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ABSTRACT

Forest and land fires constitute a calamity influenced by actual evapotranspiration (act) derived from ERA5-land data,

evaporation from open water (pev) derived from ERA5-Land data, and Penman-Monteith evaporation (et0). This study

aims to scrutinize the characteristics, spatial and temporal aspects of these three variables, and assess the efficacy of pev

and et0 in modeling forest fires through Ridge Regressions. Forest fire-related data, acquired via the Empirical Orthogonal

Function method based on Singular Value Decomposition, will be employed. The analysis characteristic, temporal, spatial,

and ridge regression assessments, with hotspot data serving as an indicator for forest and land fires. The findings reveal

that the pev variable requires the fewest computation indicators. The characteristics of the act variable closely resemble

those of the et0 variable. All three variables exhibit similar spatial and temporal patterns in forest fire-related data. The

performance of the pev in modeling forest fires is better than the reference evapotranspiration variable in most local region

analysis. This result highlights the potential applications of pev in modeling the general characteristics of fire events,

making it robust across different regions. However, for modeling extreme events, et0 proves to be superior to other analyzed

variables, particularly for events not included in the training data. Thus, et0 has higher potential performance in analysing
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and modeling future impact of climate changes related to fires risk rise due to more frequent drought condition.

Keywords: Evaporation; Evapotranspiration; Forest and Land Fires; Characteristics; Performance; Modelling

1. Introduction

Forest fires represent a natural phenomenon frequently

observed in Indonesia [1]. Various factors contribute to the

occurrence of forest fires in Indonesia, including the pres-

ence of hotspots, El Niño, and drought [2]. Drought leads to

a reduction in vegetation water content, resulting in plant

mortality and an elevated risk of fires [3]. One repercussion

of drought is an increased susceptibility to forest fires due

to the drying out of organic material, making it more prone

to ignition [4]. Presently, not only is the intensity of drought

on the rise, but the impact and geographic distribution of

drought are also expanding [5]. Consequently, measures need

to be implemented to mitigate the effects of drought and re-

duce its impact. One approach involves monitoring drought

using the drought index. Drought index is influenced by

various parameters such as potential evaporation and actual

evapotranspiration [6]. Low air humidity levels are another

contributing factor to forest fires, causing the surrounding

air to become dry due to diminished water content [7].

Predicting forest fires can be achieved by analyzing

available data on potential evaporation and actual evapo-

transpiration. Evaporation, the process of converting liquid

molecules into gas through heat energy utilization (e.g., solar

heat), and evapotranspiration, the evaporation process occur-

ring in plants through transpiration [8], play crucial roles in

forest fire analysis.

Numerous studies have explored evaporation and evap-

otranspiration, linking them to forest fires. In fact, most of

the fire’s mitigation index uses combination of evapotranspi-

ration and precipitation [9]. Clear physical meaning of evapo-

transpiration facilitates the understanding of its relationship

to fire severity [10]. Besides the usability to understand fire

dynamics, evapotranspiration is also important since its af-

fect ecosystem recovery after wildfires [10]. Especially in

dense, mid-elevation forests such as in Nevada which suf-

fers high dropped of evapotranspiration after wildfires [11].

In semi-arid to arid regions, increased evapotranspiration

affects water availability and soil salinization, which also

lead to higher probability of forest fire. Meanwhile, sig-

nificant changes after wildfires can influence groundwater

recharge if a critical canopy-loss threshold is reached, with

site-specific outcomes. The recovery of evapotranspiration

post-fire seems to be influenced by climate and fire sever-

ity [12]. This structured qualitative review lays the ground-

work for interdisciplinary researchers and water managers

to utilize evvapotranspiration in addressing complex envi-

ronmental issues in the fires analysis [13].

For Indonesia forest fire, research in [8] investigated the

relationship between evapotranspiration, rainfall, and alti-

tude in tropical Indonesia. Fundamentals research of evapo-

ration and evapotranspiration, aiming to maximize the use of

evapotranspiration data in managing irrigation and estimat-

ing daily water use [14]. Comparative research on evaporation

data from open water [15] and Penman-Monteith modeling [16]

is infrequently conducted, offering an interesting avenue for

further analysis. Despite the importance, the availability of

research that analyse evapotranspiration and fires event in

Indonesia is very limited resulted in relatively low under-

standing level of both phenomena. However, Comparison

between various variables reveals that evapotranspiration

reduce the difference between multiple characteristic fires

pattern in Indonesia [17]. This research shows the possibility

of developing fire analysis that applicable for all Indonesia

regions by giving one principal component pattern that cov-

ers all fires region of Indonesia, covering more than 95%

of historical fire event. Thus, objective of this research is

conducted to assess potential uses of evapotranspiration in

estimating forest fire in Indonesia.

