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Networks to Detect Dew—Experimental Study
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Abstract—At microwave frequencies of tens of GHz, various4
hydrometeors cause attenuations to the electromagnetic signals.5
Here, we focus on the effect of liquid water films accumulating6
on the outer coverage of the microwave units during times of high7
relative humidity (RH). We propose a novel technique to detect8
moist antenna losses using standard received signal level (RSL)9
measurements acquired simultaneously by multiple commercial10
microwave links (MLs). We use the generalized likelihood ratio11
test (GLRT) for detecting a transient signal of unknown arrival12
time and duration. The detection procedure is applied on real RSL13
measurements taken from an already existing microwave network.14
It is shown that moist antenna episodes can be detected, informa-15
tion which provides the potential to identify dew, an important16
hydro-ecological parameter.17

Index Terms—Attenuation, commercial microwave links (MLs),18
dew, generalized likelihood ratio test (GLRT), received signal level19
(RSL).20

I. INTRODUCTION21

Y EARS of research have developed the capacity for model-22

ing, understanding and mitigation of atmosphere-induced23

reductions of the quality of wireless communication links. After24

exposing the idea of using measurements from commercial cel-25

lular operators for rainfall monitoring [1], [2], this field of26

research has been extensively studied and developed [3]–[9].27

Notably, nearly all of the research in this field has focused on28

rainfall monitoring.29

However, rain is not the only source for impairments to30

the received radio signals. In the presence of a clear line31

of sight, such propagation phenomena—diffraction, refraction,32

absorption, and scattering—may cause acute reductions. At33

frequencies above 10 GHz, some of them (absorption and scat-34

tering) are directly related to other atmospheric phenomena.35

Thus, it has also been shown that microwave links (MLs) have36

the potential to monitor phenomena aside from rain, such as37

areal evaporation [10], water vapor density [11]–[13], and even38

fog [14], [15].39

Excess attenuation due to antenna wetting during rainfall40

episodes has been studied [5], [10], [16]. However, until now,41
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this effect has been considered as a negative perturbation, 42

causing additional attenuations to the radio signals and thus 43

interfering with the ability to conduct accurate rain rate mea- 44

surements. However, in some cases, this perturbation contains 45

vital information, particularly during times of dew: whenever 46

condensation rate exceeds evaporation rate, a thin layer of water 47

droplets accumulates directly on the antenna surface or the 48

external radome, causing moistening of the radio units. This 49

water film may lead to a signal loss, which can be measured by 50

the microwave system. This effect has been recently shown to 51

cause additional losses to the microwave signals during heavy 52

fog events [14]. At an earlier stage, Hening and Stanton [17] 53

measured experimentally the microwave attenuation caused by 54

dew using a parabolic reflector antenna. The experiment was 55

conducted when a dew layer was known to be present on the 56

antenna reflector. Then, the water layer was wiped off the 57

antenna at a certain known time. As a result, the signal level 58

at 20 and 27 GHz channels gained 0.5 and 1.5 dB, respectively, 59

immediately after the dew layer was removed. 60

According to the American Meteorological Society (AMS), 61

dew is defined as water condensed onto grass and other objects 62

at ground level while the temperature of which have fallen 63

below the dew-point of the surface air due to radiational cooling 64

during night time [18]. 65

The motivation for monitoring this phenomenon rises from 66

various ecological aspects. Dew can serve as an important 67

source of moisture for animals [19], [20] and biological crusts 68

that can contribute to the stabilization of sand dunes [21], 69

[22]. Terrestrial microwave radiation is sensitive to soil mois- 70

ture, which is an important element of the hydrological cycle, 71

and affects weather and climate [23]. By observing terrestrial 72

microwave emission, satellites can map soil moisture variability 73

spatially and temporally [24]. However, terrestrial microwave 74

emission is also affected by water in vegetation as dew (or inter- 75

cepted precipitation). As a result, bias caused by the presence of 76

free water can introduce error to the soil moisture measurement 77

[25]–[28]. Therefore, high spatio-temporal information about 78

dew, if obtained, can potentially be used in combination with 79

remote sensing satellites to improve the ability to derive more 80

accurate observations of soil moisture [28]. 81

The perspective regarding the dew-plants interaction is con- 82

troversial: plant pathologists emphasize the negative role played 83

by dew in the promotion of plant diseases [29]. This being the 84

case, agricultural warning systems of plant diseases, that assist 85

growers in deciding on the appropriate time to use preventa- 86

tive measures, use information concerning the duration of leaf 87

wetness as an input [30]. On the other hand, it has been found 88

recently that dew formation serves as an integral part in the 89

1939-1404 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



IE
EE

Pr
oo

f

2 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

general strategy of vegetation water economy in the arid and90

semiarid zones [31]. However, the information regarding dew91

in the literature is scarce, in part due to the difficulty associated92

with its measurement [32], [33]. Thus, standard meteorological93

stations do not measure this parameter, and other facilities have94

limited applications.95

Typical dew detection and measuring instruments include96

drosometers and the leaf wetness sensors (LWSs). The dro-97

someter is a large surface comprised of fine fiber (wool, cotton)98

or metal plate. It measures the amount of accumulating dew99

per unit area per time. The measurements are made in the early100

morning, before the rising sun evaporates the dew. However,101

these observations are considered inaccurate, primarily since102

the slightest change in the surface that receives the mois-103

ture alters the quantity of dew that is caught. The LWS is an104

apparatus used for identifying leaf wetness (i.e., dew). The105

operating principle of this device is based on a simple electronic106

circuit, which is completed when water bridges two inter digi-107

tated electrodes. It measures the fraction of time that moisture108

accumulates and completes the electronic circuit.109

The goal of this paper is to address the problem of identifying110

antenna wetting periods during dew episodes utilizing received111

signal level (RSL) measurements from a spatially distributed112

MLs network. A novel method to detect moist antenna attenua-113

tion periods is suggested based on signal detection theory [34].114

The extremely high density of ML [1], [35], which can reach115

several tens of links deployed over a single square km, espe-116

cially in urban areas [14], guarantees markedly higher coverage117

when compared to any other sensor system, or the spatial cov-118

erage achieved by dew gauges deployed in conventional ground119

stations.120

Let us briefly specify the different signal processing stages.121

First, we extract the physical characteristics of the meteoro-122

logical phenomena observed. Accordingly, the meteorologi-123

cal phenomena induced attenuation can be formulated as an124

unknown deterministic signal and respectively the classical125

binary hypothesis testing problem (signal detection problem)126

is defined, where we aim to detect an unknown deterministic127

signal embedded in the interference signal. Second, we use the128

generalized likelihood ratio test (GLRT) [36] in order to dis-129

criminate the moist antenna attenuation from other atmospheric130

impairments. Finally, we apply the suggested method on real131

RSL measurements taken from an already existing microwave132

network.133

The performance of the proposed method is quantified by134

an experimental receiver operating characteristics (ROC) curve135

where the validation process is conducted using LWS and rel-136

ative humidity (RH) data taken from standard meteorological137

stations.138

II. MODEL AND METHOD139

A. Model140

Environmental monitoring techniques, like other signal pro-141

cessing systems such as Radar and Communication, share the142

basic goal of being able to detect whether an event of interest143

occurred (e.g., rainfall and fog) and then extract information144

concerning the event. The former task, of decision-making, is145

usually termed detection theory. The degree of difficulty of 146

these problems is directly related to the information concern- 147

ing the signal and noise characteristics which can be modeled in 148

terms of their probability density functions (pdfs). Accordingly, 149

let us define the detection model and the effects of humidity and 150

dew on a ML as unknown deterministic attenuation signals. 151

A simplified model for a measured RSL A[n,L] is given 152

by [5] 153

A[n,L] = Ap[n,L] +Aw[n] +Av[n,L]

+A0[L] + r[n] + q[n] dB

n = 1, . . . , N. (1)

We take a set of n = 1, . . . , N samples per each ML, where: 154154

1) L—link length; 155

2) Ap[n,L]—path-integrated precipitation attenuation; 156

3) Av[n,L]—other-than-rain-induced attenuation, resulting 157

primarily from the atmospheric water vapor [37]; 158

4) A0[L]—free-space propagation loss; 159

5) Aw[n]—wet/moist antenna attenuation; 160

6) q[n]—quantization noise; 161

7) r[n]—white noise. 162

We note that Aw[n] is independent of the link length as 163

opposed to Ap[n,L] and Av[n,L] being dependent of path 164

length and are considered here as channel interferences. 165

In cellular backhaul transmission systems, the RSL is typi- 166

cally quantized. For simplicity, we approximate the quantiza- 167

tion effect using additive quantization noise q[n]. It is modeled 168

as an additive uniformly distributed random process with vari- 169

ance Δ2

12 , where Δ is the quantization interval. This approxima- 170

tion is valid for Ap[n,L], Aw[n] and Av[n,L] as long as their 171

dispersion is higher than the quantization interval [5]. r[n] is 172

a measurement noise at the ML receiver, and is assumed to be 173

an additive Gaussian noise. Since the latter is added at the ML 174

receiver, it does not dependent on the link length. 175

In this study, we assume that no precipitation was present 176

during the detection interval N , i.e., Ap[n,L] = 0. This 177

assumption was validated using rainfall data taken from the 178

Israeli Meteorological Service (IMS). However, we note that 179

one can use the methods suggested in [38] or [8] for identify- 180

ing dry periods (when no rain occurred). It is important to note 181

that each link comprises a transmitter and receiver which are 182

deployed at different spatial locations. 183

The idea of detecting moist antenna perturbations using ML 184

lies on the principle that the attenuation is derived only due to 185

the water film found on the microwave antenna itself and thus 186

it can be determined whether attenuation drop observed simul- 187

taneously by multiple links, found in the same observed region, 188

is independent of link length. We assume here homogeneity 189

of the water vapor and dew in the observed field. Namely, 190

all ML in the area examined are assumed to be affected by 191

the same moist antenna-induced attenuation and by the same 192

water vapor effect, while the latter is being proportional to the 193

link length. The assumption, then, is that on days when dew 194

existed, it simultaneously wet all of the microwave antennas 195

in the observed region. In reality, it is possible, e.g., that only 196

one of the two antennas that comprise the link was wet, but 197

if attenuation was detected on the link, the assumption is that 198

the wetting was simultaneous at both antennas. There has not 199
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been much research investigating the spatial distribution of dew,200

