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Abstract—  
Agriculture mechanisms are complex processes and it requires 

optimised inputs for maximizing productivity within a field by 

reducing waste and environment impacts. This proposed work is 

based on the design and implementation of wireless sensor network 

environment consisting of various soil and environment sensor to 

achieve multi-point measurement mechanism of the farm land. The 

proposed wireless monitoring system consists of nine independent 

sensor network nodes to permit both real-time and historic data 

management. The work summarizes the optimum usage of irrigation 

using precise and wireless based water valve control using structural 

similarity index. In this work, a detailed comparative study on 

optimization techniques such as Variable Learning Rate Gradient 

Descent, Gradient Descent for feedforward neural network based 

pattern classification problem is done plus the best technique is 

employed for bilinear interpolation based soil moisture content 

distribution map generation. 

Keywords— Soil Moisture Content, Variable Learning Rate 

Gradient Descent, Gradient Descent, Feedforward neural network, 

Structural Similarity Index, Bilinear Interpolation. 

I. INTRODUCTION 

Wireless Sensor Network (WSN) systems are widely 

considered by the scientific research community throughout 

the world as it provides a cost effective solution for almost all 

the necessary real world problems. These systems are the key 

elements of the revolution of ubiquitous computing [1]. 

Therefore, WSN systems in Precision Farming (PF) 

mechanisms will revolutionize the in-field data management 

and analysis aspects to automate the agriculture processes by 

considering various soil and environment parameters. Rapid 

communication of raw data to a local or remote server will be 

solved using WSN systems integrated with high computing 

servers [12]. Similarly, the identification of pest in the crop 

and drought in the farm land will efficiently be monitored 

through robust Decision Support Systems (DSS). Many 

agriculture equipments like sprinklers, foggers and irrigation 

valve controllers will be integrated with in-field WSN systems 

by exploiting in-situ farm monitoring. Various research works 

have been conducted on farm irrigation automation, 

fertilization and pest control schemes to increase the 

productivity by minimizing the farm operation cost. But few 

work reported the implantation of Internet of Things (IoT) 

along with DSS by exploiting the usage of machine learning 

platforms. In the similar context, in-field irrigation control 

mechanisms require a quick monitoring and analysis of soil 

Moisture Content (MC) using sensor based platforms. 

Quick analysis and monitoring of soil MC on the large area is 

required so that the farmer can accomplish optimum irrigation 

management at agriculture area. Gravimetric method deemed 

as the typical to ascertain soil water content variation, but it is 

not efficient in delivering large scale rapid data collection and 

is restricted to a compact measurement volume. Geophysical 

methods, for example electromagnetic induction (EMI) and 

Ground Penetrating Radar (GPR), measure a larger sample 

volume and so are qualified to cover large areas efficiently, 

which cannot be obtained from other methods [14]. Other 

methods like spectroscopic scanning based soil moisture 

content detection is usually utilised to get soil MC map of a 

giant agriculture land but using this method is often a costly 

task and it are not utilized to get soil MC variations throughout 

the cropping time. Within the similar context, wireless sensor 

network (WSN) based soil MC analysis can be utilised for 

real-time monitoring and analysis of soil MC dynamics during 

the entire cropping time [13]. 

Ruiyu Liang et al. (2008) have proposed a real-time soil MC 

control system using WSN and General Packet Radio Service 

(GPRS) to collect in-field soil MC data. A back-propagation 

neural network is used to analyse and process sensor data 

along with simulated annealing algorithm to optimize the 

result for generating real-time predicted soil MC variations. 

The experiment shows that this system has many advantages 

like low cost and high accuracy measurement with minimum 

maintenance [2]. 

The method proposed by Ruiyu Liang et al. (2008) is a 

completely based on direct sensing of soil MC using WSN and 

the soil MC data are collected at a server side using GPRS. 

