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ccurate measurements of precipitation are essential for many applications, 
ranging from flash-flood warnings to water resource management. How-

ever, the accuracy of the existing tools is limited by various technical 
and practical reasons. Percipitation monitoring has traditionally been 
known to rely on gauges, weather radars, and satellites. Recently, a 

new approach has begun to be examined, the usage of commercial wireless communi-
cation networks (CWCNs), which enjoys the lack of any need for deployment proce-
dures or costs, and which is already widely spread across countries.

The goal of this article is to present a critical survey of the existing papers and works 
on this topic. We emphasize the works relating this topic to multidimensional signal pro-
cessing. The importance of precipitation (rain, sleet, hail, snow, and any other outcomes 
of the condensation of water vapor that falls by virtue of gravity) is clear to any layman. 
Whether it is required for the purpose of precisely measuring past precipitation quanti-
ties or for generating future predictions, monitoring such phenomena has been of inter-
est to humankind since early biblical days.
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The differences between the various types of monitoring meth-
ods are vast and become crucial when deciding which method to 
use, when to use it, and where to use it. The difference between the 
tools ranges from their measurements’ precision to their spatial 
and temporal nature (local-/short- versus global-/long-range) and 
even deployment prices [1]. Such differences are the provenances 
of a multitude of active research fields. These include numerical 
techniques for reconstructing rain maps, methods for assimilating 
the various monitoring methods, and, naturally, the development 
of new and more advanced measurement systems.

The first evidence of intentional rain gauge usage dates back to 
the fourth century B.C. in India [2]. Yet, contemporary rain gauges 
(tipping bucket and electronic gauges) are still being improved. 
The development of designated microwave (MW) radar dates back 
to the late 1940s [2], [3], and the development of cheaper, more 
precise radar has been a work in progress ever since. 

Satellite-based measurements entered the environmental 
monitoring turf in the 1960s. Since then, the challenge of gain-
ing precise measurements from these satellites has been a great 
effort. However, lowering the prices of satellite-based monitoring 
systems still seems to be a distant goal, and precipitation meas-
urements from satellites are still not frequently updated.

Recently, much interest has grown around the subject of using 
existing CWCNs for rain monitoring [4]–[6]. Such rain-monitor-
ing systems benefit mainly but not solely from not needing to 
deploy any sensors. Making use of the existing commercial (e.g., 
cellular) wireless networks is the equivalent of deploying a very 
high density of dedicated sensors but without any extra cost. Such 
an amount of sensors, used for precipitation monitoring, is 
unprecedented and can provide high temporal and spatial resolu-
tion sensing and better area coverage as well as a diversity of 
measurements in given points. Moreover, by applying advanced 
signal processing algorithms, which exploit the diversity in the 
data, overcoming many of the disadvantages of the previous moni-
toring methods now seems realizable. Such algorithms also bene-
fit from the recent rising interest in wireless sensor networks.

NEW MONITORING APPROACH

MICROWAVE LINKS MEASUREMENT SYSTEMS
Recently, a new approach has entered the discipline of precipita-
tion monitoring: using MW attenuation measurements for recon-
struction of rainfall fields, which was initially suggested by Giuli et 
al. [7], [8]. Reference [7] suggested a custom design of MW links, 
which was set to ensure a proper reconstruction of rain fields.

A project named Microwave Attenuation as a New Tool for Improv-
ing Stormwater Supervision Administration (MANTISSA) [9] set out 
to test the feasibility of using MW signals to estimate rainfall. These 
signals are inherently path averages since they are the result of an inte-
grated sample of the signal along the MW’s path. MANTISSA aspired to 
use these averaged rainfall estimates as a complement to radar data 
and to improve the available input data to hydrological models for 
forecasting the response of urban and rural drainage systems.

A novel method, suggested by Messer et al. [4] in 2006, fol-
lowed by Leijnse et al. [6] in 2007, involving existing CWCNs 

suggested the usage of the backhaul communication links for the 
sake of precipitation monitoring. In other words, Messer et al. sug-
gested using existing cellular networks’ equipment for the sake of 
meteorological monitoring of rainfall. This suggestion alleviated 
the problem of the costs of the MW-based systems by using the 
existing links, which changed their high deployment price to zero.

Evidently, the received signal level (RSL) strength at which each 
antenna receives its pair’s transmitted signal may be stored. Moreo-
ver, it is indeed often stored and kept for offline inspection. Messer et 
al. [4] proposed the usage of these cellular networks’ built-in moni-
toring facilities. Being a widely distributed observation network, 
operating in real time with minimum supervision and without addi-
tional cost [4], motivated the attempt to use these data from the 
CWCNs. The theoretical justification for such attempts is a power 
law that relates the signal attenuation to the rain rate [10]. The 
power law relating the attenuation to the rain rate was shown to be 
an approximation, which holds in convective rains and in communi-
cation systems operating in midrange frequencies (above 1 GHz and 
below the optical range). The exact relation between the attenuation 
and rain rate is given by a series relation dependent on the fre-
quency, the temperature, and the drop size distribution (DSD). 
Later, Olsen et al. [10] also showed that using the approximation of

 A aRb=  (1)

is good, where A  is the logarithmic attenuation per kilometer 
A /dB km6 @ and R /mm h6 @ is the rain rate, and they evaluated its 
usage with experimental results. The A– R  relation is often con-
sidered completely linear, approximating the power coefficient b  
to 1, when operating at around 1-cm wavelengths. In the dedi-
cated MW links, which were suggested by Giuli et al. [7], [8], the 
frequencies were chosen to ensure a linear A– R  relation.

In the system devised by Giuli et al., the geometry of the links 
was designed to ensure a proper reconstruction of rain maps 
inside an area of 400 km2. In the CWCN system suggested by 
Messer et al., the links geometry was designed for any arbitrary 
means. Placement of communication links, as performed by net-
work technicians, is an intricate task. The execution of this task 
usually balances between attempts to minimize the number of 
calls that will be lost due to a lack of reception and attempts to 
minimize the number of links to reduce network establishment 
costs. Such an optimization target unsurprisingly generates a 
completely undefined geometry of a spatial distribution of links. 
 Figure 1 depicts the Giuli link system geometry compared with 
the link distribution in Israel. Such arbitrary distributions hint at 
the challenges that CWCN-based reconstruction induces.

