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Spatial downscaling of radar-derived rainfall field

by two-dimensional wavelet transform

Vahid Nourani, Armin Farshbaf and S. Adarsh
ABSTRACT
Downscaling of rainfall fields, either as images or products of global circulation models, have been

the motive of many hydrologists and hydro-meteorologists. The main concern in downscaling is to

transform high-resolution properties of the rainfall field to lower resolution without introducing

erroneous information. In this paper, rainfall fields obtained from Next Generation Weather

Surveillance Radar (NEXRAD) Level III were examined in the wavelet domain which revealed sparsity

for wavelet coefficients. The proposed methodology in this work employs a concept named

Standardized Rainfall Fluctuation (SRF) to overcome the sparsity of rainfall fields in wavelet domain

which also exhibited scaling behaviors in a range of scales. SRFs utilizes such scaling behaviors

where upscaled versions of the rainfall fields are downscaled to their actual size, using a two-

dimensional discrete wavelet transform, to examine the reproduction of the rainfall fields.

Furthermore, model modifications were employed to enhance the accuracy. These modifications

include removing the negative values while conserving the mean and applying a non-overlapping

kernel to restore high-gradient clusters of rainfall fields. The calculated correlation coefficient,

statistical moments, determination coefficient and spatial pattern display a good agreement

between the outputs of the downscaling method and the observed rainfall fields.
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INTRODUCTION
Precipitation is a key component of the water cycle as a

very important research topic in the atmospheric and

hydrologic sciences. Precipitation is also one of the

most difficult variables to estimate accurately in hydrolo-

gical, hydro-meteorological and climatological models

due to its complex and stochastic nature. Nowadays,

researchers try to reduce the extent of uncertainty in

their works using high-resolution rainfall data. High-resol-

ution rainfall fields are also essential for understanding
the response of small watersheds, especially hydrologic

extremes, since these types of watersheds are sensitive

to small variations of rainfall (e.g. Rebora et al. ).

Unfortunately, these types of data are limited to specific

locations and for a small period which implies that an

alternative way to obtain the necessary high-resolution

rainfall data is needed. The main approach for acquiring

the necessary rainfall data is transforming the available

rainfall data into the required resolution. In other

words, there is a dire need for downscaling methods.

One of the major challenges in rainfall downscaling is

accounting for the average amount of rainfall while pre-

serving extreme values of rainfall (Koutsoyiannis &

Onof ).
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Rainfall downscaling is applicable at both temporal and

spatial scales. Temporal rainfall downscaling methods aim

at increasing the overall count of pulses of rainfall or, in

other terms, reducing the duration of each pulse of rainfall

(Ormsbee ; Farboudfam & Nourani ; Nourani &

Farboudfam ). Unlike temporal rainfall downscaling,

methods for spatial rainfall downscaling are slim and are

mostly focused on using interpolations techniques (Kang

& Ramrez ).

Rain measurement devices such as rain gauges and

radars have various problems regarding available data.

Rain gauges usually store data at a daily resolution which

lacks the sufficient resolution for various hydrological appli-

cations (Singh ). Also, they are extremely sensitive to

wind velocity above the gauge, water splashing out of the

gauge, evaporation and, most importantly, their inability to

represent spatial precipitation (WMO ). To date, differ-

ent methods using networks of rain gauges have been

developed to represent spatial variation of rainfall such as

Thiessen polygon, arithmetic mean, Isohyetal, Spline and

Kriging (Chow et al. ; AghaKouchak et al. ), but

such methods tend to underestimate high-resolution varia-

bility (Singh & Chowdhury ). Moreover, one of the

fields that require downscaling methods to address the

problem of resolution discrepancy acquired by various

precipitation measurement instruments (e.g. rain gauge, sat-

ellites, weather surveillance radars) is data-fusion (Ebtehaj

& Foufoula-Georgiou a, b; Cammalleri et al. ).

