Baciu C ez al. (2025)
‘ l Notulae Botanicae Horti Agrobotanici Cluj-Napoca Q—M
Volume 53, Issue 3, Article number 14657

B icaec Horti
AcademiTres DOI:10.15835/nbha53314657 JRsk sty MR A

Research Article

Remote sensing and field analysis of Erwinia amylovora on quince

Cilin BACIU, Renata-Maria SUMALAN*, Carmen BEINSAN,
Sorin CIULCA, Radu-Liviu SUMALAN*

University of Life Sciences King Mihai I from Timisoara, Faculty of Engineering and Applied Technologies, 119 Calea Aradului, 300645
Timisoara, Romania; calinbaciu@usvt.ro; renatasumalan@usvt.ro (*corresponding authors); carmenbeinsan@usvt.ro;

sorinciulca@usvt.ro; radusumalan@usvt.ro (*corresponding anthors)

Abstract

Fire blight is responsible for significant losses and affects production quality in all growing countries
worldwide, including Romania. Despite the availability of various prevention and control strategies, their
practical effectiveness has been notably limited, and no viable technologies have yet emerged. This research
aims to investigate the impact of climatic conditions, genetic material and cultivation methods on the intensity
of Erwinia amylovora attack on quince by using field determination techniques and satellite sensor systems.
Opver three years in a quince orchard naturally infected with E. amylovora, Normalized Difference Vegetation
Index (NDVI) and Normalized Difference Red Edge (NDRE) indices were tested along with analyses of attack
intensity (I), degree of attack (DA) and frequency (F). The results obtained showed that the genetic sensitivity
and/or tolerance of the varieties is essential, together with the specific local climatic conditions. The two
analyzed varieties (‘Bereczky’ and ‘Aurii’) cultivated under organic technology, showed different levels of
tolerance to fire blight. While a significant correlation exists between the two vegetation indices, NDRE
demonstrates higher accuracy due to its ability to conduct spectral analyses within the plant canopy.
Furthermore, NDRE values closely align with those observed through assessments of attack intensity and
frequency in the orchard.
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Introduction

Precision agriculture aims to improve crop yields and minimize losses caused by different types of stress,
using sensors, remote sensing and information technologies (Solano Alvarez ez al., 2022). At the same time,
through precision agriculture, it is possible to monitor crops through satellite systems, with the provision of
images and ¢Edge, information that characterizes the state of plant vegetation through indices such as:

Normalized Difference Vegetation Index (NDVI), Normalized Difference Red Edge (NDRE), Green
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Normalized Difference Vegetation (GNDVI), or their relationship to the soil; Modified Vegetation Index
Adjusted for Soil (MSAVI), normalized differential index of soil salinity (NDSI), to mention just a few of them.

In modern times, remote sensing technology has become essential in detecting changes in crop growth
and development analysis over large areas and time frames (Weiss ez al., 2020; Liu ez al., 2024; Aziz et al., 2025;
Liu et al.,2025). This method offers a set of benefits compared to traditional field analyses, including large-area
monitoring, continuous spatial and temporal data, reduced costs (Fuentes-Penailillo ez 4/., 2024; Kannan ez al.,
2025) and successful identification of crop distribution.

Therefore, precision agriculture requires the collection of a significant amount of information about the
environmental conditions and technology of crops to analyze them and provide innovative analysis tools
(Karthikeyan 2020; Singh ez al., 2020; Kendall ez al., 2022; Vellingiri ez al., 2025). The monitoring of biotic
stressors, especially plant diseases and pests by remote sensing provides the possibility of rapid identification of
diseases on a large scale, which has the advantages of being timely, user-friendly, extensive, non-destructive and
objective (Zhao et al., 2020; Zevgolis ez al., 2023; Sen ez al., 2025). Remote sensing has been used to recognize,
examine and evaluate a variety of diseases affecting a multitude of cultivated species. In this regard, detailed
studies have been published on the use of sensor systems in the detection and evaluation of plant disease
intensity (Oerke, 2020; Terentev ez al., 2022; Shahi ez al., 2023; Huang et al., 2025)

Remote sensing determines vegetation bio parameters through spectral reflectance characteristics. A VI
can be an indicator to describe the amount of chlorophyll pigments, the density and the health of the crop. One
way to obtain the biophysical parameters of crops is to measure the basic data that takes samples from
vegetation. Vegetation indices (VIs), calculated from satellite data and imagery, offer a practical approach to
acquiring vegetation biophysical parameters at large spatial scales while ensuring comprehensive temporal
coverage (Mazzia et al., 2020; Amankulova ez al., 2023; Gong et al., 2024).

Various advanced detection approaches are being used to monitor and diagnose plant diseases, aiming
to provide precise assessments. Recent advances, particularly in hyperspectral spectroscopy (HS), have offered
promising methods for accurate discase diagnosis and evaluation of attack intensity and frequency (Genangeli
et al., 2022; Martinelli ez 4l., 2024; Reis Perreira et al., 2024).

The increased prevalence and rapid spread of phytobacterial diseases are facilitated by climate change,
increased international trade and immigration, and the emergence of new pesticide resistance traits (Xu ez al.,
2021).

Fire blight is a destructive necrotic disease that affects fruit species of the Rosaceae family, such as apples
(Malus domestica), pears (Pyrus communis) and quince (Cydonia oblonga) with significant economic and
ecological impact, representing a key concern for numerous research groups around the world (Pel ez al., 2021).
Erwinia amylovora, known as fire blight of rosacea, is a well-studied plant pathogen. It survives as an endophyte
or epiphyte in different plant organs, including those of asymptomatic hosts, making it’s spread difficult to
control (Viljevac ez al., 2009). In recent years, economic losses caused by fire blight outbreaks in fruit species
have ranged from $500 million to $800 million, with crop losses ranging from 25 to 50% depending on the
climatic conditions of each year (Silceanu ez al., 2023).

Periodic epidemics exacerbate the ongoing spread of this disease. It has been documented in primary
apple and pear-producing areas across North and Central America, Europe, New Zealand, Egypt, and Western
Asia. In Europe, the disease was initially identified in 1957 in England; since then, it has disseminated to most
European countries (van der Zwet and Keil, 1979).

The pathogen's activity is increasing due to hot, humid spring climates (Ault ez /., 2015; Wallis and
Cox, 2020). Recent research carried out in the USA has shown that a 0.09 °C increase in temperature and
precipitation of 10 mm per decade, associated with a 70% intensification of short periods of heavy rainfall,
facilitates the formation of periods of 3-7 days with high potential for fire blight infection according to
developed prediction models, often reaching very high values in just a few days, and allowing 3 to 9 fire blight
infection events during flowering (Philion and Trapman, 2011; Rougerie-Durocher ez 4/., 2020).

2



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

While studies show that fire blight requires specific environmental conditions for cell movement and
growth (Gusberti ez al., 2015; Dagher ez al., 2020; Sun ez al., 2023), weather is not the only factor involved. A
growing body of evidence suggests that microbial communities residing in flowers may play a crucial role in the
carly stage of host colonisation, when E. amylovora proliferates on stigmatised surfaces (Cui ez al. 2021).

Favorable weather is a key factor in rising disease incidence. Air humidity affects the population size of
E. amylovora during flower colonization (Philion and Trapman, 2011) while temperature is also a key factor
in the development of the disease (Pedroncelli and Puopollo, 2024).

E. amylovora grows best at 28 °C but remains pathogenic even at 14 °C and 4 °C; although cell growth
slows at lower temperatures, infection still occurs (Santander ef 4/. 2017; Pimentel, 2021). In addition, rainy
weather and sluggish air currents play a key role in creating a suitable environment for E. amylovora cells to
multiply; however, flower moisture can also be provided by dew that occurs at night and in the morning (Slack
et al., 2022; Pedroncelli and Puopolo, 2024).