however, recent work by Rowlandson [30] shows that over an201

area of 1 km2, dew was observed simultaneously by different202

dew gauges located several hundreds of meters apart, and over203

separate dew events. In order to justify the assumption of the204

simultaneous occurrence of dew in this research, we adopted a205

conservative definition of a dew event. An event was consid-206

ered dewy during times when all five meteorological stations207

measured RH of at least 90% and the LWS identified dew.208

Under these assumptions, the attenuation model (1) of the ith209

ML from a set of M links reduces to210

Ai[n,L] = Aw[n] + Li ·Av[n] +A0i[L] + ri[n] + qi[n] dB

n = 1, . . . , N, i = 1, . . . ,M. (2)

Our goal is to decide whether moist antenna attenuation,211

ascribed to dew, is present or is it only the water vapor induced212

attenuation which is observed. Therefore, the attenuation model213

(2) can be transformed into a binary hypothesis test aimed for214

detecting the moist antenna losses215

H0 : Ai[n,L] = Li ·Av[n] +A0i[L] + ri[n] + qi[n]

H1 : Ai[n,L] = Aw[n] + Li ·Av[n] +A0i[L] + ri[n] + qi[n]

n = 1, . . . , N, i = 1, . . . ,M. (3)

In typical conditions, water vapor is present in the atmo-216

sphere with different concentrations at different altitudes. Those217

concentrations vary with time and space; however, spatial vari-218

ations are neglected here. H0 is, therefore, defined as the219

null hypothesis and is ascribed to the attenuation fluctua-220

tions induced by variations in the atmospheric humidity. H1 is221

defined as the moist antenna attenuation hypothesis.222

Typically, dew is a phenomenon that is present for at least a223

few hours after emerging while the absolute humidity charac-224

teristically varies more slowly over time [33]. Therefore, under225

these assumptions, we consider their attenuations Aw[n] and226

Av[n] as constant transient signals of unknown arrival times227

nw and nv and of unknown durations τw and τv , respectively.228

In our problem, we assume that the base-line attenuation of229

each link i is caused by free-space propagation loss together230

with the absolute humidity attenuation that exists in the atmo-231

sphere. In dewy nights, the RH typically exceeds the threshold232

of 85% and therefore excess water-vapor-induced attenuation is233

expected. In Fig. 1, we exemplify the water vapor attenuation as234

a function of frequency [39] for a typical dry summer afternoon235

and dewy summer night in Israel [33]. The gray curve denotes236

the water vapor attenuation, in typical late afternoon conditions,237

where the RH is about 60% and the temperature is 25 ◦C. The238

black curve is the water vapor attenuation exemplifying early239

morning conditions where the RH is about 90% and the tem-240

perature is about 18 ◦C. The difference between the black and241

gray curves is denoted by the dashed curve signifying the addi-242

tional water vapor induced attenuation ΔAv[n], created due to243

the typical differences between the early morning humidity and244

that of the late afternoon. The typical water vapor attenuation245

during the late afternoon, together with the unknown zero level246

attenuation A0i[L] are defined as an unknown mean defined as247

the base-line attenuation for each link μi.248

Fig. 1. Water vapor attenuation versus frequency in a typical dewy summer
night in Israel. The gray curve is the water vapor attenuation, in the late after-
noon, and the black curve is the water vapor attenuation, in early morning. The
dashed curve is the differential water vapor attenuation. The meteorological
data are based on [33] and on measurements from meteorological stations in
the observed region.

F1:1
F1:2
F1:3
F1:4
F1:5
F1:6

In each link i, we model the noise measurement ri[n] and the 249

quantization noise qi[n] by an additive white Gaussian noise 250

(AWGN) wi[n] of unknown variance σ2, meaning that we only 251

use the second-order statistics of the real noise. This substitu- 252

tion leads to suboptimal parameter estimation, in the estimation 253

step of the GLRT solution. In Section IV, we discuss and 254

demonstrate the effects of this assumption on the detection per- 255

formance. Additionally, we assume that the noise processes at 256

the different sensors are independent and identically distributed 257

(IID). 258

Notably, the binary hypothesis testing problem (3) is a spe- 259

cific problem of detecting an unknown deterministic transient 260

signal Aw[n] embedded within the interference signal. The 261

difference between the two signals is that the moist antenna 262

attenuation signal Aw[n] affects all ML identically, while the 263

interference signal (additional water vapor attenuation signal) 264

affects each link proportionally to its length Li. 265

Finally, the binary hypothesis testing problem is reduced to 266

H0 : Ai[n,L] = Li ·ΔAv[n ; τv , nv] + μi + wi[n]

H1 : Ai[n,L] = Aw[n ; τw , nw]

+ Li ·ΔAv[n ; τv , nv] + μi + wi[n]

n = 1, . . . , N, i = 1, . . . ,M. (4)

Note that under each hypothesis H0 and H1, there 267

are unknown parameters. Under H0, we define the (M + 268

4) dimensional vector of unknown parameters as θ0 � 269

[ΔAv, nv, τv, μ
T , σ2]T , whereas under H1, the (M + 7) 270

dimensional vector of unknown parameters is defined as θ1 � 271

[Aw, nw, τw,ΔAv, nv, τv, μ
T , σ2]T . In (4), Aw is the unknown 272

constant moist antenna attenuation and ΔAv is the unknown 273

constant additional water vapor attenuation per unit of link 274

length. The signal loss is a negative quantity and thus Aw < 0 275

and ΔAv < 0. One can note that Aw, nw, and τw are the 276

unknown parameters of the desired signal, while ΔAv, nv , and 277

τv are the unknown parameters of the interference signal. μ � 278

[μ1, . . . , μM ]T is (M × 1) vector consisting of the M unknown 279

measurement means (base-line attenuations). 280
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B. Method281

In our detection problem, no prior information concerning282

the probabilities of the various hypotheses exists, and we can283

see that the pdf for each assumed hypothesis is not completely284

known. The uncertainty is expressed by including unknown285

non random parameters in the pdf. In such a case, when no286

uniformly most powerful (UMP) test [40] exists, the GLRT is287

commonly used to provide a solution [36]. The ln version of the288

GLRT for the binary hypothesis testing model (4) is of the form289

LG(X) = ln

(
P (X ; θ̂1, H1)

P (X ; θ̂0, H0)

)H1
>

<
H0

γ (5)

where P (X ; θ1 , H1) is the pdf of the received signal X �290

[A1[1, L1], . . . , A1[N,L1], . . . , AM [1, LM ], . . . , AM [N,LM ]]
T

291

under H1 with the unknown parameters vector θ1, while292

P (X ; θ0 , H0) is its pdf under H0 with the unknown parame-293

ters vector θ0. θ̂1 is the maximum likelihood estimates (MLEs)294

[41] of θ assuming H1 is true [maximizes P (X ; θ1 , H1)],295

and θ̂0 is the the MLE of θ assuming H0 is true (maximizes296

P (X ; θ0 , H0)).297

While there is no optimality associated with the GLRT, in298

some cases, it can be shown that the GLRT is asymptotically299

optimal, in the invariant sense [42], and in practice, it appears300

to acquire satisfying solutions. This test, in addition to signal301

detection, also provides information about the unknown param-302

eters since the first step in computing (5) is to find the MLEs303

under each hypothesis.304

Let us begin with evaluating the MLEs under each hypothe-305

sis. The MLE of θ0 under H0 is found by maximizing the log306

likelihood function L(X; θ0)307

max
θ0

{L(X ; θ0)}

= max
ΔAv,nv,τv,μ,σ2

{
−MN

2
ln
(
2πσ2

)

−
M∑
i=1

(‖xi − Li ·ΔAv · hv(nv, τv)− μi · 1‖2
2σ2

)}
(6)

where xi � [Ai[1, Li], . . . , Ai[N,Li]]
T , 1N×1 � [1, . . . , 1]

T ,308

hv(nv, τv) is an (N × 1) vector, hv n ∈ {0, 1}, and ‖a‖2 �309

aT · a.310

Theorem 1: The MLEs of ΔAv , nv , μ, and σ2, which max-311

imize (6), when the duration of the signal τv is fixed, and under312

the constraint that ΔÂv ≤ 0, are given by313313

1) n̂v = min
nv

{
nv+τv−1∑
n=nv

xs[n]

}
, where xs[n] � 1

(
∑M

j=1 L2
j)