The structure of precipitation both in time and space at

different resolutions has undergone various investigations

via different methods (e.g. López López ; Baghanam

et al. ). One of these methods is based on point process

techniques which resulted in rectangular pulse models

of Neyman-Scott and Bartlett-Lewis developed by

Rodriguez-Iturbe et al. (, ) and later improved by

other researchers (Cowpertwait et al. ; Koutsoyiannis

& Onof ). Another method called the random cascade

process was widely used which repeatedly divides each

point of rainfall field to smaller fields, whether in space

or time domain. This method is based on scale-invariant be-

havior of rainfall in a wide range of scales which suggests

that rainfall fields at various scales are related through a

power law also known as scaling (Olsson ). This pro-

cess can only be applied to some specific scales of the
://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
rainfall field. In general, scaling in rainfall can be identified

as having a log-log linear relationship between statistical

moments in various spectrums (Lovejoy & Schertzer ;

Kumar & Foufoula-Georgiou a, b; Venugopal

et al. ). This study aims at overcoming the limitations

of existing methods by proposing an approach based on

wavelet transform to examine the rainfall fields at various

resolutions.

A detailed literature review demonstrated that although

some works have been carried out to predict the variability

of spatial rainfall, there are many uncertainties regarding

high-resolution rainfall data. Hence, the main purpose of

this paper is to demonstrate: (1) the scaling behavior of a

wide range of rainfall events with different shapes and

spatial patterns; and (2) introduce a downscaling framework

using the wavelet transform. Evaluation of the proposed

model is performed using various statistical criteria.
MATERIALS AND METHODS

In this section, a brief explanation of weather surveillance

radars, obtained data-set, properties of wavelet transform,

scaling behavior of rainfall fields in the wavelet domain, as

well as the process of downscaling and its implementation,

is presented.

In recent decades, weather surveillance radars such as

Next Generation Radars (NEXRAD) have been used to

measure precipitation (Berne & Krajewski ). The pri-

mary reason for choosing NEXRAD outputs instead of

other forms of rainfall retrieval mediums is its high resol-

ution which is a necessary aspect to understanding rainfall

properties. These radars emit pulses of microwave energy

into the atmosphere where these beams collide with objects

such as raindrops, hail, and snowflakes. Afterward, some of

the energy bounces back towards the radar to be collected.

Base reflectivity is the main product of Doppler weather

radars which displays the amount of power returned to the

radar after being reflected from the atmosphere. Base reflec-

tivity is measured in decibels (dBZ). In order to convert

radar reflectivity into rainfall intensities, the experimental

Z-R relations that are in the form of Z¼ aRb are used in

which Z is the reflectivity factor expressed in mm6 m�3

(1 dBZ¼ 10 log-Z), R is the rainfall intensity in units of



Table 1 | Description of study rainfall events

Event Description
Time of
occurrence

1) Hurricane
Matthew (HM)

A category 4 tropical
cyclone that impacted
Haiti, Cuba and the
states of Georgia,
Florida and South
Carolina from the US
which caused more than
15 billion dollars of
damage and 600 deaths

2016/10/07

2) Illinois flooding
and severe
weather (IF)

A slow-moving storm
system that created
rainfall totals of
12–24 cm across
northern and central
Illinois. It resulted in
approximately 1 billion
dollars of damage and
four deaths

2013/04/18

3) Squall line (SL) Over 1,600 km long
across the Gulf of

2013/01/30
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mm hr�1 and the parameters (a, b) are related to drop size

distribution. A list of Z-R equations has been recommended

by the Radar Operations Center for different forms of pre-

cipitation (Joss & Waldvogel ). It is worth noting that

based on previous studies various Z-R equations had insig-

nificant impacts on the final results of the downscaling

process (Perica & Foufoula-Georgiou a). Therefore,

the most known Z-R equation, also known as the

Marshal–Palmer equation, with (a, b)¼ (200, 1.6) is used.

Although weather surveillance radars can provide an accu-

rate estimation of precipitation at fine spatial resolutions

(1 × 1 km2) and temporal resolutions (10 minutes for clear-

air mode, 6 minutes for precipitation mode), they are

prone to several problems such as beam blockage at moun-

tainous areas, three-body scatter spike and bright banding.

