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Abstract

Differentiating areas of insect damage in forests from areas of healthy vegetation and predict-
ing the future spread of damage increase are an important part of forest health monitoring.
Thanks to the wide coverage and temporal observation advantage of remote sensing data,
predicting the future direction of insect damage spread can enable accurate and uninter-
rupted management and operational control to minimize damage. However, due to the large
amount of remotely sensed data, it is difficult to process the data and to identify damage dis-
tinctions. Therefore, this paper proposes a spatio-temporal Autoregressive Integrated Moving-
Average (ARIMA) prediction model based on the Machine Learning technique for processing
big data by monitoring oak lace bug (Corythucha arcuata (Heteroptera: Tingidae)) damage
with remote sensing data. The advantage of this model is the automatic selection of optimal
parameters to provide better forecasting with univariate time series. Thus, multiple spatio-
temporal warning levels are distinguished according to the damage growth trend in the series,
and the network is constructed with improved time series to better predict future insect dam-
age spread. In the proposed model, the historical Red (R) — Green (G) — Blue (B) bands of the
Sentinel-2 (GSD 10 m) satellite were tested as a dataset for the oak lace bug damage in the oak
forest situated in the campus of Diizce University, Turkey. The dataset, which contained 38
images for each of the RGB bands, was modeled using the open source R programming lan-
guage for the peak damage period in 2021. As a result of the test, significant correlations were
found between the synthetic and true images (True and synthetic band 2: r=0.960, p<0.001;
True and synthetic band 3: 1=0.945, p<0.001; True and synthetic band 4: r=0.962, p<0.001).
Then, the 48-month time series bands were modeled, and the band estimates were made to
predict the August 2023 spread. Finally, a synthetic composite image was created for future
prediction using the predicted bands. The tests showed that the model had a good performance
in insect damage monitoring. With open access Sentinel-2 images, the proposed model achieved
the highest prediction accuracy with a rate of 96%, and had a small prediction error.

Keywords: remote sensing, insect damage, machine learning, ARIMA model

1. Introduction

Remote sensing data have been used in forest
health monitoring programmes to plot forests that are
stress exposed for various reasons (Nicholas et al.
2006). In recent years, a growing number of studies
have been conducted on advantages of using high
resolution remote sensing data for the detection and
monitoring of insect damage areas. Remote sensing
data have been used in forest health monitoring pro-
grams to identify forests stressed by various causes
(Nicholas et al. 2006). In recent years, there has been a
growing body of work demonstrating the advantages
of using high-resolution remote sensing data to detect

