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A B S T R A C T

Groundwater model data assimilation (DA) aims to reduce uncertainty in simulated outcomes of interest to
resource management while minimizing the potential for predictive bias. Sequential DA, which can estimate
model states along with properties and stresses dynamically in time, offers a potentially powerful alternative to
batch DA (i.e., history matching) for reducing bias in decision-relevant predictions in the presence of incorrect
model structure and/or processes. This study evaluates the ability of batch and sequential DA approaches
to history match and forecast simulated quantities in the presence of model error using a novel ensemble-
based paired complex–simple approach that enables the incorporation of stochastic uncertainty and a statistical
evaluation of predictive bias. Our findings have implications for groundwater decision support modeling as
they underscore the pitfalls of fixing parameters and forcing variables a priori and present a proof of concept
for using adjustable model states to cope with model error.
1. Introduction

Groundwater models are, by necessity and by design, a simplified
representation of the infinitely complex real-world hydrogeological
systems. This simplification and abstraction may arise from issues of
spatial or temporal scale, where the discretization of a modeled process
is too coarse to capture fine-scale governing dynamics or the upscaling
of properties smooths out temporal and/or spatial heterogeneity. Or
the simplification and abstraction may refer to mathematical repre-
sentation of physical processes, whether they be physically motivated
or empirical schemes. The cumulative effect of these well-documented
limitations in groundwater models is referred to as model error or
model misspecification, and this discrepancy gives rise to structural
noise in the simulated results (Doherty and Welter, 2010). Many work-
ers have sought to address the degree to which this abstraction and
simplification produces deleterious effects on predictions (see Gupta
et al. (2012), White et al. (2014) and references therein).

The primary consequences of using simplified models for making
predictions are parameter compensation (Clark and Vrugt, 2006a; Do-
herty and Christensen, 2011) and resulting potential for predictive
bias. Parameter compensation describes the tendency for parameters
or parameter components which are not sensitive to the information
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content of the observations (i.e, null space parameters) to be erro-
neously adjusted during model calibration (Doherty and Christensen,
2011; Watson et al., 2013). This occurs because the model structure—
including discretization and process representation—is not sufficient to
represent the information contained in the assimilated observations,
and signal components corresponding to this insufficiency in the ob-
servations are incorrectly assimilated. In many cases, the propensity for
parameter compensation may be ‘‘visible’’ as prior-data conflict (Evans
and Moshonov, 2006). Prior-data conflict arises from the (simple)
model’s inability to simulate the proper range and/or characteristics
of the hydrologic state at a given observation location and/or time.
For predictions of management interest that are sensitive to these
erroneously adjusted parameters, parameter compensation leads to
predictive bias, which compromises the model’s fidelity for decision
making despite undergoing rigorous calibration and uncertainty anal-
ysis. Particularly concerning is that parameter compensation is often
invisible to the modeler (White et al., 2014; Knowling et al., 2019).

A recent evolution in how best to undertake data assimilation (DA)
for decision support modeling is the idea that models should strive for
an appropriate balance of simplicity complexity (Doherty and Moore,
2020; Hunt et al., 2007). That is, they should be simple enough to be
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computational cheap and numerically stable, yet possess appropriately
high-dimensional and diverse parameterization to receive information
contained in observations and/or to incorporate appropriate stochas-
ticity and uncertainty in decision-relevant predictions. This push for
a increased level of parameterization has been enabled by the advent
of ensemble-based methods for inverse problems, which effectively
eliminate the computational constraint on free parameters in estimating
the Jacobian (Chen and Oliver, 2013; White, 2018; White et al., 2021).
With enough spatial coverage and diverse types of parameters, the rel-
ative influence of null space components on any one type of parameter
or location in the model is minimized while the ability for various
parameter types distributed across the domain to receive information
from observations is enhanced.

The success of this model simplification approach, defined here as
computational savings and uncertainty reduction achieved with mini-
mal predictive consequences, depends on the type of decision relevant
prediction and form of simplification. For example, Knowling et al.
(2019) showed that a reduction in horizontal (parameter) resolution
produced generally similar first and second moments of the flow and
spatially integrated transport predictions compared to a highly param-
eterized model. They found that this did not hold for concentration
predictions, which are known to be sensitive to local-scale properties
and stresses. Similarly, White et al. (2020c) and Knowling et al. (2020)
showed that reducing resolution in the vertical direction results in
acceptable flow model predictions but pronounced biases in transport
predictions. Moore and Doherty (2021) explored the consequences of
only using steady-state calibration to reduce predictive uncertainty and
found that it effectively reduced uncertainty for heads predictions via
conditioning of the hydraulic conductivity field near data assimilation
locations, but that artificiality of the steady-state condition and error
incurred through observation averaging led to substantial predictive
biases elsewhere in the model domain. That the conclusion of each
of these studies is ‘‘it depends’’ suggests that we are far from a gen-
eralizable DA approach for balancing model complexity, uncertainty
reduction, and computational efficiency across the range of decision
support modeling contexts.

