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Key Points:

e Radar-rainfall biases strongly influence streamflow prediction.
e Radar locations and their interplay with the watersheds create strong spatial bias patterns.

e Radar-rainfall biases vary with the magnitude of the rainfall events.
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Abstract

Hydrological models and quantitative precipitation estimation (QPE) are critical elements of
flood forecasting systems. Both are subject to considerable uncertainties. Quantifying their
relative contribution to the forecasted streamflow and flood uncertainty has remained
challenging. Past work documented in the literature focused on one of these elements separately
from the other. With this in mind, we present a systematic approach to assess the impact of QPE
uncertainty in streamflow forecasting. Our approach explores the operational lowa Flood Center
(IFC) hydrological model performance after altering two radar-based QPE products. We ran the
Hillslope Link Model (HLM) for lowa between 2015 and 2020, altering the Multi-Radar/Multi-
Sensor System (MRMS) and the specific attenuation-based (IFCA) IFC radar-derived product
with a multiplicative error term. We assessed the forecasting system performance at 112 USGS
streamflow gauges using the altered QPE products. Our results suggest that addressing rainfall
uncertainty has the potential for much-improved flood forecasting spatially and seasonally. We
identified spatial patterns linking prediction improvements to the radar's location and the
magnitude of rainfall. Also, we observed seasonal trends suggesting underestimations during the
cold season (October to April). The patterns for different radar products are generally similar but
also show some differences, implying that the QPE algorithm plays a role. This study's results
are a step towards separating modeling and QPE uncertainties. Future work involving larger
areas and different hydrological and error models is essential to improve our understanding of
the impact of QPE uncertainty.

Plain Language Summary

This study investigates the impact of radar-rainfall on flood forecasting uncertainty. Previous
research focused on rainfall-runoff models, ignoring the errors in rainfall estimation. We used a
systematic approach to adjust two radar-rainfall products, forcing a simple hydrological model.
Results show the potential improvement in streamflow prediction by correcting basin-wide bias
in rainfall. The optimal correction varies with basin size, location, season, and rainfall amount.



40

41

42
43
44
45
46
47
48
49

50
o1
52
53
54
55
56
57

58
59
60
61
62
63

64
65
66
67
68
69
70
71
72
73

74
75
76
77
78
79
80

Preprint

1 Introduction

Streamflow prediction errors depend on multiple factors, the rainfall-runoff model and
quantitative precipitation estimation (QPE) uncertainty being arguably among the most
significant. Literature has attributed most streamflow predictive uncertainties to the formulation
of the models (e.g. Addor & Melsen, 2019; Fenicia et al., 2008; Gharari et al., 2021), their
parameters (Beven & Binley, 2014; Schoups & Vrugt, 2010; Stedinger et al., 2008), and the
calibration procedures (Beven, 2012; Duan et al., 1994; Fenicia et al., 2007; Shen et al., 2022).
Uncertainty in the QPE has received considerably less attention with few notable exceptions
(Ehlers et al., 2019; Kavetski et al., 2006a, 2006b; Bardossy et al., 2022; Liao and Barros, 2022).

In this study, we focus our considerations on radar-based QPE and use comparisons of simulated
and observed discharge values of streamflow to quantify uncertainty (Arsenault et al., 2018;
Klemes, 1986; Legates & McCabe, 1999). While our study is motivated by the needs of
operational streamflow forecasting (e.g. Krajewski et al., 2017), strictly speaking, we only
evaluate model simulation skills. This is because to talk about forecasting, the rainfall forcing
would also have to be forecasted. The effect of quantitative precipitation forecasts (QPF) on
streamflow forecasting is outside of the scope of this work. For relevant insights, see Ghimire et
al. (2022) and Seo et al., (2018).

Another important note is that our operational goal is to forecast streamflow “everywhere,” i.e. at
small streams and large rivers, and “all the time,” i.e., with frequent (e.g. hourly or shorter)
forecast updates in nearly real-time. This goal implies that we need to use fully distributed
hydrologic models with predictive capabilities across scales ranging from 0.1- to 100,000 km?.
The same goal makes performance evaluation more difficult as the stream gauge network is
rather sparse and favors monitoring larger basins.