and monitor areas of insect damage. High-resolution
IKONOS (Wang et al. 2016) and WorldView-2
(Immitzer and Markus 2014, Lottering et al. 2020) sat-
ellite imagery has been used to reduce the workload
of teams engaged in the detection of insect damage
areas in field studies to determine forest health state.
Satellite images have been processed and analyzed
with statistical methods such as texture analysis (Gray
Level Occurrence Matrix — GLCM), Getis Statistics,
Random Forest (RF) classification, and ANOVA tests
to determine the risk of future infestation (Wang et al.
2016, Immitzer and Markus 2014, Lottering et al. 2020).
These studies show that insect damage detection is
possible using satellite imagery. On the other hand, it
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is very important to determine the impact of insect
damage on host tree species and their distinctive char-
acteristics in a short time and at lower cost. Sentinel-2
satellite data is preferred over other open access satel-
lite data due to its free open access and good temporal
resolution. Generally, Sentinel-2 data have been used
in applications such as near real-time prosessing, for-
est monitoring, insect damage area detection and
spread monitoring. Sentinel 2 spectral bands have also
been used as multiple combined vegetation indices for
mapping insect damage and supporting the pest man-
agment strategies of forest and infestation control of
forest (Zhan et al. 2020, Gartner et al. 2016, Kumbula
et al. 2019). Insect damage studies have been conduct-
ed using single-date imagery (Gartner et al. 2016,
Kumbula et al. 2019), as well as time series studies
using multi-temporal imagery to monitor the spread
of pest (Hornero et al. 2020). Although insect damage
studies using single-data Sentinel-2 images have
shown promising results, multi-temporal Sentinel 2
images have generally outperformed those using sin-
gle data images (Zhan et al. 2020, Hornero et al. 2020).
Sentinel-2 temporal-imagery has been used to detect
colour change, i.e. phenological change, in vegetations
caused by insect damage (Rajeev et al. 2021). How-
ever, when using remote sensing data, it is crucial to
consider the damage patterns of insects in order to
separate insect damage from the phenological cycle of
vegetation. For example, while the invasive Bark Bee-
tles damage the vegetation by yellowing, wilting,
browning of the leaves and finally the death of the
branches (Christiansen et al. 1987), some insect pests
silky webs on the leaves and eat the parenchyma up
to the upper epidermis, leaving only the main veins
(Masaki and Umeya 1977).On the other hand, pests
such as Oak lace bug (Corythucha arcuata, Say 1832 —
Heteroptera: Tingidae) complete their lifecycle on the
same vegetation and can be very destructive (Neal and
Schaefer 2000). Oak lace bug is a pest that causes veg-
etation loss and potential risk to the health, productiv-
ity and stability of natural oak forests (Aniko et al.
2021). The lace bug feeds on the undersides of leaves
by piercing the leaf epidermis and sucking the sap,
and the empty cells give the leaves a bronze or silvery
appearance (Wappler 2003). In this sense, the ability of
the remote sensing system to monitor gradual chang-
es in spectral reflection over forest canopy is essential
for the detection, monitoring and management of oak
lace bug damage (Gasparovic et al. 2022). In this type
of damage process, it is possible to monitor and mod-
el the annual change in damage by processing multi-
temporal remote sensing images (Trubin 2022) and the
analysis of the change in these areas can be carried out
using a dense Sentinel-2 dataset (Barta et al. 2021). Due
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to the large size of the Sentinel-2 multi-temporal data-
set subject to analysis, it is difficult to process and
analyze the data and predict future spread direction
of the insect damage. Therefore, machine learning
techniques such as multi-temporal regression-based
are used for processing large data sets (Fernandez-
Carrillo et al. 2020, Barta et al. 2021, Hashim et al.
2021). In the literature, there have been many studies
on insect damage detection with machine learning
techniques using remote sensing data. Bhattarai et al.
(2021) used CART, RF and SVM methods on Gaofen-2
(GF2) images to identify tree mortality affected by the
red turpentine beetle (RTB) (Dendroctonus valens
LeConte) pest. They obtained the highest accuracy of
77.7% with SVM. Fernandez-Carrillo et al. (2020) ex-
tracted the distribution of trees with spruce budworm
(Choristoneura fumiferana) from Sentinel-1,2 satellite
data by random forest method using spectral plant
indices. Hashim et al. (2021) proposed a multi-tempo-
ral regression-based change detection method for
mapping areas affected by bark beetle at different se-
verity levels. Sentinel-2 images were used in the study.
Normalized difference vegetation index (NDVI) and
modified soil-adjusted vegetation index (MSAVI) were
used as additional data sources, and RF method was
used to segment the damaged areas. Harati et al.
(2020), applied Multilayer Perceptron and RF methods
to ALOS PALSAR-2 radar images to investigate the
effects of Ganoderma boninense, which causes basal root
rot disease in palm plants, and obtained a segmenta-
tion accuracy of 92.70% and 95.65%, respectively. Huo
et al. (2021) applied generalized linear regression
(GLM) and RF algorithms using aerial photographs
and LANDGSAT satellite imagery to simulate the spa-
tio-temporal dynamics of mountain pine beetle (MPB)
infestation in lodgepole pine forests in British
Columbia (BC), CANADA. Barta et al. (2021) used
Sentinel-2 bands for early detection of bark beetle in-
festation in Norway spruce monoculture forests in the
Czech Republic. The potential of using selected veg-
etation indexes based on seasonal trajectories of dam-
age and vegetation was investigated. The RF algorithm
was used to classify healthy (i.e., uninfested stands)
and different degrees of damaged trees, and the algo-
rithm was applied to the time series of Sentinel-2 ob-
servations since 2019 for early detection of damage to
trees based on the assessment of seasonal changes. In
another study, hyperspectral remote sensing tech-
niques were used to detect changes in the biochemical-
biophysical vegetation characteristics of spruce vege-
tation, analyzing the hypothesis that it was already
prone to damage due to factors such as climate change
before the invasion. Thus, a trend towards detectabil-
ity and differentiation with spectral indicators and

