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Abstract: Radar rainfall nowcasts are subject to many sources of uncertainty and these uncertainties

change with the characteristics of a storm. The predictive skill of a radar rainfall nowcasting model

can be difficult to understand as sometimes it appears to be perfect but at other times it is highly

inaccurate. This hinders the decision making required for the early warning of natural hazards caused

by rainfall. In this study we define radar spatial and temporal rainfall variability and relate them

to the predictive skill of a nowcasting model. The short-term ensemble prediction system model

is configured to predict 731 events with lead times of one, two, and three hours. The nowcasting

skill is expressed in terms of six well-known indicators. The results show that the quality of radar

rainfall nowcasts increases with the rainfall autocorrelation and decreases with the rainfall variability

coefficient. The uncertainty of radar rainfall nowcasts also shows a positive connection with rainfall

variability. In addition, the spatial variability is more important than the temporal variability. Based

on these results, we recommend that the lead time for radar rainfall nowcasting models should

change depending on the storm and that it should be determined according to the rainfall variability.

Such measures could improve trust in the rainfall nowcast products that are used for hydrological

and meteorological applications.

Keywords: rainfall complexity; radar rainfall; nowcasting; rainfall uncertainty

1. Introduction

“Nowcasting” refers to automated weather forecasts for precipitation with a short term lead

time (0–6 h) as well as high spatial (e.g., 1 km) and temporal (e.g., 5 min) resolutions [1–3]. It is an

important tool in the management of natural hazards that are triggered by rainfall, such as landslides,

debris flows, and urban floods, because it allows appropriate and timely action to be taken which

can substantially mitigate the loss of life and property. Rainfall nowcasting simultaneously strives to

optimize the lead time, accuracy, and resolution of the forecasts, but despite the efforts of the scientific

community over the last decade, this remains a significant challenge. Weather radar can be used to

predict short-term rainfall with acceptable accuracy and resolution. The general principle of radar

nowcasting is that the reflectivity of radar scans is extrapolated to provide the rainfall distribution at

regular intervals. Many radar rainfall nowcasting models have been developed based on this principle,

including domain-based, object-based, statistical, and probabilistic approaches [4–14].

However, radar rainfall nowcasts are subject to many sources of uncertainty. Their accuracy is

limited by the error affecting the radar rainfall measurements as well as the limitations of the nowcasting
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models that are used to measure and predict rainfall motion and evolution [15,16]. A number of radar

rainfall nowcasting models have attempted to quantify this uncertainty and to express the output

statistics in probabilistic ways [17,18]. The uncertainty can be modeled using specific all error sources

associated with the radar rainfall nowcasting procedure [19,20] or by a functional-statistical scheme that

quantifies the relationship between the radar rainfall nowcasts and the corresponding true reference

rainfall collected using methods such as gauge rainfall measurements [11,17]. However, at present

there are no methods that can comprehensively and accurately model the uncertainty associated

with radar rainfall nowcasts. For example, the physical-based radar rainfall uncertainty model may

underestimate the uncertainty as it cannot enumerate all of the error sources and their interdependence.

In contrast, the statistical-based uncertainty model may overestimate the uncertainty because external

uncertainty may be introduced through gauge rainfall error or gauge representative error.

Due to these limitations, which affect both the deterministic and probabilistic forms, stakeholders

can face difficulties when using radar rainfall nowcast products for practical applications. More

importantly, the uncertainty of radar rainfall nowcasts and the predictability of nowcasting models

change with the characteristics of a storm. For instance, the season is recognized as a significant

factor affecting the quality of rainfall nowcast products [21]. In addition, many studies have shown

that rainfall intensity is closely related to rainfall uncertainty [22,23]. Moreover, the spatial and

temporal variability of storm motion and evolution will also affect the skill of a nowcasting model.