Hence, downscaling methods are needed to enhance the res-

olution of outputs that are provided from satellites and

numerical models when there is a shortage of acceptable

images.

Mexico and Eastern US

4) Scattered rainfall
field (SF)

Some random
precipitating clouds
over Alabama state

2013/02/17
Data

The data-set (NEXRAD level III) used in this study was

selected from 18,000 images provided by the National

Climatic Data Center (NCDC) at www.ncdc.noaa.gov/

cdo-web. The four events analyzed here were selected

based on radar coverage and spatial structure of rainfall.

The motivation behind the selected events was to examine

the scaling behavior of rainfall fields in diverse forms of pre-

cipitating clouds. A brief explanation of these events and

their reflectivity fields are given in Table 1 and Figure 1.
Figure 1 | Reflectivity field of (a) Hurricane Matthew (HM), (b) Illinois floods and severe weath

om http://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
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Wavelet decomposition

Wavelet transform is a mathematical tool that can be used

for better understanding of scaling behaviors in stochastic

processes. One dimensional discrete wavelet transform can

decompose each signal into two components of scaling

and wavelet coefficients while a two-dimensional discrete

wavelet transform creates three wavelet coefficients in
er (IF), (c) squall line (SL), (d) scattered rainfall field (SF).

http://www.ncdc.noaa.gov/cdo-web
http://www.ncdc.noaa.gov/cdo-web
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each direction, i.e. horizontal, vertical and diagonal. In

wavelet transform, various kernels can be used, but in this

paper only the Haar kernel which serves as first-order differ-

ence discrete approximation was used due to its simple

implementation, and the insensitivity of end results in the

selected kernel (Perica & Foufoula-Georgiou a).

Wavelet transform has another important property

called dyadic sampling, meaning it reduces the resolution

of a signal by two samples while doing the same for an

image by 2 × 2 samples per each iteration. Because of this

property, odd-sized images encounter size deformity in the

process of upscaling and downscaling, so it is recommended

to zero-pad the image until it can be dividable by 2n, where n

is defined as number of iterations to reach the required

image resolution.

In this study, a two-dimensional wavelet transform was

used to compute the scaling and wavelet coefficients of

high-to-low resolution of the rainfall image which can be

regarded as upscaling. By applying the high and low band-

pass filters simultaneously to an image of size 2 jþ1 × 2 jþ1

the directional wavelet coefficients and scaling coefficients

are obtained as images in size of 2j × 2j. This process can

be applied repeatedly in jþ 1 levels which finally results in

an image of size 1 × 1.
Figure 2 | Probability distribution of horizontal wavelet coefficient (Th) of SL event for 2 km2 r

://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
Hence, by possessing all of the wavelet coefficients in all

scales and scaling coefficients at the lowest resolution (high-

est scale), reconstruction of the image is achievable as

(Ebtehaj & Foufoula-Georgiou ; Addison ):

S( jþ1)[2k, 2l] ¼
Sj[k, l]

2
þ (Tj,h[k, l]þ Tj,v[k, l]þ Tj,d[k, l])

2
(1)

where S and T are approximation and wavelet coefficients,

m is the resolution of the image, k and l stand for the

pixel positions, h, v and, d, indicate the horizontal, vertical

and diagonal wavelet coefficients, respectively. Here,

S( jþ1)[2k, 2l] implies that the size of higher resolution

image is multiplied by a factor of two in each reconstruction

step.
Standardized rainfall fluctuation

Investigations of directional wavelet coefficients of precipi-

tation images revealed that a significant amount of them

are very close to zero in the probability domain while

having a thick tail probability distribution (Figure 2). Mean-

ing, the probability distribution function is cusp shaped (see

also, Ebtehaj & Foufoula-Georgiou a, b).
esolution.
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This specific behavior of rainfall in wavelet domain

proves to be a troublesome problem. In order to overcome

this issue, Perica & Foufoula-Georgiou (b) proposed a

standardized rainfall fluctuation (SRF) concept meaning

that wavelet coefficients are divided by their corresponding

scaling coefficient which reduces the sparsity of wavelet

coefficients, as:

ξmþ1(h,v,d) ¼
Tmþ1(h,v,d)

Smþ1
(2)

where ξ is SRF, T and S are wavelet and approximation coef-

ficients, m denotes the resolution and h, v, d are directions

of wavelet coefficients. SRFs manifest themselves as a

Gaussian distribution with zero mean. In other words, the

standard deviations of these distributions are the only par-

ameters worth exploring. Having only one parameter

make SRFs a versatile tool that is simple to implement

while providing attention to every aspect of the wavelet coef-

ficients. Small values of standard deviation show that the

field is not dispersed and the probability of higher intensity

rainfall fields is lower, while larger values demonstrate the

opposite concept.

Standard deviations of SRFs at various scales exhibit

scaling behavior which can be expressed as:

σξL1

σξL2

¼ L1

L2

� �H

(3)

where σ is standard deviation, H is the scale-independent

variable, L1 is the length (also width) of the pixel at lower

resolution and L2, is the length of the pixel at higher resol-

ution. In this study, the length of each pixel is reduced by

a factor of 2. Hence, Equation (3) can be written in the
Figure 3 | Schematic implementation of downscaling process.

om http://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
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dyadic (base 2) form of:

σξmþ1,(h,v,d) ¼ σξm1,(h,v,d) 2
mH(h,v,d) (4)

It should be noted that higher values of H indicate a

more significant degree of variability of the corresponding

wavelet coefficient. Thus, they are more influential on

extreme values of rainfall than others.

It is apparent that in radar imageries, a huge amount of

non-rainfall values are background zeros that should be

trimmed from the rest of the event for gaining a better com-

prehension. In the wavelet domain, background zeros in all

wavelet and scaling coefficients remain zero whereas event-

related zeros will turn into non-zero values in the upscaling

procedure. In light of the above statement, the background

zeros should be trimmed while trying to keep the event-

related zeros.
Downscaling process

By acquiring the scale-independent parameter (H ) and stan-

dard deviation of SRF (σξ,(h,v,d)) at the lowest resolution, the

downscaling process from low-resolution to high-resolution

fields can be implemented.

The schematic process of the downscaling process is

illustrated in Figure 3.

Downscaling process can be summarized in four steps

as:

• For the image at lowest resolution, three Gaussian

derived fields with the corresponding size to the lowest

resolution image with zero mean and standard deviation

of (σξm ,(h,v,d)) are generated. These fields are called gener-

ated SRFs.
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• By multiplying the three generated SRFs with the corre-

sponding low-resolution image, three directional

wavelet coefficients (Tm,(h,v,d)) are obtained (Equation

(2)).

• Three directional wavelet coefficients and the low-resol-

ution image are transformed into a higher resolution

image via a two-dimensional inverse wavelet transform.

In other words, for each pixel at a lower resolution,

four other pixels are generated which increases the

image size by a factor of 2 × 2 and enhances its resolution.

• The same procedure is repeated for the higher resolution

image via σξm�1,(h,v,d) ¼ σξm,(h,v,d)2�H(h,v,d). So, in each rep-

etition, the power of two will increase by the amount of

one.

RESULTS AND DISCUSSION

The proposed downscaling method was applied to the men-

tioned rainfall events (Table 1) to analyze the discrepancies

between model output and observed rainfall data. As men-

tioned before, the downscaling process is not applicable

unless the SRFs, which result from dividing a directional
Figure 4 | Probability distribution of SRF of SL event for 2 km2 resolution for each direction: (a

://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
wavelet coefficient to its corresponding scaling coefficients,

have Gaussian distribution with zero mean where their stan-

dard deviations show scaling behavior. As illustrated in

Figure 4, there are some variations between Gaussian and

SRFs distributions for an SL event, which are mostly

placed adjacent to the center of the probability distribution

function. These variations may cause inconsistency in mod-

eling since they are close to zero which fails to have a

significant impact on the downscaled rainfall field. In view

of the above statement and the fact that tails of distribution

which correspond to extreme values of rainfall is recognized

in SRFs, it is obvious that Gaussian distribution is an appro-

priate fit for SRFs.

