
Received 21 October 2022, accepted 28 November 2022, date of publication 1 December 2022,
date of current version 7 December 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3225906

Estimation of Ground Water Level (GWL) for
Tropical Peatland Forest Using Machine Learning
LU LI 1, ADUWATI SALI 1,2, (Senior Member, IEEE), JIUN TERNG LIEW1,
NUR LUQMAN SALEH 1,3, SHARIFAH MUMTAZAH SYED AHMAD 1, AZIZI MOHD ALI1,
AHMAD AINUDDIN NURUDDIN2, NURIZANA AMIR AZIZ4, IMAS SUKAESIH SITANGGANG5,
LAILAN SYAUFINA6, ATI DWI NURHAYATI6, HISANORI NISHINO7, AND NOBUYUKI ASAI7,8
1Wireless and Photonics Networks Research Centre of Excellence (WiPNET), Department of Computer and Communication Systems Engineering, Faculty of
Engineering, Universiti Putra Malaysia, Serdang, Selangor 43400, Malaysia
2Institute of Tropical Forestry and Forest Products (INTROP), Universiti Putra Malaysia (UPM), Serdang, Selangor 43400, Malaysia
3Institute of Power Engineering, Universiti Tenaga Nasional, Jalan IKRAM-UNITEN, Kajang, Selangor 43000, Malaysia
4Malaysian Meteorological Department (MET Malaysia), Petaling Jaya, Selangor 46667, Malaysia
5Department of Computer Science, Faculty of Natural Science and Mathematics, IPB University (Bogor Agricultural University), Bogor 45259, Indonesia
6Department of Silviculture, Faculty of Forestry, IPB University (Bogor Agricultural University), Bogor 45259, Indonesia
7National Institute of Information and Communications Technology (NICT), Koganei, Tokyo 184-8795, Japan
8Ready Affiliate Japan Company, Ltd (Alternative Legal Name in EN), Nishitama gun, Hinohara-mura, Tokyo 190-0200, Japan

Corresponding authors: Aduwati Sali (aduwati@upm.edu.my) and Lu Li (benney56@qq.com)

This work was supported in part by the IGNITE: Interference Modeling for 5G and Fixed Satellite Service (FSS) Coexistence at mmWave
With Climate Change Considerations in the Tropical Region (Vot No. 5540509) under Grant FRGS/1/2021/TK0/UPM/01/1, and in part by
the Networked ASEAN Peatland Data (NAPD): Networked Association of Southeast Asian Nations (ASEAN) Peatland Data and Net-Peat:
Networked ASEAN Peatland Communities for Transboundary Haze Alert under Grant UPM-NICT-APT 6380024-10801.

ABSTRACT The tropical area has a large area of peatland, which is an important ecosystem that is regarded
as home by millions of people, plants and animals. However, the dried-up and degraded peatland becomes
extremely easy to burn, and in case of fire, it will further release transboundary haze. In order to protect
the peatland, an improved tropical peatland fire weather index (FWI) system is proposed by combining the
ground water level (GWL) with the drought code (DC). In this paper, LoRa based IoT system for peatland
management and detection was deployed in RajaMusa Forest Reserve (RMFR) in Kuala Selangor, Malaysia.
Then, feasibility of data collection by the IoT system was verified by comparing the correlation between the
data obtained by the IoT system and the data from Malaysian Meteorological Department (METMalaysia).
An improved model was proposed to apply the ground water level (GWL) for Fire Weather Index (FWI)
formulation in Fire Danger Rating System (FDRS). Specifically, Drought Code (DC) is formulated using
GWL, instead of temperature and rain in the existing model. From the GWL aggregated from the IoT system,
the parameter is predicted using machine learning based on a neural network. The results show that the data
monitored by the IoT system has a high correlation of 0.8 with the data released by METMalaysia, and the
Mean Squared Error (MSE) between the predicted and real values of the ground water level of the two sensor
nodes deployed through neural network machine learning are 0.43 and 12.7 respectively. This finding reveals
the importance and feasibility of the ground water level used in the prediction of the tropical peatland fire
weather index system, which can be used to the maximum extent to help predict and reduce the fire risk of
tropical peatland.