One reason that could contribute to the limited amount

of research in evapotranspiration is the complexity of mea-

surement. Different method of measurement and calculation

could result in different characteristic of variables, which

could lead to inconsistent result. Thus, this research will also

assess the difference between evaporation, evapotranspira-

tion, and potential evapotranspiration especially when linked

to fires event. Empirical Orthogonal Function (EOF) and

Singular Value Decomposition (SVD) methods are employed

to extract data values related to forest and land fires.

Evaporation is a process of molecule transformation
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from liquid to gas, utilizing heat energy (commonly from

the sun) [8]. The loss liquid usually came from open and wet

surface [18]. Evapotranspiration is an evaporation process

that happened on plant from transpiration processes. 20%

of water that absorbed through the root for photosynthesis

generally are loss during the transpiration process [8, 19]. Po-

tential evaporation (potential evapotranspiration) are uses

commonly in hydrology [20], introduced to differentiate be-

tween actual and potential water loss during the process [21].

Analysis that uses to assess in this research is distribution

and regression analysis to understand difference between

each variable as well as their relation to the fires event in

Indonesia. By doing so, this research will reveal difference

between characteristic of used variable and potential uses

each of them in the fires. Provide better understanding of

how evapotranspiration impact fires event in Indonesia, thus

become valuable knowledge when moving forward to analy-

sis more complex index such as standardized precipitation

evapotranspiration index and fire weather index in Indone-

sia’s fires event research.

2. Materials and Methods

2.1. Data

The data used in this research was downloaded from

https://cds.climate.copernicus.eu/ with the dataset name

ERA5-Land monthly averaged data from 1950 to present and

the variables used were total evaporation and evaporation

from open water from January 2001 until December 2020 [21].

Penman-Monteith potential evaporation data for 2001–2020

has been calculated previously [17]. Apart from that, hotspot

data for the Indonesian region for 2001–2020 comes from the

Moderate Resolution Imaging Spectroradiometer (MODIS).

The hotspot data used was obtained from MODIS with a spa-

tial resolution of 0.1°×0.1°. This data is data on the number

of monthly hotspots from 2001–2020 [22].

ERA5-Land data for the variable’s total evaporation

and evaporation from open water is Indonesian territory data

at coordinates 6° N–10° S and 95° E–141° E which has a

spatial resolution of 0.1°×0.1° with units of m of water equiv-

alent (m.w.e). According to the guidelines from ERA5-Land,

the total evaporation variable is also referred to as actual

evapotranspiration. Actual evapotranspiration, defined as

standard evapotranspiration from the land surface with an un-

limited water supply [15], accumulates four types of evapora-

tion: from open water, canopy, open ground, and vegetation

transpiration. This variable is the sum of four other variables,

namely evaporation from open water which is also known

as potential evaporation, evaporation from vegetation tran-

spiration, evaporation from bare soil, and evaporation from

top of canopy. In this study, the total evaporation variable is

referred to as actual evapotranspiration (act) and the evapo-

ration from open water variable is referred to as evaporation

from open water (pev). The data obtained is in NetCDF

format, so an extraction process is needed to obtain the data

matrix. In this research potential evaporation data (et0) data

for the Indonesian region is calculated using ERA5 data, ex-

plained in previous research [17] has a spatial resolution of

0.25°×0.25° with units of m.w.e.

Potential evaporation, often considered as evapora-

tion from open water, can be calculated using the Penman-

Monteith model, requiring multiple indicators such as rain-

fall, radiation, temperature, vapor pressure, ground heat flux,

air density, altitude, and wind speed [16].

The et0 data has a spatial resolution of 0.25° so that res-

olution equalization with other data needs to be done before

analysis. In this study, the resolution of all data was made the

same so that the resolution of the et0 data had to be changed

to 0.1°. This process is called interpolation. The method

used for is nearest-neighbor interpolation. This interpola-

tion is available in MATLAB software using the ”interp1”

function. This method is used for several reasons, namely

a fast-computing process, sufficient calculations requiring

two data points and minimal memory usage. Comparison

of spatial graphs between before and after the downscaling

process using the nearest-neighbor interpolation method is

shown in Figure 1.

Figure 1. Spatial graph of et0 data before Interpolation (left) and

after downscaling (right).

From the analytical perspective, potential evapotran-

spiration could be calculated using Penman-Monteith model

which used in Food and Agricultural Organization (FAO)

guideline for uses in hydrological research. The model fol-

low equation bellow:
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PET =
∆ (R n − G ) + ρa C p

(
es −ea

r a

)
∆+ γ

(
1 + r s

r a

) , (1)

with: PET is potential evaporation, ∆ is the slope of the

saturated vapor pressure, Rn is net solar radiation, G is the

ground heat flux, ρa is the average air density under isobaric

conditions, Cp is the specific air heat, es − ea is the lack of

vapor pressure, γ is the pisometric constant, rs is the surface

resistance, ra is aerodynamic endurance
[23, 24] .