In order to examine the scaling behavior of SRFs, their

standard deviations are plotted over a wide range of

scales. It must be emphasized that scaling characteristics

of SRFs exhibit a linear relationship between a scale-inde-

pendent variable versus scale in a semi-log plot which is

illustrated for an SL event (as an example) in Figure 5.

It must be noted that the scaling behavior of SRFs in

some of the events, specifically the SF event, at scales

larger than 16 × 16 km2 (m¼ 4) started to show deviations

from linearity which in order to have a uniform set of
) diagonal, (b) vertical, (c) horizontal.



Figure 5 | Semi-log plot of standard deviation of SRF for SL event.
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resolutions for all events, the aggregation procedure should

be finished at this resolution. The reason for deviation of the

SF event sooner than other events originates from its core

properties, which only have a few maximum values.

After acquiring the scale-independent parameter (H )

and standard deviation of SRF (σξ) at the lowest resolution,

the downscaling scheme from low-resolution to high-resol-

ution field could be implemented (Table 2).

After careful consideration it was seen that generated

rainfall fields have the potential to improve which is

addressed in succeeding paragraphs. In the downscaling pro-

cedure there is a considerable chance of generating negative

rainfall fields. After careful observation of negative values, it

was seen that negative fields with a higher gradient tend to be

adjacent to high gradient positive fields which caused con-

siderable noise in the downscaled rainfall field. In order to
Table 2 | Estimated parameters in the downscaling process for the events

Rainfall
event HDiagonal HVertical HHorizontal

σ4,

Diagonal

σ4,

Vertical

σ4,

Horizontal

HM 0.19 0.28 0.21 0.19 0.29 0.26

IF 0.24 0.27 0.26 0.21 0.28 0.32

SF 0.31 0.3 0.29 0.49 0.62 0.57

SL 0.29 0.31 0.27 0.33 0.42 0.40

om http://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
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overcome this problem, negative values were given a

random value between zero and the lowest value of four gen-

erated pixels (lowest values were chosen to ensure rainfall

extremes stay intact). Afterward, the three adjacent pixels

that were generated in the downscaling process were evenly

reduced in a manner to conserve the mean (after subtracting

this value from adjacent pixels there is still a slight chance of

creating negative values which was solved by reducing the

random value by the amount of a unit). This procedure was

carried out in parallel with the work of Harris & Foufoula-

Georgiou (), with one exception that they changed the

negative values to zero instead of substituting them with a

positive value where this modification could lead to gaps in

the rainfall field in which these gapsmay be enlarged through

the following computation iterations and introduce voids

in the spatial structure of the rainfall field. Applying this

specific modification managed to increase the visual resem-

blance of observed rainfall to generated rainfall fields while

maintaining statistical coefficient values.

Spatial rainfall observations show that rainfall exhibits

cluster-like behavior (e.g. LeCam ; Gupta & Waymire

). In other words, high-intensity rainfall fields (high gra-

dient cells) are within other regions of low-intensity rainfall

fields (low gradient cells). Furthermore, the downscaling

process is unable to save pixel location which results in



Table 3 | Drop-off rates of power spectrums for highest resolution

Event O S1 S10

HM 2.43 1.99 3.13

IF 2.55 2.05 2.85

SL 2.11 2.03 3.07

SF 1.01 1.25 1.38

O, Observed; S1, One simulation; S10, Average of ten simulations.
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the relocation of rainfall pixels to adjacent cells. These facts

motivated us to create a kernel that finds and sorts the maxi-

mum values of non-overlapped 5 × 5 samples and randomly

places the second-highest value next to the maximum value,

and so on. The reason for not choosing an overlapping

kernel is directly caused by continuous displacement of

rainfall maxima which altered the generated rainfall fields

inconsistent with observed rainfall fields.

By applying this non-overlapping kernel, high-gradient

pixels were placed next to each other to create rainfall clus-

ters. Moreover, this kernel managed to reduce the

blockiness of the image to some extent, particularly at rain-

fall field boundaries which have lower variability compared

to the other zones of the rainfall field. Employing this modi-

fication produced clusters of rainfall which is one of the

most important features of high-resolution rainfall fields.