This changing predictive skill can be difficult to understand as sometimes the models appear to be

perfect while at other times they are highly inaccurate. This hinders the decision making required

for the early warning of natural hazards caused by rainfall. For this reason, it is crucial to establish a

storm-by-storm nowcasting predictability scheme and to understand the natural connection between

rainfall characteristics and the predictive skill of a nowcasting model. To achieve this, it is necessary to

understand which features of a storm affect the performance of nowcasting models and the mechanisms

underlying this interaction. In this study, we explore the key indicators that represent storm features

with a close relationship to radar rainfall nowcasts. By understanding this relationship, stakeholders

will be able to interpret the skill of rainfall nowcasting models based on given rainfall observations.

This paper is organized as follows. After the introduction, Section 2 illustrates the study area,

data sources, and analysis methods. The Short-Term Ensemble Prediction System (STEPS) model is

also introduced. Section 3 presents the results of rainfall nowcasts and the relationship between storm

variability and rainfall nowcasting skill. Finally, the conclusion section summarizes the key findings,

limitations, and future work.

2. Data Sources and Methods

2.1. Study Area and Data Sources

The radar data used in this study was taken from the Met Office Nimrod system. This is a fully

automated system for weather analysis and nowcasting that is based around a network of fifteen

C-band rainfall radars. Four or five radar scans at different elevations are processed for each site in

order to obtain the best possible estimate of the rainfall at ground level. The Nimrod system addresses

a number of specific error sources. It also integrates a wide range of meteorological information, such

as the numerical weather prediction (NWP) model output, satellite imagery, and rain gauge data,

which allows it to provide surface precipitation estimates with a series of quality control and correction

processes. This includes the identification and removal of spurious echoes resulting from anomalous

propagation of the radar beam, errors resulting from variations in the vertical profile of the reflectivity,

and radar sensitivity errors [24]. The Marshall–Palmer Z-R relationship is applied to convert radar

reflectivity into rainfall intensity.

Z = 200R1.6 (1)

where Z and R refer to radar reflectivity and rainfall intensify respectively. The rainfall measurements

from all of the radars are combined into a single composite that covers the whole of the UK with
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spatial/temporal resolutions of 1 km/5 min and 5 km/15 min that can be used for hydrological and

meteorological applications. Radar data with a spatial resolution of 1 km and a temporal resolution of

5 min covering a period between 2007 and 2010 was used in this study.

The rain gauge data used in this study was the tipping-bucket rain gauge, which was provided by

the Environment Agency (http://www.environment-agency.gov.uk/). The hilly area to the east and

south of Manchester with an area of approximately 5000 km2 was chosen as the experimental domain

for this study. Fifty rain gauges were located in the study area. A map of the rain gauge network

with the terrain elevation in the background is shown in Figure 1. The blue dots represent the rain

gauge locations and the scale represents the radar pixels. The analysis performed in this study was

mainly focused on the fifty pixels that contained a rain gauge. To illustrate the relationship between the

positions of the gauges and the radars, we plotted circles with radii of 75 km centered at each weather

station. The work was conducted for 731 rainfall events. Historical rainfall records are composed of

wet and dry periods and a series of rainfall events are extracted from them. A continuous interval of

dry period is used to divide rainfall events. Excluding some events where either the radar or gauge

data were missing, these events cover all of the significant storms during the period. Four typical

events were selected to illustrate the results of this investigation. These four events are mainly used for

displaying the relationship between radar image and rainfall variability indicators. The ID, duration,

and averaged rainfall over the catchment for each event are listed in Table 1.

  

  

t (cm) 

00 12:00 

Figure 1. Map of the rain gauge network with the terrain elevation in the background. The blue

dots represent the rain gauge locations and the white dots represent the approximate locations of the

weather radars. The numbers represent the index of the corresponding gauges.

Table 1. Details of four illustrative storm events.

