& frontiers | Frontiers in

ORIGINAL RESEARCH
published: 22 June 2022
doi: 10.3389/fclim.2022.859303

OPEN ACCESS

Edited by:
Roger Rodrigues Torres,
Federal University of Iltajuba, Brazil

Reviewed by:

Fadji Maina,

National Aeronautics and Space
Administration, United States
Johan Van Tol,

University of the Free State,
South Africa

Julia Glenday,

South African Environmental
Observation Network (SAEON),
South Africa

*Correspondence:
Andrew Watson
awatson@sun.ac.za

Specialty section:

This article was submitted to
Climate Risk Management,
a section of the journal
Frontiers in Climate

Received: 21 January 2022
Accepted: 23 May 2022
Published: 22 June 2022

Citation:

Watson A, Midgley G, Ray R,
Kralisch S and Helmschrot J (2022)
How Climate Extremes Influence
Conceptual Rainfall-Runoff Model
Performance and Uncertainty.
Front. Clim. 4:859303.

doi: 10.3389/fclim.2022.859303

Check for
updates

How Climate Extremes Influence
Conceptual Rainfall-Runoff Model
Performance and Uncertainty

Andrew Watson ?*, Guy Midgley?®, Patrick Ray*, Sven Kralisch® and Jérg Helmschrot "¢

! Stellenbosch University Water Institute, Stellenbosch University, Stellenbosch, South Africa, 2 School for Climate Studies,
Stellenbosch University, Stellenbosch, South Africa, ° Global Change Biology Group, Department of Botany and Zoology,
Stellenbosch University, Stellenbosch, South Africa, * Department of Chemical and Environmental Engineering, University of
Cincinnati, Cincinnati, OH, United States, ® Department of Geoinformation Science, Friedrich-Schiller-University Jena, Jena,
Germany, ° Institute of Meteorology and Climate Research, Karlsruhe Institute of Technology, Karisruhe, Germany

Rainfall-runoff models are frequently used for assessing climate risks by predicting
changes in streamflow and other hydrological processes due to anticipated
anthropogenic climate change, climate variability, and land management. Historical
observations are commonly used to calibrate empirically the performance of conceptual
hydrological mechanisms. As a result, calibration procedures are limited when
extrapolated to novel climate conditions under future scenarios. In this paper,
rainfall-runoff model performance and the simulated catchment hydrological processes
were explored using the JAMS/J2000 model for the Berg River catchment in South Africa
to evaluate the model in the tails of the current distribution of climatic conditions. An
evolutionary multi-objective search algorithm was used to develop sets of parameters
which best simulate “wet” and “dry” periods, providing the upper and lower bounds
for a temporal uncertainty analysis approach to identify variables which are affected
by these climate extremes. Variables most affected included soil-water storage and
timing of interflow and groundwater flow, emerging as the overall dampening of the
simulated hydrograph. Previous modeling showed that the JAMS/J2000 model provided
a “good” simulation for periods where the yearly long-term mean precipitation shortfall
was <28%. Above this threshold, and where autumn precipitation was reduced by
50%, this paper shows that the use of a set of “dry” parameters is recommended to
improve model performance. These “dry” parameters better account for the change
in streamflow timing of concentration and reduced peak flows, which occur in drier
winter years, improving the Nash-Sutcliffe Efficiency (NSE) from 0.26 to 0.60 for the
validation period 2015-2018, although the availability of climate data was still a potential
factor. As the model performance was “good” (NSE > 0.7) during “wet” periods using
parameters from a long-term calibration, “wet” parameters were not recommended for
the Berg River catchment, but could play a large role in tropical climates. The results
of this study are likely transferrable to other conceptual rainfall/runoff models, but may
differ for various climates. As greater climate variability drives hydrological changes
around the world, future empirically-based hydrological projections need to evaluate
assumptions regarding storage and the simulated hydrological processes, to enhanced
climate risk management.
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TABLE 4 | A summary of the total flow contribution and the percentage of simulated surface runoff (RD1), interflow (RD2), fast groundwater (RG1) and slow groundwater
(RG2) using the parameters Oiong—term, Owet and gy, for wet periods (1983-1997, 1999, 2001-2002, and 2005-2010) and dry periods (1995, 1998, 2000, 2003-2004,
and 2011).