From a scientific point of view, as opposed to operational, our study is a step towards
disentangling the predictive uncertainty into that due to the input versus that due to the model.
This is an unsolved problem in hydrology. As rainfall is the key but not the only agent of basin
response, errors in the input estimates will affect model calibration and streamflow prediction.
Hydrologists have studied this problem mostly in idealized simulation-based experiments or by
comparing QPE errors only with gauge observations (He et al., 2013). One simple reason why
this problem has remained unsolved is that a comprehensive error structure of radar-based QPE
is still unknown despite considerable effort over the past 30 years. See Berne & Krajewski
(2013); Krajewski & Smith (2002); Villarini & Krajewski, 2010; and Krajewski & Smith, (2023)
for summaries.

However, several recent studies revealed some crucial insights into the aspects of the QPE
uncertainty that are particularly important for streamflow prediction. Mantilla et al., (2023)
show that small-scale variability and uncertainty in various aspects of runoff production,
including rainfall, are effectively filtered out by the river network structure, which aggregates
flow. Also, Ghimire et al., (2022) demonstrated that arguably the most important aspect of
skillful prediction is using accurate rainfall volume over a given basin. These authors show that
while the small-scale (hillslope) errors are not important, the overall space-time distribution is.
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If the total rainfall (QPE) volume over an event is the most important, a natural question arises:
how much off are the current most used products? Since this question cannot be easily answered
over a regional scale with the existing (sparse) rain gauge network density, we have designed a
data-based simulation experiment to address it. We modified two existing radar-based QPE
products in a simple way, just by scaling them up or down with a multiplicative factor. This
does not affect the space-time distribution of storms' key features, such as intensive cells, their
velocity, and direction.

To justify our focus on the total rainfall volume, consider the results of an experiment similar to
those described in Ghimire et al., (2022) and Krajewski & Smith, (2023). In Figure 1, we show
the Kling-Gupta Efficiency index (KGE) calculated to describe the performance of the Hillslope-
Link Model (e.g. Krajewski et al., 2017; Mantilla et al., 2022) using two different radar-based
QPE products, called here MRMS and IFCA. Each dot in panel (a) denotes model performance
at a river basin monitored by a USGS stream gauge. The index is calculated over 112
watersheds over a period of seven years. Significant scatter is evident, with the input being the
only difference. In fact, both input products use data from the same radars. Thus, the difference
is due to the algorithms converting radar observables to rainfall quantities. When evaluated
against rain gauge data, the two products show similar performance (Seo & Krajewski, 2020). In
panel (b), we show the change in the index after one of the products (e.g. IFCA) was equalized in
the mean over the basin to the other product, i.e. MRMS. Remarkably, the scatter is much
reduced. We obtain similar results (not shown) with the equalization in the other direction, i.e.
MRMS to IFCA. Note that the overall range of performance has not changed much. We still do
not know whether the basin-wide rainfall volume is correct or not or which product is clearly
better (according to the KGE measure).
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Figure 1. HLM KGE performance forced two QPE products before and after equalization. a)
MRMS vs. IFCA KGE before equalization, b) MRMS vs. IFCA equalized to MRMS (EtM), and
c) MRMS vs. MRMS - EtM.

Additionally, evident is a spatial component, as shown in Figure 2, where we colored the gauged
watersheds with the equalization factors for both products. Looking at the factors, we found
spatial patterns and divergences between both products (Figures 2a and b). For example, MRMS
estimates more rainfall in lowa than IFCA. This trend becomes stronger over the western part of
the state (draining to the Missouri River). In some regions, the spatial trends seem linked to the
locations of the NWS weather radars and their domain coverage. Note how the factors change in
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some nested watersheds, suggesting discrepancies between their QPE errors even at relatively
local scales. Several features in the QPE products may explain the described differences. For
example, MRMS estimates are corrected using rain gauge data (Zhang et al., 2016, 2020), while
IFCA are not. Each watershed has a varying distance to the respective radars, which, mixed with
the storm tracks, creates variability in the QPE quality. Regardless of the factors affecting the
rainfall products, radar bias affects streamflow prediction (jError! No se encuentra el origen de
la referencia.). The observed variability increases the challenge of assessing QPE errors in
streamflow predictions and the need to incorporate the spatial component into its analysis.

0 0.5 1 1.5 =2 0 0.5 1 1.5 =2
MRMS to IFCA median equalization factor IFCA to MRMS median equalization factor

Figure 2. The median value of the multiplicative factors (f;) used to equalize the QPE products
at each USGS gauge (colored dots). Panel (a) presents the f. values to equalize MRMS to IFCA
and panel (b) the f, valules for the IFCA to MRMS case. The blue lines represent the river
network, the black triangles represent the meteorological radars, and the circles have a coverage
radius of 150km.

