Estimation of radar rainfall uncertainty based upon
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1. Background

A simple approach for improving radar rainfall (RD) estimates and for re-
ducing the uncertainty associated to them is proposed in this work. This
approach 1s developed based upon the “intrinsic” features of radar rainfall
estimates; 1n other words, the approach assumes that the spatial associa-
tion between estimates 1s more reliable than the estimates themselves. The
Kriging technique is employed to characterise the spatial association of
radar estimates and based on 1t the estimates are subsequently improved.

3. Methodology & Structure Analysis

In the proposed methodology, at each time step, the value of a specific
RD grid square 1s re-estimated by its surrounding grids (Fig 1(a)). This
can be achieved by estimating an experimental variogram from a given
sized RD field, centred by the target grid. Then, this experimental vario-
gram can be fitted to a (theoretical) variogram model and further used by
Kriging interpolation to estimate the target RD value and its estimation
error variance. Therefore, the size of surrounding areas and the selection
of variogram models are critical and need to be 1dentified using structure
analysis. The analysis result (see Fig 1 (b) and Table 1) suggests that, as
compared to the coincidental RG measurements, the RD values estimated
from a smaller neighbourhood (1.e. RD values in the surrounding 3 X 3
grid squares) 1in general have higher N-S coefficient, while the ones esti-
mated from a larger neighbourhood (1.e. 9 X 9 grid squares) have lower
cumulative bias. In addition, the type of variogram models used has no di-
rect link to the performance in N-S coefficients, but it effectively reduces
the Kriging error variance.
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Fig 1. (a) Schematic of the proposed methodology, where the value at the shadowed
square (Xj) 1s estimated by the surrounding values (X;) (b) variation of spatial struc-
tures of RD images at different time steps (the 21 Jun 2012 event in Bradford).

Table 1. Summary of spatial structure analysis, where the estimation performance (in
terms of N-S coefficient and offset, or cumulative bias) by using different variogram
models and different sizes of neighbourhood was compared.

Variogram model | Resolution/Area N-S coefficient Y (Var) Offset (o)
Bounded linear Smin 3x3 0.7300 0.7039 0.1371 1.23
Gaussian Smin 3x3 0.7223 0.7125 0.0511 2.21
Circular Smin 3x3 0.7281 0.6986 0.1550 1.15
-Optimal- Smin 3x3 0.7241 0.7026 0.1136 1.54

Bounded linear Smin 9x9 - - - -

Circular Smin 9x9 0.7283 0.6856 0.2244 0.89
B-linear-Circular | 5min 9x9 0.4829 0.4327 0.2639 0.34
-Optimal- Smin 9x9 0.5244 0.4855 0.2050 0.58

( a) Kriging results with an optimal variogram model chosen for each timestep
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(b) Cumulative Kriging esults with an optimal variogram model chosen for each timestep (9x9)
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(c) Kriging results with an optimal variogram model selected at each timesiep (d)
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2. Experimental Sites

- Bradford University Campus case constitutes an “unrealistically”

dense network of 8 pairs of rain gauges distributed within a 1 km”’ ra-
dar grid square and regularly maintained and quality controlled by the co
-authors of this paper. The spatial averages of these raingauge (RG) meas-
urements are assumed to represent the “true” rainfall volume within this 1
km?2 area. This dataset was used to verify the proposed methodology.

- London Borough of Croydon site is a relatively realistic case, where 3

storm events were recorded 1n 2011 by a network of 18 rain gauges over
an area of 256 km”. This case study was used to assess the performance
of the proposed methodology 1n real applications.
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Fig 2. Two selected experimental sites in the
UK (a) Bradford campus, and (b) London Bor-
ough of Croydon.
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4. Results and Conclusions

In most stratiform events, the proposed methodology can improve RD es-
timates and satisfactorily estimate their uncertainty, in terms of the N-S
coefficient and instantaneous/accumulation comparisons with RG meas-
urements. This can be seen from the results, respectively for the Bradford
case on 22 Jun 2012 (Fig 3(a)) and for the Croydon case on 05 Jun 2011
(Fig 3(b)). As can be seen, the Kriged RD estimates are closer to the RG
ones and the uncertainty boundaries fully comprise the RG records.
However, a poor performance may be found in capturing the peak of a
convective-like storm (e.g. the 21 Jun 2012 event in Bradford; see Figure
3(c)). This could be because, in a convective system, the spatial variability
of rainfall 1s high and therefore the RG measurements here can no longer
represent the rainfall volume of a 1 km? area (since the true coverage of
the RG network is around 450 X 250 m?®). The strong spatial variability of
the 21 Jun 2012 event can be confirmed by applying singularity analysis
to the RD data. In Fig 3(d), singularity (the dashed line, where alpha <
2.0) can be observed, e.g., at time step 18.10. This information can be fur-
ther integrated with the 1-km RD estimate to generate downscaled RD es-
timates 1n 500- or 250-m resolutions, where the latter shows better agree-
ment with RG measurements. This suggests that the information extracted
from singularity analysis has the potential to improve the applicability of
the proposed methodology to convective weather systems.
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Fig 3. RG and the estimated RD rainfall accumulations (a) on 22 Jun 2012 in Bradford U. Campus, (b) on 05 Jun 2011 1in Croydon (London) and (¢) on 21 Jun 2012 1n Brad-
ford U. Campus. (d) The singularity analysis of the 21 Jun 2012 event, where singularity (1.e. alpha < 2.0) can be observed at time steps 18.10 and 18.15.