352

Croat. j. for. eng. 45(2024)2



Machine Learning-Based Prediction of Insect Damage Spread Using Auto-ARIMA... (351-364)

index derivatives for early warning was identified
(Lausch et al. 2013). Olsson et al. (2012) emphasized
the importance of developing methods that enable ef-
fective monitoring of insect attacks in forested areas,
noting that if defoliation or discoloration is severe
enough, some sensors in satellite data will also facili-
tate the monitoring of migration patterns of invasive
insects, as they provide time series that enable moni-
toring of insect attacks. In their study, they used SPOT
and MODIS data to map the damage caused by
Physokermes inopinatus in Norway spruce (Picea abies)
and black crusting caused by Physokermes inopinatus
during an attack in Scania in southernmost Sweden in
2010. With SPOT data, the area of damage was de-
tected with an estimate of 78%, and with MODIS with
250 m resolution, a 16-day composite NDVIindex was
produced, showing that larger areas of damage could
be detected. This study also emphasized the potential
of remote sensing studies for early detection and mon-
itoring of invasive insect damage. In addition to early
detection and traditional artificial intelligence algo-
rithms, the use of deep learning methods and innova-
tive convolutional architectures has recently started to
be used, albeit rarely, in mapping insect damage areas
(Sylvain et al. 2019). For example, Zhao et al. (2019)
used the VGG16 convolutional neural network (ESA)
to map dead forest cover on aerial photographs in
Canada. In addition, deep learning-based approaches
with UAVs have also started to be used in the identi-
fication of damaged forests and trees. Deng et al.
(2020), used ResNet101 and VGG16 architectures from
UAV and artificial intelligence technology to identify
nematode diseases that cause great economic losses in
pine forests due to their destructiveness and rapid
spread. Hu et al. (2020) proposed a deep learning-
based method for dynamic monitoring and control of
diseased pine trees from UAV images. Alexnet, VGG
and Inception_v3 networks were used in the study.
The recall value obtained in the study is 0.957.
Kerkech et al. (2020) used two SegNet models for seg-
mentation in UAV images to map diseased areas in
vineyards and thus ensure healthy vine protection,
which is very important for yield management. Thus,
they proposed a method for mold disease detection.
The method is based on the combination of visible and
infrared images obtained from two different sensors.
The proposed method achieved 92% accuracy for vine
and 87% accuracy for leaf. Roosjen et al. (2020) con-
ducted a study on monitoring insect traps by using
computerized image processing methods and deep
learning methods with the images obtained by UAV
in the detection of the invasive Drosophila suzukii dam-
age originating from South East Asia. ResNet-18 archi-
tecture was used in their study. Qin et al. (2021) used
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SCANet convolutional neural network from multi-
spectral UAV images for early diagnosis of pine nem-
atode disease, achieving an overall accuracy of 79%,
with sensitivity and recall values of 0.86 and 0.91. The
management of insect-damaged forest areas largely
relies on forecasting models, and the ARIMA time se-
ries forecasting model is designed to model social,
natural, ecological, financial phenomena (Malik and
Umar 2021). This model is used to predict future val-
ues based on values observed in the past (Box et al.
1991). In this study, since oak lace bug damage is an
ecological phenomenon that changes periodically and
steadily over time, time series analysis and near future
forecasting were analyzed by Automatic-ARIMA
model in R studio software, using a dense series of
Sentinel-2 data.

2. Materials and Methods

In this section, data sources, time series analysis
model, and the model building processes are dis-
cussed in detail. Performance measures and selection
criteria of the non-seasonal ARIMA model will be dis-
cussed together with their mathematical formulation,
application to time series analysis and forecasting of
syntetic composite image.

2.1 Problem Definition and Study Area

Oak lace bug was detected in oak species such as
Quercus petraea, Quercus robur, Quercus pubescens as a
result of surveys covering a total of 865 square kilome-
ters in Tiirkiye-Diizce between 2002 and 2006 (Mutun
etal. 2009). Lace bug is an invasive species that causes
serious damage to oak species (Neal et al. 2000). There-
fore, in order to estimate the future lace bug distribu-
tion, fieldwork was carried out in the oak forest of
Diizce University Campus in July—August 2021. Dur-
ing field work in July and August 2021, intensive Lace
bug damage was observed, and it was found that lace
bugs settled on the undersides of the leaves caused
serious yellowing and discoloration in the forest. The
oak forest covers a total area of 77.30 hectares. The
coordinates of the Diizce University Campus oak for-
est is (40°54'44.14"N, 31°10'12.87"E), (40°54'25.13"N,
31°1121.07"E) and selected as the study area (Fig. 1) in
order to detect the color change in vegetation with re-
mote sensing data and to forecast its spread.