To date, the majority of groundwater modeling studies that perform
DA for parameter estimation and uncertainty analysis assimilate data in
a ‘‘batch’’ fashion. That is, the groundwater model is run to completion
through the entire historic period, and all observations are assimilated
at once, post hoc. For the purposes of this study, we refer to this
approach as batch DA, but note that it is identical in practice to history
matching and calibration. The inherent assumption and algorithmic
requirement of batch DA is that the model structure and processes
are correct, and the only sources of model input uncertainty or re-
ceptacles for information are the unknown properties and stresses. A
major advantage of batch DA is the ability to assimilate long-term, low
frequency information, since all observations are assimilated at once.
However, only allowing properties and stresses to be uncertain intro-
duces the potential for parameter compensation in batch DA through
the assimilation of structural noise generated from model error.

An alternative to batch DA and potential strategy for coping with
error in groundwater modeling decision support exists: sequential
DA (Evensen, 1994). Sequential DA, most commonly implemented in
hydrogeologic applications as Kalman filtering methods, allows for
a more flexible and dynamic approach to assimilation and forecast
frequency, ranging from near-real time (Hendricks Franssen and Kinzel-
bach, 2008; Hendricks Franssen et al., 2011) to seasonal assimilation
and forecast cycles (Huang et al., 2017). A key functionality provided
by sequential DA methods is the ability to estimate system state
along with properties and stresses at user-defined temporal frequencies.
Within a sequential DA framework, the DA algorithm takes control of
the simulated states to advance the model through time, whereas in
batch DA, the model itself controls the simulated states and advances
through time. Implicit in state estimation is that states are uncertain,
and this state uncertainty is a more flexible and appropriate receptacle
2

Fig. 1. The lower-resolution ‘‘simple’’ model domain discretized with 40 rows and 20
columns.
Source: Modified from White et al. (2020b).

for structural noise contained in observations (i.e., simulated water
levels are a more appropriate receptacle for missing signal components
in water level observations than hydraulic conductivity or porosity).
Sequential DA methods can therefore reduce the burden of structural
noise on static properties by assimilating this noise into the states
through the sequential DA process (Clark and Vrugt, 2006b; Kim et al.,
2021). Put bluntly, batch DA may never be completely free of predictive
bias due to being tied to an imperfect model structure, regardless of the
level of complexity. Sequential DA offers a potentially powerful strategy
for reducing bias in decision-relevant predictions in the presence of
model error.

In this work, we evaluate the outcomes of using batch and se-
quential DA approaches in a hypothetical case where a simple model
structure is in error with respect to the more complex, ‘‘truth’’ model
from which the observations available for assimilation are generated.
This evaluation of batch and sequential DA approaches in the presence
of model error is an important and novel contribution to the practice
of groundwater decision support modeling. Additionally, this work
advances the powerful paired complex–simple analysis of Doherty and
Christensen (2011) into an empirical paired complex–simple analysis
to enable the incorporation of stochastic uncertainty and a statistical
evaluation of predictive bias. The model error in this empirical paired
complex–simple analysis is explicitly represented by two scenarios, one
where the simple model is of coarser spatial (both vertical and horizon-
tal) and temporal resolution compared to the complex model. The other
scenario builds on the reduced resolution and includes the additive
effect of model process error by treating historic groundwater pumping
as a fixed, ‘‘known’’ quantity rather than an uncertain one. Performance
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Fig. 2. Posterior (blue) and open-loop (gray) simple model outputs for the GW_1 observation location using batch (left panel) and sequential (right panel) DA for assimilation
cycle 13 (top panel) and open-loop cycle 25 (bottom panel).
of the two DA approaches are evaluated through a comparison of
simple models’ ability to history match and forecast decision-relevant
predictions. We hypothesize that the joint parameter-state estimation
ability of sequential DA is able to better cope with model error by
subsuming structural noise that would otherwise be absorbed by static
properties in batch DA.

2. Methods

We evaluate the sequential and batch DA strategies using PESTPP-
DA (Alzraiee et al., 2021), a newly developed generic DA tool to
join the suite of modeling decision support and uncertainty analysis
programs in PEST++ (White et al., 2021). Full details on the the-
ory, implementation, and capabilities of PESTPP-DA can be found
in Alzraiee et al. (2021), and we provide a brief overview here. PESTPP-
DA can assimilate data in both batch and sequential modes, where
for sequential DA, the model simulation is divided into user-defined
‘‘cycles’’ or a period of time for which applied forcings (i.e., boundary
conditions) and parameters are constant and/or discrete observations
are available for assimilation. The MODFLOW stress period concept,
which naturally lends itself to the cycle concept in PESTPP-DA, allows
for a high level of flexibility for designing the assimilation cycle length
and frequency. PESTPP-DA can be run in three modes: state estimation,
parameter estimation, and, the focus of this study, joint state-parameter
estimation.

In joint state-parameter estimation mode, model states (e.g., heads)
are considered uncertain along with model properties and forcings
(e.g., hydrogeologic properties and boundary condition fluxes); each
cycle has an estimated initial state and a simulated final state, where
3

the final state becomes the initial state for the subsequent cycle. Im-
portantly, during each cycle, the model is run using the estimated
initial state prior to data assimilation, and the simulated output of that
initial run is referred to as a ’‘one-step ahead’’ (one-step ahead) forecast.
This forecast is significant because it reveals the near-term predictive
power of sequential DA, where the posterior state from the previous
assimilation cycle combined with model physics through a forward
run, can provide a simulated quantity that closely predicts observed
quantities prior to any data assimilation.

