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ABSTRACT: Using signal level measurements from commercial microwave links (CMLs) has proven to be a valuable tool

for near-ground 2D rain mapping. Such mapping is commonly based on spatial interpolation methods, where each CML is

considered as a point measurement instrument located at its center. The validity of the resulted maps is tested against radar

observations. However, since radar has limitations, accuracy of CML-based reconstructed rain maps remains unclear. Here

we provide a quantitative comparison of the performance of CML-based spatial interpolation methods for rain mapping by

conducting a systematic analysis: first by quantifying the performance of maps generated from semisynthetic CMLdata, and

thereafter turning to real-data analysis of the same rain events. A radar product of the German Weather Service serves as

ground truth for generating semisynthetic data, in which several temporal aggregations of the radar rainfall fields are used to

create different decorrelation distances. The study was done over an area of 2253 245 km2 in southern Germany, with 808

CMLs. We compare the performance of two spatial interpolation methods—inverse distance weighting and ordinary

kriging—in two cases: where each CML is represented as a single point, and where three points are used. The points’

measurements values in the latter are determined using an iterative algorithm. The analysis of both cases is based on a 48-h

rain event. The results reconfirm the validity of CML-based rain retrieval, showing a slight systematic performance im-

provement when an iterative algorithm is applied so each CML is represented by more than a single point, independent

of the interpolation method.

KEYWORDS: In situ atmospheric observations; Measurements; Radars/Radar observations; Remote sensing; Surface

observations; Weather radar signal processing

1. Introduction

Retrieval of accurate spatial rainfall information is an in-

creasing demand in a growing number of fields, such as urban

and environmental planning, agriculture, insurance, hydrol-

ogy, and civil uses. Using wireless communication links, and in

particular the backbone of commercial cellular networks for

rainfall monitoring, is an exciting alternative, introduced more

than a decade ago (Messer et al. 2006; Leijnse et al. 2007). The

principle of operation of this opportunistic sensing technique is

utilizing transmitted and received signal levels of radio signals

from already existing commercial microwave links (CMLs),

normally used for conducting telecommunication data, for

rainfall estimations along the path, following:

A5 a

ðL
0

R(l)b dl (dB), (1)

where A is the rain-induced path attenuation, L (km) is the

length of the CML, a and b are empirical parameters, and R

(mm h21) is the rain intensity (ITU 2005). This technology has,

of course, its own sources of error, which were well studied and

described in the past (Rios Gaona et al. 2015; Schleiss and

Berne 2010; Schleiss et al. 2013; Leijnse et al. 2008; Zinevich

et al. 2010; Chwala and Kunstmann 2019; Rayitsfeld et al. 2012;

Uijlenhoet et al. 2018). The wide spread of cellular commu-

nicationmakes this technologymost attractive for near-ground

rain mapping.

Utilizing CMLs for 2D reconstructions of rain fields was

mostly undertaken treating each CML as a single virtual rain

gauge (VRG) in the center of the path (Andersson et al. 2017;

Overeem et al. 2016b; Graf et al. 2020; Overeem et al. 2016a),

applying standard spatial interpolation methods, traditionally

used with measurements taken by actual rain gauges. This type

of representation for 2D reconstruction purposes is simple and

handy on the one hand, and can be misleading on the other

hand, due to the fact that the further away the rain pattern

along the line is from uniform, the larger the inherent error

added to the measurement is.

Implementing spatial interpolation techniques, utilizing

CMLs measurements, was done in past studies using various

algorithms, techniques, and scales, from a few squared kilome-

ters to country-wide (Fencl et al. 2013;Overeemet al. 2013; Chen

and Liu 2012; Chwala and Kunstmann 2019; Haese et al. 2017;

Overeem et al. 2016b; Graf et al. 2020; Alpert and Rubin 2018).

Two dominant spatial interpolation techniques are inverse dis-

tance weighting (IDW) and ordinary kriging (OK); the first is a

common rather naive and robust methodology of spatially in-

terpolating point rainfall measurements (Ahrens 2006). Given

additional sufficient knowledge regarding the statistics of theCorresponding author: Adam Eshel, adameshel@mail.tau.ac.il
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sampled field (rainfall in this case), the second approach can be

used (Overeem et al. 2016a; Cressie 1990; Stein 2012). Both

methods assume point measurements in given locations. Since

representing each CML by a single VRG may serve as a valid

approximation for cases where the rain is relatively constant

along aCML’s path, which is not always the case, an alternative

approach for representing a link by multiple nonidentical

VRGs was suggested and implemented in the GMZ (after the

initials of the authors) algorithm (Goldshtein et al. 2009). It

suggests that the value of each VRG can be determined, in an

iterative manner, by employing values of neighboring links,

while being constrained by the original average measured

value along the link.