The successful establishment of E. amylovora in plant flowers is influenced by humidity, temperature,
and air currents. To survive adverse conditions such as drought, heat, or cold, the pathogen employs self-
protection strategies like synthesizing protective chemicals and activating stress response mechanisms
(MacLean et 4l., 2025).

When pathogens attack plants, they quickly accumulate phenolic compounds at the infection site to
contain the pathogen and disrupt its vital biochemical processes (Iakimova ez 4., 2013; Fallah ez al., 2025;
Zhanger al.,2025). For example, some phenolic derivatives can react with pathogenic proteins, causing the loss
of their enzymatic functions, thus suppressing the viability of pathogens (Markakis ez /., 2010; Mendes ¢z al.,
2024). Flavonoids have been described as having antibacterial, antitoxin, antiviral, and/or antifungal activities,
and as being involved in structural defense (Treutter, 2005; Abd El-Hameid ez a/., 2025).

Disease severity ranges from minimal or no symptoms in tolerant species and genotypes to increased
susceptibility and significant impact, depending on species and cultivar (Viljevac ez 4., 2009).

Remote sensing (RS) efficiently monitors fire blight damage by detecting canopy changes. It estimates
vegetation bio parameters using spectral reflectance characteristics (Quifiones ez a/., 2025). Vegetation indices
(VI's) combine surface reflectance from multiple wavelengths to emphasize specific vegetation, aiding in
damage assessment. Various VI's are used to detect and map plant diseases (Vidican ez al., 2023) and some of
them have been used in applications on bacterial diseases in plants, such as kiwi (Reis-Pereira ez /., 2023), rice
(Das ez al., 2015), grapes (Al-Saddik ez al., 2017) or apple tree (Skoneczny ez al., 2020).

This study evaluates two VI’s, the NDVI and NDRE, generated by Sentinel 2, for their effectiveness in
detecting and assessing fire intensity in quince during the plant vegetation period, considering climatic
conditions and data on frequency, intensity, and degree of occurrence in the orchard. Early identification of
fire blight may facilitate appropriate technological interventions to control or limit the disease and minimise
losses. We hypothesize that symptom severity results from interactions between environmental factors and
genotype tolerance, measurable through changes in VI's, and of these, NDRE has the highest accuracy in
predicting and evaluating the intensity of the fire blight attack in quince.

Therefore, the present study is novel because there are no known studies that analyze the relationship
between the values of some VIs (NDVI and NDRE) and the intensity of fire blight attack on quinces, which
gives the experimental results obtained in addition to the certain scientific value and special practical
implications. The high accuracy of NDRE values can accurately establish early intervention measures in the
prevention and control of the pathogen.
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Materials and Methods

Experimental field

The experimental field is located just outside Jucu, Cluj County, Romania (46.859N, 23.794E), at an
altitude of 310 m on gently sloped terrain. It covers 3 ha of quince: 1.5 ha of ‘Bereczky’ and 1.5 ha of ‘Aurii’
varieties (both at 4 x 4 m spacing). Established in autumn 2017, the plantation (Figure 1) has been certified
organic.

1m ’ R AN B e
Figure 1. Jucu experimental field (2023)

Monitoring data show that the disease's first clear symptoms appeared in 2020, with their frequency and
severity varying by yearly climate conditions.

Evaluation of the frequency and intensity of the attack

The evaluation of infection and intensity of E. amylovora attack was carried out in the field under natural
infestation. The assessment was conducted over three years (2020-2022), following the standard methodology
recommended in the literature. For this purpose, the frequency (F%) and intensity (1%) of the attack were
determined, and then, based on these results, the degree of attack (GA%) was calculated (Sestras ez al., 2008;
Parvy, 2010).

Between May and October of each experimental year, twenty trees from each variety were systematically
evaluated for the frequency and severity of fire blight infection. Frequency assessment involved recording both
the total number of one-year-old shoots per tree and the number of shoots exhibiting symptoms characteristic
of fire blight.

The frequency of the attack (F%) was calculated for each tree, according to the formula.

F (%) =NBA /NTB x 100, were,

Nba - Number of 1-year-old branches affected

Ntb - Total number of 1-year-old branches per plant

The intensity of the attack (I%) represents the percentage of a plant or its organ that is attacked and is
calculated using the formula.

(%) =X x £)/100

i-percentage of damage of the 1-year branches,

f- the number of branches attacked in the same percentage.
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Attack intensity is typically measured using a scale with 4 to 7 classes; in Romania, a 7-class system is
standard. The classes correspond to these percentage ranges: 0-0%, 1-1-3%, 2-4-10%, 3-11-25%, 4-26-50%, 5-
51-75%, and 6-76-100% (Sestras ez al., 2011).

The degree of attack (DA %) quantifies the severity of the infestation, reflecting its extent across the
crop or the total number of plants assessed. The GA value (%) were determined using the following equation:

DA (%) =F (%) x I (%) / 100

Based on DA (%) values, genotype responses to biotic stress are categorized as follows: 0 = no attack;
0.1-1.0 = very low; 1.1-5.0 = low; 5.1-10.0 = medium; 10.1-25.0 = strong; 25.1-50.0 = very strong; >50.0 =
extremely strong (potential plant death, e.g., with Erwinia amylovora) (Simionca Mircisan et al., 2023).

Satellite data acquisition
The MSI Sentinel-2A image from the European Space Agency's Sentinel Science Hub covers thirteen
bands (433-2280 nm): four 10 m visible/NIR, six 20 m red-edge/NIR/SWIR, and three 60 m

visible/NIR/SWIR bands. The narrow red edge bands at 703.9, 740.2, and 782.5 nm are useful for monitoring
vegetation condition (Table 1).

Table 1. Sensors description (IDB - Show Bands for selected Sensors)

Name Sentinel-2A
Bands 13
Spectrum [nm)] 433-2280
Spat.Res. [m] 10-60
Inclination 98.6
Operator ESA
Date of Launch 2015-06-23
Usable for Indices yes

The sensor's high spectral resolution enables the assessment of disease effects at different stages (ESA
2025). The satellite mission produces two main products: Level-1C offers orthorectified peak atmospheric
reflectance, including cloud and earth/water masks and sub-pixel multispectral data; Level-2A provides
atmospherically corrected orthorectified reflectance with sub-pixel multispectral data (ESA User Handbook).

The vegetation indices

Normalized Difference Vegetation Index (NDVI

NDVI is a widely utilized vegetation index in precision agriculture for assessing plant responses to stress
conditions. Calculating NDVI involves applying linear algebra operations between NIR and RED radiation as
described by the formula in Table 2.

Table 2. Index description (IDB - Information for Sensor and Index)

Name Normalized Difference Vegetation Index
Abbreviation NDVI
Formula NIR-RED / NIR+RED
Variables RED= [670;50;30], NIR= [800;10;10]
Expl. of Variables RED = 620 at 700 nm (um 670 nm) NIR = ca. 800 nm
Wavelengths 670;50;30,800;10;10
Source Original formula
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NDVI ranges from -1 to 1, with healthy vegetation typically falling between 0.2 and 0.8. Negative values
indicate water, while values near zero suggest bare soil, rock, or a lack of vegetation due to factors such as
drought, fire, or pests (Nicoletti ez a/., 2024). NDVI measures the NIR reflectance of vegetation to quantify
photosynthetic activity within each pixel. As a vegetation index, NDVI varies during plant growth and is
affected by environmental and biological stressors as well as agricultural practices.

Normalized Difference Red Edge (NDRE

The NDRE is a vegetation index used to assess chlorophyll activity, plant health, and nutrient needs,
serving as an alternative to NDVI. NDRE utilises the near-infrared (NIR) spectral bands along with a band for
the narrow range between the visible red transition zone and the red-NIR region (the red edge) (Table 3). For
improved data accuracy, NDRE is often used in conjunction with NDVI. The red edge region can help identify
vegetative stress and detect disease within the plant canopy, while NDVI typically assesses only the surface areas
of vegetation.

