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Precision agricultural (PrA) technology relies on the utilization of special equipment to access real time obser-
r vations on plant health status, chlorophyll, nitrogen content, and soil moisture content. In this research new PrA
Maize technology (i.e., SPAD (Soil Plant Analysis Development), and UAV-based NDVI (Unmanned Aerial Vehicle-

PDlizltlfsht thetic performance based Normalized Difference Vegetation Index) were used to monitor maize yield based on different filed tri-
Hungaz; P als in eastern part of Hungary. Our study aimed to examine the utilization of PrA technology specifically SPAD

and UAV-based NDVI measurements for monitoring maize GY under irrigated and rainfed experimental setups in
Hungary with varied nitrogen treatment for the year 2022. The results showed that the SPAD increased in all
treatments (14.7 %; p < 0.05) from V6-V8 in the rainfed treatments, decreased significantly (p < 0.05) by 13.9 %
(R1) and 30.6 % (R3). However, implementation of irrigation significantly increased the SPAD values in majority
of treatments. Also, results reveal that, under irrigated and rainfed conditions the highest UAV-based NDVI value
(0.703, 0.642) was obtained in V12 (A120 treatment) and highest NDVI value (0.728, 0.662) was obtained in Vn
(A120 treatment). Remarekedly, irrigation led to significant differences (p < 0.05) of UAV-based NDVI values
compared with none irrigated. On the other hand, implementation of 120 kg N ha~! before sowing led to highest
GY, especially under irrigated conditions (8.649 Mg ha™1). The overall mean GY under rainfed treatment was
6.256 Mg ha~!, while under irrigated treatment it increased by 37.2 % and reached 8.581 Mg ha™! (p < 0.05). In
conclusion, PrA technology will support farmers in making informed decisions regarding fertilization strategies
and timing, which will in turn maximize yield and minimize risk.

1. Introduction 4.5 billion people in 94 developing countries [5]. With projected world

population growth, increasing demand for food products and changing

Maize is the second most widely grown crop globally after wheat and
is a key component of animal feed playing a significant role in global
agri-food systems and securing nutrition [1-3]. The global maize pro-
duction accounts for 197 million ha majorly in Latin America, Asia, and
Sub-Saharan Africa [2]. Europe is also reported to be a good contributor
for maize in terms of increasing yield from past two decades [4] sharing
11 % of the world’s maize production [2]. The three major crops i.e.,
wheat, maize, and rice provide 30% of the dietary calories for more than
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diets, increasing the yield, yield stability and quality of maize is of key
importance [6,7]. The situation is complicated by the loss of arable land
[8] and increasingly extreme environmental conditions due to climate
change [9-11]. Numerous climatic extremes including heat stress and
drought conditions leads to a reduction in cereal grain filling by
reducing the spikelet fertility and increasing the rate of transpiration
ultimately causing a significant decline in cereal yield [12]. Frequent
occurrence of droughts and high temperatures lowers the moisture
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Table 1
A review of recent studies with PrA applications in agricultural management practices.
Crops/plants PrA tool Objective Main finding Reference
Maize UAV- multispectral and Estimate AGB of maize crop in different growth stages Fusing multisource sensors data (SPAD + UAV) improved [36]
thermal sensor, SPAD using PrA tools the prediction accuracy of AGB of maize
Wheat UAV, SPAD Estimating SPAD chlorophyll measurements from UAV UAV multispectral indices provided accurate SPAD [37]
multispectral indices at different nitrogen levels using chlorophyll estimation using PLS regression 14 days after
machine learning heading.
Rice UAV multispectral sensor ~ Biomass and nitrogen estimation from UAV images UAV indices were highly correlated with ground SPAD [38]
nitrogen measurements and better able to predict wet and
dry biomass
Maize UAV multispectral, SPAD  Predict SPAD measured chlorophyll content of maize UAV multispectral images with machine learning [39]
leaves using UAV multispectral images algorithm effectively predicted SPAD values at different
spatial scales
Wheat Hyperspectral indices, Predicting wheat grain yield and protein content from LAI ~ Growth monitor index with canopy spectral information [40]
SPAD and SPAD values at different growth stages with varying  provided and improved prediction of
moisture and nitrogen rates
Paddy rice UAV multispectral To estimate plant nitrogen content from UAV NDRE and RECI correlated with N-index. [41]
multispectral sensor, SPAD, nitrogen index
Rice UAV, SPAD Estimate leaf nitrogen through UAV-derived algorithms UAV-algorithms provide more accurate estimation with [42]
ground truth SPAD values integrated into machine less dependency on SPAD measurements
learning algorithms
Ornamental SPAD, GreenSeekerTM Examine overfertilization impacts measuring plant Small amount of controlled nitrogen monitored through [43]
plants nutrient uptake at different nitrogen levels non-destructive optical sensor technology proved to be
effective in managing nutrient levels.
Maize UAV multispectral, SPAD Estimate the accuracy of SPAD from UAV-NDVI, and RENDVI camera performed better than NDVI in SPAD [44]

RENDVI under different nitrogen treatments at plot level

predictions

content, offset the maize plant growth unless provided with sufficient
irrigation supported with fertilization [13]. It is expected that by 2050,
there would be a 20 % decline in maize yield under projected climatic
scenarios of global warming and drought stress [14].