Generally, since the spatial patterns of rainfall are rather

heterogeneous, and some have larger spatial diversity than

others (convective cells can have extremely short decorrelation

distances; Morin et al. 2006), the performance of all inter-

polation methodologies is limited. In particular, when instan-

taneous measurements of spotty rainfall events are of interest,

the interpolation becomes more error prone than when ag-

gregated over growing time intervals (De Vos et al. 2018).

Another important factor that corresponds with the spatial

complexity of the sampled field is the density of the sampling

network. In other words, the achievable merit of a recon-

struction, regardless of the interpolation methodology, de-

pends on the combined spatial characteristics of the rainfall

with that of the CML network (Eshel et al. 2020; Beek et al.

2020). The first depends on geophysical factors, whereas the

latter depends mainly on the network density (Overeem et al.

2013; Gazit and Messer 2018; Messer and Sendik 2015; Zhang

et al. 2013), which is correlated with population density and

is also constrained geographically by, e.g., topography and

land cover.

As mentioned by Uijlenhoet et al. (2018), the pragmatic

approach of representing each CML as a single point in the

center of the path works well for reconstructing rain types

with a decorrelation distance much larger than the typical

CML length. Eshel et al. (2020) later quantitatively supported

the above in a simulation study, also suggesting an existence of

an optimal ratio of typical rain cell size–CML length. When

that ratio is reached, assigning multiple VRGs per CML and

applying GMZ can significantly improve performance of 2D

reconstructedmaps. This synthetic study allowed full control of

all aspects: sampling network, sampled field (Gaussian-shaped

rain fields were generated), noise added, ground truth, etc.

However, as much as the fully synthetic case was crucial for the

understanding of the behavior of the system, the effects of real

rainfall patterns, real-data noise, real networks topologies, and

different interpolation methods were not examined.

In this study we perform a comparative comprehensive

study of different methods for spatial rain field reconstruction

based on real rain events employing real and simulated mea-

surements from hundreds of CMLs in a large area. First,

reconstructed 2Dmaps of semisynthetic cases, i.e., actual radar

rainfall observations, provided by the German Meteorological

Service (DWD) inducing synthetic attenuation on real CML

networks, were analyzed. Since a dominant factor in the spatial

characteristic of rain is its decorrelation distance, several

temporal aggregations of the radar rainfall snapshots were

used to create different types of rainfall spatial coverage. Here,

the ‘‘ground truth’’ remains known and is utilized for deter-

mining the quality of the reconstruction. Thereafter, a fully

real-data experiment, employing actual CMLs measurements

for the same rain events was performed. In this case, although

both the measurements of the radar and the CMLs originate

from a nonobservable ground truth, the radar did serve as such

for the compatibility of the results with those of the semisyn-

thetic cases. This allowed us to isolate flawed quantification

due to wrong ground truth from justified differences. IDW and

OK spatial interpolation methods were used, where for both,

cases where each CML is represented as a single VRG were

examined against cases in which three VRGs were used, after

applying GMZ.

The rest of this paper is organized as follows. In section 2 we

elaborate on the data sources used and the synthetic data

generation. In section 3, we describe the methodologies, the

interpolation algorithms used, the concept of operation of

GMZ algorithm and the analyses metrics. Section 4 presents

the results. In section 5 we discuss the results, and section 6

concludes this study.

2. Acquired and generated data

The three hereby described data sources are 1) radar, 2)

simulated, and 3) real CML data. These data were acquired

for a convective rain event, which took place in southern

Germany during the period of 5–7 July 2018. Here, we worked

on an area of approximately 55 000 km2 (Fig. 1a).

a. Radar: RADKLIM

RADKLIM is a 1 km 3 1 km gridded gauge-adjusted and

climatologically corrected radar product provided by the

DWD and is given at 5min temporal resolution (Winterrath

et al. 2019). Here, the dimensions of the domain are about

225 3 245 km2 (Fig. 1a), and the number of 5-min snapshots is

621 out of which 41 logged a maximum rain intensity lower

than 0.1mmh21. These data serve as ground truth.

b. CML network

The network that was worked with is characterized by a

spatial density of 0.015 CMLs per square kilometer and con-

sists of 808 CMLs. The average length is 7.64 km with a span of

0.51–28.67 km, and frequencies span from 6.46 to 38.85GHz.

Characteristics of the network are shown in Fig. 1b. An over-

view of its spatial structure, together with the distances of each

grid point (pixel) to its nearest CML is presented in Fig. 2.

c. CML semisynthetic data

Simulated data, henceforth semisynthetic, are necessary for

achieving control of the experiment, but more importantly for

having a reliable ground truth to compare with. Hence, syn-

thetic CML rainfall measurements were derived based on the

actual operational CML network of the region, from real

rainfall radar observations—the RADKLIM product. Due to

the absence of a continuous function describing the rain field,

determining the rain intensity supposedly sampled by the jth
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CML for time stamp t was done using the Python package

‘‘pycomlink,’’ and is given as

R( j, t)5�
N

i51

r
p
(i, t)l

p
( j, i)(mmh21) , (2)

where rp is the rain intensity of the ith pixel (grid point) of the

RADKLIM pixels through which CML j crosses, and lp is the

relative CML’s length crossing the ith pixel (with values be-

tween 0 and 1).

