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Abstract— Early plant disease detection and providing 

the control measures have become highly desirable to 
improve crop yield. Leaf wetness duration (LWD) is one of 
the essential parameters related to the development of 
fungal disease on the leaf canopy. To measured LWD, the 
leaf wetness sensor (LWS) is widely used. Commercially 
available LWS are made on printed circuit board (PCB) 
technology, which has an operational issue during field 
deployment such as weight of the sensor, contact 
resistance between the sensor and the leaves, form factor 
and most importantly, affordability. To mitigate the issues 
associated with the commercially available LWS, in this work, we have fabricated the in-house IoT-enabled and 
affordable electronic leaf wetness sensor on the flexible substrates, which is used for integrated plant disease 
management. Fabricated LWS comprises the interdigitated electrodes (IDEs) on the polyimide flexible substrate. The 
lab measurement results indicate that fabricated LWS on the flexible substrates offers a response of about 36000% 
when LWS is exposed to water w.r.t air. The observed response time of the fabricated LWS is about 10 seconds and 
hysteresis of about ± 4 %. Further, sensor capacitance changes only by 6% over a temperature range from 20 °C to 65 
°C. Furthermore, three fabricated sensors LWS and in-house developed internet of things (IoT) enabled systems are 
deployed on the Ocimum tenuiflorum (Tulsi) medical plant. Field measurement indicates that measured LWD using 
the fabricated flexible LWS and commercially available LWS (Phytos 31:LWS-L12), METER Group, Inc. USA) shows the 
absolute difference of 30 minutes. 
 

Index Terms—Leaf wetness sensor, flexible substrates, plant disease management, agriculture applications 

 

 

I.  INTRODUCTION 

 

The plant diseases, weeds, and pests in the agricultural 

field lead to almost 36% loss in crops [1]. This decreases 

the crop yield and can lead to grave circumstances for the 

farmers of low-income countries. The rationale behind the 

crop loss is attributed to the irregularly followed agriculture 

rehearses, late recognition of the plant disease due to the 

weeds and pests. To mitigate such loss, sensor-based 

technology is pertinent and plays a vital role in the early 

diagnosis of plant diseases. The new progression in sensor 

development has opened up an avenue to improve crop 

yield and reduce the effect crops losses. To alleviate the 

crop loss due to plant diseases, researchers across the globe 

have proposed early plant disease detection models wherein 

leaf wetness duration (LWD), ambient temperature, and 

relative humidity are few significant parameters required 

during in-situ testing [2-4]. 
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The presence of water particles (acting as free water) on 

plant leaves, along with appropriate environmental 

conditions such as ambient temperature and humidity, leads 

to the germination of fungal diseases on the leaves [5]. The 

sprinklers or rain or dew are the primary source of water 

droplets on the leaf canopy. The leaf wetness sensor (LWS) 

is generally employed to quantify the LWD [6]. The 

reported LWS is categorized as static, mechanical, and 
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electronic [7-9]. The static LWS provides the information 

on whether the leaf canopy is dry or wet; the mechanical 

LWS notices the change in sensor weight or length with the 

presence of wetness on the leaf. At the same time, the 

electronic LWS observes the change in sensor capacitance 

or resistance due to the presence of wetness on the leaves. 

The advantage of the static and mechanical LWS is that 

they are easy to use. However, the primary concern for the 

static and mechanical LWS is stability and reliability under 

in-situ conditions [7-9]. On the other hand, electronic LWS 

offers more stability and reliability, but it is not affordable 

to the framers. Among the resistive and capacitive 

electronic LWS, capacitive LWS is widely used due to its 

precision and stability for in-situ applications. 

