
pipedream: an interactive digital twin model for urban
drainage networks

Matthew Bartosa,⇤, Branko Kerkeza

aDepartment of Civil and Environmental Engineering, University of Michigan, Ann Arbor, Michigan,
USA.

Abstract

Faced with growing water infrastructure challenges, many cities are now seeking to build

digital twins of urban stormwater systems that combine sensor data with online mod-

els in order to better understand and control system dynamics. Towards this goal, this

study presents pipedream—an end-to-end software toolkit for real-time modeling and

state estimation in urban stormwater networks. The toolkit combines (i) a new hydro-

dynamic solver based on the full one-dimensional Saint-Venant equations and (ii) an

implicit Kalman filtering methodology that e�ciently updates system states based on

observed data. Drawing on sensor data from a real-world stormwater network, we find

that the state estimation toolkit is e↵ective at both interpolating system states and fore-

casting future states based on current measurements. By providing a complete, real-time

view of stormwater system dynamics, this toolkit will enable better evaluation of sys-

tem performance, improved detection of hazards, and more robust implementation of

real-time control.
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1 Introduction

In the wake of growing urban populations, aging infrastructure, and more frequent ex-

treme weather events, many cities are struggling to manage stormwater-related challenges

such as flash flooding and combined sewer overflows [1]. Engineers have traditionally re-

sponded to these challenges by expanding stormwater infrastructure and implementing

best management practices [2]. However, despite the high costs of these interventions,

it is often di�cult to evaluate their benefits and impacts due to (i) a lack of real-time

data and (ii) a limited understanding of system dynamics [1, 3]. Interventions may fail

to achieve performance targets due to design oversights, insu�cient maintenance, or

changing hydrologic conditions [4, 5]. In certain pathological cases, measures aimed at

improving flood control and urban water quality may actually worsen the problems they

are intended to solve [6, 7]. In the absence of continuous monitoring, these issues may

remain undetected until negative impacts have already accrued.

To ensure that stormwater systems achieve desired outcomes, water managers are

now seeking to build digital twins of real-world networks that use embedded sensors and

online models to monitor system dynamics in real-time. While these digital twins vary

widely in scope and sophistication, they share the general goal of integrating sensor data,

hydrodynamic models, and data assimilation techniques in order to assess system per-

formance and determine e↵ective control strategies. Using these technologies, operators

can detect abnormal conditions within sewer networks and then dispatch maintenance

crews to make repairs before damage occurs [5, 8]. Moreover, when combined with real-

time control (RTC), continuous monitoring has shown impressive results in reducing

combined sewer overflows [8–12], reducing operational costs [5, 8], and improving urban

water quality [13–16].

While digital twins promise to address many of stormwater management’s biggest

pain points, adoption has been hampered by a lack of su�cient tools and theory for

online hydraulic modeling and real-time data assimilation. In practice, hydraulic models

are primarily executed in batch mode for the purposes of sizing pipes and evaluating

infrastructure expansions [17]. Popular stormwater models are oriented towards this use

case, and relatively few software packages provide support for online modeling or data

assimilation. Consequently, for real-world systems that seek to implement continuous
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monitoring, the underlying process model is often substantially simplified—for instance,

assuming that the stormwater network behaves as a series of cascading linear reservoirs

[11]. These simplifications may introduce uncertainty when interpolating or forecasting

system states, which in turn may impair the performance of real-time control strategies.

New tools are needed to enable online state estimation and control capabilities while at

the same time ensuring that system dynamics are accurately represented.

To pave the way for continuous monitoring and control of urban drainage systems,

we introduce pipedream—a software toolkit for building digital twins of stormwater

networks. This toolkit consists of (i) an e�cient hydraulic solver based on the full one-

dimensional Saint-Venant equations and (ii) an implicit Kalman filtering approach that

updates system states based on streaming sensor data (see Figure 1). Using the full

one-dimensional Saint-Venant equations ensures that the model adequately captures the

physics of a wide variety of real-world stormwater networks. Similarly, Kalman filtering

enables fast assimilation of sensor data while at the same time respecting the dynamics

of the physical system. pipedream can be run in online mode, advancing forward in sync

with the real-world system and assimilating sensor measurements in real-time. Moreover,

the toolkit provides a robust interface for executing dynamic controls through the use

of adjustable orifices, weirs and pumps. Taken together, the software described in this

paper provides an end-to-end framework for real-time monitoring and control that will

enable system operators to better manage stormwater infrastructure.