For compatibility with the gradually increasing rain cells

described in Eshel et al. (2020), more rain events with consis-

tently increasing sizes of rain cells were needed. To mimic the

foregoing, increasing temporal aggregation intervals of the

RADKLIM product were used, during which rain intensities

were averaged. Thereby, the sizes of the rain cells inevitably

gradually increased (given that the rain cells are not completely

spatiotemporally stationary), while a resemblance between

sequential temporal aggregation intervals remains. The inter-

vals chosen were 5, 15, 30, 60, 90, 120, 180, 300, and 600min, so

that each interval consists of a different number of time stamps,

e.g., the 5-min interval consists of all 621 while the 15-min in-

terval holds a third of that number (rounded downward). Note,

however, that each new time stamp was accounted for as if it

was an instantaneous snapshot of a 2D rainfall map, i.e., rain

intensity values of each pixel were averaged to conserve mil-

limeter per hour (mm h21) units. This led to a series of ground-

truth time series from which the CML rain intensity values

could be extracted by the samples of the CML network fol-

lowing (2). Since attenuation values are needed to implement

theGMZalgorithm (further elaborated in section 3), theywere

thereafter calculated from the generated rain intensities, by

making use of the metadata of the individual CMLs, following

(1). Finally, each of the snapshots was sampled by the CML

FIG. 1. (a) Overview of the area of interest (red box) in southern Germany, scaled by decimal degrees. The

lengths of the horizontal and vertical dimensions of the box are 245 and 225 km, respectively. (b) A 2D histogram of

the lengths and frequencies of the CMLs of the network shows the dependency between the two.

FIG. 2. (a) Histogram of the pixels of the domain (1 km 3 1 km) and their distances from the nearest CML and

(b) an overview of the CML network (red lines) on top of a heat map of these distances. The vast majority of the

pixels are within a distance of 10 km from a CML.
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network following (2). To make the measurements closer to

reality, the attenuation values were assigned additive Gaussian

noise n;N(0, 0.12/12) and were thereafter quantized (0.1 dB),

following the procedure described in Goldshtein et al. (2009).

d. Real CML data

The same rain event used in the semisynthetic experiment

was employed for the real CML data. Instantaneous trans-

mitted and received signal levels were acquired in a oneminute

resolution from the same network described previously, via an

SNMP protocol, thoroughly detailed in Chwala et al. (2016).

Converting the raw attenuation data to rain-only-induced at-

tenuation was done according an established procedure, fur-

ther detailed in (Graf et al. 2020). Thereafter, the average rain

intensity along each CML, can be derived (ITU 2005). Finally,

for compatibility with the 5-min resolution of the RADKLIM

data, measurements were averaged every five time steps and

thenceforth treated as single 5-min time stamps for further

analyses.

3. Methodologies

a. Interpolation methods

The two spatial interpolation methods investigated here are

IDW and OK. Their settings of used here were

1) a single VRG in the center of the CML’s path, denoted

OK1 and IDW1, and

2) three VRGs per CML on which GMZwas applied, denoted

OKG3 and IDWG3.

OK is a commonly used method for predicting spatial values

from a linear combination of a set of observations, which also

accounts for redundancy resulting from spatial closeness of

data points. The weights in the combination are calculated

using a continuous function g(h) describing the degree of

spatial dependence of a temporal observed rain field as a

function of a lag distance h. As a first step, since the amount of

data points is finite, a discrete semivariogram is calculated as

SV(h)5
1

2N(h)
�
N(h)

i51

[z(u
i
)2 z(u

i
1h)]2 (mm2 h22) , (3)

where ui is the location of VRGi, z is the known rain intensity

and N is the number of observations falling within the band-

width, defined by the intervals between the values of h. For all

temporal aggregation interval, 21 intervals of h was found to

be a number which yields good results, where the maximum

distance span of the semivariogram was determined individu-

ally for each aggregation by examining samples of semivario-

grams (gradually increasing from 20 to 200 km for 5 to 600 min,

respectively). Then, g(h) is obtained by fitting a spherical

model to SV(h), and therefore three parameters should be

optimized: sill, nugget, and range. The first parameter, sill,

denotes the limit of g(h) subtracted by the nugget. The second

parameter, nugget, represents the discontinuity at the origin

as a result of the uncertainty of the measurements, and

following a previous study, was taken as 0.1 times the sill

(Overeem et al. 2016a). The third parameter, range, stands for

the distance after which the spatial dependence is negligible.

Optimizing the parameters was then done utilizing the values

of the VRGs using the ‘‘pykrige’’ Python package. The opti-

mization process was done separately for every time stamp,

every temporal aggregation interval, both for OK1 and for

OK3. Thereafter, the covariance function C(h) could be de-

scribed using g(h) (Ligas and Kulczycki 2010) by

C(h)5 sill2 g(h) . (4)

Finally, the weights are determined by

C(u
1
,u

1
) . . . C(u

1
,u

N
)
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.
1

C(u
N
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1
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N
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N
)

2
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775

w
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N
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3
7755
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1
)

..

