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OIDs for different hardware types. Therefore, in all experimental studies within the Czech 

Republic we work up to now only with CMLs on Ericsson MiniLink platform from T-Mobile 

CZ network. 

4.2. CML network characteristics , topology and spatial coverage  

CMLs networks are created by links of different properties. Typical frequencies vary from 6 

to 38 GHz, for the latest hardware generation even up to 80 GHz (Figure 2). As mentioned 

in Chapter 3 frequencies in the range from 18 GHz to 50 GHz are most appropriate for 

rainfall monitoring (Olsen et al., 1978). Figure 2 also shows, as expected, that higher 

frequencies (> 26 GHz) have shorter path length (< 5 km) and thus a higher potential to 

provide sufficient spatial resolution of a rainfall product for urban hydrological 

applications. In total, the majority of CMLs are of higher frequencies (> 18 GHz) (Fencl et al., 

2016). 

At regional (and country-wide) scale the CMLs network topology is highly correlated with 

population density and terrain morphology (Figure 3). The coverage is poor in inhabited 

regions (CA) or mountainous areas (CH). All evaluated CML networks mostly follows at local 

scale a star-shaped design with central node common to several CMLs and far-ends 

spanning in different directions from hundreds of meters (mostly in populated areas) to 

several kilometres (in the countryside). In contrast, the position of the largest 

agglomeration can be easily identified based on information on CML density (e.g. Czech 

Republic, Prague, CZ or France, Paris, F) (Figure 3). 

 

  
Figure 2. Relationship between CML frequency and CML length in France (left) and Czech Republic (right) (Fencl 
et al., 2016). 
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Figure 4. CML network topology and density Prague (CZ). Number of CML paths crossing individual pixels 
within the catchment (left). Sewer catchments compared with CML network topology (right) (adapted from Bor, 
2014). 

  

Figure 5. CML network topology and density Brno (CZ). Number of CML paths crossing individual pixels within 
the catchment (left). Sewer catchments compared with CML network topology (right) (adapted from Bor, 2014). 

 

  

Figure 6. CML network topology and density Olomouc (CZ). Number of CML paths crossing individual pixels 
within the catchment (left). Sewer catchments compared with CML network topology (right) (adapted from Bor, 
2014). 
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Commercial microwave links instead of rain gauges:
�ction or reality?

Martin Fencl, Jörg Rieckermann, Petr Sýkora, David StrÆnský

and Vojte�ch Bare�

ABSTRACT

Commercial microwave links (MWLs) were suggested about a decade ago as a new source for

quantitative precipitation estimates (QPEs). Meanwhile, the theory is well understood and rainfall

monitoring with MWLs is on its way to being a mature technology, with several well-documented

case studies, which investigate QPEs from multiple MWLs on the mesoscale. However, the potential

of MWLs to observe microscale rainfall variability, which is important for urban hydrology, has not

been investigated yet. In this paper, we assess the potential of MWLs to capture the spatio-temporal

rainfall dynamics over small catchments of a few square kilometres. Speci�cally, we investigate the

in�uence of different MWL topologies on areal rainfall estimation, which is important for

experimental design or to a priori check the feasibility of using MWLs. In a dedicated case study in

Prague, Czech Republic, we collected a unique dataset of 14 MWL signals with a temporal resolution

of a few seconds and compared the QPEs from the MWLs to reference rainfall from multiple rain

gauges. Our results show that, although QPEs from most MWLs are probably positively biased, they

capture spatio-temporal rainfall variability on the microscale very well. Thus, they have great

potential to improve runoff predictions. This is especially bene�cial for heavy rainfall, which is usually

decisive for urban drainage design.
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INTRODUCTION

Rainfall is the main driver for urban runoff and thus rep-
resents a crucial input for urban hydrology. This is
especially important in urban drainage modeling, because
uncertainties in rainfall measurements directly propagate
to the predicted runoff (Fankhauser ����; Stransky et al.
����). In addition, urban catchments are often impervious
and have little depression storage. Thus, their runoff
response is extremely sensitive to spatio-temporal rainfall
dynamics on very �ne temporal and spatial scales (Schilling
����; Berne et al. ����). Unfortunately, such theoretical
requirements for rainfall monitoring are largely neglected
in practice. Our experience shows that the actual state of
national and regional rainfall measurement networks �
and even those speci�cally designed for urban hydrology �
is usually one order of magnitude sparser than optimal. To
complete the missing spatial rainfall information, X-band
radars or local area weather radars are being increasingly

used. Unfortunately, radar rainfall estimates are still affected
by substantial errors (Berne & Krajewski ����), and in
addition, the required high-resolution radar information is
not always available. Recently, commercial microwave
links (MWLs) from telecommunication networks have
been suggested as a novel source of rainfall information
(Messer et al. ����; Leijnse et al. ����), which could provide
quantitative precipitation estimates (QPEs) on the radar
pixel scale or at even �ner resolution. MWLs are point-to-
point radio systems, which connect two remote locations,
mostly at line-of-sight. They usually operate at millimetre
wave lengths, where rainfall drops represent a major source
of signal attenuation, and can provide path-averaged QPEs.

Unfortunately, QPEs from MWLs are in�uenced by
different systematic and random errors. Such errors have
been already described, both theoretically (e.g. Berne &
Uijlenhoet ����; Zinevich et al. ����) and by comparing
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single MWLs with reference rainfall from rain gauges (RGs)
(e.g. Leijnse et al. ����; Fenicia et al. ����; Rieckermann
et al. ����). There have been also several attempts to recon-
struct the spatial rainfall distribution from joined analysis of
nearby MWLs (Zinevich et al. ���	; Goldshtein et al. ����).
However, the in�uence of the topology of MWL networks
on the ability to capture rainfall spatio-temporal dynamics
over small areas of a few square kilometres has not been
reported yet. In addition, in many studies, the frequency of
logged MWL signals was too coarse for urban hydrological
applications (e.g. Leijnse et al. ����; Overeem et al. ����),
and experience with high-frequency observations in tens of
seconds is lacking. In this investigation, we therefore collect
a unique high-resolution (in time and space) dataset from 14
MWLs. We then use the dataset to investigate the in�uence
of different MWL topologies on the retrieved spatio-tem-
poral rainfall dynamics over an urban catchment of a few
square kilometres. Our results show that QPEs from most
MWLs capture microscale rainfall variability very well.
Thus, they can improve runoff predictions at virtually no
cost.

MATERIAL AND METHODS

Experimental data and material

The experimental catchment is located in a suburb of
Prague, Czech Republic, and has an area of about 2.3 km2

(Figure 1) (Fencl et al. ����). The experimental setup consists
of 14 MWLs (MINILINK, Ericsson) operated by T-Mobile
Czech Republic and three dynamically calibrated tipping
bucket RGs (MR3, Meteoservis). We chose to deploy three
RGs based on the suggestions by Schilling (����), who

recommends 1 RG km�2 for most demanding urban hydro-
logical engineering applications.

The MWLs operate at frequencies between 25 and
39 GHz and the quantization of transmitted and received
signal levels (Tx and Rx) is 1 and 1/3 dB, respectively. For
data logging, we designed a speci�c server-sided software
application that actively polls selected MWLs serially
using Simple Network Management Protocol commands
and stores the data in an SQL database (Lhotan ����).
Each MWL is polled approximately �ve times per minute.
The RGs have a funnel area of 500 cm2 and the tipping
bucket has a volume of 5 ml, i.e. one tip per minute corre-
sponds to approximately 6 mm.h�1. The experimental
period was between June and October 2013. In this
period, 17 rain events with total cumulative rainfall exceed-
ing 5 mm occurred. From these, we selected 12 rain events
for our analysis for which data from all the three RGs
were available. The rain events are listed in Table 1. As
MWL * (Figure 1) �uctuates about –5 dB even in dry
periods, we use only data from the other 13 MWLs to
retrieve QPEs.

