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Abstract: Pests and diseases can cause a variety of reactions in plants. In recent years, the boxwood dieback has become 
one of the essential concerns of practitioners and natural resources managers in Iran. To control the boxwood dieback 
spread, the early detection and disease distribution maps are required. The boxwood dieback causes a range of changes 
in colour, shape and leaf size with respect to photosynthesis and transpiration. Through remote sensing techniques, e.g. 
satellite image processing data, the variation of thermal and visual characteristics of the plant could be used to measu-
re and illustrate the symptoms of the disease. In this study, five common vegetation indices like difference vegetation 
index (DVI), normalized difference vegetation index (NDVI), soil adjusted vegetation index (SAVI), simple ratio (SR), 
and plant health index (PHI) were extracted and calculated from Landsat 8 satellite image data from six regions in the 
Gilan province, located in the northern part of Iran out of 150 maps over the time period 2014‒2018. It turned out that 
among the aforementioned indices, based upon the results of the models, SR and NDVI indices were more useful for the 
disease spread, respectively. Our disease progression model fitting criteria showed that this technique could probably 
be used to assess the extent of the affected areas and also the disease progression in the investigated regions in future.
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The crucial importance of forests in today’s world 
no longer lies in their economic values but in their 
irreplaceable environmental benefits. The preser-
vation of biodiversity is becoming one of the most 
critical issues in sustainable forest management (Ito 
et al. 2004). Buxus hyrcana Pojark is one of the few 
evergreen broadleaved trees in Caspian forests with 
high longevity (Mohajer 2006) and is considered 
one of the Euxino-Hyrcanian elements (Boobak 
1994). Although this species is referred to as a Bu-
xus sempervirens L. provenance (Sabety 1994), it is 
different from its equivalent European species due 
to botanical and geographical differences. Buxus 
hyrcana Pojark has been introduced as a distinct 
plant taxon in the International Plant Names Index 
(IPNI) and is specific to Caspian forests (Esmaeil-

zadeh 2012). The best habitat for boxwood trees is 
located in northern Iran at 20–400 m a.s.l., but it 
is also seen up to a height of 1 200 m a.s.l. (Sabety 
1994). The Cydalima perspectalis (box tree moth) 
is an invasive species on box tree Buxus spp. in Eu-
rope, which has been spreading and establishing 
across the continent during the last decade (Stra-
chinis et al. 2015). In Iran, this disease has rapidly 
spread from west to east throughout the Hyrcani-
an boxwood stands and approximately 40 000 ha 
of the original boxwood stands were infested and 
damaged by this disease at different intensities (Es-
maili et al. 2020). Cydalima perspectalis larvae feed 
on the leaves of different species of Buxus, seriously 
damaging these ornamental plants in private and 
public gardens as well as in semi-natural box-tree 
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forests. In addition to the leaves, the larvae can at-
tack the tree bark, causing the trees to dry out and 
die (Bella 2013). In recent years, boxwood blight 
has invaded and endangered one of the essential 
evergreen species in the Hirkani vegetation forests. 
The blight disease initially appears as irregular pale 
green watery spots mostly near the tip and the mar-
gin of the leaf. These spots grow rapidly into large 
brown and necrotic spots. If the condition for the 
continuation of the disease is desirable, the whole 
product will appear black and may disappear with-
in a week (Ray et al. 2011). Because plant patho-
gens usually occur at significant levels, researchers 
are trying to use methods that are the basis of the 
landscape to evaluate and model the distribution 
of the disease and identify the effective factors and 
identify their interactions (Liu et al. 2007). The 
implementation of non-contact, highly efficient, 
and affordable methods for detecting and monitor-
ing plant diseases and pests over vast areas could 
greatly facilitate plant protection. In this respect, 
different forms of remote sensing methods, e.g. sat-
ellite image based tools, have been introduced for 
detecting and monitoring plant diseases and pests 
in many ways (Zhang et al. 2019). When diseases 
and physiological stresses directly affect the re-
flectance properties of individual leaves, the most 
significant initial changes due to the sensitivity of 
chlorophyll to physiological disturbances often oc-
cur in the visible spectral regions of the infrared 
(Knipling 1970). It is shown that the reflectance be-
yond the spectrum (narrowband) is very important 
in determining the biophysical properties of crops 
(Ray et al. 2006). 