.

C(u
0
,u

N
)

2
664

3
775, (5)

where u0 is the location of an unknown target point. Although

radar data were available, the semivariogram was extracted

fromCML-based data only, in order for the results of this study

to remain relevant when radar is not available.

In IDW (Shepard’s method) the weight of the ith VRG is

given by

w
i
5

8>>>>><
>>>>>:

�
12

d
i

D

�p

�
d
i

D

�p , if
d
i

D
, 1

0, otherwise

, (6)

where p is the power parameter, here equal to 2, as often used

for rainfall interpolation (Nikolopoulos et al. 2015; Goovaerts

2000; Lloyd 2005), di is the distance between ui and u0, andD is

the radius of influence. After being calculated, the weights of

all VRGs within D are normalized such that their summation

adds up to be equal to one. Here,Dwas set equal to themedian

value of the range parameter calculated for the respective OK

aggregation experiment (e.g.,D for all time stamps in IDWG3

at aggregation interval5 90minwas determined by themedian

of the range of OK3 at a similar interval), both for the semi-

synthetic and for the real data. This allowed IDW to receive

prior information regarding the rainfall, and thereby was made

less naive. That said, robustness to D is an outstanding char-

acteristic of IDW, where values of 10–30 km yield reasonable

results (Nikolopoulos et al. 2015; Chen and Liu 2012; Eshel

et al. 2020).

b. GMZ algorithm operational principle

GMZ was developed for assessing the rainfall distributions

along predetermined subsections of a CML, based on other

subsections of neighboring CMLs. It is worth mentioning that

the algorithm is applied on rain-induced attenuation CML data

(after an adequate baseline correction) from which rain in-

tensities can be calculated using (1). The operational process of

GMZ follows two steps per iteration, and is hereby briefly

summarized. In the first step, the value of the rain intensity of

VRG(i,j), belonging to a given CMLi, is estimated from the

values of the VRGs situated within the radius of influence

using (1), not including VRGs originating from CMLi itself.
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Determining the weights of the VRGs concerned is done by

(6). Once all CMLs have been iterated over, the first step is

done. In the second step, the values of each VRG per CML are

converted to attenuation values by (1), which are consequently

normalized so that their combination satisfies the original

attenuation value actually measured by the entire CML.

Thereafter, the new rain intensities for each VRG are derived.

The aforementioned two steps are repeatedly executed up to

the point where the root-mean-square differences between the

values of the VRGs in a given iteration and the previous one,

on average, reach a predefined tolerance threshold (here 1 3
1024mmh21) or limit of number of iterations (here 28), the

earlier out of the two.

c. Performance metrics

A pixel-to-pixel analysis was done for each time stamp be-

tween the reconstruction and the ground truth rain fields; three

performance indicators were used here for quantifying the

reconstructions’ quality. The first out of the three, the root-

mean-square error (RMSE), was calculated for each time in-

terval T, for every time stamp t as

RMSE(T, t)5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�
N

n51

(R̂
n
2R

n
)
2

N

vuuut
(mmh21) , (7)

whereN is the number of pixels in a reconstructed grid, and R̂n

and Rn are the estimated and the ground truth rain intensity in

pixel n, respectively. Cases where both R̂n and Rn were smaller

than 0.1mmh21 were not included in the calculation. The

second performance indicator is the median of all RMSE per

temporal aggregation interval, each calculated relative to the

mean RADKLIM rain intensity of the respective time stamp

(denoted as RMSEr
med). Normalizing the error was done to

avoid correlation of low errors with low rain intensity time

stamps. The third is the median Pearson’s correlation coeffi-

cient (rmed) for each interval.

d. Filtering metrics

Time stamps for which the maximum CML rain intensity

value did not exceed 0.1mmh21 were discarded (note that in

the 5-min semisynthetic and in the real-data experiments the

CML data are not identical). Misfitting parameters in OK can

occur for various reasons and usually result in meaningless

retrieved rain fields. Therefore, in order to avoid inclusion of

these artifacts in the analyses, these snapshots were filtered

based on the values of their resulting parameters, where a

range , 2 km and 0.01 . sill . 60 were the thresholds.

Nevertheless, the vast majority of the time stamps filtered out

were ones in which radar rainfall hardly occurs (domain’s

maxima , 1mmh21), at the beginning and at the end of the

event (can be seen in Fig. 6b). The respective time stamps

were then discarded also from the IDW-based analysis.

4. Results

An example of time stamps taken from three of the nine ag-

gregations, along with their reconstructed rain fields obtained

from IDWG3 and OKG3, is visualized in Fig. 3. Reconstruction

of the 5-min real CML data is displayed as well. The CMLs are

drawn, in the top left subfigure, in colors indicating the retrieved

rain intensity values, and when qualitatively compared with the

radar image at the respective time stamp (i.e., RADKLIM5-min

data) comparable rain intensities, mostly at correct locations,

can be seen for the majority of the CMLs which detected rain.