314

∑M
i=1 (Li · xi[n]);315

2) ΔÂv =
1

τv

n̂v+ τv−1∑
n=n̂v

xs[n]− 1

(N − τv)

∑
n/∈[n̂v,n̂v+τv−1]

316

xs[n];317

3) μ̂i =
1

N

(
N∑

n=1

xi[n]− Li ·ΔÂv · τv
)
, i = 1, . . . ,M ;318

4) σ̂2 =
1

NM

M∑
i=1

‖
(
xi − Li ·ΔÂv · h(n̂v, τv)− μ̂i · 1

)
‖2 . 319

Proof: The proof is given in Appendix A. 320

Bearing in mind the above, the MLE of nv under the constraint 321

ΔÂv ≤ 0 from M sensors is simply weighted summing their 322

measurements, and looking for the initiating sample (time of 323

arrival) where a time window of the sum with duration τv is 324

minimal. The MLE of ΔAv , μ, and σ2, when inserting the 325

MLE of nv , are found by the regular solution of a linear model 326

Gaussian problem. 327

The MLE of τv is found by inserting ΔÂv , n̂v , μ̂, and 328

σ̂2 (Theorem 1) into (6), and searching for the value of τv ∈ 329

[τ1, τ2] that achieves the maximum value, where τ1 and τ2 are 330

a priori thresholds of the duration of the signal ΔAv , meaning 331

that the minimum duration of the signal is τ1 and the maximum 332

duration is τ2 333

τ̂v = min
τv ∈ [τ1,τ2]

{
ln (2πσ̂2)

}
. (7)

Note that we assume in (7) that the observation interval N 334

is longer than the duration of the additional water vapor attenu- 335

ation signal N > τ2, i.e., we choose observation interval that 336

lasts longer than a typical water vapor phenomena (reason- 337

able under typical Israeli weather conditions, as aforementioned 338

[33]). 339

The MLE of θ1 under H1 is found by maximizing the log 340

likelihood function L(X ; θ1) 341

max
θ1

{L(X ; θ1)}

= max
θ1

{
−MN

2
ln
(
2πσ2

)− 1

2σ2

M∑
i=1

(‖xi −Aw ·hw(nw, τw)

−Li ·ΔAv · hv(nv, τv)− μi · 1‖2
)}

(8)

where hw(nw, τw), as hv(nv, τv), is an (N × 1) vector, hwn ∈ 342

{0, 1}. 343

The appearance of dew is highly dependent on the atmo- 344

spheric RH. The threshold RH above which dew is likely to 345

emerge can be assumed to be 85% [33]. Due to this dependence 346

we assume that moist antenna attenuation, which is caused by 347

dew, can appear only during high RH conditions, i.e., dur- 348

ing times when additional water-vapor-induced attenuation is 349

expected to appear. This assumption is reasonable, since the 350

ascension of humidity induces additional water vapor attenu- 351

ation, and when it exceeds approximately the threshold of 85%, 352

moist antenna attenuation is likely to emerge. Mathematically, 353

that means that under H1 we assume that nw ≥ nv and nw + 354

τw < nv + τv , i.e., the desired signal Aw[n ; nw, τw] appears 355

only during the interference signal ΔAv[n ;nv, τv]. We use this 356

assumption to facilitate the MLE solution under H1 (8). 357

The MLE solution for θ1 is a 4-D search over nw , τw , nv , 358

and τv , and for any combination of these four parameters, we 359

deal with a quadratic optimization problem under constraints 360

(Âw ≤ 0 , ΔÂv ≤ 0). Note that the MLEs of ΔAv, nv, τv, μ, 361

and σ2 are different under each hypothesis. 362
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Fig. 2. Map of MLs (lines), meteorological stations (drop signs), and LWS
(circle sign).

F2:1
F2:2

Finally, we substitute the estimates, θ̂1 and θ̂0, into (5) in363

order to get the GLRT test364

LG(X) =− MN

2
ln
(
2πσ̂2

1

)− MN

2
+

MN

2
ln
(
2πσ̂2

0

)
+

MN

2
=

MN

2
ln

(
σ̂2
0

σ̂2
1

)H1
>

<
H0

γ (9)

where σ̂2
1 is the estimation of σ2 under H1 and σ̂2

0 is under H0.365

The threshold γ is set to determine the desired false alarm rate366

using standard techniques [34]. In Section IV, we present the367

experimental ROC obtained.368

III. EXPERIMENTAL SETUP AND MODEL ASSUMPTIONS369

Commercial MLs operate at frequencies of tens of GHz, at370

ground level altitudes. The RSL measurements are quantized371

in steps of several decibels down to 0.1 dB, typically. Built-in372

facilities enable RSL recording at various temporal resolutions,373

depending on the type of the equipment (typically between once374

per minute and once per day).375

In this study, a microwave system comprised fixed terrestrial376

line-of-sight links, employed for data transmission between cel-377

lular base stations was used. We focused on 18 ML spread378

across central Israel as described in Fig. 2. The technical spec-379

ifications of the ML used are denoted in Table I. Each link380

provides RSL records in 1 min intervals with a quantization381

level of 1 dB. As can be seen in Table I, four different frequen-382

cies were used, however, since the algorithm aims at detection383

purposes only (i.e., not estimation of the different parame-384

ters) the effect of frequency dependence on attenuation was385

neglected. This action can be justified by the following reasons:386

the algorithm estimates the excess water vapor attenuation.387

TABLE I T1:1
MICROWAVE LINKS T1:2

However, as depicted in Fig. 1, the differential water vapor 388

attenuation is weakly dependent on frequency. The algorithm 389

also calculates the attenuation due to antenna wetting which is 390

known to be weakly dependent on frequency, particularly at the 391

given relatively narrow frequency range [43]. In Section IV, we 392

verify this assumption. 393

In order to quantify and validate the results obtained using 394

the proposed technique, we used the LWS for detecting the 395

dewy events. The LWS is located in the vicinity of the 396

microwave system as illustrated in Fig. 2. In addition, RH 397

measurements from five meteorological stations, as shown in 398

Fig. 2 were utilized. The RH measurements in conjunction 399

with the LWS detections determined which of the events was 400

dewy. An event was considered dewy during times when all 401

five meteorological stations measured RH of at least 90% and 402

the LWS identified dew. Under these conditions, these mea- 403

surements were then compared to the microwave system wet 404

antenna detections acquired using the proposed methodology. 405

Notably, some disparities are expected between the different 406

ways of measuring a moist event (i.e., dew versus wet antenna) 407

as discussed in the conclusions. The justification for the com- 408

parison made between the two observations arises from the fact 409

that both phenomena, dew and moist antenna, appear when- 410

ever the condensation rate exceeds evaporation rate during 411

times of high atmospheric RH. As a consequence, the detec- 412

tion of moist antenna phenomenon can point to the presence of 413

dew, as will be exemplified in the next section. It is important 414

to note that moist antenna phenomenon cannot be considered 415

straightforwardly as dew, as will be discussed in the conclusion. 416

IV. RESULTS 417

We applied the GLRT (9) to RSL measurements which were 418

taken from 40 nights (events) during the months of February 419

to July 2010. Based on measurements made with meteorologi- 420

cal instruments, 20 events were detected as dewy ones, and 20 421

were identified as dry, i.e., when no dew was observed by the 422

LWS (at RH < 90%). The duration of each event (namely, the 423

observation interval N ) was chosen to be 14 h (N = 840 sam- 424

ples), i.e., long enough to accommodate the variations within 425

the atmospheric phenomena observed (dew, water vapor) [33]. 426

Under the no moist antenna hypothesis H0, we assume that the 427
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Fig. 3. GLRT plane. Black bars are events that were considered as moist by
the meteorological instruments, whereas the gray bars are events that were
considered as just water vapor changes.

F3:1
F3:2
F3:3

Fig. 4. Probability of detection versus the probability of false alarm for the
detection of moist antenna events, using the GLRT.

F4:1
F4:2

duration of the additional water vapor attenuation can receive428

any value for τv between 2 and 10 h, and under the moist429

antenna hypothesis H1, as explained in Section II, we add the430

assumption that nw ≥ nv and nw + τw < nv + τv .431

The detection performance is presented by an ROC curve.432

The ROC illustrates the probability of detection PD (i.e., the433

algorithm indicated a moist antenna signal and in reality it was434

present) versus the probability of false alarm PFA (i.e., the435

algorithm indicated a moist antenna signal, but in reality it was436

not present).437

Fig. 3 presents the GLRT’s derived from measurements of438

18 ML for the 40 events studied. The x-axis presents the GLRT439

plane, while the y-axis indicates the the number of events. The440

black bars are the events that were considered as moist by the441

RH measurements, from the five meteorological stations, and442

by the LWS identification. The gray bars are the events that443

were considered as just water vapor changes. It can be seen that444

there is a distinction between the two hypotheses, with moder-445

ate significance though. The ROC, in Fig. 4, was derived from446

the results depicted in Fig. 3. The figure presents the ROC of447

the GLRT based on measurements from 18 ML (black curve).448

For comparison, the ROC of the GLRT based on 12 ML (gray-449

dashed curve) is also given (the 12 ML were chosen to be the450

ones that operate at frequencies of around 17 and 18 GHz).451

Table II details the estimation results of the GLRT for the452

additional water vapor attenuation and the moist antenna atten-453

uation, based on five representative dewy events. As described454

previously in Section I, there is a relatively small amount455

of research dealing with monitoring other-than-precipitation456

TABLE II T2:1
ESTIMATION RESULTS T2:2

Fig. 5. Probability of detection versus the probability of false alarm for the
GLRT using quantized data and un-quantized data. In all the events, the true
signal was Aw = 0.15, the true interference signal was Av = 0.05, and the
true variance of the Gaussian noise was σ2 = 0.1.