The downscaling process was applied to four upscaled

events at 16 × 16 km2 until reaching the original resolution

of 1 × 1 km2. The model output (simulated) has some vari-

ations in each run of the downscaling process whereby in

order to minimize such variations, the average of ten inde-

pendent simulations (S10) was taken into consideration for

computing the performance criteria.

One of the main tools for examining the scaling behav-

ior of rainfall fields in a wide range of scales is Power

Spectrum. Two-dimensional power spectrum employs

Fourier transform which grants it the ability to examine

the rainfall field in the frequency domain. In order to

obtain a better understanding of the rainfall field in the

Fourier domain, the field was logarithmically transformed.

Afterward, the power spectra of these log-transformed rain-

fall fields were computed which exhibit the energy division

between low and high-frequency intensities.

The two-dimensional power spectrum can be reduced

into a one-dimensional spectrum by performing a rotational

average within the two-dimensional domain which presents

itself as linearity in log-log scales. Empirically, some

researchers confirmed that the spectral power of rainfall

fields falls with the frequency which abides the power-law

scaling relationship in the form of (Tolhurst et al. ):

P( fr)∝
1

fβr
(5)
://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
where fr and β are radial frequency and drop-off rate,

respectively.

The logic behind this behavior has been the subject of

few debates. Some of the works carried out in this area con-

nected this behavior to the turbulence properties of the

rainfall (Schertzer & Lovejoy ).

The variability of a rainfall field is linked to the drop-off

rate of its power spectrum in which the smoother field

demonstrates larger values of drop-off rate and vice versa.

The importance of this property is emphasized in the down-

scaling process which is usually varied with the resolution

enhancement.

The drop-off rate of the events for one simulation (S1)

and the average of ten simulations (S10) for 1 × 1 km2 are

reported in Table 3 for all events.

According to Table 3, the drop-off rate of one simulation

for all events, with the exception of the SF event, is smaller

than the observed field which implies that the observed field

is smoother than the simulated field. Moreover, the drop-off

rate of S10 is much larger than the corresponding values

which is caused by averaging ten different simulations.

Figure 6 illustrates a one-dimensional power spectrum for

the SL event for the log-transformed average of S10, S1

and observed fields at 1 km2 resolution.

Further evaluation of the downscaling process was

carried out using correlation coefficient (CC) between

simulated fields at each scale with their corresponding

observations, as:

CC ¼

P
i

P
j
(Aij �A)(Bij � B)

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i

P
j
(Aij �A)

2

 ! P
i

P
j
(Bij � B)

2

 !vuut
(6)



Figure 6 | One dimensional power spectrum of SL event for: (a) observed, (b) S1, (c) S10.
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where A, B, Ā, B̄, i, j and CC are observed field, simulated

field, mean of the observed field, mean of the simulated

field, location of the pixel and correlation coefficient,

respectively.

By plotting the resulted CC values versus scales, the vari-

ation trend in all scales for the four events can be seen. By

examining Figure 7, it is evident that higher resolution

images tend to get smaller values of CC which results from

introducing deviation to the downscaled field in each

iteration.

For analyzing the accuracy of the downscaling process,

mean and standard deviation values of simulated fields were

compared with those of observation fields. As can be seen

from Table 4, simulations of the rainfall field estimate the

mean and standard deviation relatively close to the observed

values with the exception of the SF event. Evidently, S10
shows smaller values ofmeanand standarddeviation compared

to S1 which is caused by smoothing the rainfall field via aver-

aging. This property is also seen in the drop-off rate of power

spectra which showed that S1 has a higher degree of variability

in contrast to S10. Another important point is that even though

the averages of obtained results are close to the observational

averages they are underestimated, while standard deviations

for most of the cases are overestimated. This evidence is a

direct consequence of SRFs inadequacies. Even though SRFs

manage to encompass a large portion of sparsity and thick-

tails of wavelet coefficients distribution within themselves,

there is still a minor part that is of sparsity in the distribution.

