
1755
2930
3755
795
1710
595
345

6885
1985
3710
1310
1675
4085
455

1310
1030
5.08
1730
5220
1440
13100
1360
3350
20700
301
58400
756

15500
377
727

2240
7.45

3.3 CSO-Shed Area Data

Measurements for the different CSO-sheds were made by importing a PDF document of the

CSO0-shed delineation for the city of Spokane (Figure 2) into AutoCAD, fixing the scale to match

the scale of the drawing, tracing the CSO-shed boundaries with the line tool, and measuring the

areas. This gives the areas in Table 2.

Table 2: CSO-Shed Areas

X Area (ha.)

1 CS002 26.05
2 CSO006 170.39
3 CSOo07 42.70
4 CSO10 19.53
5 CS012 126.38
6 CS0O14 25.11
7 CSO15 43.72
8 CS023 57.91
9 CSO24A 658.09
10 CS024B 25.21
11 CS025 7.44
12 CS026 215.64
13 CSO33A 23.61
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14 CSO0O33B 392.44
15 CS033C 5.53

16  CSO33D 17.26
17 CS034 687.43
18 CS038 25.34

19 CS039 17.84
20 CS040 19.93
21 CS0O41 31.43
22 CS042 10.91

The SRSM gives the value of C,, as 0.36 for the entire system (City of Spokane, City of

Spokane Valley, Spokane County, 2008).

A map of the delineations of the CSO sheds in Spokane is visible in Figure 7:
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3.4 Budget Data

Finally, to frame the scale of the difficulty in making decisions about how sewer
infrastructure expenditure is to be allocated, Figure 8 indicates the utilities division of the 2016
City of Spokane Program Budget (City of Spokane, 2016). The total budgetary allocation for

Environmental Projects, Wastewater Capital Projects, Wastewater Collections and

Maintenance, Wastewater Management Riverside Park Water Reclamation Facility, Water &
Hydroelectrical Services, Water/Wastewater Debt Service Fund, and the Water/WWastewater

Revenue Bond Fund amounts to a total of $165.375M.

Envirommental Programs

Fleet Replacement Fund

Fleet Services
Integrated Capital mt
Public Works and Uilities

Solid Waste Collection

Solid Waste Disposal

Wastewater Capital Projects

Utilities Division

| 5305k

I 52.25m

N $11.69M
IR 556,6TM
N 55.24m
iR $44.5M
I 28,41M

B s1.37M

Wastewater Collections and Mai...

Wastewater Management RPWRF

Water

WaterWastewater Debt Service
Fund

WaterWastewater Revenue Bon...

I 523.52M

I s23.13M
I 539,

IS 513.55M
s G 3T

Ohd 100 20M 30m 400 SO B0

Figure 8: Spokane Municipal Budget, 2016 - Utilities Division

The research question is hereby restated: given the data described in this section, where

should infrastructure planning professionals spend their LID investment dollars, and how many

of those dollars should they spend?
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4. METHODS

The prioritization of CSO-sheds for LID targeting is based on LIDRA. In order to apply
LIDRA, however, a missing parameter must first be determined. This is done by applying a
GLSA to the storm and CSO datasets. All computation was done in the R scripting language.
The methods section begins by describing LIDRA, and follows by describing the GLSA used to

generate its inputs.

4.1 Low-Impact Development Rapid Assessment (LIDRA)

LIDRA is based on the rational method of hydrology, a widely-used approach for modelling

runoff. It is based on the following equation, which is written for a specific watershed and storm:

Q, = CiA

Where:
Q = Peak Flow [L¥/T];
C = Runoff Coefficient, variable with land use [unitless];
i = Intensity of rainfall of chosen frequency for a duration

equal to time of concentration t, [L/T];
te = Equilibrium time for rainfall occurring at the most

remote portion of the basin to contribute flow at the outlet [T];
A = Area of Watershed [L?].

Equation 3: The Rational Method for Predicting Surface Flow from a Rainfall

This equation represents volumetric flow through a control volume with the input i entering

at the top, the output Q exiting through the sides. For the sake of completeness, an additional
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complementary output Q' can be described, exiting through the bottom, and having the
properties:
Q'=(01-0)iA

Equation 4: The Rational Method (Complement Groundwater Flow)

A mass flow diagram for computing Q via the rational method is given in Figure 9:

1

i Q.

Figure 9: The Rational Method

The parameter of interest here is C, which represents the relative quantity of water flowing
over the ground (Bedient, Huber, & Vieux, 2008), and has a value between 0 and 1, by
definition. LIDRA parameterizes the extent of a change in LID stormwater management
applications as a change in the value C, where “C,, is the dimensionless runoff coefficient
corresponding to the existing level of imperviousness of the CSO-shed”, and “C, is the

composite runoff coefficient corresponding to a potential level of LID implementation in the
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sewershed”. An engineer should hope that C, winds up being less than C,,. Figure 10 is a

graphical representation of the effect of a change in C on Q:

Figure 10: The Effect of a Change in the Runoff Coefficient C on Runoff Q

Next, LIDRA substitutes the parameter i for a ratio of depth to time, as follows:

dec
Q¢ = Cex TexA

Where:

Q; = Peak runoff flow rate caused by rainfall of
duration t and depth d; ce, [L%/T];

dicex = Cumulative depth of rainfall preceding a CSO [L].