F5:1
F5:2
F5:3
F5:4

phenomena using measurements from ML. As a consequence, 457

currently, there is a limited capacity to compare and ver- 458

ify results in this area. However, it is notable that the moist 459

antenna estimation results are of the same order of magnitude 460

as those found by Hening and Stanton [17]. They found that 461

the attenuation caused by dew at 20 GHz is approximately 0.5 462

dB. Moreover, the additional water vapor attenuation results 463

obtained are of the same order comparing to the excessive water 464

vapor curve depicted in Fig. 1, when focusing on the relevant 465

frequencies. 466

The quantization noise is also a factor that may strongly 467

affect the detection performance. Notably, the magnitude 468

of the water vapor and moist antenna excess attenuation 469

are of the same order as that of the quantization inter- 470

val. Hence, the algorithm-based estimates are impaired. 471

In order to examine this effect, a comparison between 472

the GLRT ROCs derived for quantized and un-quantized 473

data was produced by a computer simulation, as presented 474

in Fig. 5. The GLRT (9) was applied on 1 dB quan- 475

tized data and un-quantized data for 1000 events simulated 476

(500—moist antenna events, 500—water vapor changes events) 477

using 4 links (M = 4). The true values chosen of Aw and Av , 478

are based on values found in literature. 479

V. CONCLUSION 480

The results point to the potential of detecting dewy episodes 481

using already existing commercial ML. The results (Figs. 3 482

and 4) demonstrate that adding links improves performance of 483

the detection algorithm. The 18 ML-based curve (black) where 484

frequencies of 17–23 GHz were used achieved better results 485

than the 12 ML-based curve (gray) where frequencies of only 486
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17–18 GHz were used. In this case, the amount of links had487

a greater impact on the detection performance than the accu-488

racy of the model. Therefore, it is reasonable to assume that the489

attenuation due to excessive water vapor and moist antenna on490

the ML is weakly dependent on frequency.491

Figs. 3 and 4 present a moderate distinction between the two492

hypotheses. While further investigation is required concerning493

this issue, we can point to the following aspects that would494

affect these results: first, as mentioned, moist antenna phenom-495

ena cannot straightforwardly be considered as dew. Therefore,496

since we validate the performance of the GLRT algorithm by497

the LWS, which identifies dew, there is a possibility that even498

though the sensor identified the event as dewy, a moist layer499

did not accumulate on the antenna surface in a specific event.500

Having said that, it is possible then that the four negative events501

(black bar) observed in Fig. 3 are an example of such cases.502

That is, these events were detected as dewy by the LWS while503

the GLRT algorithm classified them as no moist antenna events.504

Fig. 5 points to a significant gap between the ROC curve505

of quantized data and that of un-quantized data, for SNR =506

−6.5 dB
(

SNR � 10 log
(

A2
w

σ2

))
. However, it should be noted507

that more sensitive microwave systems exists with digital quan-508

tization of, e.g., 0.1 dB [11], [14]. Hence, it is expected that509

applying the algorithm on such RSL data will improve accuracy510

when compared to microwave systems with coarser sensitivity511

(as the system utilized in this study).512

While a principle feasibility has been demonstrated, addi-513

tional experimental and modeling research are required. The514

contribution of transmission loss due to atmospheric phenom-515

ena (e.g., fog) and due to the wettings of the antennas, as well516

as the effect of antenna elevation (ranging from several meters517

to several tens of meters) off the surface should be studied.518

Further experimental verification should also take into account519

the inherent uncertainty of reference data, including technical520

limitations of dew meters, difference in wetting properties of521

materials, in particular: the microwave radomes are artificial522

materials with different thermal properties comparing to those523

of soil or vegetation pallets. Moreover, the difference of orien-524

tation of the wetting surfaces, microwave radomes are vertical525

surfaces while typical dew meters are horizontal surfaces.526

Since dew has a cardinal part in various ecological pro-527

cesses, the numerous microwave antennas, acting as a dew528

detector unit, have the potential to shed light on the role of this529

phenomenon in the local and global ecosystems.530

APPENDIX A531

PROOF OF THEOREM 1532

Let us consider first the case of M = 1. Thus, when using533

one sensor and when the duration of the signal τv is fixed, (6)534

reduces to535

max
ΔAv,nv,μ,σ2

{
−N

2
ln
(
2πσ2

)
−
(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2

2σ2

)}
(A1)

The MLE of σ2, when ΔAv , nv , and μ are fixed, is given by 536

σ̂2 =
1

N

(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2) (A2)

substituting (A2) into (A1) yields 537

min
ΔAv,nv,μ

{
(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2)} . (A3)

The MLE of μ, when Av and nv are fixed, is given by 538

μ̂ =
(
1T · 1)−1 · 1T · (x− L ·ΔAv · hv(nv, τv))

=
1

N

(
N∑

n=1

x[n]− L · τv ·ΔAv

)
(A4)

substituting (A4) into (A3) and simplifying yields 539

min
ΔAv,nv

{
xT ·Q · x− 2 · L ·ΔAv · xT ·Q · hv(nv, τv)

+L2 · (ΔAv)
2 · hv(nv, τv)

T ·Q · hv(nv, τv)
}

(A5)

where Q �
(
IN×N − 1

N · 1 · 1T ) is a projection matrix. 540

Note that the expression xT ·Q · x in (A5) is independent of 541

Av or nv and therefore (A5) reduces to 542

min
ΔAv,nv

{−2 ·ΔAv · (xT /L) ·Q · hv(nv, τv)

+(ΔAv)
2 · hv(nv, τv)

T ·Q · hv(nv, τv)
}

(A6)

The MLE of ΔAv , when nv is fixed, is given by 543

ΔÂv =
1

L

(
hv(nv, τv)

TQhv(nv, τv)
)−1 · hv(nv, τv)

TQx

=
1

L

⎛
⎝ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎞
⎠

(A7)

Note that 544

hv(nv, τv)
T ·Q · hv(nv, τv) = τv − τ2v

N
(A8)

using (A8) and rearranging (A7) yields 545

ΔÂv ·
(
τv − τ2v

N

)
=
(
xT /L

) ·Q · hv(nv, τv) (A9)

substituting (A8) and (A9) into (A6) yields 546

max
nv

{(
τv − τ2v

N

)
· (L ·ΔÂv)

2

}
(A10)

We use the prior information under H0; hence, the expression 547(
τv − τ2

v

N

)
is positive ∀ τv ∈ [τ1, τ2], where τ2 < N , so (A10) 548

becomes 549

max
nv

{
(L ·ΔÂv)

2
}
=

max
nv

⎧⎪⎨
⎪⎩
⎛
⎝ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎞
⎠

2
⎫⎪⎬
⎪⎭

(A11)
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Using the fact that ΔÂv ≤ 0, (A11) reduces to550

min
nv

⎧⎨
⎩ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎫⎬
⎭

and therefore the MLE of nv is given by551

n̂v = min
nv

{
nv+τv−1∑
n=nv

x[n]

}
. (A12)

For the MLE of ΔAv , we insert n̂v (A12) into (A7) and for the552

MLE of μ, we insert n̂v (A12) and ΔÂv (A7) into (A4). The553

same process happens with the MLE of σ2, where we insert n̂v ,554

ΔÂv and μ̂ into (A2).555

Finally, we show how the case of M > 1 is reduced to the556

case of M = 1, when the measurements vector is xs[n]. First,557

we find the MLE of σ2 and for each sensor i the MLE of μi,558

when ΔAv and nv are fixed, as in (A2) and (A4)559

σ̂2 =
1

NM

M∑
i=1

‖ (xi − Li ·ΔAv · hv(nv, τv)− μi · 1) ‖2

(A13)

μ̂i =
1

N

(
N∑

n=1

xi[n]− Li · τv ·ΔAv

)
, i = 1, . . . ,M.