2 Prior Work

Previous e↵orts towards interactive stormwater modeling have largely focused on de-

veloping enhancements to existing models, such as the EPA Stormwater Management

Model (SWMM) [18]. One of the earliest of these e↵orts was MATSWMM: a Mat-

Lab/Python library aimed at simulating real-time control strategies for stormwater sys-

tems [19]. The MATSWMM library provides bindings for the SWMM hydrodynamic

solver, and also o↵ers tools for implementing control strategies; however, at the time of

writing, the project is no longer actively maintained. pySWMM is an actively-maintained

Python library that also provides interactive bindings for SWMM, allowing users to mod-

ify system states and simulate real-time control strategies [20]. While pySWMM has been
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Figure 1: Software diagram of the pipedream toolkit. The simulation engine consists of a coupled

hydraulic/hydrologic solver based on the Saint-Venant and Green-Ampt equations. The solver simulates

stormwater dynamics in real-time by combining rainfall forcings, user-specified control inputs, and online

sensor data which is fused into the model using a Kalman Filter.

used to great e↵ect in simulating real-time control strategies within industry, its applica-

tion to continuous monitoring has been limited by the fact that SWMM does not o↵er a

state-space representation of system dynamics, making it di�cult to apply model-based

data assimilation techniques like Kalman Filtering.1

On the data assimilation side, a significant body of work has explored the problem of

state/parameter estimation in hydrologic systems. Much of this research focuses on the

problem of streamflow forecasting in large river basins [23]. These studies seek to improve

streamflow forecasts by using data assimilation techniques to correct initial soil moisture

conditions [24–26], snow water storage [27], and rainfall forcings [24]. A variety of data

assimilation approaches have been investigated, including variational data assimilation

[24], best linear unbiased estimation [25], particle filtering [27, 28], and ensemble Kalman

filtering [26, 27, 29]. While most of the literature focuses on o✏ine data assimilation, a

few studies have examined data assimilation in a real-time context. Schwanenberg (2011)

develop a data assimilation approach based on Ensemble Kalman filtering to assist with

real-time control of large delta river systems [30]. However, their approach uses the

1
Although it is possible to assimilate data using a surrogate model when the underlying process

model is unavailable [21], this approach often lacks the performance guarantees of model-based data

assimilation approaches [22].
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kinematic wave approximation of the Saint-Venant equations, rendering it unsuitable for

stormwater networks with bidirectional flow.

In the context of stormwater networks, the application of data assimilation has been

more limited. In practice, e↵orts towards incorporating sensor data into stormwater mod-

els have mainly focused on model parameter calibration [31–35]. Online state estimation

has generally been achieved through model-specific deterministic methods that are dif-

ficult to reconcile with modern state estimation theory [36, 37]. Studies that explore

more formal state estimation techniques generally rely on simplified conceptual models.

Hutton et al. (2014), for instance, present a method for applying a Kalman Filter to a

simplified stormwater model based on a series of cascading linear reservoirs [38], while

Breinholt et al. (2011, 2012) investigate the application of Extended Kalman Filtering

to a lumped conceptual urban rainfall-runo↵ model [39, 40]. While this line of research

shows the potential for data assimilation to improve our understanding of stormwater sys-

tem performance, more work is needed to integrate robust data assimilation techniques

with our best knowledge of system dynamics, as represented by physically-based models.

To our knowledge, there is currently no fully physically-based interactive stormwater

model that provides real-time data assimilation capabilities. To fill this need, we present

pipedream—a new digital twin model for stormwater networks.

3 Methods

In this section, we describe the development of the pipedream toolkit, including the

theory behind the hydrodynamic model, its numerical implementation, and the develop-

ment of a state estimation procedure for fusing real-time sensor data. First, we develop

and implement a robust hydraulic solver that facilitates data assimilation by providing

a state space model of the stormwater system (Section 3.1). Next, we combine the hy-

draulic solver with an implicit Kalman filter to facilitate real-time assimilation of sensor

data into the dynamical model (Section 3.3). Finally, drawing on sensor data from a

real-world stormwater network, we test the data assimilation framework by evaluating

its e�cacy at interpolating and forecasting system states (Section 3.6).
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3.1 Overview of the hydraulic solver

To enable real-time state estimation in urban drainage systems, we first develop and

implement a new hydraulic solver that (i) enables real-time interactive usage, and (ii) pro-

vides a state space representation of system dynamics. The hydraulic solver developed in

this study is based on an implicit staggered-grid scheme for solving the one-dimensional

Saint-Venant equations in sewer/channel networks [41]. This formulation has demon-

strated impressive accuracy and stability in previous applications, and variants of the

scheme are used in a number of proprietary software packages, including GSSHA and

SEWERCAT [42, 43]. More crucially for this study, this numerical scheme facilitates the

use of robust state estimation techniques like Kalman filtering by enabling the system dy-

namics to be cast in the form of an implicit state space model. In this section, we discuss

the basic solver formulation, and show how the model can be reinterpreted as an implicit

linear time-varying (LTV) state space system. We also present several improvements

to the original solver formulation that enhance model stability, enable representation of

backwater e↵ects, and extend the applicability of the model to systems with dynamic

control structures.