A critical cultivation technology component of maize GY improve-
ment is a balanced nutrient supply, with especial regard to N-supply [15,
16], as it is an essential element of plant biochemical and physiological
processes [17-19]. Applying the appropriate quantity of N fertilizer can
help GY growth [20], but applying excessive amounts is wasteful, in-
creases costs [21], does not improve GY, impairs water balance, and
might cause nitrate pollution [22]. Monitoring maize GY largely de-
pends on the reliable information about maize leaf chlorophyll content
during the growing season that is much needed for appropriate appli-
cation of N-fertilization in plant without environmental damage [23,
24]. Chlorophyll is the photosynthetic pigment of the plant, playing a
central role in light absorption, energy conversion and organic synthesis
in plants [25]. Since chlorophyll content is closely related and correlated
with leaf nitrogen concentration, and an important indicator for moni-
toring plant nitrogen status, development, growth, and GY [26]. It also
provide an opportunity to schedule nitrogen fertilizer application and
determine the optimal amount [27].

The use of PrA technology (refers to an information technology (IT)
based farm management system) in this regard is indispensable in all
types of environmental conditions [28]. PrA technology relies on the
utilization of special equipment, sensor devices, real time kinematic
(RTK) and un-named aerial vehicles (UAVs) to access real time obser-
vations on plant health status, chlorophyll, nitrogen, and soil moisture
content [29]. Optical sensor devices like Soil Plant Analysis Develop-
ment (SPAD) meter are cost effective and non-destructive handled PrA
technology used to monitor in situ plant fertilization or N status to assist
improving GY prediction [30]. The SPAD-502 chlorophyll meter is based
on the radiation absorption in leaves in the red (R) (650 nm) and
near-infrared (NIR) (940 nm) range. The 650 or red wavelength is
correlated with the chlorophyll content in the leaf while 940 or NIR
provides the detail of leaf moisture content and plant thickness [31].
Previously, it has been used in various studies as a PrA tool for effective
farm management and GY improvement [32]. The relative chlorophyll
content values at leaf level measured by the instrument are closely
related to the leaf N-value and total chlorophyll concentration at
different developmental stages, as confirmed by numerous researchers
[16,33]. Unmanned aerial vehicle (UAV) based multispectral remote

sensing technology is more advanced PrA technology widely used to
extract phenophase information, leaf area index (LAI), carotenoid esti-
mation, and SPAD prediction [34,35]. A brief review of similar recent
applications of PrA technology in different crop management practices
are presented in Table 1.

The optical and thermal infrared sensors of UAVs are capable to
derive several vegetation indices like normalized difference vegetation
index (NDVI), normalized difference red edge index (NDRE) used to
estimate the biomass, chlorophyll, and nitrogen content, and predict
crop yields in high spatial resolution [44] with flexibility, rapid and
non-destructive diagnosis [45,46]. It is profitable and cost-effective
[47], but this can only be achieved by the optimal timing of surveys
[48]. However, monitoring and measuring the plant chlorophyll and
fertilization status from PrA technology largely depends on soil moisture
content sourced by rainfall in natural and irrigation in human developed
scenarios [40,49].

Irrigation is a key factor that influences the photosynthetic perfor-
mance of maize due to severe water stress, which otherwise can greatly
reduce the relative chlorophyll content and net photosynthesis, resulting
in significant GY loss [50].

Formerly, studies have proven the application of SPAD and UAV PrA
technology for monitoring GY under stressed and non-stressed envi-
ronment [41,51,52]. For instance, a few studies reported the use of
SPAD and UAV based measurements for sun-induced chlorophyll and
grain yield measurements in particular experimental setup in Europe as
well [53,54]. Hungary, from central Europe experienced moderate to
severe drought spells in recent past years with unprecedented impacts
on maize and wheat yield [55-57]. Specifically, the recent drought year
of 2022 is well recognized in research [58,59] to cause agriculture
drought and impact grain yield.

In this context, our study aimed to examine the utilization of PrA
technology specifically SPAD and UAV-based NDVI measurements for
monitoring maize GY under irrigated and rainfed experimental setups in
Hungary with varied nitrogen treatment for the year 2022. Specifically,
we analyzed the correlation between different levels of basal nitrogen
and top-dressing treatments, irrigation, and chlorophyll content using
spectral values (SPAD, UAV-based NDVI). It facilitated determining the
required amount of N, the timing of its application and the influence of
irrigation for achieving higher GY. Overall, the output of this research
provides an effective utilization of PrA technology for grain yield
monitoring proposing an optimistic future for farm management under
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Fig. 1. Location of the experimental area. (A: Hungary, Debrecen; B: layout of the basal and top-dressing nitrogen treatment experiment, established by A.

Széles, 2011).

Table 2
Nitrogen treatments and period for the factorial design.
No.  Code Nitrogen treatments period
1 Ay Control Control
2 Aso 60 kg N ha! Before sowing
3 A120 120 kg N ha ™! before sowing Before sowing
4 V690 60 kg N ha~! before sowing +30 kg before sowing + V6

N ha™! during the V6 phenophase phenophase

5 V6150 120 kg N ha! before sowing +30kg  before sowing + V6
N ha™! during the V6 phenophase phenophase

6 V12150 60 kg N ha™! before sowing +30 kg Before sowing + V6
N ha~! during the V6 phenophase phenophase + V12
+30 kg N ha™! during the V12 phenophase
phenophase

7 V12150 120 kg N ha~! before sowing +30kg  Before sowing + V6

N ha™! during the V6 phenophase
+30 kg N ha™! during the V12
phenophase

phenophase + V12
phenophase

drought and non-drought conditions to maximize the GY.
2. Materials and methods
2.1. Experimental site

This research was carried out in central Europe within the research
station of the University of Debrecen (47° 33' N, 21° 26'E, altitude 111
m) (Fig. 1). The experiment was conducted using factorial design, with
two-replicate. The main plots were set up with three hybrids (Merida,
Armagnac, Fornad), split-plots with irrigation (rainfed, irrigated) and
split-split-plots with nitrogen treatment doses.