INDEX TERMS Peatland, IoT system, FWI, machine learning, neural network.

I. INTRODUCTION
After the death of plants, they are decomposed by microor-
ganisms and soil animals. In the humid or surface water
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environment, due to the lack of oxygen, the number of aerobic
microorganisms decreases, which slows the decomposition of
dead plants and forms the accumulation of organic matter.
The accumulated organic matter is called peat. Under natu-
ral conditions, the production and storage of organic matter
are far greater than decomposition, and the land where peat
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is accumulated is called peatland. Peatland is an important
ecosystem with great utility, which is distributed in more than
180 countries [1]. In addition to controlling water supply
[2], reducing drought [3] and flood disasters [4], they also
provide unique aquatic habitats for endangered animals and
plants [5], [6].

In Southeast Asia, peatlands are rich in biomass and
water resources. They form part of tropical forests, where
decaying organic matter accumulates for many years to form
carbon-rich soils. The peatlands in Southeast Asia account for
11-14% of the total peat in the world [7].

However, peatlands around the world are being drained for
land use conversion. In 1997, the carbon emissions caused
by peatland fires in Indonesia were equivalent to 13% - 40%
of the global carbon emissions from fossil fuel combustion
every year [8]. It can be seen that fire is one of the main
issues to cause carbon loss in peatland [9]. In addition, the
fire in peatland is also the main reason for the haze crisis in
Southeast Asia. To alleviate the haze crisis, the Indonesian
government predicted spending up to 35 billion dollars in
2015 [10]. Due to the intensity and uncontrollability of field
fires, peatlands burned by them emit a large amount of trans-
boundary haze into the atmosphere. In order to control the
global average temperature rise at 1.5 centigrade (announced
prior to UNFCCC COP26) [11], peatland protection and
restoration may be a natural solution with low cost, low
technology content and great impact on climate action and
biodiversity. Therefore, it is of great significance to study the
carbon loss of peatlands caused by field fires.

On the other hand, due to the diverse locations and origins
of the fire, the fire has distinct characteristics, and environ-
mental and human interference factors can result in false
alarms andmissed fire alarms. Globally, the threat of peatland
forest fire is rising with 370 million hectares of forest burned
every year [12]. In order to alleviate this problem, the South-
east Asia Fire Danger Rating System (FDRS) project which
is managed by the Malaysian Meteorological Department
(METMalaysia) has been developed based on the Canadian
Forest Fire Danger Rating System. However, this system
does not include ground parameters, such as ground water
level, soil temperature and soil humidity, which are important
metrices for the management and monitoring of peatland
forest fires [13], [14], [15]. This is due to the fact that the
peatland forests with different ground water level currently
account for 50% [16].

Furthermore, the lack of on-site real-time data is unfavor-
able to the management of the peatland forest. In order to
collect real-time data, IoT technology is an excellent choice
for peatland management. In addition, it is stable and feasible
to utilize LoRa technology for data transmission and collec-
tion, because LoRa is a low-power WAN protocol developed
based on the IoT spread spectrum modulation technology,
and relevant studies have proven the feasibility of LoRa
technology in forest transmission parameters [17], [18], [19].
With the adoption of IoT technology, this paper will also take
a very favorable action to help the management of peatland

forest, that is, introducing neural network. The neural net-
work can self-study the collected data and learn to predict
new data without artificial intervention for the prediction and
monitoring of forest fires in peatland [20], [21].

Therefore, the feasibility of a fire weather index system for
fire prediction in Malaysia combined with ground water level
needs to be verified, whichmeans the proposed improved Fire
Danger Rating System (FDRS) especially for Raja Musa For-
est Reserve (RMFR) in Kuala Selangor, Malaysia, by includ-
ing DC with GWL into existing FDRS. The contributions of
this paper are as follows:
• A model is proposed to integrate Ground Water

Level (GWL) into Fire Weather Index FWI) system,
which is the drought code (DC) that can be calculated
by GWL.