Event Start Date End Date Mean Rainfall (cm)

1 28 April 2009 1:00 29 April 2009 02:00 0.59
2 5 December 2009 17:00 6 December 2009 12:00 0.70
3 14 July 2010 13:00 14 July 2010 23:00 1.20
4 13 July 2010 16:00 14 July 2010 04:00 0.36

2.2. Short-Term Ensemble Prediction System Model

The short-term ensemble prediction system (STEPS) was developed by the UK Met Office and the

Australian Bureau of Meteorology [15,20]. It is a stochastic radar precipitation nowcasting model that

has been widely used in previous studies [3,25,26]. It is based on the S-PROG (Spectral Prognosis) model

which combines three components: spectral decomposition, estimation of the advection field, and temporal

evolution of precipitation. The STEPS exploits the multifractal principle by decomposing the rainfall

http://www.environment-agency.gov.uk/
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field into a diverse-level multiplicative cascade using a fast Fourier transform algorithm. A band-pass

filter based on a Gaussian window then passes the appropriate frequencies and then returns each

component into the spatial domain by applying an inverse transform. A pattern-matching algorithm

then calculates the average displacement of the field between successive time intervals. A second-order

autoregressive (AR-2) process is used to model the development of the precipitation patterns.

In the modified version of the S-PROG model (the STEPS model), the advection velocity is

determined using the optical flow method described by Bowler, et al. [27]. The cascade is respectively

advected using optical flow in Lagrangian coordinates and stochastically evolves over time according

to a hierarchy of auto-regressive processes of order two [28]. The noise term is omitted and modeled as

an independent cascade for each time interval [3]. This cascade accounts for the uncertainty in the

evolution of the precipitation field that is associated with the growth and decay processes. In addition,

the STEPS model provides a connector that merges an extrapolation nowcast with a downscaled NWP

forecast in order to extend the lead time to six hours.

The noise term can be ignored or modeled as a random variable, so the STEPS model offers two

forms of rainfall nowcasts, namely deterministic and probabilistic schemes. In order to simultaneously

investigate the predictability and uncertainty of rainfall nowcasts, the STEPS model is configured to

run both of them. In addition, in order to focus on the radar rainfall nowcasting, an ensemble rainfall

nowcast is produced without the NWP scheme.

2.3. Spatial and Temporal Variability of a Storm

The term rainfall variability may have various meanings according to different scientific views;

however, it is in some sense an intuitive concept that has been widely studied [29–32]. In this study, it

is confined to depict the variability embedded in the rainfall structure over space and time. Despite the

highly fluctuating nature of rainfall, structure exists within the irregular patterns [33]. Analysis of the

spatial and temporal variability of rainfall distribution is a practical and effective way to examine the

meteorological characteristics of storm events. The spatial and temporal variations in rainfall intensity

are of great importance in most practical hydrological applications. Many different indicators have been

used to quantify the variability of a storm. In this work, Moran’s I (MI) indicator and the coefficient of

variability (CV) were adopted to represent the storm variability from different perspectives.

MI [34] is a weighted correlation coefficient that is used to determine whether neighboring areas

are more similar than would be expected under the null hypothesis. Given its simplicity, MI is

frequently used outside of formal hypothesis testing in the exploratory analysis of spatially referenced

data. In general, MI detects the departure from spatial randomness and evaluates whether expressed

pattern is clustered, dispersed, or random. A MI value close to +1.0 indicates clustering and a value

close to −1.0 indicates dispersion. A zero value indicates a random spatial pattern. The formal equation

for rainfall autocorrelation estimation is given by (2).

MI =
N

∑

i

∑

j wi, j

∑

i

∑

j wi, j(Ri −R)(R j −R)
∑

i(Ri −R)2
(2)

Here, R is the rainfall vector for all of the radar pixels if MI corresponds to the spatial Moran’s I;

alternatively, R is the rainfall vector for all of the temporal intervals if MI corresponds to the temporal

Moran’s I. The subscripts i and j refer to the adjacent radar pixels or time intervals and wi,j is a weight

denoting the strength of the connection between these pixels (or time intervals). In this study, the

weight was calculated based on the inverse separate distance. Furthermore, N denotes the dimension

of the rainfall vector. The other indicator, the coefficient of variability, can quantitatively measure the

rainfall evenness/unevenness of the storm events, which is given by (3).

CV =

√

√

√

1

N

N
∑

i=1

(

Ri

R
− 1

)2

(3)
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A larger CV value represents higher variability, thus less even rainfall distribution. As with MI,

CV can describe both the spatial and temporal rainfall variability depending on the rainfall vector

expressed in space or time.