Quantitative precipitation estimates from
microwave link signals

Path-averaged QPEs from MWLs are computed with a
simple power law model

k … a × Rb (1)

where R (mm.h�1) is the average rainfall along MWL path,
k is the speci�c rain-induced attenuation (dB.km�1), a and b
are parameters that depend on (i) MWL frequency and (ii)
polarization, (iii) rain drop temperature and (iv) drop size
distribution (DSD) (Olsen et al. ���	). For a given frequency
and polarization, they can be either (i) taken from the litera-
ture (ITU ���
), (ii) �tted to reference rainfall data or (iii)

Figure 1 | Left: The experimental catchment (�lled gray) and the MWLs, split into two
distinct groups: northern (IDs with N) and southern (IDs with S) MWLs. The *
labels an MWL that was eliminated due to bad data quality. Right: Detail of the
catchment with the RGs and Thiessen polygons used to calculate reference
areal rainfall.

Table 1 | Rain events selected for the analysis. Maximum rain rate (Rmax) and cumulative
rainfall volume (VR)

Event no. Rmax (mm.h�1) VR (mm) Event no. Rmax (mm.h�1) VR (mm)

1 9 51 7 40 10

2 94 9 8 2 6

3 36 9 9 12 19

4 29 7 10 12 7

5 4 16 11 17 6

6 15 7 12 3 8

32 M. Fencl et al. | Commercial microwave links instead of rain gauges Water Science & Technology | 71.1 | 2015

-37-



calculated directly from reference DSD data. By transform-
ing Equation (1), we can obtain rainfall R (mm.h�1) as a
function of speci�c attenuation k (dB.km�1) and trans-
formed model parameters (Messer et al. ����) as follows:

R … a × kb (2)

where b … b�1 and a … a�b. This inverse procedure requires
the separation of the attenuation caused by rainfall from
the total attenuation. The baseline is usually set based on
dry weather attenuation (Leijnse et al. ����), which can be
calculated as the difference between Tx and Rx. The wet
weather attenuation is, however, affected also by the for-
mation of water on the surfaces of antennas during
rainfall. Thus, speci�c rainfall attenuation k (dB.km�1) can
be expressed as follows:

k(t) … max
Atot(t) � B(t) � Aw(t)

l
, 0

� �
(3)

where Atot(t) (dB) represents total attenuation at time t, B(t)
(dB) is baseline, Aw(t) (dB) is wet antenna attenuation and l
(km) is MWL length.

MWL data pre-processing

First total MWL attenuation is calculated for each MWL
and each time step from the difference between Rx and
Tx. The baseline for dry periods is set equal to this attenu-
ation. For a wet period, the baseline (B) is linearly
interpolated from the total attenuations before and after
this period. A safety window of 1 h before and 6 h after rain-
fall is applied to eliminate potential in�uence of attenuation
by antenna wetting (Aw). Dry and wet periods are evaluated
based on RG data. The wet antenna attenuation is assumed
to be constant during the whole rain event and it is set to
1.5 dB for all MWLs following the recommendation of Over-
eem et al. (����). Speci�c attenuation k (dB.km�1) is
calculated according to Equation (3). As MWLs operate in
two directions on two channels, speci�c attenuation from
both channels is averaged. QPEs, as path-averaged rain
rates, are calculated individually for each MWL with
Equation (2) and speci�c parameters taken from ITU
(���
). All QPEs are aggregated to 1-minute averages.

MWL areal rainfall � MWL observation layouts

To investigate the in�uence of different MWL topologies on
the estimated areal rainfall, we repeatedly retrieve QPEs

with different observation layouts. Speci�cally, we evaluate
13 different layouts with 1�13 MWLs. We �rst evaluate
each layout for all observed events. First, we assign the
MWLs to either a northern (N) or southern (S) group
(Figure 1). Northern/southern division re�ects the predomi-
nant direction of the catchment�s rainfall runoff.

Second, we rank the MWLs in each group in ascending
order according to their relative error in rainfall volume (Ve)
(Equation (5)). This is convenient in practical applications,
since Ve is relatively robust in regard to spatio-temporal rain-
fall variability (Schilling ����). Thus, the reference is readily
available, e.g. from daily cumulative rainfall published by
national weather services.

After ranking, we design different observation layouts by
alternately selecting MWLs from each group. Thus, the �rst
layout only contains the least biased MWL (L1 … {1N}), the
second layout L2 … {1N, 1S}, the third layout L3 … {1N, 1S,
2N} and so on. Layout L13 contains all 13 MWLs. Areal rain-
fall is calculated for each time step as arithmetic means of all
the MWLs of the given layout. Not-available values are
omitted.

Reference areal rainfall

Reference areal rainfall (RAR) is calculated from the three
RGs. First RG data are aggregated to regular time series
with 1-minute time step. The RAR over the catchment is cal-
culated for each time step using weighted mean of all the
three RGs. Weights of the RGs are in proportion to the
areas of the Thiessen polygons (Figure 1, right).

Performance evaluation

We compare MWL rainfall to RAR with two different stat-
istics: the Nash�Sutcliffe ef�ciency index (FNS), which
re�ects an overall agreement of two datasets (Nash & Sut-
cliffe ����), and relative error in cumulative rainfall (Ve).

FNS … 1 �
P

i (R̂i � ~Ri)
2

P
i (~Ri � ~Ravg)2 (4)

Ve …
P

i (R̂i � ~Ri)P
i
~Ri

(5)

~Ri (mm.h�1) is RAR and R̂i (mm.h�1) is the estimated rain-
fall at time step i. ~Ravg (mm.h�1) represents a RAR
averaged over the evaluated period. Ve can range from �1
to ¥, as rain rates cannot be negative. FNS can range from
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�¥ to 1, where 1 represents the perfect match and 0 indi-
cates that the model to estimate rainfall has as much
predictive power as the mean of the observations. A negative
ef�ciency indicates that residual variance is larger than
reference rainfall variance. Both statistics are calculated
for all 12 events together and also for each event separately.
We also calculated the same statistics for each of the three
single RGs separately to compare the MWL observation lay-
outs to common rainfall monitoring practice in urban
hydrology.

RESULTS

In general, we �nd that, �rst, MWLs can capture microscale
spatio-temporal rainfall dynamics very well (Table 2) and,
second, they outperform single RGs especially during
heavy rainfall. Third, the observation layout in�uences the
accuracy of estimated areal rainfall. However, this accuracy
is mainly determined by the precision of the associated
MWLs. Fourth, we �nd that the total cumulative rainfall
estimates are almost independent of MWL topology, at
least in the long run, and their accuracy is usually good if
the MWLs included in the layout are precise and vice versa.

Performance of single MWLs

The Nash�Sutcliffe ef�ciency index (FNS), which re�ects the
short-term temporal dynamics of rainfall, ranges between
�1.80 (MWL 6S) and þ0.69 (3N) for single MWLs. How-
ever, based on FNS, 5 of 12 MWLs outperform the worst
performing RG, and the best MWL even outperforms the
best RG (Table 2). In comparison, the relative error in
total cumulative rainfall (Ve) is between �23 and þ103%

for single MWLs. The worst sensors are MWLs 7N and 6S
(Ve … 93 and 103%), which are short and thus insensitive
to low rain rates. Note, however, that light rainfall events
(those with Rmax < 10 mm.h�1) represent 57% of total cumu-
lative RAR volume (Table 1).

Performance of different MWL observation layouts

Layouts with multiple MWLs show a relatively stable per-
formance regarding capturing rainfall spatio-temporal
dynamics, and even the worst layout (L1) outperforms the
worst performing RG with regard to FNS (Figure 2). Interest-
ingly, the greatest improvement of FNS occurs for L2, which
includes 1S that has a relatively low FNS score (Table 2).
This is, probably, because 1S points in the opposite direction
to 1N and thus increases the coverage of the whole catch-
ment. The best performing layout (L5) with �ve MWLs
(FNS … 0.69) outperforms even the best RG (Figure 2). This
is partly because in this topology the MWL with the best per-
formance (FNS … 0.68) occurs (Figure 2).

Regarding the monitoring of heavy rainfall, the layout
with �ve MWLs has also the highest FNS score (0.72)
(Figure 2, right). However, further increasing the number
of MWLs does not result in a gain of information regarding
FNS. In our view, it is still remarkable that layouts with more
than �ve MWLs outperform even the best performing single
RG.

Finally, we �nd that layouts with relatively more MWLs
show an increase in Ve. In our view, this does not necessarily
indicate bad data quality, but merely arises from the choice
of the performance statistic, the ranking based on total Ve,
and our approach to design the observation layouts. As
almost all the MWLs overestimate total rainfall volume,
they cannot compensate for the bias in this statistic.