2.2 Model Input Data

Sentinel-2 data for the Oak forest of Duzce
Universty, covering the period June 2018 to June 2022,
were retrieved from the Copernicus portal of the
European Space Agency (Copernicus 2022). For

Croat. j. for. eng. 45(2024)2

353



E. Alkan and A. Aydin

Machine Learning-Based Prediction of Insect Damage Spread Using Auto-ARIMA... (351-364)

4531000

4530500

4530000

346000 346500

Fig. 1 Study Area

purposes of developing forecasting model, data for
the period June 2018 to July 2019 was first used, be-
cause of the absence of irregularity components in the
time series data as compared to following years, to
predict August-2019 (from no damage time series data
to predict no damage target month). In this period,
there was no lace bug damage in the oak forest and

347000 347500

this period was chosen to test in the ARIMA model.
Then data for the period June 2018 to July 2021 were
used as input in order to be sure if the model pre-
dicted correctly the month of intensive damage of
August 2021 (from damage + non damage time series
data to predict damage target month). Finally, by us-
ing data from June 2018 to May 2022, the spread of lace
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bug damage was forecasted for August 2023 (from
damage + non damage time series data to future
spread forecasting of Lace bug for target month). In
the developed model, a total of 14 time series data for
model validation, 38 time series data for testing the
model performance in the ability of detecting lace bug
and 48 time series data for forecasting the future
spread were used. Model series quantities are shown
in Fig. 2.

2.3 Model Methodology

The model methodology of this study consists of
the following steps:

= Data Pre-processing
Atmospheric correction (SNAP software)

Creating Sentinel-2 time series tables (ARCGIS
Software)

= Auto-ARIMA and Model Building

Calculating RGB prediction pixels using the Auto.
ARIMA Forecast Package in R (R Studio software)

= Model Validation

Calculating Pearson correlations between forecasted
pixels and true pixels

= Generating Synthetic Composite Images
(ARCGIS Software)
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Fig. 2 Model series quantities
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Creating true color composite images (TCI) and syn-
thetic composite images (SCI). (ARCGIS software)

The flowchart of the methodology is presented in
Fig. 3.

For this study, the Red (R), Green (G), Blue (B)
bands of Sentinel-2 multi-temporal imagery, which is
open access for 48 months between June 2018 and May
2022, were used. Atmospheric corrections of the bands
were performed. Band pixel values were converted
from raster-based to vector-based points using
ARCCIS software. The point pixel values obtained in
ARCGIS software were converted into time series ta-
bles with (.csv) file extension in Microsoft Office Excel
software. Auto. ARIMA Forecasting Package was used
in R studio software to make future damage forecast-
ing with time series tables in (.csv) format. Since Auto.
ARIMA Forecasting codes are adapted to »Univariate
time series tables« (input data = .csv format), Raster
operations were performed in ARCGIS software in-
stead of R package. The output prediction pixels were
tabulated, and the correlations between them and the
true pixel values were calculated. As a final step, raster
processing with the forecasted pixel values was per-
formed in ARCGIS software.

2.3.1 Data Pre-processing

In this section, Red (R), Green (G), Blue (B) bands
of open access Sentinel-2 multi-temporal imagery for
48-month between June 2018 and May 2022 were used.
Atmospheric Rayleigh Scattering Correction of Senti-
nel 2 Images is performed using ESA SNAP software.
True band (TB) pixel values were extracted from the
raster layer based on the vector point layer of RGB (B4,
B3, B4) bands by creating a fishnet with ARCGIS sam-
pling, and 14, 38, 48 month series tables were prepared
(Table 1).

The tables consist of a series of observations taken
in monthly series between 2018 and 2022. They were
used to forecast future pixel values based on pixel val-
ues observed in the past. Such datasets, where only
one variable is observed at a time, are referred to as
»Univariate Time Series« (Tichaona et al. 2020). Uni-
variate non-seasonal time series were used for damage
detection and future prediction of oak Lace bug, and
analyzed with Auto-ARIMA model using open source
R studio software.