Image processing methods are divided into two 
important categories. The first is the traditional/
classical pixel-based one, employing an image pixel 
as a fundamental unit of the analysis. The second 
group is the object-based method, emphasizing, 
first, creating image objects and then using them 
for further analysis (Hussain et al. 2013). Object-
based change detection is accomplished by com-
paring objects extracted from a new image with 
objects recorded in the site model (Hazel 2001). 
This classification involves the segmentation of an 
image into homogeneous objects followed by the 
analysis and classification of these objects (White-
side et al. 2011). Vegetation index construction is 
one of the pixel-based techniques used in remote 
sensing image processing. There is considerable in-
terest in utilizing remote sensing to estimate forest 

biophysical properties that are otherwise difficult 
to sample in the field. Several comprehensive re-
views on the use of vegetation indices to assess 
ecological properties are found in many researches 
(Kerr and Ostrovsky 2003; Baloloy et al. 2018). In 
this study, for the first time, we use different plant 
vegetation indices based on Landsat 8 satellite im-
agery in six rural districts of the Gilan Province 
to detect unhealthy boxwood and also to come 
up with a predictive disease progression model of 
the Buxus hyrcana Pojark dieback disease spread 
across these rural districts. This is the first time 
that this sort of study is reported for this disease in 
the Gilan Province and maybe in Iran as a whole.

MATERIAL AND METHODS

In this study, six districts or areas of the Gilan 
Province were selected to evaluate the progress 
of Buxus destruction due to boxwood blight and 
to estimate contaminated regions. The reason for 
choosing these areas was that they had ground data 
for comparison. The areas of study were: Khaleh 
Sara Rural District, Talesh County, Asalem Dis-
trict; Khoshabar Rural District in the central part 
of Rezvanshahr city; Lavandvil Rural District, La-
vandvil District, Astara County; Oshiyan, Chabok-
sar District, Rudsar County; Siahkalrud Rural Dis-
trict, Chaboksar District, Rudsar County; Virmuni 
Rural District in the central part of Astara County. 
These districts are shown in Figure 1.

In general, in order to access vegetation informa-
tion, it is possible to combine at least two bands in 
satellite images and create a composite index called 
vegetation index. Vegetation indices are widely 
used as criteria for analysing land cover changes 
including vegetation and other factors (Kazeminia 
2018). In this study, according to the necessity of 
studying the vegetation cover for determining the 
contamination status of the studied areas, the fol-
lowing indices difference vegetation index (DVI), 
normalized difference vegetation index (NDVI), 
soil adjusted vegetation index (SAVI), simple ra-
tio  (SR), and plant health index (PHI) were used. 
Table 1 gives the general explanation of these indi-
ces. These indices have their own biologically mo-
tivated definitions, for example NDVI for a given 
pixel always results in a number that ranges from 
–1 to +1; in which no green leaves give a value 
close to zero. A zero means no vegetation, however 
a high NDVI value, +1 (0.8‒0.9) indicates healthy 
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vegetation and a low NDVI value, –1 indicates less 
or no vegetation. These indices would help to de-
velop a method for measuring plants in different 
conditions. Nowadays, many different vegetation 
indices have been developed. An Index-Data-Base, 
i.e. https://www.indexdatabase.de/, could be useful. 
According to the objectives of the study we aim to 
use spectral indices for detection of contaminated 
areas and to distinguish them from healthy ones. 
In this way, a wide range of different wavelengths 
would be useful for diagnosing the plant disease, 
as shown in Table 2. These wavelengths can be pro-
cessed, and new indices could be measured.