2.2. Soil data

The soil of the experiment can be characterized with high clay loam
content (42 %) with humic layer (80-100 cm), and medium-
compaction, and can be classified as lowland calcareous chernozem

(Mollisol-Calciustoll or Vermustoll, USDA). The average pHgc; is 6.6 and
nitrogen N-supply of the soil is medium (humus content: 2.6 %, total N
= 0.14-0.18 %). The soil is calcareous in the upper 80 cm, but moder-
ately calcareous (12 %) from 100 cm. The original AL-soluble P2Os
content of the soil is 130 mg/kg and the AL-soluble K50 content is 240
mg/kg.

2.3. Experimental design

Before sowing, 27 % Genesis CAN (calcium ammonium nitrate) was
applied. To meet the factorial design, the nitrogen rates were split be-
tween basal and top-dressing treatments. All nitrogen doses and period
are presented in Table 2.

In terms of current climate change, especially drought in Hungary,
irrigation was considered as the second factor. Thus, plots were split to
irrigated and none irrigated (rainfed). The total irrigation water applied
was 115 mm, broken down as follows: 25 mm (21st May); 30 mm (13-
16 June); 30 mm (3rd July) and 30 mm (16th July).

The maize was sown on 14.04.2022 and harvested on 05.10.2022;
the plant density was 73 thousand plants/ha. The evaluation was carried
out using two maize hybrids of the medium maturity group (FAO
400-499). Harvested yield GY (t ha~1) was indicated by correcting it for
14 % moisture.

2.4. An outlook of climate conditions during the experiment

In the first month of the growing season (April), rainfall was in line
with the average for the reference period (1981-2010) (54 mm), while
temperatures were 2.2 °C lower. Rainfall in May and June was 10 mm
and 19 mm respectively, only 15 and 29 % of the multiannual average
(Fig. 2). This was coupled with mean temperatures in May and June that
were 1 °C and 2.9 °C above the multi-year average. The drought
continued in July (21 mm) and August (28 mm), and the situation was
exacerbated by the fact that the monthly mean temperatures for these
two months were 2.1 °C and 2.7 °C above the multi-year average.
September received the highest rainfall (162 mm), more than three
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Fig. 3. Rainfall distribution and daily mean temperature trends from sowing to harvest.

times of average. (Fig. 2). Overall, the climatic conditions for the
growing season 2022 (April-September) deviated from the climatic data
for the reference period (1981-2010). The rainfall of the growing season
was below the multi-year average (294 mm), accounting for 85 % of the
average, and was characterised by an inappropriate temporal distribu-
tion. The mean temperature was 1 °C above the multi-year average
(18.5 °Q).

The temporal pattern of rainfall during the growing season (from
sowing to harvesting) and the daily mean temperature trends are shown
in Fig. 3. Of the 35 days with rainfall, 23 days were below 10 mm and 9
days were above 10 mm. Rainfall exceeding 20 mm was recorded on 3
days. Reflecting the extreme weather conditions, maize water re-
quirements at flowering stage (R1) were 4.5-5.5 mm/ha per day, while
there was only 3 mm of rainfall during the 31 days between phenophases
V8 and R1, and average temperature also increased significantly
(23.7 °C). Between phenophases R1-R3, there was 21 mm rainfall with
an average temperature of 22.8 °C. Significant rainfall occurred after the
R6 phenophase (146 mm).

Hence, Due to less rainfall and prevailing drought conditions during
the growing season and the unique challenges posed by this specific
climatic context, a one-year experimental duration was deemed fitting
to comprehensively capture the impact of varied nitrogen treatments in
rainfed and irrigated experimental setups.

2.5. PrA instruments and test methods

2.5.1. The SPAD-502

A Minolta SPAD-502 portable device (Minolta Camera Ltd., Osaka,
Japan) was used for the non-destructive assessment of leaf chlorophyll
content [60]. The illumination system of the device contains two pho-
todiodes, one red (max 650 nm) and one infrared (max. 940 nm). The
two photodiodes emit light alternately with equal brightness. The illu-
minated area is 6 mm?. The two types of light pass through the leaf plate
and some of it is reflected (reflection), some is absorbed (absorption)
while the rest penetrates the leaf (transmission). The light that pene-
trates the leaf is picked up by a sensor consisting of a silicone photodiode
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letters are significantly different from each other based on the on Duncan’s test at the p < 0.05 probability level. Irrigation effect: *p < 0.5; **p < 0.1; ***p < 0.001).

Table 3
Effect of nitrogen treatment and irrigation on spectral values (SPAD and UAV-
based NDVI) and GY of maize, 2022.

Nitrogen treatment SPAD value UAV-based NDVI GY Mg ha!
Rainfed

Ao 34.0a 0.479a 4.222a

Ago 40.3b 0.538b 6.954bc

A120 40.6b 0.562b 8.649d

V699 39.8b 0.535b 6.586b

V6150 40.8b 0.539b 7.587¢

V12429 41.1b 0.527b 6.837bc

V12180 41.7b 0.528b 7.030bc

Average 38.5 0.518 6.256
Irrigated

Ay 32.6a 0.511a 5.149a

Ago 42.5b 0.603bc 9.903¢

A1z 43.8bc 0.623c 11.863e

V690 44.4bc 0.597bc 10.220cd

V6150 45.5¢ 0.597bc 10.782d

V12129 43.6bc 0.561b 8.858b

V12150 44.4bc 0.565b 10.153cd

Average 40.2 0.564 8.581
Irrigation effect

Ao ns . o

A60 ns ek ek

A1z *

V690 o

V6150 ek st

V12159 ns ns ok

V12,59 ns ns

Average ek el dodk

Note: The nitrogen treatments of the values marked with different lowercase
letters within the columns are significantly different from each other based on
the on Duncan’s test at the p < 0.05 probability level. Irrigation effect: ns = not

significant, *p < 0.5; **p < 0.1; ***p < 0.001.