Further, B. Majone et al. (2013) have used WSN to monitor 

soil MC dynamics in the top layer of the soil, in both space 

and time, suitable to analyze the relationship between soil MC 

dynamics and plant physiology. The deployment consists of 

27 locations (verticals) connected by a multi hop WSN, each 

one equipped with 5 soil moisture sensors deployed at the 

depths of 10, 20, 30, 50 and 80 cm, and a temperature sensor 

at the depth of 20 cm [3]. In the similar context, the farm 

irrigation requirement is dependent on various other soil and 

environment parameters that will affect the soil 

evapotranspiration [10]. So advanced prediction mechanism is 

required to precisely handle the farm irrigation scheme by 

considering all the necessary parameters which affects the soil 

water evaporation [11]. This requires accurate prediction 

algorithms which will produce necessary irrigation control 

commands within the farm land. This article deals with an 

efficient design and implementation of WSN system to 

monitor, analyse and control the soil MC requirements in a 

real-time approach. In this work, a test land of length 50m and 

width 100m is planted with bermuda grass (Cynodon 

dactylon) which has many medical benefits like cure of 
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stomach ulcer, colitis, and stomach infections. The test site is 

located at Bhubaneswar situated in the eastern region of India. 

The test site is equipped with nine solar powered independent 

WSN nodes which are integrated with nine different irrigation 

control valves. The WSN nodes collect many soil and 

environment parameters like soil moisture, soil temperature, 

environmental temperature, environmental humidity, CO2, 

and sunlight intensity at nine specific zones. These parameters 

are collected in a gateway node consisting of Raspberry pi, 

Zigbee series 2 and wifi connectivity. The WSN nodes 

networked with mesh protocol over Zigbee. A time stamp is 

also programmatically linked with the sensor parameters to 

achieve real-time prediction of soil MC in one hour advance. 

In this work, two optimization algorithms such as Variable 

Learning Rate Gradient Descent, Gradient Descent for neural 

network pattern classification strategies are utilized to 

compare their performance. Finally, SSIM is used to evaluate 

the zone specific soil MC deficiency and to control the 

specific irrigation valve at the particular region. The 

performance of the above optimization algorithms are 

analysed and compared with RMSE (Root Mean Square 

Error), MSE (Mean Square Error), and R-squared error. The 

subsequent sections of this article explain the structure of the 

experimental site, design of the WSN node, soil MC 

prediction algorithms and experimental analysis. 

II. EXPERIMENTAL SITE 

The experimental site is a Bermuda grass (Cynodon dactylon) 

planting area located at Bhubaneswar (Latitude: 20.351323, 

Longitude: 85.806547) in the eastern region of India. The 

cultivated farm has an area of almost 5000m
2
. The soil profile 

is composed of a surficial layer of soft soil, more than 2m 

thick with a sandy loam texture. Main soil characteristics have 

been identified by laboratory analysis of an undisturbed 

sample of about 3.3kg. Dry bulk density and porosity are       

1.42g-cm
-3

 and 0.45 respectively. 
 

 
Figure. 1. Deployment of WSN nodes in a Bermuda grass (Cynodon 

dactylon) planting site located at Bhubaneswar (Latitude: 20.351323, 
Longitude: 85.806547) 

The deployment consists of 9 nodes (see Figure 1) connected 

by a multi hop Wireless Sensor Network (WSN), each one 

equipped with 5 different analog output type sensors such as 

soil moisture probe, soil temperature probe, environment 

temperature sensor, environment humidity sensor, 

environment CO2 sensor and sun light intensity sensor. The 

WSN node architecture is portrayed in figure 2. All sensors 

are interfaced with the node via internal eight channel Analog 

to Digital Converter (ADC) if the microcontroller 

(ATMEGA328P-PU). The microcontroller communicates with 

the Zigbee S2 unit via RS232 interface. Each Zigbee S2 

device is configured with mesh network topology. The digital 

out pin of the Zigbee S2 is used to activate corresponding 

sprinkler valve unit. The automated irrigation system serving 

the farm land has been set up so that uniform different 

watering schedules can be applied throughout the field, as 

shown in Figure 2. The irrigation system is composed of 

sprinkler pipe lines with sprinkler heads at 0.40 m spacing and 

with a flow of 2.1 l h-1. 