Table 2 | Overall performance of individual MWLs and RGs. MWLs are separated according to their location (north/south area of the catchment) and sorted within the catchment according
to the relative error in their estimated total cumulative rainfall (Ve). The length, frequency and polarization are listed for each MWL. RG performance is listed below the MWLs

North South

ID l (km) Freq. (GHz) Pol. Ve (�) FNS (�) ID l (km) Freq. (GHz) Pol. Ve (�) FNS (�)

1N 2.6 32 V 0.04 0.43 1S 3.0 25 V 0.21 0.35

2N 5.8 25 V 0.06 0.41 2S 3.0 25 V 0.38 0.42

3N 4.5 25 V �0.23 0.69 3S 1.9 25 H 0.50 �0.16

4N 1.9 32 V 0.23 0.19 4S 2.0 39 V 0.51 0.25

5N 1.4 38 V 0.50 0.15 5S 1.6 38 V 0.53 �0.10

6N 3.2 26 V 0.69 0.20 6S 1.0 25 H 1.03 �1.80

7N 0.6 33 V 0.93 �1.37 RG1 � � � 0.07 0.55

RG2 � � � �0.04 0.33 RG3 � � � �0.02 0.68
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DISCUSSION

The overall results show that the quality of QPEs from mul-
tiple MWLs depends both on the observation layout and on
the performance of single MWLs included in the layout.
Although we used simple methods to estimate MWL rainfall
and we did not calibrate the MWL rainfall estimation
model, the resulting MWL rainfall dynamics corresponded
very well to the reference one.

First, we brie�y discuss important in�uence factors and
how they depend on the observed rainfall characteristics
and the performance statistics used in the analysis. On the
one hand, MWL precision is crucial when evaluating the
ability of MWLs to capture long-term cumulative rainfall
(Ve). On the other hand, a certain observation layout in�u-
ences considerably the ability of MWLs to capture rainfall
spatio-temporal dynamics (FNS). Interestingly, when only
evaluating heavy convective events (Figure 2, right), the
RGs only poorly capture the high-spatio-temporal variability
of those events. Even if we assume, for simplicity, that the
RGs provide unbiased point QPEs, this leads to substantial
errors in the dynamics of the RAR. In addition, the total
cumulative rainfall for those heavy events is biased. This is
because heavy convective events can be highly variable in
both time and space, and point-measured rainfall can thus
signi�cantly differ from the RAR. In contrast to the RGs,
the MWLs perform relatively stably across all layouts even
during heavy rainfall events.

Second, it is important to discuss signal quality and pre-
processing techniques. We �nd that a quantization of Tx of
1 dB, which corresponds for short MWLs (e.g. 6S or 7N) to

a rainfall rate of about 7 mm.h�1, is related to relatively poor
performance of single MWLs with regard to Ve (Table 2).
This leads not only to high random noise in the rainfall esti-
mates but also to dif�culties in detecting rain-induced
attenuation, i.e. identifying the baseline during dry weather.
Improper determination of rain-induced attenuation results
in biased QPEs. In addition, further bias is probably intro-
duced due to an inaccurate model for wet antenna
attenuation, which was assumed to be constant for all
MWLs (1.5 dB) during all rain events. In our view, the
bias of MWLs could be decreased by local calibration of
Equation (3) for each MWL, if reference rainfall is available.
Also, more advanced baseline separation methods (e.g.
Reller ����) and wet antenna models (e.g. Schleiss et al.
����) could be used. However, it is not well understood
how dry weather attenuation is related to the other than
rain-induced attenuation during wet weather. During wet
weather, the propagation and backscattering of microwaves
in the area of a speci�c MWL, with its building envelopes,
roofs, etc., can be very different from those in dry weather.

Third, we �nd that selection of a suitable MWL layout for
rainfall estimation is always a tradeoff between having (i)
only a few, but precise, MWLs and thus limited coverage of
the area, or (ii) many MWLs that cover the area better but
also include imprecise MWLs which provide less accurate
QPEs. In our case study, we considerably improved the
results by eliminating those MWLs, which showed (i) logging
problems due to missing observations of Rx and Tx, or (ii) log-
ging problems due to constant records of Rx and Tx during
wet periods, or (iii) short-term random peaks of several dB
of Rx or Tx (often only one or a few highly biased single

Figure 2 | Left: Performance of three single RGs and 13 different MWL observation layouts for all 12 rain events. Right: Performance for eight heavy rain events with Rmax > 10 mm.h�1.
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records), or (iv) signi�cant Rx or Tx �uctuations during both
dry and wet weather. In an extreme case, we found an MWL
with �uctuations of more than –5 dB over the whole exper-
imental period. So far, we identi�ed these behaviors by
visual inspection of the data, which would be dif�cult for
hundreds or thousands of MWL signals. Therefore, more
advanced data validation procedures are needed to further
improve QPEs with MWLs. Ideally, this should be possible
a priori, without the need for reference measurements,
which are often long and expensive.

Finally, the results of analysis are based on reference
rainfall from only three tipping bucket RGs. Although we
made special effort to dynamically calibrate the RGs and
also to ensure their regular maintenance, tipping bucket
RGs are still affected by different sources of uncertainty
(Sevruk ����). In addition, even for such a small area, so
few RGs cannot cover rainfall spatial variability completely.
However, although the RAR does not necessarily represent
the true areal rainfall over the catchment, our network of
RGs is much denser than those that are usually used in prac-
tical urban drainage studies. Against this backdrop, our
analysis can also be interpreted as a comparison of MWLs
to an RG network, which ful�lls, or even surpasses, the
most demanding requirements for practical urban rainfall
monitoring. As brie�y discussed above, in our analysis, we
fully appreciate the uncertainty in our observed RAR. This
does not change the general conclusions of this paper.

CONCLUSIONS

Our analysis shows that QPEs from MWL networks can
very well complement single RG measurements. For urban
hydrology, the biggest bene�t is probably information on
the spatial rainfall variability, which can greatly improve
areal rainfall estimation, especially during heavy rainfall.
We demonstrated that the observation layout of a given
MWL network in�uences the accuracy of estimated areal
rainfall and that this accuracy is substantially in�uenced
by the precision of single MWLs included in the layout.
Therefore, one major conclusion is that the MWLs used to
derive QPEs should be selected very carefully. In our case
study, even layouts with just a single MWL can capture
areal rainfall very well, which is probably generally the
case where the length of an MWL corresponds to the
length-scale of the catchment and the spatial scale of the
rain cells. Therefore, we expect that only a few very precise
MWLs deliver the most accurate areal QPEs. If no infor-
mation on the quality of certain MWLs is available yet, the

best QPE is the mean of all available MWLs. Finally, the
results of this study show that uncalibrated rainfall estimates
from MWLs overestimate rainfall. Nevertheless, they cap-
ture microscale rainfall spatio-temporal variability much
better than RGs and can therefore greatly improve runoff
simulations. This is especially bene�cial for heavy rainfall,
which usually determines the design and cost of urban
drainage infrastructure.
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Runoff prediction using rainfall data from microwave
links: Tabor case study

David Stransky, Martin Fencl and Vojtech Bares

ABSTRACT

Rainfall spatio-temporal distribution is of great concern for rainfall-runoff modellers. Standard rainfall

observations are, however, often scarce and/or expensive to obtain. Thus, rainfall observations from

non-traditional sensors such as commercial microwave links (CMLs) represent a promising

alternative. In this paper, rainfall observations from a municipal rain gauge (RG) monitoring network

were complemented by CMLs and used as an input to a standard urban drainage model operated by

the water utility of the Tabor agglomeration (CZ). Two rainfall datasets were used for runoff

predictions: (i) the municipal RG network, i.e. the observation layout used by the water utility, and

(ii) CMLs adjusted by the municipal RGs. The performance was evaluated in terms of runoff volumes

and hydrograph shapes. The use of CMLs did not lead to distinctively better predictions in terms of

runoff volumes; however, CMLs outperformed RGs used alone when reproducing a hydrograph�s

dynamics (peak discharges, Nash�Sutcliffe coef�cient and hydrograph�s rising limb timing). This

�nding is promising for number of urban drainage tasks working with dynamics of the �ow.

