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Abstract: Model-driven forecasting, used for flood risks or big hydropower systems
management, can produce results of unsatisfying accuracy even with best-calibrated
hydrodynamic models. One of the biggest uncertainty sources is the inflow data, either
produced by different hydrological models or obtained using unreliable rating curves. To
keep the model in the up-to-date state, data assimilation techniques are used. The aim of the
assimilation is to reduce the difference between simulated and observed state of selected
variables by updating hydrodynamic model state variables according to observed water
levels. The widely used data assimilation method applicable for nonlinear hydrodynamic
models is Ensemble Kalman Filter (EnKF). However, this method can often increase the
computational time due to complexity of mathematical apparatus, making it less applicable in
everyday operations. This paper presents the novel, fast, tailor-made data assimilation
method, suitable for 1D open channel hydraulic models, based on control theory. Using
Proportional-Integrative-Derivative (PID) controllers, the difference between measured levels
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and simulated levels obtained by hydrodynamic model is reduced by adding or subtracting
the flows in the junctions/sections where water levels are measured. The novel PID control-
based data assimilation (PID-DA) is compared to EnKF. Benchmarking shows that PID-DA
can be used for data assimilation, even coupled with simplified 1D hydraulic models, without
significant sacrifice of stability and accuracy, and with reduction of computational time up to

63 times.

Keywords: PID control; control loop feedback mechanism; short-term forecasting; Ensemble

Kalman filter; data assimilation speed up

1. INTRODUCTION

Population growth and high urbanization under ongoing climate changes have created
society highly sensitive to increasingly frequent extreme hydrological events (Coumou and
Rahmstorf 2012; IPCC 2012). Managing flood risks and river systems used for electrical
energy production, water supply, irrigation or inland navigation, even in regular, average
hydrological events, and especially during extremes, creates extra pressure in decision-
making. In order to optimize the water resources management on daily basis, experts require
long-term and, more often, short-term forecasts. For this purpose, different numerical models

and monitoring systems are used.

The quality of model-driven forecast (e.g. water level forecasting) is often reduced due to
numerous uncertainty sources (Bozzi et al. 2015; Vrugt et al. 2008). Inflows are susceptible
to uncertainties (as analyzed by Bai et al., 2016) mostly due to high uncertainty of rating
curves (Ocio et al. 2017) or inadequate hydrological model used. Additionally, model
calibration is done only for selected (historical) sets of data. This results in model’s inability to
produce results of satisfying accuracy when simulating current real-life conditions. In order to
overcome this and improve model’s simulation accuracy, Data Assimilation (DA) techniques

are widely used (Vrugt et al. 2006).

DA combines results from previously calibrated model with observation (measured) data,
together with model’s and observation’s uncertainties, and computes the update of model’s

2
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state, dynamically reducing model’s uncertainty and providing better forecasts (Habert et al.
2016). Different DA tools have been successfully applied in hydrological and hydrodynamic
modelling. One of the most commonly used is Kalman filter (Kalman 1960) and its
modifications used for highly nonlinear models (Evensen 2003), named Ensemble Kalman
Filter (EnKF) (Reichle et al. 2002). Madsen et al. (2003) applied EnKF coupled with MIKE 11
hydrodynamic model to improve the flood forecast in the Piedmont region in the northwestern
part of Italy. Vrugt et al. (2006) used the Sacramento Soil Moisture Accounting conceptual
watershed model (SAC-SMA) coupled with EnKF for operational streamflow forecasting and
flood warning systems in the USA. Coupling hydrological model and EnKF algorithm was
also presented in Clark et al. (2008), where streamflow observations were used in order to
update states (water levels). Coupling EnKF and hydrodynamic model based on shallow
water Saint-Venant's equations increased forecast accuracy of 50-70% as presented by
Neal, Atkinson and Hutton (2007). Combination of LISFLOOD-FP (Bates and Roo 2000) and
EnKF was presented in Andreadis et al. (2007), Andreadis and Schumann (2014) and
Munier et al. (2014). Neal et al. (2009) applied EnKF in combination with HEC-RAS model
(Brunner 2010) in order to estimate river discharge on an un-gauged basin using water level
data obtained by satellite images. Application of Synthetic-Aperture-Radar images for
assimilation into hydraulic models was presented in several researches (Garcia-Pintado et
al. 2013; Mason et al. 2012). Recent research in the area of DA for flood forecast on big
rivers was done by Barthélémy et al.,, (2017), using EnKF coupled with MASCARET
hydraulic model (Goutal and Maurel 2002) for operational flood forecasting on the Adour
Maritime river. Further analyses of observations and parameters impact and domain length

for flood forecasting can be found in Cooper et al., 2018.

All these researches show high applicability of EnKF in hydrologic/hydraulic modelling. Even
though the EnKF is the most commonly used DA method it has some restrictions. In order to
avoid those restrictions, some more complex methods are used: Particle Filters (presented
by Del Moral (1997)) (Chen, Pang, and Wu 2018; Matgen et al. 2010; Moradkhani et al.

2005; Xu et al. 2017), variational methods (Kabir, Appiah Assumaning, and Chang 2017; Seo
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et al. 2009) or new method called Ensemble Smoother (Li, Stetler, et al. 2018; Li, Puzel, and

Davis 2018).