(A14)

Substituting (A13) and (A14) into (6) yields560

min
ΔAv,nv

{
M∑
i=1

(‖Qxi − Li ·ΔAv ·Qhv(nv, τv)‖2
)}

= min
ΔAv,nv

{
−2 ·ΔAv

M∑
i=1

(
Li · xT

i

)
Qhv(nv, τv)

+

M∑
i=1

L2
i · (ΔAv)

2 · hv(nv, τv)
TQhv(nv, τv)

}

= min
ΔAv,nv

{
−2 ·ΔAv

∑M
i=1

(
Lix

T
i

)
∑M

j=1 L
2
j

Qhv(nv, τv)

+(ΔAv)
2hv(nv, τv)

TQhv(nv, τv)

}
(A15)

We can see that (A15) is the same optimization problem as561

(A6), except for the replacement of xT by
∑M

i=1

(
Li · xT

i

)
and562

L by
∑M

j=1 L
2
i , i.e., we replaced xT

L by xT
s . Hence, the MLE of563

θ0, which maximizes (6), is found by Theorem 1.564
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The Potential of Microwave Communication
Networks to Detect Dew—Experimental Study

1

2

Oz Harel, Noam David, Pinhas Alpert, and Hagit Messer, Fellow, IEEE3

Abstract—At microwave frequencies of tens of GHz, various4
hydrometeors cause attenuations to the electromagnetic signals.5
Here, we focus on the effect of liquid water films accumulating6
on the outer coverage of the microwave units during times of high7
relative humidity (RH). We propose a novel technique to detect8
moist antenna losses using standard received signal level (RSL)9
measurements acquired simultaneously by multiple commercial10
microwave links (MLs). We use the generalized likelihood ratio11
test (GLRT) for detecting a transient signal of unknown arrival12
time and duration. The detection procedure is applied on real RSL13
measurements taken from an already existing microwave network.14
It is shown that moist antenna episodes can be detected, informa-15
tion which provides the potential to identify dew, an important16
hydro-ecological parameter.17

Index Terms—Attenuation, commercial microwave links (MLs),18
dew, generalized likelihood ratio test (GLRT), received signal level19
(RSL).20

I. INTRODUCTION21

Y EARS of research have developed the capacity for model-22

ing, understanding and mitigation of atmosphere-induced23

reductions of the quality of wireless communication links. After24

exposing the idea of using measurements from commercial cel-25

lular operators for rainfall monitoring [1], [2], this field of26

research has been extensively studied and developed [3]–[9].27

Notably, nearly all of the research in this field has focused on28

rainfall monitoring.29

However, rain is not the only source for impairments to30

the received radio signals. In the presence of a clear line31

of sight, such propagation phenomena—diffraction, refraction,32

absorption, and scattering—may cause acute reductions. At33

frequencies above 10 GHz, some of them (absorption and scat-34

tering) are directly related to other atmospheric phenomena.35

Thus, it has also been shown that microwave links (MLs) have36

the potential to monitor phenomena aside from rain, such as37

areal evaporation [10], water vapor density [11]–[13], and even38

fog [14], [15].39

Excess attenuation due to antenna wetting during rainfall40

episodes has been studied [5], [10], [16]. However, until now,41
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this effect has been considered as a negative perturbation, 42

causing additional attenuations to the radio signals and thus 43

interfering with the ability to conduct accurate rain rate mea- 44

surements. However, in some cases, this perturbation contains 45

vital information, particularly during times of dew: whenever 46

condensation rate exceeds evaporation rate, a thin layer of water 47

droplets accumulates directly on the antenna surface or the 48

external radome, causing moistening of the radio units. This 49

water film may lead to a signal loss, which can be measured by 50

the microwave system. This effect has been recently shown to 51

cause additional losses to the microwave signals during heavy 52

fog events [14]. At an earlier stage, Hening and Stanton [17] 53

measured experimentally the microwave attenuation caused by 54

dew using a parabolic reflector antenna. The experiment was 55

conducted when a dew layer was known to be present on the 56

antenna reflector. Then, the water layer was wiped off the 57

antenna at a certain known time. As a result, the signal level 58

at 20 and 27 GHz channels gained 0.5 and 1.5 dB, respectively, 59

immediately after the dew layer was removed. 60

According to the American Meteorological Society (AMS), 61

dew is defined as water condensed onto grass and other objects 62

at ground level while the temperature of which have fallen 63

below the dew-point of the surface air due to radiational cooling 64

during night time [18]. 65

The motivation for monitoring this phenomenon rises from 66

various ecological aspects. Dew can serve as an important 67

source of moisture for animals [19], [20] and biological crusts 68

that can contribute to the stabilization of sand dunes [21], 69

[22]. Terrestrial microwave radiation is sensitive to soil mois- 70

ture, which is an important element of the hydrological cycle, 71

and affects weather and climate [23]. By observing terrestrial 72

microwave emission, satellites can map soil moisture variability 73

spatially and temporally [24]. However, terrestrial microwave 74

emission is also affected by water in vegetation as dew (or inter- 75

cepted precipitation). As a result, bias caused by the presence of 76

free water can introduce error to the soil moisture measurement 77

[25]–[28]. Therefore, high spatio-temporal information about 78

dew, if obtained, can potentially be used in combination with 79

remote sensing satellites to improve the ability to derive more 80

accurate observations of soil moisture [28]. 81

The perspective regarding the dew-plants interaction is con- 82

troversial: plant pathologists emphasize the negative role played 83

by dew in the promotion of plant diseases [29]. This being the 84

case, agricultural warning systems of plant diseases, that assist 85

growers in deciding on the appropriate time to use preventa- 86

tive measures, use information concerning the duration of leaf 87

wetness as an input [30]. On the other hand, it has been found 88

recently that dew formation serves as an integral part in the 89

1939-1404 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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general strategy of vegetation water economy in the arid and90

semiarid zones [31]. However, the information regarding dew91

in the literature is scarce, in part due to the difficulty associated92

with its measurement [32], [33]. Thus, standard meteorological93

stations do not measure this parameter, and other facilities have94

limited applications.95

Typical dew detection and measuring instruments include96

drosometers and the leaf wetness sensors (LWSs). The dro-97

someter is a large surface comprised of fine fiber (wool, cotton)98

or metal plate. It measures the amount of accumulating dew99

per unit area per time. The measurements are made in the early100

morning, before the rising sun evaporates the dew. However,101

these observations are considered inaccurate, primarily since102

the slightest change in the surface that receives the mois-103

ture alters the quantity of dew that is caught. The LWS is an104

apparatus used for identifying leaf wetness (i.e., dew). The105

operating principle of this device is based on a simple electronic106

circuit, which is completed when water bridges two inter digi-107

tated electrodes. It measures the fraction of time that moisture108

accumulates and completes the electronic circuit.109

The goal of this paper is to address the problem of identifying110

antenna wetting periods during dew episodes utilizing received111

signal level (RSL) measurements from a spatially distributed112

MLs network. A novel method to detect moist antenna attenua-113

tion periods is suggested based on signal detection theory [34].114

The extremely high density of ML [1], [35], which can reach115

several tens of links deployed over a single square km, espe-116

cially in urban areas [14], guarantees markedly higher coverage117

when compared to any other sensor system, or the spatial cov-118

erage achieved by dew gauges deployed in conventional ground119

stations.120

Let us briefly specify the different signal processing stages.121

First, we extract the physical characteristics of the meteoro-122

logical phenomena observed. Accordingly, the meteorologi-123

cal phenomena induced attenuation can be formulated as an124

unknown deterministic signal and respectively the classical125

binary hypothesis testing problem (signal detection problem)126

is defined, where we aim to detect an unknown deterministic127

signal embedded in the interference signal. Second, we use the128

generalized likelihood ratio test (GLRT) [36] in order to dis-129

criminate the moist antenna attenuation from other atmospheric130

impairments. Finally, we apply the suggested method on real131

RSL measurements taken from an already existing microwave132

network.133

The performance of the proposed method is quantified by134

an experimental receiver operating characteristics (ROC) curve135

where the validation process is conducted using LWS and rel-136

ative humidity (RH) data taken from standard meteorological137

stations.138

II. MODEL AND METHOD139

A. Model140

Environmental monitoring techniques, like other signal pro-141

cessing systems such as Radar and Communication, share the142

basic goal of being able to detect whether an event of interest143

occurred (e.g., rainfall and fog) and then extract information144

concerning the event. The former task, of decision-making, is145

usually termed detection theory. The degree of difficulty of 146

these problems is directly related to the information concern- 147

ing the signal and noise characteristics which can be modeled in 148

terms of their probability density functions (pdfs). Accordingly, 149

let us define the detection model and the effects of humidity and 150

dew on a ML as unknown deterministic attenuation signals. 151

A simplified model for a measured RSL A[n,L] is given 152

by [5] 153

A[n,L] = Ap[n,L] +Aw[n] +Av[n,L]

+A0[L] + r[n] + q[n] dB

n = 1, . . . , N. (1)

We take a set of n = 1, . . . , N samples per each ML, where: 154154

1) L—link length; 155

2) Ap[n,L]—path-integrated precipitation attenuation; 156

3) Av[n,L]—other-than-rain-induced attenuation, resulting 157

primarily from the atmospheric water vapor [37]; 158

4) A0[L]—free-space propagation loss; 159

5) Aw[n]—wet/moist antenna attenuation; 160

6) q[n]—quantization noise; 161

7) r[n]—white noise. 162

We note that Aw[n] is independent of the link length as 163

opposed to Ap[n,L] and Av[n,L] being dependent of path 164

length and are considered here as channel interferences. 165

In cellular backhaul transmission systems, the RSL is typi- 166

cally quantized. For simplicity, we approximate the quantiza- 167

tion effect using additive quantization noise q[n]. It is modeled 168

as an additive uniformly distributed random process with vari- 169

ance Δ2

12 , where Δ is the quantization interval. This approxima- 170

tion is valid for Ap[n,L], Aw[n] and Av[n,L] as long as their 171

dispersion is higher than the quantization interval [5]. r[n] is 172

a measurement noise at the ML receiver, and is assumed to be 173

an additive Gaussian noise. Since the latter is added at the ML 174

receiver, it does not dependent on the link length. 175

In this study, we assume that no precipitation was present 176

during the detection interval N , i.e., Ap[n,L] = 0. This 177

assumption was validated using rainfall data taken from the 178

Israeli Meteorological Service (IMS). However, we note that 179

one can use the methods suggested in [38] or [8] for identify- 180

ing dry periods (when no rain occurred). It is important to note 181

that each link comprises a transmitter and receiver which are 182

deployed at different spatial locations. 183

The idea of detecting moist antenna perturbations using ML 184

lies on the principle that the attenuation is derived only due to 185

the water film found on the microwave antenna itself and thus 186

it can be determined whether attenuation drop observed simul- 187

taneously by multiple links, found in the same observed region, 188

is independent of link length. We assume here homogeneity 189

of the water vapor and dew in the observed field. Namely, 190

all ML in the area examined are assumed to be affected by 191

the same moist antenna-induced attenuation and by the same 192

water vapor effect, while the latter is being proportional to the 193

link length. The assumption, then, is that on days when dew 194

existed, it simultaneously wet all of the microwave antennas 195

in the observed region. In reality, it is possible, e.g., that only 196

one of the two antennas that comprise the link was wet, but 197

if attenuation was detected on the link, the assumption is that 198

the wetting was simultaneous at both antennas. There has not 199
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been much research investigating the spatial distribution of dew,200