In order to further analyze the reliability of the down-

scaling process, intensities of rainfall fields were sorted in

ascending order, afterward the determination coefficient

(DC) of S1 versus observed rainfall field for the events at
om http://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
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all scales were computed via Equation (7) which is reported

in Table 5:

DC ¼ 1�
P

(Ai � Bi)
2P

(Ai � Bi)
2 (7)

Determination coefficient varies from –∞ to 1, where 1

implies the exact resemblance between the observed and

simulated field, while correlation coefficient values vary in

the range of �1 to 1, where 1 indicates that the dispersion

of the simulated field is equal to the observed field. Further-

more, CC tends to adjust itself around extreme outliers

which may apply bias along high values, which is also true

for DC since squared differences are more pronounced in

extreme values while neglecting low values (Legates &

McCabe ). In addition, scatterplots of all events at the

2 × 2 km2 scale are illustrated in Figure 8.

As can be seen in Figure 8, different rainfall values have

been generated for a unique observed rainfall value which is

rooted in rounding reflectivity fields (NEXRAD level III) in

5 dBZ increments which results in discrete observation

values even after transforming reflectivity rainfall fields to

rainfall rates. Another important feature of Figure 8 is the

discrepancy between high-intensity rainfall values due to

the overestimation of standard deviation in the downscaling

process (Table 4). Since SRFs are unable to completely

absorb all of the properties of wavelet coefficients, especially

thick-tails of distribution, standard deviations of the simu-

lated values are higher than those of the observed values.

Moreover, these standard deviations are iterated for each

resolution which converts extreme values to even higher



Figure 7 | Correlation coefficient of observational and simulated fields at different scales for all four events.

Table 4 | Statistical moments for the four events at all scales

Statistical
moments

Scale (pixel size in km2)

1 × 1 2 × 2 4 × 4 8 × 8 16 × 16

μHM O 3.13 6.02 11.47 21.54 39.65
S1 2.74 5.43 10.65 20.69
S10 2.49 4.93 9.8 19.66

σHM O 2.8 5.33 10.19 19.31 35.9
S1 3.29 6.24 11.76 21.57
S10 2.35 4.64 9.15 18.1

μIF O 4.01 7.75 14.76 27.78 51.67
S1 3.46 6.87 13.55 26.59
S10 3.22 6.41 12.8 25.67

σIF O 5.01 9.53 17.96 32.77 57.67
S1 5.23 9.95 18.81 34.29
S10 3.66 7.23 14.29 28.41

μSF O 2.98 4.56 6.26 7.89 9.54
S1 0.73 1.44 2.82 5.44
S10 0.4 0.82 1.75 4.04

σSF O 4.56 7.64 11.82 15.92 19.39
S1 2.46 4.45 7.81 13.11
S10 1.02 1.93 3.91 8.32

μSL O 3.35 6.23 11.23 19.59 32.23
S1 2.34 4.59 8.92 17.23
S10 1.96 3.87 7.71 15.68

σSL O 4.23 7.56 13.92 23.66 38.36
S1 4.35 7.94 14.3 24.7
S10 2.55 4.94 9.6 18.92

O, Observed; S1, One simulation; S10, Average of ten simulations.

Table 5 | Determination coefficients of events at all scales

Scale (km) HM IF SF SL

1 × 1 0.9 0.93 0.84 0.92

2 × 2 0.95 0.97 0.9 0.98

4 × 4 0.97 0.98 0.93 0.99

8 × 8 0.98 0.99 0.97 0.99
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values which shifts the points to the positive direction of the

y-axis in the scatterplot. It is evident from Table 5 that deter-

mination coefficients are in the vicinity of one which implies

that rainfall intensities are well captured in simulation.

Despite the previous remark, rainfall intensities can shift

to the neighboring pixels. Moreover, it can be seen that

high-resolution rainfall fields have lower determination coef-

ficients which can be explained by repeated iteration of the

downscaling process which subjected the field to deviations.

In other words, even small deviations at lower resolutions

can transfer to higher resolutions while having their own

deviations. Sources of these deviations can be traced back

to inconsistencies of assumption of the Gaussian distri-

bution for SRFs (Figure 4) as well as discrepancies of data

and its corresponding linearity in scaling behavior (Figure 5).