III. WSN STRUCTURE 

The proposed WSN environment contains 9 wireless nodes, 

where each node has 6 different types of analog sensors. Such 

sensors are connected through internal analog to digital 

converter (ADC) of the WSN microcontroller. As shown in 

Figure 2 (a), the power supply unit contains a lead acid battery 

(6V, 4.5A/h), a solar panel providing 7V/6W, DC-DC 

converter and a lead acid battery charger. The PCB assembly 

of the WSN node is shown in figure 2 (b). In addition to the 

excitation voltage, real time monitoring of the system is 

conducted by measuring, at each sensor data, the battery 

tension as well as solar panel voltage level. The real-time 

sensor data acquisition process is repeated in every 5 minutes.  

The WSN node is programmed to go for a sleep mode 

between two successive acquisitions. The sink node acquires 

all the node data from other WSN nodes and sends it in a 

packet format to a PC gateway (GW) over the wifi. The sink 

node consists of Raspberry Pi board with Zigbee S2 

connection via internal GPIO (General Purpose Input/Output). 

This GW node assigns time stamp to the data packet and sends 

it to MySQL database for real time historic data management. 

Finally, the data are calibrated by specific calibration 

equations via dynamic php web interface for direct MATLAB 

interconnection. 

The sensor node is mounted in an IP65 plastic package to 

protect the devices and, at the same time, avoid perturbation 

on the antenna pattern, as it would occur if a metallic case was 

used. The solar cell is mounted on the top of the plastic case 

with a slope of 45
o
 to maximize efficiency. 

 

 
(a) Single WSN node architecture 
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Figure. 2. (b) Single WSN node assembled for real-time data acquisition 

The WSN nodes are used to acquire sensor data and forward it 

to the sink node for storing in its own database. The detailed 

architecture of the sink node (raspberry pi gateway unit) is 

shown in figure 3. In this work, MATLAB is used to 

communicate with the sink node for collecting all data which 

is used for soil MC prediction and irrigation valve control 

using SSIM technique. 

 

Figure. 3. Architecture of the raspberry pi gateway unit 

IV. SOIL MC PREDICTION AND IRRIGATION CONTROL 

METHODOLOGY 

Agriculture systems are complex nonlinear models. Therefore, 

powerful and robust mathematical models are required to 

solve the problems associated with it [7, 8]. In this work, two 

neural network pattern classification techniques are proposed 

to predict timely variations of the in-field soil moisture content 

variations. This is achieved by considering several soil and 

environment parameters to predict in-situ soil MC. A 

feedforward neural is trained which updates the weight and 

bias of the network for the prediction of the soil MC. In this 

particular work training algorithms for example Variable 

Learning Rate Gradient Descent and Gradient Descent are 

studied for that implementation of hourly variations of soil 

MC prediction technique. After successful prediction of soil 

MC at every location of the WSN nodes connected in the field 

area, bilinear interpolation is used to generate soil MC 

distribution throughout the farm land. SSIM plays a major role 

to control corresponding irrigation valves. A detailed flow 

model of the methodology is shown in figure 4. The 

performance of the above optimization techniques are is 

evaluated and it is listed in the table I. 

 

 

A. Variable Learning Rate Gradient Descent 

The variable learning rate gradient descent algorithm is based 

on a varying learning rate parameter αk . The learning rate 

parameter is used to estimate the rate of convergence of the 

neural network method. The more is the rate, the bigger step 

and quicker convergence will be achieved [5]. Similarly, if the 

learning rate becomes too large then the algorithm may lead to 

unstable criteria. In contrast, when the learning rate is set to 

too small, the algorithm will take a very long time to be 

converged. Hence, to improve the convergence time of the 

algorithm, variable learning rate gradient descent utilizes 

greater α [6]. The new weight vector wk+1 is modified as the 

gradient descent with varying αk . The typical weight vector 

wk+1is defined in the equation 1. 