Moreover, very light rain intensities are hardly detected by the

CMLs. This can be attributed to one of the following:

1) The light rain observed by the radar did not make it to

ground level but evaporated beforehand.

2) Light rain is usually characterized by raindrops with a

rather low velocity, and therefore, a temporal misalignment

in their detection may occur between the radar (high

altitude) and CMLs (ground level).

3) The relatively low rain-induced attenuation was either fil-

tered out during the baseline subtraction procedure or ac-

tually did not exceed the quantization level of the CMLs’

hardware systems.

Figure 4 presents the distribution of the values of the OK

parameters. As can be expected from the increasing tem-

poral aggregation, a gradual increase of range with the rise

of the aggregation intervals can be identified. Following the

above, the temporal aggregation interval can serve as a

proxy to the range; effectively the median decorrelation

distance of the rainfall fields in a given interval. Median

range (MR) values of OK1 (arbitrarily chosen over OKG3)

will be exploited henceforth. The prominent constantly

lower sill, yielded for OKG3 compared to OK1, is attributed

to the fact that the variance between VRGs belonging to the

same CML (especially in cases of low measured rain inten-

sity) is, in general, lower than when VRGs from different

CMLs are in question. Therefore, this was not given ex-

ceptional attention.

Values of rmed and RMSEr
med, for increasing MRs, calcu-

lated for the semisynthetic case, are presented in Fig. 5. A

clear improvement trend with increasing MRs, for all re-

construction algorithms, is noticeable by an increase of rmed,

while algorithms which underwent GMZ led to higher

values, or at least did not deteriorate. Generally, superiority

of OK over IDW is prominent in high MRs, as seen in Fig. 5.

Yet, for lower ones the picture is rather ambiguous. Results

of RMSEr
med are coinciding with the findings in Eshel et al.

(2020) stating that the spatially smoother the rain is, the

lower the error (Fig. 5b). A closer look reveals that

applying GMZ is beneficial for both spatial interpolation algo-

rithms, however with rather low significance. The descending

RMSEr
med values with the growth of the time intervals

reflects a higher precision of the reconstruction for more

uniform rainfall. Moreover, a change in the RMSEr
med hi-

erarchy between IDW and OK stands out when examining

high MRs.

Naturally, the confidence in an interpolation-based value

assessment decreases with the distance from a measurement

point. Hence, an additional analysis, taking this factor into

account was conducted: the pixels were classified into groups

based on the distance to the nearest CML, at a 1-km resolution
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(Fig. 2). Based on the spatial variability of rainfall when con-

vective events are in question, analyzing pixels at a distance

larger than 10 km away from a sample point is of less signifi-

cance, due to their short typical decorrelation distances, and

therefore only the first 9 kmwere used for the analysis. Besides,

the vast majority of pixels are within this distance (Fig. 2a) and

thus the small portion of pixels at greater distances did not

allow a meaningful analysis. RMSE of each distance group was

calculated, both for the real and the semisynthetic data, for all

time steps. In Fig. 6 a performance evaluation is displayed

comparing IDW1 versus IDWG3 as well as OK1 versusOKG3,

both for the semisynthetic (Figs. 6c and 6e, respectively) and

real-data experiment (Figs. 6d and 6f, respectively). First, the

domain’s pixels were rearranged in groups according to their

distances from the nearest CML to each. Then, RMSE of both

algorithms was calculated separately for each group and time

stamp. RMSE of IDW1 and of OK1 were subtracted from that

of IDWG3 and of OKG3, respectively, resulting in negative

values (orange dyes) when applying GMZ yields lower errors,

and positive ones (purple dyes) for the opposite case. For

Figs. 6c–f a minimum rain intensity threshold of 1mmh21 was

used to dismantle effects of fluctuations of very low values.

Included in this analysis are plots which can infer on the spatial

properties of both the ground truth and reconstruction at each

time stamp. Figure 6a presents the mean RADKLIM rain in-

tensity in the domain during all time steps, along with that

resulting from the real and simulated reconstructions. The

manner of spottiness of the spatial distribution of the rainfall

can be deduced from observing the coefficient of variation

(CV; standard deviation divided by themean) presented below

in Fig. 6b. Both in the semisynthetic cases and in the real data

ones the orange color, stating that the IDWG3 and OKG3

introduced lower error levels than IDW1 and OK1, respec-

tively, is dominant. For both semisynthetic experiments rather

darker orange colors show up during the periods where CV

levels are high (especially approximate time stamps 400–530),

i.e., when the rainfall distribution is less homogeneous (no

clear connection to the domain’s maximal rain intensity). In

these cases the priority of applying GMZ is prevalent in all

distances. This suggests that GMZ is more effective in aiding

in reconstructing rain fields with high spatial variations, a

category to which small convective rain cells belong. In the

rest of the cases the image is more ambiguous; it can also be

seen, in the semisynthetic experiment Fig. 6c, that the ad-

vantage of GMZ is independent of the distance from the

CML. But, the same cannot be stated for the real-data plot

(Fig. 6d), where the first kilometer is the hardest to determine

superiority of IDWG3.