As with other programs of the PEST++ suite, PESTPP-DA follows
a Bayesian framework, where a prior distribution is defined for all
uncertain parameters based on field measurements, expert knowledge,
and the literature. Within the solution scheme of PESTPP-DA, the
likelihood is proportional to the inverse of a weighted 2 norm of
innovations (e.g., the objective function), which represents the degree
of agreement between observations and their simulated equivalents
for each assimilation cycle. PESTPP-DA updates all parameters (and
states, if doing joint state-parameter estimation) with the option of
using a standard Kalman update, an iterative Kalman update known as
multiple data assimilation (MDA, Emerick and Reynolds, 2013), or an
iterative ensemble smoother based on the Gauss–Levenberg–Marquardt
scheme (Chen and Oliver, 2013; White, 2018). The posterior ensembles
of parameters and predictions represent uncertainty in these model
components after DA. See Alzraiee et al. (2021) for a complete discus-
sion of the PESTPP-DA solution schemes. Importantly, both (iterative)
solution schemes involve the use of ensembles to approximate the cross-
covariance between parameters (and states) and simulated equivalents
to observations. Worth adding, however, is that the sequential nature
of PESTPP-DA (if running in sequential mode) means that the iterative
solution schemes are applied for each user-defined assimilation cycle,
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Fig. 3. Posterior (blue) and open-loop (gray) simple model outputs for the SW_1 streamflow observation location using batch (left panel) and sequential (right panel) DA for
assimilation cycle 13 (top panel) and open-loop cycle 25 (bottom panel).
increasing the computational cost compared to batch assimilation using
iterative ensemble methods, though still more efficient than the tradi-
tional finite-difference Jacobian of Gauss–Levenberg–Marquardt (GLM)
algorithms (Doherty, 2003; White et al., 2020b) for high-dimensional
inverse problems.

3. Model description

We perform the paired complex–simple model analysis using a
version of the Freyberg (Freyberg, 1988; Hunt et al., 2020) model
originally published in White et al. (2020b). The model, which is
implemented in MODFLOW-6 (Langevin et al., 2017; Hughes et al.,
2017), is a transient, multi-layer model that includes groundwater and
surface-water processes. Model error is explicitly represented as resolu-
tion error by assimilating output from a finer spatial resolution, daily
stress period version of the Freyberg model into a coarser resolution,
monthly stress period version of the Freyberg model, following White
et al. (2021). This is not unlike the situation of all groundwater models,
which are invariably a simplification of the resolution and structure of
real-world processes that generate our observations.

The lower-resolution, ‘‘simple’’ model has 40 rows, 20 columns,
1 layer, and 25 stress periods. The first stress period is 10,000 days
in length and represents a pre-development condition—there is not
groundwater extraction during the first stress period. The subsequent
24 stress periods are discretized into monthly periods and include
time-varying boundary conditions representing cyclical recharge and
pumping over the two-year period. Observations for assimilation are
available during the first year (e.g., stress periods 2–13) and include
two deep and one shallow groundwater level observation locations and
4

one surface water gage location (Fig. 1). The last 12 stress periods rep-
resent an unmeasured, forecast period. Groundwater extraction occurs
in six wells scattered throughout the domain for the entire simulation
period, and a seventh extraction well (‘‘new well’’ in Fig. 1) is added in
stress period 11 to impart a nonstationary trend in the forecast period.

The higher-resolution, ‘‘complex’’ model mimics the
lower-resolution model in properties and boundary conditions, dif-
fering only in spatial and temporal resolution. It has 120 rows, 60
columns, and 3 layers—three times as many of each as the lower-
resolution model—and, with the exception of the same initial 10,000
day pre-development stress period as in the simple model, the complex
model simulates daily stress periods over the two-year simulation
length for a total of 731 stress periods. The location of groundwater
extraction wells, SFR reaches and state observations were made to
correspond between the higher- and lower-resolution models.

Four simulated quantities from the complex truth model were as-
similated during the first 12 months of the 2-year simulation, yielding
48 historic state observations for conditioning:

1. One shallow (i.e., layer 1 in the complex model) groundwater
location (GW_1 in Fig. 1).

2. Two deep (i.e., layer 3 in the complex model) groundwater
locations (GW_2 and GW_3 in Fig. 1).

3. One surface water location at the stream outlet (SW_1 in Fig. 1).

Three simulated quantities of interest were defined, shown in Fig. 1:

1. An unmeasured groundwater level location in the upgradient
hydrologic divide area of the model domain (GW_forecast in
Fig. 1);
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Fig. 4. Posterior (blue) and open-loop (gray) simple model outputs for the GW_forecast location using batch (left panel) and sequential (right panel) DA for assimilation cycle 13
(top panel) and open-loop cycle 25 (bottom panel).
2. Aggregated surface-water/groundwater exchange for SFR head-
water reaches in rows 1–20 (green cells in Fig. 1) (reaches 1–60
in the higher-resolution model);

3. Aggregated surface-water/groundwater exchange for SFR tail-
water reaches in rows 21–40 (teal cells in Fig. 1) (reaches
61–120 in the higher resolution model).

Simulated outputs of these quantities were selected to represent
common quantities of interest for decision making in applied ground-
water modeling. These quantities also represent a range of dependence
on the historic state observations used for assimilation, or, put another
way, these quantities have varying null-space dependence (Moore and
Doherty, 2005). This variability will in test different aspects of the
sequential and batch DA approaches to cope with model error and
resulting parameter compensation and potential predictive bias.