The main drawback of EnKF and all other complex methods is that they are computationally
expensive. When used for hydrological/hydraulic forecast, in many cases those methods will
fail to perform in reasonable time (Madsen and Skotner 2005). If there is requirement for fast
evaluation and forecast of the water system state, in order to prevent or reduce flood hazards
and/or increase benefit from hydropower production, then there is necessity for easy
understanding and time effective modelling/assimilation tool for everyday use by water
system operators. Many researchers tried to develop simplified, tailor-made, assimilation
techniques suitable for solving some specific problems. For example, Madsen and Skotner
(2005) developed a cost-effective filtering procedure for river model. Instead of computing
Kalman gain matrix for each assimilation step, the procedure uses the predefined set of
gains to update the water levels. On the other hand, Hansen et al., (2014) applied
deterministic water level assimilation in urban drainage systems for better flow forecast. This
approach, presented by Hansen et al. (2014), uses indirect water level update, based on

adding/subtracting correction flow to the system.

This paper presents DA methodology based on adding/subtracting correction flows at
observation locations. In this research, correction flows are calculated using Proportional-
Integrative-Derivative (PID) controllers in the procedure called PID control-based data
assimilation (PID-DA). The PID-DA is developed for 1D open channel hydraulic models, used
for modelling river systems, where correction flows are implemented as simple lateral (fictive)
inflow in continuity equation. Potential of using the PID controllers as DA tool was introduced
in Rosi¢, Ja¢imovi¢, et al. (2017) and in Rosi¢, Prodanovi¢, et al. (2017), providing just the
general overview of the methodology and without comparing with the existing DA techniques.
Milasinovic et al. (2018), (2019) continued developing and testing PID-DA but without
benchmarking with other DA methods and without analysis of time cost efficiency. Therefore,

this paper presents further insight into the novel DA methodology (PID-DA).
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The aim of this paper is to present and test the novel, tailor-made, PID-DA approach. The
paper will benchmark PID-DA to the EnKF, showing that this novel approach is easy to
implement in 1D hydraulic models, is fast and robust. PID-DA and EnKF are applied for
correction of model states (water levels) in the assimilation window (period when
observations are available) on test examples. Along with water level assimilation
performance assessment, computational efficiency is also compared. Different PID
controllers and EnKF settings are applied to hydraulic (hydrodynamic) models of different
complexity. The analysis presented in the paper shows that PID controllers as DA tool can
be coupled with simplified hydraulic model, without significant sacrifice of accuracy. The main
benefit of using PID-DA is substantial reduction of computational time and ease of
implementation, which often limits the application of EnKF in everyday water systems

operations.

2. METHODS AND MATERIALS

2.1. Methodology overview

Formal DA procedure (EnKF, PF, variational methods, etc.) can be described using two
repeating steps. In the first step, forecast, the (river) model is used in free-run mode to
calculate the variables describing the system state (water levels) using several calculation
time steps with known model’'s driving data (inflows). Next step of data assimilation process
is correction of the forecasted states (correction of levels) at the present (or current) time,
when observations (level measurements with assessed uncertainty) are available, Fig. la.
Correction of the states is conducted according to the selected assimilation algorithm (EnKF,
PF) and uncertainties of both measured and forecasted levels. Since correction of present
model’s state is done, it is named in this paper as Real-Time assimilation (RTa), regardless
of time spent in the EnKF or PF algorithm. If observations are not available at the current

time, no correction is performed.

Novel DA tool in 1D open channel hydraulic model (PID-DA) requires slight modification of

formal data assimilation procedure. The assimilation is not Real-Time (RTa) in a sense that
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just one, current observation is used to correct present state of the model. Assimilation is
done in a Near Real-Time (NRTa), for selected previous period, when measurements
already exist. During that previous period, model is continuously updated in each
simulation time step, using either measured or interpolated water level data in order to
reduce the difference between measurements and model results (Fig. 1b). The assumption
in presented procedure is that inflow data are with much higher uncertainty than measured
water levels. Hence, PID controllers will add/remove flow from the model to reduce difference
between modelled and measured water levels. Having this assumption extends to the
assumption that main source of uncertainty are non-reliable boundary conditions (e.g.
unreliable data for upstream or lateral inflows obtained by hydrological models, unreliable
rating curves, etc.). The model update is controlled by several PID controllers which
continuously add/remove the flows at assimilation locations (at selected observation
locations, using fictive lateral inflow). Flows, added or subtracted at assimilation locations,
are calculated using Proportional-Integrative part of the controller, according to water level
difference between observed (measured) and calculated levels. A PID controller (Karl Astrom
2002; Skogestad 2004) is a control loop feedback mechanism that adjusts the added flow,

trying to reduce the water level difference in a reasonable time.

Because of the continuous PID controller’s nature, forecast and correction steps are not
clearly divided. The correction is conducted at each computation time step, during the
selected, previous period of simulation process (Fig. 1b). Since time step for measured data
is much longer than computation time step, the water level difference is computed based on
the linear interpolation between measured levels (“Interpolated state used for NRTa” on Fig.

1b).

The explanation of PID-DA for 1D hydraulic model is presented in the following sections.
General application of PID controller-based data assimilation on river model is presented in

the Figure 2.
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Standard DA tool - RTa
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with uncertainty -

PID control-based DA tool - NRTa
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Figure 1. General data assimilation procedure. a) standard EnKF, b) with PID controller

Water level difference (error)
e(t)=[Zops(t)-Zmode(t) ] C

+

Qrip=Qerp(e(t)) |

Zmodel

Zobserved

N

Y o Water level observation point
N Qrip Flow added/subtracted by PID controller
A+ Qeio Zobss Zmodel Water level (simulated or measured)
t simulation time
tops observation time
C(tops:t) dumping factor

River model

River section

Figure 2. PID controller-based data assimilation procedure for water level updating in 1D
hydrodynamic models (example: Danube section downstream of Iron Gate, border between

Serbia and Romania)