2.3.2 Auto-ARIMA and Model Building

Once the data set is ready, the model building pro-
cess begins. First, 14 RGB pixel series were used to
validate the ARIMA model and test Sentinel-2 data.
The second set of 38 RGB pixel series was used to
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Fig. 3 General process and methodology of Auto-ARIMA model

evaluate the ability of the prediction set to predict lace
bug damage. Another data set of 48 RGB pixel series
was used to forecast future spread.

The pixel differences between consecutive series
are combined with autoregression and average pa-
rameters are moved to obtain a non-seasonal ARIMA
model with R studio. The number of autoregressive
terms (p), the number of non-seasonal differences re-

Table 1 Tabular view of R band of June 2018

quired for stationarity (d) and the number of lagged
forecast errors (g) in the estimation equation represent
the non-seasonal components of the model (Box et
al.1991). The model equation is represented by the
generalised Eq. 1.

yt=c+Oly't-1+.+0py't—p +

+0Olet —1+..0qet —q + et (1)

2018/Jun_B4 2018/Jul_B4 2018/Aug B4 2018/Sep_B4 2018/Jun_B4
3840 3730 3620 3370 4500
3536 3665 3794 3560 4496
2734 2796 2858 2540 4188
2374 2449 2524 2272 3932
2934 2577 2220 2276 3822
2076 1578 1080 1358 3122
1218 1018 818 972 2904
644 669 695 767 3008
512 587 662 729 3149
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In this basic ARIMA model, it is necessary to man-
ually provide the optimal p, d and g values. However,
the datasets prepared for this study were trained with
the » Auto. ARIMA « function of the R package, which
updates the parameters (p, d, ) during training to pro-
vide better insect pest spread prediction. R is an open
source language used worldwide. It has several ma-
chine learning packages and advanced implementa-
tions for the top machine learning algorithms — which
every data scientist must be familiar with, to explore,
model and prototype the given data. One of them is
the Auto. ARIMA function. Auto.ARIMA has the abil-
ity to decide whether or not the data used to train the
model needs a seasonal differencing. The function
performs a search over the possible models in the da-
taset (Hyndman and Khandakar 2008). It provides the
best model by trying to find the optimal values of p, d
and g with different combinations and final values
(Box et al. 1991). In Auto-ARIMA, the h-step is applied
for sample estimation of time series and only the pa-
rameter /1 is calculated manually. Each value of / rep-
resents the date range of the damage area to be esti-
mated. Thus, the RGB pixel value of each band in the
selected date range was estimated.

2.3.3 Model Validation

In the next step, Pearson Correlations were calcu-
lated to assess the similarity between the forecasted
band pixel values of B2, B3, B4 (FB) and the true band
pixel values of B2, B3, B4 (TB). The root mean square
error (RMSE) was used as a performance measure dur-
ing training.

The RMSE is represented by the generalised Eq. 2.

RMSE = \/Zizl(FOTeCased(i) —True (i))2

S @

2.3.4 Generating Synthetic Composite Images

The raster bands of the FB pixel values showing
high correlation with the TB pixel values were calcu-
lated in the ARCGIS software. Thus, RGB band data-
sets for each predicted date were calculated with the
Point to Raster tool and synthetic composite images
were created in ARCGIS software, and a comparison
was made between true color composite images (TCI)
and synthetic composite images (SCI).

3. Results

First, the results of the Auto-ARIMA prediction
models are presented, followed by SFI models of the
best estimate of future spread damage. The models
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consist of three different sets, one with 14 series and
the others with 38 and 48 series, respectively. The
number of inputs in the model was chosen according
to the objective of each model. First, for model valida-
tion, 14 series of inputs were used up to August 2019,
when there were no damages.

In the first model, RGB pixel values were forecast-
ed with Auto-ARIMA for August 2019 and the follow-
ing four months. That is, h-step =5 was chosen for the
prediction model. The FB pixel values were compared
with the TB pixel values and time series graphs were
created (Fig. 4).