If the rainfall volume dominates the streamflow simulation, the question arises of whether we
can improve it further. Note that the MRMS product has already been rain gauge data corrected,
but not necessarily in the mean-basin sense. Since the “potential” of using rain gauge data to
adjust the rainfall input has been exhausted, we resort to a simulation experiment. In the
remainder of this paper, we describe our methodology in Section 2, the key results in Section 3,
and we close with a discussion in Section 4.

2 Materials and Methods

To examine the implications of QPE errors on flood forecasting uncertainty, we conducted a
simple simulation experiment over multiple watersheds and over several years of data. We used
two radar-based QPE products, forcing the Hillslope Link Model (HLM). The two QPE
products are the Multi-Radar/Multi-Sensor (MRMS) (Zhang et al., 2016, 2020), which has
national distribution, and an in-house product developed by IFC (IFCA) based on the specific
attenuation algorithm proposed by (Ryzhkov et al., 2014) and implemented by Seo et al., (2020).
Both products are derived as a mosaic of data from the following seven WSR-88DP weather
radars: KDVN in Davenport, lowa, KDMX in Des Moines, lowa, KEAX in Kansas City,
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Missouri, KOAX in Omaha, Nebraska, KFSD in Sioux Falls, South Dakota, KMPX in
Minneapolis, Minnesota, and KRAX in La Cross, Wisconsin. We clarify that MRMS QPE used
for our study period was generated using reflectivity-based algorithms (Zhang et al., 2016), and
the synthetic QPE algorithm (Zhang et al., 2020) mainly based on specific attenuation was not
operationally implemented for the period. In our approach, we altered the QPE products with
multiplicative factors (f,) that took values between 0.1 and 5. We applied the proposed
framework to 112 watersheds defined by the USGS streamflow gauges in lowa between 2015
and 2020.

We also used a prior, reflectivity-based IFC product (e.g. Seo et al., 2019), but we do not show
the results as they are qualitatively similar. For each product, we assumed a multiplicative error
represented by f.. We ran the HLM configuration described in Velasquez et al., (2023) for each
product after altering it and evaluated the performance metrics at each observed hydrograph.
Finally, we assessed the impact of rainfall bias by analyzing the results corresponding to the
highest performance factors. In Figure 3, we present a schematic of the experiment setup and
describe it in detail.

Time [hours]

Figure 3. Experiment setup from left to right: QPE alteration using the multiplicative factor (f.),
open-loop streamflow simulation using the Hillslope Link Model, and simulations evaluation at
the event scale by comparing f. = 1 (blue line) with the factor that provides the optimal

performance £.°7* (red line).

2.1 Study area

For our analysis, we used 112 USGS gauges (colored dots in Figure 2) within lowa, USA. The
gauges monitor watersheds with areas ranging between 10 and 36,000 km?2. With a landscape
dominated by gently rolling plains, lowa’s land use is predominantly agricultural with two main
crops being corn and soybeans. Nevertheless, the region also has prairie potholes (in the Des
Moines Lobe area), deep loess deposits (around 30 meters deep) at the Loess Hills, and two
extensive alluvial plains next to the Missouri and Mississippi rivers. Due to its landscape and
weather, lowa has been affected by several historical floods, usually in spring and summer.

2.2 The Hillslope Link Model

As described in detail by Mantilla et al., (2022), the Hillslope Link Model (HLM) is a distributed
hydrological modeling framework that solves a set of ordinary differential equations (ODES)
representing the hillslope processes and channel routing while preserving the river network
topological connectivity. As a framework, HLM allows the formulation of runoff mechanisms
with different complexity and parameter requirements. For this experiment, we used the HLM
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formulation that includes a nonlinear representation of the subsurface fluxes (Fonley et al., 2021;
Velasquez et al., 2021) and a snowmelt parametrization (Koya et al., 2023; Velasquez et al.,
2023). The nonlinear sub-surface fluxes better represent the hydrograph recession and baseflow.
At the same time, the snow component captures the winter-to-spring transition events. We set up
HLM using a network derived from a 10 m digital elevation model (DEM) (USGS, 2022) that
closely follows the high-resolution version of the NHDPIus network (USGS, 2017), obtaining
around one million links over lowa.

2.3 Rainfall Uncertainty Assessment

We opted to perform our study at the event scale to avoid the effects of prolonged no-rain
periods in continuous simulation. We identified around 7,800 basin response events in the 112
discharge gauges between 2015 and 2022. Following, we provide a detail of the event
identification and the relative rainfall (R,.) estimation procedures.