2.2. 1D hydrodynamic diffusion wave model — DiffW1D

To analyze the effects of model's complexity on both PID-DA and EnKF, diffusion wave
model is used. This model for water level forecasting is based on 1D Saint-Venant equations

(1) and (2) (Costabile and Macchione 2012)). Diffusion wave model is derived from the full
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Saint-Venants equations by neglecting convective acceleration in momentum conservation

equation (2).

oA 3Q _

at " (1)
Q 0 2 oz QIR

a?+§(ﬂ(i]+gAax+gn2 A? -|R‘|”3:0 @

Original diffusion wave model neglects inertial terms in eq. (2) (first and the second terms).
Diffusion wave model implemented in this paper (DiffW1D) differs from the original form by
adding local acceleration term (0Q/ot) including the backward wave propagation effect
(Petrovic, Palmar, and Ivetic 1994). Model domain discretization is presented in Fig. 3a.
Using this approach, river domain is divided by cross-sections. Numerical DiffW1D model
use staggered numerical scheme where water levels and flows are calculated in alternating
cross-sections (Abbot and Basco 1989) as presented in the Fig. 3b. Numerical model of the
diffusion wave is given by the equations (3) and (4):

ZHat _ 7t _E‘ Qit+1 _Qit—l
' ' B 2AX

®3)

Qt Z-t-%—At _ Zit+At

i+1 i+2

g(A'trzAt n t+At ]At 2AX
2

t+At
Qi:1 = 2 (4)
t
4/3 "Qm

1 n

g[ t:ZAt+At+AtJAt+ t:zAt_I_ trat \2 Rit;rZAt_l_RiHAt
2 2 2

. flow direction

o

@ i-2 il i i+] i+2

i-th @
cross-section

a) b)

Figure 3. (a) Model domain discretization and (b) numerical scheme using DiffW1D model
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Numerical model analyzed in this paper, together with used assimilation algorithms, is coded
in MATLAB (MathWorks Inc. 2018). Computational time is measured only for the part of the
code where the model equations and assimilation are performed; pre-processing and post-

processing phase were not included in simulation efficiency tests.

2.3. Assimilation methods

Well established EnKF data assimilation is used as benchmark to assess the performance of
the new PID control-based algorithm. PID controller-based assimilation is developed under
the assumption that the main source of uncertainty in the model is the inflow as boundary

condition.
2.3.1. PID control-based data assimilation — PID-DA

Proportional-Derivative-Integrative controller is a control loop feedback mechanism, where
input in the next step is a function of the previous output (Karl Astrom 2002). This
mechanism is often used for Real-Time-Control of different process (e.g. RTC of hydraulic
structures in urban drainage systems (Schiitze et al. 2004)). PID controller input is named as
error, which is calculated as a difference between current value of the process variable (e.g.
water level) and the setpoint of the variable (e.g. desired water level). PID controller tends to
reduce error using the control variable. When PID controller is applied as data assimilation
tool (PID-DA), error e(t) is calculated as difference between observed water level Zqs(t) and
water level obtained by 1D hydraulic model Znowi(t). Control variable used to reduce this error

is lateral inflow Qpip(t) (Fig. 2, egs. (5) and (6)).

Quo (1) = Qo = P-e()+ 1 [t + D ©

e(t) = Zubs (t) - chdel (t) (6)
PID parameters are: P - proportional gain factor used to multiply the current error value, | -

integrative gain factor used to add the influence of previous errors and D - derivative gain

9
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factor used to adopt control to current trends in error change. Mostly, PID controller is used
as the Proportional (P) or Proportional-Integrative (PI) controller. Goal of PID control is to
reach setpoint in a system in reasonable time (reach the measured water levels by adjusting
the model). P gain produces an output based only on the current value of the error. High
values of P gain cause big variations in controllers’ output that can make system unstable
(extremely big correction flow in one time step, extremely low correction flow in the next time
step). Low values (towards zero) of P gain avoid problems of unstable system, but time
needed for reaching the setpoint increases and, practically, makes system unable to reach
the goal. Therefore, integrative | gain is used. This gain collects previous errors and their
duration, trying to minimize them over time. This gain can significantly reduce time needed
for reaching the setpoint. In some cases, in highly dynamical systems with rapid changes,
Derivative component is included to estimate the error trend (what will be the error in the
near future). However, the D component is sensitive in systems with high measurement
noise and can enhance the controller’s instability. Hence, proper tuning of the parameters
depends on the problem being solved (there are no recommended values). Tuning the P, |
and D gains can be done manually (by trial and error) or using some heuristic approaches

(Ziegler and Nichols 1995).

Original form of the error calculation (difference between value of process variable and
setpoint) given by the eq. (6), assumes that observation time step Atys is equal to the
simulation time step At. In most applications, the simulation time step is much shorter and, in
the period between two existing observations, the “observed” state in eq. (7) is calculated
using linear interpolation. It can be assumed that the accuracy of interpolated “observed”
level is decreasing as the time interval from the last observation is increasing, so a form of

dumping factor is introduced. In this paper, it is defined by eq. (8) and is presented on Fig. 4.

e(t) = |:Z;bs (t) - Zmodel (t):l -C (7)

10
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C = AtObs t#t (8)
t+At, —t

prev_obs

In eq. (7), Z s represents observed water levels obtained by linear interpolation, Zmod is
simulated water level and C is dumping factor. In eq. (8) tyrev obs iS time of the previous
available observation, t is current simulation time, tos iS observation time and Ates iS

observation time step.