Parameters RD1 (mm/yr) RD2 (mm/yr) RG1 (mm/yr) RG2 (mm/yr) Total (mm/yr)
Wet periods

Long term 21,523 12,255 12,409 34,707 80,894
Contribution (%) 27 15 15 43 N/A
Wet 22,022 21,738 8,702 43,632 96,094
Contribution (%) 23 23 9 45 N/A
Dry periods

Long term 10,686 5,758 8,769 15,996 41,209
Contribution (%) 26 14 21 39 N/A
Dry 9,164 9,319 20,149 757 39,389
Contribution (%) 23 24 51 2 N/A

FIGURE 6 | The long-term (1984-2018) time series of the simulated (red line) and observed streamflow (blue line) with the yearly contribution of surface runoff (RD1),
interflow (RD2), fast groundwater (RG1) and slow groundwater (RG2) for the identified dry periods (1995, 1998, 2000, 2003-2004, and 2011) using the parameters
Olong—term @nd g, With the average percentage contribution for each of the flow components. Spatially fjong—term @nd gy, Were similar, with a dominance of flow in the
catchment headwater areas (south), but differed by the total contribution for interflow (10%), slow (30%) and fast groundwater (37%).
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FIGURE 7 | The long-term (1984-2018) time series of the simulated (red line) and observed streamflow (blue line) with the yearly contribution of surface runoff (RD1),
interflow (RD2), fast groundwater (RG1) and slow groundwater (RG2) for the identified wet periods (1983-1997, 1999, 2001-2002, and 2005-2010) using the
parameters Giong—term and Oyer With the average percentage contribution for each of the flow components. Spatially ong—term and Oyer are similar, but differ by the

a parameter set contribution difference of 4%. The parameter
sets produced similar representations of RG1 and RG2, differing
by 6 and 2%, respectively. Spatially valley areas contributed the
most RG2 with between 35 and 100 mm/yr for both the long-
term and wet parameter sets. RD2 was the major difference in
the simulated flow components between the long-term and wet
parameter sets with an 8% difference and between 2 and 20
mm/yr flow nearest the outlet compared with 0-5 mm/yr flow
for the long-term parameters.

Simulated Water Balances and Time of

Concentration

Overall, simulated streamflow as a percentage of the total
water balance (including storage changes) was simulated as
15, 13, and 16%, respectively for the long-term, dry and wet
parameter sets for the periods 1984-2014 (Figure 8). Simulated

storage, which was determined as the difference between
precipitation, evapotranspiration and streamflow, was between
—177 (loss) and 79 (gain) mm/yr for the wet parameter set,
compared with —43 to 23 mm/yr and —37 to 20 mm/yr for
the long-term and dry parameter set, respectively. For the
dry years 1995 and 1998, both long-term and dry parameter
sets simulated a storage gain, with an average of 13 and
11 mm/yr respectfully. The dry years 2000, 2003-2004, and
2011 were simulated as a storage loss, with an average of
—4 and —2 mm/yr using the long-term and dry parameter
sets. Wet years, such as 1996, 2001, and 2002 were simulated
with an storage loss of 117 mm/yr using the wet parameters
compared with 2 mm/yr for the long-term parameters. The
resultant effect of the dry, wet and long-term parameters
was a streamflow time of concentration (TC) of 4, 2, and 5
days, respectively.
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FIGURE 8 | The simulated water balance (mm/yr) for the periods 1984-2014 (including 1 year of initialization 1983 to show storage stabilization), which includes
yearly precipitation (P: blue bar), evapotranspiration (ET: red bar), streamflow (Q: light blue bar) and storage (AS: gray bar) using the (A) Gong—term, (B) Oary, and (C) Oyet
parameter sets. (B) Gong—term and Oye: differ with simulated storage (55 mm/yr), but was similar in terms of ET (12 mm/yr). Ojong—term @nd gy, were similar in terms of
simulated storage (1 mm/yr) but differ in terms of simulated ET (27 mm/yr).