Equation 5: LIDRA Equation for Flow in the Initial Condition
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Isolating d; ., Yields the following expression:

Q¢t
dt,Cex = AC
ex

Equation 6: LIDRA Equation for Depth in the Initial Condition

And therefore:

Q:t
dicp = E

Equation 7: LIDRA Equation for Depth in the Final Condition

Finally, LIDRA expresses d; ¢, as a function of the ratio of values of C:

Cex
dt,Cp = =
Cp

dt,Cex

Equation 8: Modified LIDRA Equation for Depth in the Final Condition

It is Equation 6 which is of use here, as once C,, and d; ., are known, then d; ., can be

computed simply by varying the value C,.

For every existing Storm-CSO pair, a value of d;c., can be determined. In the method
described in this paper, however, the parameter of greatest interest is the minimum d, ., value
in each CSO-shed. The intention is to observe how d; rises when C decreases, and then to

observe how many CSOs with the property:

di < dicp

Equation 9: CSO Mitigation Condition
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are excluded from the record. This estimated reduction in CSO events Af corresponds to an
estimated reduction in the CSO volume AV, and this AV.s, reduction value is of the greatest

interest to urban SWM professionals (Cahill, 2012).

That said, before LIDRA can be implemented, the parameter d, ., must be determined for

each CSO-shed in Spokane. This is described in the following sections.

4.2 Formulation of the Time-To-CSO IP

The parameter d, ., is not measured directly during storm or CSO events, and must be
determined in some way. This was accomplished using an Integer Programming (IP) problem,
which matches storms with the CSO events that preceded them. The IP takes the form of the

minimum cardinality matching problem on a bipartite digraph.

Let the graph G (V,,V, E;) denote a bipartite digraph, where the vertices V, are individual
CSO events, the vertices V; are individual storms, and E; are the edges between them,
weighted by t, the time between events. The graph has the particular property that no edges E;
exist between CSOs and storms that occur afterwards. A solution of this IP is a matching, M, on
the set of edges E; that represent links between the CSOs and the storms which occur

immediately prior.

minimize:Y = Z tijxij
ij

subject to:
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inj=1: VlEVC

i

Xij €
Where:
tij = The time between the i"" CSO and the | storm [T];
Xij = Binary variable indicating if the edge e¢;; € E;, from the i" CSO to

the jth storm is in the solution set M;
Figure 10 shows a bipartite digraph for which the IP is formulated:

Equation 10: The Time-to-CSO IP

V, Ve

Figure 11: A Bipartite Graph
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Matchings have been shown to be part of the set of solutions P, for which a global optimum
can be found in polynomial time. Note that not every storm need cause a CSO, only that each
CSO must have a storm. This is exceptionally good news, as it means that a Greedy Local-
Search Algorithm (GLSA) will find a global optimum for input. The IP is all-but-trivial, as the
matching M will consist of only those edges with an end in V; where t;; is minimum with respect
to all the other edges with an end on that same vertex. In fact, the only real task here is defining
the edges on the graph, as, for a well-defined bipartite digraph, where the vertices in the
problem space lead backwards in time from CSOs to storms, any constraint indicating that a
CSO cannot be caused by a storm that came after it is redundant. Once the time between
CSOs and their preceding storms has been determined, computing the depth to CSO is a

straightforward operation, as will be shown.

4.3 Algorithmic Solution of the Time-to-CSO IP

As mentioned, determination of the parameter d; is not always a straightforward affair. Here,
an algorithm is presented which pairs CSOs with storms and computes d;. First, some basic

assumptions about the nature of the data are discussed, then the GLSA is introduced.

The guiding assumptions behind the attempt to pair CSOs with storms are: the start time for
a storm must precede the start time for a CSO, all storms were large enough to cover the
entirety of the CSO-shed where measurements were taken, and that the rainfall was constant
over the duration of the storm. Taking these assumptions in hand results in a simplified model,

but the results still yield usable values for d,.

Generally speaking, greedy algorithms are algorithms that “always [take] the best

immediate, or local, solution while finding an answer. Greedy algorithms find the overall, or
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globally, optimal solution for some optimization problems, but may find less-than-optimal
solutions for some instances of other problems.” (Black, 2005). In this case, the GLSA is

implemented as follows:

First, as discussed in Section 3.2, each CSO is paired with the storm immediately prior.
Once each storm a storm is paired with each CSO event, the parameters for the LIDRA method
(Montalto, et al., 2007) are computed as follows: time to CSO t is computed as the difference

between the time of storm onset and the time that the CSO began.

t = teso — tstorm

Where:

t = Time to CSO [T];

tcso = Date and Time of CSO [T];
tstorm = Date and Time of Storm [T].

Equation 11: Time to CSO

Next, the depth to CSO d; is computed by linear interpolation as follows:

d; = tg =ti
T
Where:
T = Storm Duration [T];
D = Storm Depth [T];
i = Storm Intensity [L/T].

Equation 12: Computation of dt by Linear Interpolation
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Finally, the lowest value of d; is identified for each shed, and these values become the

values d, ., for each shed.