2.2. Singular Value Decomposition

EOF analysis is carried out to transform n original vari-

ables that are correlated with each other into k orthogonal

(uncorrelated) components [25]. Let The SVD of X with rank

(X) = r is so that we get:

X = A m ×m

(
D 0
0 0

)
mxn

B T
n × n , (2)

Matrix B is the EOF matrix or vector coefficients and

AΣ is the EOF score matrix or principal components. The

principal component score is written as zi = aiσi,  i =

1, 2, . . . , r. Furthermore, the variance of the ith principal

component, i = 1,2, …, r is:

µi =
σ2
i∑r

i=1 σ
2
i

(3)

with i = 1,2,…,r being the singular values of X. In its use,

k mode EOF 1 or the first principal component with k � r

explains the largest proportion of variance. EOF 2 mode is a

linear combination of all observed variables with orthogonal

properties to EOF1 mode and has the second largest variance

and so on. Therefore, the kth EOF mode has the kth max-

imum variance and is uncorrelated with the previous EOF

modes. EOF analysis is used to find m × n component score

matrices from m observation objects and n times [26].

2.3. Data Characteristic Analysis

Time series data is a series of observations based on

time sequence. A time series data can consist of one of four

main components, namely trend, cycle, seasonality and ir-

regularity. According to previous research [27], one way to

compare temporal plots is to use distancemeasurements. One

commonly used distance measurement method is Minkowski

Distance or L_p-norm. The Minkowski Distance value of

the two temporal data vectors is calculated using the formula

in equation below:

d (A ,B ) = p

√∑n

i=1
(Ai −Bi)

p
, (4)

with p: Order of Minkowski Distance. Furthermore, the

probability density function is a basic characteristic that de-

scribes the nature or behavior of a random variable [28]. This

function can be estimated using the non-parametric kernel

method from a random variable. According to [28], the ker-

nel density function estimation formula can be written as

follows:

f (xj) =
1

hn

∑n

i=1
K

(
xj −Xi

h

)
, (5)

with n is the sample size, h is the smoothing parameter (Band-

width), xj is the jth value to be estimated (j = 1,2,…,n), Xi

is the ith sample point (i = 1,2,3,…,n), K is a kernel function.

Real world data is known to have high variability of

data points. Therefore, distribution analysis is very important

in the modeling. This research uses quantile-quantile plot

and Jensen-Shannon Divergence to analyze the difference

between analyzed variables. QQ plot with two data shows

the difference in two or more distributions [29]. If the two

data have a similar distribution, the resulting QQ plot will

be close to linear. Meanwhile, Kullback-Leibler Divergence

(KL-Div) is a measure of the large amount of information

lost when using an approximation (estimation) [30]. Suppose

there are two distributions P and Q, the KL-Div value of Q

from P can be written as follows:

KL (P,Q) =

∫
P (x) · logP (x)

Q (x)
dx. (6)

KL-Div is an asymmetric measurement and does not

satisfy the triangle inequality [31]. Therefore, KL(P,Q) ≠

KL(Q,P) holds.

Jensen-Shannon Divergence (JS-Div) is a measure of

the size of the difference between two distributions. The

JS-Div calculation requires KL-Div to obtain a symmetric

normalized value so that the value JS(P,Q) = JS(Q,P). The

JS-Div value can be calculated in the following way [32]:

JS(P,Q) =
1

2

(
KL

(
P,

1

2
(P +Q)

)
+KL

(
Q,

1

2
(P +Q)

))
.

(7)
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2.4. Ridge Regression

Modeling in this research utilizing Ridge regression

which is the improvement method from commonly used

Ordinary Least Square (OLS). The improvement was devel-

oped caused by few assumption that restrict the uses of OLS,

which are: uncorrelated error, have normal distribution, and

not having multicollinearity among each independent vari-

ables. For the regular expression of regression of X β + ε,

Regression parameter of OLS [33] could be calculated using

equation below:

βOLS =
(

X T X
)−1 · X T Y. (8)

Ridge regression calculation is done by adding c bias

constant at diagonal matrix of X T X [34]. This method was

perform to eliminate the ill-condition caused by multicol-

inearity of each dependent variables. During ill-condition,

X T X matrix have form close to singular matrix so that result

in unstable estimated parameters [35].

In the ridge regression process, each variable is stan-

dardized before used in the estimation process. The estimated

value of the ridge parameter could be obtained using penal-

ized least square method [36], following equation below:

PLS =
∑n

i=1

(
Vi − β̂0 − β̂1Ui1 − · · · − β̂kUik

)2
+c

∑k

j=0

(
β̂j

)2
.