In this study, to prepare satellite images from re-
gions covered, the Earth Explorer (https://earthex-
plorer.usgs.gov/) and the images taken from Landsat 
8 satellite with a spatial resolution of less than 30 m 
were used. The only limitation of these images is the 
temporal resolution of the Landsat 8 satellite that 
slightly decreases the accuracy of the index estima-
tion. In this study, images taken from 2014 to 2018 
in the range of rural districts in mid-January each 
year were used. It is reported that with the transfor-
mation of grey to high atmosphere reflectance, the 
quality level for water and soil classification could 
be promoted dramatically (Maglione et al. 2013). In 
this study, the radiometric detection of the Land-

sat 8 satellite was performed by converting the grey 
level of each image pixel to high atmosphere re-
flectance values using metadata. To determine the 
mean value of each index at the province level, the 
histogram was used. Also, the area for each class 
was calculated using pixel number multiplication. 
Finally, we used the ArcMap software (https://desk-
top.arcgis.com/en/arcmap/) to get the job done. 

RESULTS AND DISCUSSION

For each vegetation index, 30 output maps (in to-
tal 150 maps) were extracted. To conform to the al-
lowable number of paper pages here, only the NDVI 
index output maps of six districts (2018) are report-
ed. To validate the calculated vegetation indices the 
field data on the vegetation status in six areas was 
used. The output maps of the NDVI indexing in 
2018 are shown in Figure 2.

Again, due to the paper size limitation, only the 
field data of Lavandvil district are used for analy-
sis. In Lavandvil, eleven polygons were monitored 
whose names and geographical coordinates are 
listed in Table 3.

Table 4 summarizes the results of field surveys and 
the results of indices obtained in satellite images in 
the target polygons. The root mean square error 

Figure 1. The geographical location of the studied rural districts in Gilan province
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(RMSE) and the root of the mean squared normal 
error (NRMSE) were used to measure the accuracy 
of the model in predicting the contaminated area.

The total hectares for evaluated contaminated 
area by the index (ECA) and observed contaminated 
area (OCA) were 34.55 and 31.24, respectively. Also, 
RMSE and NRMSE were 2.90 and 9%, respectively. 
Given the RMSE and NRMSE values, the intensity of 
contamination observed and evaluated by the NDVI 
index was in full agreement with the estimates of the 

size of contaminated areas in the specified polygons. 
It was not possible to compare the results of evaluat-
ing a complete polygon in the contaminated area of 
Lavandvil since the field data was not fully available 
due to inaccessibility of measuring data. The result 
is shown in Figure 1. In this graph, the percentage of 
unhealthy pixels is calculated by summing the pixels 
at the above time intervals. Without deep explana-
tion, the calculated indices and their profiles are giv-
en in Table 5 and Figure 3. Table 5 also summarizes 

Table 1. The general explanation applied to vegetation indices

Index Explanation Equation

DVI

The difference vegetation index is used to distinguish between soil and vegetation; however,  
it does not take into account the effect of atmosphere reflectance or shadows (Naji 2018). 
The DVI index ranges from 1 to 0 for marine and non-vegetated areas and from 0 to 0.07 
 for unhealthy vegetation and from 0.07 to higher value (often 1) for areas with healthy 
plants (Vani, Mandla 2017).

NIR-R

NDVI

The normalized difference index vegetation indicates how many green leaves exist. NDVI is 
calculated using the measured light intensity only at two wavelengths, e.g., near-infrared  
(NIR, 780-890 nm) and red (R, 650−680 nm) using (NIR+R)/(NIR-R) equation (Robinson et 
al. 2017). The NDVI index ranges for aquatic or non-vegetated areas (mountains or boulders) 
from –1 to 0, for areas with unhealthy or contaminated vegetation from 0 to 0.33 and 
for areas with healthy plants from 0.33 up to 1 (GISGeography 2019). However, it should be 
noted that the magnitude of changes in this index for both healthy and unhealthy  
vegetation areas can be reduced by 0.1% in the cold season due to lower image contrast 
and in the hot season it should be increased by 0.1 due to higher image contrast. 