2.4 Events ldentification

We evaluated all the model outputs using the standardized discharge (Z) by dividing the
observed and simulated discharges (Q, and Q, respectively) by the mean annual peak flow
(Qpeak) of each gauge, allowing us to compare results from watersheds with areas varying
between 10 and 36,000 km?. After the standardization, we identified the events at each
watershed by separating the runoff from baseflow using the (Nathan and McMahon, 1990) filter:

1+a

Zy () = a Zy(t = 1) +—- (Z,(t) = Z,(t = 1)) 1)

where Z,.(t) is the runoff component at time t, a a parameter set to 0.98, and Z,, the standardized
observed discharge. Using Z,., we create a binary time series (B,) where B, = 1if Z, > Z..;; and
0 otherwise. Z,;; is the runoff threshold set equal to 0.01. Then, we take the first derivative of
B, (AB,) to identify the beginning of each event (AB,. = 1). The end of the events corresponds to
the beginning of the next one or the watershed response time (whichever happens first). After
using the described procedure, we evaluated only the events with a relative peak flow greater
than 20% of the mean annual peak flow.

2.5 Performance Metrics

For each event, we computed the performance metrics, the average relative rainfall (R,.) and
identified the optimal factor (£,P") for the performance metrics. The metrics include the peak
flow bias (@), the time-to-peak difference (At,), and the volumetric bias (V). With the
described metrics, our goal is to obtain a robust assessment of the QPE basin-wide bias while
analyzing its impact on features of the simulated hydrographs related to flood forecast

performance.

2.6 Relative Rainfall (R,.) Estimation

We used R, to perform conditional analyses of our results. To identify R,., we first obtained the
accumulated rainfall (R [mm]) of each event between a temporal lag and the peak flow time. We
estimated the lag for each watershed by looking at the correlation between the observed
discharge and the MRMS average rainfall aggregated between ¢ and t — At with At varying
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between 2 and 400 hours. The lag corresponds to the At value that maximizes the correlation.
Finally, we obtained the total relative rainfall of the events (R,) dividing R by the average of the
sum of the observed events.

Additionally, we estimated event-based mean areal precipitation over 60 watersheds using rain
gauge records from the National Weather Service (NWS) Cooperative (COOP) Hourly
Precipitation Data (HPD) Network, Version 2.0 (Lawrimore et al., 2020). Mean areal
precipitation was estimated by taking a simple average of rainfall observations from
corresponding rain gauges within each watershed. We used these estimates to calculate QPE

bias and compare the calculated bias with the optimal factor (fc"”t) derived from our experiment.

3 Results and Discussion

As described in Section 2, we use a collection of multiplicative factors (f;.) to represent the QPE
uncertainty of two products (MRMS and IFCA). This simple representation of QPE uncertainty
does not affect small-scale (pixel) variability and errors and, thus, the spatial distribution of the
radar-rainfall patterns. Instead, it focuses on the basin-wide bias of the radar-rainfall input. In
the following, we present the assessment of the results obtained at 112 USGS gauges with
discharge observations. For each watershed and each event, we evaluated the QPE - f,
combination that provided the best performance. As shown in Figure 4, changes in f, provide
significant differences in streamflow simulation performance compared with the original result
for f. = 1. In our analysis, we assumed that QPE bias explains the f. variability allowing us to
analyze possible structural biases in the radar-rainfall products.

3 a] Pt =120 o) foPt = 1,40 foPt = 1.65

| ']
2 °
R e Observed o '.
| 3 f.=1.0 +
fept

Standardized Streamflow

0 50 100 150 200 0 20 40 60 80 20 40 60 80
Time [hr]

Figure 4. Comparison of simulated hydrographs using £, = 1 (blue) and £.°"(red) according to

the peak flow bias (Q,, bias). The gray hydrographs correspond to simulations using f. values
between 0.2 and 1.6.

3.1 Multiplicative Factors and Performance Frequencies

As shown in Figure 4, QPE magnitude changes induced by £, can bring significant predictive
improvements. To achieve these improvements, fc"pt exhibited notable variability (between 0.7

and 2) representing QPE over- and under-estimations, respectively (see Figure 5). Despite the
fc"pt range, its distribution and magnitude are comparable to the gauge/QPE biases obtained at

the watersheds (black line in Figure 5), where the range and median values (~1.2 for £°P¢, 1.14
for MRMS, and 1.12 for IFCA) provide a validation of our results. On the other hand, the fc"pt
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distributions exhibited similar histograms for the selected performance metrics with some
differences between our two QPE products.