Figure 2: Example network from Ji (1998) demonstrating the fundamental computational elements used

by the model [41], including superlinks/superjunctions (left), and links/junctions (right).

The hydraulic solver is a finite di↵erence model with four distinct types of compu-

tational elements: links, junctions, superlinks, and superjunctions [41]. Links are finite

volumes that represent sections of conduit or open channel. Junctions connect links

together, and may represent manholes, grade changes, or simply extra computational
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elements. Superlinks are collections of links joined end-to-end by junctions with no

branching. Superjunctions connect one or more superlinks together, and may represent

storage basins, branching locations, or invert discontinuities. To facilitate the computa-

tion of pressurized flow, each link is equipped with a Priessman slot—a fictitious narrow

groove located at the crown of the link that allows the one-dimensional unsteady open-

channel flow equations to be applied to surcharged pipes [44]. Figure 2 shows an example

network adapted from Ji (1998) [41], with all basic elements of the model labeled.

Flows within the channel network are modeled using the one-dimensional Saint-

Venant equations. This pair of nonlinear partial di↵erential equations consists of two

parts: the continuity equation (1), which describes the mass balance for a finite volume,

and the momentum equation (2), which describes the force balance:
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+
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Where Q is discharge; A is the cross-sectional area of flow; u is the average velocity; h

is depth; x is distance; t is time; qin is the lateral inflow per unit width; and So, Sf and SL

represent the channel bottom slope, friction slope and local head loss slope, respectively.

Using a staggered grid formulation, the continuity equation is applied to each junction

(indexed by Ik), while the momentum equation applied to each link (indexed by ik).

The equations are discretized using a Backward Euler-type implicit scheme (see Sections

S2 and S3 in the Supplementary Information for derivations):
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(4)

Where B is the top width of flow, As is the junction surface area, and Qin is the

exogenous flow input. The boundary conditions for each superlink are supplied by the
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upstream and downstream superjunction heads, assuming weir-like flow at the superlink

inlet and outlet:

Q = CA
p

2g�H (5)

Where C is the inlet/outlet discharge coe�cient, and �H is the di↵erence in head

between the superjunction and the adjacent superlink boundary junction.

The hydraulic model solves for all unknowns simultaneously at each time step by

embedding the solutions to the Saint-Venant equations into a system of implicit linear

equations wherein all unknowns are defined in terms of the unknown superjunction heads.

1. First, the discretized Saint-Venant equations are reformulated into recurrence re-

lations that relate junction heads and link flows within each superlink.

2. The assumption of orifice-like flow between superjunctions and superlinks is used

to establish boundary conditions for the superlink inlets and outlets.

3. Combining the recurrence relations together with the superlink boundary condi-

tions, the system is reformulated as a sparse matrix equation with all unknowns

expressed in terms of the unknown superjunction heads.

4. After solving for the unknown superjunction heads, the internal depths and flows

within each superlink are recovered by substituting the superjunction boundary

heads into the previously-developed recurrence relations.

This solution procedure a↵ords a balance between stability and computational e�-

ciency: while the implicit discretization scheme helps to ensure stability, the use of recur-

rence relations reduces the size of the solution matrix and helps to increase computation

speed compared to the more conventional four-point implicit scheme [41]. However, in

addition to its computational advantages, this scheme also facilitates data assimilation

by enabling the solver to be cast in the form of a linear time-varying state space system.

3.2 Constructing the state space system

Through derivation of the solution matrix equation, we show that the hydraulic model

is equivalent to a linear time-varying (LTV) state space system, which in turn allows for

the application of powerful algorithms from signal processing and control theory, such
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as feedback control, modal analysis, and—as we show in this paper—Kalman filtering.

In the following section, we derive the solution matrix equation and show how it is

equivalent to a LTV state space system. Detailed derivations, including the discretization

of governing equations and the development of the recurrence relations, are omitted from

this section and can instead be located in the Supplementary Information (SI) document.