2.4. Rainfall Nowcasting Skills

Both deterministic and probabilistic forms of rainfall nowcasts are investigated in this work. It is

not difficult to evaluate the performance of deterministic rainfall nowcasts as they provide a single

output for a given space and time. To obtain a comprehensive understanding of the nowcasting

skill of the deterministic rainfall output, a series of indicators are introduced: mean absolute error

(MAE), coefficient of determination (R2), relative bias (BIAS), Pearson’s correlation coefficient (COR),

probability of detection (POD), and false alarm ratio (FAR). The error and bias are described by the

metrics BIAS and MAE. The R2 and COR describe the degree of collinearity between the rainfall

nowcasts and observations. Finally, the POD and FAR are contingency metrics. The POD describes the

fraction of the observed precipitation events that are correctly detected by the evaluated product. In

contrast, the FAR describes the fraction of the events detected by the product that are not observed.

Radar ensemble forecasts that reflect the possible uncertainty associated with rainfall nowcasts can

be produced using the STEPS model. In probabilistic forms of rainfall nowcasts, a number of possible

outcomes are generated for a given location and time interval. Uncertainty bands are then obtained to

describe the uncertainty. The core features of the rainfall uncertainty bands are the spread of the bands

(UD), which illustrates the degree of uncertainty, and the discrepancy between the uncertainty bands

and the references rainfall measurements (UB). These are calculated using (4) and (5).

UD = 1
nt

nt
∑

i=1

[

R95(t)−R5(t)
R50(t)

]

R50(t) > 0 (4)

UB =

∑n
i=1

∣

∣

∣R50(t) −G(t)
∣

∣

∣

∑n
i=1 G(t)

(5)

Here, n is the number of time steps; nt the number of time steps corresponding to R50 that are

larger than zero; and R95 (t), R5 (t), and R50 (t) are the 95th, 5th, and 50th percentiles of the ensemble

members at time t, respectively. G represents the gauge rainfall. The filter condition used to calculate

the UD indicator is essential as in some cases most or all of the ensemble members are equal to zero

when the rainfall is very low or equal to zero. The uncertainty bias is estimated by quantifying the

differences between the 50th percentiles value of the ensemble members and the reference rainfall.

When this is equal to zero the reference rainfall is well encompassed by the ensemble members.

To evaluate the radar rainfall nowcasting performance under different situations, the rainfall

observations from a rain gauge network are used as the reference. A radar pixel and the rain gauge

located inside it are regarded as a pair and their rainfall difference are calculated to evaluate the radar

rainfall quality. It is worth remarking that rain gauge datasets were used to evaluate the radar rainfall

nowcasts. There is a typical scale mismatch between point-based rain gauge data and area-based radar

rainfall nowcasting products. The inconsistent scales between radar and gauge may introduce a new

uncertainty (also known as gauge representative uncertainty). Rain gauge data are generally reported

as point rainfall or on the scale of decimeter, while weather radar is sampled on the scale of kilometers

or hundreds of meters (e.g., 1 km in this study). The possible uncertainty introduced as a result has

been reported [35,36]. In this study, as the radar pixel size is quite small and the evaluation is only

carried out in pixels that contains at least one rain gauge, no special treatment is required during the

evaluation process.
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3. Results

3.1. Radar Rainfall Nowcasts

The STEPS model was used to produce both deterministic and ensemble precipitation forecasts

with spatial and temporal scales of 1 km and 1 h, respectively, and a lead time of three hours. The

nowcast for each time interval was performed based on the data for t−2 h, t−1 h, and t h. The lead

times of 1 h, 2 h, and 3 h were computed using the STEPS model with a 15 min time interval and

1 km spatial resolution. The aforementioned 731 events that occurred between 2007 and 2010 were

set up respectively. Determination nowcasts were obtained for these events and the six indicators

were calculated with the gauge rainfall as a reference. In addition, twenty ensemble members were

produced for each time step and the two indicators (UB and UD) were derived.