 

Researchers have widely explored the electronic LWS 

over static and mechanical LWS as one of the potential 

contenders for the laboratory and as well as for the field in-

situ LWD measurements, considering its stability, accuracy, 

and precision. The copious testing of the electronic LWS 

for in-situ LWD measurements is reported by different 

researchers [10-21]. The electronic LWS is placed as the 

artificial leaves near the leaf canopy. These sensors are 

fabricated either on the printed circuit board (PCB) or on a 

ceramic plate, which has an interdigitated electrode (IDE) 

as the sensing electrodes [23-24]. Even the commercially 

available leaf wetness sensors use the sensing electrodes 

mounted on the printed circuit board PCB [21]. There are, 

however, a few issues associated with the PCB-based leaf 

wetness sensors. In the PCB sensor, there is an issue of the 

contact resistance between the sensor and leaf, resulting in 

inaccurate measurements during the in-situ measurements. 

PCB-based sensors are comparatively heavy, which bends 

the leaf during the deployment. Further, scientists have 

investigated the in-situ LWS performance considering the 

operational aspect of the sensors [10-19]. From various 

investigations, it was observed that in-situ LWD 

measurements are problematic due to a lack of standard 

establishment and operational aspects. They include sensor 

orientation and placement, weight and size, and the effect of 

diurnal temperature variations [25-27]. The issues 

mentioned above associated with the operational exposure 

of the sensor hinder the use of LWS for accurate in-situ 

measurements. Thus, to address the aforementioned issues 

related to the commercially available and reported leaf 

wetness sensors, in this work, we propose a new design and 

development of a state-of-the-art LWS. It is flexible, 

lightweight, highly sensitive, reliable, less prone to diurnal 

temperature variations, and, most importantly, affordable. 

  

With the motivation of fabricating the flexible, 

lightweight temperature-insensitive LWS, in this study, we 

have fabricated a Yt laser engraved LWS on the flexible 

polyimide substrate and developed an efficient IoT-enabled 

and low-power signal conditioning circuit. Considering the 

operational aspects of the LWS, we have examined the 

effect of temperature variations on the fabricated flexible 

LWS. Fabricated LWS comprises aluminum IDEs on the 

polyimide flexible substrate. In-house developed interface 

electronics (signal conditioning and processing circuit) 

measures the change in the fabricated flexible LWS 

response. In this work, we also established the 

benchmarking protocol to verify the accuracy of the 

measured LWD using the fabricated flexible LWS. The 

benchmark is done in comparison with commercially 

available and expensive LWS ((Phytos 31: LWS-L12) from 

METER Environment, METER Group, Inc. USA [21]. For 

the field measurements, fabricated LWS and system are 

deployed on the Ocimum tenuiflorum (Tulsi) medical plant. 

We have also employed the data pre-processing 

computational methods used for feature extraction to 

determine LWD using fabricated flexible LWS and 

benchmark with commercially available LWS Phytos 31.  

II. MATERIAL AND METHODS 

A. Sensor Fabrication on the Flexible Substrates 

Fig. 1 (a) shows the process flow for fabricating the leaf 

wetness micro-sensors on the flexible substrate. First, the 

designs of the IDE were made in corel draw software, and it 

was followed by procurement of polyimide flexible 

substrate as shown in Fig. 1 (a), then a blank aluminum (Al) 

deposited is done on the polyimide substrate using the 

electron beam evaporation method as shown in Fig. 1 (b). 

Further, the interdigitated electrodes (IDEs) will be 

patterned using laser ablation (universal laser systems) as 

shown in Fig. 1 (c), Fig. 1 (d) shows the fabricated IDEs on 

the flexible substrates. We used 1.06 𝜇m Yb fiber laser to 

attain the structures and the dimensions of IDEs are made in 

a way to fit on the leaves of the Ocimum tenuiflorum (Tulsi) 

medical plant. Further, the system was operated in 

Rast/Vect mode with other optimized parameters 

(Power=20%, speed=10%, freq = 30 kHz and Z-axis = 2 

mm). Electrical contact from the fabricated sensor is 

achieved by mounting it on the PCB using silver epoxy, as 

shown in Fig. 2 (d). 