The solution matrix equation is derived by applying the continuity equation to all

superjunctions, and then using recurrence relations to express all unknown variables in

terms of the superjunction heads. Focusing on a single superjunction j, the continuity

equation requires that the change in storage volume over a time interval �t equal the

sum of inflows minus outflows:

NKDjX

l=1

Qt+�t
dkl

�

NKUjX

m=1

Qt+�t
ukm

+Qt+�t
in,j =

Asj(H
t+�t
j �Ht

j)

�t
(6)

Where Qdk is the discharge at the downstream end of superlink k, Quk is the discharge

at the upstream end of superlink k, Qin,j is the external inflow into superjunction j,

Asj is the surface area of superjunction j, and Hj is the total head at superjunction

j. NKDj represents the number of superlinks with their downstream ends attached to

superjunction j, while NKUj represents the number of superlinks with their upstream

ends attached to superjunction j (thus, the first two terms represent the sum of inflows

minus outflows from all superlinks attached to superjunction j).

Using the recurrence relations developed in SI Section S4, the discharge at the up-

stream and downstream ends of each superlink can be described using the following linear

functions of the upstream and downstream superjunction heads at time t+�t:

Qt+�t
uk = ↵ukH

t+�t
juk + �ukH

t+�t
jdk + �uk (7)

Qt+�t
dk = ↵dkH

t+�t
juk + �dkH

t+�t
jdk + �dk (8)

Where Hjuk represents the head at the superjunction upstream of superlink k, and

Hjdk represents the head at the superjunction downstream of superlink k. The ↵,� and

� coe�cients are functions of the depths and flows inside each superlink that incorporate

the solutions to the continuity and momentum equations in both the forward and back-

ward directions. Substituting these linearized expressions into the continuity balance for
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superjunction j yields the linear equation:
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Applying these equations to each superjunction j yields the following implicit state

space equation:

�
AK(t) +AS(t)

�
· x(t+�t) = AS(t)x(t) +B(t)u(t) +DK(t) (14)

Where x(t) is the state vector of superjunction heads at the current time step and

x(t+�t) is the state vector of superjunction heads at the next time step. The elements

of AK(t) are defined such that AKj,j (t) = F k
j,j ; AKj,juk`

= �k
j,juk`

; and AKj,jdkm
=

 k
j,jdkm

(with all other elements of AK(t) equal to zero). Similarly, the elements of

DK(t) are defined such that DKj = Gk
j . AS(t) is a diagonal matrix representing the

current superjunction storage:

AS(t) = diag

✓
Asj

�t

◆
, 8j = 1, 2, ...,M (15)
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The exogenous input B(t)u(t) represents the external inflow (e.g. runo↵) to each

superjunction j. Assuming that each superjunction has its own independent input signal,

the input transition matrix is the identity matrix:

B(t) = I (16)

And the input signal is equal to the external inflow at each superjunction:

u(t) = [Qin,1, Qin,2, · · ·Qin,M ]T (17)

To illustrate the construction of the solution matrix in concrete terms, we include

here the solution matrix for the example network in Figure 2. For brevity, define F̃j,j =
Asj

�t + F k
j,j and G̃j = Asj

�t H
t
j + Qin,j + Gk

j . Thus, for the example network in Ji (1998)

[41], the sparse matrix equation at time t+�t is expressed as:

2
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(18)

This sparse system is solved for the unknown left-hand vector of superjunction heads

at time step t+�t. Once the superjunction heads are known, the depths and discharges

at the upstream and downstream superlink boundaries are computed. Finally, the recur-

rence relations are used to solve for the internal depths and flows within each superlink.

3.3 Implicit Kalman Filter

Having defined the system dynamics in terms of an implicit LTV system, an implicit

Kalman Filter is developed to fuse sensor data with the dynamical model. Kalman

Filtering is a recursive Bayesian estimation algorithm that (i) uses a dynamical system

model to generate a prior estimate of system states, then (ii) updates this prior with

observed data to produce a posterior estimate [45]. It can be shown that the Kalman

Filter is the optimal linear estimator for system states when the dynamical system model
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is perfectly accurate, and the noise is white and Gaussian with known covariance [45].

In the following section, we derive the Kalman recursion for an implicit LTV system,

following the treatment provided in Skliar and Ramirez (1997) [46]. As a starting point,

we may first express the internal states and observed outputs of the system in terms of

a “hidden” state equation along with an observed output equation.

A1(t)x(t+�t) = A2(t)x(t) +B(t)u(t) + C(t)w(t) +D(t) (19)

z(t+�t) = H(t+�t)x(t+�t) + v(t+�t) (20)

Where x(t) is the n�dimensional state vector at the current time step, u(t) is

an `�dimensional input vector, w(t) is a p�dimensional stochastic disturbance, z(t +

�t) is the m�dimensional observed state at the next time step, and v(t + �t) is the

m�dimensional vector of measurement noise. A1(t) and A2(t) are (n ⇥ n) state transi-

tion matrices, B(t) is an (n ⇥ `) input transition matrix, C(t) is an (n ⇥ p) stochastic

disturbance transition matrix, D(t) is an (n ⇥ 1) vector of constants, and H(t +�t) is

the (m⇥ n) measurement transition matrix.