In a CWCN, dedicated pairs of antennas communicate with 
each other to transfer various types of data (audio data, billing 
data, etc.). The RSL strengths at which each antenna receives its 
dedicated pair’s transmitted signal are sampled and logged. 
Assuming a sufficient quantity of antennas are contained in an 
area of interest, and a satisfactory amount of samples are in hand, 
a reconstruction of the rain in this area of interest may be 
achieved using the RSL data. An attempt to reconstruct rainfall 
maps by processing the recordings of the RSLs of the CWCN 
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backhaul links was then proven to be feasible by Zinevich et al. 
[11]. The logs containing the RSLs were processed and converted, 
using the A– R  law, to depict rain rates along a link. These values 
were then spatially interpolated to reconstruct a rain map.

COMMERCIAL WIRELESS NETWORK  
MEASUREMENT SYSTEMS
Attempting to reconstruct rain maps using the data that were 
obtained from the CWCNs requires an understanding of the 
processing that each RSL value undergoes. Such processing 
clearly depends on the equipment that is used in the cellular 
network. Here, we describe a representative subset of the pro-
cesses to which each RSL sample is subject.

As digitally stored data dictate, the RSL value undergoes quanti-
zation. The RSL values are often saved after being quantized to a res-
olution of 1 dB, but a quantization of 0.1 dB may also be commonly 
found. The effects of the atmosphere and weather on the perfor-
mance of a millimeter-wave communication link have been analyzed 
by Frey [12]. It has been found that the attenuation due to heavy rain 
at frequencies below 1 GHz is negligible. In fact, the rain-induced 
attenuations are in the order of the quantization and hence may not 
be measured properly using CWCNs. However, at frequencies above 
15 GHz, the attenuation as a function of the rain rate is large enough 
to be measured. At frequencies of around 20 GHz, the attenuations 
go beyond the quantization magnitude, which enables a proper mea-
surement of various rain rates using the CWCNs.

The backhaul operating frequencies of cellular networks vary 
depending on the communication technology. These are usually 
in the range of 20 GHz for longer-range links and may reach up 
to 40 GHz for short links where two antennas are closer 
together. This means that we may indeed use the logged back-
haul RSL samples to measure rain rates.

The sampling rates of the RSL greatly vary from once per 
minute to a mere once per day. Sampling the minimal and max-
imal RSL data in a 15-minute interval is also common. In such 
cases, one must take into consideration that sampling the mini-
mal and maximal values is a nonlinear process, making the 
reconstruction algorithms much more complex.

A central difference between the traditional monitoring meth-
ods and the CWCN sampling process is the fact that RSL attenua-
tions are a product of an integration of the rainfall along a linear 
path. This is a result of the fact that the communication signal is 
transmitted using a highly directional antenna. As a result of the 
directivity of the antenna, raindrops cause interference to the sig-
nal when they enter its path, which may be modeled as propagat-
ing along a line. Rain along a line on which the signal propagates 
is the cause of the attenuation of the RSL. However, there is no 
reason to consider the rain rate constant along such a line. The 
sampled RSL is the integration of all rain-induced attenuations 
along a line connecting two antennas. Variations along the line 
on which a projection of the rain field has been applied may or 
may not be restored. Treatment of this issue is discussed in the 
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[FIG1] (a) A map of Israel shows the distribution of CWCN links in 2012. Different networks are depicted in different colors. Green: Cellcom 
(sampled once per day, magnitude resolution 0.1 dB); red: Cellcom (sampled once every 15 minutes, magnitude resolution 1 dB); blue: 
Cellcom (sampled once every 15 minutes, magnitude resolution 0.1 dB); black: Pelephone (sampled once per minute, magnitude resolution  
1 dB); and orange: Orange (sampled once per day, magnitude resolution 0.1 dB). (b) The monitoring system devised by Giuli et al. [7].
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following sections. In this sense, it is clear 
that short links are preferred. Shorter 
links’ RSL attenuations, on the other hand, 
are closer to the quantization magnitudes.

Attenuation along a link is naturally 
also caused by the propagation of the MW 
signal in space. To observe rain, we need 
to differentiate between any attenuation 
caused by nonprecipitation and the atten-
uation caused by precipitation. To do so, 
we need to measure the RSL data during 
times when no rain was present. How-
ever, these values also tend to vary. Wind, 
which moves the antenna, scintillation 
effects, temperature drifts, and other 
 atmospheric conditions are the causes of 
these variations. The calibration of the 
attenuation level during times when no 
rain is present is usually named zero level 
or baseline determination and involves 
setting or choosing an RSL level that 
includes attenuation from all sources 
except the rain-induced ones.

Figure 2 shows the RSL data from two links that are located 
in Ramle, Israel. These RSL samples were taken during the same 
time, in two links that are roughly 2 km apart. One may easily 
notice that the signal strengths, given in decibel milliwatts, are 
different. While one link exhibits signal levels that decrease about 
40 dB, from about −40 to −80 dBm, the second link introduces a 
dynamic range of only about 6 dB, from −35 to −41 dBm. The 
signal drop occurs at slightly different times but depicts the 
same rain event. These differences are mostly due to the differ-
ent link lengths or link frequencies. We stress that the vast dif-
ference in RSLs is also due to the difference in link lengths and 
does not necessarily imply vastly different rain rates.

One may also notice the ringing effects in the short link 
[Figure 2(b)] that are caused by the 1-dB link quantization 
incurring quantization noise. To detect the rain event, a zero 
level of −40 dBm may be chosen in the left link’s RSL. The 
added attenuation may be attributed to the rain event and may 
be converted to rain rate. However, in the right link’s RSL, a 
zero level of between −35 and −37 dBm may be a good choice. 
The added attenuation is in the range of 5 dB. So  the zero-level 
choice range is in the order of the added attenuation due to 
rain. Indeed, 1–2 dB of error in the calibration of the zero level 
seem negligible. However, a common link, operating at 15 GHz 
(which implies that the power law coefficients to use are 

. , . )a b35 7 10 1 123#= =-  will cause an error of 4.65 mm/h for 
a 5-km link length as
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Hence, the calibration of the zero level is crucial for proper 
rain-rate measurement. This figure also depicts the temporal 

and spatial dynamicity of the rain. After having evolved along a 
2-km path, from the first link to the second, the second link 
measured an event that is distinctly different (the difference in 
link lengths is too small to be attributed solely to the difference 
in RSL measurements).

Fluctuations in the zero level are mainly attributed to variations 
in the water vapor density, ducting, and atmospheric scintillations 
[13]. Additional sources include changes in temperature that cause 
MWs to bend their propagation direction as a result of the change 
in the air’s refractive index [12]. Winds that cause antenna deflec-
tions also result in RSL fluctuations [16].

OPPORTUNISTIC WIRELESS  
SENSOR NETWORK
During the past decade or so, advances in wireless communica-
tions have allowed the development of low-power, low-cost sen-
sors built for the task of general- purpose sensing. Such sensors 
are found today in various applications, ranging from soil anal-
ysis [17] to the monitoring of sensitive wildlife and habitats 
[18], rainfall monitoring [19], and many more.