Two parameterization scenarios were developed to evaluate the
predictive power of sequential versus batch DA. The first parameter-
ization scenario assumes all static properties as well as all boundary
conditions are uncertain. This scenario, herein referred to as the ‘‘coarse
scenario’’ makes use of the greatest number and variation of possible
receptacles to receive information during the DA process, and allows
for the isolation of model resolution error in comparing the two DA
approaches. We note the complex model, used to generate replicates
of observations in the paired-model analysis, also treated all of these
quantities as uncertain, representing applied groundwater modeling
settings.

The second parameterization scenario, inspired by a common ap-
proach among practitioners, assumes that all static properties and
boundary conditions are uncertain, except for historic groundwater
extraction. This scenario, herein referred to as the ‘‘fixed pumping
5

scenario’’ allows for evaluating the effect of model process error along
with resolution error, as it collapses the uncertainty of groundwater
extraction estimates to zero, potentially transferring the uncertainty in
historic groundwater extraction to the other uncertain model inputs.
In both scenarios, static properties, such as horizontal and vertical
hydraulic conductivity and confined and unconfined storage were pa-
rameterized with a multiscale approach (e.g., McKenna et al. (2019)
and White et al. (2020a)) using both pilot point (e.g.,Doherty (2003)
and grid-scale parameters. The recharge and groundwater extraction
boundary conditions were parameterized to express both spatial and
temporal uncertainty in these model inputs. Property grid-based, pilot-
point, and recharge grid-based parameters were assigned distance-
based prior correlations with an exponential variogram with range
500, 2000, and 1000 m, respectively. The sill was set proportional
to the variance of the parameter type. The prior parameter ensemble
used in both the sequential and batch DA analyses was generated in
pyEMU (White et al., 2016, 2021) using spectral simulation, see White
et al. (2020b) for more details. Importantly, both the sequential and
batch DA approaches used the same prior parameter ensemble.

To undertake sequential DA with the above-described Freyberg
model, we constructed a single-stress-period transient MODFLOW-6
model and treated the initial groundwater level for each active model
cell for each assimilation cycle as dynamic states that are estimated
along with the other uncertain parameters. PESTPP-DA was used to
advance the sequential assimilation process across the 25 cycles—one
cycle for each stress period in the batch DA approach of the simple
model. Note that only cycles 2–13 have four state observations each to
assimilate, while cycles 14–25 are ‘‘open-loop’’ cycles, where the prior
ensemble is evaluated forward in time.
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Fig. 5. Posterior (blue) and open-loop (gray) simple model outputs for the headwater SW-GW exchange flux forecast locations using batch (left panel) and sequential (right panel)
DA for assimilation cycle 13 (top panel) and open-loop cycle 25 (bottom panel).
4. Paired complex–simple workflow

We extend the deterministic paired complex–simple analysis of Do-
herty and Christensen (2011) to statistically evaluate the performance
of batch and sequential DA approaches to cope with model error.
Briefly, the paired-complex–simple analysis begins by completing a
Monte Carlo with the complex model using realizations drawn from
the complex model prior ensemble. Each set of the realized simulation
outputs from this Monte Carlo are then treated as observations for
history matching in the simple model. Herein, we refer to these realized
complex model simulation results as ‘‘replicates’’ and we generate 50
replicates for this analysis.

We extend the paired complex–simple analysis to include ensemble-
based simple model results so that a more complete stochastic under-
standing of the simple model’s behavior can be analyzed in both a prior
and posterior stance. That is, for each of the 50 replicates, an ensemble
of 50 simple model realizations are propagated through the batch and
sequential DA algorithms, yielding a corresponding prior and posterior
probability density function (PDF) for each simple model output, com-
pared to a single value of simple model output in the original paired
complex–simple analysis. By attempting to reproduce each replicate’s
simulated outputs at locations and times of state observations, and
also having the corresponding replicate (e.g., correct) value for the
quantities of interest, the empirical paired complex–simple analysis
allows rigorous statistical insights into how the simple model is able
to cope with model error in the context of simulating the quantities of
interest. The novelty of this extended approach is the inclusion of the
stochastic effect of model input uncertainty on predictions, enabling
a probabilistic rather than deterministic evaluation of bias at only a
modest increase in computational cost.
6

We present the majority of paired complex–simple analysis results
in the form of ‘‘s versus s’’ plots, where the 50 complex model replicate
simulated quantities correspond to a single value (s) each on the
𝑦-axis and the simple model simulated quantities (s) correspond to
50 realized (e.g., ensemble-based) x-values per complex replicate y-
value. As discussed in detail in Doherty and Christensen (2011), s
versus s plots (herein referred to as ‘‘s-plots’’) are useful model error
diagnostic plots, where a bias in simple model predictions can be
clearly detected as deviations from a 1:1 line. We plot the simple
model simulated values as a point representing the mean and a line
extending from the 5% to the 95% confidence intervals of the values.
To further aid in interpretation, we show the results for cycle 13 and 25,
both corresponding to the management relevant low-flow period and
encompassing an assimilation cycle and open-loop cycle, respectively.

5. Results

5.1. Coarse scenario

The coarse scenario involves a structurally simple model with a high
dimensional parameterization (>3500 adjustable parameters), where
the source of model error arises from a coarser horizontal and vertical
resolution compared to the complex model.