and converted into an analogue electrical signal. The instrument am-
plifies the electrical signal and converts it into a number. The calculation
is based on the ratio of the intensity of the infrared and red light passing
through the leaf. The higher the ratio, the more red light is absorbed by
the leaves of the plant, which is closely related to the chlorophyll con-
tent. The SPAD value can range from O to over 100 [61,62]. SPAD
measurements were performed in the phonological phases V6, V8, V12,
Vn, R1 and R3. Measurements were taken per hybrid per Nitrogen
treatment, on the 6th, 7th, and 8th plants of the second left row of each
plot. Between V6 and R1 phenophase on the latest released fully
developed leaf, between R1-R6 phenophase on the leaf at the ear [63].

2.5.2. UAV/drone image acquisition

The UAV-NDVI measurements were performed using a DJI Phantom
4 Pro V2 drone equipped with Sentera Double 4K TrueNDVI and
TrueNDRE sensors [64] in six phenophases (V6, V8, V12, Vn, R1, R3)
simultaneously with the SPAD measurements. The flying height was set
to 80 m. The precise plot boundaries were determined by another PrA
instrument i.e., Trimble RTK [65]. All georeferenced UAV images were
stitched to make orthomosaic with a spatial resolution of 2 cm in open
source WebODM program for further analysis [66]. The other products
developed included digital surface model (DSM) and digital terrain
model (DTM) which were not used in analysis. The orthorectified photos
were further processes in open source QGIS environment for NDVI
measurements.

For accurate channels (wavelengths) separation, a set of equations
were used to subtract out the effect of the out of band channels [64].
These includes eq (1)), 2), and 3):

Red = — 0.966 x DNblue + 1 x DNred (€8]

NIR =4.350 x DNblue — 0.286 x DNred (2)
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The resulting NDVI images were analyzed in the QGIS environment
to calculate mean NDVI of each plot using “zonal statistics” function.

2.6. Statistical analysis

First, the effects of nitrogen treatments on SPAD and UAV-NDVI for
irrigated and rainfed conditions are examined in Box-plot distribution
plots with significant *p < 0.5; **p < 0.1; ***p < 0.001 mean difference
plotting from Duncan’s test in OriginLab [67]. Multivariate factorial
analysis of variance ANOVA from generalized linear model (GLM) was
used to examine the effects of nitrogen treatments, irrigation, and hybrid
on GY.

The comparison of mean values of different treatment practices were
analyzed using Duncan multiple range test (DMRT) [68] to avoid the
accumulation of first-order error. The DMRT is a post-hoc statistical
analysis to examine the significant differences between various treat-
ments of an experimental setup [69]. It significantly compares the
means of all possible pairs of different treatment groups. Currently,
DMRT is employed in different nitrogen treatments to evaluate the

level.

Furthermore, the significant relationship of nitrogen treatment with
SPAD and NDVI values were examined by parabolic (quadratic)
regression analysis. The independent variable was nitrogen treatment,
and the dependent variables were SPAD and UAV-NDVI. The significant
relationship was evaluated based on coefficient of determination (Rz).
The correlation between SPAD and grain yield, and UAV-NDVI and grain
yield were analyzed using bivariate linear regression analysis. The in-
dependent variables were SPAD and UAV-NDVI, and the dependent
variable was grain yield. Here also, the significant relationship was
evaluated based on the coefficient of determination (r2). The statistical
evaluation was performed using the latest version of the R environment
and results are plotted in OriginLab.

3. Results

3.1. Effect of nitrogen treatment and irrigation on studied maize
indicators

During the growing season, the SPAD values varied from 23.0 to 48.4
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Table 4
Effect of nitrogen and irrigation treatments on the SPAD values of maize in
phenological stages, 2022.

Nitrogen Phenological phases

treatments
Vvé V8 vi2 Vn R1 R3
Rainfed

Ay 38.3a; 43.0a; 36.2a; 29.7a; 33.6a; C 23.0a; A
D E D B

Ago 40.4a; 46.1a; 43.0b; 34.9b; 44.0b; 33.3b; A
B C BC A BC

A1z 41.4a; 47.3b; 42.0b; 33.8b; 42.6b; B 36.7b; A
B C B A

V690 40.1a; 48.4b; 42.2b; 33.4b; 40.3b; B 34.5b; A
B C B A

V6150 41.7a; 48.2b; 41.0b; 33.5b; 41.9b; B 38.2b; B
B C B A

V12139 41.8a; 48.0b; 42.8b; 34.6b; 41.9b; 37.7b;
BC C BC A BC AB

V1259 41.7a; 47.9b; 40.5b; 35.6b; 45.5b; 38.9b;
BC D ABC A CD AB
Irrigated

Ay 35.4a; 39.0a; 32.6a; 30.1a; 34.4a; 24.4a; A
D E C B CD

Aso 40.5b; 46.3b; 44.5b; 38.1b; 46.6b; B 38.8b; A
AB B AB A

Ai20 40.3b; 47.9b; 46.2b; 36.0b; 49.2bc; 43.1bc;
AB C BC A C BC

V690 39.7 48.5b; 47.7b; 35.8b; 50.2bc; 44.6cd;
ab; A BC BC A C B

V6159 40.9b; 47.2b; 47.2b; 36.6b; 51.8¢; D 49.5d;
B C C A CD

V12190 37.7 46.7b; 44.8b; 37.0b; 48.5bc; 47.0cd;
ab; A B B A C B

V12450 38.3 45.8b; 46.1b; 36.8b; 50.8¢; C 48.3cd;
ab; A B B A BC
Irrigation effect