however, recent work by Rowlandson [30] shows that over an201

area of 1 km2, dew was observed simultaneously by different202

dew gauges located several hundreds of meters apart, and over203

separate dew events. In order to justify the assumption of the204

simultaneous occurrence of dew in this research, we adopted a205

conservative definition of a dew event. An event was consid-206

ered dewy during times when all five meteorological stations207

measured RH of at least 90% and the LWS identified dew.208

Under these assumptions, the attenuation model (1) of the ith209

ML from a set of M links reduces to210

Ai[n,L] = Aw[n] + Li ·Av[n] +A0i[L] + ri[n] + qi[n] dB

n = 1, . . . , N, i = 1, . . . ,M. (2)

Our goal is to decide whether moist antenna attenuation,211

ascribed to dew, is present or is it only the water vapor induced212

attenuation which is observed. Therefore, the attenuation model213

(2) can be transformed into a binary hypothesis test aimed for214

detecting the moist antenna losses215

H0 : Ai[n,L] = Li ·Av[n] +A0i[L] + ri[n] + qi[n]

H1 : Ai[n,L] = Aw[n] + Li ·Av[n] +A0i[L] + ri[n] + qi[n]

n = 1, . . . , N, i = 1, . . . ,M. (3)

In typical conditions, water vapor is present in the atmo-216

sphere with different concentrations at different altitudes. Those217

concentrations vary with time and space; however, spatial vari-218

ations are neglected here. H0 is, therefore, defined as the219

null hypothesis and is ascribed to the attenuation fluctua-220

tions induced by variations in the atmospheric humidity. H1 is221

defined as the moist antenna attenuation hypothesis.222

Typically, dew is a phenomenon that is present for at least a223

few hours after emerging while the absolute humidity charac-224

teristically varies more slowly over time [33]. Therefore, under225

these assumptions, we consider their attenuations Aw[n] and226

Av[n] as constant transient signals of unknown arrival times227

nw and nv and of unknown durations τw and τv , respectively.228

In our problem, we assume that the base-line attenuation of229

each link i is caused by free-space propagation loss together230

with the absolute humidity attenuation that exists in the atmo-231

sphere. In dewy nights, the RH typically exceeds the threshold232

of 85% and therefore excess water-vapor-induced attenuation is233

expected. In Fig. 1, we exemplify the water vapor attenuation as234

a function of frequency [39] for a typical dry summer afternoon235

and dewy summer night in Israel [33]. The gray curve denotes236

the water vapor attenuation, in typical late afternoon conditions,237

where the RH is about 60% and the temperature is 25 ◦C. The238

black curve is the water vapor attenuation exemplifying early239

morning conditions where the RH is about 90% and the tem-240

perature is about 18 ◦C. The difference between the black and241

gray curves is denoted by the dashed curve signifying the addi-242

tional water vapor induced attenuation ΔAv[n], created due to243

the typical differences between the early morning humidity and244

that of the late afternoon. The typical water vapor attenuation245

during the late afternoon, together with the unknown zero level246

attenuation A0i[L] are defined as an unknown mean defined as247

the base-line attenuation for each link μi.248

Fig. 1. Water vapor attenuation versus frequency in a typical dewy summer
night in Israel. The gray curve is the water vapor attenuation, in the late after-
noon, and the black curve is the water vapor attenuation, in early morning. The
dashed curve is the differential water vapor attenuation. The meteorological
data are based on [33] and on measurements from meteorological stations in
the observed region.

F1:1
F1:2
F1:3
F1:4
F1:5
F1:6

In each link i, we model the noise measurement ri[n] and the 249

quantization noise qi[n] by an additive white Gaussian noise 250

(AWGN) wi[n] of unknown variance σ2, meaning that we only 251

use the second-order statistics of the real noise. This substitu- 252

tion leads to suboptimal parameter estimation, in the estimation 253

step of the GLRT solution. In Section IV, we discuss and 254

demonstrate the effects of this assumption on the detection per- 255

formance. Additionally, we assume that the noise processes at 256

the different sensors are independent and identically distributed 257

(IID). 258

Notably, the binary hypothesis testing problem (3) is a spe- 259

cific problem of detecting an unknown deterministic transient 260

signal Aw[n] embedded within the interference signal. The 261

difference between the two signals is that the moist antenna 262

attenuation signal Aw[n] affects all ML identically, while the 263

interference signal (additional water vapor attenuation signal) 264

affects each link proportionally to its length Li. 265

Finally, the binary hypothesis testing problem is reduced to 266

H0 : Ai[n,L] = Li ·ΔAv[n ; τv , nv] + μi + wi[n]

H1 : Ai[n,L] = Aw[n ; τw , nw]

+ Li ·ΔAv[n ; τv , nv] + μi + wi[n]

n = 1, . . . , N, i = 1, . . . ,M. (4)

Note that under each hypothesis H0 and H1, there 267

are unknown parameters. Under H0, we define the (M + 268

4) dimensional vector of unknown parameters as θ0 � 269

[ΔAv, nv, τv, μ
T , σ2]T , whereas under H1, the (M + 7) 270

dimensional vector of unknown parameters is defined as θ1 � 271

[Aw, nw, τw,ΔAv, nv, τv, μ
T , σ2]T . In (4), Aw is the unknown 272

constant moist antenna attenuation and ΔAv is the unknown 273

constant additional water vapor attenuation per unit of link 274

length. The signal loss is a negative quantity and thus Aw < 0 275

and ΔAv < 0. One can note that Aw, nw, and τw are the 276

unknown parameters of the desired signal, while ΔAv, nv , and 277

τv are the unknown parameters of the interference signal. μ � 278

[μ1, . . . , μM ]T is (M × 1) vector consisting of the M unknown 279

measurement means (base-line attenuations). 280
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B. Method281

In our detection problem, no prior information concerning282

the probabilities of the various hypotheses exists, and we can283

see that the pdf for each assumed hypothesis is not completely284

known. The uncertainty is expressed by including unknown285

non random parameters in the pdf. In such a case, when no286

uniformly most powerful (UMP) test [40] exists, the GLRT is287

commonly used to provide a solution [36]. The ln version of the288

GLRT for the binary hypothesis testing model (4) is of the form289

LG(X) = ln

(
P (X ; θ̂1, H1)

P (X ; θ̂0, H0)

)H1
>

<
H0

γ (5)

where P (X ; θ1 , H1) is the pdf of the received signal X �290

[A1[1, L1], . . . , A1[N,L1], . . . , AM [1, LM ], . . . , AM [N,LM ]]
T

291

under H1 with the unknown parameters vector θ1, while292

P (X ; θ0 , H0) is its pdf under H0 with the unknown parame-293

ters vector θ0. θ̂1 is the maximum likelihood estimates (MLEs)294

[41] of θ assuming H1 is true [maximizes P (X ; θ1 , H1)],295

and θ̂0 is the the MLE of θ assuming H0 is true (maximizes296

P (X ; θ0 , H0)).297

While there is no optimality associated with the GLRT, in298

some cases, it can be shown that the GLRT is asymptotically299

optimal, in the invariant sense [42], and in practice, it appears300

to acquire satisfying solutions. This test, in addition to signal301

detection, also provides information about the unknown param-302

eters since the first step in computing (5) is to find the MLEs303

under each hypothesis.304

Let us begin with evaluating the MLEs under each hypothe-305

sis. The MLE of θ0 under H0 is found by maximizing the log306

likelihood function L(X; θ0)307

max
θ0

{L(X ; θ0)}

= max
ΔAv,nv,τv,μ,σ2

{
−MN

2
ln
(
2πσ2

)

−
M∑
i=1

(‖xi − Li ·ΔAv · hv(nv, τv)− μi · 1‖2
2σ2

)}
(6)

where xi � [Ai[1, Li], . . . , Ai[N,Li]]
T , 1N×1 � [1, . . . , 1]

T ,308

hv(nv, τv) is an (N × 1) vector, hv n ∈ {0, 1}, and ‖a‖2 �309

aT · a.310

Theorem 1: The MLEs of ΔAv , nv , μ, and σ2, which max-311

imize (6), when the duration of the signal τv is fixed, and under312

the constraint that ΔÂv ≤ 0, are given by313313

1) n̂v = min
nv

{
nv+τv−1∑
n=nv

xs[n]

}
, where xs[n] � 1

(
∑M

j=1 L2
j)

314

∑M
i=1 (Li · xi[n]);315

2) ΔÂv =
1

τv

n̂v+ τv−1∑
n=n̂v

xs[n]− 1

(N − τv)