S-plots for the posterior assimilated GW_1 head observation show
no appreciable difference in performance between batch and sequential
DA in the assimilation cycle (Fig. 2A, B). The sequential DA one-step
ahead forecasts for cycle 13, shown in gray in Fig. 2B, are almost
indistinguishable from the posterior values, highlighting the capability
of sequential DA for near-term prediction. In the open-loop cycle,
the batch DA simple model first moments cluster along the 1:1 line
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Fig. 6. Posterior (blue) and open-loop (gray) simple model outputs and complex model replicate outputs (red) for the SW_1 observation location using batch (top panel) and
sequential (bottom panel) approaches for the coarse scenario.
(Fig. 2C) while the sequential DA first moments show a trend with
higher simple model head predictions at lower complex replicate values
(Fig. 2D). This suggests that the sequential algorithm struggled to
assimilate observations from simple model replicates with more pro-
nounced declining trends, a symptom that becomes exacerbated over
time in the open-loop cycles.

The two DA approaches perform similarly in their ability to re-
produce replicate surface water (SW_1) flux predictions during the
assimilation period, though in cycle 13 the batch DA simple model
first moments cluster along the 1:1 line and the sequential DA posterior
first moments are slightly shifted to the right (Fig. 3A, B). The one-step
ahead forecast predicts the general slope but overpredicts the magni-
tude of posterior first moments. As with the groundwater assimilation
location (Fig. 2D), this overprediction is even more pronounced in
open-loop cycle 25 (Fig. 3D). The introduction of a new pumping well
in cycle 11 produces a declining trend that slightly degrades the one-
step ahead predictive ability, which is ameliorated by history matching
and allowing for model head states to be adjusted (Fig. 3B). As the
declining trend continues throughout the forecast period, so does the
predictive performance of sequential DA (Fig. 3D). With the batch DA
approach, the simple model first moments in the forecast period plot
along a moderately steeper slope than the 1:1 line (Fig. 3C), however
the complex replicate value is almost always contained within the
simple model ensemble values.

Predictions for the forecast locations shed light on whether the
assimilation process led to erroneous parameter conditioning in space
during the assimilation period and space and time during the forecast
period. For the groundwater forecast location, batch and sequential DA
show similar performance during both the assimilation and open-loop
7

cycles (Fig. 4). This result is surprising given the biased open-loop pre-
dictions made with the sequential approach at the GW_1 assimilation
location (Fig. 2D). For the headwater SW-GW exchange flux forecast
location, the simple model first moments of both DA approaches closely
predict the complex replicate value during the assimilation period,
clustering along the 1:1 line (Fig. 5A, B). Similar to the GW_1 and SW_1
assimilation locations, however, the sequential approach systematically
overpredicts the flux from GW to SW compared to the complex replicate
values in the forecast cycle (Fig. 5D, note that more negative indicates
a higher flux from GW to SW).

Plots of observed versus simulated quantities can shed further light
on the history-matching and forecast performance of the two DA ap-
proaches in the coarse scenario. We feature the outputs from one
replicate (Fig. 6) and refer readers to the supporting information for the
observed versus simulated plots for additional replicates and all assim-
ilation and forecast locations. Fig. 6 reinforces the similar performance
of batch and sequential DA during the history matching period, where
the posterior ensemble (blue lines and dots) encompass the complex
replicate streamflow at SW_1. In the forecast period (second half of
the simulation), the batch DA posterior ensemble encompasses the
truth model output, while the sequential DA prior ensemble generally
overpredicts the complex replicate flows compared to batch DA.

Overall, the coarse scenario results reveal minimal difference in the
ability of batch and sequential DA to reproduce historical observations
and modest differences in long-term predictive outcomes, particularly
with surface water and SW-GW exchange fluxes, in the presence of
model resolution error. With respect to short-term predictive perfor-
mance, the sequential DA one-step ahead forecasts closely predict the
posterior simulated head quantities at both assimilation and forecast
locations, with slightly worse predictive performance for streamflow
and SW-GW exchange quantities.
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Fig. 7. Posterior simple model outputs for the GW_1 observation locations using batch (left panel) and sequential (right panel) DA for assimilation cycle 13 (top panel) and
open-loop cycle 25 (bottom panel).
5.2. Fixed pumping scenario

In the fixed pumping scenario, model error arises from both a
coarser resolution in the simple compared to the complex model as
well as misspecified pumping rates, as the complex prior Monte Carlo
varies pumping rates for each replicate and the simple model treats
the pumping as a fixed quantity. This scenario was designed to reflect
a common practice in applied groundwater modeling where pumping
is treated as ‘‘known’’ and not adjustable during data assimilation,
introducing model process error.

The two DA approaches diverge in their ability to reproduce histori-
cal observations in the fixed well scenario. For the shallow groundwater
observation location, a noticeable deviation in slope from the 1:1 line
can be seen for batch DA (Fig. 7A). Here, the simple model batch
DA results overestimate lower heads from the complex replicates and
underestimate higher heads from the complex replicates, reflecting an
inability of batch DA to reproduce the range in complex replicate head
observations. For this same observation location, sequential DA shows a
similar bias in the lower replicate head values, but is otherwise able to
reproduce the majority of replicate head values without bias (Fig. 7B).
A similar, albeit more pronounced pattern can be seen in the open-loop
cycle (Fig. 7C, D).