Moreover, CML data can be obtained from a telecommunication operator�s data cloud at virtually no

cost. That makes their use attractive for cities unable to improve their monitoring infrastructure for

economic or organizational reasons.
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INTRODUCTION

Rainfall-runoff models, a basic hydroinformatic tool of
urban drainage management, have been used for almost
three decades (Vojinovic & Abbott ����) and are of great
help in operational tasks as they enable the optimization
of urban drainage systems and more effective planning of
their development. However, model performance is affected
by uncertainties arising from input data, model structure and
identifying model parameters (Renard et al. ����) which can
lead to wrong decisions and to an inef�cient drainage oper-
ation and unexpected failures as a result. Thus, it is crucial
not only to carefully construct and calibrate the rainfall-
runoff model but also to input reliable rainfall data. How-
ever, this requires dense and well-maintained rainfall
observation networks (Schilling ����).

The density of rain gauges (RGs) in the networks is
usually suf�cient for reliable runoff prediction only in the
case of experimental setups or short-term installations, e.g.
Niemczynowicz & Dahlblom (����) (12 RGs in a 20 km2

catchment), Lei (����) (seven RGs in a 0.4 km2 catchment)
and Fencl et al. (����) (six RGs in a 1.24 km2 catchment).
However, RG density in networks used for operational pur-
poses (i.e. permanent installations) is usually much sparser
for practical and �nancial reasons (Berne et al. ����) and
is often insuf�cient for runoff predictions, especially
during convective storms, which exhibit strong spatial vari-
ations over short distances (Goudenhoofdt et al. ����).

Completing ground observations by weather radar
would be a logical option, though it has several major disad-
vantages: (i) weather radar measures hundreds of metres
above ground, (ii) it is affected by a variety of errors, and
(iii) it is not often available and new installations are
rather expensive (Thorndahl et al. ����). Therefore, a
novel, economically viable source of rainfall data is
needed for operational applications (Rabiei et al. ����).
Most studies seek alternatives which are either not initially
intended for rainfall estimation or have low operational

351 ' IWA Publishing 2017 Water Science & Technology | Bonus Issue 2 | 2017

doi: 10.2166/wst.2018.149

-60-

mailto:david.stransky@cvut.cz


costs, e.g. acoustic rain gauges (de Jong ����), RainCars
(Haberlandt & Sester ����) and microwave links (Upton
et al. ���	). Commercial microwave links (CMLs) in particu-
lar have attracted wider interest in the hydrological and
meteorological research community in the last decade.

CMLs are radio connections widely used to connect cel-
lular network nodes, thus their density is especially high in
urbanized catchments where data traf�c is generally high.
CMLs operate at millimetre wavelengths where radio
waves are substantially attenuated by raindrops (Olsen
et al. ����). This attenuation can be related to rainfall inten-
sity along the link path (Messer et al. ����):

R … a � kb (1)

where R [mm/h] is rainfall intensity, k [dB/km] speci�c
attenuation of CML caused by raindrops along its path
and a and b empirical parameters dependent on CML fre-
quency, polarization and drop size distribution. The CML
rainfall estimates are, however, often biased due to a variety
of other factors in�uencing CML attenuation (Leijnse et al.
����) which hinders proper identi�cation of k. Different
uncertainties affecting CML rainfall estimates have been
addressed in specially designed experimental setups (e.g.
Fenicia at al. ����; Schleiss et al. ���
).

Fencl et al. (����) showed that CML data can be com-
bined with rain gauges to provide reliable high-resolution
quantitative precipitation estimates (QPEs) in a pilot catch-
ment in Prague � Letnany, in the Czech Republic. However,
it is not clear to what degree the method is suitable for rou-
tine modelling tasks and is able to improve rainfall-runoff
predictions. Moreover, CML density in the Letnany pilot
catchment is an order of magnitude higher (»15 CMLs/
km2) than the average CML density in the majority of
Czech cities (»1.4�2.7 CMLs/km2) (Fencl et al. ����). Never-
theless, even sparser CML networks have substantially
higher densities than RG networks (typically 0.05�
0.10 RGs/km2 in larger Czech cities) and could therefore
conveniently complete existing rainfall monitoring
networks.

In this work, we use CML data as a supplement to a
municipal monitoring scheme (a permanent monitoring net-
work used for a drainage network operation) and compare
simulated and measured runoffs. Only models and data
(except CMLs) provided by the water utility are used, i.e.
we tested the extent to which CMLs can be integrated into
standard non real-time tools used for urban drainage man-
agement, and whether they can improve the performance
of those tools. The case study was carried out in a catchment

of the Tabor agglomeration with a CML density typical of
the majority of Czech cities.

METHODS

The rainfall-runoff model (MIKE URBAN, MOUSE model,
DHI) of the Tabor agglomeration was provided by the
water utility. Runoff hydrographs were simulated using rain-
fall data from (i) the municipal RG network alone and
(ii) CMLs adjusted by municipal RG network observations.
The reliability of simulations for each rainfall observation
layout was evaluated by comparison with the measured
runoff.

Catchment

An agglomeration of the cities of Tabor, Sezimovo Usti and
Plana nad Luznici (a catchment area of 16 km2, 46,000
inhabitants) was selected for the case study. The catchment
has diverse land uses and is drained by a combined sewer
system with a total length of 209 km. The drainage system
is connected to two wastewater treatment plants (WWTPs)
for 20,000 (WWTP1 � Klokoty) and 90,000 PE (WWTP2 �
ACOV) respectively.

Municipal monitoring network

The municipal urban drainage monitoring network, estab-
lished in 2013�2014, is extensive in comparison to similar
sized or even larger cities around the world. It consists of
�ve permanent tipping bucket RGs and seven �owmeters,
supplemented by several portable �ow measurements for
ad hoc purposes.

In the present study, data from all RGs and four �ow-
meters covering the largest sewer sub-catchments were
used. Flowmeters of interest are located as shown in Figure 1:
(FL1) WWTP1 in�ow, (FL2) Old Town and Klokoty catch-
ment, (FL3) Horky catchment; (FL4) WWTP2 in�ow.

CML data

There are 15 CMLs operated by T-Mobile, CZ in the agglom-
eration (see Figure 2, Table 1). CML attenuation data are
collected in near real-time at a sampling frequency of
approximately 10 seconds using a speci�c server-sided soft-
ware application running at the network operational centre
at T-Mobile headquarters in Prague. The application actively
polls selected CMLs using simple network management
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protocol (SNMP) commands and stores the records in an
SQL database (Fencl at al. ���	). CML attenuation data are
processed and adjusted according to Fencl et al. (����) using
data from �ve permanent RGs aggregated to 15-min intervals
resulting in QPEs at 1-min temporal resolution for each CML.

Rainfall-runoff model

The rainfall-runoff was simulated using a detailed rainfall-
runoff model. The model was constructed, calibrated and
veri�ed within the agglomeration urban drainage master

Figure 1 | The Tabor agglomeration catchment with the municipal monitoring network (tipping bucket rain gauges and �owmeters). Thiessen polygons depicting the assignment of RGs to
the rainfall-runoff model.

Figure 2 | De�nition of regions for the assignment of path-averaged rainfall information.
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plan in 2007 and consists of 2,117 nodes, 62 combined
sewer over�ows and 12 pumping stations.

Two rainfall inputs were used: (i) municipal RG network
alone and (ii) CMLs adjusted by RGs. The evaluated rainfall
events occurred from spring to autumn 2014. For the
performance evaluation, 11 rain events were selected
(Table 2). The most intense rainfall event (May 23) has a
20-year return period (30-min duration window) and the
rainfall event with highest rainfall depth (May 27) has a
more than 10-year return period (240-min duration
window).

Assigning rainfall to the model

The CMLs have different lengths and are distributed unevenly
over the catchment. To assign the CML path-averaged rainfall

information to the model sub-catchments, the catchment was
divided into eight regions representing the sewer system top-
ology and the CML network topology (Figure 2).