Temporal Model Uncertainty

The deviation between the upper and lower bounds for the
simulation period (1984-2014) and changes in the “best”
parameter value (dark gray pixels) illustrate parameters which
impact the temporal uncertainty of the model (Figure 9). The
impact of the baseflow delay parameter (gwRG2Fact) and the
maximum infiltration capacity of the soil (soilMaxInfSummer)
was limited, as the “best” value for gwRG2Fact was constant
at <0.02 and 155 for the soilMaxInfSummer parameter (but
had limited sensitivity). During the periods 1995-2005, the
surface runoff delay parameter (soilConcRD2) was stable and
“best” around the maximum value of 4.8. For the same period,
scaling of air capacity (AC_Adaptation) had likewise limited
temporal uncertainty with a “best” value of 1.45, but uncertainty
increased during the transition between wet and dry periods
(Figure 10). The fast groundwater delay parameter (gwRG1Fact)
during the periods 1995-2005 was temporally uncertain during
the transition between dry and wet periods, but mostly tended
toward a “best” value of 3. The streamflow routing parameter
which dampens the overall hydrograph (flowrouteTA) for the
periods 1995-2005 tended around the “best” value of 7.8, but
was more optimal at 5.5 during the wet periods between 2001
and 2003 (Figure9). For the periods 1984-1994 and 2005-
2010, which were mainly wet, AC_Adaptation, gwRG1Fact and
SoilConcRD2 the optimal values varied between the upper
and lower bounds. The drought of 2011 resulted in temporal
uncertainty in AC_Adaptation, gwRG1Fact, SoilConcRD2 and
wet periods of 2012-2014 resulted in the “best” value of
flowrouteTA tending to 5.5 compared with prior values of 7.8.

DISCUSSION

The application of conceptual rainfall-runoft models calibrated
under relatively common normal, ie., well understood,
climatic conditions can significantly affect the interpretation
of hydrological responses both observed under -climate
extreme conditions, and their projection using future climate
scenarios. Such application risks the advancement of mal-
adaptive responses to climate change, and inappropriate

allocation of scarce resources. Given the risk that climate
change poses to the Western Cape and much of semi-
arid Southern Africa, the aim of this paper was to assess
model related performance and uncertainty under extreme
climate conditions, referred to as “wet” and “dry” periods
and the applicability of conceptual rainfall-runoff models for
future climate change-based assessments in Africa. Natural
vegetation cover changes in the Berg River were estimated
to have increased by more than 14% from 1986/7 to 2007
(Stuckenberg et al., 2012), which impacts streamflow and
temporal model uncertainty, but were not considered.
Furthermore, irrigation which was estimated as 5% of the
total catchment area (van Niekerk et al., 2018) did not form
part of the modeling approach, due to limitations in the
current water use estimates for different vegetation types in
the catchment.

A shift by the agricultural sector and the increase in
domestic groundwater use has been suggested to aggravate the
drought conditions in the Western Cape of South Africa and
the meteorological and agricultural droughts progression to
more severe long-term forms (hydrological and groundwater
drought) (Watson et al., 2022). This was supported by
local aquifer level measurements, satellite-based groundwater
thickness reductions (Gravity Recovery and Climate Experiment:
GRACE) and hydrological change drawn from rainfall-runoft
models. While, the presumed increase in groundwater use
was supported by a multitude of factors, current rainfall-
runoff models assume stable storage conditions and the signal
to noise ratio (Xue et al, 2013) during dry periods affects
model performance and uncertainty. This approach uses the
JAMS/J2000 model as a metric of other conceptual rainfall-
runoff models, but large differences in the representation of
hydrological processes have even been reported between different
conceptual rainfall-runoff models where the signal to noise
ratio is low (Arnaud et al, 2011; Hattermann et al., 2017;
Eeckman et al, 2019). Furthermore, it is likely that more
physically based models, such as SWAT (Arnold et al., 1998)
and TOKAPI (Ciarapica and Todini, 2002) could respond
differently to climatic extremes based on model structures,
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FIGURE 9 | The Dynamic Identifiability Analysis (DYNIA: Wagener et al., 2002) using the Nash-Sutcliffe (NSE; Nash, 1970) efficiency in standard form (E2) for the
selected parameters showing the upper and lower parameter bounds of the Monte Carlo Analysis (MCA: red line). The soil-water parameters include scaling of air
capacity (AC_Adaption), the Surface runoff delay parameter (SoilConcRD1) and the Maximum infiltration rate during summer parameter (soilMaxInfSummer).
Groundwater parameters include Fast groundwater delay (QwRG1Fact), Slow groundwater delay (gwRG2Fact). The routing parameters include the Surface runoff
delay parameter (SoilConcRD1), Fast groundwater delay (gwRG1Fact), Slow groundwater delay (gwRG2Fact) and the stream routing parameter (FlowrouteTA).
Parameters which have temporal uncertainty show a variability in the upper and lower parameter bounds and where the “best” parameter sets (gray blocks) varies
across the simulated time series. These parameters include the AC_Adaption, gwRG1Fact, SoilConcRD1 and FlowrouteTA.
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FIGURE 10 | The precipitation to HRU distance in the catchment headwater (black line) and for the gauged portion (gray line), simulated (red line) and observed
streamflow (blue line), the simulated Soil Moisture Deficit Index (black dashed line) (after Watson et al., 2022). The upper and lower bounds of the Dynamic
Identifiability Analysis (DYNIA) using the Nash-Sutcliffe (NSE; Nash, 1970) efficiency in standard form (E2) for the selected parameters showing temporal parameter
uncertainty, considering the station to HRU distance, simulated SMDI and the streamflow for different “dry” and “wet” periods. The alignment of these three datasets
show three periods of similar model uncertainty from 1984-1994, 1995-2005, and 2006-2014.
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but also when considering additional measures of hydrological
processes (soil moisture, evapotranspiration, deep percolation) to
validate process simulations.