The NDRE scale ranges from -1 to 1: values below 0.2 indicate no vegetation, 0.2-0.6 suggest diseased
vegetation, and 0.6-1 signal healthy vegetation (EOS Data Analytics NDRE, 2023).

Table 3. Index description (IDB - Information for Sensor and Index)

Name Normalized Difference Red-Edge
Abbreviation NDRE
Formula NIR-red edge / NIR+red edge
Wavelengths 690:730,780:1400
Source Original formula

The collection and analysis of climate data was carried out using two sources, namely for the general
climatic characterization of the studied area climatescharts.net (hteps://climatecharts.net/) with monthly
records, and for comparisons with the intensity of the attack and VI's the satellite data recorded daily.

Statistical analysis

The relationships between vegetation indices were analyzed through regression (linear and quadratic),

the coefficient of determination (R?), adjusted coefficient of determination (R%) and the Pearson correlation

KK **)
bl

coefficient (r). The significance of r value was expressed by symbols ( according to associated p value.

Results and Discussions

Climate overview for the study area and years

The characterization of the climatic conditions specific to the three years analysed (Table 1) highlights
average daily temperature levels between -1.5 °C in January 2020 and 22.4 °C in July 2021. The analysis of
climate data reveals an annual rainfall level of between 517.2 mm m? in 2022 and 633.6 mm m™? in 2020. The
temperature levels in the spring months were generally between 4 and 14 °C, with higher values in March 2020
and May 2022. For the summer months, the levels were between 18 and 21 °C, with lower values in June 2020
and higher values in August 2022.

The distribution of average daily temperatures (Figure 2) for the 2020-2022 experimental cycle indicates
that temperatures were around 5 °C in March, increased to 10 °C in April, and reached 15 °C in May, reflecting
an approximate rise of 5 °C between each month. During the summer months, the average daily temperature
typically ranged from 19 °C to 22 °C, with notably higher values recorded in 2022 (Figure 2 a). In comparison,
temperatures during the autumn and winter months remained relatively elevated across the three experimental
years, varying from -1.5 °C in January to 17.5 °C in September 2020.
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The climate varied over the three years, with monthly average temperatures and precipitation levels
fluctuating significantly from month to month, season to season, and year to year (Figure 2 b).

46.859N, 23.794E | Elevation: 310 m | Climate Class: Cfb | Years: 2020-2022

Availability of Climate Data
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec Temp Prec

2020 15 120 36 496 68 374 N 155 mﬁm 53.7 LN 589 m 37 147 32 420
2021 07 428 17 381 42 340 76 457 m 43.9 . 8 155 46 351 08

497 259 54 447 21 449

2022 05 206 32 131 43 100 . 586

:3 -. Temperature Scale [°C]
50, ... Precipitation Scale [mm]

[

(2)

46.859N, 23.794E | Elevation: 310 m | Climate Class: Cfb | Years: 2020-2022
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Figure 2. (a) Mean monthly temperature and precipitation data for the period 2020-2022 in Jucu; (b)

Average daily temperatures (C) and monthly precipitation (mm) in Jucu, Cluj County, 2020-2022

(Zepner et al., 2020; ClimateCharts)

In 2020 (Figure 3a), total recorded rainfall was 633.6 mm, with higher precipitation during June (116.3
mm m?), July (92.7 mm m?), April (69.5 mm m?), and November (71.3 mm m?). Average monthly
temperatures ranged from -1.5 °C in January to 21.3 °C in August, with elevated temperatures observed in
spring, summer, and autumn. Climate diagram analysis indicates a moisture deficit linked to higher
temperatures in April, and increased rainfall in June and July.

In 2021, rainfall was abundant in April and May but low in June, September, and October (Figure 3b).
Autumn was marked by moderate soil drought and higher-than-average monthly temperatures.
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Jucu, Cluj County, Romania
46.859N, 23.794E | Elevation: 310 m | Climate Class: Cfb | Years: 2020-2020

ra [m) Month  Temp  Precip
] [ Jan 45 120
Feb 36 496
Mar 6.8 374
Apr 103 15.5
May 133 69.5
Jun 186 116.3
Jul 19.8 92.7
Aug 213 53.7
Sep 17.5 58.9
Oct 1.8 713
Nov 3.7 147
Dec 3.2 42.0
Tdm o R Ma A My sn W Am S 04 N De
Temperature Mean: 10.7 °C Precipitation Sum: 633.6 mm
(a)
JUCU, Cluj County, Romania
46.859N, 23.794E | Elevation: 310 m | Climate Class: Cfa | Years: 2021-2021

rc [mm) Month Temp Precip

@ bl Jan 07 428

Feb B2 38.1

Mar 42 34.0

Apr 76 457

May 138 890

Jun 19.7 439

Jul 224 73

Aug 196 725
Sep 150 345

Oct 86 155
T T T T T T T T Nov 46 35.1

Jan  Feb  Mar  Apr  May  Jun Jul Aug  Sep Ot Now  Dec
Dec 08 69.8

Temperature Mean: 9.9 °C Precipitation Sum: 592.2 mm

JUCU, Cluj County, Romania
46.859N, 23.794E | Elevation: 310 m | Climate Class: Cwb | Years: 2022-2022

rel [mm) Month  Temp  Precip
0 Jan 05 206
Feb 32 134

Mar 43 100

Apr 86 586

May 159 497

Jun 206 282

Jul 219 388

Aug 219 68.6

Sep 146 1141

oct 15 259

Nov 54 447

Dec 21 449

T T T T
Jdan  Feb  Mar  Apr  May  Jun Jul Aug  Sep  Oct  Nov  Des

Temperature Mean: 10.8 °C Precipitation Sum: 517.2 mm

(c)
Figure 3. Climate diagram of the experimental years 2020 (a), 2021 (b) and 2022 (c)

In 2022, rainfall was low, particularly during the early plant growth stages (Figure 3c). From winter's
end to summer, persistent dry conditions and moderate soil drought persisted. Although September brought
increased rainfall, it was insufficient to offset the earlier deficit.

Over the three years, climatic conditions varied significantly in temperature and precipitation, which
often triggered fire blight outbreaks in the Jucu experimental field.
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Evaluation of fire blight effects on quince plants using vegetation indices correlated with field measurements

The value of vegetable agricultural production is significantly diminished by disease attacks, with a
greater intensity in recent decades. Effective management methods involve regular monitoring of plant health
with early detection of pathogens to reduce the spread of disease. Traditionally, various techniques are used to
diagnose plant diseases, most of them based on the destruction of plant tissue. By comparison, non-invasive
techniques for identifying and assessing the intensity of disease attack are more feasible and practical ways to
monitor plants, through real-time applications, without affecting tissue integrity (Meena e al., 2020). To
identify the disease, a series of biophysical parameters that characterize vegetation indices was determined.

NDVI and NDRE are VI's capable of providing information on the vegetative vigor of crops (D'Auria
et al., 2016; Daglio et al., 2022; Kaur et al., 2025). They are characterized by a high spatial and temporal
variability, reflecting the impact of physicochemical and physiological parameters on plants (Padua ez 4/.,2019;
Janget al., 2024; Hari Haran et al., 2025).

The analysis of experimental data highlights that for 2020 (Figure 4), variable values of the analyzed
vegetation indices correlated with precipitation and atmospheric humidity conditions. Thus, NDVI registered
increases from 01.03 (0.11), reaching its peak in 29.06 (0.80), followed by a period of decline at the end of the
second decade of July (0.42-0.45). The NDVI values then followed an upward curve starting with the end of
June and throughout August, generally between 0.50 and 0.70, then a new decline occurred at the end of
September and the first decade of October (0.37-0.41). NDRE generally recorded NDVI-like trends during
2020, but with around 30% lower values.