The regions close to the city centre (a�d) are well-covered
by CMLs. Moreover, each CML crosses only one region.
Each CML can, therefore, be directly assigned to the region
being crossed by its path. CML ID 6 is excluded as 80% of
its path extends beyond the region. The QPEs from CMLs
belonging to the same region are averaged as simple means.
The remaining regions (e�h) are covered mostly by long
CMLs extending outside of their areas and crossing several
regions or (in the case of region e) not covered at all. To
assign the CMLs to these regions reliably, the following
assumptions were made: (i) the most representative CML
for an uncovered catchment was the closest CML with a
length scale similar to the region, (ii) the CML crossing

Table 1 | Characteristics of CMLs in the Tabor agglomeration catchment

ID Frequency (GHz) Azimuth Length (m) ID Frequency (GHz) Azimuth Length (m)

1 25 279� 601 9 38 107� 957

2 25 310� 1,365 10 32 118� 1,673

3 38 68� 1,363 11 38 124� 1,471

4 32 81� 5,274 12 25 150� 5,078

5 25 95� 514 13 38 185� 266

6 19 96� 10,257 14 25 153� 2,742

7 38 104� 1,950 15 23 157� 7,269

8 32 110� 2,075

The origin of azimuth vectors was set to the CML hub in the city centre with the exception of CML ID 8 (vector origin was placed about 230 m east of the hub as the antenna is mounted on a
different building than the hub) and CML ID 13 (short link in Sezimovo Usti, vector origin was set to northern node of the link). Polarization of CMLs is unknown, but were not of interest as
QPEs were adjusted by ground measurements provided by municipal RG network.

Table 2 | Rain events used for the performance evaluation

No. Date Duration (min) Depth (mm) Max. 1-min intensity (mm/h) Average intensity (mm/h)

1 May 23 0�45 0�28.8 0�180 0�71

2 May 27 180�260 17.5�64.4 18�204 3.5�14.8

3 Jul 21 254�350 8.3�23.2 30�78 1.6�4.1

4 Jul 28 17�37 5.6�11.5 42�84 11.8�31.3

5 Jul 30 81�149 5.5�26.5 30�66 2.9�18.9

6 Aug 04 26�46 5.4�26.7 36�192 11.2�35.9

7 Aug 11 418�464 9.7�10.6 6�36 1.3�1.5

8 Aug 27 593�789 20.5�25.3 12�36 1.7�2.3

9 Aug 31 188�578 16.0�24.9 12�48 2.4�8.0

10 Sep 01 1298�1708 12.3�15.2 6�12 0.5�0.6

11 Sep 20 54�451 2.5�7.7 6�42 0.8�2.8

The range of values describes the variability between municipal network rain gauges. All rainfall events occurred in 2014.
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more regions was most representative for a region close to its
midpoint, and (iii) long CML were divided into virtual sec-
tions (s1 � si) and rainfall distribution along these sections
was estimated using observations from a nearby CML (Gold-
shtein et al. ����). In our case, it was convenient to divide
CML ID 15 into two sections. The �rst section (s1) corre-
sponds to the length of the shorter CML ID 12 with a joint
node and similar azimuth but shorter path, while the
second section (s2) corresponds to the rest of the CML ID
15 path (Figure 3), thus representing region g relatively well.
The rainfall intensity along section s1 was considered to be
the same as the rainfall intensity along the shorter CML ID
12. Therefore, the rainfall intensity of section s2 can be
expressed and calculated from Equations (2)�(4).

RCML ID 15

…
RCML ID 15 s1ð Þ � LCML ID 15 s1ð Þ þ RCML ID 15 s2ð Þ � LCML ID 15 s2ð Þ

LCML ID 15

(2)

RCML ID 15 s1ð Þ … RCML ID 12 (3)

LCML ID 15 s1ð Þ … LCML ID 12 (4)

where R is the rainfall intensity along the CML path (or its
section) and L is the length of a CML (or its section). CML
data assignment to the regions is summarized in Table 3.

The municipal RG network data are assigned to the
model sub-catchments using Thiessen polygons (Figure 1).

Performance criteria

The agreement of each simulated runoff hydrograph with the
measured one was evaluated using following performance

criteria: (i) relative error between the hydrograph volumes
(�V ), (ii) relative error between hydrograph peak discharges
(�Qmax), (iii) Nash�Sutcliffe model ef�ciency coef�cient
(NSE), (iv) time shift between the start of the discharge rises
(�T(s)), and (v) time shift between the end of the discharge
rises (�T(e)) (Figure 4). Peak discharge statistics wee
calculated for events with at least 15% pipe �lling to avoid
large relative errors during low �ows.

The start of the discharge rise was de�ned as the time of
the �rst discharge value higher than the dry-weather base
�ow, followed by a further increase in the value of the dis-
charge. The end of the discharge rise was de�ned either as
the time of peak discharge value for sharp-peaked hydro-
graphs, or as the time when a gradient of a hydrograph�s

Figure 3 | Separation of the longer CML ID 15 into two sections. The �rst section�s (s1)
rainfall intensity was considered to be the same as the rainfall intensity of the
shorter CML ID 12 with the same joint node and similar azimuth; the second
one (s2) was calculated according to Equations (2)�(4).

Table 3 | CML data assignment to regions

Region Relevant CML ID Comment

a 3, 4 Rainfall intensity averaged from
relevant links

b 5, 7, 8, 9, 10, 11 Rainfall intensity averaged from
relevant links

c � Region does not affect �ow in
monitored locations

d 1, 2 Rainfall intensity averaged from
relevant links

e 14 CML lies outside the region, but
is closest of all CMLs

f 12, 13 Rainfall intensity averaged from
relevant links

g � Rainfall intensity averaged from
regions f and h

h 15, (12) CML 15 divided into two
sections with help of CML ID
12, see Equations (2)�(4)

CML ID 6 was not used as only 20% of its length lies within the urbanized catchment.

Figure 4 | Evaluation of the hydrograph rising limb time shift. Times of rise start and rise
end were identi�ed in simulated hydrographs and then compared to data
monitored by a �owmeter.
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rising limb decreased to zero for ��at-top� hydrographs.
Nevertheless, manual speci�cation was needed in several
cases of ��at-top� hydrographs, where slight inaccuracy in
the gradient of simulated runoff might cause gross error in
the time shift although the overall characteristics of the
hydrograph were very well reproduced.

In total, 44 pairs of hydrographs were investigated,
i.e. 11 rain events in four discharge monitoring locations. In
11 cases, measured discharge data were not representative
(e.g. gaps in measurement and high data noise). Therefore,
the evaluation was performed for 33 hydrographs.

RESULTS AND DISCUSSION

No distinctive difference between hydrograph volumes
simulated using the municipal RG network and CMLs was
observed as the CML attenuation rainfall model was
adjusted to the RG observations (Table 4). The peak dis-
charges are, however, better reproduced by rainfall
observations complemented by CMLs with �Qmax … 1.7%
(s … 11.4%) compared to �Qmax … 8.0% (s … 19.4%) when
RG observations were used alone (Table 4). Similarly, use
of CMLs leads to substantially better performance in terms
of NSE. The substantial increase of NSE was observed at
the monitoring points FL1 and FL2 (Table 4).

Further, completing municipal RG network with CMLs
substantially improved the timing of the hydrograph�s rising
limb of the simulated runoff (Figure 5). 52% of hydrographs
showed better timing for CML-based simulations, 36% of
hydrographs showed no distinctive differences between
both datasets. Finally, by 12% of hydrographs only the
rising limb was better reproduced by RGs alone. Results
for all 33 studied hydrographs are shown in a scatter
graph in Figure 6.

Results based on a municipal RG network showed an
earlier rise of discharge as most events were in the lower-
left quadrant of the scatter graph. This bias was site-speci�c
as it depended on terrain morphology, the topology of the
permanent RG network and prevailing meteorological

Table 4 | Average difference in volume, peak discharge and average Nash�Sutcliffe model
ef�ciency coef�cient for municipal RG-based hydrographs and CML-based
hydrographs (compared to monitoring data for 11 rainfall events)

Monitoring point FL1 FL2 FL3 FL4

�VRG [%] þ6.4 þ4.3 þ9.2 þ6.2

�VCML [%] þ6.9 þ2.9 þ12.0 þ8.2

�QmaxRG [%] þ10.3 �a þ7.5 �3.2

�QmaxCML [%] þ6.2 �a þ3.3 �7.2

NSERG [-] 0.616 0.556 0.507 0.553

NSECML [-] 0.785 0.736 0.549 0.569

The small systematic volume overestimation was caused by the original rainfall-runoff
model calibration that was made on the �safe side� (i.e. not to underestimate runoff).
aWhen runoff events with less than 15% pipe �lling were excluded, the statistical set for
monitoring point FL2 was not representative due to the small number of elements in the set.