A flowchart representing the algorithm can be found in Figure 12:

Assign large value .
Compute i

for d; cax —— C30 Data 35 DIT [— Storm Data
for all CSOs -
A

Compute t
as losolstom

l

Compute d; ca.
as

New dy ce,
Replaces
Old d; ey

Figure 12: Flowchart of the Greedy Local Search Algorithm

4.4 Formulation of the LIDRA MIP

Finding the optimal shed and extent of investment involved formulating a MIP to maximize
the amount of CSO volume reduced over the available record. This MIP was later solved

algorithmically. The representation of the problem as an MIP is given as:

maximize: 7 = inz 0jvij
i ij

subject to:
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Where:

&2 p e

inki <K

2

in=1

l
S * max(@ijvij) < A4;
k; = k * max(0;;v;;)

0;j = 1if d;j < 6;, 0 otherwise

C
8; = = min(d;)
CP

The area of the i shed [L?;
The runoff coefficient, prior to intervention [unitless];
The runoff coefficient, after intervention [unitless];

The depth to CSO for the | CSO in the i" shed [L];
The total budget of the project [$];

The cost of implementing the solution in the i shed [$];
The area per unit volume of stormwater storage [L%/L°);

The volume of the j" CSO in the i shed [L];

Binary decision variable indicating if i CSO-shed is in the solution set;
The minimum depth to CSO in the i" shed [L];
Binary variable indicating if the j"” CSO in the i" shed
is below the minimum depth to CSO;
The cost per unit volume of stormwater storage [$/L°];
v,C,K,Au, ddeR
x,0eB

Equation 13: The LIDRA MIP
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The optimization function is the total volume of CSO reduction. In the case that the
nontrivial solution exists, x; is 1 where i denotes the optimal CSO shed for LID investment, and

the total CSO volume captured by LID infrastructure is }; ; 6;;v;;.

The first constraint is a cost constraint on the problem, indicating that any proposed LID
intervention does not exceed a set budget, indicated by K. Here, k;, the total cost of CSO
storage in the i shed, is given by the unit cost of CSO storage, denoted by the constant «, and

the largest measured CSO in captured by the intervention, given by max(8;;v;;).

The following constraint is a constraint on the area occupied by intervention. This constraint
indicates that the total area devoted to CSO storage, computed by the product of the storage
coefficient s and the largest volume of CSO stored in the i" shed, cannot exceed the area of the

i™ CSO-shed, indicated by A;.

8;; is a binary decision variable indicating whether the j™" CSO in the i" shed is captured by
LID intervention. By definition, the j”" CSO in the i™ shed is captured if the depth to CSO for that

event, d;;, is less than the minimum depth to CSO after intervention. The minimum depth to

jo
CSO for the i shed after intervention, &;, is the product of the minimum depth prior to
intervention, min(d;), and the ratio of the unitless runoff coefficient prior to intervention, C,,, to

the unitless runoff coefficient after intervention, C,. Note that since C,, > C,, §; > min(d;).

The final constraint forces the system to select only one shed for intervention. If the
constraint is relaxed, the solution may include a set of sheds for infrastructure investment. This
would cause the final project budget to approach its cap K, and the total volume Z would

increase, but it is possible that the cost-benefit ratio of the project would decrease.

Solution of the MIP yields a single CSO shed for targeting, the maximum capacity of CSO

that the new system will accommodate, the cost to install the system, and the land area devoted
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to LID infrastructure. As will be shown in the results, this MIP problem is sensitive to changes in
the budget, K, and it is robust with respect to the CSO volumes v;; and their corresponding

depthS dU

4.5 Algorithmic Solution of the LIDRA MIP

An algorithm is used to generate a solution to the MIP described in Section 3.4. The
algorithm maps the problem space numerically, by computing a large number of potential
solutions to the MIP, and then selecting the best one via exhaustive search of the enumerated
candidate solutions. The first step is to define the resolution of the search, and subsequently to

compute a range of values of C, as fractions of C,, in the following fashion:

1
Cp §Cex
Where:
R = The resolution (User-Defined, Unitless)

The implementation described here uses a value of 20.

Equation 14: Computation of Cp

Figure 13 is a graphical representation of the discretized solution space, where solutions

exist at the points.
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Figure 13: Discretized MIP Solution Space (Two Decision Variables Shown)

Values of d., are subsequently computed for each CSO-Shed using their previously-
determined values of d; ., and Equation 6. CSO events with smaller depth-to-CSO values are

then discarded as in Equation 7, and the difference in the number of CSO events, the total

discharge volume, and the total CSO duration is recorded at each level of C,,. Table 3 indicates

some values of C, tested in the method.

Table 3: Runoff Coefficients

%Cex Cp
1 1 0.36
2 0.95 0.342
3 0.9 0.324
4 0.85 0.306
5 0.8 0.288
6 0.75 0.27
7 0.7 0.252
8 0.65 0.234
9 0.6 0.216
10 0.55 0.198
11 0.5 0.18
12 0.45 0.162
13 0.4 0.144
14 0.35 0.126
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15 0.3 0.108
16 0.25 0.09

17 0.2 0.072
18 0.15 0.054
19 0.1 0.036

20 0.05 0.018

Cost and design parameters for rain gardens were used to estimate the cost of

infrastructure intervention.

Figure 14: Idealized Rain Garden

Cahill gives a cost estimate for a rain garden between $12.50 and $17.50 per square foot
(Cahill, 2012), so the mean value of $15/sq.ft was used for these computations. Cahill also
recommends that rain gardens be dug to a depth of between 2 feet and 3 feet, so a mean value
of 2.5 feet was used for the depth. Cahill also recommends that soil and gravel medium with
average void space 0.4 be used. Therefore, the cost per cubic volume of stormwater storage is

estimated as:
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Vstorage = Aped * Apea * P
n m
Vstorage = 30" * 0.0254 P * 0.4 % Apeg

Vstorage = 0.3048 m * Apeq

2
Aioa = 20 g 3281
and:
$ ft? m? $
Cost = Appq * 15]? #10.76°— = Vitorage * 3.281- 5+ 16146 —
Cost = Vstorage * 529.7Si3
m
Where:
Vstorage = Volume of stormwater to be stored [L7;
Apea = Area of land to be converted to rain garden [L?];
dped = Depth of rain garden [L];
0] = Soil void ratio, estimated at 0.4.