AC [/] error dumping factor
7+
0.94 l t = tobs
== Al t#1
0.8+ A ohs
[+ tabs _tp."ev_ob.s'
0.71
0.6+
0. 5 4 ———————+—— { [sec] (simulation time)
10 20 30 40 50 60 70 80 90 100110120
— At
Atops Atohs
I obs } obs }—>» ., (observation time)
Iprev_obs Inext_obs

Figure 4. Error dumping factor (periodical, discontinuous, function) as measure of uncertainty
(minimal value of the dumping factor depends on specific values of simulation time step 4¢

and observation time step Atons)

Dumping factor in eq. (7), will gradually turn off PID controller (Fig. 4) in periods between two
measurements. This means that, as model progress forward in time, in period without
measurements, smaller weight is given to the errors calculated using interpolated water
levels. Dumping function can be also seen as a way to include the observation uncertainty
into the process of assimilation: the error function for measurements with higher uncertainty
will be smaller, reducing the influence of measurement over the simulation. Using data
quality evaluation algorithm in a pre-processing phase (e.g. N. Branisavljevi¢, Prodanovic,
and Pavlovi¢ (2010) and Branisavljevi¢, Kapelan, and Prodanovi¢ (2011)) the value of
dumping function can be estimated. This means that if data quality, assessed through one of

11
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the data quality algorithms, is low, smaller weights would be given to the errors calculated
using this data. Another multiplier in eq. (7) would be used for implementation of this type of
dumping factor. In this research, only dumping factor for reducing impact of interpolated
water levels is used. Thus, in used PID-DA algorithm, only observation uncertainty is
included, unlike EnKF data assimilation where both model’s and observation’s uncertainties

are used.

PID controllers are implemented as lateral inflow elements in hydraulic model. Therefore, eqg.

(3) used in DiffW1D model has the following shape:

Z_t+At — Z_t _E, Qit+l _Qitf1 +§ QItDID
' ' Bl 2Ax B 2Ax

(9)

2.3.2. Ensemble Kalman filter (EnKF) with SLS inflation and localization

Ensemble Kalman Filter — EnKF (Evensen 1994, 2003) is used for benchmarking the
proposed PID-DA method. EnKF algorithm implemented in this paper is used for state
estimation, where water levels in each discretization element (reservoir or cross-section) are

considered as model state variable. In order to use EnKF algorithm for data assimilation,
state vector X=[x], (i=12,..,N,) has to be defined, where x; represents water levels at i"

cross-section, and Ny is the number of state variables in the model. When EnKF is used,
model uncertainty estimation is conducted through ensemble statistics, where each element
of the state vector X is represented by ensemble created by adding Gaussian noise to the
previous values of state vector variables. In this paper, 50, 100 and 200 ensemble members

are analyzed.

State of the vector X after each time step is calculated using the following equation:
XAt _ X:rAt +[Kx -(Y _H. x:rm )J (10)

Where t denotes previous time and #+4¢ denotes current time. Index e (in X{™ ) indicates

that this is evaluated state vector based on model only. This state vector is corrected using

the Kalman gain Kx, and measured data Y. H matrix represents mapping operator used for

12
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mapping observation locations with matching variables in the state vector X. Definition of the

H matrix is presented in Fig. 5.
Kalman gain Kx is calculated using the following equation:

K,=P-H-(H-P-H +B,,)" (11)

Where P is model error covariance matrix and Bops iS Observation error covariance matrix.

Procedure for calculation of P and Boys can be seen in Evensen (1994) and (2003).

Model domain

001 00O0O0O0O0
~— H={0 0 0 01 0 0 0 0
0O00O0O0OO0OT1TO0TGO0

Number of elements used for domain discretization N,=9| Mappi tor [H]
apping operator
Number of observation points (num. of circles) Nuys=3 ppRIng op Noss X N,

@ Observation location

Figure 5. Mapping operator H definition

Limitation of the ensemble size can affect filter performance and create divergent filter where
observed data are ignored over time. One of the reasons causing this problem is the
presence of spurious correlations evaluated in model error covariance matrix. Therefore,
different methods for eliminating this problem have been developed. Most common methods
used for eliminating this problem are inflation methods where model error covariances are
increased in order to prevent filter divergence (Anderson 2007; Anderson and Anderson
1999). Wu and Zheng, 2018 presented Second-order Least Square (SLS) inflation scheme,

which is applied in this paper. First step in SLS inflation scheme is to calculate forecasted

residuals d by the eq. (12).

d=Y-H-X™ (12)

When residuals are evaluated, inflation factors 4 (model error covariance inflation factor) and

u (observation error covariance inflation factor) are calculated using the following equations:

13
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A= obs
Tr(HPHTHPHT ) Tr (B2, ) ~Tr (HPH'B,, ) (13

obs

Tr(d"HPH"d)-Tr (B, )~ Tr(d"B,,d)-Tr (HPH'B,, )

T (HPHTHPH! )-Tr(d'8,,d) ~Tr (d HPH'd)-Tr(HPH'B,

obs
Tr (HPHTHPHT ) Tr (B, ) ~Tr (HPH'B,,, )’

H= (24)

obs

Where Tr denotes trace operator. When inflation factors are evaluated, Kalman gain K, eq.

(11), is modified (eq. (15)):

K& =2-P-H -(H-2-P-H + 1B, )" (15)

The second method commonly used for elimination of EnKF drawbacks mentioned before is
localization method (Petrie and Dance 2010). This method modifies model error covariance
matrix by eliminating spurious correlations (Hamill, Whitaker, and Snyder 2001; Wang et al.
2018). Model error covariance matrix is modified by correlation matrix p multiplication.