Figure 5 | Examples of improved rising limb timing with the CML data; July 30 event in the discharge-monitoring location FL1 (upper graph) and September 20 event in the discharge-
monitoring location FL2 (lower graph).
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conditions. Results based on CMLs were more equally dis-
tributed around zero. Furthermore, con�dence intervals
were much narrower in the case of CML results than in
the case of the municipal RG network. This indicates that
CMLs reproduce temporal dynamics of rainfall better than
RGs, which is consistent with our previous �ndings (Fencl
et al. ���
) as well as previous studies (e.g. Ochoa-Rodriguez
et al. ���	), from which it can be concluded that temporal
resolution of rainfall information has a greater effect upon
hydrodynamic modelling than spatial resolution.

Further, CML-based simulations captured the runoff
dynamics at the Horky catchment surprisingly well
(Figure 7). This catchment is a speci�c (region e in Figure 2)

as no CML crosses it and the outlying CML ID 14 had to be
assigned to the catchment (Figure 2, Table 3). The good per-
formance of CML-based runoff predictions may have been
due to the path-integrated CML rainfall intensity represent-
ing a larger area than the rainfall intensity measured at
one point by a single RG.

Although no extreme rainfall events were monitored
during the experimental period, we expect CMLs to be less
prone than RG networks to completely missing convective
cells as CMLs cover urban catchments better than RGs.
Nevertheless, the adjusting algorithm would need to be
further developed to also perform satisfactorily for extreme
convective rainfall events with high spatial variability

Figure 6 | Time shifts in the rising limbs of the analysed runoff hydrographs based on the permanent RG network data (left) and the CML data (right). Rectangles shown by the dashed lines
de�ne 90% con�dence intervals. The diagonal lines divide the plots into areas where the simulated rising limbs have a smaller gradient than those measured (left upper plot
area) and a higher gradient than those measured (right lower plot area).

Figure 7 | CMLs data performance in the region e � Horky (discharge monitoring point FL3) equipped with one municipal RG, but no CML crosses the region. May 27 event runoff (left) and
scatter plot of time shifts in rising limbs (right).
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(Fencl et al. ����). Furthermore, areal rainfall with an even
spatial distribution over the individual regions (see
Table 3) were used in this study as an input for rainfall-
runoff model. This might be insuf�cient during highly vari-
able convective storms, in which case the introduction of
rainfall spatial reconstruction as proposed e.g. by Gold-
shtein et al. (����) might be necessary.

Catching extreme rainfall intensities also depends on
CML functional availability which is related to signal attenu-
ation by rain drops. As the requirement for availability is
typically set to 99.999% of the time, CMLs can be inopera-
tive up to 5.26 min per year. However, our experience
with data collected in 2012�2018 shows that the availability
is higher than required.

The above-stated �ndings show an improvement of runoff
prediction by integrating the CML data into the urban drai-
nage monitoring network. Although our results are speci�c
to Tabor�s catchment, we are con�dent that CMLs can
improve the performance of rainfall-runoff models in other
cities. Tabor�s municipal urban drainage monitoring network
is one of the densest in Czech cities of similar size and corre-
sponds better to the monitoring networks of cities of about
100,000 inhabitants. The effect of additional rainfall infor-
mation from CMLs in sparsely gauged urban catchments is
likely to be even more signi�cant.

There are several options for combining the CML data
with the permanent RG network data. One of these options
is to use the RG data not only for CML corrections, but also
as additional information for rainfall spatial distribution.
However, since we used this case study for CML data
validation with the help of hydrological modelling, we
evaluated the data sources separately to be consistent with
our previous work (e.g. Fencl et al. ����).

CONCLUSIONS

In this paper, we have presented the rainfall-runoff model-
ling results from a case study in the Tabor agglomeration,
Czech Republic, in which the municipal RG network was
complemented by CML �rainfall sensors�. We concluded
the following:

� CML implementation into the monitoring scheme led to
improved prediction in the catchment with an above-
standard municipal monitoring network and moderate
CML coverage.

� CML �rainfall sensors� improved the prediction of hydro-
graph dynamics in all related performance criteria (peak

discharge Qmax, NSE and rising limb timing). This is
important for a wide range of urban drainage tasks.

� The results of the presented case study are encouraging,
especially because CML data are technically easy to
obtain from a telecommunication operator�s data cloud
at virtually no cost. Furthermore, the use of the existing
CML infrastructure minimizes the risk of physical inter-
ference which might occur when extending the rainfall
monitoring network with new RGs or local weather
radar.

Thus, CML data represent a promising alternative for
cities unable to improve their monitoring infrastructure for
economic or organizational reasons, and can contribute to
improving their urban stormwater management.
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Precipitation Estimates From Commercial
Microwave Links: Practical Approaches

to Wet-Antenna Correction
Jaroslav Pastorek , Martin Fencl , Jörg Rieckermann, and Vojt�ech Bare�

Abstract—An inadequate correction for wet-antenna attenua-
tion (WAA) often causes a notable bias in quantitative precipita-
tion estimates (QPEs) from commercial microwave links (CMLs)
limiting the usability of these rainfall data in hydrological
applications. This article analyzes how WAA can be corrected
without dedicated rainfall monitoring for a set of 16 CMLs.
Using data collected over 53 rainfall events, the performance of
six empirical WAA models was studied, both when calibrated
to rainfall observations from a permanent municipal rain gauge
network and when using model parameters from the literature.
The transferability of WAA model parameters among CMLs
of various characteristics has also been addressed. The results
show that high-quality QPEs with a bias below 5% and root-
mean-square error (RMSE) of 1 mm/h in the median could be
retrieved, even from subkilometer CMLs where WAA is relatively
large compared to raindrop attenuation. Models in which WAA
is proportional to rainfall intensity provide better WAA estimates
than constant and time-dependent models. It is also shown that
the parameters of models deriving WAA explicitly from rainfall
intensity are independent of CML frequency and path length
and, thus, transferable to other locations with CMLs of similar
antenna properties.

Index Terms—Attenuation, bias, commercial microwave links
(CMLs), rainfall, wet antenna.

I. INTRODUCTION

RAINDROPS cause considerable attenuation of a radio
signal at millimeter wavelengths. Commercial microwave

links (CMLs) routinely monitor transceived signal levels.
The difference between the transmitted and received levels,
TRSL [dB], can be used to derive quantitative precipitation
estimates (QPEs) [1]. However, attenuation from raindrops
along the CML path Ar [dB] must be separated from other
components of TRSL such as wet-antenna attenuation (WAA)
using the relation

TRSL = B + A (1)
A = Awa + Ar (2)

Manuscript received June 3, 2021; revised July 22, 2021; accepted
August 23, 2021. Date of publication September 15, 2021; date of
current version January 21, 2022. This work was supported in part by
the Czech Science Foundation under Project 20-14151J and in part by
the Grant Agency of the Czech Technical University in Prague under
Project SGS19/045/OHK1/1T/11 and Project SGS20/050/OHK1/1T/11.
(Corresponding author: Jaroslav Pastorek.)

Jaroslav Pastorek, Martin Fencl, and Vojt�ech Bare� are with the Depart-
ment of Hydraulics and Hydrology, Czech Technical University in Prague,
16627 Prague, Czech Republic (e-mail: jaroslav.pastorek@fsv.cvut.cz).

Jörg Rieckermann is with the Department of Urban Water Manage-
ment, Eawag: Swiss Federal Institute of Aquatic Science and Technology,
8600 Dübendorf, Switzerland.

Digital Object Identi�er 10.1109/TGRS.2021.3110004

where B [dB] represents baseline attenuation consisting of,
e.g., free-space loss and gaseous attenuation, A [dB] stands
for observed attenuation after baseline separation (henceforth
referred to as �observed attenuation�), and Awa [dB] represents
WAA. Inadequate correction for WAA often causes substantial
bias in CML QPEs [2] limiting their usability in hydrological
applications such as the prediction of rainfall-driven runoff in
urban areas [3].