MRMS []
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IFCA
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f- and QPE bias

Figure 5. Multiplicative factors frequency distribution for the V bias (blue), @, bias (orange)

metrics, and for the rainfall Gauge/QPE ratio (black). Panels a and b correspond to MRMS and
IFCA results, respectively.

We further compare f, (using V bias) with the gauge/QPE bias by analyzing their joint
distribution (Figure 6). In contrast with Figure 5, this approach allows us to present in more
detail the differences between f, and the bias of both products. In the MRMS case, both f. and
the gauge/QPE ratio exhibit some converge for values between 0.9 and 1.3 with significant
discrepancies for f, values above 1.3. The IFCA case, exhibits a stronger agreement between f,
and the gauge/QPE ratio with a higher frequency around 1 and more disagreement on the QPE
for values below 0.9. We attribute these differences to discrepancies in the spatial organization
of both QPEs and the low density of gauges used in the gauge/QPE bias estimation. These
differences between the two QPE products may come as a surprise. Recall that the MRMS is
gauge-corrected.

1.8 [E] //,/ @
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Figure 6. The joint distribution between the V' bias fc(’pt values and the Gauge/QPE ratio for
MRMS (a) and IFCA (b).
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We attribute the described discrepancies to differences in the way we obtained fco”t and the

gauge/QPE ratio. The fc"pt represents the bias at a watershed scale looked through the lens of a
hydrological model. On the other hand, the gauge/QPE ratio is the bias of a direct comparison
between gauged rainfall at a given point and the collection of pixels that correspond to a given
watershed. Due to differences on both approaches, drawing strong conclusions about their
correctness is difficult. Nevertheless, their magnitude and distribution similarities point to an
existing issue on the QPE.

Additionally, we evaluated the potential bias induced by the QPE uncertainty by comparing the
performance frequency of using a multiplicative factor of 1 and fc"pt value (Figure 7). According
to our results, £°P* induces a large improvement in both QPE products. The improvement is
impressive for the three metrics, with differences bounded within 50% and centered around 0. As
discussed before, model uncertainties likely explain a significant portion of the errors in the f, =
1 case. Improvements in the model parameters (Francés et al., 2007; Refsgaard, 1997) or a better
representation of the runoff and routing processes (Velasquez et al., 2021; Velasquez et al.,
2022) can also increase model performance.

20, @ MRMS @ MRMS MRMS

= (=2
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N
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0, 4 4
-100 -50 0 50 100 -100 -50 0 50 100 -1.0 -0.5 0.0 0.5 1.0
V bias Qp bias Aty

Figure 7. Model performance frequencies for the case of f, = 1 (blue) and for fc"pt(red) during

each event. The rows correspond to the MRMS and IFCA results, respectively. The columns
correspond to V bias, @, bias, and At,, histograms.

In the @, bias case, improvements represented changes from around 50% to 2% for MRMS and

IFCA (see Figure 8). In the MRMS case (Figure 8a), we observe more dispersion for the fc"pt P
bias case with values oscillating between 1 and 7%. On the other hand, the IFCA case (Figure
8b), most of the change happens around 4%. Despite the differences, both QPE products exhibit
a similar improvement, indicating that the basin-wide magnitude is a key feature controlling the

hydrograph. The results presented here and by Ghimire et al., (2022) highlight the essential role
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of the QPE and how critical it is to understand its uncertainty at the watershed level to improve
our forecasting capabilities.

54
20
5
S 7 _N |
3
2 2
o
<
1
0
MRMS IFCA
0 1 2 7 20 54 0 1 2 7 20 54
Qp bias [%] for fe=1
0 0.5 1 15 2.0

Frequency [%]

Figure 8. Q, bias performance (in log space) for f, equals to 1 vs Copt for MRMS (a) and IFCA
(b).

Up to this point we analyzed the corrective factors as a distribution over all stream gauges and
events. Therefore, a fair question could be whether these factors are random which would make
them less insightful. To address this question we analyzed their temporal variations at the
seasonal scale and the spatial variations as basin scale and simple maps.