 

Fig. 1 Fabrication flow for the proposed flexible leaf 

wetness sensors 
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B. Interface electronics for the fabricated flexible 
LWS  

Fig.2 shows the design and development of the interface 

electronics for the fabricated flexible LWS wetness sensor 

along with ambient temperature and humidity sensors and 

interface electronics and benchmarking. In this work, the 

capacitive leaf wetness sensor on the flexible substrate is 

fabricated, which comprises interdigitated electrodes (IDEs) 

as depicted in Fig. 2 (a). The capacitive LWS operates on 

the principle of measurement of the dielectric of water (80), 

which is high when compared with air (1-5) [28]. Hence, 

the availability of water molecules on the IDEs strengthens 

the polarization, thereby increasing the dielectric constant, 

which increases the LWS capacitance [30]. The IDEs are 

used for this purpose because of the higher surface area for 

the measurements enhancing sensor sensitivity [31-33]. For 

plant disease management, in addition to the LWS, the 

ambient temperature and humidity sensors are also essential 

to examine the growth of the fungus on the leaf canopy. 

The interface electronics also comprises of capacitance to 

frequency converter (C to F), temperature and humidity 

sensor, a power management unit, micro-controller, and 

WiFi module for the internet of things (IoT) communication 

as shown in Fig. 2 (a).  

 

The detailed internal architecture of the interface 

electronics developed for the proposed flexible LWS is 

shown in Fig. 2 (b). It also comprises of relaxation 

oscillator (C to F converter) that measures the LWS sensor 

(CLWS) change in the capacitance and convert it to the 

desired frequency by using (1).                                 

                                                     (1) 

Where F is the measured output frequency of the C to F 

converter, R is the feedback resistor and C LWS is the 

fabricated LWS capacitance. Further, in the interface 

electronics, we have used commercially available HIH 5030 

humidity sensor [34] and MCP 9701A temperature sensor 

[35], whose analog output is given to the ADC of the 

micro-controller through a unity gain buffer as shown in 

Fig. 2 (b). Subsequently, the microcontroller (µC) 

ATMEGA328P [36] reads the frequency output of the C to 

F converter and analog output of the HIH 5030 & MCP 

9710 using counter and ADC, respectively. Measured data 

from the fabricated LWS and temperature and humidity 

sensors are processed and uploaded to the cloud 

(ThingSpeakTM) using a WiFi module (ESP-01) [37] as 

shown in Fig. 2 (b). The entire system is powered using the 

3.7 V and 2200 mAh Li-ion batteries. The µC is powered 

with a 3.3 V regulated power supply by using the LDO 

MIC 5504-3.3 (V2). Whereas the regulated 3.3 V DC 

supply to all sensors, C to F converter, buffer, and ESP-01 

modules is provided by LDO TPS 73733 (V2), as shown in 

Fig 2 (b). We have used the power gating scheme for the 

developed hardware to reduce energy consumption during 

in-situ operations. To achieve this, we periodically turn 

on/off the power (V2) delivered to the sensors, C to F 

converter, buffers, and ESP-01 module using the timer of 

µC for 30 minutes.                 

Fig. 2 (c) shows the developed hardware for the proposed 

sensor. It comprises multiple sensors viz. fabricated LWS, 

humidity, and temperature sensors required for in-situ plant 

disease management. As shown in Fig. 2 (c), the developed 

Fig. 2 (a) Schematic representation of the fabricated flexible LWS along with interface electronics, (b) Internal architecture 

of the interface electronics for the fabricated flexible LWS, (c) Developed hardware for the fabricated sensor embedded with 

IoT enabled feature, (d) Benchmarking of the measured capacitance from the developed hardware with standard LCR meter 
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hardware is powered with the Li-ion battery. It comprises of 

WiFi module to send the measured data to the cloud. 

Further, we have benchmarked the capacitance measured 

from the developed interface electronics with the 

commercially available LCR meter (HIOKI IM3536) to 

ensure the sensor's accuracy [38]. Fig. 2 (d) shows that 

measured capacitance from the developed interface 

electronics with commercial LCR meter has an average 

relative error of about 3%.      