Ao Kk sk ns ns Ns

Ago ns ns Ns ns ns Ns

A120 ns ns Ns ns * Ns

V699 ns ns el ns o

V6150 ns ns otk ns stk dekdk

V12159 ns ns Ns ns ns

V12,50 ns ns Ns ns *

Average % ns Kk Sk

Note: Nitrogen treatments of mean SPAD values with different lowercase letters
within columns are significantly different from each other based on the Dun-
can’s test at p < 0.05 probability level. The phenophases of SPAD values with
different capital letters within the row are significantly different from each other
based on the Duncan’s test at the p < 0.05 probability level. Irrigation effect: ns
= not significant, *p < 0.5; **p < 0.1; ***p < 0.001.

in the rainfed treatment and from 24.4 to 51.8 in the irrigated treatment.
Under natural rainfall conditions, the average SPAD value was 38.5,
while under irrigated conditions it was 40.2. The highest SPAD values
during the whole growing season were obtained under natural rainfall
conditions with treatment Agp (40.3; p < 0.05) and under irrigated
conditions with treatment V6150 (45.5; p < 0.05), which resulted in an
increase of 18.5 % and 39.6 %, respectively, compared to treatment Ay
(Fig. 4, Table 3).

SPAD value increased in the V6-V8 phenophase period in the rainfed
treatment but varied upon nitrogen treatment. The most significant in-
crease (20.7 %; p < 0.05) was recorded in the V6g, treatment which
increased the 60 kg N ha~! basal treatment (Ago) with an additional 30
kg N ha™! dose. After the V8 phenological phase, there was a decrease in
leaf SPAD values (p < 0.05), 13.9 % (R1) and 30.6 % (R3) (Fig. 5d). In
irrigated treatments, SPAD values increased until the V8 phenophase in
treatments Ag, Ago and Ajp (p < 0.05), whereas the top-dressing
treatments (V6gg, V6150, V12129 and V12;g9) increased SPAD values
up to phenophase R1 (p < 0.05). The highest increase up to phenophase
V8 was obtained with Ajsp (22.8 %) and up to phenophase R1 with
V6150 (50.6 %) (Fig. 5c and e). By the R3 phenophase, SPAD values were
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identical to those measured at the V6 phenophase, averaged over the
nitrogen treatments (Fig. 5a-g, Table 4). Furthermore, Duncan test
revealed highly significant (p < 0.001) SPAD value difference in rainfed
and irrigated treatment in V8 and V12 phenophase is observed in Ag
nitrogen treatment (Fig. 4a), R1 and R3 phenophase in V6,50 nitrogen
treatment (Fig. 5e).

The lowest SPAD value was detected in treatment Ag in all pheno-
phases, both in the rainfed and irrigated treatments. Evaluating the ef-
ficiency of the basal nitrogen and top-dressing treatments by
phenophase showed that the highest value was 41.8 in phenophase V6
(V12;90), but the Duncan test did not distinguish between SPAD values
in different nitrogen treatments. In V8 growth stages, the highest SPAD
value was measured in the A;5( treatment (47.3), an increase of 10.0 %
(p < 0.05) compared to the Ay treatment. After V12 phenophase until R3
phenophase, the lowest spring basal nitrogen treatment of 60 kg N ha™!
(Ago) proved to be effective (p < 0.05). The nitrogen application in R3
phenophase had the greatest effect on SPAD value compared to treat-
ment Ag (44.8 %). The average nitrogen effect was also highest in the R3
phenophase (39.1 %). In the irrigated treatment, the statistically proven
increase in the vegetative phase (V6-Vn) was obtained by the Agg
treatment (p < 0.05), while in the generative phase (R1-R3) by the A;59
treatment increased with an additional 30 kg N ha! (V6150). In the
vegetative stage, the V12 phenophase (36.5 %) and in the generative
stage, the R3 phenophase (102.9 %) had the highest nitrogen treatment
effect compared to the non-nitrogen (A() treatment (Table 3).

On the other hand, implementation of irrigation significantly
increased the SPAD values in the majority of treatments (Table 4). For
the control treatment, the irrigation has a significant impact only on the
early stages V6 (p < 0.5), V8 (p < 0.001), and V12 (p < 0.001). While no
significant impact was detected on the other stages (Table 4). For the
first nitrogen level (60 kg N ha™! before sowing), the irrigation has no
effects on SPAD values. However, based on the observed values, the
irrigation has no effect on SPAD values in Vn stage for all nitrogen levels,
where it has an impact on R1, and R3. All on all, the irrigation has a
significant impact on SPAD for all phenological phases except for Vn
(Table 4).

3.2. Effect of Nitrogen treatments and irrigation on the UAV-based NDVI

Nitrogen treatments and irrigation affected the UAV-based NDVI
values. The values varied from 0.364 to 0.662 in the rainfed treatment
and from 0.348 to 0.728 in the irrigated treatment. The overall experi-
ment mean was 0.541. Under natural rainfall, the UAV-based NDVI for
maize was 0.518, while under irrigated conditions it was 0.564. The
measured data showed that the highest average value of the NDVI was
obtained in Agg (0.538; p < 0.05) in the rainfed treatments and Ajag
(0.623; p < 0.05) in the irrigated treatments, which were 12.3 % and
21.9 % increases, respectively, compared to the treatment Ay (Table 3).