Impact of Climate Extremes on Model

Uncertainty

In a related study for the Berg River, Watson et al. (2022)
illustrated that the performance of the JAMS/J2000 model
varied for different “dry” and “wet” years and where a “good”
simulation (NSE > 0.6: Waters, 2014), using a single long term
parameter set, was possible for a yearly meteorological shortfall
of 28%, which also corresponded to a 53% reduction in MAM
precipitation. After this threshold was exceeded, model related
performance dropped to an NSE of 0.59 in 2000, and more
significantly to 0.26 (Watson et al., 2022) for the years 2015-
2017 (although groundwater abstractions were not considered
by the model), where the meteorological shortfall was 32-34%
(70% reduction in MAM precipitation). As dry periods lower
the signal to noise ratio and the water balance becomes tighter,
different parameter combinations become better suited and
changes in simulated flow components can often be required.
Furthermore, seasonal shift such as the reduction of precipitation
for MAM, which reduces soil-moisture prior to winter (JJA),
impacts streamflow dynamics and peak flow. Most noticeable
were changes to the time of concentration, where TC reduced
by 1 day between the different dry and long-term parameters.
Furthermore, there were changes to the overall contribution
of fast and slow groundwater, but these flow components are
more conceptual than driven by physical data. The overall
outcome on the simulated hydrology using the long-term, “dry”
and “wet” parameters is not unexpected given that this study
utilizes a single downstream calibration. River flows in the
Berg River catchment are particularly dependant on headwater
contributions, and while these areas were highlighted as the most
affected in Watson et al. (2022), the headwater gauging records
show the largest amount of change and a concern for regional
water security.

The temporal uncertainty analysis DYNIA showed parameter
sensitivity changes during different “dry” and “wet” periods
(Figures 8, 9). In particular, the scaling of air capacity
(AC_adaptation), a highly sensitive parameter which can affect
the simulation of different flow components and TC, showed
uncertainty after 2004 and remains stationary past the drought
of 2011 where SMDI was between —0.5 and 0.5. Some of this
uncertainty, can be attributed to the construction of the Berg
River dam in 2004 which also affected the temporal uncertainty of
the simulated interflow rate (soilConcRD2) and not represented
by SMDI. The use of the reservoir component, which substitutes
simulated streamflow with reservoir outflow, could further affect
model parameter sensitivity after 2006. While there was still a
large amount of noise using DYNIA for the periods 1984-1994,
where SMDI was between 0.3 and —0.5, the shift between “dry”
to “wet” conditions or vice versa, resulted in the largest amount
of parameter uncertainty for the analysis period. From our study
we conclude that links between temporal model uncertainty
and meteorological/agricultural drought indices can improve

the understanding of model capabilities in the light of future
non-stationary climate conditions, although data availability and
its variability influences model applications in Southern Africa.
Furthermore, reliable forecasting systems at seasonal and sub-
seasonal scale require the integration of hydrological modeling
tools with other hydro-climatic indicators and tracers to consider
the associated system change during climatic instabilities.