• The correlation between the data measured by the
peatland forest management and monitoring IoT sys-
tem, which was established for innovation in peatland
monitoring in Raja Musa forest reserve (RMFR), and
the data published by the Malaysian Meteorological
Department METMalaysia) verifies the validity and
feasibility of the data measured by the IoT system.

• Based on a three-layer and five input (temperature,
relative humidity, wind speed, rainfall, and previous
ground water level) neural network, the ground water
level is predicted by machine learning.

II. METHODOLOGY
This section mainly introduces the relevant parameters of
the IoT system used in this paper, and how to use machine
learning to predict the ground water level (GWL) to verify
the feasibility of the fire weather index (FWI) system in
Southeast Asia.

A. IoT SYSTEM
The data measured in this paper are from the IoT peatland
forest management and monitoring system deployed in Raja
Musa Forest Reserve (RMFR) in Kuala Selangor, Malaysia,
as shown in Fig.1. (image from Google Maps)

FIGURE 1. Location of RMFR (3◦27’58’’ N, 101◦26’31’’ E).
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Fig.1 shows the specific orientation of the Raja Musa
Forest Reserve on the left, and the enlarged area map on the
right shows the specific distribution of the permanent forest
reserve, the protected area and the peatland in the forest area,
where the dark brown represents the peatland area. There
are many peatlands in Raja Musa Forest Reserve, which
can provide important site support for relevant research on
peatlands. Furthermore, the peatland forest management and
monitoring IoT system has been deployed in Raja Musa For-
est Reserve, used for research and published a large number
of achievements, such as reference [22], [23]. Its layout is
shown in Fig. 2.

FIGURE 2. General layout of IoT system [22].

Fig.2 shows the structure of the peatland monitoring and
management system using LoRaWAN technology. The sys-
tem is mainly composed of an observation tower (located at
3◦27’58’’ N, 101◦26’31’’ E), meteorological station (used
to collect ambient temperature and humidity, wind speed
and rainfall), LoRa node and gateway (used to transmit and
receive measurement data) and two ground sensor nodes
(used to measure soil temperature, soil humidity and ground
water level).

In the IoT system, two ground sensors are deployed to
measure soil temperature, soil humidity and ground water
level, as shown in Fig.3. Two ground sensors are connected
to the gateway through LoRa access technology, and then the
peatland data on the gateway is sent to the cloud using 4G cel-
lular network. The first ground sensor node (SN1) is located
about 176 m west of the observation tower. The second
ground sensor node (SN2) is located about 262 m southwest
of the observation tower. In contrast, SN2 is located deep in
the peatland.

Particularly, the ground water level is measured using
a piezometer at ground sensor nodes. The piezometer is
installed in a UPVC pipe with small holes to prevent soil
from hindering the operation of the pressure gauge and enable
ground water to flow inside the pipe. As shown in Fig.4,
the UPVC pipe reaches the mineral soil at a depth of about

FIGURE 3. Sensor node.

5.26 m. Going deep into the ground can ensure that the
measured water level is the actual water level in the peat
layer. In order to protect the borehole from wild animals, the
perimeter is protected by a 1 m high fence.

FIGURE 4. Sensor installation schematic.

B. GWL PREDICTION USING MACHINE LEARNING
Based on the data measured by the deployed IoT system and
the Canadian Fire Weather Index (FWI) system proposed by
Wang et al. [24] and Van Wagner [25], this study verifies the
feasibility of introducing ground water level parameters to
predict fires in tropical areas.

The Canadian Forest FireWeather Index (FWI) system cal-
culates the moisture content of ground combustibles through
the change in weather conditions, and divides the potential
fire risk level of forests according to the moisture content of
combustibles at different levels from the surface to the under-
ground. FWI consist of three fuel moisture codes representing
different layers in the forest floor and three fire behaviour
indices, as shown in Fig.5.

In this paper, the data of fire weather observations are all
from the IoT system deployed in Section 2.A. The motivation
of this study is to verify the feasibility of using ground water
level for the FWI system in Southeast Asia. Therefore, in this
paper, a part of the fire weather index system in Canada is
modified, that is, DC is directly determined by ground water
level, as shown in Fig.6.
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FIGURE 5. Basic structure of the canadian FWI system [25].