Correlation matrix (Gaspari and Cohn 1999) is calculated by the eq. (16)

—%(I/c)s+%(llc)4+g(l/0)3—g(llc)z+1, 0<l<c
p= %(I/c)s—%(llc)4+g(l/0)3—§(I/c)Z—S(I/c)+4—§(I/c)'1 . cs<ls (16)
0 1>2c

where | is Euclidean distance between either the grid points in physical space or the grid
point and the observation location. Here, | represents Euclidean distance between cross-
sections used for water level estimation (distance between each two cross-sections used by
model). ¢ represents a length scale, such that correlation reduces from 1 when distance | is
bigger than ¢ (c can be set to different values, depending on a problem being solved). Hence,

p is a Ny X Ngy correlation matrix. Accordingly, Kalman gain is modified by eq. (17).

-1

(17)

obs

K =(poP)-H:[H:(pP)-H +B
Operator “” in eq. (17) denotes Schur product of two matrices.

When localization method is used in hydrodynamic modelling, spurious correlations between

distant cross-sections or reservoirs (depends on elements used for model domain

14
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discretization) are neglected or reduced, depending on the distance. Practically, this means
that changes in one model element (reservoir or cross-section) cannot immediately cause
changes in distant elements (these changes in distant areas can be seen after certain
amount of time needed for change propagation). Therefore, length scale ¢ is used for limiting
the number of model elements affected by changes caused by assimilation process in
assimilation points according eq. (17). If localization is not used, each correction step will
induce changes in all model elements at the same time, which can induce model instabilities

(big oscillations of water levels with high amplitude).

Modification of the Kalman gain used in this paper combines both methods, inflation and
localization (egs. (15) and (17)). Hence, Kalman gain modification is given by the following

equation (18).

Ky=2-(poP)-H[A-H-(peP)-H +u-B, ] (18)
2.4, Test cases

Proposed PID-DA is compared with EnKF method on two hypothetical test cases with
different complexity of cross section geometry (Figure 6). Two phases are analyzed in each
test case: Phase 1, assimilation window, consisting of 24-hour period with available
observation data, and Phase 2, forecast window, consisting of 4-hour model free-run. True
state data (“measured” water levels) are synthetically generated using “true inflows” (black
line on Fig. 7), while “wrong” inflow (dashed line in Fig. 7) is used to run the model that will
be assimilated. True state data are generated using the hydraulic model with the “true

inflows”. Same initial condition was applied for both assimilation methods tested.

CASE 1 - Channel with rectangular cross section. 50km long and 250m wide rectangular
channel with longitudinal slope of /%.. Manning’s roughness used in this test case is uniform
n = 0.03 m™3s. Spatial resolution is 4x=125 m and temporal resolution is 4t=5 sec according
to CFL stability condition (Abbot and Basco 1989). Upstream boundary condition is given by
the inflow hydrograph (Fig. 7) and normal depth is applied at downstream boundary

condition. Bottom level at the upstream boundary is set to 100 m. Six observation points are
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used. Three points are used for direct water level assimilation, and the other three points are
used for validation (Fig. 6). In order to represent real problem, time step used for observed
data collection 4zns=60s is 12 times larger than simulation time step. Standard deviation used
for observation uncertainty evaluation is set to 1 cm (this uncertainty is used to represent

noise in observation data).

CASE 2 - Channel with compound cross section. 100 km long compound channel with
longitudinal slope of 1%.. Manning’s roughness is not uniform in cross section: the main
channel is nn=0.018 m™3s, left floodplain nKp=0.025 m™3s and n,=0.03 m™3s for the right
floodplain. Spatial resolution is 4x=250 m and temporal is 4/=10 sec according to CFL
stability condition (Abbot and Basco 1989). Upstream boundary condition is given by the
inflow hydrograph (Fig. 7) and normal depth is applied at downstream boundary condition.
Bottom level at the upstream boundary is set to 100 m. As in CASE 1, six observation points
are used, three for assimilation and three for validation (Fig. 6). Observations are generated

with time step 4tns=60 s, with standard deviation of uncertainty 1 cm.

Inflow
£
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Figure 6. Test cases: a) river section used for data assimilation methods benchmarking; b)

rectangular cross-section — CASE 1; ¢) compound channel — CASE 2

In both test cases, with rectangular and compound channels, length scale c, eq. (16), used in
correlation matrix p, is set to 250 m. This value is determined by trial and error in order to
determine the minimum value that provides model stability. This shows that correction of

water level at assimilation point directly affects water levels in the cross-sections 250 m
16



352  upstream and downstream. In other words, two upstream and two downstream sections are
353  affected by water level update at assimilation point in Case 1 (rectangular channel) and one

354  upstream and downstream cross-section in Case 2 (compound channel).
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True inflow (used to generate "measured” levels)
------- Inflow used to run model

End of assimilation window
= = AQ - Inflow difference ("missing" flows

356 Figure 7. River section inflow for true state generator and inflow for assimilation/forecast

357 Table 1. Test cases for rectangular and compound channel (Derivative gain D=0 for all cases)

Case Model Assimilation p | Ensemble
method size
Rectangular Compound

R1 C1 DiffW1D PID 10 0 /

R2 Cc2 DiffW1D PID 10 0.1 /

R3 C3 DiffW1D PID 10 1 /

R4 C4 DiffW1D EnKF / / 50

R5 C5 DiffW1D EnKF / / 100

R6 C6 DiffW1D EnKF / / 200

358  Different test cases are analyzed regarding P and | gains (D gain was set to 0 in all cases) in
359  PID controller and ensemble size used in EnKF assimilation method (Table 1). Each test
360 case is named according to the following abbreviation TypeOfCh_AssimMethod (TypeOfCh —
361 R for rectangular, C for compound; AssimMethod — 1 for Pl where 1=0, 2 for Pl where 1=0.1,
362 3 for Pl where I=1, 4 for EnKF with 50 ensemble members, 5 for EnKF with 100 ensemble

363 members, 6 for EnKF with 200 ensemble members).