In the rainfed treatment, maize reached the highest UAV-based NDVI
value in V12 and Vn, with increases of 61.9 % and 64.8 %, respectively
(Fig. 6a-g, Table 5). Then, it decreased in R1 and R3 phenophases (11.3
% and 22.3 %). The measured data showed that in V12 phenophases, the
highest NDVI values (p < 0.05) were obtained in treatments Ag, Ago,
V6gp and V6150, while in Vn phenophases, the highest values were ob-
tained in treatments A5, V12159 and V12gg.

Also under irrigated conditions, the highest UAV-based NDVI was
achieved for V12 and Vn phenophases, increasing by 72.1 % for the V12
phenophase and 77.7 % for the Vn phenophase. The values have
decreased in the R1 and R3 growth phase; by 4.3 % between Vn-R1 and
17.8 % between Vn-R3. Fertilizer treatments also had an influence in
this case. At the V12 phenophase, treatments Ag, V699, V6150 and V12359
had a significant effect (p < 0.05) (Fig. 6a-d, e, & g), while the other
treatments had the highest effect at the Vn phenophase (Fig. 6b,c, & f,
Table 5). Overall, Duncan’s test revealed a highly significant (p < 0.001)
difference in rainfed and irrigated high NDVI values in V12 and Vn
phenophase in A60, A;29, and V6gq nitrogen treatments (Fig. 6b, ¢, & d).
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Fig. 6. Box plots of UAV-based NDVI values under different nitrogen and irrigation treatments: a) Ag, b) Ago, €) A120, d) V690, €) V6150, f) V12159, g) V1259

(Irrigation effect: *p < 0.5; **p < 0.1; ***p < 0.001).

Under natural rainfall conditions, the A;sg treatment was proven to
provide the highest UAV-based NDVI value (p < 0.05) throughout the
vegetation period. Between treatments, the largest increase was
recoreded in Ay (38.4 %) in the R3 phenophase compared with control
one. Under irrigated conditions, the result of treatment Ago showed the
highest UAV-based NDVI value. Over all the highest UAV-based NDVI
value were recoreded in A5 (Table 5).

Similar to SPAD, the UAV-based NDVI value positively affected by
irrigation. Irrigation had a positively significant effect on the average of
treatments based on different phenological phases. For Agp and Ajzg
irrigation had a distinct and substantial impact on UAV-based NDVI in
all phenological phases (Table 5). Under other nitrogen treatments, the
impact of irrigation on the UAV-based NDVI was inconsistent; it affected
certain phenological stages while leaving others unaffected. However
the average value showed that irrigation has significant impact on UAV-
based NDVI under all phenological phases except for V6.

3.3. Effect of Nitrogen treatments and irrigation on grain yield

Under rainfed treatments, the Ay provided the lowest GY (4.2 Mg
ha~1), which was well separated from the other treatments by Duncan’s
test (Table 3, Fig. 3). The 60 kg N ha! (Agp) resulted in an increase of
GY by 64.7 % (p < 0.05). This treatment did not increase GY at the 6-leaf

stage when increased with an additional 30 kg N ha! nitrogen rate
(V69)), and no significant increase was measured when an additional 30
kg N ha! nitrogen rate was applied at the 12-leaf stage (V12)20).
Treatment A 99 provided the largest GY increase (8.649 Mg ha™!), which
was more than double of the GY of treatment Ay (p < 0.05). However,
top-dressing treatments above the basal 120 kg N ha™! resulted in a
significant GY reduction (p < 0.05).

Under irrigated conditions, the lowest GY in terms of nitrogen
(5.149 Mg ha’l) was measured in the Ag treatment. The 60 kg N ha!
(Ag0) applied as a basal treatment resulted in a GY increase of 4.755 Mg
ha~! (92.3 %; p < 0.05), and the 120 kg N ha~! basal treatment (A120)
resulted in a GY increase of 6.715 Mg ha! (130.4 %; p < 0.05)
compared to the A treatment. Increasing the Agg treatment at V6 phe-
nophase with a +30 kg N ha™! (V6gp) resulted in a GY increase of only
3.2 %. Then, at 12-leaf stage, application of an additional 30 kg N ha™!
(V12;9p) reduced GY (—1.363, Mg ha’l; p < 0.05). Compared to the
Aj90 treatment, the effect of applying top-dressing (V6,50) was minimal
on GY reduction. An additional 30 kg N ha! application (V121g0)
caused further GY reduction (—0.629 Mg ha™1; p < 0.05). The 120 kg N
ha~! basal treatment (11.863 Mg ha_l) was found to have a reliable GY
enhancing effect (Table 3, Fig. 3).

The main average yield was 7.419 Mg ha! (rainfed, irrigated). The
irrigated variant had a higher average yield (8.581 Mg ha™1) (p < 0.05),
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Effect of nitrogen and irrigation on UAV-based NDVI of maize at phenological stages, 2022.