(9)

The c value in the equation is called ridge estimator

with value of c≥0 [37]. Value of c could be calculated using

equation below [38]:

c =
k · σ2

β OLS T βOLS  
(10)

with k is number of independent variables, σ2 =(
Y−Ŷ

)T(
Y−Ŷ

)
n−k−1 , while βOLS is regression parameter of Or-

dinary Least Square. Ridge regression parameter obtained

by minimizing Eq. x, thus obtained equation:

βR =
(

U T U + cI
)−1 · U T V (11)

with I is identity matrix that have order of k.

when c = 0, the ridge parameter is same with OLS parameter.

When c > 0, ridge parameter become bias while maintain

stability compared to regular regression [39]. To compare the

modeling result, this research uses determination coefficient.

The determination value could be calculated using equation

below [37]:

R2 = 1−
∑n

i=1 (ŷi − yi)
2

∑n
i=1 (ŷi − yi)

2
+
∑n

i=1

(
ŷi−

−
y

)2 (12)

with ŷ is the estimated regression value and
−
y is the average

value of y.

3. Results

3.1. Analysis of Characteristics of Original

Data and Data Related to Forest and Land

Fires

Data characteristics analysis aims to determine the char-

acteristics of the data being used. The characteristics of the

data obtained include descriptive statistics (mean, median,

standard deviation) and data distribution. Based on Table 1,

the mean, median and standard deviation values of the act

variable are closer to the et0 variable than the pev variable

for both types of data.

Distribution analysis is an analysis carried out to see

the differences in the distribution of two or more data. The

distribution of the three original data and data related to for-

est and land fires is expressed using a kernel density function

graph. The graph was created using the “ksdensity” function

in MATLAB software.

Based on the distribution plot in Figure 2, the et0 and

act variables in the original data have a more similar dis-

tribution compared to the pev variable. However, based on

data related to forest and land fires, the distribution of the

three variables has a similar pattern. This must be further

confirmed through several approaches, including QQ plot

and Jensen-Shannon Divergence. QQ plot is carried out to

identify the similarity of two distributions. If the QQ plot is

linear, the two distributions are considered the same.

Figure 2. Kernel Probability Density Function Graph from original

data (left) and data related to forest and land fires (right).

Based on Figures 3 and 4, the variables et0 and act
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Table 1. Descriptive statistics for three variables.

Data Variable Mean Median Standard Deviation

Original Data

act −0.0038 −0.0039 0.6408·10−3

pev −0.0002 −0.0002 0.2329·10−3

et0 −0.0046 −0.0046 0.7134·10−3

Data Related to Forest and Land Fires

act −0.0011 −0.2424·10−3 0.0018

pev −0.0001 −0.0149·10−3 0.0002

et0 −0.0013 −0.2923·10−3 0.0021

have the most similar distribution (more linear) in the origi-

nal data and data related to forest and land fires. In contrast

to visual observations, the results of the QQ plot show that

the distribution of variables related to forest and land fires

for the pev variable is different from the other two variables.

The magnitude of the difference between the three variable

distributions is obtained through the Jensen-Shannon Diver-

gence (JSdiv) value. In general, this method measures the

size of the difference between two probability distribution

curves. The JSdiv calculation results for the three variables

for each type of data are presented in Tables 2 and 3.

Figure 3. QQ plot between variables on the original data (left) et0

and act; (middle) pev and act; (right) pev and et0.

Figure 4. QQ plot between variables in data related to forest and

land fires (left) et0 and act; (middle) pev and act; (right) pev and

et0.

Based on Tables 2 and 3, the large differences in distri-

bution shown by the JS-Div values for the original data and

data related to forest and land fires both show that the act

distribution is more similar to the et0 distribution compared

to the pev distribution. This is in accordance with the QQ

plot results in Figures 3 and 4. From the three approaches

carried out on both types of data, it was found that the distri-

bution of the pev variable was different from the distribution

of the other two variables.

Table 2. JS-Div values original data distribution.

Variable pev et0 act

pev 0 0.6726 0.6621

et0 0 0.1323

act 0

Table 3. JS-Div value distribution of data related to forest and land

fires.