C. Experimental Set-up  

 

Our study explored the potential use of the fabricated 

LWS to measured LWD, which is highly correlated with 

the diseases in plants [11-12]. However, for the LWS, 

operational aspects and calibration are few significant 

concerns during in-situ measurements. Thus, in this work, 

we have attempted to calibrate the fabricated LWS and 

subsequently validate the calibration by benchmarking with 

the commercially available LWS (Phytos 31: LWS-L12) 

from METER Environment, METER Group, Inc. USA. For 

this purpose, we have divided the sensing area (surface 

area) of the fabricated flexible LWS as 0%, 25%, 50%, 

75%, and 100%, and water is sprayed on the defined 

sensing area as shown in Fig. 3. Sensing area wetness is 

termed as the surface (sensing) area of the fabricated sensor 

covered with the water molecule. To calculate the sensing 

area wetness, we have assumed (approximated) the sensor’s 

sensing area as rectangle and then 0%, 25%, 50%, 75% and 

100% is covered with the water droplets, where 0% and 100 

% represent the completely dry and wet surface, 

respectively. Fig. 3 (inset image) shows the mechanism to 

calculate sensing area wetness. From Fig. 3, it is evident 

that first, we measured the sensor capacitance with no spray 

on the sensor, which gives 0% sensing area wetness. 

Subsequently, we have sprayed the 25 % area with the 

water molecule, which is termed as 25 % sensing area 

wetness. Likewise, we sprayed on the 75% and 100 % 

sensing area covered with the water molecules. Fabricated 

flexible LWS shows the change in the capacitance when 

exposed to the water, which is measured using the LCR 

meter (HIOKI IM3536) as depicted in Fig. 3. To avoid the 

electrolysis of the water molecules, for all the 

measurements, the excitation voltage of the LCR meter is 

maintained at 1 Vp-p [30]. The details of the fabricated 

flexible LWS transfer characteristics are explained in 

section II. D. 

 

D. LWS transfer characteristics 

To understand the fabricated flexible LWS transfer 

characteristics viz. sensitivity, response time, hysteresis, 

accuracy, etc., we have first tested the sensor under 

laboratory conditions. As discussed in the previous section 

(II.C), to generate the fabricated LWS transfer 

characteristics and benchmarking, we divided the sensing 

area (surface area) as 0%, 25%, 50%, 75%, and 100%. 

Then, water molecules are sprayed on the fabricated 

flexible LWS, as shown in Fig. 3. During the 

measurements, 0% and 100% surface area wetness are 

considered dry and wet conditions.  First, we have analyzed 

the sensor's frequency response under dry conditions (no 

water molecules on the sensor’s sensing area), where the 

fabricated sensor is connected to the LCR meter (as shown 

in Fig. 3) and the frequency of the LCR meter is varied 

from 100 Hz to 3 MHz keeping excitation voltage constant 

at 1V. Simultaneously, the capacitance of fabricated LWS 

is recorded using the LCR meter, as shown in Fig. 4 (a). 

From Fig. 4 (a), it is evident that LWS capacitance after 10 

kHz becomes constant. Fig 4. (b) shows the change in the 

LWS capacitance w.r.t the water molecules covering 

different sensing areas. Fig 4 (b) shows that fabricated LWS 

capacitance increases monotonically as water molecule 

covering different sensing areas increases. An increase in 

the LWS capacitance due to presence of water molecule is 

attributed to an strengthen in the polarization between IDEs 

when water molecules on the sensing area increases and 

thus increase in the dielectric constant is apparent, which 

leads to rise in the LWS sensor capacitance [29]. Further, 

we have analyzed the response (ΔC/C) of the fabricated 

flexible LWS, which is calculated using (2) and shown in 

Fig. 4 (c). From Fig. 4 (b), it is evident that the response of 

the fabricated LWS is about 36300% to 35800% at 500 Hz 

and 1kHz, respectively, when the sensing area is completely 

wet (100% sensing area wetness) w.r.t to the dry (0% 

sensing area wetness). 