𝑤𝑘+1 = 𝑤𝑘 −  𝛼𝑘+1 𝑔𝑘 + 𝜇 𝑤𝑘−1 …(1) 

 𝛼𝑘+1 = 𝛽 𝛼𝑘   

𝑎𝑛𝑑 𝛽 =  
0.7 𝑛𝑒𝑤 𝑒𝑟𝑟𝑜𝑟 > 1.04 (𝑓𝑜𝑟 𝑜𝑙𝑑 𝑒𝑟𝑟𝑜𝑟)

1.05 𝑛𝑒𝑤 𝑒𝑟𝑟𝑜𝑟 < 1.04 (𝑓𝑜𝑟 𝑜𝑙𝑑 𝑒𝑟𝑟𝑜𝑟)
  

 

B. Gradient Descent 

This technique updates the weight and bias matrix following 

the performance function towards the negative gradient [9]. 

The new adjusted weight vector is based on the equation 2. 

𝑤𝑘+1 = 𝑤𝑘 −  𝛼𝑘  𝑔𝑘  …(2) 

Where, α is the learning rate and  𝑔𝑘 is the gradient of the 

error. The negative sign of the gradient refers that the weight 

vector 𝑤𝑘+1is moving towards the opposite of the gradient. 

C. Bilinear Iinterpolation on the grid data 

Bilinear interpolation is usually an expansion of linear 

interpolation technique which is intended for interpolating two 

variables x and y on a regular 2D grid pattern. The key 

objective is to execute linear interpolation first in one direction 

and then in another direction. Though, each step is linearly 

sampled but as a whole, it is not linear rather quadratic in the 

sample location. Suppose that we would like to choose the 

importance of the unknown function ‘f’ at the point (x, y). The 

assumption is that we understand the worth of ‘f’ at the four 

points such as Q11= (xx1, yy1), Q12 = (xx1, yy2), Q21= 

(xx2, yy1), and Q22= (xx2, yy2). 

First of all linear interpolation in the x-direction is performed 

according to equation 3 and equation 4. These yields 

𝑓 𝑥𝑥, 𝑦𝑦1 ≈
𝑥𝑥2 − 𝑥𝑥

𝑥𝑥2 − 𝑥𝑥1

𝑓 𝑄11 +
𝑥𝑥 − 𝑥𝑥1

𝑥𝑥2 − 𝑥𝑥1

𝑓 𝑄21  
…(3) 

𝑓 𝑥𝑥, 𝑦𝑦2 ≈
𝑥𝑥2 − 𝑥𝑥

𝑥𝑥2 − 𝑥𝑥1

𝑓 𝑄12 +
𝑥𝑥 − 𝑥𝑥1

𝑥𝑥2 − 𝑥𝑥1

𝑓 𝑄22  
…(4) 

We proceed by interpolating from the y-direction to obtain the 

desired estimate according to equation 5. 

𝑓 𝑥𝑥, 𝑦𝑦 ≈
𝑦𝑦2 − 𝑦𝑦

𝑦𝑦2 − 𝑦𝑦1
𝑓 𝑥, 𝑦𝑦1 +

𝑦𝑦 − 𝑦𝑦1

𝑦𝑦2 − 𝑦𝑦1
𝑓 𝑥,𝑦𝑦2  (5) 

Finally we have obtained the same result if the interpolation is 

done first along the y-direction and then along the x-direction. 
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D. Structural Similarity (SSIM) index 

SSIM visually quantifies with a similarity measure between x 

and y as the product of the three parameters mn(x, y), vr(x, y), 

and cr(x, y). Where mn(x, y) is the mean, vr(x, y) is the 

variance and cr(x, y) is the cross-correlation function. The x 

and y parameters refers the same spatial window of the images 

X and Y, respectively. The SSIM value for the patches x and y 

is given as in equation 6 [4]. 