Variable pev et0 act

pev 0 0.6726 0.6621

et0 0 0.1323

act 0

3.2. Spatial and Temporal Analysis of Original

Data and Forest and Forestry Related Data

This analysis is carried out by comparing the spatial

patterns of the two types of data. In this analysis, the data

is converted into a cumulative distribution function (CDF)

for each data element. This process is carried out using the

“ecdf” function in MATLAB software. The three CDF data

vectors have a similar data range, namely from 0 to 1. Then

this range is divided into three intervals of the same length,

as described in Table 4. Based on the criteria in Table 4,

the location points of the pev and et0 variables which have

similar criteria to the act variable are displayed on the spatial

graph and the number of location points is counted. The spa-
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tial graph and the number of point locations can be seen in

Figure 5. The black dot in Figure 5 shows the location of the

act variable whose criteria are the same as the et0 variable

or variables. The number of black dots in Figure 5 shows

that the number of location points that have the same criteria

between the act variable and the et0 variable is greater than

the pev variable. Relative to the total number of location

points, the percentage of similarity of the spatial pattern of

the et0 and pev variables with the act variable is presented

in Table 5.

Table 4. CDF data criteria.

Interval cdf (x) Interpretation

0 ≤ x ≤ 0.33 Low

0.33 < x < 0.6 Medium

0.66 ≤ x ≤ 1 High

Figure 5. Location points with the same criteria for the pev variable

and et0 variable as the act variable in the original data and data

related to forest and land fires.

Based on Table 5, the et0 variable produces more lo-

cation points, namely 86.58% of all spatial points in the

original data. This percentage is 20.69% higher than the lo-

cation points produced by the pev variable. However, in data

related to forest and land fires, the percentage of location

points produced by the et0 variable and the pev variable are

not much different, namely 100% and 99.98% respectively.

These results indicate that in data related to forest and land

fires, the spatial criteria for the three variables are similar.

The spatial analysis carried out above shows that the

process of taking factors related to forest and land fires has

an impact on the similarity of the spatial criteria for the ele-

ments of the three variables. The use of the CDF approach

to the data and the division of criteria carried out above can

only indicate uniformity of values in the interval for each

variable. Therefore, other analyzes need to be carried out to

see the behavior of the data from a different perspective.

Note that the evaporation rate is also influenced by

temperature, solar radiation and rainfall, while the observed

areas in Indonesia have varying temperatures, radiation and

rainfall. Therefore, a temporal analysis using a data mode

approach to see the evaporation level of most of all regions

in Indonesia for each month was carried out.

There are differences between the temporal graph of

the original data and data related to forest and land fires

(Figure 6). In the original data, the patterns of the three

variables do not show similarities. This is different from the

temporal graph of data related to forest and land fires. The

three variables appear to have similar temporal patterns. The

differences in the temporal patterns of the three variables

above are carried out using several approaches, namely differ-

ence graphs and using metric distance calculations, namely

Minkowski Distance.

Figure 6. Monthly temporal (timeseries) graph of the combined

mode of the three variables for original data (top) and data related

to forest and land fires (bottom).

Based on Table 6, the value of the difference between

the et0 variable and the act variable is closer to zero than

the difference between the pev variable and the act variable.

This shows that for both types of data, the et0 variable and

the act variable have higher temporal graph similarity. How-

ever, in data related to forest and land fires, there is a change

in the distance between variables in the original data and

data related to forest and land fires. The distance between

variables in data related to forest and land fires is smaller

than in the original data.

The temporal analysis carried out above shows that

the process of taking factors related to forest and land fires

has an impact on increasing the similarity of the temporal
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Table 5. Number of points and percentage of locations for the et0 variable and the pev variable which have the same criteria as the act

variable.

Variable
Original Data Data Related to Fires Event

Black Dot Total of Dot Percentage Black Dot Total of Dot Percentage

et0 15651 18076 86.58% 5978 5978 100%

pev 11910 65.89% 5977 99.98%

Table 6. Minkowski distance (p = 5) between variables from both types of data.

Original Data Data Related to Fires Event

pev et0 act pev et0 act

pev 0 0.0155 0.0118 0 0.0078 0.0096

et0 0 0.0046 0 0.0028

act 0 0

patterns of the three variables. The improvements that oc-

cur include smaller distances between temporal graphs and

similar temporal patterns. Although, the temporal graph of

the et0 variable is still closer to the act variable than the pev

variable.

3.3. Regression Analysis

Ridge regression analysis was carried out to compare

the performance of the pev and et0 variables in modeling for-

est fires. The forest fire indicator used is hotspots. Similar to

the analysis carried out previously, ridge regression analysis

was carried out on both types of data. This analysis also uses

two types of observation locations, namely the location of

Indonesia as a whole and the location of the cutting results.

The locations of the cuts are shown in Figure 7. The four

locations in Figure 7 were selected based on the high density

of hotspot points (red dots) from the filtered locations in

Figure 6. The location of Indonesia is hereinafter referred

to as location 5.

Figure 7. 4 focused locations.