Distributions of RMSE values for the same distance-based

grouped pixels are shown for all MRs in Fig. 7. Most prom-

inent, and also verymuch expected, is the decreasing error with

the growth of MR. One can also detect a slight contribution of

GMZ, in the form of a reduced error, for the vast majority of

the semisynthetic columns. Furthermore, in general, OK seems to

yield lower errors than IDW. For the real data (leftmost column),

the differences between the two IDW-based techniques (IDWG3

FIG. 3. Examples of reconstructions of real CML data and three temporal aggregation intervals, shown for OKG3 and IDWG3.

Examples of reconstructions using real CML data snapshots are presented in the leftmost column. The three others are based on the

semisynthetic data. The 5-min snapshot presented is the last time stamp of those forming the 60- and 600-min ones. CMLs are drawn in

colors indicating the obtained rain intensity values (dashed gray for CMLs not detecting rain), whereas RADKLIM5min is the respective

time stamp. Similar rain intensity values, at correct locations, are presented for the majority of the CMLs detecting rain. Very light rain

intensities are hardly detected by the CMLs.
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is preferable) and those between the OK-based ones (OK1 is

preferable) are noticeable.

5. Discussion

Both the optimization of the OK parameters and the utili-

zation of range in IDW was done in order to mimic an

operational usage, during which the users have prior infor-

mation about the rainfall, one that can aid in determining the

parameters in advance. However, while an inherent step in

OK is the optimization of the parameters [either from the

data themselves, as done here, or by employing auxiliary in-

formation as done by Overeem et al. (2016a)] IDW is com-

monly used as a more robust technique, to which optimizing

FIG. 4. Distribution of optimized semivariogram parameters, (top) range and (bottom) sill, for each temporal aggregation interval, both

OK1 and OK3. Results for the real data are additionally shown in the left column. As expected, range gradually increases with the growth

of the aggregations, whereas sill gradually decreases. The box extends from quartile one through quartile three of the data, with an orange

line at the median. The range of the data is shown by the whiskers, which extend from the edges of box up to 1.5 times the size of the box,

and outliers are marked in red. OK1 median range (MR) values of respective intervals are displayed and used further in this study.

FIG. 5. Median values of Pearson’s correlation coefficient (rmed) and of RMSE relative to the mean rain intensity of

each time stamp (RMSEr
med), for all pixels in the domain. Results are shown for the semisynthetic data. Grades of OK1,

OKG3, IDW1, and IDWG3 are presented in respect to MR (see Fig. 4), i.e., gradually increasing size of rain cells.
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the parameters is done, if at all, with external techniques. Thus,

here, the IDWpower parameter p remained nonoptimized and

the assignedD did not change between time stamps of the same

MR. A direct comparison between the techniques was done,

but one should take the above into account when drawing

further conclusions. However, due to the aforementioned na-

ture of usage of the two, the approach of this study, in treating

IDW as a robust tool and OK as one from which more infor-

mation can be extracted, is rather realistic. The scope of this

study did not revolve around the recommendation of actual

values of parameters and thresholds for future studies, but

focused on studying the effect predetermining multiple VRGs

per CML has on the resulting 2D maps. One must note, how-

ever, that both IDW and OK have various levels of sensitivity

FIG. 6. Pixel-based reconstruction analysis as a function of distance from the nearest CML. (a) Comparison

between RMSE of reconstructions, with and without GMZ applied, is hereby presented; mean rain intensity of all

pixels for RADKLIM, OKG3, and IDWG3 for each time stamp, both for semisynthetic and real-data experiments.

(b) Coefficient of variation (CV) of RADKLIM as a measure inferring themanner of spatial variability (black) and

the maximal RADKLIM rain intensity (gray), divided by 10 for scaling. (c)–(f) RMSE of noniterative recon-

structions subtracted fromRMSEof the respectiveGMZapplied ones, for all pixels situated as far as 9 km from any

CML and exceeded a rain intensity of 1mmh21, rearranged in distance groups with 1-km resolution. The analysis is

shown for IDW-based algorithms, both for the semisynthetic and real-data experiments in (c) and (d), respectively.

In (e) and (f), OK-based algorithms are displayed following the same order. Negative values denote a lower error

when the iterative algorithm is used compared to when no iterations are done.
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FIG. 7. Boxplots of RMSE for pixels grouped by their distance to the nearest CML (up to 9 km). All tested MRs (see Fig. 4) as well as

real data are shown. The box extends from quartile one through quartile three of the data, with an orange line at the median. The range of

the data is shown by thewhiskers, which extend from the edges of box up to 1.5 times the size of the box, and outliers aremarked in red. For

the semisynthetic columns, RMSE decreases with growing MR and for the vast majority of these plots applying GMZ reduced the error.