Notably, the batch DA simple model results show much larger
variance than the sequential DA results and variance in the sequential
DA simple model results follows a decreasing trend with decreasing
complex replicate value (Fig. 7C, D). The larger variance in the batch
results occurs because the complex replicate values are in conflict with
(i.e., outside the range of) the simple model prior ensemble predictions,
encouraging the batch algorithm to explore more extreme parameter
values and combinations to match the observations. The sequential
8

approach, on the other hand, is able to overcome the prior-data conflict
through updating the head states, but is potentially over-conditioning
the parameters that influence simulated head at GW_1 leading to
smaller variances in both the assimilation (Fig. 7B) and open-loop
cycles (Fig. 7D). This over-conditioning is not consistent across the
replicates, but increases with decreasing complex replicate value. Since
the lower replicate GW_1 head values are likely driven by higher
pumping rates in the complex model, these replicate values may reflect
a higher degree of model process error between the complex and simple
models and, as a consequence, a higher degree of over-conditioning by
the sequential algorithm.

The bias in reproducing historical observations amidst model res-
olution error and fixed well pumping is more pronounced for the
streamflow assimilation location (Fig. 8). The posterior first moments
of the simple model realizations differ strongly between the two DA ap-
proaches, with batch DA plotting along a steeper regression line, driven
by an inability to reproduce the upper and lower range of complex
replicate streamflow values (Fig. 8A). Meanwhile, sequential DA shows
an impressive ability to reproduce the complex replicate streamflow
quantity (Fig. 8B), with first moments falling along the 1:1 line. Here,
uncertain head states in the sequential DA approach subsume the noise
introduced by variable pumping rates in the complex model replicates
relative to the fixed pumping amounts in the simple model realiza-
tions, minimizing bias that would affect the head-dependent streamflow
fluxes. Similar to the coarse scenario, the sequential approach com-
pletely overpredicts streamflow in the open-loop cycle (Fig. 8D) by not
assimilating the long-term trend from introducing a new well in cycle
11. The batch DA results, despite showing strong bias in the slope of the
simple model first moments, are better able to reproduce the long-term
trend evidenced by the complex replicate value falling within the wide
95% confidence intervals of the simple model ensembles (Fig. 8D).
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Fig. 8. Posterior (blue) and open-loop simple model outputs for the SW_1 streamflow observation location using batch (left panel) and sequential (right panel) DA for assimilation
cycle 13 (top panel) and open-loop cycle 25 (bottom panel).
Despite the fixed well scenario containing process error along with
model resolution error, the two approaches again perform equally well
for the GW_forecast location in both the assimilation and open-loop
cycles (Fig. 9). One explanation for this is an implicit localizing of
parameter compensation through a high degree of spatial parameter
resolution such as with grid- or pilot point-based parameterization.
Here, the use of grid-scale and pilot point adjustable parameters in the
simple models means that parameter compensation from assimilating
observations that contain structural noise in one model location does
not necessarily permeate the entire domain. In other words, data
assimilation with observations that contained structural noise arising
from missing parameters (i.e., variable pumping in the complex model)
at GW_1, GW_2, and GW_3 did not negatively impact predictions at
GW_forecast because no data was assimilated in that region of the
model (Fig. 1). An alternative yet not mutually exclusive explanation is
that the groundwater forecast location is not impacted by the variable
pumping in the complex replicates owing to its distant location from
the extraction wells, making the replicate GW_forecast simulated value
less marred by the model process error.

Batch DA shows substantial predictive bias at the SW-GW exchange
forecast locations (Fig. 10A, C). That is, the complex replicate simu-
lated value varies widely, but the simple model realizations show only
small changes in the ensemble first moments, leading to steeper slopes
in the s-plots. This is not surprising given that batch DA struggled
to reproduce historical head (Fig. 7) and SW flux 8 observations in
the fixed well scenario as the SW-GW exchanges are head-dependent
fluxes. Sequential DA, on the other hand, matches the 1:1 slope with
both the one-step ahead and posterior simulated quantities during
the assimilation period, despite no SW-GW flux observations being
assimilated (Fig. 10B). This enhanced forecast performance begins to
9

break down in the first open loop cycle, and remains that way for
the remainder of the simulation (Fig. 10D). This is also not surprising
given that the sequential DA approach updates head predictions with
each assimilation cycle. Since the SW-GW exchange flux is a head-
dependent process, close reproduction of heads in the assimilation
locations results in close reproduction of the SW-GW exchange fluxes,
but only during the assimilation cycles when head states are being
estimated. In essence, the head assimilation keeps the sequential DA
process ‘‘on track’’ in the presence of otherwise corrupting model error.