2020
09

08
0,7
06
05
04
03
0.2

01

AR L OO N A A AR

GROWTH INTERVAL

0 QIDADOLOIRIDUDOLOD

CINDVI © NDRE

Figure 4. Comparative representation of VI's values in the experimental year 2020 at the quince plantation

affected by fire blight

It is interesting to note that during periods of stress (July and October), the NDRE values are more
closely aligned with the NDVI. Because the NDRE is a vegetation index with increased capacity to assess the
vegetation state within the canopy, the values close to the NDVI suggest an intense attack of E. amylovora at
the tree's depths. The comparison with the atmospheric humidity values shows that, in general, the low values
of NDVI and NDRE are associated with high levels of vapor in the air, previously determined by a rich rainfall
regime.

The correlation analysis between the NDVI and NDRE variation for the year 2020 shows that they are
very significantly positive. The quadratic regressions express the differences between the parameters with an
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accuracy of 90.82% (Figure 5). Thus, it is observed that the minimum values of the two VI's are 0.1-0.2
superimposed on the period of plant onset (March), The maximum values (0.5 for NDRE and 0.8 for NDVI)
are superimposed on the maximum vegetation, end of June and beginning of July. The stress induced by the
fire blight attack in the first and second decades of July determined the decrease and approach of the values of
both VI's (0.3-0.4 NDRE and 0.4-0.5 NDVI). Based on these results, lower VI values recorded by the optical

sensor characterized periods of intense biotic stress compared to less stressful periods.

2020

0,6
0,5
0,4

0,3

NDRE

0,2

y =0.6003x + 0.0242
0,1 © R? = 0.9082***;R23=0.9009;r=0.953***;p<0.00001

0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9

NDVI

Figure 5. Regression between NDVI and NDRE in the experimental year 2020 at the quince plantation
affected by fire blight

The analysis of the data on the regression between NDRE and DA (5) in quince varieties affected by fire
blight (Figure 6) reveals a negative correlation. The values of the DA (%) show that in 2020, the ‘Bereczky’
variety was less affected compared to the ‘Aurii’. Therefore, it appears that the DA of fire blight is the primary
and most significant factor that determines the reduction of NDRE values. In 2020, DA caused by fire blight
in the two quince varieties has influenced to an extent of 61.25-68.41% the variation of NDVI, according to

data from Figure 6.
‘Aurii’
0,6
0,5 L4
..... .’ Y
0,4 S
" ® gy, .
wo T e e )
o 03
z
0,2
01 y = 0.0005x2 - 0.0229x + 0.5865
! R? =0.6841;R2a=0.6665;r=-0.765***;p=0.00008
0
0 5 10 15 20 25 30
DA (%)

(2)
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‘Bereczky’
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01 y =0.0005x2 - 0.0217x + 0.5517

R2 = 0.6125;R2a=0.591;r=-0.774***;p=0.00006
0
0 2 4 6 8 10 12 14 16 18
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(b)

Figure 6. Regression between NDRE and DA in the two quince varieties (a-‘Aurii’; b-Bereczki’) affected
by fire blight (2020)

The values of DA show that in 2020, the ‘Bereczky’ variety was less affected compared to ‘Aurii’. Thus,
the maximum attack rates were approximately 16% in ‘Bereczky’ and 25% in ‘Aurii’, as determined in October.
Therefore, it appears that the degree of fire blight attack is the primary and most crucial factor determining the
reduction of NDRE values.

The experimental data specific to 2021 (Figure 7) show that the VI's values recorded during the quince
plant's vegetation period are quite fluctuating, depending on the stage of plant development, climatic
conditions, and the intensity of biotic stress produced by E. amylovora. NDRE values represent approximately
two-thirds of NDVI, except during stress intervals, when these differences are reduced. During the vegetation
cycle specific to 2021, several periods of reduction in the values of the analyzed VI's as follows were determined
at the end of May (0.4 -NDVI; 0.29 NDRE), mid-June (0.46-NDVI; 0.3 NDRE), the beginning of August
(0.46-NDVI; 0.31-NDRE) and the second decade of September (0.46-NDVI; 0.27- NDRE).

2021

09
038
0,7
06

05

i |

13 83 153 223 293 54 124 194 264 3.5 105 175 245 315 7.6 146 216 286 57 127 197 267 2.8 9.8 168 238 308 6.9 139 209 27.9 4.10 111018102510 1.11 8.11
GROWTH INTERVAL

e

°

o

HNDVI e NDRE

Figure 7. Comparative representation of VI's values in the experimental year 2021 at the quince plantation

affected by fire blight
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The correlations between the NDVI variation and the NDRE specific to 2021 show that they are highly
significant and positive, and the quadratic regressions express the differences between the parameters with an
accuracy of 95.65% (Figure 8). The minimum values of NDVI were around 0.3, and the NDRE values, which
were around 0.2, were recorded at the end of March and November. Meanwhile, the maximum values reached
0.8 at NDVI and 0.51 at NDRE in May and June. The amplitude of the variations was significantly smaller in
the case of NDRE, which indicates the stability of this vegetation index. Numerous studies have shown that
NDRE is positively and strongly correlated with NDVI, and NDRE exhibits higher sensitivity to changes in
plant canopy and is more efficient in assessing green biomass compared to NDVI (Boiarskii and Hasegawa,
2019; Carneiro ez al., 2017; Melnyk and Brunn, 2025).

The NDVI limits in the assessment of the plant’s health canopy could be explained by the saturation of
the band of red electromagnetic waves. This is due to the intense absorption of red radiation by chlorophyll
pigments, which causes saturation in this band of the crown of plants.

2021
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=
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0
0 0,2 0,4 0,6 0,8 1
NDVI

Figure 8. Regression between NDVI and NDRE in the experimental year 2021 at the quince plantation
affected by fire blight

The data on the regression between NDRE and DA in the two quince cultivars (Figure 9) shows a
negative correlation. The variation of DA has a contribution of 90.07% to the values of NDRE in the case of
‘Aurii’ variety, and a 64.11% contribution to the NDVI of ‘Bereczky’ variety, respectively. The degree of attack
(%) shows that in 2021, the ‘Aurii’ varicty was less affected compared to ‘Bereczky’.
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Figure 9. Regression between NDRE and GA in the two quince varieties (a-‘Aurii’; b- ‘Bereczki’) affected
by fire blight (2021)

The determinations regarding the degree of attack (DA), calculated based on the intensity (I) and
frequency of the fire blight attack (F) on the two quince cultivars showed a different sensitivity of the genotypes,
in direct correlation with the specific climatic conditions, with the age and stage of development of the plants,
but also with the technological measures applied in the prevention and/or control of the disease. Our results
show a lower DA in July and a higher DA in autumn, with an amplitude of variation between 4% and 40%,
depending on the cultivar, stage of development, specific climatic conditions, and plant age.

These results are also in line with other recent studies attesting to the importance of the cultivar
(Dougherty et al., 2021; Kapytina et al., 2023; Simionca Mascasan ez a/., 2023; Schlathslter ez al., 2023), plant
age (Slack ez al., 2025; Zeng et al., 2021), the developmental stage (Gheorghiu and Cosmulescu, 2022; Rosu-
Mares et al., 2022;) and climatic conditions (Santander and Bioska, 2017; Slack ez 4/, 2022) in the
manifestation of fire blight attack on different fruit species.