The desire to monitor phenomena for a long period of time, 
combined with the fact that, in many cases, the exact moment 
when the monitored phenomenon occurs is unknown, poses chal-
lenges in the energy budget of each sensor. Cases where the sen-
sors cannot be replaced or treated often call for smart power 
management schemes.

In many wireless sensor networks, many nodes are deployed over a 
large area. To reduce the power consumption caused by the need to 
transmit the measurement results back to a base station (which may 
be located far from the sensor), the sensors can communicate with 
each other and deliver messages back and forth from other sensors. By 
doing so, real-time data over a wide area can be sampled. This implies 
that a common denominator in wireless-sensor-network-based 
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[FIG2] The RSL data of two nearby links: (a) link 13 and (b) link 14. Both links are located 
in the city of Ramle in Israel. The RSL data depict a rain event. Link 13 is 18.36 km, 
whereas link 14 is 4.55 km long. Neither link uses automatic power control.
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applications is the need to deploy a large amount of sensors. This 
increases the need for a cost optimization.

A central deficiency in such networks is caused by the need 
to monitor large areas. Because of the large number of deployed 
sensors, which are densely deployed in the monitored area, a 
substantial data redundancy among the sampled data will be 
present. And again, transmitting these data to a base station 
consumes energy and bandwidth. It is therefore necessary to 
develop efficient ways in which nodes can collaborate to send 
the relevant data only once.

According to [20], there are two main issues that rightly 
attract attention and differentiate sensor networks from the net-
works we know and understand: the limited power consump-
tion and the potential to deploy networks with a large number 
of sensor nodes.

Corke et al. [21] studied a number of technological chal-
lenges that wireless sensor networks have presented in the past 
years and concluded that, in retrospect, the factors that have 
been found most critical to the applications’ success are the 
optimization of power consumption and the need to efficiently 
cover a wide area of interest.

In fact, algorithms for optimization of the sensor topology, in 
an attempt to minimize redundant data and/or power consump-
tion, are an active research area (see, e.g., [22]–[25]). A thorough 
survey discussing wireless sensor networks may be found in [26].

The newly suggested CWCN measurement system may be 
considered a wireless sensor network. It consists of a multitude 
of sensors that may be used for the purpose of monitoring the 
environment. However, a fundamental difference distinguishes 
it from other wireless sensor networks. The sensors are already 
deployed, have zero cost, and are fed by an infinite power 
source. This is the reason we call such a network an opportunis-
tic wireless sensor network (OWSN).

Many inherent characteristics differentiate the OWSN and the 
typical wireless sensor network. In a typical sensor network, the 
sensors are optimized for the task of monitoring a specific phe-
nomenon. In the OWSN, no such optimization can take place. The 
sensors are optimized for communication quality of service. Their 
sensitivity, for example, is far from optimized for the monitoring 
task. For example, if we were to attempt to monitor a slight drizzle 
by measurements taken from a sensor operating at 26 GHz, we 

would need a measurement resolution or quantization of ~0.02 dB 
(see [12]). Common sensors in OWSNs have a sensitivity/ 
quantization of 0.1 or 1 dB. Such limitations may be alleviated by 
considering the amount of data available. It is reasonable to believe 
that the large quantization, for example, may be mitigated by aver-
aging the measurements of a large amount of sensors. Some of the 
papers we describe in the following sections have accepted the sen-
sors with their many limitations and turned to statistical signal 
processing tools to cope with them.

Another central limitation from which the OWSN suffers is 
the highly irregular manner by which the sensors are spread 
across land. This is depicted in Figure 1. This presence of areas 
with insufficient coverage gives rise to the problem of data assim-
ilation. The sampling of insufficiently covered areas may be 
achieved by assimilating rain gauge data and/or weather radar or 
even data from different commercial network service providers. 

Another factor that makes the monitoring task difficult is the fact 
that the communication systems employ an automatic power con-
trol and adjust the transmission power according to the measured 
signal power. This automatic tuning must be taken into account 
when attempting to infer the proper values of the monitored phe-
nomena. Table 1 summarizes the central differences between the 
newly suggested OWSN and typical wireless sensor networks.

SOURCES OF ERRORS
A systematic source of error in the monitoring and observation of 
rain with CWCN is due to the approximation that yielded (1).  
Furthermore, the calibration of the ,a b  coefficients for the A– R  
relation must be carefully applied for gaining a proper rain-rate 
measurement from the RSL data. If we were to properly measure 
the rain-induced attenuation, we would apply a relation that inte-
grates the rain along the path that connects two links, rather 
than assuming that the rain is constant along such a line.

The question of how we are to consider the rain rate that we 
measured using an RSL reading arises. The returned rain rate is 
usually treated as a path-averaged rain rate along this line. However, 
to the best of our knowledge, no reconstruction algorithm currently 
suggests a method for an exact reconstruction of the rain rates 
along the path of integration. Some algorithms do divide a line into 
several points [13], [14], but no algorithm fully reproduces the rain 
rates along the line in a continuous manner. The analysis of the abil-
ity to reconstruct rain maps by Sendik et al. [15] hints at methods to 
do so. Consequently, an algorithm that postulates that the rain rate 
along the path is equal to the path-averaged rain rate is probably 
erroneous. This suggests that the longer the path along which the 
rain rate is considered to be constant, the larger the errors.

Longer link distances are usually found in more rural areas, 
where a smaller population density makes use of the cellular 
network. This means that, usually, when links are long, they are 
also less dense and render monitoring algorithms prone to 
errors. Figure 1 shows that in the northern, southern, and east-
ern parts of Israel, where population densities are lower, longer 
links are more common, and their density is noticeably lower, 
whereas in the central part of Israel, where the population den-
sity is high, the links are short and quite dense.

[TABLE 1] OPPORTUNISTIC VERSUS TYPICAL WIRELESS 
SENSOR NETWORKS.

CHARACTERISTIC OPPORTUNISTIC TYPICAL

POWER CONSUMPTION NO LIMITATION A CENTRAL LIMITATION

AMOUNT OF SENSORS THOUSANDS TENS TO HUNDREDS

SENSOR COST ZERO COST OPTIMIZED FOR COST

DEPLOYMENT COSTS ZERO COST OPTIMIZED FOR COST

MEASUREMENT 
SENSITIVITY

INSENSITIVE HIGHLY SENSITIVE

GEOMETRIC  
DISTRIBUTION  
OF SENSORS

NO CONTROL OPTIMIZED FOR 
COVERAGE

*Blue indicates good and red indicates poor characteristics.
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As mentioned previously, the temporal sample rates of the RSL 
vary greatly depending on the type of equipment used by the net-
work service providers. Sample rates as low as once per day are 
incontrovertibly inadequate for reproducing rain maps. Perhaps 
the 15-min resolution sample rate is sufficient for some applica-
tions. This is yet to be determined, as the number of reconstruction 
algorithms that account for temporal effects is still small [27].