The observed versus simulated timeseries results provide an alter-
nate vantage point of the relative performance of batch and sequen-
tial DA approaches in the assimilation and forecast period. Using the
SW_1 streamflow assimilation location and replicate 12 again as an
example (see supporting information for additional observed versus
simulated replicate plots), sequential DA outperforms batch DA during
the assimilation period (Fig. 11B). The batch DA posterior realizations
overpredict the low flows and underpredict the high flows during the
assimilation period, reflecting the limitation of fixed pumping rates in
the simple model. For the forecast period of the simulation, however,
sequential DA completely overpredicts streamflow compared to the
replicate value, missing the long-term declining trend present in the
assimilation period. The batch DA approach, despite the biases in repro-
ducing historical observations, is better able to reproduce the long-term
declining trend with the posterior simple model ensemble predictions
encompassing the complex replicate value (Fig. 11A). This trade-off in
performance between short-term history matching of sequential DA and
long-term forecasting of batch DA can be seen in other replicates with
strong nonstationary trends (e.g., Figures S158, S165, and S172 in the
supporting information).
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Fig. 9. Posterior (blue) and open-loop (gray) simple model outputs for the GW_forecast location using batch (left panel) and sequential (right panel) DA for assimilation cycle 13
(top panel) and open-loop cycle 25 (bottom panel).
6. Discussion

Our results demonstrate that both DA approaches can successfully
reproduce historical flow model quantities in the presence of model
resolution error when a high dimensional parameterization of uncertain
model properties and stresses is considered. This is the case despite
employing two distinct DA algorithms: batch DA, where all observa-
tions are assimilated at once and the only source of uncertainty is
in the stresses and properties and sequential DA, where a subset of
the observations are assimilated during discrete assimilation cycles
and model states along with properties and stresses are considered
uncertain and thus adjustable. This does not suggest that sequential
DA does not have greater flexibility to cope with model error, but
rather that the additional flexibility of state estimation may not be
needed when the model error is limited to resolution error and all
model properties and stresses are treated as uncertain and adjustable.
This is evidenced by the infrequent occurrence of prior-data conflict
in the batch DA realizations, where a high parameter dimensionality
and sufficiently wide uncertainty bounds of adjustable parameters pro-
vided enough bandwidth to encompass the range of outputs from each
complex replicate.

The fixed well scenario revealed important limitations to repro-
ducing historical observations when some uncertain model inputs are
treated as fixed quantities during the inversion. This amounts to model
resolution error combined with process error, where the complex repli-
cates varied pumping and the simple realizations did not. The effect
is that the complex replicate simulated quantities contain information
related to variable pumping rates that can only be assimilated into the
‘‘wrong’’ parameters in the simple models (Oliver and Alfonzo, 2018).
Here, the state estimation capability of sequential DA afforded much
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better performance over batch DA in reproducing historical observa-
tions (see plot B in Figs. 7, 8, and 10). The lack of adjustable pumping
and head states in batch DA resulted in numerous occurrences of the
complex replicate values falling outside of the simple model ensemble
of simulated equivalents, particularly at the upper and lower tails of
the replicate values.

It is clear that for ‘‘operational’’ modeling settings, where a ground-
water model is used to make one-step-ahead forecasts, the sequential
DA approach is ideal in that it is tuned to make high-frequency fore-
casts where the initial states dominate predictive accuracy (see gray
points in plot B of Figs. 7, 8, and 10). In this setting, the sequential
DA approach affords the ability to assimilate recent observations into
both states and parameters simultaneously, towards making an opti-
mal near-term (potentially one-cycle-ahead) forecast for future system
conditions. However, the state estimation capability of sequential DA
does not necessarily translate to better long-term forecast performance.
As demonstrated with the SW-GW exchange forecasts, sequential DA
resulted in simple model predictions falling close to the 1:1 line during
the assimilation cycle (Fig. 10B), but showed near vertical slopes in
the open-loop cycles (Fig. 10D). The promising performance in short
term, despite no SW-GW exchange fluxes being assimilated, occurs as
a side effect of the state estimation, where adjusting the head states
to match the complex replicate values resulted in improved head-
dependent fluxes. This benefit is afforded during active assimilation
cycles and degrades quickly after the first open-loop cycle.

Poor performance in long-term forecasting using sequential DA is
the result of assimilating observations from one monthly cycle at a
time. The adjustable head states in sequential DA treat the time-varying
observations as independent between assimilation cycles, missing the
variable amplitude trends present in the complex model outputs. Un-
surprisingly, this forecast limitation is exacerbated in the fixed well
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Fig. 10. Posterior (blue) and open-loop (gray) simple model outputs for the headwater SW-GW exchange flux forecast locations using batch (left panel) and sequential (right
panel) DA for assimilation cycle 13 (top panel) and open-loop cycle 25 (bottom panel).
scenario. Since the pumping rates are varied in the complex model
replicates, the resulting water level, streamflow, and SW-GW exchange
quantities have varying amplitudes and trends. The result is that se-
quential DA often substantially overpredicts heads, streamflows, and
SW-GW exchange fluxes in the second year (open-loop period) of the
simulation in the simple model realizations (Fig. 11B). Batch DA,
despite giving poor performance in reproducing historical observations
in the fixed well scenario, tended to better capture the long-term trends
(Fig. 11A). This long-term predictive limitation of sequential DA is less
pronounced in the coarse scenario where all properties and stresses
are considered uncertain (Fig. 6B). In that scenario, the sequential
approach is better able to assimilate the long-term trend induced by
pumping in the complex model replicate into the adjustable pumping
rates in the simple model, though the simple model ensembles still
overpredict the complex replicate value in the forecast period. Put sim-
ply, when the sequential algorithm is able to adjust the pumping rate
parameter to reproduce history, it is better able to impart a physically
based long-term trend in the forecast period. Thus, the limitation of
only assimilating a subset of observations is mitigated by the parameter
conditioning process when all parameters are adjustable.