Nitrogen treatments Phenological phases

V6 V8 V12 Vn R1 R3
Rainfed
Ay 0.370 ab; A 0.463a; C 0.574a; E 0.572a; E 0.502a; D 0.396a; B
Ago 0.381bc; A 0.488b; B 0.625b; D 0.650b; D 0.579bc; C 0.502b; B
A0 0.392c; A 0.519c; B 0.642c; E 0.662b; F 0.606¢; D 0.548d; C
V6go 0.381bc; A 0.495b; B 0.624bc; D 0.629b; D 0.563b; C 0.516bcd; B
V6150 0.380bc; A 0.488b; B 0.630bc; D 0.627b; D 0.566b; C 0.541cd; C
V12150 0.368 ab; A 0.478 ab; B 0.611b; E 0.635b; F 0.561b; D 0.510bc; C
V12480 0.364a; A 0.484b; B 0.610b; D 0.645b; E 0.556b; C 0.510bc; B
Irrigated
Ao 0.370b; A 0.474a; C 0.602a; E 0.608a; E 0.563a; D 0.450a; B
Ago 0.407c; A 0.563c; B 0.692¢; D 0.720c; E 0.664b; C 0.572b; B
Aqa0 0.407¢; A 0.581c; B 0.703c; DE 0.728¢; E 0.688b; D 0.628d; C
V690 0.381b; A 0.530b; B 0.680c; D 0.698bc; D 0.686b; D 0.606bcd; C
V6150 0.376b; A 0.516b; B 0.678c; D 0.701bc; D 0.693b; D 0.620cd; C
V1259 0.348a; A 0.470a; B 0.623 ab; CD 0.677b; E 0.664b; DE 0.583bc; C
V1240 0.351a; A 0.473a; B 0.644b; D 0.670b; D 0.665b; D 0.585bc; C
Irrigation effect
Ao ns ns sk ok e st
:TZO ek Kk ek ek ek Kk
v690 ns * ek *¥k Kk Fedek
V6150 ns ns o * Fk i
V12190 o ns Ns ns o Sk
V1259 ns ns * ns o i
Average ns o - ke ko ke

Note: UAV-based NDVI values for nitrogen treatments with different lowercase letters within columns are significantly different from each other based on the Duncan’s
test at the p < 0.05 probability level. Phenophases of UAV-based NDVI values marked with different capital letters within the row are significantly different from each
other based on the Duncan’s test at p < 0.05 probability level. Irrigation effect: ns = not significant, *p < 0.5; **p < 0.1; ***p < 0.001.

Table 6
Interaction between grain yield and different experimental variables from factorial ANOVA-GLM.
Source DF Adj SS Adj MS F-Value P-Value
Model 251 4234.30 16.87 7.31 0.000
Linear 14 3916.26 279.73 121.15 0.000
Nitrogen treatment 2673.86 445.64 193.00 0.000
Irrigation 1 1032.89 1032.89 447.33 0.000
Hybrid 2 209.51 104.76 45.37 0.000
Phenological phases 5 0.00 0.00 0.00 1.000
2-Way Interactions 65 462.11 7.11 3.08 0.000
Nitrogen treatment *irrigation 6 184.41 30.73 13.31 0.000
Nitrogen treatment *hybrid 12 247.60 20.63 8.94 0.000
Nitrogen treatment *Phenological phases 30 0.00 0.00 0.00 1.000
irrigation*hybrid 2 30.11 15.05 6.52 0.002
irrigation*Phenological phases 5 0.00 0.00 0.00 1.000
hybrid*Phenological phases 10 0.00 0.00 0.00 1.000
3-Way Interactions 112 111.12 0.99 0.43 1.000
Nitrogen*irrigation*hybrid 12 111.12 9.26 4.01 0.000
Nitrogen*irrigation*Phenological phases 30 0.00 0.00 0.00 1.000
Nitrogen*hybrid*Phenological phases 60 0.00 0.00 0.00 1.000
irrigation*hybrid*Phenological phases 10 0.00 0.00 0.00 1.000
4-Way Interactions 60 0.00 0.00 0.00 1.000
Nitrogen*irrigation*hybrid*Phenological phases 60 0.00 0.00 0.00 1.000
Error 396 914.37 231
Total 647 5148.67

The interaction between nitrogen treatment * irrigation, nitrogen treatment * hybrid, and irrigation* hybrid had a distinct impact on GY. Interestingly, the nitrogen
treatment *irrigation*hybrid interaction showed a significant impact, while the interaction between nitrogen treatment *irrigation*hybrid*Phenological phases did
not show any significant impact. Overall, the fertilizer *irrigation interaction was confirmed at 0.1 % level. The results of analysis of variance showed that nitrogen
application was strongly (p < 0.001) correlated with GY development in both rainfed and irrigated treatments.

which was 37.2 % higher than the rainfed version (6.256 Mg ha1). Inall
nitrogen treatments, the irrigated variants provided higher grain yields.

3.4. Interaction between yield and different experimental variables

Based on the factorial ANOVA from GLM analysis (Table 6) different
factors with a significant impact on GY are identified. Table 6 showed
that nitrogen treatments, irrigation, and hybrid had a significant impact

(p < 0.05), however, the phenological phases did not exhibited any
impact on GY. Analysis of variance results of chlorophyll content
expressed as SPAD values in maize hybrids in rainfed and irrigated
treatments showed that the main factors (nitrogen treatments and irri-
gation) were strongly (p < 0.001) correlated to the development of
SPAD values (Table 6). The interaction between all variables presented
in Fig. 6 revealed the highest rainfed GY (8.6 Mg ha’l) with the highest
NDVI (0.56) and irrigated GY (11.86 Mg ha~1) with the highest NDVI
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Fig. 7. Interaction between different studied variables based on the experimental data.

(0.62) was obtained under Ajy nitrogen treatment (Fig. 7c & f). The
highest rainfed SPAD value (40.6) is also obtained in Ajyy nitrogen
treatment while highest irrigated SPAD value (45.5) is obtained in V6159
nitrogen treatment (Fig. 7i). The highest average SPAD value was
recorded under irrigated treatment (42.9) compared with rainfed (39.7)
(Fig. 7h). For GY, the irrigated average treatments exceeded the rainfed,
while the best GY value were reached with A;5( treatments.