The stochastic disturbance w(t), and measurement noise v(t + �t) are assumed to

be random vectors of zero-mean Gaussian white noise:

E[w(t2)w(t1)
T ] = Q(t)�(t2 � t1) (21)

E[v(t2 +�t)v(t1 +�t)T ] = R(t+�t)�(t2 � t1) (22)

Where Q(t) is the (p ⇥ p) covariance matrix for the process noise and R(t + �t) is

the (m⇥m) covariance matrix for the measurement noise. To apply a Kalman filter to

a system of this form, we may first define the auxiliary state vector [46]:

y(t+�t) = A1(t)x(t+�t) (23)

An estimate of the auxiliary state vector at the next time step is produced by prop-

agating the dynamical model forward in time:

ŷt+�t|t = A2(t)x̂t|t +B(t)u(t) +D(t) (24)
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Next, the estimation error covariance of y(t + �t) is computed by propagating the

previous error covariance forward in time through the dynamical model:

P y
t+�t|t = A2(t)P

x
t|tA

T
2 (t) + C(t)Q(t)CT (t) (25)

The auxiliary measurement matrix H1 is defined as:

H1(t+�t) = H(t+�t)A�1
1 (t) (26)

The optimal Kalman gain can then be computed:

Ly(t+�t) = Pt+�t|tH1(t+�t)


H1(t+�t)P y

t+�t|tH
T
1 (t+�t) +R(t+�t)

��1

(27)

The updated estimate of the auxiliary state vector is obtained by applying the Kalman

gain to the forward propagation of the dynamical system model:

ŷt+�t|t+�t = A2(t)x̂t|t+B(t)u(t)+D(t)+Ly(t+�t)


z(t+�t)�H1(t+�t)ŷt+�t|t

�
(28)

The updated estimate of the original state vector is recovered through inversion of

the left state transition matrix:

x̂t+�t|t+�t = A�1
1 (t)ŷt+�t|t+�t (29)

The covariance measurement update for the auxiliary state vector is then computed

as:

P y
t+�t|t+�t = (I � Ly(t+�t)H1(t+�t))P y

t+�t|t (30)

Finally, the covariance measurement update for the original state vector is recovered

through inversion of the left state transition matrix:

P x
t+�t|t+�t = A�1

1 (t)P y
t+�t|t+�t(A

�1
1 (t))T (31)
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After computing the updated covariance measurement, the process is repeated for

the next time step, starting with equation 24 and ending with equation 31.2

The data fusion procedure proceeds as follows: at each time step, the hydraulic

solver is advanced to determine the hydraulic heads and update the state transition

matrices. Next, the Kalman recursion is applied to correct the hydraulic heads at time

step t + �t based on observed data. Finally, the superlink boundary conditions and

internal states are computed based on the updated superjunction heads. This process is

repeated indefinitely (potentially in real-time) until the simulation is terminated.

3.4 Enhancements to the hydraulic solver

To enable representation of a broader array of real-world stormwater networks, we

make substantial additions to the original numerical scheme. These changes allow for

modeling of real-world stormwater networks that would be either impractical or impos-

sible under the original formulation.

Control structures: To facilitate simulation and execution of real-time controls, we

modify the numerical scheme to enable representation of orifices, weirs, and pumps

(see Sections S9, S10, and S11). The governing equations for these control struc-

tures are embedded directly into the system solution matrix, facilitating the use of

classical state estimation and control algorithms for LTV systems.

Mobile computational elements: The original numerical scheme su↵ers from insta-

bility when modeling backwater e↵ects. We correct this problem by introducing

mobile computational elements that track discontinuities in the water surface pro-

file (see Section S12).

Accuracy improvements: High-gradient conditions were found to induce mass bal-

ance errors under the original formulation. To reduce these errors, we re-derive the

recurrence relations and superlink boundary conditions to eliminate some error-

generating assumptions (see Sections S4 and S5).

2
Note that for su�ciently large state-space systems, A1 should not be inverted directly [46]. Rather,

equations 26, 29 and 31 should be solved implicitly for their dependent variables using algorithms for

solving linear systems of equations (e.g. Gaussian Elimination).
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Adaptive step size control: Implicit solvers typically maintain better stability at

large time steps when compared to explicit solvers—especially during near-steady-

state conditions. To exploit this strength, we implement an adaptive time-stepping

algorithm that allows the solver to use a small timestep during highly transient

conditions and a large timestep during weakly transient conditions (see Section

S13) [47].