The comparative analysis of the NDVI and NDRE values specific to 2022 (Figure 10) shows the same
behavioral trends as in previous years, with some variations driven by specific climatic conditions. Low values
of the two VI's were recorded at the start of vegetation (March and the first decade of April), at the end of the
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annual cycle before the leaves fall in November, as well as in the periods of strong manifestation of fire blight
in mid-July, late August and early September.
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Figurel0. Comparative representation of VI's values in the experimental year 2022 at the quince
plantation affected by fire blight

In 2022, the same trend observed in periods of strong disease manifestation was evident: the NDRE
value was either equal to or even higher than the NDVI value. The low-stress conditions have led to the
previously explained trend that the recorded NDRE values are approximately 30% lower compared to the
NDVI. The strong manifestation of fire blight in late August and early September can be attributed to a rich
rainfall regime superimposed over this period, which also generated high values of atmospheric humidity. This
factor was decisive in the manifestation of the disease with increased intensity.

According to the data and quadratic regression presented in Figure 11, it is observed that NDVI
contributes 93.12% to the variability of NDRE, against the background of a positive and strongly statistically
significant correlation between the two parameters.
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Figure 11. Regression between NDVI and NDRE in the experimental year 2022 at the quince plantation
affected by fire blight
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As regards the relationship between NDRE and DA in Figure 12 the positive correlation between the
two parameters is only apparent considering that only 35.82% (cv. ‘Aurii’) and 46.04% (cv. ‘Bereczky’) of the
NDRE variation can be explained based on the influence of DA., against the background of considerable
influences from the other sources of variation. It should be noted that these values of the correlation between
NDRE and DA are specific to 2022, as previous years have shown much higher correlation values, reaching

90.07% for ‘Aurii’ in 2021.
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Figure 12. Regression between NDRE and GA in the two quince varieties (a-‘Aurii’; b- ‘Bereczki’) affected
by fire blight (2022)

Other factors that contribute to the reduction of NDRE values can be the loss of foliage and chlorophyll
content. The loss of chlorophyll pigments can also be due to natural leaf senescence, diseases or other types of
biotic and abiotic stress, which can contribute up to 31.5% to the link between the two properties. However,
the recording of low NDRE values in the middle of the growing season, after periods of precipitation,
overlapped with the determinations in the field, where high values of the degree of fire attack were recorded.
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Recent studies (Naguib and Daliman, 2022, Voitik, 2023) have shown that the lower layers of vegetation
show little influence on NDVI values. This effect is amplified in plants with several layers of leaves. NDRE
offers a better perspective for perennial crops and in advanced development phenophases, such as fruit and
forest species, because it evaluates the vegetation in depth of the canopy, not just its surface. Thus, the NDRE
can provide more accurate values as long as the NDVI remains constant.

This is explained by the fact that NDVI saturates in dense vegetation, since the visible red light is almost
completely absorbed by the upper layers of the foliage, causing the index to stabilize at a high leaf area value.
NDRE's use of the red-edged band reduces this saturation effect, preserving a wider dynamic range that remains
receptive to chlorophyll changes even in mature, fully enclosed orchards. Therefore, our results demonstrate
that modern, non-destructive methods for identifying and monitoring natural fire blight infections in quinces,
involving the use of hyperspectral spectroscopy technologies, are valuable alternatives that can be successfully
employed at a low cost.

Changes in the physical, biochemical, and physiological properties of host plants caused by the attack of
pathogenic diseases result in significant alterations in certain optical and metabolic parameters in plant organs
and tissues. The vegetation indices used, calculated with the help of multispectral devices, can detect these
changes, together with the monitoring of the spatio-temporal model of discase evolution. Still, for the
verification and validation of the results, evaluations of the disease’s impact in the field are also necessary to
identify the most efficient and accurate vegetation indices.

Conclusions

Fire blight is influenced by several factors that make this complex disease difficult to study and manage.

The degree of E. amylovora attack is strongly determined by environmental conditions, such as humidity
and temperature, which also influence the effectiveness of control strategies. These variables cannot be
controlled, and the increase in extreme weather events due to global warming makes it essential to evaluate new
technologies under challenging climate conditions.

The use of satellite-determined NDVI and NDRE vegetation indices is a viable method for determining
the dynamics and intensity of the E. amylovora quince attack. Although we have determined a strong positive
correlation between VI's, NDRE showed a higher accuracy, compared to the determinations regarding the
degree of attack on plants, due to the ability to evaluate the interior of the plant canopy.

According to the dynamic data recorded over the three years analyzed, the quince plantation has
consistently suffered from stress caused by the disease, as evidenced by NDRE values typically ranging from 0.2
to 0.5. In the conditions of intense disease attack, achieved during the vegetation cycle, the NDRE values were
most often between 0.2 and 0.3.

The intensity of the disease is decisively determined by climatic conditions, especially precipitation and
atmospheric humidity. Still, it manifests itself with a delay of 10-14 days compared to periods of heavy rainfall.
The 10-14 day delay occurs because Erwinia amylovora requires high humidity to infect flowers and spread to
shoots, then takes about two weeks to multiply in tissue before necrosis appears.Therefore, the NDRE
thresholds of 0.5-0.6 for early warning of E. amylovora attack and those of 0.2-0.3 for high-intensity attacks of
the bacterial pathogen can be validated.

Authors’ Contributions

Conceptualization: RLS, SC; Data curation: C.B, C.B; Formal analysis: C.B, RMS; Funding
acquisition: CB, RLS; Investigation: CB, RLS; Methodology: RMS, SC; Project administration: RLS;

16



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

Resources: CB; Software: SC; Supervision: RLS; Validation: SC; Visualization: CB; Writing - original draft:
CB; Writing - review and editing: RLS, RMS, SC.
All authors read and approved the final manuscript.

Ethical approval (for researches involving animals or humans)

Not applicable.

Acknowledgements

This work was supported by the Doctoral School of Plant and Animal Resources Engineering of the
University of Life Sciences "King Mihai I" from Timisoara, through doctoral grant.

Conflict of Interests

The authors declare that there are no conflicts of interest related to this article.

References

Abd El-Hameid SA, Eid NA, Abdalla, FM (2025). Effect of plant extracts and bacteria on productivity, quality, and control of
fire blight of pear. Egyptian Journal of Desert Research 75(1):111-134. 10.21608/ejdy.2025.354568.1196

Aéimovi¢ SG, Santander RD, Meredith CL, Pavlovi¢ ZM (2023). Fire blight rootstock infections causing apple tree death: A
case study in high-density apple orchards with Erwinia amylovora strain characterization. Frontiers in Horticulture
2:1082204. https://doi.org/10.3389/fhort.2023.1082204

Al-Saddik H, Simon JC, Cointault F (2017). Development of spectral disease indices for ‘Flavescence Dorée’ grapevine disease
identification. Sensors 17(12):2772. hetps://doi.org/10.3390/517122772

Amankulova K, Farmonov N, Mukhtorov U, Mucsi L (2023). Sunflower crop yield prediction by advanced statistical modeling
using satellite-derived  vegetation indices and crop phenology. Geocarto  International 38(1):2197509.
https://doi.org/10.1080/10106049.2023.2197509

Ault TR, Schwartz MD, Zurita-Milla R, Weltzin JF, Betancourt JL (2015). Trends and natural variability of spring onset in the
coterminous United States as evaluated by a new gridded dataset of spring indices. Journal of Climate 28:8363-8378.
htp://www.jstor.ong/stable/26195697

Aziz D, Rafiq S, Saini P, Ahad I, Gonal B, Rehman SA, ... Singh G (2025). Remote sensing and artificial intelligence:
Revolutionizing pest management in agriculture. Frontiers in  Sustainable Food  Systems9:1551460.
hittps://doi.org/10.3389/fiufs.2025.1551460

Boiarskii B, Hasegawa H (2019). Comparison of NDVI and NDRE indices to detect differences in vegetation and chlorophyll
content. Journal of Mechanics of Continua and Mathematical Sciences 4:20-29.
bttps://doi.org/10.26782/jmcms.spl.4/2019.11.00003