  (2) 

 

where CLWS is the capacitance of the fabricated LWS when 

x % of the sensing area is wet, and Cb is the base 

capacitance, under dry (0%) sensing area conditions. From 

Fig. 4 (c), it is also evident that sensor response drops as 

frequency is increased to 10 kHz. It is attributed as follows, 

as the change in the direction of the electric field is high 

when the frequency is increased. The net polarization of the 

water molecules on the IDEs surface does not catch up with 

high frequency. Thus, dielectric constant tends to stable and 

does not change [29]. Further, we have examined the 

hysteresis of the fabricated flexible LWS, as shown in Fig. 

4 (d). For this purpose, water is sprayed on the sensor, and 

flexible LWS response is analyzed by increasing the 

percentage of sensing area covered with the water molecule 

(i.e., 0 % to 100%) (named as adsorption) . It is followed by 

removing the water from the sensing area (i.e., 100% to 

0%) (named as desorption), as shown in Fig. 4 (c). Fig. 4 

(d) shows that the sensor exhibits a hysteresis of about ± 

5%. 

Fig. 3 Experimental setup to generate 

fabricated LWS transfer characteristics 
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Further, we have analysed the response time of the 

fabricated flexible LWS as shown in Fig. 4 (e). We have 

fixed the operating frequency at 1 kHz for the response time 

study considering the sensitivity and repeatability. Then, we 

have sprayed water on 100% of the surface area of the 

fabricated LWS and measured the sensor capacitance as 

depicted in Fig. 4 (e). From Fig. 4 (e), we can infer that the 

sensor's response time is about 5 seconds. Furthermore, we 

have examined the effect of temperature on the flexible 

LWS, which is one of the primary concerns considering the 

operational exposure of the LWS. For this purpose, we have 

deployed the sensor in the hot air oven and varied the 

temperature from 20 °C to 65 °C considering the in-situ 

agriculture condition in India. Fig. 4 (f) shows the effect of 

temperature on the flexible LWS, where it is evident that 

sensor capacitance changes only by 6% when temperature 

changes from 20 °C to 65 °C.  

III. FIELD DEPLOYMENTS  

A. Experimental Set-up for benchmarking 

One of the primary objectives of the field deployments is 

to benchmark the measured LWD using fabricated flexible 

LWS with commercial LWS (Phytos 31) from the METER 

Environment, METER Group, Inc. USA.  For this purpose, 

we have calibrated the Phytos 31 (as shown in Fig. 5 (a)) by 

using the experimental set-up described in section II. C. 

Further, water is sprayed on the defined sensing area and 

the response of Phytos 31 is studied. Fig. 5 (b) shows the 

response of the Phytos 31 with water molecule covering 

different sensing areas. The Phytos 31 LWS voltage value 

increases with an increase in the water molecules coverage 

on different sensing areas, which is in agreement with [21]. 

Fig. 5 (c) shows the benchmark experimental set-up to 

measure LWD using fabricated LWS with Phytos 31 LWS. 

As shown in Fig. 5 (c), the fabricated flexible LWS output 

is connected to the LCR meter to measure the change in 

capacitance and Phytos 31 LWS has been excited with 3.3 

V DC voltage, and its output is connected to the digital 

multimeter. Subsequently, water is sprayed on both the 

sensor and sensing area. Wetness is measured using both 

the sensors, as shown in Fig. 5 (d). From Fig. 5 (d), it is 

evident that the absolute error observed for the fabricated 

LWS is within ± 3 % (sensing area wetness) when 

benchmarked with the Phytos 31.   