Equation 15: Derivation of Stormwater Storage Cost

An idealized rain garden is shown in figure 14.

4.6 Benefit-Cost Analysis

Finally, the benefit-cost ratio computed for each solution in the space by the following ratio:

AV

BCR =
Cost
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Where:

BCR = Benefit-Cost Ratio;
AV = Total change in CSO Volume over the period of data collection [L?];
Cost = The cost of system implementation [$].

Equation 16: Benefit-Cost Analysis

The BCR is computed for every CSO-shed at its optimal value of C,. A normalized BCR is

also computed, where:

BCR

BCR= —
nBCR = X (BCR)

Note that, at optimality, nBCR is unity.

4.7 Demonstration of Robustness with Monte Carlo Methods

The advantage of applying Monte Carlo methods is twofold: in the case of large
datasets, such as the one from Spokane, the method can be tested to see if its outputs are
robust. The following procedure was done to assess the behavior of the model when

randomness was introduced.

The gamma distribution is a common distribution used in hydrology to model the
frequency of storms of a certain size. Following this logic, a gamma distribution function was fit

to the parameter d, ,, using the MASS package (Ripley, 2016) for the R scripting language. The

shape and rate constants for these gamma distribution functions are shown in Table 4:
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Table 4: Shape and Rate Constants for GDF fitting dtCp

Shed

Shape Constant

Rate Constant

CS002
CSO006
CS007
CS0O10
CSO12
CSO14
CSO015
CS023
CSO24A
CS024B
CS025
CS026
CSO33A
CSO033B
CS033C
CSO033D
CSO034
CS0O38
CS039
CSO040
CSO41

0.462150949228492
0.734669250585028
0.781042923879469
0.652194978664841
0.725411291705688
0.688839519200932
0.684094226631234
0.679180921213085
0.821982645042825
0.649652756325846
0.667764905673663
0.683376134357938
0.861234009424313
0.967471244690295
0.73576420003766
0.699900185069065
0.921408578259018
0.83709176599359
0.6105406208408
0.551970686123125
0.747928960385467

1.37755922194204
1.64646503700817
1.22078542991454
0.937738400912821
1.48510788228932
1.07761305999719
1.03531642264169
1.15263582632527
1.57205695357716
0.883539842310734
1.03151324658415
1.16442030383645
0.828077647638232
1.35375133456719
0.796064918317537
1.16589023161657
1.90456382010835
1.26507118628418
0.688687292092215
1.02294241448893
1.00875203194555

Next, the CSO volume V¢, was seen to be predicted by the depth to CSO d;, by a linear

regression that passed through the origin, with a coefficient of correlation R? on the order of

about 0.35 for all CSO sheds. The slopes of the regression lines for each shed are:

Table 5: Slope of the Linear Regression comparing dt and V

Shed
1 CS002
2 CSO006
3 CSO007
4 CSO10
5 CS012
6
7
8
9

Slope

2333.61111111111
166873.802047782
26598.243902439
13691.4299065421
122837.928125
7887.35810810811
20007.9891304348
65741.0816326531
377715.696428572
8849.23636363636
20717.5204081633
651840.97080292
4143.96470588235
886743.386666667

CSO14
CSO15
CS023
CS0O24A
10 CS024B
11 CS025
12 CS026
13 CSO33A
CSO033B
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15
16
17
18
19
20
21

CS033C
CSO033D
CS034
CSO038
CS039
CSO040
CSO41

6490.82051282051
18204.3320754717
662532.683962264
8005.06363636364
13241.6136363636
8420.12121212121
29245.503875969

Finally, randomness was introduced to the system by generating a new set of random

variates v' from d; with a normal distribution using the standard deviation of the original v values

seen in Table 5 and the following equation:

v'yj = N((m; *d'j), o)

Where:
v o= The simulated volume of the " event in the i" shed [L?];
m; = The slope of the linear regression between d; and v

for the " event in the i shed [L?];
dy = The simulated depth-to-CSO for the | event in the i shed [L];
Opi = The standard deviation of the CSO volumes in the i shed [L7];
NO = The normal distribution function.

Equation 17: Generation of Simulated CSO Volumes

As the number of CSO events on record is different for each CSO shed, the number of d;
and v’ random variate pairs computed was equal to the original number of CSOs recorded for
each shed during the period of observation. The difference in the means of the random variates
and the original values was close to 0, indicating that the method for producing v’ described in

this section was an unbiased estimator of v. Figure 15 gives a representation of how this looks:
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Figure 15: Estimation of CSO Volume from Depth-To-CSO, with randomness

At this point, a Monte Carlo process was initiated. The model was run 100 times at different
budget levels, and the frequency that each shed was selected as the optimum shed was
recorded, and the resulting value of the objective function was recorded. This led to some

surprising results, as will be discussed.
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5. RESULTS

5.1 Minimum Depth-to-CSO

The very first insight gained by the method is the estimation of the parameter d, ., the
minimum depth to CSO prior to intervention. The distribution of those initial values can be seen
in the histogram in Figure 16, and some summary statistics are available in table 5. Note that
most of the CSO-sheds have a very low value for d, ..., indicating that in most cases, the effect
of LID implementation will be observed after only a modest investment. This is promising news

for any infrastructure planner on a limited budget.