3.2 Seasonal trends

It is well-established that QPE uncertainty follows seasonal patterns (Bytheway et al., 2020;
Ciach et al., 2007; Derin et al., 2016; Gupta et al., 2010) due to atmospheric changes (Lu et al.,
2010) that induce error sources such as melting layer height changes (Cocks et al., 2017).
Considering this, we explored the performance improvements and £.°P* variability for the
MRMS case (Figure 9). The three metrics exhibited performance increases in the transition
periods of winter to spring and summer to fall. V bias (Figure 9b) have the most pronounced

improvements in the winter to spring transition while Q,, bias (Figure 9a) has it during the
summer. fc"pt also follows the similar pattern for all the metrics except At,, (Figure 9d and e).

During the winter to spring transition £.°P* tends towards values above 1.5 and in the summer, it
oscillates around one. The described seasonal patterns suggest a link between the QPE-modeling
uncertainties and the atmospheric changes worth of exploring.
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Figure 9. Performance improvement (first row) and fc"pt (second row) seasonal variability for
HLM runs with MRMS. The yellow vertical band indicates the warm season, the blue band
corresponds to the interquartile range, and the tick blue line corresponds to the median value.

3.3 Scale analysis

Scaling of flood peaks at the event scale has been a well-researched problem (e.g. Ayalew et al.
2014a, b; Gupta et al., 2010). Therefore, in addition to the seasonal uncertainties, we analyzed
the role of the watershed scale. We compared the performance improvement and the
multiplicative factor variations with the upstream area of the gauged watersheds (Figure 10).
According to the figure, the performance improvement has a weak link with the upstream area
where only At,, shows an improvement for areas ranging between 10 and 100 km?. Conversely,

Q, bias, V bias, and C"pt (second row) do not present a clear relationship with the scale. For

most of the performance indexes, £°P* oscillates between 1 and 1.5. For Q, bias, £°P* slightly

decreases with the scale, and in the V bias case, its variability (blue bands) seems to increase.
Nevertheless, a strong connection with the watershed area is not evident.
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Figure 10. Performance improvement (first row) and fc"pt (second row) versus the watershed
upstream area. a) and d) correspond to Q,, bias, b) and e) to V bias, and c) and f) to At,.

3.4 Spatial patterns

Here, we expand the assessment to the spatial domain, considering the median value of the
performance at each gauge, its improvement, and fC(’pt value. Figure 11 presents the median Q,,
bias performance at each USGS gauge for the two QPE products. According to the figure, the
products have similar spatial patterns but with some differences. The most significant difference
corresponds to performance differences between MRMS and IFCA over the south-west and
north-east areas. We attribute the similarity between the results to the model parameterization
and the shared origin of the radar data used to develop the QPEs. The performance shown in
Figure 11 is a reference for the following analysis, where we compared the forecast

improvements for the optimal £°P* at each gauge.

<-100 -50 0 50 >100
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Figure 11. Event-based Q,, bias performance for HLM forced with MRMS (a) and IFCA (b).
The colored dots represent the median @, bias, the black triangles represent the radars and the
dark circles, the radar coverage at 150 km.

In Figure 12, we present the improvements for Q,, and V bias performance metrics for the
MRMS and IFCA products. Accordingly, gauges of relatively low improvement coincide with
high performance at fc"pt = 1 (Figure 11). Moreover, we also found similarities and differences
between the QPE products. In the @, bias case (Figure 12a and b), we found more differences
with higher improvements over the north for IFCA and around the south-west for MRMS. With
larger improvements in IFCA, the V bias pattern (Figure 12c and d) is similar for both QPEs
presenting more significant differences over the North-West and Center. The described patterns
suggest the existence of spatial QPE biases, probably due to the radars' characteristics (and
limitations), the algorithms used to merge them, and differences between the atmospheric
conditions at the radar domains.

0 20 40 60 80 =100

Median AV = V(feFt) — v

Figure 12. The median value of the @, bias (a and b) and V bias (c and d) performance

improvements after comparing events using f. = 1 and fc"pt for MRMS (a and c) and IFCA (b
and d).
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Following the performance improvement biases, the median fc"pt value at each gauge (Figure
13) also arises a spatial pattern. The £.°P* variability coincides at some extent with the
performance improvement results. Nevertheless, Figure 13 exhibits stronger spatial trends and

some differences between the Q,, and V bias cases (first and second rows, respectively). In
contrast with Figure 12, high and low fcoz’t values tend to be more influenced by the radar’s

coverage radius. For instance, watersheds close to the South-West radar tend to have £.°P* values
around 0.8 while the watersheds around the central radar have £.°" values around 1.3. We

observe a similar behavior with the other radars, on the East, £’ values oscillate around 1.1

and, in the center, it takes values between 1.0 and 1.5. However, the described £.°7 values are in
overall larger for the V bias performance metric.