 

 

Fig. 5 Experimental setup to benchmark the percentage of 

sensing area covered with the water molecule measured 

using fabricated LWS and Phytos 31 

Fig. 4 (a) Change in the sensor capacitance under dry condition for different frequency (b) Change in the fabricated flexible 

LWS for percentage of sensing area covered with the water molecule (surface area), (c) Response of the fabricated flexible 

LWS percentage of sensing area covered with the water molecule (d) Hysteresis observed for the fabricated LWS, (e) 

Response time of the sensor, which is about 10 seconds, (f) Effect of the temperature on the fabricated sensor 
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B. Field deployment 

In this study, we have developed a three-sensor network 

system viz. Node 1 (S1), Node 2 (S2), Node 3 (S3), and 

deployed close to the Tusli plant. Fig. 6 (a) shows the 

developed prototype for the in-situ measurements, which 

comprises fabricated flexible LWS and Phytos 31 LWS (in 

S1) for benchmarking. During in-situ measurements, both 

the sensors are deployed at a distance of 30 cm from the 

surface and at a 45-degree angle [27] from the surface, as 

shown in Fig. 6 (a). In this study, the developed sensor, 

system and commercial LWS are deployed close to 

the Ocimum tenuiflorum (Tulsi) medical plant leaves. 

Further, measured data from the fabricated flexible LWS 

and Phytos 31 LWS are sent to the ThingSpeakTM server 

using the in-built WiFi on the developed system. The data 

sampling rate for this study is kept at 30 minutes. During 

field measurements, a sprinkler is used as a water droplet 

source on the sensors and on the leaves. The controlled 

experiments are carried out, where the ON and OFF time of 

the sprinkler are controlled manually for all the sensors, to 

ensure that water droplets formed on the leaf and sensors 

stay for the same amount of time. Section IV describes the 

measured data recorded from three nodes and the estimation 

of LWD from the fabricated flexible LWS and Phytos 31 

LWS.

 

IV. DATA ANALYSIS 

A. Data Pre-processing 

Feature extraction is the method of obtaining useful 

information from a set of data. In this study, the data from 

the fabricated LWS sensor is the variation of frequency 

across time due to a change in capacitance of the sensor. 

Similarly, the resultant data from commercial LWS is 

changing voltage across time due to the presence of water 

on the sensor's surface. We can extract Leaf Wetness 

Duration (LWD) values from these signals, which will 

provide us a much better insight into plant disease 

management. This whole process is an instance of feature 

extraction. 

 

This study captured more than 1600 LWD values over 

one month at an interval of 30 minutes, as shown in Fig. 7. 

Fig. 7 depicts the collected raw data from three different 

nodes deployed in the field viz. Node 1 (S1), Node 2 (S2), 

Node 3 (S3) and 1 node with commercial LWS (PHYTOS 

31).  Before trying to estimate the LWD values, we must 

apply some data cleaning and processing techniques to 

improve our data quality [39, 40]. This process is called 

data pre-processing. The data collected from the sensors 

vary greatly in terms of the range of values. To get a better 

insight and introduce uniformity, we perform a scaling 

operation on all of them. For this purpose, we have used a 

scaling technique called normalization. We used MinMax 

Scaler [41], which is a widely used scaling algorithm on 

different data. We converted the range of values of the 

signal obtained from the sensors from 0 to 1. Fig 7 

represents all the signals recorded from the four sensors 

(three flexible LWS and one Phytos 31 LWS). All the 

signals have data that varies between 0 and 1. Signals from 

fabricated sensors have been mirrored with respect to y-axis 

so as to have a baseline with lowest values for all sensors. 

The normalization function is readily available in the scikit-

learn library, for use in Python. The equation used for the 

transformation is as follows [41]: 

 
(3) 

             (4) 
where, max, min is the feature_range. Further, we have 

smoothened the signal so that we can capture only the 

sharpest of variations and eliminate the unwanted 

disturbances from the signal. We especially emphasized the 

baseline or the reference line of signal to be smooth. For 

this purposed, we applied a pre-processing technique that 

preserves the sharp rise and fall of the sensor data but 

eliminates the noise due to external environmental factors 

[42]. The objective of this algorithm was to minimize our 

cost function. According to the algorithm, the noisy signal 

is approximated as a combination of a piece-wise constant 

signal and noise, i.e., 

                            (5)                                                                              

where x(n) is the piece-wise constant signal and w(n) is the 

noisy part of our signal. Using the pre-processing 

technique, we can estimate x(n) by optimizing the following 

equation: 

 

 
(6) 

The equation above can be written compactly by writing the 

N-point signals as column vectors  and y. 