364 2.5. Assessment methods
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Root-mean-square-error (RMSE) is used for assessment of the PID-DA and EnKF data
assimilation. RMSE, eq. (20), is calculated according to true state for assimilation window
and forecasting window. Besides RMSE, computational time for both assimilation methods is

obtained and compared.

N

2
RMSE — ;(Xsim,i - Xtrue_state,i ) (20)
N

In eq. (20) X can be water level or discharge obtained by model simulation. Index sim is used
for model results using data assimilation and index true_state is used for true levels or
discharges (black line in Fig. 7). N is the number of time steps where both simulation data
and observed data are available. As the model/assimilation performance indicator, mean

RMSE value for assimilation points and mean RMSE value for validation points is used.

PID-DA and EnKF are also compared regarding runtime and speed up gain. Speed up gain
represents the ratio between simulation runtime when EnKF is used and simulation runtime

when PID-DA is used, showing how many times the PID-DA simulation is faster than EnKF.

3. RESULTS AND DISCUSSION

All performance indicators, for all test cases defined in Table 1. are presented in Table 2
(rectangular channel) and in Table 3. (compound channel). Beside the above-mentioned
tables, RMSE indicators are presented in Figure 8. (rectangular channel) and in Figure 9.

(compound channel).

Table 2. Statistical evaluation of the assimilation/forecast Table 3. Statistical evaluation of the assimilation/forecast

(RMSEassim / RMSE(cs) process — rectangular channel (RMSEassim / RMSE¢c) process — compound channel
Mean R_M_SE - Mean RMSE " Runti Mean R_M_SE - Mean RMSE - Runti

e mslon e RS o, Cnkon sion et
R1 0.069/0.069 0.06/0.084 14.582 C1 0.076/0.094 0.07/0.078 9.802
R2 0.058/0.084 0.053/0.074 14.612 C2 0.061/0.09 0.058/0.07 9.786
R3 0.009/0.062 0.012/0.048 14.668 C3 0.01/0.059 0.015/0.045 9.779
R4 0.092/0.025 0.116/0.026 272.517 C4 0.068/0.073 0.08/0.051 188.137
R5 0.126/0.025 0.148/0.026 482.489 C5 0.031/0.07 0.046/0.049 322.894
R6 0.045/0.025 0.044/0.026 920.979 C6 0.096/0.079 0.114/0.057 619.648

18



383

384

385

386

387

388

389

390

391

392

393

394

395

Mean RMSE for validation points - rectangular channel

Mean RMSE for assimilation points - rectangular channel

B Assimilation window Forecast window B Assimilation window Forecast window

a) b)

Figure 8. RMSE model/assimilation performance indicators for rectangular channel: a) mean
statistics for assimilation points (Al, A2, and A3); b) mean statistics for validation points (V1,

V2 and V3)

Mean RMSE for assimilation points - compound channel Mean RMSE for validation points - compound channel
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Figure 9. RMSE model/assimilation performance indicators for compound channel: a) mean
statistics for assimilation points (Al, A2, and A3); b) mean statistics for validation points (V1,

V2 and V3)

3.1.  Tuning the PID controllers

The P and | gains in PID controllers could be a matter of separate optimization. In this paper
all controllers have the same P=10 gain, selected by trial, and | gain was tested in the range
[0, 0.1 and 1] to present its influence. Figure 10. represents water levels at three assimilation
points (A1, A2 and A3 in Fig. 6a) and three validation points (V1, V2 and V3 at Fig. 6a), for
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cases C1, C2 and C3. Usage of P gain only in PID controller (I=0, case C1) shows the
inability of the model to reach the setpoint (measured water levels) during the assimilation
(Figure 10). Therefore, integrative gain in PID controllers has to be used. Improvement of
assimilation process is visible in cases C2 and R2, where | gain is set to 0.1, reducing the
mean RMSE value in the assimilation window from 0.069m (for assimilation points) to
0.058m for rectangular channel (Figure 8a), and from 0.06m to 0.053m for validation points
(Figure 8b). In cases with compound channel (C1 and C2), mean RMSE for assimilation
points drops from 0.076m to 0.061m for assimilation points (Figure 9a), and from 0.07m to
0.058 for validation points (Figure 9b). Increasing the | gain by an order of magnitude, to 1=1
(cases R3 and C3) results in further improvement of visual agreement between modelled and
true state and mean RMSE value. In these cases (R3 and C3), mean RMSE value is 0.009m
in assimilation window for assimilation points and 0.012m for validation points (rectangular
channel, Table 2. and Figure 8), while these values are 0.01m for assimilation points and
0.015m for validation points for compound channel (Table 3. and Figure 9). RMSE value for
forecasting window is also reduced from 0.069m in case R1 and 0.084m in case R2 to
0.061m in case R3, at assimilation points. RMSE values are also reduced at validation
points, from 0.084m and 0.074m (Cases R1 and R2, respectively) to 0.048m in case R3. For
compound channel RMSE values drop from 0.094m (Case C1) and 0.09m (Case C2) to
0.059m (Case C3) at assimilation points, and from 0.078m (Case C1) and 0.07m (Case C2)

to 0.045m (Case C3) at validation points.