∑
n/∈[n̂v,n̂v+τv−1]

316

xs[n];317

3) μ̂i =
1

N

(
N∑

n=1

xi[n]− Li ·ΔÂv · τv
)
, i = 1, . . . ,M ;318

4) σ̂2 =
1

NM

M∑
i=1

‖
(
xi − Li ·ΔÂv · h(n̂v, τv)− μ̂i · 1

)
‖2 . 319

Proof: The proof is given in Appendix A. 320

Bearing in mind the above, the MLE of nv under the constraint 321

ΔÂv ≤ 0 from M sensors is simply weighted summing their 322

measurements, and looking for the initiating sample (time of 323

arrival) where a time window of the sum with duration τv is 324

minimal. The MLE of ΔAv , μ, and σ2, when inserting the 325

MLE of nv , are found by the regular solution of a linear model 326

Gaussian problem. 327

The MLE of τv is found by inserting ΔÂv , n̂v , μ̂, and 328

σ̂2 (Theorem 1) into (6), and searching for the value of τv ∈ 329

[τ1, τ2] that achieves the maximum value, where τ1 and τ2 are 330

a priori thresholds of the duration of the signal ΔAv , meaning 331

that the minimum duration of the signal is τ1 and the maximum 332

duration is τ2 333

τ̂v = min
τv ∈ [τ1,τ2]

{
ln (2πσ̂2)

}
. (7)

Note that we assume in (7) that the observation interval N 334

is longer than the duration of the additional water vapor attenu- 335

ation signal N > τ2, i.e., we choose observation interval that 336

lasts longer than a typical water vapor phenomena (reason- 337

able under typical Israeli weather conditions, as aforementioned 338

[33]). 339

The MLE of θ1 under H1 is found by maximizing the log 340

likelihood function L(X ; θ1) 341

max
θ1

{L(X ; θ1)}

= max
θ1

{
−MN

2
ln
(
2πσ2

)− 1

2σ2

M∑
i=1

(‖xi −Aw ·hw(nw, τw)

−Li ·ΔAv · hv(nv, τv)− μi · 1‖2
)}

(8)

where hw(nw, τw), as hv(nv, τv), is an (N × 1) vector, hwn ∈ 342

{0, 1}. 343

The appearance of dew is highly dependent on the atmo- 344

spheric RH. The threshold RH above which dew is likely to 345

emerge can be assumed to be 85% [33]. Due to this dependence 346

we assume that moist antenna attenuation, which is caused by 347

dew, can appear only during high RH conditions, i.e., dur- 348

ing times when additional water-vapor-induced attenuation is 349

expected to appear. This assumption is reasonable, since the 350

ascension of humidity induces additional water vapor attenu- 351

ation, and when it exceeds approximately the threshold of 85%, 352

moist antenna attenuation is likely to emerge. Mathematically, 353

that means that under H1 we assume that nw ≥ nv and nw + 354

τw < nv + τv , i.e., the desired signal Aw[n ; nw, τw] appears 355

only during the interference signal ΔAv[n ;nv, τv]. We use this 356

assumption to facilitate the MLE solution under H1 (8). 357

The MLE solution for θ1 is a 4-D search over nw , τw , nv , 358

and τv , and for any combination of these four parameters, we 359

deal with a quadratic optimization problem under constraints 360

(Âw ≤ 0 , ΔÂv ≤ 0). Note that the MLEs of ΔAv, nv, τv, μ, 361

and σ2 are different under each hypothesis. 362
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Fig. 2. Map of MLs (lines), meteorological stations (drop signs), and LWS
(circle sign).

F2:1
F2:2

Finally, we substitute the estimates, θ̂1 and θ̂0, into (5) in363

order to get the GLRT test364

LG(X) =− MN

2
ln
(
2πσ̂2

1

)− MN

2
+

MN

2
ln
(
2πσ̂2

0

)
+

MN

2
=

MN

2
ln

(
σ̂2
0

σ̂2
1

)H1
>

<
H0

γ (9)

where σ̂2
1 is the estimation of σ2 under H1 and σ̂2

0 is under H0.365

The threshold γ is set to determine the desired false alarm rate366

using standard techniques [34]. In Section IV, we present the367

experimental ROC obtained.368

III. EXPERIMENTAL SETUP AND MODEL ASSUMPTIONS369

Commercial MLs operate at frequencies of tens of GHz, at370

ground level altitudes. The RSL measurements are quantized371

in steps of several decibels down to 0.1 dB, typically. Built-in372

facilities enable RSL recording at various temporal resolutions,373

depending on the type of the equipment (typically between once374

per minute and once per day).375

In this study, a microwave system comprised fixed terrestrial376

line-of-sight links, employed for data transmission between cel-377

lular base stations was used. We focused on 18 ML spread378

across central Israel as described in Fig. 2. The technical spec-379

ifications of the ML used are denoted in Table I. Each link380

provides RSL records in 1 min intervals with a quantization381

level of 1 dB. As can be seen in Table I, four different frequen-382

cies were used, however, since the algorithm aims at detection383

purposes only (i.e., not estimation of the different parame-384

ters) the effect of frequency dependence on attenuation was385

neglected. This action can be justified by the following reasons:386

the algorithm estimates the excess water vapor attenuation.387

TABLE I T1:1
MICROWAVE LINKS T1:2

However, as depicted in Fig. 1, the differential water vapor 388

attenuation is weakly dependent on frequency. The algorithm 389

also calculates the attenuation due to antenna wetting which is 390

known to be weakly dependent on frequency, particularly at the 391

given relatively narrow frequency range [43]. In Section IV, we 392

verify this assumption. 393

In order to quantify and validate the results obtained using 394

the proposed technique, we used the LWS for detecting the 395

dewy events. The LWS is located in the vicinity of the 396

microwave system as illustrated in Fig. 2. In addition, RH 397

measurements from five meteorological stations, as shown in 398

Fig. 2 were utilized. The RH measurements in conjunction 399

with the LWS detections determined which of the events was 400

dewy. An event was considered dewy during times when all 401

five meteorological stations measured RH of at least 90% and 402

the LWS identified dew. Under these conditions, these mea- 403

surements were then compared to the microwave system wet 404

antenna detections acquired using the proposed methodology. 405

Notably, some disparities are expected between the different 406

ways of measuring a moist event (i.e., dew versus wet antenna) 407

as discussed in the conclusions. The justification for the com- 408

parison made between the two observations arises from the fact 409

that both phenomena, dew and moist antenna, appear when- 410

ever the condensation rate exceeds evaporation rate during 411

times of high atmospheric RH. As a consequence, the detec- 412

tion of moist antenna phenomenon can point to the presence of 413

dew, as will be exemplified in the next section. It is important 414

to note that moist antenna phenomenon cannot be considered 415

straightforwardly as dew, as will be discussed in the conclusion. 416

IV. RESULTS 417

We applied the GLRT (9) to RSL measurements which were 418

taken from 40 nights (events) during the months of February 419

to July 2010. Based on measurements made with meteorologi- 420

cal instruments, 20 events were detected as dewy ones, and 20 421

were identified as dry, i.e., when no dew was observed by the 422

LWS (at RH < 90%). The duration of each event (namely, the 423

observation interval N ) was chosen to be 14 h (N = 840 sam- 424

ples), i.e., long enough to accommodate the variations within 425

the atmospheric phenomena observed (dew, water vapor) [33]. 426

Under the no moist antenna hypothesis H0, we assume that the 427
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Fig. 3. GLRT plane. Black bars are events that were considered as moist by
the meteorological instruments, whereas the gray bars are events that were
considered as just water vapor changes.

F3:1
F3:2
F3:3

Fig. 4. Probability of detection versus the probability of false alarm for the
detection of moist antenna events, using the GLRT.

F4:1
F4:2

duration of the additional water vapor attenuation can receive428

any value for τv between 2 and 10 h, and under the moist429

antenna hypothesis H1, as explained in Section II, we add the430

assumption that nw ≥ nv and nw + τw < nv + τv .431

The detection performance is presented by an ROC curve.432

The ROC illustrates the probability of detection PD (i.e., the433

algorithm indicated a moist antenna signal and in reality it was434

present) versus the probability of false alarm PFA (i.e., the435

algorithm indicated a moist antenna signal, but in reality it was436

not present).437

Fig. 3 presents the GLRT’s derived from measurements of438

18 ML for the 40 events studied. The x-axis presents the GLRT439

plane, while the y-axis indicates the the number of events. The440

black bars are the events that were considered as moist by the441

RH measurements, from the five meteorological stations, and442

by the LWS identification. The gray bars are the events that443

were considered as just water vapor changes. It can be seen that444

there is a distinction between the two hypotheses, with moder-445

ate significance though. The ROC, in Fig. 4, was derived from446

the results depicted in Fig. 3. The figure presents the ROC of447

the GLRT based on measurements from 18 ML (black curve).448

For comparison, the ROC of the GLRT based on 12 ML (gray-449

dashed curve) is also given (the 12 ML were chosen to be the450

ones that operate at frequencies of around 17 and 18 GHz).451

Table II details the estimation results of the GLRT for the452

additional water vapor attenuation and the moist antenna atten-453

uation, based on five representative dewy events. As described454

previously in Section I, there is a relatively small amount455

of research dealing with monitoring other-than-precipitation456

TABLE II T2:1
ESTIMATION RESULTS T2:2

Fig. 5. Probability of detection versus the probability of false alarm for the
GLRT using quantized data and un-quantized data. In all the events, the true
signal was Aw = 0.15, the true interference signal was Av = 0.05, and the
true variance of the Gaussian noise was σ2 = 0.1.