Development of Dynamic Parameter
Rainfall-Runoff Models

The number of parameters with which a model simulates
hydrological behavior is an important consideration during
model development. Too few parameters result in poor seasonal
and sub-seasonal simulations, while too many parameters result
in model overfitting (e.g., Whittaker et al., 2010). The use of a set
of “dry” parameters improved the model’s performance for the
dry analysis period (E2 of 0.59-0.76 and LogE2 of 0.50-0.78), as
well as the 2015-2018 validation period with an improvement of
E2 from 0.26 to 0.60. The availability and variability of climate
data impacted the predictions made after 2014 (Figure 10),
where the precipitation station to HRU distance increase by
5km (15-20km). Anthropogenic groundwater extraction may
have affected the residual between simulated and observed low
flows, although logE2 improved from 0.17 to 0.28 for the periods
2015-2018 when switching from the long-term to the dry period
parameters. While the use of “wet” parameters also improved
model performance for the wet periods (E2 0.70-0.74 and LogE2
of 0.78-0.82), these improvements are less significant for semi-
arid WC. The resultant effect is that for future predictions in
Mediterranean WC, a “dry” set of parameters are recommended
for periods where meteorological shortfalls exceed 28% per year
and where MAM precipitation is reduced by more than 50%. As
a result, a dynamic parameter model, which may use drought
indices, such as the Standardized Precipitation Index (SPI) or
Standardized Precipitation Evapotranspiration Index (SPEI), as
triggers has the potential to better account for climate extremes.
While a “wet” parameter set is not recommended in the context
of semi-arid Southern Africa, it might be more applicable for
tropical regions and where a shift in monsoons are expected.
Although this study focuses on the use of different parameter sets
for climatic extremes, it should be noted that additional effort
can still be placed in selecting a single more robust parameter
set. For example, the long-term and “wet” parameters have a
higher groundwater contribution than the “dry” parameters and
additional metrics which validate flow component proportioning
could be used to refine solutions generated by the NSGA-II.
Likewise, multi-site/gauged calibrations have the potential to
reduce the impacts of climatic extremes on model performance.
These added modeling requirements highlight the need for
dynamic and flexible modeling systems, which will be required in
simulating future climatic extremes and this was demonstrated
by these results.

Implications for Water Management

Climate change will impact water availability and in turn likely
cause changes in land use and increases in anthropogenic
water use. These changes have already occurred within the
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2015-2018 drought for the WC and understanding the impacts
to the water cycle components and the feedback loops of
different hydrological processes is important and ongoing. As
groundwater becomes a resource with which municipalities
and water management agencies use to reduce the risk of
climate change, understanding the cause-and-effect relationship
between groundwater recharge and changes in precipitation
seasonality is important for the management of this resource in a
sustainable manner.

Projections of future hydrological conditions, built off
processed based distributed modeling, are needed by a variety
of stakeholders, who oversee the management of water
resources, particularly in the context of catchment water
management agencies and municipalities. As the results from
hydrological modeling systems become increasingly more
important for water management under climate change, there
is a growing need for cross sectoral management including
dam management, agricultural and mining activities as well
as domestic and industry water consumption for water yield
planning. For assessing the impact of increasing climate extremes
as anticipated in Mediterranean South Africa, this requires
modeling approaches which are well-understood and verified
in terms of their performance, uncertainty, limitations and
potential. Additionally, the importance of continuing scientific
monitoring and the development of new approaches/tools are
required to reduce hydrological projection uncertainty under
climatic change. In particular for the WC, understanding the
increased groundwater consumption and the quantification of
these amounts are required if future model predictions are to
be useable.

CONCLUSION

The ability to simulate catchment hydrological behavior is
dependent on data availability and variability, as well as the
model calibration and validation approach. Predictions of hydro-
meteorological extremes, such as droughts, are often not well
simulated when observed infrequently within the calibration
period, but crucial for the assessment of climate and hydrological
risk and their current and future management. As the occurrence
and duration of these extremes are likely to increase in the
future in Mediterranean South Africa, model performance,
uncertainty and representation need to be assessed during
different climatic extremes. In our study, we have shown that a
temporal uncertainty analysis provides the means to assess model
parameters which are impacted by different “wet” and “dry”
periods. For JAMS/J2000 model of the Berg River catchment,
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