Histogram of dtCex

Frequency

0.0 02 0.4 0.6 0e 10 12

dtCex {inches)

Figure 16: Histogram of dtCex

Table 6: Summary Statistics for dtCex

Minimum 15t Quartile Median Mean 3" Quartile Maximum

0 0.001680 0.008392 0.027 0.01967 0.4302
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5.2 System Behaviour, Deterministic Case

Figure 17 indicates the variation of CSO volume with C,,.

CSO Volume Reduction with Cp

Log-10 Total Wolume Reduction

| | T | | T | |
0.00 0.05 010 015 020 025 0.30 035

Runoff Coeffident Cp {unitiess)

Figure 17: Change in Volume Reduction with Cp

Figure 18 indicates how the maximum CSO volume captured changes with each shed. This

Note that in Figures 17 and 18, both the total and the maximum captured Vs, increase as C,

decreases.
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Max CS0O Prevented with Cp
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Figure 18: Max CSO Volume Prevented with Cp

The height of the curve on the graphs for cost of implementation and area occupied by LID
infrastructure are scalar multiples of the heights of the curves on the graphs in Figure 18, and
are therefore not included. Figures 24 through 45 give a much clearer picture of the effects of
LID application, indicating the predicted change in cumulative CSO volume and frequency over
the record with C, for each CSO-shed in the analysis. These figures can be found in Appendix
A. Note that figures with more discontinuities in the curve indicate a greater number of CSOs in
the region over the course of the analysis. The curves clearly show the relationship that as C,

decreases, the CSO volume over the course of the record will also decrease.
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Scatterplots of the the cost-benefit ratio for reduction in the various CSO sheds are shown in
Figures 19 and 20 for both volume and frequency. Both scatterplots are produced in the

environment where LID funds are abundant, with a value of $100M.

Scatterplot of Benefit-to-Cost Ratio with Cp

ECR
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| | |

200
|
oo
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0.00 0.05 010 015

Runoff Coefficient Cp (unitless)

Figure 19: Scatterplot of Benefit-to-Cost Ratio (Volume)

Note that most of the BCR values are close to the origin. The point at the top left is the
optimum shed CSO12, using $42.9M to stop 20.4x10° m® of CSO from reaching the receiving
water. The point at the bottom right is CSO33B, using $11.1M to reduce the total flow by a less-

impressive 393 153 m®.
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Scatterplot of Benefit-to-Cost Ratio with Cp
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Figure 20: Scatterplot of Benefit-to-Cost with Cp (Frequency)

Reducing the frequency of CSO events is not nearly as interesting as reducing the total
volume, but Figure 20 still serves some illustrative purposes. The winning shed, in this case, is
CS002, spending $17.3k to reduce the total flow by 6 events from 18, or exactly 33%. CSO33B
is in the bottom-right, spending $11.1M to reduce the total number of CSO events by 72 from

196, or just under 37%.

5.3 Solutions at Optimality, Deterministic Case
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The selection of the optimal shed and the extent of intervention was sensitive to changes in
the budget K. The solution at optimality for different values of K will be given in the following

table. The resolution of the search R was fixed at a value of 100:

Table 7: Optimality in the Deterministic Case

Budget $1M $2M $3M $4M $5M $7.5M $10M
Shed CSO14 CS038 CS039 CS023  CSO33D  CSO33D  CS033D
BCR 9.93 14.19 17.62 40.57 47.90 147.10 1471

c, 0.0144 0.0036 0.0036 0.054 0.0504 0.0072 0.0072

Vitorage (M) 18 550 29 235 52 099 74 502 95 863 145 998 145998
AV gso(m3) 170 024 245868 305050 528961 624507 2518464 2518464

Agarden(m?) 5654.04 8910.83  15879.77 2270821 29219.04 44500 44500
Cost ($) 912618 1438296 2563154 3665332 4716245 7182775 7182775

Note the dependency on the budget K up to $5M, at which point CSO33D dominates.

Histogram of CS0 Volumes for CS033D
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Figure 21: Histogram of CSO Volumes for CSO33D
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Histogram of Depth to CSO for CSO33D
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Figure 22: Histogram of dt for CSO33D

It is likely that this is because, as shown in Figure 9, CSO33D has a very large number of
CSOs — the second most out of all CSO sheds under inspection, next to CSO12. There
appears, by inspection, to be nothing immediately remarkable about the distribution of its values
for the depth to CSO d; as shown in Figure 10, its mean d;, or the value of its initial minimum

depth to CSO d; ¢y

5.4 Robust Analysis with Monte Carlo Methods

An analysis was performed with Monte Carlo methods to determine the behavior of the
system with uncertainty. In this case, the system was run for 100 repetitions at different budget
levels and resolution 100. Values of the decision variables at optimality are the means of the

values optimal shed over the runs where they were optimal.
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Table 8: Optimality with Randomness

Budget $1M $2M $3M $aM $5M $7.5M $10M
Shed CS038 CS033D  CS026 CS006 CSO12 CSO24A  CS023
BCR 93.23 147.04 79.92 1419108  178.51 1334.06 76.44

c, 0.01296 0.0036 0.0036 0.00409 0.0124 0.01842  0.00405
Viorage (M3) 1642572 1991474 5058052 5672203 58286.63 1140183 80 603.14
AV go(m?) 1397144 4145338 5309578 13509820 13377400 16599056 8441993
Agarden(m?) 5006.56 6070.01  15416.94 17288.87 17766.68 3475278 24 567.84
Cost ($) 808 108 979760 2488449 2790597 2867720 5609446 3965494

Looking at the histograms in Figure 23 and the data in Table 7, a few things are apparent.