To date, there is no uni�ed approach to estimate WAA,
and the reported WAA models follow different assumptions.
For example, drying times of up to several hours have been
reported [4], whereas other studies have not considered any
wetting or drying dynamics at all, relating WAA only to
rainfall intensity [5], [6]. It has also been suggested to estimate
WAA based on water quantity and distribution (droplets,
rivulets, and water �lm) on antenna radomes [7], [8]. Recently,
it has been shown that WAA can be estimated using antenna
re�ectivity acting as a proxy variable for water �lm thick-
ness [9]. However, applying this model is signi�cantly limited
by the unavailability of the required antenna re�ectivity mea-
surements. Therefore, the complexity of the antenna (radome)
wetting process, namely its dependence on antenna hardware
properties (e.g., coating [10]) and on atmospheric conditions
other than precipitation, remains a major challenge to reliable
WAA estimation. It also negatively affects the transferability of
WAA models among different CMLs and, thus, optimal WAA
models should ideally be determined for each individual CML.
This is especially true for models whose parameters depend
on CML path length, e.g., [6]. However, optimal WAA model
identi�cation (e.g., for calibration purposes) on the level of
individual CMLs is challenging for real-world application with
networks consisting of a high number of CMLs. As noted
in [11], maintenance of dedicated equipment for the retrieval
of the needed reference rainfall observations is impractical for
such networks. Consequently, application-focused studies with
city or regional-scale CML networks have often not applied
any WAA correction at all [12], [13] or have used only a
simple constant offset model [3], [14], [15], [16]. Although the
latter approach may be a reasonable choice when only 15-min
TRSL maxima and minima are available [2], it can intro-
duce considerable bias in the resulting CML QPEs [3], [17].
To avoid such errors, Graf et al. [18] recently tested a time-
dependent [4] and a semiempirical WAA model assuming a
homogeneous water �lm on antenna radomes, which depends
on rain rate through a power law [7]. However, in the case
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of both WAA models, only a single set of �xed parameters
for all of around 4000 CMLs from their extensive dataset was
used and this did not address the suitability of the WAA model
parameters for individual CMLs.

This study analyzes, for the �rst time, six empirical WAA
models, including a newly proposed one, based on consid-
erably different assumptions and tests their performance in
detail. In contrast to previous studies, often limited by a
low number of CMLs investigated [4], [7], [10], short time
series of a few months [7], [14], [15], or 15-min CML data
sampling intervals [14], [19], and a rich dataset of more than
two years of data retrieved from 16 CMLs with a subminute
sampling rate was used. Motivated by the vision of reducing
the costs of future studies with high numbers of CMLs, we also
address the previously recognized need [11], [18] to minimize
the amount of auxiliary data necessary for WAA estimation
without compromising the quality of retrieved QPEs and,
thus, we introduce three conceptual innovations not previously
presented in the relevant literature. First, we show how the
investigated empirical WAA models can be calibrated while
notably minimizing the requirements on the reference rainfall
data necessary, i.e., using only a rain gauge (RG) network
with a spatial resolution of one gauge per 20�25 km2 and a
temporal resolution of 15 minutes. Second, we analyze the
variability in WAA model parameters optimized for different
CMLs, thus indirectly assessing parameter uncertainties, and
investigate which of the studied models can provide reliable
WAA estimates without being calibrated for each individual
CML. This includes a reformulation of a previously reported
WAA model [5]. Third, we suggest a procedure enabling the
application of rainfall-dependent WAA models without any
auxiliary rainfall observations, i.e., using only CML data.

II. MATERIAL

The dataset originates from a case study in the Let�nany
suburb of Prague, Czech Republic [3]. Signal-level data from
16 CMLs are used, as well as rainfall observations from three
tipping-bucket RGs (MR3, Meteoservis) from a permanent
monitoring network operated by the municipal sewer authority
with a density of one gauge per 20�25 km2 (Fig. 1). The CMLs
(Mini-Link, Ericsson) belong to a major telecom operator,
broadcast at 25�39 GHz frequencies and feature path lengths
between 816 and 5795 m (Table I). CML data were retrieved at
a 10-s resolution with a common quantization of 1 and 0.33 dB
for the transmitted and received signal power, respectively.
RG data were recorded at a 1-min resolution. The dataset
was collected between July 2014 and October 2016, excluding
winter months (December�March) as CML signal attenuation
by frozen precipitation, occurring in winter periods, is consid-
erably different than that of liquid precipitation. Moreover,
our monitoring setup is designed for periods with liquid
precipitation only, as the RGs are not heated.

III. METHODS

Attenuation data from the CMLs are processed
(Section III-A) and corrected for WAA using six empirical
WAA models (Section III-B). The resulting CML QPEs are

Fig. 1. Spatial relations of the CMLs and RGs. CMLs are labeled with IDs
(# from Table I), which increase with CML path length.

TABLE I
CHARACTERISTICS OF THE CMLS USED. FREQA AND FREQB ARE CML

FREQUENCIES FOR THE TWO DIRECTIONS. THE NA VALUES INDICATE
THAT RECORDS ARE NOT AVAILABLE

evaluated against the RG data from the municipal network
(Section III-C).

A. From Signal Levels to CML QPEs
CML data processing steps before baseline separation,

including a quality check and aggregation to a 1-min reso-
lution, are done in the same way as in [3]. B is assumed
to equal TRSL (1) during dry periods. During wet periods,
B is estimated by linearly interpolating from the dry periods.
Data available from both CMLs and RGs are used for the wet
period identi�cation. First, we identify wet timesteps for the
CML data (mean TRSL of all CMLs) using a climatological
threshold [20] de�ned as the 90th percentile of the rolling
standard deviation of a 60-min window. For the RG data,
timesteps are identi�ed as wet when gauge tipping is observed
at one or more gauges. Subsequently, wet periods are de�ned
for both sensor types by setting the start of a wet period to
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TABLE II
OVERVIEW OF THE EMPIRICAL WAA MODELS AND THEIR PARAMETERS

one minute before the �rst observed wet timestep and the end
to 60 min after the last one to ensure that baseline interpolation
is not affected by wet antennas. Afterward, the wet periods
de�ned by the two sensor types are merged by taking the
earliest starts and the latest ends. These periods are then used
for the baseline separation using the linear baseline model.

After the baseline separation, Awa is subtracted (details in
Section III-B) to obtain raindrop attenuation Ar [dB]. Then, Ar
is divided by the CML path length and thus transformed into
speci�c raindrop attenuation � [dB/km] from which rainfall
intensity R [mm/h] is calculated using the power-law relation

R = �� � (3)

with parameters � and � according to ITU-R [21]. These para-
meter values are in very good agreement with values derived
directly from drop size distribution observations [2], [5]; how-
ever, they may not be optimal for other rain-type regions [19].

B. Empirical WAA Models
We evaluate six empirical models for WAA correction and

a scenario without correcting for WAA (zero) (Table II). For
all models, it is assumed that WAA is estimated for two
antennas, i.e., at both CML ends. The simplest approach
is to model WAA Awa as a constant offset (O) [14]. In a
more complex method, we model Awa as time-dependent,
exponentially increasing toward an upper limit during wet
periods, and decreasing exponentially afterward (S) [4].

Next, we evaluate models where Awa depends on R.
Valtr et al. [5] proposed a model (V) where the dependence
on R is explicit through a power law

Awa = 2k �R� �
(4)

where k � and � � are the power-law parameters. We also
analyze a model (KR) suggested by Kharadly and Ross [6]
deriving Awa from observed attenuation A, i.e., depending
on R implicitly. However, as A is dependent on CML path
length, optimal parameters of the KR model would differ
for two CMLs with the same hardware but with different

path lengths. To eliminate this feature, we propose a model
(KR-alt) in which Awa is bounded by an upper limit, as in [6],
but derived from R explicitly through a power law

Awa = C(1 � exp (�d Rz)) (5)

where C [dB] represents the maximal Awa possible and d and z
are power-law parameters. Nevertheless, as optimal C and d
values are not independent and can compensate for each other
(similar to the KR model, see Fig. 5), we reduce the number
of parameters to two by setting d = 0.1.

WAA models with parameters independent of CML path
length can also be formulated when Awa is derived explic-
itly from � , not only R. However, it is unclear which of
the two alternatives would provide WAA model parameters
independent of CML frequency. Unlike � , R is independent
of CML frequency. The results from [7] suggest that Awa is
also considerably less sensitive to CML frequency than Ar
or � . Therefore, parameters of the models deriving Awa from R
explicitly are probably more transferrable among frequencies.
To con�rm this hypothesis, we reformulate the model of
Valtr et al. [5] (V-alt) and replace R with � so that

Awa = 2p� q (6)

where p and q are the power-law parameters.
As neither R nor � can be observed directly using CMLs,

the V, V-alt, and KR-alt model equations must be rearranged
to include only one unknown variable, Awa, which can thus be
quanti�ed from A (details in the Appendix). The rearranged
equations are then solved numerically.