7. Implications

These results have important implications for groundwater decision
support modeling, given the ever present trade-off between model
complexity (i.e., computationally expensive) and model error (i.e., com-
putationally cheap) (Hunt and Zheng, 1999; Simmons and Hunt, 2012;
Hill, 2006; Haitjema, 2015). Too often, discussions around groundwater
model complexity are derailed by parameterization hesitancy, reducing
the specter of complexity to number of free parameters as the hallmark
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of an overly complex model. Our results suggest the opposite to be true.
Even in a relatively high dimensional free parameter example, the effect
of removing parameters representing uncertainty in pumping from the
inverse analysis noticeably degraded history matching and forecast
performance. The adjustable head states of the sequential DA approach
helped to cope with this model error during the history matching and
short-term forecast period, but our results show that representing all
sources of model input uncertainty, in space and time, using a batch
DA approach yields superior history matching and forecast performance
in both the short- and long-term. If constructing a simple decision
support model for a groundwater system using a high dimensional
parameterization and batch DA approach results in an unacceptable
amount of model error (i.e., numerous instances of prior-data conflict),
sequential DA may prove a useful tool to cope with that error in history
matching and near-term prediction. Future work to this end could
explore adjusting prior uncertainty bounds on the head states as a form
of regularization to capture structural noise while extracting maximum
information from the set of observations into model properties and
stresses.

Finally, while our results point to the potential pitfalls of assim-
ilating a subset of data in predicting nonstationary quantities, they
also show strong promise for PESTPP-DA to enable one-step ahead
forecasting in a decision support context. The two DA approaches in
this study represent two ends of an assimilation window spectrum, the
two-year period of batch DA at the wide end and the monthly stress
period assimilation cycles of sequential DA at the narrow end. If the
decision support objective involves forecasting near- to medium-term
quantities in the presence of nonstationarity, using a wider assimilation
window (e.g., seasonal) with sequential DA may provide an optimal
compromise for enabling one-step ahead prediction while also assimi-
lating low frequency (e.g., trend) information in the set of observations.
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Fig. 11. Posterior (blue) and open-loop (gray) simple model outputs and complex model replicate outputs (red) for the SW_1 observation location using batch (top panel) and
sequential (bottom panel) approaches for the fixed well scenario.
Future work should explore wider assimilation cycles as a strategy for
improving near-term predictive performance.

8. Conclusions

This study presents an enhanced paired complex–simple approach
through the use of ensembles to empirically evaluate the ability of
batch and sequential DA approaches to history match and forecast
in the presence of model resolution error and model resolution and
process error. The empirical paired complex–simple approach and com-
parative evaluation comprise novel contributions to the practice of
groundwater decision support modeling. Overall, we find that both
approaches perform well in both history matching and forecasting
when employing a high-dimensional parameterization stance, that is,
treating all properties and stresses as uncertain and adjustable during
the inversion process. When uncertain parameters are removed from
the inversion process, the data assimilation process is degraded in
different ways for batch and sequential approaches. Sequential DA
is able to effectively reproduce historical observations by subsuming
structural noise into the adjustable head states, but fails to reproduce
the interannual, nonstationary trends in the model forecasts due to only
assimilating observations one cycle (month) at a time. Batch DA is less
able to match history for the groundwater and streamflow assimilation
locations, which more or less propagates through to biased forecasts.
Despite this, batch DA is better able to reproduce long-term trends in
the assimilation and forecast quantities owing to the wider assimilation
window. These results have implications for groundwater decision
support modeling as they underscore the pitfalls of fixing parameters a
priori, such as with pumping, and present a proof of concept for using
adjustable model states to cope with model error in decision support
modeling contexts.
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9. Software and data availability

Following Donoho et al. (2008) and Stodden (2010) and in line
with the FAIR principles, the authors have endeavoured to provide all
relevant python code and model files for cross-platform reproducibility
of the complete analysis which is available at https://github.com/
kmarkovich-intera/Freyberg_DA/releases/tag/v2.0.0. The software
tool applied herein is available within the open-source PEST++ code
suite available at https://github.com/usgs/pestpp as a C++ code
named pestpp-da. Pre-compiled, statically-linked (e.g., stand alone)
binaries for Windows, Linux, and MacOS are available, as are cmake,
make, and visual studio solutions. This analysis also relied heavily
on python modules for Environmental Model Uncertainty analyses
(pyEMU), an open-source python package available through pyPI and
at https://github.com/pypest/pyemu.
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Data availability

Following Donoho et al. (2008) and Stodden (2010) and in line
with the FAIR principles, the authors have endeavoured to provide all
relevant python code and model files for cross-platform reproducibility
of the complete analysis which is available at https://github.com/
kmarkovich-intera/Freyberg_DA/releases/tag/v2.0.0. The software tool
applied herein is available within the open-source PEST++ code suite
available at https://github.com/usgs/pestpp as a C++ code named
pestpp-da. Pre-compiled, statically-linked (e.g., stand alone) binaries
for Windows, Linux, and MacOS are available, as are cmake, make,
and visual studio solutions. This analysis also relied heavily on python
modules for Environmental Model Uncertainty analyses (pyEMU), an
open-source python package available through pyPI and at https://
github.com/pypest/pyemu.
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