For the real data (leftmost column), the differences between the two IDW-based techniques and those between the OK-based ones are

more prominent. However, comparing the two leftmost columns reveals an uncertainty that makes the determination of the performance

very difficult in the absence of adequate simulations.
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to their parameters. Thus, when attempting to match the op-

timized parameters to a certain type of rainfall, sensitivity

analyses should be undertaken.

Executing OK with CML data can be cumbersome, mainly

for two reasons:

1) Due to the accounting for spatial redundancy, high density

of VRGs can lead to an unjustifiable reduced weighting of

some of them, i.e., a data point which is a part of a cluster

will be given a smaller weight than a more isolated one at a

similar distance from u0.

2) Ill-conditioned covariance matrix (high condition number)

can result from too-close data points with resembling

values, leading to high sensitivity of the weights calculation

model to the input.

The first reason can be more strongly manifested in cases of

convective spotty rain cells; if such a cell is captured by a small

fraction of CMLs, which are a part of a CML cluster, the term

in OK which accounts for spatial redundancy, i.e., the leftmost

matrix in (5), will cause these CMLs to have a reduced effect

on a distant u0 than if they had not been a part of a cluster. For

comparison, a similar scenario using IDW would provide

these measurement points their weights based on their dis-

tance from u0 solely, regardless of the distance between the

measurement points themselves, and thus the weights are not

retained by the closeness of the points. Specifically when

CMLs are used, the second is highly relevant for the choice of

the number of VRGs, as the more VRGs assigned, the closer

they are to one another. Yet, upon occurrence, it can be

mitigated by throwing away data points which are too close or

have very similar values.

Higher RMSEr
med values are presented for OK at small

MRs, in Fig. 5b, (this figure includes all the pixels in the

domain). A slight advantage, nevertheless, for OK can be

seen for the sameMRs in Fig. 7. This can be explained by the

fact that IDWwas assigned a constantD value, per temporal

aggregation interval, which was the median of all ranges

calculated in the respective OK-based experiment. This al-

lowed, in half of the cases, OK to interpolate to larger dis-

tances. Since the error increases with the distance from the

measurement point, and since at small MRs (given that the

original snapshots are of a spotty event) the rainfall cover-

age is rather sparse, interpolating further away is, on aver-

age, more ‘‘risky’’ than assigning zeros.

The distribution of RMSE values of the real CML data is

shown in the leftmost column in Fig. 7, whereas the second left

column shows the equivalent semisynthetic case, where ground

truth is more reliable and CML rainfall estimates are subject to

little uncertainty (section 2). It is difficult to draw conclusions

from the real-data case, since real ground truth and full control

over of the experiment were, naturally, not available. Simply

the absence of absolute time alignment with the radar, the fact

that a baseline correction was needed for the rainfall estima-

tion by each CML and the presence of other measurement-

disturbing phenomena (unlike in the semisynthetic cases),

makes the real-data analysis valuable mainly for qualitatively

validating the semisynthetic experiment. Moreover, it can be

seen in Fig. 6a that in the beginning of the event, as well as

toward its end, the real CML data show significant rain where

the radar shows much less, if at all. Assuming that the radar is

the absolute ground truth, it appears that false CML rain es-

timates were obtained. These suggestions correspond with the

conclusions drawn in a previous study, stating that an adequate

preprocessing of the signal has a larger effect on the re-

constructed values than the errors originating from the inter-

polation method (Rios Gaona et al. 2015).

Naturally, the ability of long CMLs to adequately obtain rain

intensities from rather small rain cells is limited, and thereby

dictates the low correlations shown for small MRs. In higher

MRs (cases with larger rain cells), however, the error due to the

above is diminished and therefore attributed to other factors,

such as the execution of the interpolation technique. GMZ at-

tempts to improve how the CMLs’ path averaging is accounted

for in the interpolation, but its effect is of course limited.

Optimization of the use of GMZ

At the base of the algorithm lies the assumption that the

distribution of rain intensities along a CML can be rearranged

relying on neighboring VRGs. While this idea makes logical

sense, its execution contains details which are worth being

discussed and therefore we see the question of how to ade-

quately use GMZ remains as an open one.

First, the iterative process is preceded with the predefinition

of the number of VRGs each CML should be divided to, and

begins with a similar value in all those belonging to the same

CML. The weighting function used for redetermining the

values of VRGs on a CML during the iterative procedure of

GMZ, is essentially (6), used in IDW. It suggests that any error

resulting from the naive nature of IDW is, to some degree,

transferred to theOKGmaps. On the one hand, it is reasonable

to think of changing the interpolation method within GMZ

such that it fits the needs of the user, or perhaps match the

method later used for creating the map. On the other hand,

the first iteration of GMZ is a state in which the values of the

VRGs representing the same CML are identical. Thus, when

OK is in question, this situation is highly prone to create an ill-

conditioned covariance matrix, which will at least harm the

robustness of the algorithm. To the best of our knowledge, the

above has not yet been researched.