(NIR-R)/
(NIR+R)

SAVI

The soil-adjusted vegetation index is one of the most common indices that is only slightly 
different from the NDVI index. The difference lies in a factor that can be used to moderate the 
effect of background soil. The NDVI index is affected by soil reflectance in some areas.  
It overshadows the recorded reflectance for vegetation. SAVI index solves this problem in the 
NDVI index. This index uses a factor called L to moderate the effect of background soil.  
The value of this parameter is a function of the amount of vegetation available in the area and 
prior knowledge the user has of the vegetation density status in the area and is calculated using 
(1+L){(NIR-R)(NIR+R+L) equation (Garcia, Perez 2016). The amplitude of changes in the  
SAVI index for aquatic and non-vegetated areas is the same as for the NDVI index from 1 to 0, 
for areas with unhealthy vegetation from 0 to 0.15 and for areas with healthy vegetation from 
0.15 to 1; by the way, L factor is set at 0.5 (Vani, Mandla 2017). This parameter reduces  
the field-effect index and reflects a lower plant cover percentage.

(R+L)/(NIR-)/ 
NIR+R+L)

SR

The solar reflectivity is composed of a simple ratio between two bands, one with the highest  
and the other with the lowest reflectance concerning vegetation. This index is calculated using 
the (NIR/R) equation (Melillos, Hadjimitsis 2020). The range of SR index variations for aquatic 
and non-vegetated zones is from 1 to 1, for regions with unhealthy vegetation from 1 to 2.2 
 and for regions with healthy plants from 2.2 to higher values (Robinson et al. 2017)

(NIR/R)

PHI

The plant health instructor index is also used to determine the health condition of the plants 
in some regions and can be calculated using the equation 1.4 × LN(DVI) + 1.298. This index  
is mostly used to identify the health status and the regions of water without vegetation.  
The amplitude of changes in the PHI index for aquatic and vegetation-free regions is pixel-free.  
It is shown as NaN, for the unhealthy vegetation from -n to -18 and for the regions 
 with healthy vegetation from –8 to –0 (Asadi et al. 2016).

1.4 × LN(DVI) + 
+1.298

DVI – difference vegetation index; NDVI – normalized difference vegetation index; SAVI – soil adjusted vegetation index; 
SR – simple ratio; PHI – plant health index
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Table 2. Comparison of the thermal and visual features representing the diseased and healthy vegetation

Wavelength (nm) Recognition capability

Visible (400–700)
The reflectance at the surface of diseased vegetation, especially in chlorophyll 
absorption bands, is increased due to the loss of chlorophyll and the presence 
of surface spores or mycelium.

Near-infrared (NIR) 
(700–1 200)

The red edge changes from 730 nm at the surface of healthy shadings to shorter 
wavelengths (e.g., 670 nm) at the diseased shading surface. Moreover, the reflectance 
at the surface of the diseased shadings is reduced due to aging and defoliation of the plant.

Thermal infrared band (TIR) 
(around 8 000–14 000)

The leaf temperature is increased by the reduction of transpiration due to root diseases 
and other diseases that cause the closure of the apertures in the early stages. Areas of the 
leaves that become watery because of cellular degradation can be colder at the beginning 
of the day or warmer at the end of the day, as the temperature of these leaves varies faster 
than in other leaves due to ambient conditions.

Figure 2. Output maps derived from normalized difference vegetation index (NDVI) indexing in 2018
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the results of the indices applied to the images ob-
tained from Lavandvil Village and the model estima-
tion of unhealthy pixels in the region over the time 
period 2014–2018.

As can be seen, among the indices in the table, 
two indices SR and NDVI concerning the higher 
coefficient of explanation show a better feedback 
in estimating the model and forecasts of the sta-
tus of pollution progression. On the other hand, 
although in most studies NDVI is considered as 
one of the best indices in vegetation, in the pres-
ent study SR index shows better performance. It 
can be used for the diagnosis of healthy and un-
healthy plants.