𝑆𝑆𝐼𝑀 𝑥, 𝑦 = 𝑚𝑛(𝑥, 𝑦)∝. 𝑣𝑟(𝑥, 𝑦)𝛽 . 𝑐𝑟(𝑥, 𝑦)𝛾  …(6) 

=  
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇𝑥
2 + 𝜇𝑦

2 + 𝐶1

 

𝛼

×  
2𝛿𝑥𝛿𝑦 + 𝐶2

𝛿𝑥
2 + 𝛿𝑦

2 + 𝐶2

 

𝛽

×  
𝛿𝑥𝛿𝑦 + 𝐶3

𝛿𝑥𝛿𝑦 + 𝐶3

 

𝛾

 

 

Where μx  denotes the mean of x, 𝜇𝑦  denotes the mean of y, δx  

denotes the standard deviation of x, 𝛿𝑦  denotes the standard 

deviation of y, δxy  is the cross-correlation (inner product) of 

the mean shifted matrix x − μx  and y − μy , and the Ci for i = 1, 

2, 3 are small positive constants. 

E. Proposed flow model for irrigation valve control scheme 

The complete flow chart of the proposed irrigation control 

scheme is shown in figure 4. The irrigation control mechanism 

takes into account of all the WSN node data for analyzing soil 

MC distribution using bilinear interpolation. Finally precise 

irrigation valve control is done using SSIM index of the 

interpolated data with the reference soil MC. 

 
Figure. 4. Flow chart of the irrigation control mechanism 

V. RESULTS AND DISCUSSIONS 

 

The performance of the two proposed optimization procedures 

for the prediction of soil MC is examined by considering 

eleven soil and environment parameters. The input and output 

data are listed in the table I. The predicted soil MC in one hour 

advance is compared with actual MC at that particular time. 

The errors such as MSE, RMSE, and R-squared error for the 

predictions are deliberated and listed in table II. 

It is observed that Variable Learning Rate Gradient Descent 

based feedforward neural network pattern classification 

produces minimum MSE, RMSE and higher R-squared value. 

Finally this is used for the generation of soil MC distribution 

map of the farm land by taking all the WSN node data. Few 

input parameters such as Sunrise Time, UV Index, Air Flow 

Rate are taken from weather forecast data and soil type is 

taken from manual soil test of the farm land. 

TABLE I.  INPUT AND OUTPUT PARAMETERS UTILIZED FOR SOIL 

MOISTURE CONTENT PREDICTION 

Inputs Output 

Current Time 
Environment Temperature 

Environment Humidity 

Present Soil Moisture 
Content 

Soil Temperature 

Soil Type  

Sunlight Intensity 
Sunrise Time 

Air Flow Rate 

Air CO2 
UV Index 

Soil MC after 1 
hour advance 

 

Variable Learning Rate Gradient Descent based neural 

network pattern classification was used to predict soil MC by 

considering soil and environmental data. The soil MC 

prediction and error graph is shown in the figure 5. 

 
Figure. 5. Actual Soil Moisture Content and Predicted Soil Moisture Content 

Vs Time in Hours. Error Graph plotted Between Resuduals and Time in 
Hours [Variable Learning Rate Gradient Descent based neural network 

pattern classification] 

 

The neural network training performance of Variable Learning 

Rate Gradient Descent based neural network pattern 

classification is shown in the figure 6. It can be observed from 

the figure 6 that the MSE is gradually decreasing to a multiple 

of 1e-6 at 2000 epoch. The best training performance is 

obtained as MSE = 0.001326. This is quite less MSE with 

respect to the soil MC prediction.  
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Figure. 6. The training performance Variable Learning Rate Gradient 

Descent based neural network pattern classification. 

The training state of Variable Learning Rate Gradient Descent 

based neural network pattern classification is shown in figure 

7. It can be observed that the best training was performed after 

1999 epochs. 

 
Figure. 7. The training state of the Variable Learning Rate Gradient Descent 

neural network pattern classification training. 

Secondly, the Gradient Descent optimization based neural 

network pattern classification training is performed to analyze 

training performance. The soil moisture content prediction 

response and error graph of Gradient Descent based neural 

network pattern classification model is shown in figure 8. 

 
Figure. 8. Actual Soil Moisture Content and Predicted Soil Moisture Content 

Vs Time in Hours. Error Graph plotted Between Resuduals and Time in 

Hours [Gradient Descent optimization based neural network pattern 

classification] 

The Gradient Descent optimization based neural network 

pattern classification training performance is shown in figure 

9. The best training performance is obtained at 2000 epochs.  

 

Figure. 9. Gradient Descent optimization based neural network pattern 

classification training performance. 