FIGURE 6. Proposed model of GWL used to predict the FWI system.

Fine Fuel Moisture Code (FFMC), which is a numerical
rating of the moisture content of surface litter and other cured
refined fuels on the forest floor is the first step to calculat-
ing FWI [26], which means the FFMC represents the water
content of surface litter and other solidified refined fuels in
stands with a depth of 1-2 cm, and the weight when drying is
0.5 kg/m2. Besides, Duff Moisture Code (DMC) represents
the moisture content of loose compacted and decomposed
forest ground organic matter, with a depth of 5-10 cm and
a dry weight of about 5 kg/m2. In addition, the Drought
Code (DC) represents the water content of the deep compact
organic soil layer with a depth of 10-20 cm, and its weight is
about 44 kg/m2 when dry.
The second part of the FWI system reflects the relation-

ship between current fire potential and the fire environment.
Among them, the Initial Spread Index (ISI) is the numerical
rating of relative fuel diffusion, which is not affected by fuel
consumption. The Buildup Index (BUI) provides a numerical
rating of the amount of fuel that can be used for combustion.
In addition, the fire weather index (FWI) is the numerical
grade of fire intensity, which is suitable as a general index

of fire risk which refers to the ability of fire to cause, spread
and destroy the whole forest area of the region.

In this paper, the DC in Canada’s FWI system is mod-
ified to be directly determined by the ground water level
according to the regional situation of Southeast Asia, which
seems to reduce the decision index of DC and may reduce
the accuracy of prediction. However, during the prediction of
GWL using machine learning, hourly measurements of tem-
perature, humidity, wind speed, rainfall and previous ground
water level data from January to March 2020 will be taken
into account. In the prediction of five input three-layer neural
network structures, in which the number of hidden neutrons
in each layer remains unchanged according to the number of
input parameters, as shown in Fig.7.

FIGURE 7. GWL prediction neural network.

Fig. 7 shows a three-layer five input recursive neural net-
work (RNN) that can identify a large number of discrete-time
data sequences using linear regression and is fully connected
to dense layers. The dense layer is selected because it can
allow a more complex mathematical model [27]. The linear
regression model is chosen because it is an algorithm that can
effectively establish a simple supervisory model for input and
output. It has the advantages of easy implementation and easy
training [28]. Specifically, this paper introduces the data (soil
temperature, relative humidity, wind speed, rainfall and pre-
vious GWL) collected by the IoT system every hour into the
input layer. Then, the input layer processes and classifies the
data into the hidden layer. Each hidden layer will analyze and
further process the output from the previous layer in the way
of linear regression modeling, and then continue to transfer
it to the next layer. Among them, the neural network in this
paper predicts according to the proportion of 80% training
data (i.e., 34089 samples) and 20% testing data (i.e., 8523
samples). The final output layer is the final prediction result
of the neural network for all data processing.

III. RESULTS AND DISCUSSION
This section will verify the validity of the data collected from
the deployed IoT system from January to March 2020 on an
hourly basis against the data of METMalaysia in the same
period (rainfall, temperature, wind speed and humidity have
been measured by METMalaysia). The correlation between
the data from the IoT system and the data fromMETMalaysia
is shown in Table 1.

Table 1 shows that there is a high correlation of about
80% between the data measured by the deployed IoT
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TABLE 1. Correlation between IoT system and METMalaysia.

peatland detection system and the data measured by theMET-
Malaysia base station (03◦14′N, 101◦15′E). Therefore, the
data detected by the IoT system deployed in this research will
support and contribute to the subsequent research.

In addition, according to the FWI system proposed by
Wang et al. [24], they take temperature and rainfall as param-
eters for calculating DC, refer to Fig.5. In this paper, a new
strategy for tropical areas is proposed, that is, the ground
water level as the only parameter for calculation and its
feasibility is verified.