Due to the importance of Caspian boxwood and 
its high value in terms of biodiversity, it is very 
important to study the spatial distribution of box-
wood blight disease and disease progression in dif-
ferent regions. Figure 3 shows the strong negative 
quadratic component to this bivariate relationship 
across all regions. It is to note that while the R² for 
each model is almost the same, the β coefficients of 
models from different regions are not the same. We 
should take into account that the multiple regres-
sion coefficients are supposed to reflect the pre-
dictor contribution of each variable to the model 
after controlling for collinearity among the pre-
dictors. The βs from the model using the centred-

Table 3. Geographical coordinates of the monitored polygons in Lavandvil district

Geographical coordinates
(UTM)

Elevation 
(m a.s.l.)

Habitat area  
(ha) Region

313313, 4239269 17 2.5 Chelavand-Poshte Mahalleh
309877, 4239849 83 2.04 Lavandvil-Dashteh Kesh and Nazar Mahalleh
308666, 4239948 120 13.48 Lavandvil-Nazar Mahalleh
306984, 4240511 176 0.9 Lavandvil-Big Chelavand
304825, 4240040 385 2.06 Lavandvil-Shiri Hayati
304629, 4239557 273 1.01 Lavandvil-Shiri Hayati
304656, 4239783 319 0.15 Lavandvil-Shiri Hayati
312235, 4239445 27 0.15 Lavandvil-Chelavand-Hokm Darreh
311944, 242230 −2 0.19 Lavandvil-Kut Komeh
306456, 4242115 152 0.33 Lavandvil- Kut Komeh – Abe Garm
308423, 4244573 137 10.23 Lavandvil- Kanrud

Table 4. Comparison of contaminated regions by observation and evaluation methods

No. Parts ECA (ha) ECI OCA (ha) OCI Geographical coordinates 
(UTM)

1 polygon 1 2.1 high 2.5 high 313313 4239269
2 polygon 2 3.78 high 2.04 high 309877 4239849
3 polygon 3 5.03 high 13.48 high 308666 4239948
4 polygon 4 0.4 high 0.9 high 306984 4240511
5 polygon 5 1.5 average 1 average 304825 4240040
6 polygon 6 0.9 average 0.5 average 304629 4239557
7 polygon 7 0.8 average 0.1 average 304656 4239783
8 polygon 8 0.42 high 0.15 high 312235 4239445
9 polygon 9 0.23 high 0.19 high 311944 4242230
10 polygon 10 0.02 average 0.15 average 306456 4242115
11 polygon 11 13.37 high 10.23 high 308423 4244573

ECA – evaluated contaminated area by the index; ECI – evaluated contaminated intensity; OCA – observed contaminated 
area; OCI – observed contamination intensity
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squared term could clear the contribution of both 
linear and quadratic terms of the model. So, these 
discrepancies could be due to collinearity among 
the computed predictors and the need of model 

amendment. At the present time and likely in the 
past years, according to the results obtained in this 
study, the relationship between disease progression 
and geographical coordinates of areas would show 

Table 5 Indexing results and the resulting prediction model

Index Model R2 RMSE NRMSE (%)
NDVI y = 0.0009x3 – 0.0241x2 – 3.8438x + 140.17 0.95 2.90 9
DVI y = 3.6056x3 – 319.86x2 + 6 384.5x + 33 995 0.89 4.57 15
SR y = 0.4814x3 – 12.366x2 – 2 711.4x + 112 310 0.96 3.17 7
SAVI y = 0.5728x3 + 119.55x2 – 6 666.7x + 136 493 0.70 5.22 14
PHI y = 1.912x3 – 148.75x2 + 1 209.3x + 74 572 0.87 5.70 15

NDVI – normalized difference vegetation index; DVI – difference vegetation index; SR – simple ratio; SAVI – soil adjusted 
vegetation index; PHI – plant health index; RMSE – root mean square error; NRMSE – root of the mean squared normal error