                     (7) 

where  is an (N-1) X N matrix defined as, 

Fig. 6 (a) Developed LWS sensor and system deployed 

on the Tulsi medical plant (b) location of three nodes 

deployed for in-situ measurements  
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 will give the first-order difference of the signal , 

 gives the l1 norm of the vector, and  will 

give the l2 norm of the vector. 

 

We have used majorization-minimization (MM) 

technique [43] to approximate the minimum value of the 

cost function. The cost function can be represented as F( ), 

where,  is the vector representation of the N-point signal. 

The MM approach generates  by minimizing Gk-1(x), 

where,  is the minimizer of Gk-1( ), i.e., 

. The obtained  will converge to 

the minimum point of F( ) if it is a convex function. The 

function, Gk( ) is a majorizer that satisfies the following 

conditions: 

 

(i)  , and 

 

(ii)  

 

For our cost function in eq. (5), we have chosen the 

majorizer as  

 

                           (8) 

 

Replacing t with , the equation becomes, 

 

 
(9) 

To obtain a majorizer of our cost function as defined in eq. 

(7), we can add an additional term  to both sides 

of eq. (9). We get, 

 

 
(10) 

From this, we can obtain a sequence  by minimizing the 

above majorizer function. A solution for the same has been 

obtained as follows: 

 

             (11) 

 

In order to avoid any inconsistent matrices, we can rewrite 

the equation using the matrix inverse lemma. The equation 

can then be written as, 

 

       (12) 

 

The solution to this equation can be easily found by solving 

for the system of linear equations. The solution is not very 

computationally intensive because  is a tridiagonal 

matrix that can be solved very quickly. The above method 

will give us a smoother signal.  

 

The next method that we applied to the signal is to bring 

the majority of reference line values to zero. This will help 

us achieve a uniform reference level for all signals. Some of 

the signals obtained from the sensors have drifted away 

from the reference value, as can be seen in fig. 6. For 

accurate measurement of LWD values, it is imperative that 

the reference values remain consistent throughout the 

duration of the signal. The baseline correction applied to the 

signal is a combination of smoother and asymmetrically 

weighted deviations of smoothened signal from the raw 

signal [44]. 

 

The baseline values should fit well to the actual signal. 

To ensure that, the following equation is optimized: 

 

 
(13) 

Here, w(n) is the weight of fitness. The above equation is 

then minimized and the solution can be written in vector 

form as: 

 

 
(14) 

where W = diag(w(n)). The signal thus obtained is 

smoothened and baseline corrected as can be seen in fig. 7. 

 

 In the next section, we have mentioned the methodology 

used for calculating LWD values. It mentions how we have 

identified the starting and ending points of the events and 

calculated the duration for each of them. 

 

B. Feature Extraction 

Fig. 7 represents a wholly processed signal. The baseline 

or reference line of the signal has very little variation. As 

seen in the raw signal, the small disturbances are 

represented in fig. 6 are almost eliminated. The reference 

values have also been brought down to 0 by doing the 

baseline correction. Most of the reference values are now 

on a consistent level which was not necessarily the raw 

signal. These modifications will drastically reduce the 

errors in the computation of the LWD values. 

 

The events, as mentioned before, could be due to dew, 

rain, or irrigation. To find the LWD values, we need to 

identify the points where the signal becomes greater than 

the reference value. We have set the threshold as 5 %, 
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variations beyond which are considered to be due to either 

of the phenomena mentioned above. The event's starting 

point is considered to be the one where the value of the 

signal becomes greater than the threshold level right after it 

was lower than the threshold. Similarly, the endpoint is 

when the value of the signal is greater than the threshold 

right before it becomes less than the same. We have 

captured these two points for all the events that have 

occurred in the given signal. We collected data over a 

month’s time period during which our sensors could capture 

17 events for our study. 

 

Fig. 8 shows the marked points for identifying the events. 