First, the result obtained in the deterministic case was never the same as the result obtained

when randomness was introduced. This means that at each value of the budget — and quite

possibly, everywhere between — the signal in the data that indicated the optimal solution was

not strong enough to withstand the noise brought in by the randomness.

Even CSO33D, which was selected for LID intervention in the three deterministic run

conditions where budget was highest, only appeared once in the case where randomness was

introduced — and even then, it was in a lower-budget case.
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Figure 23: Histograms of Monte Carlo Results

These results indicate that it is perilous to accept without skepticism the outputs of decision

models based on data where there is some level of uncertainty.
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6. DISCUSSION

There are several components to this assessment method. The availability of data, the use
of an algorithm for determining d; ¢, for each CSO in the record, the MIP formulation of LIDRA
and the algorithm used to solve it, and the Monte Carlo simulation are all factors that determine
the priority of CSO-sheds for LID infrastructure investment, and the extent of that investment.
Therefore, it is important to consider how manipulating the components of the system are likely

to affect the model. Each will be discussed in turn, in terms of possibilities for future research.

6.1 The Availability of Data

The assessment approach described in this manuscript is demonstrated with the help of a
large data set. This data set spans over 13 years, and consists of 763 CSO-causing storms and
a total of 3239 CSO events. This work could not have been compiled without this data, but what
is to be done in municipalities which have not acquired a similar record? Without data,
municipalities are forced to base their decisions on the outputs from urban stormwater
numerical modelling packages, which may be costly to implement and hard to verify.
Municipalities curious about urban stormwater infrastructure decisions should install CSO
measurement systems as soon as possible in order to increase the quality of the decisions they

make with public funds!

Basing infrastructure spending decisions on data will almost always be preferable to
estimates, but if only a modest amount of data is available, then statistical methods can still
potentially be used to supplement the recorded values with random variates. If a municipality
has a small amount of data, say, two years’ worth of CSO and storm recordings, then urban
infrastructure planning professionals could model the available data with an appropriate

distribution curve, in @a manner similar to that which was demonstrated in Section 4.7. Then,
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once the curve has been fit, random variates could be generated to supplement the existing
data. Infrastructure planning professionals have the choice of either simulating storm and CSO

records, or simulating d; ., values directly, as demonstrated.

6.2 Determining the Minimum Depth to CSO

The assessment approach described in this manuscript makes use of a GLSA to generate a
matching on the bipartite graph of CSOs and storms. From this matching, values for the
minimum depth to CSO, d,, are computed as LIDRA inputs. It is important to note here that this
matching constitutes a correlation, and therefore, no causal inferences can be made about the
relationship between CSOs and storm. That said, correlationary data retains a great deal of
predictive power, and so the question arises as to how to improve the quality of these

predictions.

GLSA algorithms are simple to implement, but they are imperfect. What, then, are the
features of the data set that could potentially degrade the quality of the d; values generated in

the algorithm, and how can the algorithm for generating the d; values be improved?

Note that the GLSA works by finding the storm immediately prior to each CSO, and records
the time between storm onset and CSO onset as the edge weighting t. Consider, however, that
it is possible for multiple discrete storm events to occur with an inter-arrival time less than this
value t. Consider also that there exists a lag time between the arrival of the storm and the
measurement of the CSO. This is an issue, because then the GLSA would then select the most
recent storm despite the possibility that the storm which prompted the CSO is the one

immediately prior to the one selected — the actual CSO surge would still be on its way. The
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likelihood of this failure case of the GLSA could be avoided by taking the initial value t, and

checking to see if another storm occurred within the window:

W = [teso — 2¢, teso — t]

Equation 18: Window for CSO-storm pairing metaheuristic condition

In this case, the value d; could be improved by using a metaheuristic which drops the CSO
event entirely. In this case, the algorithm would avoid using CSO-storm data in situations where
many discrete storms occurred. A consequence of this, however, would be a reduction of the
number of d; values as LIDRA inputs. This would result in a reduction of decision confidence,

which could be exacerbated in the case of a small dataset.

Another possibility for GLSA failure is the case of CSO events not prompted by storms. This
case can occur in the event of the spring melt, which is a significant issue in Spokane.
Thankfully, the Spokane storm data used in this demonstration indicated these Dry Overflow

(DO) events in the storm record, which allowed the GLSA to generate d, values for these CSOs.

A third possibility for GLSA failure is CSO events caused by the combined effect of storms
and spring melt, where the hydraulic loading on the sewer system is some combination of
rainfall and meltwater. In this case, the computation of d; by interpolation fails, as the value of

the storm depth value D and the rainfall intensity:

i=D/T

Equation 19: Average Rainfall Intensity
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no longer represent the hydraulic load on the sewer. How, then, is d; to be accurately produced
for these CSO cases? Decoupling the two sources of load may be impossible, it is hypothesized
that a large standard deviation in d; could indicate the confounding variable of spring melt. If
these cases were removed from the ranking analysis on the basis of a standard deviation cutoff
value, and if a between-groups comparison of the with and without spring melt cases were
conducted, it would be interesting to see if the ranking outputs were to change or not — and, if

so, to reveal the sensitivity of the ranking with respect to the standard deviation cutoff value.