Figure 3. The course of disease progression during the year of survey in individual rural districts
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that the rate of disease progression in northern 
geographical coordinates was higher than it could 
be due to higher humidity and lower temperature. 
Obviously, in order to achieve closer and larger-
scale results in the Gilan Province, it is necessary 
to first extract the distribution of boxwoods in the 
Gilan Province in the form of polygons with field 
visiting and then extract the equivalent polygons by 
satellite images to evaluate the unhealthy results of 
boxwood plants. Thus, in the coming years, instead 
of repeating field visits which require a lot of time 
and money, extracting images could be a reliable 
alternative tool. It should be noted that among the 
vegetation indices used in this study, SR index due 
to its capability to report the number of unhealthy 
pixels in the regions and its highest compliance with 
cardinal directions showed better performance. On 
the other hand, this index almost covers up other 
vegetation indices, so it can be considered for fu-
ture evaluations. Remote sensing is a new tool for 
forest management, especially in large areas, which 
also has acceptable accuracy. In the present study, 
the use of plant indices in images obtained from the 
Landsat 8 satellite in several rural areas of the Gilan 
Province showed that these indices can be used to 
detect unhealthy vegetation and obtain a model of 
changes over the course of years. 

In general, the characteristics of each habitat are 
affected by environmental, physiographical, alti-
tude factors and slope aspect. Research has shown 
that combining environmental stresses with abiotic 
factors causes weakening, leaf fall, and tree decline 
(Lantschner, Corley 2015). Fungi are organisms that 
need environmental conditions to be present in an 
area. Nepstad et al. (2007), who mapped the pest-
induced dead trees in the rainforests of Queensland, 
noted that cardinal direction was the main factor in 
the distribution of dead trees. Menge et al. (2013) 
investigated the effect of environmental factors in-
cluding temperature, light and pH on the activity 
of blight fungi in Anacardium occidentale. One of 
the effective factors in controlling the activity of this 
fungus is that they have to spend a period of life in 
the dark (Menge et al. 2013). According to the re-
sults obtained from the vegetation indices, the high-
est percentage of unhealthy open pixels was in Ver-
moni, Lundville, Khalesara, Khoshabar, Siahkroud 
and Oshian regions. The results of this study are 
consistent with the results of research by Nespstad 
et al. (2007), who stated that the cardinal direction 
is correlated with the distribution and decay caused 

by fungi. Also, the obtained results from the vegeta-
tion indices in this study are in line with the results 
of Esmaili et al. (2016), who showed the distribution 
of boxwood blight disease and its relationship with 
some environmental factors in the Khibus boxwood 
forest. Esmaili et al. (2016) showed that drought con-
ditions jeopardize the boxwood burn disease in the 
southern and southwestern directions and therefore, 
it could be seen as a controlling factor in the devel-
opment and distribution of boxwood burn disease 
(Esmaili et al. 2016). This also explains the declining 
course of the disease in some years in the diagrams 
presented in Figure 3 with the improvement of veg-
etative conditions, but the activity of fungi and the 
progression of the disease increased again. 

CONCLUSION

In this study, the use of vegetation indices on 
Landsat satellite 8 images in several rural districts of 
the Gilan Province showed that these indices could 
be used to detect unhealthy vegetation and obtain 
a model of changes over the desired years. Among 
these indices, according to the results of the mod-
els, SR and NDVI indices are more useful for healthy 
unhealthy trees, respectively. Obviously, to achieve 
closer and large-scale results at the Gilan Province 
level, it is necessary to extract the distribution of 
boxwoods in the Gilan Province in the form of poly-
gons derived by field studies and surveys. The satel-
lite image data provided similar results of polygons 
showing field visiting data. Thus, instead of repeat-
ing field visits that require a lot of time and expenses 
in the coming years, one could evaluate the image-
based data. However, the satellite image data analy-
sis of parallel polygons could precisely evaluate the 
unhealthy condition of boxwood plants. 
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