The overall bias of the rainfall nowcasts generated by the STEPS model must be removed.

Otherwise, the systematic deviation of the rainfall nowcasts will contaminate the results. The overall

bias OB(Tl) for the lead time l is calculated using (6).

OB(Tl) =

∑tn
t=1

∑pn

p=1
Rt,p(Tl)

∑tn
t=1

∑pn

p=1
Gt,p

(6)

Here, Rt,p and Gt,p represent the radar rainfall forecasts and gauge rainfall for time t and pixel p,

respectively. In addition, tn and pn represent the number of time steps and radar pixels, respectively.

3.2. Spatial and Temporal Rainfall Variability Calculation

Examples of rainfall spatial variability derived using (2) and (4) are shown for four observations

in Figure 2. The four images correspond to a high MI (Figure 2a), a low MI (Figure 2b), a high CV

(Figure 2c), and a low CV (Figure 2d). In Figure 2a, the rainy area is concentrated at the bottom-left

corner and changes gradually across the map. In Figure 2b, the rainfall intensity is more chaotic and

random, which produces a much larger MI than the previous observation. In terms of the CV, the

variation in the rainfall intensity is much larger in Figure 2c than in Figure 2d. In Figure 2c, there are

some areas with no rain in addition to the area with heavy rain (rainfall intensity greater than 6 mm

over 5 min). For clarity, the ranges of the color bars are different for each of the images. Noted that no

negative MI values are observed in the figure. In fact, MI is a weighted correlation coefficient that is

used to determine whether neighboring areas are more similar. The rain is naturally spatial dependent

and has strong spatial correlation. For this reason, almost all MI values are positive.

nowcastȱforȱeachȱtimeȱintervalȱwasȱperformedȱbasedȱonȱtheȱdataȱforȱtƺŘȱhǰȱtƺŗȱhǰȱandȱtȱhǯȱTheȱleadȱ

ሺܤܱ ௟ܶሻ ሺܤܱ ௟ܶሻ ൌ σ σ ܴ௧ǡ௣ሺ ௟ܶሻ௣௡௣ୀଵ௧௡௧ୀଵσ σ ௧ǡ௣௣௡௣ୀଵ௧௡௧ୀଵܩ

   

Figure 2. Cont.
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Figure 2. Radar rainfall (mm/h) images for four events with different spatial rainfall variability.

(a) MI = 0.95, CV = 1.15, (b) MI = 0.12, CV = 1.37, (c) MI = 0.52, CV = 1.96, (d) MI = 0.55, CV = 0.43.

A similar example for the temporal rainfall variability is shown in Figure 3. The details of these

events are listed in Table 1. The rainfall intensity is the area-average for five minutes of radar rainfall.

The MI value for the storm shown in Figure 3a is higher than that in Figure 3b. There is only one

major peak in Figure 3a and the rainy process grows and decays slowly with the time. In contrast,

more than seven obvious peaks can be seen in Figure 3b. The rainfall intensity fluctuates dramatically

between time interval 50 and 150. The CV value for Figure 3c is much larger than that of Figure 3d, as

shown in the figure. The rainfall values in Figure 3c range from 0 to 4, while only range from 0 to 1 in

Figure 3d, which is considered to be the major reason that the CV value of the former is much larger

than the latter.
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Figure 3. Radar rainfall estimates for four events with different temporal rainfall variability. (a) MI = 0.94,

CV = 1.88, (b) MI = 0.47, CV = 1.76, (c) MI = 0.75, CV = 3.70, (d) MI = 0.84, CV = 0.99.