Regression estimation is carried out with the help of

the “ridge” function in MATLAB. Comparison of the perfor-

mance of each variable in modeling forest fires was carried

out by comparing the coefficient of determination of each

regression. The coefficient of determination values obtained

are presented in Table 7. The table shows the performance

of the variables act, pev, and et0 from each location to model

each type of data, denoted by actij , et0ij , pevijwith index

i = 1,2 respectively being the data index original and data

related to forest and land fires and index j = 1,2,3,4,5 is the

index for the five locations.

Table 7. Coefficient of determination value (R2).

Variabel R2 Variable R2

act11 0.8738 act21 0.8929

et011 0.8697 et021 0.8929

pev11 0.8750 et021 0.8930

act12 0.7548 act22 0.7798

et012 0.7343 et022 0.7804

pev12 0.7523 pev22 0.7796

act13 0.8358 act23 0.8176

et013 0.8426 et023 0.8158

pev13 0.8418 pev23 0.8186

act14 0.8793 act24 0.9465

et014 0.3928 et024 0.9464

pev14 0.8794 pev24 0.9465

act155 0.6993 act25 0.7628

et015 0.7061 et025 0.7643

pev15 0.6979 pev25 0.7643

Based on Table 7, the coefficient of determination ob-

tained by the majority is above 0.7 (or 70%). This shows that

the three variables in each type of data in most locations can

model forest fires well. Table 7 shows that the pev variable

performs better than the et0 variable in six out of ten cases.
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The performance of the et0 variable is above the pev variable

at location 3 for the original data, location 2 for data related

to forest and land fires and total location for the original data.

On the other hand, the performance of these two variables

is the same for total locations for data related to forest and

land fires. Performance of the act variable is more similar to

the pev and et0 variables in four cases and five cases. This

means that in general the et0 variable has performance that

is slightly more similar to the act variable. However, the pev

variable also shows similar performance to the act variable

in several cases.

Next, the effect of using the SVD-based EOF method

is analyzed. Performance comparison analysis was carried

out on original data and data related to forest and land fires.

A comparison of the performance of the three variables on

different types of data is presented in Figure 8. The three

variables experienced improved performance on data related

to forest and land fires compared to the original data in all

cases except Location 3 (Figure 8). The performance of

the three variables in the cut Location data is better than the

Location 5 data.

Figure 8. Comparison graph of the coefficient of determination

values for the three variables in the two types of data, original (blue)

and related to fires event (orange).

3.4. Hotspot Estimation Analysis

Ridge regression analysis shows that overall the pev

variable has better performance than the et0 variable in mod-

eling hotspot occurence. Based on the similarity of perfor-

mance with the act variable, the et0 variable slightly out-

performs the pev variable. In addition, the performance of

variables in the original data is worse than the performance of

variables in data related to forest and land fires. Furthermore,

the cut areas have higher performance than the Indonesian

region. The last section of analysis is to investigate robust-

ness of each variable toward all Indonesian regions in single

relation. Thus, the analysis is conducted only toward filtered

data that related to forest fire event obtained in the previous

SVD analysis. Investigation is performed toward 2 analy-

sis, which is joint distribution and ridge regression analysis

by separating several years as testing data (20%) and rest

as training data (80%) to build the ridge regression model.

When the data is predicted, the data is removed from the

training. For example, the 2001–2004 data is predict using

ridge regression model that built using 2005–2020 data. This

approached is used to avoid self-predicted value from the

training data. The error value is shown to get an insight of

how the result spread toward the modelling.

Figure 9 shows the possibility of severe dry condition

(represented by each variable) occurred together with hotspot

occurrence. The blue area represented low probability while

yellow area represents high probability. As expected, act and

et0 gives similar result due to similar character of distribution

obtained in the previous analysis. While both variables could

give high correlation in low-left area (low number of hotspot

during wet condition) and high-right area (high number of

hotspot during severe dry condition), the difference of both

variables is insignificant and barely noticeable.

Figure 9. Comparison graph of the joint distribution between each

variable against hotspots (hs).

Using symmetric copula family, both variables is best

fitted using frank copula with Log Likelihood value of

7.9357e+03 and 9.1241e+03 for act and et0 respectively.

However, best fitted of et0 is obtained when using frankhac

copula which is asymmetric modification of frank copula.

The frankhac modifier gives et0 slightly higher correlation on

high-right area than low-left area, indicating potential higher

performance when estimating high fire event. Meanwhile,

pev gives significant different by increasing the probability

of area around the 0.4 – 0.6 cdf which result of higher correla-

tion of hotspot occurrence during normal drought condition.

This result is very essential in term of modelling to

not only anticipate the extreme scale of fires event (such as

happened in 2015, 2019), but also medium scale fires event
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that occurrent more often. Result in Figure 9 shows the key

difference between evaporation (pev) and evapotranspiration

(act and et0) is on the diagonal of the distribution which has

higher correlation across the positive diagonal (Figure 9).