Further increase of | gain (10, 100) shows the increase in instability, big oscillations in
correction flows with high amplitude preventing the models to obtain physically sound values
for water levels (negative values are obtained; not presented here). In addition, increasing
the P gain will also cause the instability (oscillations with high amplitude). Therefore, further

analysis of the PID-DA will consider the minimal stable gain settings of P=10 and I=1.
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Figure 10. Results of PID control-based data assimilation with different P and | gains

3.2.  Correction flows added/subtracted by PID controllers at assimilation points

Figure 11. shows correction flows added/subtracted at assimilation points (upper flow
hydrographs are for rectangular channel and lower are for compound channel). In both cases
(with rectangular and compound channels) results show that PID controller used to add
correction flows at assimilation point A1 provides the most part of the “missing” flows
(difference between true inflow and inflow used to run the model, Fig. 7). Max value of
correction flow added at Al (for rectangular channel) is about 84 m%s while max value of
correction flow subtracted at Al is approximately 80 m?'s (correction flow is -80 m?s). At
assimilation point A2, max value of correction flows are 36 m%s and -25 m%s, and at

assimilation point A3 these values are 25 m%s and -22 m?/s.

When compound channel is analyzed (Fig. 11b), the correction flows slightly differs. At
assimilation point Al, max values of correction flows are 82 m®s and -65 mds. At
assimilation points A2 these values are 25m3/s and -25m?s. At assimilation point A3,

correction flows are between 20 m3/s and -20 m?/s.
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Figure 11. Correction flow added/subtracted at assimilation points for: a) rectangular channel

b) compound channel

Comparing the correction flow hydrographs, especially for assimilation point A1l (for both
channel geometry types) in Figure 11. and “missing” flow hydrograph (flow hydrograph
representing the difference between true inflow and inflow used to run the model, red dashed
line in Fig. 7.) shows that PID controllers are capable to estimate the true inflow considering
flow hydrograph shape and total volume. Correction flow hydrographs are slightly delayed

and mitigated due to system dynamics (friction and minor energy losses over the channels).

3.3. EnKF assimilation

Figure 12. shows water levels obtained using coupled DiffW1D model and EnKF assimilation
method, with different sizes of ensemble members used to represent model states. Three
values for ensemble size are analyzed, 50 (R4 and C4), 100 (R5 and C5) and 200 (R6 and
C6). The best results of assimilation process are obtained with 200 ensemble members
(Figure 8) for rectangular channel and with 100 ensemble members when compound
channel is analyzed. RMSE values for rectangular channel (Table 2.) are 0.045m in
assimilation window, at assimilation points, and 0.044m for validation points (for rectangular

channel).

Increasing the number of ensemble members doesn’t always provide better results in
assimilation window. Because there, still, hasn’t been determined universal procedure to
determine optimal ensemble size in EnKF, different ensemble sizes can sometimes produce
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good results. For example, Yin et al. (2015) tested different ensemble sizes in soil moisture

data assimilation and showed that large ensemble size doesn’t always produce better

results.
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Figure 12. Assimilated water levels using EnKF for different number of ensemble members

3.4. PID-DA and EnKF comparison

Presented tests of the PID-DA (subsections 3.1 and 3.2) and EnKF (subsection 3.3) show
that both methods are able to “reach” the true state and give similar results in forecasting
window. Looking into the Figure 8, when PID-DA and EnKF are compared on rectangular
channel and in assimilation window, it is obvious that PID-DA (when it is properly tuned)
shows significantly better results in RMSE statistics. When PID-DA is coupled with DiffW1D
model, RMSE for assimilation points is 0.009m, and 0.012m for validation points. On the
other hand, coupling hydraulic model with EnKF provides RMSE of 0.045m for assimilation
points and 0.044m for validation points (both for rectangular channel). Comparing the results

of PID-DA (when controllers are properly tuned, case R3) and EnKF data assimilation
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procedure shows that RMSE statistics obtained using PID-DA approach are at least 4 times
smaller than results obtained using EnKF approach. This can be seen at Figure 8. when
case R3 (which assumes proper tuning of the PID controller’s gains) is compared with case
R6, when EnKF approach with 200 ensemble members are used. This ratio goes up to 12
times in favor of PID-DA approach when cases R3 and R5 are compared. Similar trend can
be seen when RMSE statistics for validation points are compared. Best RMSE value when
PID-DA approach is used is obtained for case R3, 0.012m. When EnKF approach is used,
best result is obtained using 200 ensemble members (case R6), 0.044m. Comparison of this
RMSE values shows that PID-DA approach shows, again, at least 4 times smaller values of
RMSE. Comparing case R3 with R5, it can be seen that this ratio, also, goes up to 12 times

in favor of PID-DA.

When compound channel is analyzed, PID-DA also shows better results in RMSE statistics
than EnKF (Table 3. And Figure 9.). For example, the best results when EnKF is applied are
in case C5, where EnKF is used. Comparing these results with the appropriate case when
PID-DA is used (case C3), shows that RMSE in this case is almost three times smaller,
0.007m, in the favor of PID-DA. Further looking into the Table 3., containing RMSE statistics
for each case tested in this research, and, also, in Figure 9. shows that application of PID-DA
methodology provides at least three time better RMSE values (comparing cases C3 and C5)
in the assimilation process (assimilation window), while this ratio goes up to 10 times (e.qg.

when cases C3 and C6 are compared) in the favor of PID-DA.