The above four events only used for displaying the examples of MI and CV values. The relationship

between rainfall variability and rainfall nowcasting correlation skill is shown in Figure 4, and the

detailed Pearson correlation coefficients are listed in Table 2. The rainfall variability includes spatial

MI, temporal MI, spatial CV and temporal CV. A general increase trend and decrease trend can be

observed from the figures for MI and CV respectively, indicating the potential connection between

them. It can be observed from Table 2 that MI has a higher correlation coefficient in spatial variability,

while CV is stronger in temporal variability. Although a strict empirical equation connecting the radar

rainfall nowcasting performance and rainfall variability would be more practical and of greater use, it

is hard to achieve this as there are many other factors that affect the rainfall nowcasting performance

except rainfall variability. Besides, without substantial historical observations and simulation records

across various study areas, the equation may be unreliable. There may be great uncertainty associated

with the derived function due to the complex nature of the problem. For this reason, a division of MI

and CV values is adopted to investigate the general relationship.
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Figure 4. Relationship between rainfall variability and rainfall nowcasting correlation skill.

Table 2. Correlation coefficients between rainfall variability and rainfall nowcasting correlation skill.

Variability Indicator Spatial Temporal

MI 0.38 0.21
CV −0.12 −0.25

To investigate the relationship between rainfall variability and predictability, all of the events

were divided into three groups based on their MI and CV values. The division values for the spatial

and temporal variability are listed in Table 3. The divisions were chosen to make sure the number of

events in each domain was approximately equal. As we did not plan to explore the strict quantified

relationship between rainfall variability and predictability, and since the number of events is limited, it

was not necessary to classify the events further.

Table 3. Classification of spatial and temporal variability.

Variability Type
Spatial Temporal

MI CV MI CV

L 0.0–0.5 0.0–1.7 0.0–0.7 0.0–1.5
M 0.5–0.7 1.7–2.5 0.7–0.8 1.5–2.1
H 0.7–1.0 2.5–5.0 0.8–1.0 2.1–5.0

3.3. Relationship between Storm Variability and Rainfall Nowcasting Skill

The relationship between the rainfall spatial MI and the rainfall nowcasting skill for lead times

of 1 h, 2 h, and 3 h is shown in Figure 5. The letters L, M, and H correspond to the subset of events

with low, medium, and high MI values. The largest, average, and lowest values in each subset
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events are drawn. The figure shows that the MAE and bias of the rainfall nowcasts decrease as the

rainfall MI increases, while the remaining indicators show a positive relationship. As MI reflects

the autocorrelation of rainfall, we conclude that the skill of the radar nowcasting model increases as

the rainfall autocorrelation increases. This is especially significant for lead times of 1 and 2 h. The

opposite trend was observed for the FAR indicator. Due to the representative effect, weather radar is

more likely to report rain while the rain gauge catches no rain. For this reason, the nowcasting model

may perform well, even if the FAR indicator is high. The relationships between the CV and the six

indicators are shown in Figure 6. In contrast to the MI-skills relationship, the MAE and bias show a

positive connection to the rainfall CV and the remaining performance indicators show negative effects.

In other words, the rainfall nowcasting skill decreases as the rainfall CV values increase.

Relationshipȱbetweenȱrainfallȱnowcastingȱskillȱandȱrainfallȱ spatialȱMoranȂsȱ IȱvaluesǯȱTheȱ
Figure 5. Relationship between rainfall nowcasting skill and rainfall spatial Moran’s I values. The

error bars show the largest and lowest values in each subset events, while the markers represent the

corresponding averaged values.
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Figure 6. Relationship between the rainfall nowcasting skill and rainfall spatial coefficients of

variability (CVs).

In terms of the temporal rainfall variability, the connections between the rainfall MI and the

rainfall CV are displayed in Figures 7 and 8, respectively. In general, the figures prove that the radar

nowcasting model performs better when the rainfall MI is high and the rainfall CV is low. However,

this relationship is relatively weak compared to the spatial rainfall variability, particularly for a lead

time of three hours.
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RelationshipȱbetweenȱrainfallȱnowcastingȱskillȱandȱrainfallȱtemporalȱMoranȂsȱIȱvaluesǯ
Figure 7. Relationship between rainfall nowcasting skill and rainfall temporal Moran’s I values.
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Ȯ
Ȯ

Figure 8. Relationship between rainfall nowcasting skill and rainfall temporal CVs.