Second, it was suggested by the developers of GMZ that the

weighting procedure, within each iteration, would have an in-

termediate step of first interpolating the rain field onto the grid,

and only thereafter determining the weights of the target

VRGs from it. When tens of thousands of grid points and

thousands of VRGs are dealt with, the aforementioned scheme

becomes costly in computing resources. After identifying this,

the determination of the weighting was done here between one

VRG to another (VRG to VRG), thereby bypassing the costly

procedure in each iteration. Not only does this approach cut

computing time dramatically, it also has a physical justification:

grid cells are affected by VRGs located at a distance as far as

the radius of influence D from (6). According to the original

approach, allowing the determination of the value of a given

VRGm, at a distance d from a given grid cell, is in fact

allowing a VRGn at a distance D 1 d to almost directly affect

its newly determined value.
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Another issue that caught our attention is an artifact that is

prominent in specific cases, which potentially harms the proce-

dure. For demonstration purposes, a degenerated scheme of it is

presented in Fig. 8. Their orientation is such that one end of CMLi

is closer to that of CMLj, whereas the other ends are further away

one from the other. In case of a division to three VRGs, a sim-

plified rain cell can be sampled in an orientation such as shown in

Fig. 8c.GMZ, as a first step, will choose oneCML to be the target,

which VRGs’ values will be determined by equally valued VRGs

from the other CML. This will inevitably pull the highest newly

distributed rain intensities to the two closest VRGs, hereVRG(i,3)

and VRG(j,3), resulting in a potentially flawed reconstructed rain

field, e.g., Fig. 8d. In this case, avoiding the application of GMZ

and using a single VRG in the center of each CML, can yield

better results. These cases probably occur, to some degree, in

every time stamp one wishes to reconstruct, especially when

such a large domain is in question. Configurations such as that

illustrated in Fig. 8c is prevalent in CML networks worldwide,

more commonly referred to as ‘‘star configuration’’: clusters of

CMLs originating from a mutual tower. Some examples of this

configuration can be found in the network used here.

It is clear from the above that further development of GMZ is

required and perhaps a more specific calibration of its parame-

ters may also be necessary. We therefore encourage further re-

search to be conducted. That said, based on the performance

indicators examined here applying GMZ contributes to the

production of 2D rain maps with higher precision.

6. Conclusions

In this study we deal with quantifying the quality of 2D

reconstructed real-life maps from CML data based on spatial

interpolation. The analysis in the paper is based on applying

standard IDW and OK, as used in previous relevant studies.

The major challenge in such a task is the absence of a ground

truth. To overcome this challenge we have defined ‘‘semisyn-

thetic’’ data, where for a given rain event the calibrated radar

map is considered as ground truth, and the corresponding rain-

induced attenuation over an actual network of CMLs was

properly simulated. Another main challenge is the classifica-

tion of the conclusions to relevant rainfall-spatial-coverage

scenarios. Since a dominant factor in the spatial characteristic

of rain is its decorrelation distance, we used several temporal

aggregations of the original 5-min radar rainfall fields to create

rainfall fields with increasing spatial smoothness to cover

rainfall types with different spatial characteristics. Our results

confirm that for all tested spatial interpolation methods the

performance improves for increasing decorrelation distances,

i.e., with less intermittent fields.

The different algorithms show similar results, where the OK

interpolation technique, which uses more prior/auxiliary in-

formation, yields slightly better correlations with the ground

truth than IDW, for all MRs, when optimized parameters are

assigned for each time stamp in OK and for each MR in IDW

(the case of using nonoptimized ones was not examined). Both

IDW and OK-based algorithms assigning more than a single

point as a representation of a CML slightly outperformed the

respective cases in which a single point was used. That is, once

the choice between OK and IDW is made by the user, applying

GMZwill improve the results. However, the improvement, for

all reconstruction performance indicators examined (based on

correlation and RMSE), compared to the reference, was small.

This may be attributed to limitations found inGMZ. It was also

found, by comparing the error in various distance groups from

FIG. 8. Two CMLs and a sampled rain cell in an orientation which is suspected to damage the

reconstruction performancewhenGMZ is applied. (a)One end ofCMLi is closer to that ofCMLj,

whereas the other ends are extended farther away. (b) A division to three VRGs is displayed as

well as (c) an example of a simplified rain cell. The iteration procedure of GMZ will inevitably

pull the highest newly distributed rain intensities to the two closest VRGs. (d) The potentially

flawed reconstructed rain field resulting from the procedure is demonstrated.
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the nearest CML, that the ability to determine the perfor-

mance of real-CML-data-based reconstructed rain maps as

compared to radar data is limited.

Future work should focus on further improvement of GMZ,

in aspects discussed in the previous section, as well as possible

modifications of the standard IDW and OK, for better com-

patibility to CMLs.
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