Carneiro FM, Furlani CEA, Girio LAS, Silva RP, Malheiros EB (2017). Mechanized and individualized application of N-P-K
in combined operations in sugarcane. Engenharia Agricola 37(4):676-688. http://dx.doi.org/10.1590/1809-4430-
Eng.Agric.v37n4p676-688/2017

Cui Z, Huntley RB, Zeng Q, Steven B (2021). Inoculation of stigma colonizing microbes to apple stigmas alters microbiome
structure  and  reduces the occurrence of fire blight disease. Phytobiomes Journal = 5:156-165.
https://doi.org/10.1094/PBIOMES-04-20-0035-R

17



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

D’Auria D, Ristorto G, Persia F, Vidoni R, Mazzetto F (2016). Reversible data hiding based on image interpolation with a secret
message reduction strategy. International Journal of Computer & Software Engineering 1:103.
https://doi.ong/10.15344/2456-4451/2016/103

Dagher F, Olishevska S, Philion V, ZhengJ, Déziel E (2020). Development of a novel biological control agent targeting the phyto
pathogen Erwinia amylovora. Heliyon 6(10):05222. https://doi.ong/10.1016/j.heliyon.2020.e05222

Daglio G, Cesaro P, Todeschini, V, Lingua G, Lazzari M, Berta G, Massa N (2022). Potential field detection of Flavescence dorée
and Esca discases wusing a ground sensing optical system.Biosystems Engineering 215:203-214.
https://doi.org/10.1016/].biosystemseng.2022.01.009

Das PK, Laxman B, Rao SK, Seshasai MVR, Dadhwal VK (2015). Monitoring of bacterial leaf blight in rice using ground-based
hyperspectral and LISS IV satellite data in Kurnool, Andhra Pradesh, India. International Journal of Pest Management
61:359-368. }Jtlp.i://doi.org/la 1080/09670874.2015.1072652

Dougherty L, Wallis A, Cox K, Zhong G-Y, Gutierrez B (2021). Phenotypic evaluation of fire blight outbreak in the USDA
Malus collection. Agronomy 11:144. https://doi.org/10.3390/agronomy11010144

EOS Data Analytics NDRE (2023). EOS NDRE. Retrieved 2025 March 10 from h#tps://eos.com/industries/agriculture/ndre/

European Space Agency (2025). S2 MSI  Product Specification. Retrieved 2025 March 12 from
bttps://sentinel.esa.int/documents/247904/349490/52

European Space Agency (2025). Sentinel-2 user handbook; ESA Standard Document; ESA: Paris, France, 2015; Retrieved 2025
March 12 from hitps://sentinel.esa.int/documents/247904/685211/Sentinel-2_User_Handbook

Fallah MA, Yadegari M, Nejad GD, Nemati SH (2025). The rootstock type affecting fruit yield, and quality, and fire blight
resistance of ‘Dargazi’ and ‘Beyrouti’ pear genotypes. Discover Plants 2:137. https://doi.org/10.1007/544372-025-00217-
0

Fuentes-Pefailillo F, Gutter K, Vega R, Silva G (2024). Transformative technologies in digital agriculture: Leveraging internet
of things, remote sensing, and artificial intelligence for smart crop management. Journal of Sensor and Actuator
Networks 13(4):39. bttps://doi.org/10.3390/jsan13040039

Genangeli A, Allasia G, Bindi M, Cantini C, Cavaliere A, Genesio L, Giannotta G, Miglietta F, Gioli B (2022). A novel
hyperspectral method to detect moldy core in apple fruits. Sensors 22(12):4479. https://doi.org/10.3390/522124479

Gheorghiu N, Cosmulescu S (2022). Changes in spring phenology in apple tree and its resistance to late frost under the climate
conditions of Stanesti Arca, Arges County, Romania. AgroLife Scientific Journal 11(2):52-57.
https:// doi.o;’g/ 10.17930/AGL202226

Gong Z, Ge W, Guo J, Liu J. (2024). Satellite remote sensing of vegetation phenology: Progress, challenges, and opportunities.
ISPRS Journal of Photogrammetry and Remote Sensing 217:149-164. https://doi.org/10.1016/].isprsjprs.2024.08.011

Gusberti M, Klemm U, Meier MS, Maurhofer M, Hunger-Glaser I (2015). Fire blight control: the struggle goes on. A
comparison of different fire blight control methods in Switzerland with respect to biosafety, efficacy and
durability. International ~ Journal of Environmental Research and Public Health 12(9):11422-11447.
https://doi.ong/10.3390/ijerph12091 1422

Hari Haran B, Swetha A, Chitra R, Vishwa M (2025). Advanced NDRE techniques for precision crop monitoring and analysis.
In 2025 IEEE International Students' Conference on Electrical, Electronics and Computer Science (SCEECS). IEEE
pp 1-4. hetps://doi.ong/10.1109/5ceecs64059.2025.10941496

Huang Z, Bai X, Gouda M, Hu H, Yang N, He Y, Feng X (2025). Transfer learning for plant disease detection model based on
low-altitude UAV remote sensing. Precision Agriculture 26(1):15. h#tps://doi.org/10.1007/511119-024-10217-x.

Iakimova ET, Sobiczewski P, Michalczuk L, Wegrzynowicz-Lesiak E, Mikiciriski A, Woltering EJ (2013). Morphological and
biochemical characterization of Erwinia amylovora induced hypersensitive cell death in apple leaves. Plant Physiology
and Biochemistry 63:292-305. hztps://doi.org/10.1016/j.plaphy.2012.12.006

Jang C, Namoi N, Wolske E, Wasonga D, Behnke G, Bowman ND, Lee DK (2024). Integrating plant morphological traits with
remote-sensed multispectral imagery for accurate corn grain yield prediction.PLoS One 19(4):¢0297027.
bttps://doi.org/10.1371/journal.pone.0297027

Kannan P, Abishek J, Pazhanivelan S, Firnass MMRA (2025). Farming from above: the role of UAVs in modern agricultural
practices. In: Digital Farming and Smart Agriculture for Sustainable Future. Chapman and Hall/CRC pp 235-254.
btlps://doz‘.org/] 0.1201/9781003479154

18



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

Kapytina A, Turuspekova S, Kerimbek N, Kolchenko M, Pozharskiy A, Askarova M, ... Gritsenko D (2023). Genetic resistance
of pear cultivars to fire blight. International Journal of Biology and Chemistry 16(1):44-48.
bttps://doi.org/10.26577/ijbch.2023.v16.i1.04

Karthikeyan L, Chawla I, Mishra A (2020). A review of remote sensing applications in agriculture for food security: Crop growth
and yield, irrigation, and crop losses. Journal of Hydrology 586:124905. https://doi.org/10.1016/j.jhydyrol.2020.124905

Kaur N, Sharma AK, Shellenbarger H, Griffin W, Serrano T, Brym Z, ... Sharma LK (2025). Drone and handheld sensors for
hemp: Evaluating NDVI and NDRE in relation to nitrogen application and crop yield. Agrosystems Geosciences &
Environment 8(1):¢70075. https://doi.org/10.1002/agg2.70075

Kendall H, Clark B, Li W, Jin S, Jones GD, Chen J, Taylor J, Li Z, Frewer L] (2022). Precision agriculture technology adoption:
A qualitative study of small-scale commercial “family farms” located in the North China Plain. Precision Agriculture
23:319-351. https://doi.org/10.1007/s11119-021-09839-2

Liu J, Wang W, Li J, Mustafa G, Su X, Nian Y, ... Li X (2025). UAV remote sensing technology for wheat growth monitoring
in precision agriculture: Comparison of data quality and growth parameter inversion. Agronomy 15(1):159.
bttps://doi.org/10.3390/agronomy15010159