C. Calibration and Performance of WAA Models
The WAA models studied are evaluated when using para-

meter values taken from the literature, if available, and when
calibrated to rainfall data from the three municipal RGs.
Moreover, for each WAA model, calibration is done in three
scenarios: 1) separately for each of the 16 CMLs; 2) separately
for each frequency band; and 3) for all CMLs at once.

From the three-year period, only hydrologically relevant
rainfall events (total rainfall depth H > 2 mm) are selected
for calibration and evaluation. After eliminating events with
substantial data gaps, 53 events (360 h) are available, from
which we randomly select 25 (281 h) for WAA model cal-
ibration. Model parameters are optimized by comparing the
CML QPEs with the mean R of the three municipal RGs. Both
datasets are aggregated from a 1-min to a 15-min resolution to
reduce observation noise. The root-mean-square error (RMSE)
is used as the objective function and optimized with simulated
annealing, an optimization method designed for complicated
nonlinear functions with many local minima [22]. For calibra-
tion scenarios using multiple CMLs at once, the mean RMSE
of the CMLs is optimized.

Once the optimal WAA model parameters are identi�ed,
they are used to derive CML QPEs for the remaining 28 events
(349 h) not used for calibration. The CML QPEs are aggre-
gated from the 1-min to the 15-min resolution and evaluated
by direct comparison with the RG data (the mean of the three
gauges in the 15-min resolution). The QPEs are evaluated
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Fig. 2. Boxplots showing variation in the performance of the QPEs from
the 16 individual CMLs quanti�ed by the performance metrics (Top) dH,
(Middle) RMSE, and (Bottom) SCC. CML QPEs have been derived without
WAA correction (Zero) and using the six WAA models. Subboxplots show the
effect of WAA model calibration (lit�parameter values from the literature,
perAll�calibrated for all CMLs at once, perFreq�calibrated separately for
CMLs operating at the three various frequency bands, and perLink�calibrated
separately for each CML). Note the different ranges of the y-axes for the Zero
model.

individually for each CML using a time series consisting of
all 28 events, and the performance for individual events is not
quanti�ed. Performance metrics employed are: 1) the relative
error of the rainfall depth dH [%] re�ecting the bias; 2) the
RMSE [mm/h]; and 3) the Spearman rank correlation coef�-
cient SCC [-], which quanti�es the strength of a monotonic
relationship between two variables and is independent of both
linear and nonlinear bias.

IV. RESULTS

First, the performance of the estimated CML QPEs sum-
marized for all CMLs is presented. Second, the QPEs are
investigated in closer detail on the level of individual CMLs.

The results summarized in Fig. 2 show that, when cali-
brated individually for each CML, models in which Awa is
proportional to R (KR, V, KR-alt, and V-alt) can lead to CML
QPEs with a bias lower than 5% in the median (up to 10%
for most CMLs) and with RMSE between 0.8 and 1.2 mm/h.
Models explicitly relating Awa to R (V and KR-alt) attain
similarly good values (median bias less than 5% and standard
deviation 18%) not only when calibrated individually for each
CML but also when calibrated for groups of CMLs with the
same frequency and for all CMLs at the same time. Similarly,
RMSE obtained using these two models is almost the same,
between 0.8 and 1.2 mm/h, for all three calibration approaches.
A very similar performance is reached using the V-alt model,
which relates Awa to � , when calibrating separately for each
of the three frequency bands. However, when calibrating the
V-alt model for all CMLs at once, the standard deviation of dH

increases to 25% and RMSE values reach up to 1.4 mm/h for
some CMLs. Calibrating models O and S leads to markedly
underestimated dH values for most CMLs (around 40% in
median) for all three calibration approaches. This also affects
the respective RMSE values that are around 1.4 mm/h in the
median for all calibration approaches. Interestingly, using
the S model with parameter values from the literature leads
to a lower bias for most CMLs (dH �20% in the median).
However, the RMSE is virtually the same as for the calibrated
model, with only a slightly larger variance. For other WAA
models, the literature values perform, in general, worse than
those optimized during the calibration, both in terms of dH and
RMSE. As expected, without the WAA correction (scenario
Zero), CML QPEs are considerably overestimated (median dH
of ca. 200% and RMSE of ca. 3 mm/h).

The correlation in terms of SCC (Fig. 2, bottom) reaches
very similar values (about 0.85 in median) for all WAA models
in which Awa is proportional to R (KR, V, KR-alt, and V-alt),
regardless of whether/how they are calibrated. Only negligibly
lower values are reached when not using any WAA model at all
(scenario Zero). For most CMLs, SCC values between 0.8 and
0.85 are associated with the O and S models with parameter
values from the literature. Calibrating these two models has led
not only to a considerable underestimation of rainfall but also
to relatively low SCC values (medians between 0.65 and 0.76).

In addition, we analyze the estimated QPEs on the level
of individual CMLs for two WAA modeling scenarios. First,
CML QPEs derived using the commonly used O model with
parameter values from literature are compared with the RG
data (see Fig. 3). Next, representing the better performing
WAA models from above, the same is done for the V
model with parameters optimized for all CMLs at once (see
Fig. 4). The V model leads to a distinct improvement over
the O model. The V model reduces the bias for low and
high R and thus removes the dependence of errors in CML
QPEs on R. Therefore, the performance metrics dH and
RMSE are improved for most CMLs; however, the change
of SCC is practically negligible. The reduction of errors
is most signi�cant for the shortest CMLs, as the relative
contribution of Awa to A decreases with the increasing path
length.

We also present parameter values used for the WAA model
evaluation, both optimized during calibration and taken from
the literature (see Fig. 5). Optimized parameter values of the
V and KR-alt models are similarly located in their parameter
spaces. Moreover, optimal parameter values for the three
various frequency bands are, for these two models, located
very close to the optimal values obtained when calibrating for
all CMLs at once. This stands in contrast to the V-alt method
for which a dependence between the frequency band and the
optimal parameter values can be seen. For the KR model,
the clear dependence of the two model parameters is most
striking. For the S model, optimal values of the W parameter
are similar to the parameter values of the O model. However,
there is no clear relation to the CML frequency for either
of these two WAA models. Parameter values taken from the
literature are, in all four cases, located relatively close to the
optimized parameters.
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Fig. 3. Scatter plots comparing RG data with CML QPEs for the O model with parameters from the literature. Note that the axes are in logarithmic scales. The
presented 15-min data from the 28 rainfall events used for the evaluation represent 349 h of observations. In 835 out of the 1401 time steps, RG data contain
nonzero records. Most points with RG rainfall intensity below 0.3 mm/h are out of the plotting range, as the respective CML QPEs are below 0.05 mm/h.

V. DISCUSSION
The best results, in terms of dH and RMSE, are, in general,

achieved for the models in which WAA Awa is proportional
to rainfall intensity R (KR, V, KR-alt, and V-alt). For these
models, QPEs of the same high quality can be obtained when
calibrating for each CML separately. However, the V model
and the newly proposed KR-alt model, which both relate Awa
to R explicitly, perform very well, even when using the same
parameter set for all CMLs. As the KR model relates Awa
to A, which is dependent on CML path length, it performs
markedly worse when using the same parameter set for more
CMLs. The V-alt model performs very well when using
the same parameters for CMLs operating at one frequency
band and moderately worse when using the same parameter
set for all frequency bands. This is in agreement with the

calibrated model parameter values (Fig. 5) and supports the
hypothesis that the parameters of models deriving Awa from R
explicitly (V and KR-alt) are more transferrable among CMLs
of various frequencies than the parameters of models deriving
Awa explicitly from � (V-alt).

The results of calibrating the O and S models resemble
each other in terms of estimated rainfalls (Fig. 2), optimal
model parameters (Fig. 5), and WAA levels (Fig. 6). The
rainfall underestimation (i.e., WAA overestimation) associated
with the O and S models is likely caused by different optimal
parameter values for RMSE, used as the calibration objective
function, and dH due to the systematic errors in rainfall esti-
mates when modeling WAA as completely or almost constant.

In total, our results show that unbiased CML QPEs could
be retrieved without the need for extensive additional rainfall
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