F5:1
F5:2
F5:3
F5:4

phenomena using measurements from ML. As a consequence, 457

currently, there is a limited capacity to compare and ver- 458

ify results in this area. However, it is notable that the moist 459

antenna estimation results are of the same order of magnitude 460

as those found by Hening and Stanton [17]. They found that 461

the attenuation caused by dew at 20 GHz is approximately 0.5 462

dB. Moreover, the additional water vapor attenuation results 463

obtained are of the same order comparing to the excessive water 464

vapor curve depicted in Fig. 1, when focusing on the relevant 465

frequencies. 466

The quantization noise is also a factor that may strongly 467

affect the detection performance. Notably, the magnitude 468

of the water vapor and moist antenna excess attenuation 469

are of the same order as that of the quantization inter- 470

val. Hence, the algorithm-based estimates are impaired. 471

In order to examine this effect, a comparison between 472

the GLRT ROCs derived for quantized and un-quantized 473

data was produced by a computer simulation, as presented 474

in Fig. 5. The GLRT (9) was applied on 1 dB quan- 475

tized data and un-quantized data for 1000 events simulated 476

(500—moist antenna events, 500—water vapor changes events) 477

using 4 links (M = 4). The true values chosen of Aw and Av , 478

are based on values found in literature. 479

V. CONCLUSION 480

The results point to the potential of detecting dewy episodes 481

using already existing commercial ML. The results (Figs. 3 482

and 4) demonstrate that adding links improves performance of 483

the detection algorithm. The 18 ML-based curve (black) where 484

frequencies of 17–23 GHz were used achieved better results 485

than the 12 ML-based curve (gray) where frequencies of only 486
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17–18 GHz were used. In this case, the amount of links had487

a greater impact on the detection performance than the accu-488

racy of the model. Therefore, it is reasonable to assume that the489

attenuation due to excessive water vapor and moist antenna on490

the ML is weakly dependent on frequency.491

Figs. 3 and 4 present a moderate distinction between the two492

hypotheses. While further investigation is required concerning493

this issue, we can point to the following aspects that would494

affect these results: first, as mentioned, moist antenna phenom-495

ena cannot straightforwardly be considered as dew. Therefore,496

since we validate the performance of the GLRT algorithm by497

the LWS, which identifies dew, there is a possibility that even498

though the sensor identified the event as dewy, a moist layer499

did not accumulate on the antenna surface in a specific event.500

Having said that, it is possible then that the four negative events501

(black bar) observed in Fig. 3 are an example of such cases.502

That is, these events were detected as dewy by the LWS while503

the GLRT algorithm classified them as no moist antenna events.504

Fig. 5 points to a significant gap between the ROC curve505

of quantized data and that of un-quantized data, for SNR =506

−6.5 dB
(

SNR � 10 log
(

A2
w

σ2

))
. However, it should be noted507

that more sensitive microwave systems exists with digital quan-508

tization of, e.g., 0.1 dB [11], [14]. Hence, it is expected that509

applying the algorithm on such RSL data will improve accuracy510

when compared to microwave systems with coarser sensitivity511

(as the system utilized in this study).512

While a principle feasibility has been demonstrated, addi-513

tional experimental and modeling research are required. The514

contribution of transmission loss due to atmospheric phenom-515

ena (e.g., fog) and due to the wettings of the antennas, as well516

as the effect of antenna elevation (ranging from several meters517

to several tens of meters) off the surface should be studied.518

Further experimental verification should also take into account519

the inherent uncertainty of reference data, including technical520

limitations of dew meters, difference in wetting properties of521

materials, in particular: the microwave radomes are artificial522

materials with different thermal properties comparing to those523

of soil or vegetation pallets. Moreover, the difference of orien-524

tation of the wetting surfaces, microwave radomes are vertical525

surfaces while typical dew meters are horizontal surfaces.526

Since dew has a cardinal part in various ecological pro-527

cesses, the numerous microwave antennas, acting as a dew528

detector unit, have the potential to shed light on the role of this529

phenomenon in the local and global ecosystems.530

APPENDIX A531

PROOF OF THEOREM 1532

Let us consider first the case of M = 1. Thus, when using533

one sensor and when the duration of the signal τv is fixed, (6)534

reduces to535

max
ΔAv,nv,μ,σ2

{
−N

2
ln
(
2πσ2

)
−
(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2

2σ2

)}
(A1)

The MLE of σ2, when ΔAv , nv , and μ are fixed, is given by 536

σ̂2 =
1

N

(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2) (A2)

substituting (A2) into (A1) yields 537

min
ΔAv,nv,μ

{
(‖x− L ·ΔAv · hv(nv, τv)− μ · 1‖2)} . (A3)

The MLE of μ, when Av and nv are fixed, is given by 538

μ̂ =
(
1T · 1)−1 · 1T · (x− L ·ΔAv · hv(nv, τv))

=
1

N

(
N∑

n=1

x[n]− L · τv ·ΔAv

)
(A4)

substituting (A4) into (A3) and simplifying yields 539

min
ΔAv,nv

{
xT ·Q · x− 2 · L ·ΔAv · xT ·Q · hv(nv, τv)

+L2 · (ΔAv)
2 · hv(nv, τv)

T ·Q · hv(nv, τv)
}

(A5)

where Q �
(
IN×N − 1

N · 1 · 1T ) is a projection matrix. 540

Note that the expression xT ·Q · x in (A5) is independent of 541

Av or nv and therefore (A5) reduces to 542

min
ΔAv,nv

{−2 ·ΔAv · (xT /L) ·Q · hv(nv, τv)

+(ΔAv)
2 · hv(nv, τv)

T ·Q · hv(nv, τv)
}

(A6)

The MLE of ΔAv , when nv is fixed, is given by 543

ΔÂv =
1

L

(
hv(nv, τv)

TQhv(nv, τv)
)−1 · hv(nv, τv)

TQx

=
1

L

⎛
⎝ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎞
⎠

(A7)

Note that 544

hv(nv, τv)
T ·Q · hv(nv, τv) = τv − τ2v

N
(A8)

using (A8) and rearranging (A7) yields 545

ΔÂv ·
(
τv − τ2v

N

)
=
(
xT /L

) ·Q · hv(nv, τv) (A9)

substituting (A8) and (A9) into (A6) yields 546

max
nv

{(
τv − τ2v

N

)
· (L ·ΔÂv)

2

}
(A10)

We use the prior information under H0; hence, the expression 547(
τv − τ2

v

N

)
is positive ∀ τv ∈ [τ1, τ2], where τ2 < N , so (A10) 548

becomes 549

max
nv

{
(L ·ΔÂv)

2
}
=

max
nv

⎧⎪⎨
⎪⎩
⎛
⎝ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎞
⎠

2
⎫⎪⎬
⎪⎭

(A11)
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Using the fact that ΔÂv ≤ 0, (A11) reduces to550

min
nv

⎧⎨
⎩ 1

τv

nv+τv−1∑
n=nv

x[n]− 1

(N − τv)

∑
n/∈[nv,nv+τv−1]

x[n]

⎫⎬
⎭

and therefore the MLE of nv is given by551

n̂v = min
nv

{
nv+τv−1∑
n=nv

x[n]

}
. (A12)

For the MLE of ΔAv , we insert n̂v (A12) into (A7) and for the552

MLE of μ, we insert n̂v (A12) and ΔÂv (A7) into (A4). The553

same process happens with the MLE of σ2, where we insert n̂v ,554

ΔÂv and μ̂ into (A2).555

Finally, we show how the case of M > 1 is reduced to the556

case of M = 1, when the measurements vector is xs[n]. First,557

we find the MLE of σ2 and for each sensor i the MLE of μi,558

when ΔAv and nv are fixed, as in (A2) and (A4)559

σ̂2 =
1

NM

M∑
i=1

‖ (xi − Li ·ΔAv · hv(nv, τv)− μi · 1) ‖2

(A13)

μ̂i =
1

N

(
N∑

n=1

xi[n]− Li · τv ·ΔAv

)
, i = 1, . . . ,M.

(A14)

Substituting (A13) and (A14) into (6) yields560

min
ΔAv,nv

{
M∑
i=1

(‖Qxi − Li ·ΔAv ·Qhv(nv, τv)‖2
)}

= min
ΔAv,nv

{
−2 ·ΔAv

M∑
i=1

(
Li · xT

i

)
Qhv(nv, τv)

+

M∑
i=1

L2
i · (ΔAv)

2 · hv(nv, τv)
TQhv(nv, τv)

}

= min
ΔAv,nv

{
−2 ·ΔAv

∑M
i=1

(
Lix

T
i

)
∑M

j=1 L
2
j

Qhv(nv, τv)

+(ΔAv)
2hv(nv, τv)

TQhv(nv, τv)

}
(A15)

We can see that (A15) is the same optimization problem as561

(A6), except for the replacement of xT by
∑M

i=1

(
Li · xT

i

)
and562

L by
∑M

j=1 L
2
i , i.e., we replaced xT

L by xT
s . Hence, the MLE of563

θ0, which maximizes (6), is found by Theorem 1.564
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