LiuY, FengH, YueJ,Jin X, Fan Y, Chen R, Yang G (2024). Improving potato AGB estimation to mitigate phenological stage
impacts through depth features from hyperspectral data. Computers and Electronics in Agriculture 219:108808.
bttps://doi.org/10.1016/j.compag.2024.108808

MacLean DE, Willick IR, Lahlali R, Jiang Y (2025). Enhancing the resilience of apple to fire blight and winter injury in a warming
world. In: Chen J-T (Ed). Plant Stress Tolerance. CRC Press pp 70-98. https://doi.org/10.1201/9781003543237

Markakis EA, Tjamos SE, Antoniou PP, Roussos PA, Paplomatas EJ, Tjamos EC (2010). Phenolic responses of resistant and
susceptible olive cultivars induced by defoliating and nondefoliating Verticillium dahliae pathotypes. Plant Disease
94:1156-1162. https://doi.org/10.1094/PDIS-94-9-1156

Martinelli E, Candeo A, Di Benedetto A, Yang N, Cremonesi M, Mederos-Henry F, Van der Snicke G, Nikiforv A, Comelli D
(2024). Use of hyperspectral imaging to monitor the effectiveness of plasma-generated atomic oxygen for non-contact
cleaning of indigo dyed silk. EP] Web of Conferences 309:14008. hztps://doi.org/10.1051/epjeont/202430914008

Mazzia V, Comba L, Khaliq A, Chiaberge M, Gay P (2020). UAV and machine learning based refinement of a satellite-driven
vegetation index for precision agriculture. Sensors 20(9):2530. hztps://doi.0rg/10.3390/520092530

Meena SV, Dhaka VS, Sinwar D (2020). Exploring the role of vegetation indices in plant diseases identification. Sixth
International Conference on Parallel, Distributed and Grid Computing (PDGC), Waknaghat, India pp 372-377.
https://doi.org/10.1109/PDGC50313.2020.9315814

Melnyk O, Brunn A (2025). Analysis of spectral index interrelationships for vegetation condition assessment on the example of
wetlands in Volyn Polissya, Ukraine. Earth 6(2):28. https://doi.org/10.3390/earth 6020028

Mendes R, Regalado L, Rezzonico F, Tavares F, Santos C (2024). Deciphering fire blight: From Erwinia amylovora ecology to
genomics and sustainable control. Horticulturae 10(11):1178. htps://doi.org/10.3390/horticulturae10111178

Naguib NS, Daliman S (2022). Analysis of NDVI and NDRE indices using satellite images for crop identification at Kelantan.
In: 4th International Conference on Tropical Resources and Sustainable Sciences 2022 IOP Conf. Series: Earth and
Environmental Science 1102:012054. bttps://doi.org/10.1088/1755-1315/1102/1/012054

Nicoletti R, De Masi L, Migliozzi A, Calandrelli MM (2024). Analysis of dieback in a coastal pinewood in Campania, Southern
Italy, through high-resolution remote sensing. Plants 13:182. h#tps://doi.org/10.3390/plants 13020182

Oecrke E (2020). Remote sensing of diseases. Annual Review of Phytopathology 58:225-252. hetps://doi.org/10.1146/annurev-
Phyto-010820-012832

Pédua L, Marques P, Adao T, Guimardes N, Sousa A, Peres E, Sousa JJ (2019). Vineyard variability analysis through UAV-based
vigour maps to assess climate change impacts. Agronomy 9(10):581. h##ps://doi.org/10.3390/agronomy9100581

Parvu M (2010). Ghid practic de fitopatologie. Presa Universitari Clujeand, Cluj-Napoca, Romania.

Pedroncelli A, Puopolo G (2024). This tree is on fire: a review on the ecology of Erwinia amylovora, the causal agent of fire blight
disease. Journal of Plant Pathology 106:823-837. https://doi.org/10.1007/s42161-023-01397-y

Pel C, Schenk M, Delbianco A, Vos S (2021). Pest survey card on Erwinia amylovora. EFSA Supporting Publications
18(7):6767E. https://doi.org/10.2903/sp.efia. 2021 EN-6767

Philion V, Trapman M (2011). Description and preliminary validation of RIMpro-Erwinia, a new model for fire blight forecast.
Acta Horticulturae 896:307-318. bztps://doi.org/10.17660/ActaHortic.2011.896.43

19



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

Pimentel D (2021). Fire Blight Erwinia amylovora. Retrieved 2025 July 04 from hetps://dr-achbani.com/wp-
content/uploads/2023/01/PaperBS8-DIMAP_ErwiniaAmylovora_Technology TransferReport.pdf

Quifiones T, Stoof C, Newman-Thacker F, Jiménez A, Bezares F, Ramirez J, Cardil A (2025). Remotely sensed vegetation
phenology drives large fire spread in northwestern Europe. International Journal of Wildland Fire 34(6):WF24079.
bttps://doi.org/10.1071/WF24079

Reis-Pereira M, Tosin R, Martins RC, Dos Santos FN, Tavares F, Cunha M (2023). Enhancing kiwi bacterial canker leaf
assessment: Integrating hyperspectral-based vegetation indexes in predictive modeling. Engineering Proceedings 48:22.
https://doi.org/10.3390/CSAC2023-14920

Reis-Pereira M, Verrelst J, Tosin R, Rivera Caicedo JP, Tavares F, Neves dos Santos F, Cunha M (2024). Plant disease diagnosis
based on hyperspectral sensing: Comparative analysis of parametric spectral vegetation indices and nonparametric
Gaussian process classification approaches. Agronomy 14(3):493. hetps://doi.org/10.3390/agronomy 14030493

Rosu-Mares D, Chiorean A, Moldovan C, Guzu G, Cordea M, Florian V (2024). Comparative study of some Romanian and
foreign apple cultivars response to natural infections with Erwinia amylovora (Burrill.). Journal of Central European
Agriculture 25(3):760-766. https://doi.org/10.17930/AGL202226

Rougerie-Durocher S, Philion V, Szalatnay D (2020). Measuring and modelling of apple flower stigma temperature as a step
towards  improved fire  blight  prediction. Agricultural and  Forest =~ Meteorology ~ 295:108171.
bttps://doi.org/10.1016/j.agrformet.2020.108171

Silceanu C, Paraschivu M, Cotuna O, Siriteanu V, Olaru AL, Pjunescu RA (2023). Economic importance and phytosanitary
monitoring of fire blight. Scientific Papers Series Management, Economic Engineering in Agriculture and Rural
Development 23(3):796-801.

Santander RD, Biosca EG (2017). Erwinia amylovora psychrotrophic adaptations: evidence of pathogenic potential and survival
at temperate and low environmental temperatures. Peer] 5:€3931. https://doi.org/10.7717/peerj. 3931

Schlathélter I, Broggini GAL, Streb S, Studer B, Patocchi A (2023). Field study of the fire blight resistant cisgenic apple line
C44.4.146. Plant Journal113(6):1160-1175. https://doi.org/10.1111/tpj. 16083

Sen S, Borkataki S, Maji S, Patel YK, Taye RR, Nanda SP (2025). Abiotic and biotic stress management in plants using different
geoinformatics approaches. In: Smart Technologies in Sustainable Agriculture. Apple Academic Press pp 197-214.

Sestras AF, Pamfil D, Dan C, Bolboaca SD, Jintschi L, Sestras RE (2011). Possibilities to improve apple scab (Venturia inaequalis
(Cke.) Wint.) and powdery mildew [Podosphaera leucotricha (ElL et Everh.) Salm.] resistance on apple by increasing
genetic diversity using potentials of wild species. Australian Journal of Crop Science 5:748-755.