Infiltration/runo↵ coupling: To enable the use of pipedream as a standalone stormwa-

ter management model, we implement an infiltration module based on the well-

known Green-Ampt formulation [48]. This module is coupled bi-directionally with

the hydraulic solver to enable more accurate representation of overland flow and

runo↵ generation (see Section S14).

3.5 Implementation

The pipedream toolkit is implemented in the Python programming language, which

provides a powerful interpreter environment for interactive use [49]. Acceleration of

numerical code is realized using the numba just-in-time compiler, which compiles native

Python code to machine code that achieves speeds comparable to code written in C or

FORTRAN [50]. We accelerate the solution of the system matrix equation by using

a banded matrix solver: upon model initialization, the system matrix is automatically

permuted into a banded form using the Reverse Cuthill-McKee algorithm [51]. All code

and data for this study are available at github.com/mdbartos/pipedream.

3.6 Model validation

We assess the state estimation toolkit by applying our methodology to a real-world

stormwater network and then evaluating the extent to which the Kalman filter improves

the accuracy of interpolated and forecasted system states. First, a real-world catchment

is selected, and real-time depth data is collected at four sites. We then construct a

pipedream model of the catchment and force the model with a real-world storm event.

We then use a holdout cross-validation approach to measure the extent to which fusing

sensor data at selected sites reduces error at the holdout sites. We also evaluate the

ability of the Kalman filter to forecast system states by fusing sensor measurements at
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one-hour intervals and quantifying the reduction in error over the remainder of each

hour. These two applications—interpolation, and forecasting—represent important use-

cases for real-time state estimation with continuous monitoring.

Figure 3: Overview of study area. Left: Map of stormwater network including the contributing area,

channel network, hydraulic storage elements, and four sensor sites. Right: Photographs of sensor sites

located on basins 1-3 and outlet flume.

Our case study focuses on a 5.85 km2 urban watershed located in the Midwestern

United States (Fig. 3). This watershed is the subject of a long-term monitoring project

led by the authors and thus features roughly two years of continuous sensor data [52].

Roughly 47% of the catchment is impervious, with a majority of the impervious area

located towards the downstream half of the catchment. The representation of the channel

network is derived from survey data and engineering drawings that describe the network

topology, hydraulic geometries, storage curves, and various hydraulic and hydrologic

parameters needed to properly model catchment dynamics.

To characterize the response of the catchment, wireless ultrasonic depth sensors are

installed at four locations in series along the mainstem of the watershed (numbered in

increasing order from 1 to 4 in the downstream direction). These sensors continuously

report the distance to the water surface at an adaptive sampling rate that ranges from

roughly 2 minutes to 1 hour, with a manufacturer-specified reading-to-reading error of

approximately 1mm. Sensors at sites 1 and 2 measure the water level in two relatively

large retention basins. The sensor at site 3 measures the water level in an outlet box
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directly downstream of a third retention basin. Overflow from this retention basin drains

into the outlet box through a rectangular weir that is approximately 5m wide. Finally, the

sensor at site 4 measures the water level at the downstream end of a rectangular flume.

The rectangular flume is roughly 5m wide and is connected at the upstream end to a

fourth retention basin. Raw sensor data is preprocessed using a combination of manual

and automatic filtering techniques. Invalid readings and sensor spikes are flagged and

removed using an automated filtering routine consisting of range checks and threshold

tests on the second derivative of the sensor signal. After the initial quality control,

distance measurements are converted to water depth estimates using field measurements

of the sensor o↵set to the channel bottom.

We apply the new hydraulic model to a real-world storm event occurring on August

8, 2017. This rain event is selected because (i) all sensor sites were active and reporting

during this storm, and (ii) the peak depth of the generated hydrograph is close to the

median peak depth for the period of available data, meaning that the storm event is

representative of a typical storm event in this location. Precipitation intensity data

are collected from two weather stations operated by Weather Underground near the

catchment of interest [53]. Runo↵ is generated from the rainfall using the Green-Ampt

formulation and then fed into the hydraulic model. For the purposes of this analysis,

we assume uniform rainfall intensity over the catchment and use the average intensity

between the two gages as input to the model.