RTs RS-
LpPy

V bias

0.7 0.8 0.9 10 1.2 1.3 L5
f2°t median value

Figure 13. Median £°P* values for each product (columns) and for the Q, bias and V bias

C
metrics (rows). Yellow colors indicate fc"pt values close to 1.0, blue values below 1.0, and red

values over 1.0.

The spatial variability of f"pt exhibits some differences among the QPE products. In the IFCA

c

case (Figure 13 b and d), £.°P* values around the North-West radar tend towards higher values,

c

while in the MRMS case (Figure 13 a and d), South-West values are lower. We attribute the

differences to the algorithms used to develop each product. Nevertheless, both products exhibit
similar patterns, which are also present when we compare fcopt with the performance increase
(Figure 14). Here, we find similar patterns with increased performance for fc"pt values different
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from one. On the other hand, the MRMS case (blue dots) exhibit lower fc"pt values for the AQ,
and AV bias cases corresponding to larger improvements indicating QPE overestimations.

100
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Figure 14. Comparison of the median f, with the median of the performance improvement for
logKGE (a), @, bias (b), and V bias (c) for MRMS (blue) and IFCA (red).

The similarities between the QPE products suggest consistent biases affecting the simulations at
the event scale. However, we also notice differences that highlight the uncertainties of each QPE.
Previous work by Quintero et al., (2020) also presented performance differences when
comparing MRMS, Stage 1V (Lin & Mitchell, 2005), and IFC rainfall. In this case, we explored
how the QPE uncertainty impacts the forecasting skill of a distributed hydrological model.
According to our spatial analysis, there is variability in the function of the radars and their
unique characteristics, as previously suggested by (Post & Krajewski, 2023). However, the
relationship seems complex and requires a more in-depth study considering QPE from
independent radars and the distance to the watersheds.

3.5 Rainfall Conditioned Assessment

The nature and magnitude of rainfall events also condition QPE uncertainty (Derin et al., 2016;
Lu et al., 2010), and therefore it may also change the streamflow forecast biases. We used the
relative total rainfall (R,.) of each event and watershed to explore this link. We repeated the
previously described analysis, conditioning the events to R, values greater than 0, 1, 1.5, and 2.
Figure 15 presents a summary of this analysis for the performance improvement (first row) and

£2P (second row).

According to the performance improvement histograms, AV bias (Figure 15b and d) exhibit some
reduction for R, thresholds above 1.0. Conversely, the AQ,, bias increase with R,. (Figure 15a
and c). Nevertheless, in both cases, the connection between R,. and the performance
improvement seems weak. We attribute this weakness to additional uncertainty factors other than

the QPE. On the other hand, the relationship is stronger in the £.°7* case. In both cases,

£2P tends to decrease with the R, magnitude.
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Figure 15. Summary of the performance improvement and fc"pt change conditioned to MRMS
relative rainfall R,.. The first row presents the performance improvement histograms, and the
second row to the £°P* histogram. The colors from yellow to black correspond to increasing R,

thresholds (0 to 2).

3.6. Spatial analysis

The results we described in Figure 15 suggest a relationship between the magnitude of the
rainfall event and the QPE-modeling uncertainty. During large events, QPE overestimations may
lead to significant errors in estimating hydrological signatures, such as the peak flow, which in
this case are corrected through £.°P*. However, the described relationships for the performance

and fc"pt also have an spatial component as shown in (Figure 16 and Figure 17). In contrast with

Figure 12 a and ¢ (corresponding to MRMS), the improvement exhibits an accentuated spatial
change for increasing R, values.

The Q, bias case (Figure 16 a to c), exhibits significant improvements at most of the watersheds
(> 100%) with radar-related solid patterns in the three cases. In the R,. > 2.0 case (Figure 16 c),
the AQ,bias reached values larger than 200% indicating increased biases during events with a
significative rainfall accumulation. Also, there is a more evident difference between the
southwest and northeast radars. The AV case (Figure 16 a to c), also follows a spatial pattern that
accentuates with R,.. In contrast with AQ,,, AV has a stronger differentiation between radars for
increased R, values.
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Figure 16. Q, bias and V bias performance increases conditioned on the MRMS relative rainfall
(R,) of each event. The columns correspond to R, values above 1, 1.5, and 2. The rows
correspond to performance differences in the @, bias (a to ¢) and V' bias (d to f) performance
metrics.