The highly dynamic spatial and temporal natures of rain couple 
between sources of error, which are caused by the link averaging 
because of its length and the sample rates. By simulating CWCN 
RSL data from path-averaged radar samples, both temporal and spa-
tial errors were analyzed by Leijnse et al. [28]. Applying a sample 
rate of 15 min, they have shown that errors increase with link 
length, as the dynamic spatial nature of rain causes an increase in 
the rain-rate variations along the link. They also showed that differ-
ent sampling strategies have a crucial role in controlling sources of 
error. For example, they proved the inferiority of a sampling scheme 
that simply returns an instantaneous RSL, when compared to a 
time-averaged RSL. An analysis of the errors due to the spatial vari-
ability of rainfall was applied by Berne et al. [29]. By using a stochas-
tic simulator of the DSD, they analyzed the influence of the link’s 
frequency, length, and DSD spatial variability on the rainfall estima-
tion. They showed that the error due to the usage of the power law 
to connect the RSL and the rain rate is negligible for frequencies 
between 10 and 50 GHz for links longer than 15 km. However, in 
urban areas, links that  span only several kilometers may induce 
errors of up to 4%. Zinevich et al. [30] showed that the most domi-
nant source of error (assuming an effect called the wet-antenna 
effect, which we discuss in the following paragraph, is corrected for) 
is the spatial nature of the rain, surpassing the errors that are caused 
by quantization, zero-level uncertainty, DSD variability along the 
link, and others. Alleviating this source of error requires using a 
large amount of densely distributed sensors, a requirement that is 
easily achieved using the CWCN-based monitoring system.

The proper calibration of the zero level is also a crucial fac-
tor for an accurate rain measurement. Events with low rain 
rates induce only a minor additive attenuation and, hence, 
require exact zero-level calibration to enable their detection. 
Longer links have more rain along their path, causing larger 
signal attenuations. This eases the detection of low rain rates.

Another widely discussed source of error is the wet-antenna 
effect. Humidity sources cause moisture to accumulate on the 
antenna radome and cause an added attenuation. Applying a model 
originated by Kharadly and Ross [31], Minda and Nakamura [32] 
have suggested an exponential model relating the actual rain atten-
uation to the total attenuation induced by both rain and the wet-
antenna effect. Their equation suggests that, for a constant amount 
of accumulated humidity on an antenna, a constant value of added 
attenuation is caused. Hence, time-averaging the RSL values in the 
process of zero-level calibration will not cancel this effect. In [28], it 
was shown that the wet-antenna effect is most probably the great-
est source of error for short links. The added attenuation is in the 
order of magnitude of common rain events and completely biases 
the rain-rate measurement. Schleiss et al. [33] have shown that the 
wet antenna, which affects the CWCN links, increases in an 

exponential manner during rain and decreases exponentially back 
toward zero once the rain stops.

The RSL values are logged after being quantized. The 
received strength levels given within a resolution of 0.1 dB are 
surely precise enough to measure rain rates. Precipitation other 
than rain, such as fog or dew, however, generates attenuations 
that are significantly less than those caused by rain. Hence, the 
RSL’s quantization is a source of error that must be considered 
before attempting to observe such phenomena.

Often, nonlinear processing is applied to the RSL samples before 
logging. An RSL that is sampled once every 15 min commonly 
undergoes a min/max thresholding. In other words, only the mini-
mal and/or maximal value of the RSL is saved every 15 min. It is 
indubitable that such nonlinear processing applied on a signal may 
incur reproduction errors. For short link lengths or links using low 
frequencies, the natural fluctuations of the zero-level attenuation 
have the same order of magnitude of a quantization interval of  
1 dB. Because of the nonlinear processing in addition to the quanti-
zation, the error in the baseline estimations may affect an entire 
rain event, which may introduce a bias in the estimation of rainfall.

To summarize, following the analysis applied by Zinevich et al. 
[13], the most dominant source of error is the spatial rain variabil-
ity, which causes errors if the CWCN is not distributed in a suffi-
ciently dense manner. Hence, this may be relatively easily resolved 
within areas with a high density of links that have a wide range of 
lengths. The second source of error in magnitude is the zero-level 
choice, which must be carefully calibrated. After properly calibrat-
ing the zero level, the DSD and wet-antenna effect are the most 
dominant sources of error, followed by the quantization of the RSL 
values. Table 2 presents a comparison between the properties of 
the CWCN and traditional precipitation-monitoring systems.

SIGNAL PROCESSING

CALIBRATION
As previously mentioned, estimating rain rates from the RSL 
data requires calibrating the baseline or zero level. Various tech-
niques for such a calibration may be found in the literature 
[34]–[39]. Perhaps one of the most paramount advantages of the 
CWCN approach to precipitation monitoring is the presence of a 
multitude of data. Using a network of sensors (many links) that 
sample the same rain event may be of help when attempting to 
determine the baseline. Methods that make use of more than 
one RSL time series for properly calibrating the baseline are 
presented in [14] and [34]–[37].

The first to show the advantage of using two links with close 
frequencies were Rahimi et al. [34]. They suggested the use of dual-
frequency MW links for measuring path-averaged rainfall. They 
presented a baseline determination method, which leaned on the 
assumption that rainy periods are short. These methods included a 
self-updating baseline attenuation level for each frequency during 
the dry periods. The latest dry period was used as a baseline level 
for the upcoming rainy period, which may then be refined using 
the subsequent dry period. For this, they need to properly detect 
wet/dry periods. Hypothesising that the correlation between RSL 
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time series of the two frequencies during wet periods is higher, they 
found that

 ■ in dry events, the median of the correlations is under 0.25
 ■ in wet events, the median of the correlations is above 0.79.