4 Results

4.1 Interpolation

Using a holdout cross-validation approach, we find that the Kalman filter is e↵ective

at interpolating system states at ungaged locations. Figure 4 shows the result of the

holdout cross-validation assessment. For this experiment, the filter is applied to sensor

sites 1 and 3, and the output of the updated model is compared with sensor measurements

at sites 2 and 4. From Table 1, it can be seen that the filter reduces error at both holdout

sites. While the model performs well on its own, the Kalman filter reduces the mean

squared error (MSE) at site 2 by 25.5% and at site 4 by 17.9%. For site 2, a majority

of the error is reduced at the peak of the hydrograph, while at site 4, a majority of the
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error is reduced at the falling limb. Because the filter improves model accuracy even

at locations where it is not directly applied, the holdout assessment suggests that the

Kalman filter pushes the system closer to its actual state rather than simply “overfitting”

individual sites to measured data.

The Kalman filter is capable of correcting error introduced by uncertain dynamical

inputs, distinguishing it from a calibration-only approach. From Figure 4, it can be

seen that the model without filtering over-predicts the discharge at sites 1 and 2, but

under-predicts at sites 3 and 4. This result suggests that the spatial heterogeneity of

runo↵ is a major source of error. This type of error is di�cult to counter with model

calibration alone, given that calibration tends to target static parameters of the system

such as channel roughness coe�cients and impervious area percentages. However, spa-

tial variability in runo↵ may also result from spatial variability in the originating rainfall

field. In contrast to continuous calibration, the Kalman filter handles this contingency

by correcting system states in real-time, adding and removing mass from the system to

match field observations. This approach is robust to both parameter and input uncer-

tainty, making it especially suitable for real-time applications in which the driving input

is often uncertain or unknown.

Figure 4: Validation of Kalman filter using holdout assessment. Left: Depth hydrographs at basins 1

and 3, where the Kalman filter is applied. Right: Depth hydrographs at holdout sites where Kalman

filter was not applied. The Kalman filter reduces error at both holdout sites.
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Basin 2 Outlet Flume

MSE (Model) 3.22E-4 6.36E-4

MSE (Filter) 2.40E-4 5.22E-4

Table 1: Mean squared error of reconstruction at holdout sites.

4.2 Forecasting

By adaptively correcting system dynamics, Kalman filtering pushes the hydraulic

system closer to its measured state and thus enables improved forecasting of system

behavior. However, not all sites o↵er the same forecasting benefit, and sensor sites must

be selected judiciously to maximize the accuracy of the forecast. Figure 5 shows the

result of using the Kalman filter to forecast system states at 1-hour intervals. In this

application, sensor data for each site is fused at the first minute of each hour (indicated

by circular markers), and the model is then propagated forward in time to forecast system

behavior for the remainder of the hour. The e↵ectiveness of the forecast is then gaged

based on the reduction in MSE, and the length of time that the correction persists.

Figure 5: Forecasting hydraulic states at 1-hour intervals using the Kalman filter. Forecasting benefit

is greater for sites with large storage capacity (left), and less so for sites with small storage capacity

(right).

In general, the most e↵ective sites for forecasting are those for which the volume

of storage is large compared to the volume of water entering and exiting the control

volume. When the filter is applied to correct the hydraulic head at a large retention

pond (site 1), as shown in Figure 5 (left), the e↵ect of the correction persists for the
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remainder of the hourly interval—in other words, applying the correction significantly

changes the trajectory of the hydraulic head compared to the trajectory produced by the

model alone. The correction imposed by the filter increases the accuracy of the forecasted

states (measured by MSE) compared to the model-only forecast. Sites with larger storage

capacity are most e↵ective because small changes in hydraulic head result in relatively

large changes to the mass and energy balance of the system, essentially allowing greater

control over the state space.

By contrast, sites with smaller storage capacity o↵er less forecasting benefit, given

that the e↵ect of the correction is quickly overpowered by dynamics originating from

elsewhere in the system. At the outlet flume (site 4), for example, the proportion of mass

entering and leaving the control volume at each time step is relatively large compared

to the mass within the control volume itself. Thus, correcting the system state at this

location does not significantly alter the amount of mass or energy in the system, and

the e↵ect of the correction persists for only a short time after the filter is applied. As

shown in Figure 5 (right), the trajectory of the hydraulic head quickly returns to the

model-only trajectory after each application of the filter. Thus, sensor data from sites

with little storage capacity must be fused at a rapid frequency (on the order of the time

step used by the hydraulic solver) in order to produce noticeable forecasting benefit.

4.3 Computational Performance

The pipedream model o↵ers significantly improved model run-times compared to

pySWMM—an existing interactive solver for stormwater networks. Model run-time com-

parisons are conducted on networks ↵, �, and ✏ from the pystorms benchmarking library,

with network sizes ranging from 26 to 210 nodes (superjunctions) [54]. When compared

against pySWMM, pipedream ran between 15-190 times faster, with performance gains

increasing for larger numbers of computational elements. For many networks, this multi-

ple order-of-magnitude run-time improvement could mean the di↵erence between o✏ine

usage and true real-time execution. When compared with SWMM5 in batch execution,

pipedream is currently about 2.1-3.4 times slower for the benchmark scenarios chosen.