As described, the skill of the nowcasting model changes predictably based on the storm

characteristics. Comparisons of the prediction behavior under different rainfall variabilities are

shown in Figures 9–12. The average skill for each group is shown. Although the figures only show the

averaged values of rainfall nowcasting performances that are from Figures 5–8, some new conclusions

can be better derived from them. It is not surprising that the nowcasting performance decreases as

the lead time increases. The differences in the skill for different rainfall variability scenarios are quite

constant for MAE and BIAS (see Figure 9). For COR and R2 indicators, the skills are relatively close for

leads time of two and three hours. If a basic requirement is set for a decision making (for example, that

MAE should be less than 4), then the maximum predicted time varies with the spatial and temporal

rainfall complexities.
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rainfallȱspatialȱMoranȂsȱIȱvaluesǯ

Figure 9. Comparison of rainfall nowcasting skills shown in Figure 5 under different lead times and

rainfall spatial Moran’s I values.

rainfallȱspatialȱMoranȂsȱIȱvaluesǯ

Figure 10. Comparison of rainfall nowcasting skills shown in Figure 6 under different lead times and

rainfall spatial CVs.
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rainfallȱtemporalȱMoranȂsȱIȱvaluesǯ

Figure 11. Comparison of rainfall nowcasting skills shown in Figure 7 under different lead times and

rainfall temporal Moran’s I values.

Figure 12. Comparison of rainfall nowcasting skills shown in Figure 8 under different lead times and

rainfall temporal CVs.
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3.4. Relationship between Storm Variability and Rainfall Uncertainty Band

Considering the uncertainty associated with the rainfall nowcasting process, an ensemble of

rainfall nowcasts was generated to represent the future rainfall intensity. The relationship between the

uncertainty band and the storm variability could help to improve our understanding of the quality of

radar rainfall nowcasting under different situations.

The ensemble dispersion and ensemble bias of the uncertainty bands under different rainfall

variability scenarios are shown in Figures 13 and 14. The mean statistics were calculated for each

scenario. It is clear that the ensemble dispersion statistics decrease dramatically as the rainfall MI

indicator increases and the CV decreases. In other words, the uncertainty of the radar rainfall nowcasts

has a positive relationship with storm variability. The same trend was observed for both spatial and

temporal variability. In addition, the ensemble bias remained approximately the same under different

storm variability conditions. In other words, storm variability will affect the uncertainty of radar

rainfall nowcasts, but it has a limited effect on the bias of the uncertainty bands.

Figure 13. Relationship between radar rainfall uncertainty bands and rainfall spatial variability.
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Figure 14. Relationship between radar rainfall uncertainty bands and rainfall temporal variability.

3.5. Rainfall Predictability under Different Storm Variability Scenarios

As described in Section 3.2, spatial and temporal rainfall variabilities can be combined into nine

categories: LL (low MI and low CV), LM (low MI and medium CV), LH (low MI and high CV), ML

(medium MI and low CV), MM (medium MI and medium CV), MH (medium MI and high CV), HL

(high MI and low CV), HM (high MI and medium CV), and HH (high MI and high CV). Thus, all of the

events were divided into nine categories in order to simultaneously consider the effects of the rainfall

MI and CV indicators on the radar rainfall nowcasting skill. The rainfall nowcasting skill statistics

were calculated for different spatial and temporal variability scenarios and they are given in Tables 3

and 4, respectively. Table 4 shows that the minimum value of MAE occurred under scenario HL (high

MI and low CV), followed by scenario ML. The highest values of MAE occurred under scenario LH.

For the correlation indicators (COR and R2), the scenarios with high rainfall MI (HL, HM, and HH)

had the best performance, while the low rainfall variability scenarios (LL, ML, and HL) had larger

POD values. In summary, the best performance was observed in the HL scenario under spatial rainfall

variability. Moreover, HL scenario can also be regarded as a preferred one among temporal rainfall

variability scenarios (see Table 5).
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Table 4. Nowcasting skill for different spatial variability scenarios with a lead time of 1 h.