The FB obtained by Auto-ARIMA prediction in
time series and their true observation data TB are com-
pared in the graph shown in Fig. 5. For the two data-
sets (FB and TB), random point cross-sections were
taken and their values were reflected (Fig. 5). The
Y-axis shows the random pixel point numbers and the
X-axis shows the pixel values corresponding to the
points. The similarity of the FB values to the TB values
in the series revealed that the points were forecasted
in good agreement. Then, RMSE was used as the final
performance metrics for selecting a suitable model for
Auto-ARIMA. Correlations between TB and FB were
calculated. The graph of the pixels in August 2019 re-
vealed a high correlation between the TB (B2, B3, B4)
pixels and the FB (B2, B3, B4) pixels (Fig. 5).

For 2019, the calculated correlations are r=0.9221 be-
tween TB pixel values and FB pixel values for B2,
r=0.8427 between B3 band true pixel values and fore-
casted pixel values, and r=0.8568 between B4 band true
pixel values and forecasted pixel values. This confirms
that TB and FB pixels should be dependent. In other
words, the TBs and FBs of 2019 showed high similarity
between each other. These results show that the Auto.
ARIMA prediction model can effectively forecast
Sentinel-2 TB pixel values in the 14-month time series.
Therefore, in order to compare the forecasted values
with the true composite image, synthetic (predicted)
raster bands (B2, B3, B4) were created from the fore-
casted pixel values. Then, these predicted synthetic ras-
ter bands were combined to create a Synthetic (Forecast)
Composite Image (SCI) for August 2019 (Fig. 6).

Itis concluded that the SCl is largely representative
of the true composite image. That is, the Auto. ARIMA
model predicted the study area close to the reality (Fig
6). In the second stage of the model, a 38-month uni-
variate time series data was used to determine the
known lace bug damage in August 2021. The dataset
was analyzed in R studio software to evaluate the pre-
diction performance of the model. The parameter h
was chosen as 1 for the model results. Pearson
Correlation Analysis was performed between the FB
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Fig. 4 To Compare Time Series Graphics for true color composite bands (black) and forecasted bands (gray)

pixel values and the TB pixel values. The test revealed
significant correlations between the FB and TB (rB2=0.960,
p<0.001; rB3= 0.945, p<0.001; rB4=0.962, p<0.001).

It is concluded that FB pixel value is largely repre-
sentative of the TB pixel value based on correlation
results. Then, a SCI was created using the forecast ras-
ter bands for August 2021. A comparison was made
between the TCI and SCI and image processing tech-
niques, such as histogram equalization, were used to
reveal the forecast damage area more clearly (Fig 7).

These results showed that the Synthetic (Forecast)
Composite Image (SCI) predicted by the Auto. ARIMA
model has effectively reflected the current lace bug
damage on the Sentinel-2 TCI for August 2021. It was
also concluded that the correlations between the FB
and TB pixel values of the 38-month time series mod-
el were higher than those of the 14-month time series
model. In the last model, the future propagation trend
of the damage area was estimated. To predict August
2023, a 48-month univariate time series data was used
and analyzed with Auto. ARIMA. The parameter 1 was
chosen as 12 for the model results. A SCI was created
by calculating raster bands with the FB pixel values
(Fig 8).

It was concluded that the SCI created for 2023 does
not represent the damage area as seen in 2021. Con-
sidering the pixel reflectance values, it was revealed
that the SCI in 2023 was more similar to 2018. Pearson
Correlation results are shown in Fig. 9.

As a result, this model predicts a decrease in lace
bug damage in the future.

4. Discussion

Remote sensing data are important resources that
provide solutions to managerial problems by moni-
toring earth resources. With this data monitoring,
insect damage, mapping and forecasting epidemic
models provide supplementary inputs for decision
support systems. ARIMA is a forecasting model with
successful performance in modeling ecological phe-
nomena (Slavia et al. 2019). There are many studies
on ecological phenomena such as land surface tem-
perature (LST), urban heat island (Kesavan et al.
2021), drought prediction (Amin et al. 2022), malaria
case prediction (Adeola et al. 2019), wheat yield pre-
diction (Deng et al. 2022) with the ARIMA model.
However, no studies can be found in the literature on
insect damage distribution by using this model. This
study used the Auto. ARIMA algorithm to model lace
bug damage, and the prediction results showed that
the lace bug damage would sharply decrease. In gen-
eral, the Auto. ARIMA model (without assigned val-
ues) shows more acceptable validation values than
the classical ARIMA model (with assigned parame-
ters p,q,d) (Choudhary et al. 2022). On the other hand,
the highest prediction value of 0.962 obtained with
the Auto.ARIMA model algorithm in this study
showed that this model can be used to predict insect
damage distributions. Moreover, Auto.ARIMA does
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not require extensive, long time series like tradition-
al deep learning-based models and does not restrict
model accuracy (Deng et al. 2022). In this study, among
the three datasets analyzed with Auto.ARIMA
using R studio software, prediction validation was
obtained in the short-term 14-month dataset (>90),
and it was concluded that the dataset constraint does
not negatively affect the model validation even in the
shortest-term time series. Although the non-season-
al Auto.ARIMA model was used due to temporal
data limitations during the period of lace bug dam-
age in the study area, the high model validation ob-
tained with this model after solving the insufficient
data problem showed that the Auto.ARIMA model
is suitable for future insect damage distribution pre-
diction studies. However, in view of the fact that in-
sect damage is a seasonal ecological phenomenon, it
is thought that it would be useful to use seasonal