Main reason for this (for both channel types) is struggling of the EnKF method to reach true
state in first couple of hours of assimilation window, as it can be seen in Fig. 13, and in
higher RMSE values (Tables 2. and 3. And Figures 8. and 9.), even though the same initial
condition is applied for both assimilation methods. The reason for this could be found in the
nature of EnKF algorithm (and other standard assimilation methods in general) and its
necessity to estimate model uncertainty, unlike PID-DA. Model uncertainty in EnKF is
estimated using water levels perturbations. This can cause significant oscillations of the

model in early stages of the assimilation window.
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503 On the other hand, PID-DA algorithm skips model uncertainty estimation, which allows
504 reaching the true state much faster than EnKF, but under the assumption that observation
505 uncertainty is much lower than model uncertainty. Using PID-DA, modeled water level will
506 closely follow the observed one, regardless of model nor observed uncertainties, unlike
507 EnKF algorithm, which has the ability to avoid these problems by weighting model and
508  observation uncertainties. In other words, if observed data is with high uncertainty, higher
509 than model's uncertainty, EnKF will give more trust to model than observations, and try to
510 void the observations to a certain extent.
511 In order to use the PID-DA, it is essential to have observed water levels with high accuracy,
512  which is possible to achieve with contemporary measurement techniques. Additionally,
513  reduction of level measurements of low quality requires the pre-processing phase for data
514  quality estimation (as it is mentioned at the end of section 2.3.1.).
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516  Figure 13. Comparison of assimilated water levels using PID-DA (blue dashed line) and
517 EnKEF (red dotted line)
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Figure 14. PID-DA speed up gain compared to EnKF with different ensemble size application

Fig. 14 shows average speed up gains (based on the runtimes in Tables 2. and 3.) of the
assimilation/forecast process when PID-DA is used as data assimilation method instead of
EnKF. Average runtime of assimilations using PID-DA is compared to runtimes when EnKF
is applied, with various ensemble sizes. Changing the PID controller's parameters (P and |
gains) or inclusion of error dumping doesn’t change the runtime of the assimilation process.
However, used ensemble size in EnKF algorithm significantly affects the computational time.
Therefore, speed up gain when PID-DA is used increases, compared to EnKF, with
increasing the number of ensemble members (Fig. 14). Speed up gain when optimal
configuration of PID controllers (outlined in the section 3.1) is used and compared with EnKF
with 50 ensemble members is 18.64 for rectangular channel and 19.26 for compound
channel. Increasing the size of the ensemble used in EnKF increases the speed up gain,
which goes up to 63 for rectangular channel (EnKF with 200 ensemble members) and up to

63.45 for compound channel.

All these results show high potential for application of the PID-DA methodology in 1D open
channel models. Nevertheless, it has to be underlined that this type of data assimilation is
problem specific, narrowing the application area (only for 1D open channel models, for now).

On the other hand, even though this paper shows some advantages of PID-DA (assimilation
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speed up), EnKF still has wider applicability area, for different problems, with small
modifications, especially when model parameters (e.g. roughness) are corrected along with

model state variables (e.g. water levels and/or discharges).

4. Conclusions

This paper presents the novel data assimilation approach (PID-DA) based on a control loop
feedback mechanism, applied to 1D hydrodynamic modelling problems. This assimilation
tool, applied as a simple lateral inflow element in 1D hydrodynamic model and controlled by
PID controller, is compared to widely used data assimilation EnKF method. Both methods
are applied on two hypothetical test cases, rivers with rectangular and compound cross
sections. Different test cases are created by analyzing the impact of various PID control
parameters (Proportional and Integrative gain, without Derivative gain). Along with these test
cases, few numerical cases are created and analyzed by changing number of ensemble
members in EnKF application. Results are presented in the form of water level time series at
several points (three used for direct assimilation, three used for validation). All results,
presented for both assimilation methods on two types of channel’s geometry, show that data
assimilation/forecast in 1D hydraulic modelling can be adequately solved with standard
assimilation tools, such as EnKF, but also can be solved more efficiently using simplified
methods as PID-DA. This is especially important for large 1D full-scale models, with more
than few hundred cross sections, when there is necessity to reduce the
simulation/assimilation time. On the other hand, application of the simplified data assimilation
algorithms, such as PID-DA, requires additional steps in the pre-processing phase that have
to be thoroughly completed before the assimilation process. Analyzing the results through
RMSE statistical indicator and speed up gain obtained as a ratio between EnKF runtime and

PID control runtime, the following conclusions could be derived:

e Statistical indicator and simulation runtime analysis used for assessment of the

assimilation/forecast process shows that, generally, PID controllers can be
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adequately implemented as the data assimilation method for faster reaching of the
true state of the 1D open channel hydraulic models.

e Speed up gain provided in assimilation/forecast windows using PID controllers
significantly rises when ensemble size used in EnKF increases. This is the main
benefit of PID-DA. This speeding up is provided by avoiding (or simplification) of the
model uncertainty analysis.

e Performance of the PID-DA depends on parameters used in PID controllers.
Therefore, pre-processing phase, used for PID controller tuning, is necessary, which
is one of the major disadvantages.

o Performance of the PID-DA strongly depends on observation data quality. Because
model uncertainty estimation step is omitted when PID controllers are used, this
method requires high confidence in observation data. Therefore, additional pre-
processing step is required for data quality evaluation of observations. This is also

one of PID control application disadvantages.

Based on the results and previous specific conclusions, some general conclusions could be
derived. In situations when there is a need for relatively fast simulations and forecasts,
simplified data assimilation methods coupled with 1D hydraulic models can be used without
significant sacrifice of the accuracy. Hence, usage of the PID controllers as a data
assimilation tool shows the potential, especially in short-term simulations and forecasts of
water levels. However, some further analysis and investigations are necessary through the
application of PID-DA on a real case study. Number of assimilation points (number of PID
controllers) and their combined operation, optimal tuning of the PID controller’'s parameters,
together with impact of assimilation window duration have to be analyzed. At the end, the
observation data quality assessment in pre-processing phase and inclusion of data

uncertainty in PID-DA has to be implemented for full-scale application.
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