6.3 LIDRA Algorithm Resolution

The LIDRA algorithm described in this manuscript is based on several user-defined values,
one of which is the resolution of the search R. In this demonstration, C,, gets the value 0.36
given in the Spokane Regional Stormwater Manual (City of Spokane, City of Spokane Valley,

Spokane County, 2008) and R was arbitrarily selected to be 100.

R can be varied to give different results, and a brief discussion of the sensitivity of the
results to a change in resolution follows. The hypothesis is that an increased resolution
improves the estimate of the area of land to be converted rain garden, and therefore improves
the estimate of the cost, up to a point. A few examples of the variation of the results with R are

presented, with the budget set to $5M:

Table 9: Sensitivity of the LIDRA Algorithm to Resolution

Resolution 10 20 50 75 100 250 500
Shed CS038 CSO33D  CSO33C  CS039  CSO33D  CSO33A  CSO26
BCR 0.304 44.55 12.37 17.52 47.90 6.297 12.72

c, 0.0036 0.054 0.0072 0.0047 0.0504 0.00144 0.292

Vitorage (M) 2326 95 863 30 256 52 099 95 863 76 628 86 009

AV gso(m3) 5657 580 775 21192 299957 624507 352237 101453
Agarden(m?) 708.96 29 219 9222 15879  29219.04 23356 26 215
Cost ($) 11 434 4716246 1488528 2563154 4716245 3769926 4 231450
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Clearly the system is sensitive to changes in resolution, as the algorithm selects different
sheds at nearly every resolution investigated! The choice of resolution itself is not so simple.
The total reduction in CSO is highest for the case where R = 100, and so is the benefit-cost
ratio. There appears to be no obvious relationship between the resolution and the quality of
results — which is a surprise, as one would expect that a more fine-grained search would always
give better results. It appears that it is possible for better solutions to “slip between the cracks”
at higher resolutions. There is no difference, however, between the second and third cases — so
it appears that the algorithm has found the optimum with maximum precision. It is conceivable
that in certain cases, the algorithm may pick an entirely different shed for intervention — although

that is certainly not happening with the inputs from Spokane.

Finally, increasing R has an effect on the amount of time it takes to compute these results:
R = 20 results in 4.71s of run time, R = 200 results in 10.17s of run time, and R = 200 results in
46.27s of run time. With very large datasets at high resolution, such as in the case of simulated

rainfall and CSO models, or a bootstrapped dataset, this run time may increase a great deal.

6.4 Selection of Decision Variables

It is important to remember, after all, that the reduction in CSOs is a means to an end: the
reduction of negative environmental impact from stormwater loading in the urban environment.
Montalto et al base their LIDRA model on a reduction in CSO hours (Montalto, et al., 2007), but
it should be noted that it's the dose that makes the poison: the environmental impact of CSO
events is determined by the species and rate of contaminant loading (Mulligan, 2002). If the
contaminant concentration is assumed to be constant for all time across all CSO outfalls, then

the reduction of CSO volume is a more important goal than the reduction of CSO duration.
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Therefore, the prioritization of CSO-sheds in this manuscript is dictated by a reduction in CSO

discharge volume.

Future work could investigate the environmental impact of different prioritization criteria: total
CSO duration, number of CSO events, or average CSO flow rate, and the sensitivity of the
receiving body (Lau, Butler, & Schitze, 2002) (Eganhouse & Sherblom, 2001). Comparisons of
these decision variables would have to take into account the transportation and fate of
environmental contaminant loads. Other possibiliies are measuring the concentration of
environmental contaminants at the CSO outfalls to add new decision variables to the model.

Including these variables would represent an improvement to the decision model.

As discussed, rain gardens are not the only LID infrastructure solution, and while space is
not at a premium in larger, less-populated areas like CSO24A or CSO33B, there may be little
area to devote to rain gardens in CSO26, the priority shed at selected by the Monte Carlo
simulation given the $3M budgetary constraint. In CS026, green roofs and permeable
pavement may represent much more effective means of controlling CSOs. These approaches
all have different costs associated with them, as well as different effects on C. Therefore, a
model that attempts to solve the system for a mix of different LID solutions may produce better

results in terms of the ratio of benefit to cost.

Finally, since this method is faster to implement than physically modelling of a municipal
sewer system, it can be used as a feasibility study before hiring a consultant to perform the

analysis.

6.6 Alternate Decision Models

59



Other decision models exist for comparing decisions on a cost-benefit basis. For example,
Data Envelopment Analysis (DEA) compares efficiencies across a range of decision-making
units (DMUSs) in a set, ranking them in terms of relative efficiency (Charnes, Cooper, & Rhodes,
1978). In this case, CS0O39 would be assigned the value 1, and other sheds would be given
values somewhere between 0 and 1. An approach like this, if combined with the selection of
multiple LID solutions, would be able to make further recommendations on improving the
amenability of CSO sheds to LID solutions. With the benefit of LIDRA and abundant storm and
CSO data, the AHP-based decision support model of Ahammed, Hewa, and Argue (Ahammed,
Hewa, & Argue, 2012) could be improved beyond the level of depending simply on expert

testimony.