This result support analysis in Table 7 where even though

pev didn’t have higher R2 value, pev is more consistent per-

formance across 5 focused regions. However, this result does

not mean that pev is the most accurate variables in terms of

estimating hotspot occurrence.

Figure 10 shows the performance of each variable

when estimating total monthly hotspot of 4 consecutive years.

In this analysis, all variables could perform similarly in rea-

sonable performance except when predict 2005–2008 data

and 2017–2020 data. Only et0 could give good result when

predict 2017–2020 fires event where other variables very

overestimated the condition resulting low amount of accu-

racy. The result is supported by performance matrix in Ta-

ble 8 which highlight the important of et0 in the modeling of

fires event, especially in extreme condition. While pev and

act gives relatively similar value of R2 for each testing year

with less than 0.05 R2 value of difference. The largest gap

is obtained when estimating 2017–2020, while the smallest

gap is presence in estimating 2013–2016 data. Meanwhile,

et0 outperform both variables by consistently giving higher

R2 value and smaller MSE. Moreover, et0 gives best result

when estimating 2017–2020 while pev and act gives the

worst result.

Figure 10. Ridge Regression performance comparison between

each data, modelling each respective year as well as error value

comparison.

Overall, et0 perform best in the hotspot estimation anal-

ysis supported with low spread of error value indicating lower

uncertainty of events when estimating using et0 variables.

Performance between pev and act is very similar in accuracy

result in almost identical estimation. However, the spread

of error value is slightly lower in pev, indicating that it has

lower uncertainty.

4. Discussion

Evapotranspiration and evaporation are two of the com-

mon indicators, determining drought condition with precip-

itation data. Evapotranspiration (ET) plays a crucial role

in connecting ecosystem functioning, carbon and climate

feedback, agricultural management, and water resources. It

also emphasizes important scientific and practical questions,

along with necessary actions particularly from a space-based

viewpoint to further our understanding [40]. However, it is

difficult to get observation data ET over a large scale and for

a long time. Thus, many models were developed over the

past few decades to estimate the actual value and their usabil-

ity in scientific research.  Multiple ET datasets exist, each

with associated uncertainties stemming from diverse assump-

tions related to their algorithms, parameters, and input data.

Furthermore, some researcher also trying to synthesis those

many different datasets to obtained better estimation [41, 42].

Meanwhile, Pan evaporation, observed globally as a routine

practice, serves as an excellent indicator of how terrestrial

evaporation responds to global warming [43]. Because of

different measurement method and physical indicators that

influenced it, pan evaporation, as well as reference and actual

evapotranspiration have different characteristic and trend [44].

Thus, usability for each of them is quite different in the re-

search and application.

Analysis in this research provide multiple characteris-

tics of the 3 variables and their performance when represent-

ing drought condition, especially in related to forest fire event

(indicated with hotspot occurrence). As expected, the value

of reference evapotranspiration (calculated using Penman-

Monted procedure) significantly similar to the actual evap-

otranspiration (calculated using ERA5-LAND Guideline).

Unfortunately, the similarity is decreases when analyzed

only in condition related to hotspot occurrence showing the

complexity of the fires event in Indonesia.

While evapotranspiration itself is used in most of the

popular fire danger index, evapotranspiration itself has com-

plex relation especially in respond of climate change [45].

Most of the climate models show increasing reference evap-

otranspiration because of increased air temperature [46]. Vari-
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Table 8. Coefficient of DETERMINATION (R2) and Mean Square Error (MSE) of the Regression.

Testing Year R2 pev MSE pev R2 act MSE act R2 et0 MSE et0

2001–2004 0.6784 1.1063e+ 07 0.6659 1.1492e+ 07 0.6838 1.0875e+ 07
2005–2008 0.6378 1.2026e+ 07 0.6460 1.1752e+ 07 0.6491 1.1648e+ 07
2009–2012 0.7054 7.1683e+ 06 0.7121 7.0311e+ 06 0.7122 7.0278e+ 06
2013–2016 0.7058 2.1186e+ 07 0.7041 2.1312e+ 07 0.7099 2.0891e+ 07
2017–2020 0.5591 1.0429e+ 07 0.5920 9.6064e+ 06 0.8172 4.3043e+ 06

ations in evapotranspiration impact water availability and

ecosystem health. During droughts, increased evaporative

demand boosts evapotranspiration, but the reduced moisture

supply limits it, making it difficult to predict even the di-

rection of evapotranspiration anomalies [47]. Popular fire

weather index such as Canadian Fire Weather Index [48],

McArthur Fores Fire Danger Index [49], and Keetch-Byram

drought index [50] are product of several key drought indi-

cators, which is relative humidity, temperature, wind speed,

and precipitation. Except precipitation, those indicators are

calculated in the reference evapotranspiration (calculated

using Penman-Monted equation). This is key reason that

allows reference evapotranspiration has consistently higher

performance in the hotspot prediction analysis [51].