The training state of Gradient Descent optimization based 

neural network pattern classification is shown in figure 10.  

 
Figure. 10. The confusion matrix of the Gradient Descent optimization neural 

network pattern classification training. 

The performance of all the two optimization techniques for 

neural network pattern classification is also found out using 

MSE (Mean Square Error), RMSE (Root Mean Square Error), 

and R-squared error. All the above errors are listed in table II.  

TABLE II.  ERRORS OF THE TWO OPTIMIZATION TECHNIQUES 

Sl. 

No. 

Algorithm type MSE RMSE R-squared 

1.  Gradient Descent 0.1111 0.0123 0.9988 

2.  Variable Learning Rate Gradient 
Descent 

0.0468 0.0021 0.9999 

 

It is observed from the table II that the Variable Learning Rate 

Gradient Descent optimization gives less RMSE, MSE and 

higher R-squared value as compared to simple Gradient 

Descent optimization technique. Finally, the Variable 

Learning Rate Gradient Descent based neural network pattern 

classification technique is used to calculate soil MC in one 

hour advance at every region where WSN nodes are 

connected. The predicted soil MC of all the regions are stored 
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for generating soil MC distribution map in one hour advance 

as shown in figure 11. 

 

Figure. 11. Soil MC distribution map using Variable Learning Rate Gradient 
Descent neural network pattern classification training. 

The soil MC distribution map data are used for bilinear 

interpolation for generating complete soil MC distribution 

map at each location of the farm land. The complete soil MC 

distribution map is shown in figure 12. 

 

Figure. 12. Complete Soil MC distribution map at every region of the farm 

land using bilinear interpolation with finer grid technique. 

The required soil MC distribution of the farm land is shown is 

figure 13. 

 

Figure. 13. Complete required Soil MC distribution map at every region of the 
farm land using bilinear interpolation with finer grid technique. 

The SSIM index based soil MC deficiency map is generated 

by considering interpolated soil MC distribution data and 

required soil MC distribution data. The SSIM index based soil 

MC deficiency map is shown in figure 14.  

 

 

Figure. 14. Soil MC deficiency map using SSIM index. 

Finally the irrigation valve control commands are generated 

by considering SSIM index based soil MC deficiency data and 

the valve status of nine regions of the farm land is shown in 

figure 15. Figure 16 shows two regions of the farm land are 

having soil MC deficiency. A sample valve control command 

matrix for single region soil MC deficiency is shown in table 

III. 

 
Figure. 15. Valve status at nine regions of the farm land and right side corner 

region is having low soil MC level 

 

Figure. 16. Valve status at nine regions of the farm land. Right side corner and 
center region are having low soil MC level 

TABLE III.  SAMPLE VALVE CONTROL COMMAND MATRIX FOR SOIL MC 

DEFICIENCY IN DIFFERENT REGIONS 

Sl. 

No. 

Irrigation Valve Control 

Command Matrix 

Soil MC deficiency region 

1.  0     0     0 

0     0     0 
0     0     1 

Right corner region is having low 

soil MC level 

2.  0     0     0 

0     1     0 
0     0     1 

Right corner and center region are 

having low soil MC level 

OFF

OFF

OFF

OFF

OFF

OFF

OFF

OFF

ON

Valve ON/OFF region of the sample area
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VI. CONCLUSION 

The soil moisture content in one hour advance is successfully 

predicted by acquiring several soil as well as environment 

parameters. The performance analysis of each of the two 

proposed optimization techniques regarding neural network 

pattern classification is accomplished by computing MSE, 

RMSE and also R-squared error. The MSE and RMSE 

attained by Variable Learning Rate Gradient Descent based 

neural network pattern classification are 0.0468 and 0.0021 

where as Gradient Descent generates greater MSE and also 

RMSE. The complete soil moisture content distribution map 

and soil moisture content deficiency map are properly 

obtained using bilinear interpolation and SSIM index 

respectively. The irrigation valve control commands are also 

generated successfully to fulfill uniform farm irrigation 

requirement. 
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