They then calibrated the baseline value, choosing the attenua-
tion measured just before a wet event, and they refined it using the 
baseline that preceded the wet event. Overeem et al. [35] proposed 
a method for zero-level calibration in the case of min/max RSL 
data. The RSLs of 57 commercial MW links around the city of Rot-
terdam, The Netherlands, were sampled during 15-min intervals, 
and the minimal and maximal values were logged at 0.1-dB resolu-
tion. Analyzing links shorter than 10 km, they defined two terms:

 ■ the difference between the instantaneous minimum RSL 
and the maximum of the minimum RSL during a 24-h 
period: maxP P Pmin min

24 h
D = - " ,

 ■ the link length normalized difference: / .P P LLD D=
They identified a transition to a wet period by requiring that 

the medians of PD  and PLD  be under predetermined values. 
Such a transition into a wet period was extended as long as

 .max P P 2 dBmin min
24 h

2-" ,

Hadar [36] suggested employing hidden Markov models 
(HMMs) to identify dry/wet periods. The RSL measurements 
were the HMM observations and the hidden state was either wet 
or dry. Having detected dry and wet periods, the baseline was set 
to the value just before a transition from a dry to a wet period. 
The CWCN RSL data, after subtracting the zero-level attenua-
tion for proper rain-rate measurement, were correlated to rain 
gauge data and were found to correlate well, yielding correla-
tion values at about 0.7. Yet another HMM-based approach for 
inferring dry and rainy periods from telecommunication MW 
link signals was suggested by Wang et al. [40].

Methods for baseline determination that do not incorporate 
the multitude of data inherent in CWCNs are also found in the lit-
erature [38], [39]. Schleiss and Berne’s [38] method of differenti-
ating between dry and rainy periods comprised a calculation of 
the standard deviation of the RSL data in a predetermined win-
dow of 15–35 min. Chwala et al. [39] suggested a spectral 

approach that involved applying a short-time Fourier 
transform to the RSL signal and considering its power 
spectrum. Dividing the spectrum into a low region and 
a high region, the power in each region was calculated. 
If the difference between powers in the two regions 
exceeded a preset threshold, the event was considered 
a wet one. This is motivated by the hypothesis that rain 
events impel high-frequency RSL samples.

Kaufmann and Rieckermann [41] have discussed 
three  different methods for baseline determination. 
These included 1) a moving window algorithm, 2) a 
statistical classification algorithm using random for-
ests, and 3) an algorithm based on a Gaussian factor 
graph. The first method, which included a moving 
window algorithm, is, in essence, a modification of 
the algorithm that was previously suggested by 

Schleiss and Berne [38]. The second method, which included 
random forests, required defining a set of attributes or proper-
ties of the RSL data from which a classification into a wet or dry 
event may be applied. These attributes are then thresholded 
while entering a tree of classification decisions. A tree leaf yields 
a final classification. The third method, which they applied, was 
based on the Gaussian factor graph. This approach involves 
modeling the rain process in the state space in which the state 
space vector was chosen to include the RSL value and its slope. 
By recursively relating between past and present RSL observa-
tions, an RSL sample may be effectively denoised and then re-
constructed. This in turn enables classifying the event as either 
wet or dry. A dry classification means that the current recon-
structed sample is part of a baseline. Important  assumptions for 
their approach are that the data belonging to the baseline are 
locally smooth and periodic.

Holt et al. [42] have determined an RSL baseline by employ-
ing the assumption that the RSL data from two frequencies are 
very highly correlated during rain events. They therefore classi-
fied events as dry in cases where correlations were below 0.8 and 
where there was no record of any rainfall at added rain gauges.

Another effect that raises the need for calibration is the wet-
antenna effect. Zinevich et al. [13] calibrated the wet-antenna 
coefficients, assuming its independence in frequency, by using 
rain gauge data as ground truth for rain rate. These coefficients 
were found optimal for accounting for wet-antenna effects dur-
ing rain (due to accumulation of raindrops on the antenna 
radome during the presence of a rain event). However, these 
coefficients are inappropriate when accounting for wet-antenna 
attenuation, which is caused due to nightly dew or any other 
source of accumulated drops. In general, the correction and 
calibration of the wet antenna effect is understudied and 
requires a more profound study, especially after acknowledging 
the findings in [28].

Other than the zero level and the wet-antenna effect, the 
power law coefficients must also be calibrated. However, most 
reconstruction and/or estimation algorithms make use of values 
similar to those suggested by [10]. Common algorithms do not 
correct for temperature drifts or DSD variations.

[TABLE 2] THE CHARACTERISTICS OF PRECIPITATION  
MEASUREMENT SYSTEMS.

RAIN  
GAUGE

WEATHER  
RADAR SATELLITE CWCN

PRICE (PER UNIT) LOW MID HIGH VERY LOW

DEPLOYMENT COMPLEXITY HIGH MID HIGH VERY LOW

CALIBRATION COMPLEXITY LOW MID MID MID

DATA PROCESSING COMPLEXITY LOW MID HIGH MID

SPATIAL RESOLUTION LOW MID MID HIGH

TEMPORAL RESOLUTION LOW MID MID HIGH

SHORT/LOCAL MONITORING  
SUITABILITY

LOW MID MID HIGH

LONG/GLOBAL MONITORING  
SUITABILITY

HIGH MID HIGH HIGH
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DETECTION
Once a CWCN system has been calibrated for proper measure-
ment, we may use it to detect various types of precipitation. For 
example, the ability to provide essential rainfall information from 
regions prone to flash floods was exemplified by David et al. [43]. 
Preliminary results concerning fog monitoring using commercial 
MW systems have been shown by David et al. [44], applying the 
Rayleigh approximation to relate fog to attenuation per kilometer.

The detection of vegetation diurnal cycles by using a custom-
built CWCN was demonstrated by Hunt et al. [45]. Setting out to 
measure vegetation characteristics, they deployed a network of 
seven rain gauges in a cornfield north of Ames, Iowa. To avoid the 
manual collection of data from the gauges, they transmitted the 
rain gauge data to a tower. Coincidentally, they found that the sig-
nal strengths reveal cycles. Investigating these cycles, they found 
that the RSLs indicate whether vegetation is present in the signal 
propagation path. Differentiating between periods where the vege-
tation was harvested and periods before the harvest, they found the 
RSLs to have considerable differences and used these differences to 
prove that the signal strengths may be used for vegetation moni-
toring. Moreover, they showed that the signal strength is inversely 
proportional to the vegetation water content. Harel et al. [46] 
applied an extended multifamily likelihood ratio test for precipita-
tion detection, discriminating between wet and dry periods.

ESTIMATION
Estimating rainfall rates from RSL samples has been treated 
both by approaches that make use of the already deployed 
CWCNs [6], [37], [47]–[51] and by approaches that deploy cus-
tom-built equipment [34], [39], [48].

In essence, the problem of transforming RSL values to rain 
rates is simple. It most practically involves setting a baseline, 
choosing power law-coefficients, and applying the inverse of 
the power law given in (1). The main drawback of this method 
is that it implicitly states that the rain rate along the link line 
is constant.