In snowy areas, the higher snow cover can help lower the
drought code. For tropical areas without snow, the deeper the
ground water level, the more likely the drought code is to
be lower. Therefore, according to the equation of calculating
DC by snow height proposed by Waddington et al. [29], this
paper replaces the snow height with the ground water height
to obtain Equation 1.

DC =
400+ GWL

0.6
(1)

The equations obtained by curve fitting in different ways
between GWL data of IoT system and DC data given by
METMalaysia are shown in Fig.8 and Fig.9.

FIGURE 8. Linear curve fitting of GWL and DC.

Fig.8 shows the fitting curve obtained by linear curve
fitting between the hourly ground water level data measured
by the IoT peatland detection system deployed in RMFR from
January to March 2020 and the data of DC in the same period
published byMETMalaysia, in which the fitting equation can
be expressed as.

DC = −1.719× GWL− 24.95 (2)

FIGURE 9. Power curve fitting of GWL and DC.

Fig.9 shows the fitting curve obtained by power curve
fitting between the ground water level data measured by
the IoT peatland detection system deployed in RMFR from
January to March 2020 and the data of DC in the same period
published byMETMalaysia, in which the fitting equation can
be expressed as.

DC = −8.39×GWL0.6664 (3)

Then, the obtained DC equations are brought into the
FWI system shown in Fig.6 for analysis and calculation. The
feasibility of this idea is verified by comparing the correlation
between the calculated parameters and FWI with the correla-
tion between FWI and ISI, BUI, DMC, FFMC and DC given
by METMalaysia, as shown in Table 2.

TABLE 2. Correlation with FWI in different equation.

For a more intuitive comparison, Table 2 can be converted
into a histogram, as shown in Fig.10.

By comparing the feasibility of the three equations in
Table 2 and Fig.10, it is found that the data obtained by linear
curve fitting has a higher and closer correlation with the data
given by METMalaysia. Therefore, this paper believes that
the equation between GWL and DC obtained by linear curve
fitting can be considered to be adopted.

Since the feasibility of using GWL to calculate DC has
been verified, it is predicted that GWL will have a fair value
and contribution to the follow-up research related to this
paper. Therefore, combined with the neural network structure
in Fig.7 and the data measured by the IoT system, the GWL of
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FIGURE 10. Comparison of FWI correlation of different parameters.

the two sensor nodes is predicted through machine learning,
as shown in Fig.11.

FIGURE 11. Machine learning prediction results of GWL.

Fig.11 shows the comparison between the true value and
the predicted value of the ground water level where the Mean
Squared Error (MSE) of the sensor node 2 is only about 0.43,
which proves that the prediction value of ground water level
predicted by the model proposed in this paper is reliable, and
it has a profound contribution and helps to the research of
peatland fire prediction. As for sensor node 1, the MSE is
significantly higher than the prediction analysis of SN2, but
it only reaches about 12.7. In contrast, the prediction result of
the SN2 is more accurate because there is an artificial canal
beside the SN1 that can directly connect with the river, while
the SN2 is installed in deeper peatland (i.e the depth of SN1
is 25 cm, while the depth of SN2 is 50 cm), which makes
the data detected by the SN2 more stable than that of the
SN1. Therefore, it can be considered that the new strategy
proposed in this paper, that is, for tropical peatland, using
GWL instead of temperature and rainfall to calculate the FWI
system, is completely feasible.

IV. CONCLUSION
This paper verifies that it is feasible to apply ground
water level (GWL) as an input to the peatland fire weather

index (FWI) system in tropical areas, spefically by formulat-
ing the Drought Code (DC) using GWL instead of temper-
ature and rain in the existing model. DC formulation using
ground data can be more accurate, considering the dynamics
of peatland soil conditions in the tropical region. The paper
has also shown a feasible prediction of GWL using Machine
Learning, considering two sensor nodes deployed at Raja
Musa Forest Reserve (RMFR), Kuala Selangor, Selangor,
Malaysia.

The findings show that it is feasible to deploy an IoT sys-
tem to measure and monitor peatland ground data for poten-
tial alert and preparedness system to management peatland
forests in tropical region. The system can be implemented
for transboundary haze management by mitigating peatland
forest fires.
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