The points marked with an orange marker are the starting 

points of the events. The points marked with a green marker 

represent the end of the events. Then, the timestamps of 

these points have been consolidated together. The duration 

has been easily calculated by subtracting the start time from 

the stop time and is expressed in hours. Fig.9 shows the 

pictorial representation of the LWD values from all the 

sensors. From the graph, it can be observed that most of the 

LWD values calculated are consistent across all four 

sensors. A few of them have minor differences of 30 

minutes to 1 hour, which are acceptable for integrated plant 

disease management applications. This difference is 

attributed to the data sampling rate during in-situ 

measurements, which is about 30 minutes. 

V. RESULTS AND DISCUSSION 

In this work, we explored the potential use of the 

electronic leaf wetness sensor fabricated on the flexible 

substrates. Considering the issues associated with the 

operational exposure of the reported LWS, where the 

weight of the sensor and contact resistance are few 

concerns. Thus, to mitigate the above issues associated with 

the available LWS, we have fabricated the LWS on the 

flexible substrates in this work. The weight of the fabricated 

sensor is less than 1 gm, and thus, it will not bend the leaves 

during the field deployment. Fabricated LWS is on flexible 

substrates; thus, it offers better contact resistance between 

the leaf surface and the sensor. This illustrates the novelty 

of the proposed work when compared with [23].   

 

We have developed the IoT-enabled system for the 

fabricated sensor and deployed this system on the Ocimum 

tenuiflorum (Tulsi) medical plant. The dimension of the 

fabricated flexible LWS is designed considering the 

dimension of Tulsi plant leaves, which makes this sensor 

novel compared with the [21]. To analyze and understand 

the performance of the fabricated flexible LWS in terms of 

accuracy, we carried out controlled field experiments and 

benchmarked the measured LWD using the fabricated 

flexible LWS and commercially available LWS. For this 

purpose, the fabricated LWS and system are tested under 

in-situ conditions for about one month and commercial 

LWS Phytos 31, where we collected about 1600 data points. 

Subsequently, the data preprocessing is done on the raw 

sensor data and the calculated LWD for both the sensor viz. 

fabricated and commercial LWS. The field measurement 

results indicate that the discrepancy in the measured LWD 

using the fabricated flexible LWS and Phytos 31 is about 30 

minutes to 1 hour. Thus, fabricated LWS can be considered 

as one of the potential candidates considering the in -situ 

measurements. 

 
Fig. 7 Raw signal from the four sensors with normalized values 
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Fig. 8 Pre-processed signal with smoothened and corrected baseline values and starting and ending points of all 17 events 

observed 

 

 
Fig. 9 Comparison of LWD values from all the four sensors using bar graph. 
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VI.  CONCLUSIONS

Plant disease monitoring and early prediction is very 

important to reduce the crop yield. To identify the probability 

of plant diseases, information on LWD is very important, and 

to measure it, LWS is widely used. We have fabricated the 

LWS on the flexible substrates and developed the IoT-

enabled system to record the sensor data in this work. 

Fabricated flexible LWS performance is examined under 

both lab and the field conditions. The lab measurements 

indicate that the fabricated flexible LWS offers a response of 

about 36000%when the sensing area is completely wet w.r.t 

air. Further, it is observed that the response is about 10 

seconds and hysteresis of about ± 4 % for the fabricated 

LWS. Interestingly, the LWS sensor capacitance changes 

only by 6% when temperature varies from 20 °C to 65 °C., 

making this one of the potential candidates for the field 

measurements. Furthermore, during the field testing of the 

fabricated flexible LWS, we have benchmarked the measured 

LWD with commercial expensive LWS Phytos 31. Field 

measurement results indicate that the discrepancy in the 

LWD is about 30 minutes to 1 hour, which is acceptable for 

integrated plant disease management. Thus, LWS fabricated 

on flexible substrate stands out to be one of the potential 

candidates for the in-situ measurements considering both the 

price and accuracy.  As a future scope, we will collect data 

for one crop cycle and make the early prediction of the plant 

disease using the fabricated LWS.  
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