However, in practice, one must consider other phenomena 
that may sabotage such straightforward attempts. The wet-
antenna effect, outlier samples, mismatches in the power law 
coefficients and many more real-life processes may affect the 
RSL data and result in incorrect rain rates.

Leijnse et al. [6], being one of the first to present actual 
rain-rate estimation from CWCN RSL data, have recognized a 
systematic overestimation, which they reasoned is partly due 
to the uncertainty in the baseline signal level settings, but 
they stated that it is more likely the result of extra attenuation 
caused by the wet antennas, which can cause several dBs of 
additional attenuation [31].

Having acknowledged the baseline determination issue, 
Rahimi et al. [34] applied two different methods for zero-level set-
ting on custom MW equipment that measured signal attenua-
tions. To properly asses the feasibility of their custom-built 
equipment, they searched for a method to compare MW path-
averaged samples to rain gauge point samples. To do so, the rain-
gauge data were converted into path-averaged data by allocating 

each portion of the link to its nearest gauge. However, one must 
comprehend that such a conversion is required for the sole pur-
pose of comparison and observation quality assessments. For a 
fully operational system that observes rain rates from CWCN data, 
no such conversion is required.

Kuntsmann et al. [48] recognized the fact that CWCN-
based precipitation observation systems may be of great 
assistance in regions with either a course station network 
density or high spatial precipitation variability, and stated 
that the water resource management community may be 
greatly aided by CWCN-based monitoring systems. They 
applied a CWCN-based precipitation-monitoring system in an 
orographically complex terrain, the prealpine region of 
southern Germany, where precipitation fields derived using 
radar data are erroneous. This is due to the inability of the 
radar signal to track the terrain slopes. They set out to build 
a cell phone provider-based system reinforced by hydrologi-
cal and meteorological radar and rain gauge data from an 
observation site. For the purpose of feasibility studies, they 
built a polarimetric transmission device, set to investigate 
the interaction of MWs with precipitation.

Interested, too, in the alpine and prealpine region of south-
ern Germany, Chwala et al. [39] used custom MW-based equip-
ment and applied their novel baseline determination technique 
for precipitation observation. When comparing to rain gauges, 
they succeeded in acknowledging the fact that an indication of 
dry periods by rain gauges does not necessarily mean that there 
was no rain along the link at all; the link RSL data represent a 
path-integrated rain rate, whereas gauges are point samples.

Rayitsfeld et al. [37] compared two methodologies for long-
term rainfall monitoring by CWCNs. Their first methodology 
used simple RSL data from a single link, applied the power law, 
and compared the outcome results to data from the closest rain 
gauge. The second methodology followed Goldstein et al. [14] and 
used a modified inverse distance weighted interpolation to calcu-
late rainfall at the rain gauge point based on the RSL values from 
all of the nearby links. In general, the results indicated that the 
two methods improve as the density of the links increases, which 
is most probably one of the cardinal advantages of CWCN-based 
monitoring systems, a multitude of links or sensors. However, 
strictly speaking, such methods are not considered estimation 
techniques but rather reconstruction methods as they involve the 
generation of new data (such as rain rates in locations where 
links do not exist). The method described by Goldstein et al. is 
discussed briefly in the following sections.

Ostrometzky [52] established a method for robust precipita-
tion estimation, regardless of the specific water phase (liquid, 
solid, or a mixture of both). Ostrometzky, having recognized the 
function of attenuation versus snow rate ,ASnow  which was given 
by Frey [12], suggested a simple additive attenuation model, 

 , ,A A A A A/dB km Rain Snow Rain Snowc= + + ^ h6 @

where ARain  is given by the power law in (1), and ,A ARain Snowc^ h is 
a sleet interaction term, which causes sleet-induced attenuation. 
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Then, by exploiting the presence of a multitude of data, Ostrometz-
ky applied a least-square process to estimate the rain, snow, 
and sleet rates.

Luckily, part of the commercial MW links have a quantization 
error of . / .0 1 dB km6 @  David et al. [43], [53] realized that during 
typical conditions the attenuation caused by the water vapor is 
~ . /0 2 dB km6 @ and exploited this for estimating water vapor. How-
ever, the technique suggested by David et al. is restricted to 
weather conditions that exclude rain, fog, or clouds along the 
propagation path, and the determination of the RSL zero level is 
done using side information. In other cases, a classification or 
separation phase must be invoked before the estimation attempt.

CLASSIFICATION AND SEPARATION
Once attenuation is introduced by precipitation, the use of the 
power law for converting RSL into rain rate is applicable. However, 
how is one to know that the observed precipitation is, indeed, rain? 
The research of MW attenuation by precipitation has not been lim-
ited to rainfall. Cherkassky et al. [54] have proposed a detection/
classification system capable of  detecting wet periods, with the 
ability to classify the precipitation type as rain or sleet (a mixture 
of rain and snow), given an attenuation signal from spatially dis-
tributed CWCN links. They divided the classification process into 
two stages. In the first, events are classified into wet or dry events. 
Then, in the second stage, wet events are further classified into 
sleet or rain events. Cherkassky et al. have used the RSL signal fea-
tures (such as fade duration, fade magnitude, and fade slope) for 
the purpose of classification. Following the assumption that sleet 
and rain events may be distinguished by observing the fade 
dynamics, a feature vector for classification was chosen.

ASSIMILATION
Often, various types of RSL samples are present. CWCNS, which 
are constructed using various manufacturers, may cause the 
multitude of RSL samples to consist of differently sampled data. 
This may also be caused when one is attempting to reconstruct 
rain maps while using data from various service providers at 
once. In Figure 1, a map of the MW links in Israel is depicted. 
The green links are sampled once per day with 0.1-dB resolu-
tion, red links are sampled once per 15 min with 1-dB 
 resolution, blue links are sampled once per 15 min with 0.1-dB 
resolution, and black links are sampled once per minute with 
1-dB resolution. Thus, if we are to reconstruct a rainfall map 
out of the multitude of links, we must consider the problem of 
assimilating the various types of data into one map.

To the best of our knowledge, the problem of assimilating the 
various types of data has not been treated in the scope of rain 
monitoring using CWCNs. CWCN-based observation systems will 
probably not be able to monitor the oceanic regions of the earth. 
This is because cellular antennas are not deployed over interna-
tional regions in general and over oceans, in particular. This fact 
may be a cause for the need to assimilate between satellite and 
CWCN data for a global outlook on weather. Again, to the best of 
our knowledge, no research work has been applied on the prob-
lem of assimilating CWCN data from traditional observation tools.