Sestras AF, Sestras RE, Barbos A, Militaru M (2008). The differences among pear genotypes to fire blight (Erwinia amylovora)
attack, based on observations of natural infection. Notulae Botanici Horti Agrobotanici Cluj-Napoca 36:97-103.
hitps://doi.org/10.15835/nbha36277

Shahi TB, Xu CYY, Neupane A, Guo W (2023). Recent advances in crop disease detection using UAV and deep learning
techniques. Remote Sensing 15(9):2450. betps://doi.org/10.3390/rs15092450

Simionca Mircisan LI, Oltean I, Popa S, Plazas M, Vilanova S, Gramazio P, Sestras AF, Prohens J, Sestras RE (2023).
Comparative analysis of phenotypic and molecular data on response to main pear diseases and pest attack in a germplasm
collection. International Journal of Molecular Sciences 24:6239. https://doi.org/10.3390/ijms24076239

Singh P, Pandey PC, Petropoulos GP, Pavlides A, Srivastava PK, Koutsias N, Deng KAK, Bao Y (2020). Hyperspectral remote
sensing in precision agriculture: Present status, challenges, and future trends. In: Pandey PC, Srivastava PK, Petropoulos
GP (Eds). Hyperspectral Remote Sensing; Elsevier, Amsterdam, The Netherlands pp 121-146.
https://doz‘.org/] 0.1016/b978-0-08-102894-0.00009-7

Skoneczny H, Kubiak K, Spiralski M, Kotlarz ], Mikicinski A, Putawska J (2020). Fire blight disease detection for apple trees:
Hyperspectral analysis of healthy, infected and dry leaves. Remote Sensing 12:2101. h#tps://doi.org/10.3390/rs1213210

Slack SM, Schachterle JK, Sweeney EM, Kharadi RR, Peng J, Botti-Marino M, Bardaji L, Pochubay EA, Sundin WGW (2022).
In-orchard population dynamics of Erwinia amylovora on apple flower stigmas. Phytopathology 112:1214-1225.
htlps://doz‘.org/ 10.1094/PHYTO-01-21-0018-R

Slack SM, Yuan X, Outwater CA, Sundin GW (2025). Identification of a reduced rate combination of a plant growth inhibitor
with a plant defense inducer for the management of the shoot blight phase of fire blight. Plant Discase 109(5):1148-
1157.

20



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

Solano-Alvarez N, Valencia-Herndndez JA, Vergara-Pineda S, Millin-Almaraz JR, Torres-Pacheco I, Guevara-Gonzalez RG
(2022). Comparative analysis of the NDVI and NGBVT as indicators of the protective effect of beneficial bacteria in
conditions of biotic stress. Plants 11:932. https://doi.org/10.3390/plants11070932

Sun W, Gong P, Zhao Y, Ming L, Zeng Q, Liu F (2023). Current situation of fire blight in
China. Phytopathology 113(12):2143-2151. https://doi.org/10.1094/PHYTO-05-23-0170-RVW

Terentev A, Dolzhenko V, Fedotov A, Eremenko D (2022). Current state of hyperspectral remote sensing for early plant discase
detection: A review. Sensors 22(3):757. bttps://doi.org/10.3390/s22030757

Treutter D (2005). Significance of flavonoids in plant resistance and enhancement of their biosynthesis. Plant Biology 7:581-
S91. hittps://doi.ong/10.1055/5-2005-873009

Van Der Zwet T, Keil HL (1979). Fire blight: A bacterial discase of rosaceous plants. No. 510. US Department of Agriculture,
Washington D.C. p 200.

Vellingiri A, Kokila R, Nisha P, Kumar M, Chinnusamy S, Boopathi S (2025). Harnessing GPS, sensors, and drones to minimize
environmental impact: Precision agriculture. In: Thandekkattu SG, Vajjhala VR (Eds). Designing sustainable internet
of things solutions for smart industries. IGI Global pp 77-108. https://doi.org/10.4018/979-8-3693-5498-8.ch 004

Vidican R, Milinas A, Ranta O, Moldovan C, Marian O, Ghete A, Ghise CR, Popovici F, Citunescu GM (2023). Using remote
sensing vegetation indices for the discrimination and monitoring of agricultural crops: A critical
review. Agronomy 13:3040. hztps://doi.org/10.3390/agronomy13123040

Viljevac M, Dugali¢ K, Stolfa I, Dermi¢ E, Cvjetkovi¢ B, Sudar R, Kovagevi¢ ], Cesar V, Lepedus H, Jurkovi¢ Z (2009).
Biochemical basis of apple leaf resistance to Erwinia amylovora infection. Food Technology and
Biotechnology 47(3):281-287.

Voitik A, Kravchenko V, Pushka O, Kutkovetska T, Shchur T, Kocira S (2023). Comparison of NDVI, NDRE, MSAVI and
NDSI indices for early diagnosis of crop problems. Agricultural Engineering 27:47-57. https://doi.org/10.2478/agriceng-
2023-0004

Wallis AE, Cox KD (2020). Management of fire blight using pre-bloom application of prohexadione-calcium. Plant
Disease 104(4):1048-1054. htlps://doz‘.org/] 0.1094/PDIS-09-19-1948-RE

Weiss M, Jacob F, Duveiller G (2020). Remote sensing for agricultural applications: A meta-review. Remote Sensing of
Environment 236:111402. https://doi.org/10.1016/j.75¢.2019.111402

Xu R, Adam L, Chapados ], Soliman A, Daayf F, Tambong JT Min (2021). ION Nanoporebased detection of Clavibacter
nebraskensis, the corn Goss’s wilt pathogen, and bacteriomic profiling of necrotic lesions of naturally infected leaf
samples. PLoS One 16:¢0245333. hitps://doi.org/10.1371/journal.pone.0245333

Zepner L, Karrasch P, Wiemann F, Bernard L (2020). ClimateCharts.net an interactive climate analysis web platform.
International Journal of Digital Earth 4(3):338-356. h#tps://doi.org/10.1080/17538947.2020.1829112

Zevgolis YG, Kouris A, Christopoulos A, Dimitrakopoulos PG (2023). Linking thermal indices, productivity, phenotypic traits,
and stressors for assessing the health of centennial traditional olive trees. Applied Sciences 13(20):11443.
https://doi.org/10.3390/app132011443

Zhang]J, Zhang Z, Wen Y, Zhu J, Wufuerjiang A, Tian J (2025). Evaluation of the efficacy of three antagonistic bacteria strains
in the management of fire Dblight. International  Journal of Molecular  Sciences26(9):4438.
https://doi.org/10.3390/ijms26094438

Zhao H, Yang C, Guo W, Zhang L, Zhang D (2020) Automatic Estimation of crop discase severity levels based on vegetation
index normalization. Remote Sensing 12:1930. he#ps://doi.org/10.3390/rs12121930

The journal offers free, immediate, and unrestricted access to peer-reviewed research and scholarly work. Users are
OPEN ACCESS| allowed to read, download, copy, distribute, print, search, or link to the full texts of the articles, or use them for any
other lawful purpose, without asking prior permission from the publisher or the author.
License - Articles published in Notulae Botanicae Horti Agrobotanici Cluj-Napoca are Open-Access,
distributed under the terms and conditions of the Creative Commons Attribution (CC BY 4.0) License.

BY © Articles by the authors; Licensee UASVM and SHST, Cluj-Napoca, Romania. The journal allows the author(s) to

hold the copyright/to retain publishing rights without restriction.

21



Baciu C et al. (2025). Not Bot Horti Agrobo 53(3):14657

Notes:

»  Material disclaimer: The authors are fully responsible for their work and they hold sole responsibility for the articles published
in the journal.

»  Maps and affiliations: The publisher stay neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

»  Responsibilities: The editors, editorial board and publisher do not assume any responsibility for the article’s contents and for
the authors’ views expressed in their contributions. The statements and opinions published represent the views of the authors
or persons to whom they are credited. Publication of research information does not constitute a recommendation or
endorsement of products involved.

22