In the ERA5-LAND Guideline, the open water evapo-

ration also called pan evaporation which often considered as

potential evaporation substitute indicators [52, 53]. However,

evaporation from open water could not be used to repre-

sent reference or actual evapotranspiration (shown by the

analysis). This result is in line with previous research in-

vestigating various evapotranspiration method over main-

land China data [54], even though both pan evaporation and

potential evapotranspiration in the analysed area represent

the combined effects of radiation, wind, temperature, and

humidity on evaporation, and display strong correlations

between them. The performance of it is similar with total

evapotranspiration from ERA5 Land (considered as actual

evapotranspiration).

Supported with consistent high result in region analy-

sis, open water evaporation (pan evaporation) could be good

as alternative instead of using reference evapotranspiration

to predict already known phenomena, especially for spatial

analysis in local region with similar character of drought-

fires event. The bad performance in the analysis is caused by

high number of hotspot occurrence happened in 2006 [55] and

2019 [56] caused by extreme positive IOD which rarely affect

Indonesian forest fire. In this case, potential evapotranspira-

tion has relatively higher performance in terms of estimation

shown by Table 8 even though the performance still differs

depend on the region (Figure 8). However, this result is

mainly affected by Ridge regression behavior in the estima-

tion. Ridge regression did not drop independent variable that

has low coefficient value to minimize the number of features

in the regression [57]. While it could become heavier to exe-

cute and harder to interpret the result, it allows the models

has contribution surrounding area/lower correlation point

in the occurrence of fire event. Thus, further analysis with

multiple different regression method with various behavior

needs to be done to get other insight in the performance with

different assumption.

Main highlight of the open water evaporation is the

ability to have higher correlation with hotspot occurrence

in Indonesia, during the medium scale of fires event in In-

donesia which shown by the joint distribution analysis. Pan

evaporation gives more consistent performance when used to

analyses fire event in regions that has multiple characteristics

of forest fire. This behavior is very important since there

are multiple characteristic of fires event and need to be han-

dled separately to obtained optimal result of analysis [58–60].

Moreover, it could give lower uncertainty during the error

value analysis compared to actual evapotranspiration (from

ERA5-Land). While the performance is comparable to ac-

tual evapotranspiration, it has lower ability of estimating

extreme fires event that never happened. In this regard, ref-

erence evapotranspiration is more useful especially since it

has higher correlation during high probability of fires event

and drought condition. However, analysis in this research

is very surface level experiment that needs to be explore

further to get better understanding of the indicator charac-

teristics. Additionally, considering there are different trend

in each type of evapotranspiration [61–63], in depth analysis

regarding uncertainty of different type evapotranspiration

when predict/project future fires event needs to be explored

to anticipate more severe drought condition and higher fires
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risk in the future [64, 65]. Moreover, further improvement of

the research could be done by analyzing how each variable

behaves in different drought/fire danger index such as stan-

dardized precipitation evapotranspiration index, fire weather

index, and fire danger index, as well as integrating the im-

pact of bigger climate phenomena such as El Nino Southern

Oscillation and Indian Ocean Dipole.

5. Conclusions

Theoretically, the evaporation from open water variable

has fewer calculation indicators than the actual (calculated

following ERA5 guideline) and reference evapotranspira-

tion (calculated using Penman-Monted model). Descriptive

statistics for the open water evaporation are different from

both actual and the reference evapotranspiration. The distri-

bution of the actual is more similar to the reference variable,

especially in original data. However, all three variables show

similar distribution when filtered only for data related to fires

event. Thus, the three variables show similar temporal pat-

terns in data related to forest and land fires. The distance

between temporal actual data is closer to the reference evap-

otranspiration.

Based on the cumulative distribution function (CDF)

value of each indicator, the spatial patterns of the three indica-

tors have a high level of similarity to data related to forest and

land fires. The use of the SVD-based EOF method increases

the similarity of the temporal and spatial patterns of the three

variables and effectively improves the performance of the

three variables in modeling forest fires. Cutting the total

Location to four Locations had a good impact in improving

the performance of the three variables.

The performance of the open water evaporation in mod-

eling forest fires is better than the reference evapotranspi-

ration variable in regions with multiple characteristics of

fires event. This result indicates the potential uses of open

water evaporation when modeling general characteristic of

the fires event that can used robustly across different region.

However, in modeling extreme event, reference evapotran-

spiration is superior compared to other analyzed variables,

especially in event that never happened in the training data.

This result indicates higher ability of reference evapotran-

spiration to uses in analyzing and modeling future impact

of climate changes that potentially increases fires risk in

Indonesia.
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