Like the results described for the conditional performance increase (Figure 16), the

multiplicative factors also increased with R, (Figure 17). In both, Q,, and V' bias cases, fc"pt took

more extreme values for larger R,. values. In the @, case (Figure 17ato c), fc"pt bounds change

from 0.8 and 1.3 (Figure 17a) to values below 0.5 and above 1.8 (Figure 17c). The V bias case is
similar, with the difference that fc"”t values tend to become lower than 1.0 for R, > 2 (Figure
17f). Despite the differences between the fcopt values for both metrics, the spatial patterns remain
with the south-west region having lower values, the central lowa values kept around the unity,
and the northeast values above 1.0 in the V bias case. Moreover, the accentuated £,°P* values
coincide with the performance increase shown in Figure 16.
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06 07 09 1.0 12 14 16
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Figure 17. Median fcopt in function of the MRMS relative rainfall (R,.) of each event. The

columns correspond to R, values above 1, 1.5, and 2. The rows correspond to the fc"pt values for
the @, (ato c) and V bias (d to f) performance metrics.

4 Conclusions

Using a straightforward approach, we have comprehensively analyzed the connection between
radar-based QPE uncertainties regarding basin-wide bias and streamflow forecasting errors. In
our experiment, we assumed that QPE uncertainties represent a significant portion of the
modeling errors. From this assumption, we described the QPE uncertainty using a multiplicative
factor oscillating between 0.1 and 5. We ran the HLM distributed hydrological model in open-
loop mode between 2015 and 2020 using two QPE products (MRMS and IFCA). We compared
the results at the event scale using 112 USGS stream gauges in lowa. For each event and gauge,
we identified the best-performing multiplicative factor and the performance differences with
respect to a factor of one. According to our results, we can draw the following conclusions:

e As Bardossy et al., (2022) suggested, errors in precipitation are a significant contributor
to streamflow forecast uncertainty. We obtained improvements over 50% in most cases
and over 100% for some peak flow cases. Compared to previous calibration and data
assimilation efforts, the magnitude of our improvements indicates that rainfall
uncertainties induce a significant bias in hydrological models, probably also affecting our
efforts to parametrize them and discriminate the proper rainfall-runoff mechanisms.

e As QPE quality has a seasonal component (Cocks et al., 2017), so does the QPE-
modeling uncertainty structure. Our study obtained differentiable performance
improvements between the warm and cold seasons (see Figure 9). We largely improved

the V bias at the end of the cold season with factors around 0.4 and the Q,, bias near the

end of the warm season with increments around 100%. The multiplicative factor £.°P*
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also reflects the seasonal trends with relatively large values during the cold season and
lower values during the warm season. We did not explore the seasonal component further
in this work. However, our results indicate that it is essential to understand this
connection to improve our streamflow forecasts throughout the year.

e In our analysis, the spatial distribution of radar locations seems to determine streamflow
forecasting performance and the QPE bias factors. Despite working with a mosaic
product of radar data, we identified significant spatial differences that coincide with the
distance between radars and the watersheds defined by the USGS stream gauges. We will
explore this connectivity further by analyzing rainfall events relative to the watersheds
and their relative distance to individual radars. This requires a specialized reprocessing of
the radar data. More progress and results in this direction would help us create corrective
algorithms for the QPE bias.

e We found that QPE-modeling uncertainty is not independent of the magnitude of the
storm event. In our study, we found larger improvements during larger rainfall events. On
the other hand, fc"pt exhibited diverging results for the evaluated performance metrics (V
and @, bias). The described results suggest that total rainfall determines the QPE
uncertainty and the selection of the best-performing parameters. Similar results have been
reported for the calibration case during high and low flows (Asadzadeh et al., 2014). This
is an intricate issue as it shows significant variability in the QPE uncertainty between
rainfall events.

We see the current study as a step towards separating the QPE and rainfall-runoff model
uncertainty. At this point, we are still far from achieving the goal. Nevertheless, we consider our
results relevant to the community as they indicate the existence of spatial, seasonal, and rainfall-
magnitude conditional patterns. Our results set up the context for developing an effective
algorithm for basin-wide correction of radar-rainfall. Moreover, we consider that there are
multiple future work avenues in this topic. Further analysis may consider the connections
between the observed spatial bias and the seasons. Also, we would like to analyze the
relationships between nested watersheds, expand the analysis area, and evaluate our results using
different models.
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