RECONSTRUCTION
Algorithms that attempt to reconstruct rain maps from RSL 
data are most easily found in the literature. Algorithms that do 
not account for any temporal evolution of convective clouds but 
rather display a converted value of the instantaneous RSL to 
rain rates are given in [11] and [14].

In [11], Zinevich et al. have proposed a nonlinear tomo-
graphic model that treats the problem of the variability of the 
cell sizes (a cell is defined as the area enclosed between CWCN 
links), accounting for the irregularity of the network topology, 
observation quantization, and nonlinearity of the power-law 
equation for different links.

Their algorithm begins by dividing an area covered with links 
into cells. Conventional tomographic algorithms use rectangular 
grids, which do not fit in this case, as the spatial distribution of 
the links is highly irregular. Such an algorithm will benefit from 
the fact that a relatively constant number of links will appear in 
each final cell instead of having cells with many links in urban 
areas and cells with few links in rural areas.

Figure 3(a) depicts the radar rain map, Figure 3(b) the 
CWCN-based map, and Figure 3(c) the division of the area into 
cells by the algorithm above. A general consent between the 
radar map and the CWCN-based map may easily be noticed.

Another algorithm for rain-map reconstruction was sug-
gested by Goldstein et al. [14]. The proposed algorithm consisted 
of preprocessing the links’ data, followed by a weighted least-
squares algorithm to extract the rain level at any given point in 
space. In Goldstein’s approach, similar to that of Zinevich, each 
link was divided into K intervals in order not to impose the con-
stancy along the link. Each rainfall value is then reconstructed 
by using more than one point in space, taking into consideration 
neighboring links. A weighting of the original rain rates, which 
are attained from the RSL values, was also applied. The weight 
was chosen as an inverse of the point’s distance from an actual 
link. A functional was then iteratively minimized for the sake of 
rain-map reconstruction.

More approaches to the problem of reconstructing a rainfall 
map from MW link measurements have been suggested by 
Overeem et al. [47], [49] and Watson and Hodges [55]. Overeem 
et al. suggested a method for reconstructing countrywide rain-
fall maps from CWCNs and applied it on minimum and maxi-
mum RSL samples with a temporal resolution of 15 min. 
Having adjusted the RSL levels by rain gauges and path-aver-
aged radar, rainfall intensities were derived.

Watson and Hodges [55] formalized the reconstruction prob-
lem as a problem of finding an orthogonal basis of functions, 
which spans a rain-field function. They were then left with 
extracting the coefficients, which are the projections of the rain 
map onto the basis functions. These coefficients then enabled a 
proper reconstruction of the rain map as a linear combination of 
the basis of functions, which spans the rainfall map solution by 
applying a least-squares technique.

None of the previously mentioned reconstruction algorithms 
exploit the temporal nature of rain fields. An algorithm that 
depicts the temporal evolution of the rain fields was suggested 
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by Zinevich et al. [27]. Assuming a translational rain field evolu-
tion model, under the assumption that the rainfall advection is 
driven by wind, the extended Kalman filter was used to deter-
mine the wind velocity and direction at the storm steering level 
using the RSL data. By doing so, Zinevich explored the concept 
of recovering the rainstorm dynamics from CWCN links.

Another algorithm specifically developed for CWCNs in urban 
areas, where a large number of MW connections is typically 
found, was presented by Cuccoli et al. [56].

Sendik and Messer [15] addressed the problem of the abil-
ity to reliably reconstruct a two-dimensional function (e.g., a 
rain map) being sampled by projections along lines, without 
any restrictions on the line types. They then applied their 
analysis to the problem of reconstructing rain maps from 
CWCN links. Their solution to the question regarding the abil-
ity to reconstruct a two-dimensional function, which is sam-
pled by an arbitrarily set of lines involved employing a series of 
three separate stages, which consist of first solving a problem 
of sampling with a regular grid but with arbitrary types of 
lines. In the second and third stages, they portrayed the prob-
lem of a nonregular grid as one with missing samples. Essen-
tially, these three stages enabled the consideration of the 
CWCN sampling scheme as a case of regular sampling with 
missing samples, which have been sampled by a linear func-
tional, which is the mathematical representation of the line 
along which the projection had occurred.

Applying these three stages yielded an answer stating whether the 
set of links can be used for reconstructing rain maps without errors. 
The process above also enables the derivation of the maximal fre-
quency, which can be sampled without causing any aliasing errors. 
This work, which made use of the Papoulis generalized sampling 
expansion stating the exact reconstruction kernel, may, perhaps, be 
used for future algorithms that attempt to reconstruct rain maps.

OPEN CHALLENGES

SENSOR-BASED CHALLENGES
Previous sections dealt with a wide range of signal processing chal-
lenges to which the usage of RSL data gave rise. However, many of 
the algorithms and/or techniques described above still do not truly 
use the vast amounts of RSL data that are present in urban areas.

The raison d’etre of the CWCN, in our opinion, is the availabil-
ity of a large amount of data that must be exploited for generating 
robust and exact estimates. Linking between sensor networks and 
CWCN-based precipitation-monitoring systems is a direction that 
should be fully examined and exploited. It is generally acknowl-
edged that the advantages of using sensor network techniques 
include the ability to cope with failures of sensors, robustness to 
outliers, and the ability to monitor a wide variety of phenomena 
through the application of statistical signal processing methods 
(based on the multitude of data). This avenue is yet to be exam-
ined in the scope of CWCN-based monitoring systems.
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A CWCN is composed of low-cost, spatially distributed autono-
mous sensors. Hence, it is, in essence, a wireless sensor network 
that enables using tools and results from the wireless sensor 
 network community. Using the CWCN sensor network as an 
opportunistic one and, in particular, its diversity of measure-
ments, should enable applications that a single senor simply can-
not provide.

A major challenge is the study of the dependencies between an 
actual situated network of sensors topology and the monitoring 
accuracy. It is intuitive that the denser the network of sensors, 
the better the reconstruction accuracy. Hence, a central question 
is regarding the sufficient sampling set for properly reconstruct-
ing environmental phenomena sampled by an arbitrary geometry 
of a CWCN. An answer to this question enables the ability to both 
analyze existing CWCNs but also the ability to synthesize CWCNs. 
That is, in cases where the answer regarding the sufficiency of a 
CWCN is found to be insufficient, one may want to consider the 
locations to add sensors to render the CWCN sufficient for a 
proper reconstruction. For example, a rain gauge may be added 
in locations where the CWCN density is low and found to yield an 
insufficient sampling scheme.

This result also gives rise to assimilation challenges. In a case 
where a rain gauge was added to amend an improper sampling 
scheme of a CWCN, generating a map of the observed precipita-
tion requires assimilating the rain gauge data together with the 
RSL data. While the idea of assimilating the measurements of a 
single link, rain gauges, and radar has been studied [57], [58], 
integrating an entire CWCN with other meteorological measure-
ments is still an open research question.