Scenario MAE COR BIAS R2 POD FAR

LL 1.96 0.22 2.38 0.08 0.90 0.52
LM 1.66 0.39 1.74 0.19 0.82 0.46
LH 2.62 0.40 2.58 0.19 0.69 0.30
ML 1.42 0.42 1.69 0.21 0.89 0.62
MM 2.13 0.46 2.27 0.25 0.83 0.49
MH 2.00 0.49 2.12 0.28 0.77 0.43
HL 1.38 0.50 1.77 0.30 0.89 0.64
HM 2.02 0.53 2.32 0.31 0.85 0.51
HH 1.99 0.58 2.27 0.31 0.82 0.56

Table 5. Nowcasting skill for different temporal variability scenarios with a lead time of 1 h.

Lead MAE COR BIAS R2 POD FAR

LL 1.76 0.49 1.91 0.30 0.77 0.43
LM 1.99 0.45 2.23 0.22 0.82 0.47
LH 2.38 0.39 2.30 0.17 0.75 0.36
ML 1.56 0.49 1.88 0.28 0.87 0.56
MM 2.27 0.46 2.48 0.25 0.82 0.50
MH 2.12 0.43 2.12 0.22 0.79 0.42
HL 1.37 0.48 1.78 0.28 0.85 0.66
HM 1.86 0.50 2.11 0.29 0.83 0.55
HH 2.22 0.49 2.30 0.27 0.78 0.41

In terms of the ensemble rainfall nowcasts, the LH and MH scenarios had relatively high

nowcasting uncertainty, while there was no significant difference in ensemble bias between the different

scenarios. Hence the width of the rainfall uncertainty bands is closely related to storm variability.

4. Discussion and Conclusions

A clear understanding of the performance of the radar rainfall nowcasting model can enable

stakeholders to be more confident in their decision making. It is important to determine the features

of storms that affect the skill of radar rainfall nowcasting models. In this study, we defined radar

spatial and temporal rainfall variability, which included the rainfall autocorrelation and rainfall

variability coefficient of storms, and related them to the nowcasting skill. The STEPS model was

configured to predict 731 events with lead times of one, two, and three hours. The nowcasting skill was

comprehensively expressed using six well-known indicators. We found that the quality of radar rainfall

nowcasts increases as the rainfall autocorrelation increases and decreases as the rainfall variability

coefficient increases. The best performance was observed in the HL scenario (high autocorrelation and

low variability) among all scenarios. The uncertainty in radar rainfall nowcasts also showed a positive

relationship with rainfall variability. It is not surprising that the nowcasting performance decreases

as the lead time increases. If a basic requirement is set for decision making (for example, the mean

absolute error should be less than four), then the maximum predicted time varies with the spatial and

temporal rainfall variabilities. We recommend that the lead time for radar rainfall nowcasting models

should be fixed according to the rainfall variability.

Due to the complexity of this topic, there are still some issues that remain unresolved. In particular,

this study only explored the general relationship between rainfall variability and rainfall predictability.

Obviously, a qualified relationship connecting the two would be more practical and of greater use. It

is not difficult to fit and establish a function that can be used to derive the radar rainfall nowcasting

skill once given the rainfall variability of a storm based on available data sets. However, without

substantial historical observations and simulation records across various study areas, the function

may be unreliable. There is great uncertainty associated with this function due to the complex nature
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of the problem. This study reveals some possible trends and a common qualified function could be

established following a wealth of research by the community across many regions.

In addition, in this study the rainfall variability was only described in terms of rainfall

autocorrelation and rainfall variability, and each of these factors were represented by one indicator.

However, there are far more indicators that can be used to describe these characteristics and other

aspects of rainfall variability could be explored. Meanwhile, we used the most popular indicators to

represent the radar rainfall nowcasting skill, but there may be more indicators that are also worthy

of consideration. We hope that an indicator system may be established to fully represent rainfall

complexity and predictability.

Finally, only one nowcasting model (STEPS) was used in this study. Although this model has been

used worldwide and it has been shown to be cogent and reasonable by many researchers, it cannot

represent all model structures and current nowcasting schemes. In future works we will investigate

other models in order to provide further guidance to stakeholders so that they can have a greater

understanding of the available radar rainfall nowcast products.
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