The inclusion of other LID SWM solutions, as mentioned, may also be used in such a model.
It would be very useful for infrastructure planning professionals to have a versatile tool which
would be easy to deploy that would quickly give the best mix of LID solutions for each CSO-

shed in a municipality, as well as simply suggesting priority regions for intervention.

6.7 Robustness of the Results

Comparing the results in the deterministic case with those outputs of the Monte Carlo
simulation, it is easy to see that the inclusion of random variables makes for a more robust
model. This is good advice for anyone attempting to make decisions based on data where there
is an element of uncertainty inherent in the data. Most decisions, in fact, are made without
perfect information, and so developing models that can be hardened against finicky data is an

important priority when building decision support models.
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Without the use of Monte Carlo methods, it would be very easy to select the wrong shed.
Comparing the benefit-cost ratios of the sheds in the deterministic and Monte Carlo conditions,
the benefit-cost ratios are markedly higher in all-but-one of the cases. This result indicates that,
without the use of Monte Carlo methods, the signal in the data is not strong enough to withstand

the noise!

6.8 Benefit-Cost Analysis

As a final note, an interesting pattern was noted in the results. For every optimal shed, the
benefit-cost ratio was the highest of all the other sheds. This is interesting because the model
was not designed to favour high cost-benefit ratios — the emergence of this result may be a

consequence of the data, the model, or some combination of the two.

Further research is needed to determine why this is the case, but it is hypothesized that this
behavior is governed by the CSO volumes, which are gamma-distributed. Higher volumes are
rare, and therefore, the largest CSO volume captured in a given shed at a given C,, is SO much
larger than the next-smallest volume that the larger volume determines the optimal shed

completely. This would drive up the benefit-cost ratio rapidly for the winning shed.
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7. CONCLUSION

This thesis has described a path from data to decision-making for urban stormwater
infrastructure improvement. The described case of two large datasets, a simple algorithm, a
well-known LID modelling tool, and the introduction of randomness gives a useful estimate of
CSO reduction targeting for SWM professionals. This method can help planners avoid the costly
error of targeting the wrong CSO regions, instead selecting those regions where taxpayer

dollars will do the most good.

The method also represents a useful starting point for future research. Much work can be
performed on the subjects of supplementing and improving the decision variable datasets,
improving the algorithm which performs and describes the matchings on these datasets,
selecting new LID and environmental impact assessment methods, and improving the
robustness of the model with respect to variation in data. In an age where publicly-available
data is all but abundant, it is important to use that data to inform decision making in the context

of engineering for the public good.

It bears repeating that the results of data-driven prioritization of CSO-shed targeting for LID
application described in this manuscript are intended to be predictive — and that therefore,
experimentation is required to ensure that these predictions are accurate. It is thus
recommended that LID is applied on a trial basis in one or two CSO-sheds. Then, once a
sufficient amount of time has passed and an additional post-LID CSO event record is produced,
the CSO records can be compared between the pre-LID and post-LID conditions to see whether
the reduction in CSO corresponds to the prediction. If that is the case, then the approach

described in this manuscript will be shown to be a useful tool for communities worldwide.
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Endnotes
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Figure 24: Predicted Change to CSO Parameters in CSO02
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Figure 25: Predicted Change to CSO Parameters in CSO06
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Figure 26: Predicted Change to CSO Parameters in CSO07
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Figure 27: Predicted Change to CSO Parameters in CSO10
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Figure 28: Predicted Change to CSO Parameters in CS012
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Figure 29: Predicted Change to CSO Parameters in CSO14
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Figure 30: Predicted Change to CSO Parameters in CSO15
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Figure 31: Predicted Change to CSO Parameters in CS023
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Figure 32: Predicted Change to CSO Parameters in CSO24A
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Figure 33: Predicted Change to CSO Parameters in CS024B
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Figure 34: Predicted Change to CSO Parameters in CSO25
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Figure 35: Predicted Change to CSO Parameters in CS026
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Figure 36: Predicted Change to CSO Parameters in CSO33A
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Figure 37: Predicted Change to CSO Parameters in CSO33B
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Figure 38: Predicted Change to CSO Parameters in CSO33C
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Figure 39: Predicted Change to CSO Parameters in CSO33D
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Figure 40: Predicted Change to CSO Parameters in CSO34

85




Log-10 CSO Overflow Yolume (m*3)

5820 5025 5830 5935 5940 50945

5815

Predicted CSO Volume with Cp for CS038 €S0 Frequency Reduction in Shed CSO38

40 60 80

CS0 Frequency

20

T T T T T T T T T T T T T
0.05 010 0.15 0.20 0.25 0.30 0.35 0.05 010 0.15 0.20 0.25 0.30

Runoff Coefficient Cp (unitless) Compound Runoff Coefficient Cp

Figure 41: Predicted Change to CSO Parameters in CSO38
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Figure 42: Predicted Change to CSO Parameters in CSO39
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Figure 43: Predicted Change to CSO Parameters in CSO40
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Predicted CSO Volume with Cp for C5041 €S0 Frequency Reduction in Shed CS041
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Figure 44: Predicted Change to CSO Parameters in CS0O41
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Predicted CSO Volume with Cp for C5042 €S0 Frequency Reduction in Shed C5042
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Figure 45: Predicted Change to CSO Parameters in CS042
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