However, pipedream was able to achieve more consistently stable results. In particular,

for the � network, pipedream was able to achieve stable results, while SWMM was not—

even when using a small timestep (0.1 s). Table 2 shows a detailed breakdown of model
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Model run time (s)

Scenario Nodes Links Duration (hr) pipedream SWMM pySWMM

↵ 26 30 12 4.42 1.29 64.9

� 210 210 24 42.4 19.98 8210

✏ 78 77 960 196.0 64.8 10900

Table 2: Performance of model runs under pipedream, SWMM and pySWMM. To assess the performance

of pySWMM in an interactive context, pySWMM model runs incorporate the time needed to query depth

and flow states from all nodes and links, respectively.

performance for all scenarios. Figures S4-S6 compare model outputs for pipedream and

SWMM under each scenario.

5 Discussion

By enabling real-time interpolation and forecasting of hydraulic states, pipedream

provides a powerful new tool for urban flash flood nowcasting. The dynamics of urban

flash flooding are complex and spatially heterogeneous, to the e↵ect that there is no

existing model that is capable of reliably forecasting flash floods in urban catchments

[55]. While many cities use gage networks to help detect flooding and communicate

flood alerts, gages are generally restricted to larger streams, leaving significant “blind

spots” in the drainage network [56]. To address this problem, the data assimilation

methodology presented in this paper will allow emergency managers to better estimate

localized flooding at ungaged locations by interpolating hydraulic states from locations

where sensor data is available. These high-resolution flood estimates will enable new

forms of rapid flood response, such as localized alerts for motorists and targeted dispatch

of emergency services. Moreover, by correcting system states in real-time, the pipedream

toolkit will assist with flood forecasting, enabling emergency managers to more accurately

predict downstream flooding at longer lead times—especially in cases where flooding is

primarily driven by upstream transport.

In addition to detecting localized floods, the pipedream toolkit will also assist in iden-

tifying maintenance emergencies. Timely and accurate diagnosis of maintenance issues

is essential for e↵ective stormwater management. Short-term maintenance emergencies
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(such as storm drain blockages) can lead to localized flooding, while long-term main-

tenance issues (such as sediment accumulation) can degrade the overall performance of

the stormwater system [5]. However, distinguishing true maintenance emergencies from

spurious sensor faults remains a persistent challenge—especially when attempting to

diagnose anomalies from sensor data alone [57]. pipedream handles this ambiguity by

combining sensor data with a dynamical model of the stormwater system. By o↵ering two

independent estimates of system states, pipedream makes it easier to track the source of

anomalies and di↵erentiate true emergencies from false positives. Moreover, pipedream

natively encodes the relative confidence in sensor/model outputs through the measure-

ment/process covariances respectively, allowing users to incorporate prior information

about sensor faults directly into the data assimilation procedure.

Perhaps most importantly, the pipedream toolkit provides a foundation for real-

time control of urban drainage systems. Many cities are now implementing or seeking

to implement real-time control systems for urban drainage systems in order to improve

performance, cut costs, or mitigate stormwater-related hazards. In both modeling studies

and real-world deployments, real-time control has shown proven results in mitigating

combined sewer overflows and improving urban water quality [8–16]. However, e↵ective

real-time control is predicated on an accurate representation of system states. By fusing

sensor data with an accurate physically-based process model, the pipedream toolkit

provides a firm basis for control, whether for the purposes of simulation or real-world

execution. Crucially, pipedream integrates control structures into the internal state-space

model, facilitating native use of classical control algorithms such as model-predictive

control and linear-quadratic regulation.

Conclusions

In this study, we develop a new toolkit for real-time digital twinning of urban stormwa-

ter systems. This toolkit consists of a robust hydraulic solver based on the full one-

dimensional Saint-Venant equations along with an implicit Kalman filtering methodol-

ogy that facilitates assimilation of real-time sensor data. Drawing on sensor data from a

real-world stormwater network, we find that the implicit Kalman filter is e↵ective at both

interpolating system states within the network, and forecasting future states based on
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current measurements. By providing a physically-based methodology for state estima-

tion in stormwater networks, this toolkit will enable system operators to pre-emptively

detect and repair blockages, leaks and other maintenance emergencies. Moreover, by im-

proving interpolation and forecasting of system states, our toolkit will provide a strong

foundation for model-based real-time control schemes, such as model predictive control

and linear quadratic regulation.
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