Fig. 8 Forecast Composite Image 202308

ARIMA models with a temporally long-term damage
data set in future studies. In addition to the limited
number of studies on forecasting insect pest distribu-
tions, there are no many algorithm-based decision
support forecasting models. Zakariyyaa and Onisi-
mo (2013) used an algorithm-based multivariate par-
tial least squares (PLS) regression to estimate the
spread of insect pest infestation in forest plantations.
Although the highest model validation of 0.65 was
achieved, in our study a prediction validation of
(>0.96) for lace bug propagation was obtained using
the R studio software based Auto.ARIMA model.
These results suggest that Auto.ARIMA model can
provide high performance for other insect pest
spread studies. The use of open access remote sens-
ing data (Sentinel-2) and open source software for
predicting insect pest spread has provided advan-
tages in terms of cost and time. The ARIMA model
in this study achieved good model accuracy for lace
bug damage spread because the predicted model ac-
curacies for the year 2021 (B2=0.960, B3=0.945,
B4=0.962) were high and the synthetic composite im-
ages reflected the actual insect damage images. In
conclusion, in our opinion, in future studies, predict-
ing the direction of spread of other types of insect
damage in forests with Auto. ARIMA model will sup-
port forest health monitoring studies and manage-
ment planning related to insect damage.
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5. Conclusions

In this research, Sentinel 2 time series bands were
used as three different data inputs for validation, de-
tection of insect damage area and forecasting future
lace bug spread. Reflectance values were predicted by
ARIMA Model using machine learning (R package
program). Correlations were calculated by comparing
the band pixel values predicted as a result of ARIMA
model analysis with the actual bands. In the first
stage, correlations were calculated between True Band
pixel values and False Band pixel values (rB2=0.9221,

FB pixel values

rB3=0.8427, rB4=r=0.8568) for 14 time series analysis.
With this result, it was concluded that the forecast for
2019, when there was no damage, was highly repre-
sentative of the actual study area. In the second stage,
ARIMA model performed well in predicting insect
damage with the correlation results between 38 time
series actual and prediction bands (rB2=0.960;
rB3=0.945; rB4=0.962). It was also concluded that the
prediction accuracy of the ARIMA model increased
as the number of time series increased. The pixel val-
ues estimated as a result of 48 time series used in the
future propagation prediction were very close to the
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values in the years when there was no damage. They
were compared with the band pixel values of 2018
when there was no damage, and a correlation of
r=0.8930 was calculated. The results obtained indi-
cated that the future damage spread will decrease.
Synthetic composite images were created with the
three main results obtained. It was observed that the
synthetic images exactly represent the real-time im-
ages.

According to these conclusions, the performance
measures, PC and RMSE test show that the series
models analyzed by ARIMA perform good for short-
term forecasting of lace bug damage in oak forest. The
ARIMA model building time series used 14, 38 and 48
observations. It is concluded that, despite such short
time series, the damage patterns in the time series are
good forecasts. However, using the non-seasonal
ARIMA model negatively affects the model unless the
phenological spectral change of vegetation in winter
months is separated from the spectral values of insect
damage. In this study, the time series was limited by
the fact that damage was clearly observed in the field
for only one season. For this reason, the series quanti-
ties were increased by using non-seasonal ARIMA to
make more accurate predictions. Since insect damage
is a seasonal ecological phenomenon, it may be prefer-
able to use a seasonal ARIMA model in future studies
with more observations.
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