CWCNs are often composed of links with various time and 
power resolutions. The question of how to assimilate these 
 various CWCN links to reconstruct a single environmental phe-
nomenon is yet another open problem.

The methods described by David [43], [44], [53], [63] prove 
the feasibility of using CWCNs for purposes other than rain-rate 
estimation. However, the techniques suggested by David are 
restricted to weather conditions that exclude rain or clouds along 
the propagation path. In essence, we feel that the classification 
and separation problem is still an open problem that must be 
treated in the presence of various precipitation types, all mea-
sured at once.

The problem of data assimilation seems inevitable because  
the growing popularity of CWCN observation methods will 
require large amounts of RSL data. Whether we wish to assimi-
late RSL data sampled by different sampling schemes or to recon-
struct global rain maps, which require assimilating between 
satellite and CWCN data, a rigorous treatment of the assimilation 
of CWCN data is necessary.

Also, as previously stated, for precise reconstruction of rain 
maps, algorithms cannot impose constant rain rates along the path 
of the link. All of the algorithms to date do not address this issue.

VECTOR SENSORS
In most of the papers mentioned here, only the magnitude of 
the CWCN data was used, in other words, the RSL. However, 

electromagnetic waves are also characterized by their phase, 
which may be altered because of propagation effects. The benefits 
from making use of the phase data in CWCN-based data are yet to 
be determined. Bringi et al. [59] examined the propagation effects 
in rainfall on radar samples at frequencies of 3, 5.5, and 10 GHz, 
simulating the difference of attenuations and difference of phase 
between horizontal and vertical polarizations. They found that a 
near-linear relation exists between attenuation and the differential 
propagation phase.

This motivates the incorporation of vector sensors. In other 
words, a CWCN that logs both RSL and phases for more than one 
polarization may be found foundational for a stable, error-proof, 
precipitation-monitoring system. It may also be found that differ-
ential phase data suffer less from quantization errors and thus 
enable a precise monitoring of phenomena other than rain. As 
David et al. [53] stated, the attenuation caused by the water vapor 
is . / ,0 2 dB km6 @  giving rise to the desire for more precise mea-
surements, which may be attained by incorporating phase and 
polarization data.

MONITORING PHENOMENA OTHER THAN RAIN
In the sections above, we have discussed mainly the monitoring 
of rain. The fact that most of the works treat the problem of rain 
observation is not coincidental but is related to the fact that out 
of the variety of precipitation types, rain yields the largest atten-
uation amplitudes. However, as shown above, David et al. [43], 
[44], [53], [63], [64] suggested CWCN-based methods to observe 
water vapor and, potentially, even fog, and they have the poten-
tial to enhance the ability to cope with flash floods. To date, no 
rigorous treatment of the problem of observing hail, snow, 
graupel, or dew has been completed.

Errors in monitoring rain in heavy storms are caused by the 
slight shifts of the antennas by the storm winds. Monitoring 
winds by measuring the attenuations induced by these slight 
shifts may, perhaps, be found practical.

Phenomena other than precipitation may also be monitored 
by CWCN-based systems. Ghobrial and Sharief [60] discussed 
the electrical properties of dust and derived expressions for 
attenuation and phase shifts for a medium with precipitating 
dust particles in terms of visibility and wavelength for vertical 
and horizontal polarizations. They found that the dust-induced 
attenuation is related to the width of the dust layer by the wave-
length and the visibility. They concluded that dust storms 
resulting in visibilities of 10 m or less introduce considerable 
attenuation. This may be a window to the detection of dust 
storms using CWCN RSL data.

Andrews [61] measured the absorption of MWs by both car-
bon monoxide (CO) and nitrogen dioxide (N2O) at a frequency of 
9.75 GHz and found that the power absorption was found to 
increase with density in both CO and N2O. As is widely known, 
motor vehicle emissions are composed of CO and nitrogen 
oxides (N2O and nitrogen monoxide). This may advocate the 
ability to monitor air pollution densities by a CWCN.

Burning wood reacts with oxygen, producing carbon diox-
ide (CO2) and water (H2O), which are both released as gases in 
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the air. The attenuation induced by water is the fundamental 
effect on which rain monitoring is based. Can this reaction 
give rise to CWCN-based systems for monitoring forest burns? 
Time is yet to determine whether or not the avenues suggested 
above will indeed evolve into operational monitoring CWCN-
based systems.

CONCLUSIONS
We have presented the physical basis that led to founding the 
new precipitation-monitoring approach, the CWCN-based sys-
tem. An aggregation of techniques and algorithms for making 
use of the CWCN RSL data may be found. These include meth-
ods for detection of wet versus dry periods, estimating local rain 
rates, reconstructing countrywide rain maps, detecting flash 
floods, fog, and more. Inherent error sources such as the proper 
treatment of the wet-antenna effect still need to be addressed to 
build proper and precise precipitation-observation systems. 

The problem of data assimilation seems inevitable and will 
soon require a thorough understanding and treatment, if the 
CWCN-based system for precipitation monitoring is to replace 
the traditional systems. Such treatment must include both the 
assimilation of various RSL data types and the assimilation of 
CWCN RSL data with traditional sampling systems. The assimi-
lation of various RSL data types requires either interpolating or 
downsampling of samples that have been sampled differently. 
The problem of assimilating between samples that have been 
processed nonlinearly (minimum and maximum values) is a 
more complex problem.

CWCN-based observation systems currently lack the ability to 
monitor international regions such as oceans. This generates the 
need to know how to properly assimilate between traditional mon-
itoring systems such as satellite data and the CWCN RSL data.

The most striking issue, in our opinion, is the fact that none 
of the papers currently in the literature recognized that the 
CWCN is, in essence, a sensor network. As a result, none of the 
methods described has truly made full use of the potential that 
is hidden in the multitude of available data. Applying stochastic 
signal processing algorithms may enable more precise, robust, 
and stable reconstruction algorithms.

Hints on the feasibility of the CWCN-based monitoring system 
to monitor phenomena other than precipitation were discussed. 
These included fire detection, pollution detection, and perhaps 
even dust-storm detection. All of these require only RSL mea-
surements or, in other words, only amplitude samples. If the 
CWCN someday logs phase data, its links may then be treated as 
vector samplers, which may be found to enable a wider range of 
applications. Yet, all of these new avenues are challenging and 
still far from being implementable. To conclude, we believe the 
CWCN system is only in its beginning, depicting only a very small 
portion of its full potential.
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