By considering the evaluation criteria and their union in

showing the SF event to be poorly simulated, it is



Figure 8 | Scatter plots of events: (a) IF, (b) HM, (c) SF and (d) SL at 2 km2 resolution.
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understood that the downscaling method is unable to recre-

ate such events and the reason behind this matter is related

to its spatial structure and sparsity of rainfall event in radar

range. Moreover, the SF event faces a shortage of high-inten-

sity rainfall cells compared to the other events which

translates into thinner tails and sharper cusps for approxi-

mation coefficients and directional wavelet coefficients.

This indicates that standardizing directional wavelet coeffi-

cients for an SF event is unable to reduce the sparsity and

also it is incapable of handling thick-tailed properties of

directional wavelet coefficients to the same extent as other

events (Perica & Foufoula-Georgiou a).

The spatial structure of the SL event for S10 and observed

fields in all resolutions is illustrated in Figure 9. It is apparent
om http://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
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from Figure 9 that the proposed model can create almost

similar spatial patterns that have the ability to reproduce clus-

ters of rainfall while keeping the rainy fraction intact. It is

worth noting that this similarity is much better at low resol-

utions compared to higher resolutions, which is also

implied in the aforementioned evaluation criteria.
CONCLUDING REMARKS

The study of rainfall downscaling is rooted in the necessity

to gain knowledge about precipitation in finer resolutions

to improve long-term water management on local scales

(Cheng et al. ; Fotovatikhah et al. ). Four radar-



Figure 9 | Spatial structure of observed SL event at: (a) 8 × 8 km2, (b) 4 × 4 km2, (c) 2 × 2 km2, (d) 1 × 1 km2 and S10 at (e) 8 × 8 km2, (f) 4 × 4 km2, (g) 2 × 2 km2, (h) 1 × 1 km2.
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derived events (NEXRAD level III) with different struc-

tures were chosen in this study to be examined for

investigation of scaling behavior in the wavelet domain.

Wavelet coefficients mostly consist of values close to zero

while a few extreme values contain a large bulk of the rain-

fall energy. In order to deal with this, standardized rainfall

fluctuation (SRF) was presented which resembled Gaussian

distribution with zero mean. Standard deviations of the dis-

tributions showed scaling behavior at scales varying

between m¼ 1 until m¼ 4 (1–16 km2). After estimating

the scale-independent variable (H ) and the standard devi-

ation of SRF at lowest resolutions, the process of

downscaling rainfall was performed via inverse wavelet

transform. Generated fields were modified by removing

negative values and recreating the cluster behavior of rain-

fall to further enhance the ability of the model for the

reproduction of the simulated rainfall fields.

The energy distributions of the simulated fields were

compared with the observation fields using a power spec-

trum which is evident from the drop-off rate of these

spectrums. For all of the events, with the exception of the

SF event, the drop-off rate of observation is higher than

simulated which implies that the simulated field has a

higher degree of variability. The simulated fields were also

evaluated by comparing first and second-order moments

that were preserved at all scales for the three events of SL,

HM, and IF. In addition, values of the determination
://iwaponline.com/hr/article-pdf/51/3/456/698093/nh0510456.pdf
coefficient clearly suggest the fact that all of the rainfall

fields have almost the same intensities, even if these values

are transferred to adjacent pixels. It must be noted that

spatial properties of rainfall, such as high-gradient clusters

and fraction of the wetted area, are similar to those of the

observation fields. The inability of the model to correctly

simulate the SF event is deeply rooted in the intensity of

rainfall cells, as well as the inadequacy of SRFs to modulate

sparsity of directional wavelet coefficients.

The results of the proposed downscaling process in most

of the aspects show similarity with the observed rainfall

fields. However, in order to remove the drawbacks of this

process and offer new grounds for investigation, it is rec-

ommended to investigate scaling behavior in high-order

statistical moments such as skewness and kurtosis as well

as fitting other density functions to the directional wavelet

functions to see if they can reproduce its features or not.
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