The system was mapped using observed data, as illustrated in Fig. 8.
The results indicated that, irrespective of the hybrid, nitrogen level, or
irrigation, early-stage measurements in V6 for both irrigated and rainfed
maize resulted in low UAV-NDVI values. These values could be distinctly
differentiated in Fig. 8 from the black lines.

3.5. Relationship of spectral indexes with nitrogen treatment

SPAD and UAV-based NDVI values recorded in phenophases were
compared with basal nitrogen treatment and top-dressing treatments
using parabolic regression-analysis (Figs. 9 and 10). The relationship
between SPAD and applied amount of nitrogen showed that nitrogen
application positively influenced SPAD in rainfed and irrigated treat-
ments during the growing season. Under natural rainfall conditions, the
relationship was weakly positive in the V6 phenophase (R? = 0.17%*)

10

and nitrogen treatment influenced the SPAD value in 17.0 %. The
relationship between the two variables became stronger for the V8
phenophase (R? = 0.4***) and further strengthened for the R1 pheno-
phase (R2 = 0.47***). A stronger relationship (R2 = 0.67***) was
observed for the R3 phenophase, with a 67 % influence of nitrogen
treatment. Under irrigated conditions, similar to the rainfed treatment,
the relationship was weak (R = 0.23**) for the V6 phenophase and
became stronger (R? = 0.83***) in R1 and R3 phenophase. Hence, in R1
and R3 developmental stages, the influence of nitrogen treatment was
the most significant (83 % and 83 %) (Fig. 9).

The relationship between the UAV-based NDVI values and nitrogen
application at natural rainfall was moderately close and closely corre-
lated in the V12, R1, and R3 phenophases. The strongest correlation was
observed at the R3 developmental stage (R2 = 0.8***). Under irrigated
treatment, the parabolic relationship between the two variables was
weak at the V6 phenophase and became increasingly stronger. It reached
to its maximum at R3 phenophase (R? = 0.82%**), In this case, the
differences between irrigated and rainfed treatments were lower than
for SPAD (Fig. 10).
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3.6. Relationship of spectral indexes with grain yield

The significant relationship between grain yield and SPAD value
under natural rainfall conditions was found to be weak to medium until
silking (R1) phenophase. Furthermore, it improved to a medium level
(r2 = 0.51***) by the R3 phenophase. For irrigated conditions, it was
found to be strongest in R1 phenophase (% = 0.62***) (Fig. 11).

Furthermore, the relationship between UAV-NDVI and grain yield
showed a statistically significant relationship (r> = 0.7 & 0.68***) in
rainfed conditions in V12 and R3 phenophase respectively. Under irri-
gated conditions the correlation between NDVI value and yield was
medium in the V8 and V12 phenophase (r® = 0. 4-0.52%*%), became
stronger in R1 and R3 phenophase % = 0. 62-0.75%*%) (Fig. 12).

11

4. Discussion

Nitrogen is a high cost but essential nutrient to gain improved maize
(Zea mays L.) yield. Determining the amount and effective application
timing of basal and top-dressing fertilizer to achieve optimal grain yields
is a key research issue under drought stressed environmental conditions.
To explore the issue, our research effectively utilized PrA technology
including Soil Plant Analysis Development (SPAD) and Unmanned
Aerial Vehicle (UAV-NDVI) measurements in a specified experimental
scenario. Under current ongoing climate change, drought is considered
as one of the natural hazards that has a direct impact on crop produc-
tion. In this context, maize is one of the crops that is directly affected by
drought and heat waves due to its origin [70]. Many studies reported the
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sensitivity of maize to drought [14,71]. In Hungary, Mohammed, Alsa-
fadi [55] also reported that maize is more prone to drought events
compare to wheat.

The experimental year 2022 proved to be a record-breaking for
extreme weather events with significant impacts on agriculture potential
of the region [72,73]. Hence meaningful PrA results are provided by our
research for maize production monitoring under the rainfed and irri-
gated setups in the region. The major findings of the study revealed that
the SPAD values are highly dependent upon the effects of N-fertilization
treatments in irrigated and rainfed environments with significant high
SPAD values (40.3; p < 0.05) reported under rainfed conditions with
treatment A60 and (45.5; p < 0.05) under irrigated condition with
treatment V6150 (Table 3, Fig. 4). Formerly, Janos [74] also reported a
high SPAD value under irrigated treatment compared to low SPAD in

non-irrigated treatments. Our research output also reported that 115
mm irrigated treatment did not reach on average the maximum SPAD
range of 52-56 recommended by Piekielek, Fox [75]. Under rainfed
conditions, the early top-dressing (V6) suggested by Jaynes [76] had its
effect and there was a significant (p < 0.05) increase for all nutrient
levels for the V8 phenophase. Furthermore, in agreement with other
research findings [77,78], Following V8 phenophase, water deficit
significantly (p < 0.05) reduced SPAD, which did not contribute to
greater accumulation of pre-R1 dry matter. Furthermore, V12 and R3
phenophases had the highest effects of fertilizers compared to (A0)
treatment. Phenophase analysis further revealed that under irrigated
conditions in V12 phenophase, maize leaves had higher SPAD values
than in the rainfed treatment (Table 4, Fig. 5). Due to irrigation and
top-dressing treatments applied at V6 and V12 phenophases, the highest
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Fig. 12. UAV-based NDVI and GY correlation under rainfed and irrigated conditions. All correlations are significant at p < 0.01.

SPAD value developed at silking (R1) stage, the highest increase was
observed with the V6,5¢ treatment.

Like SPAD, the UAV-based NDVI values averaged low i.e., 0.518 in
the rainfed treatment and high i.e., 0.564 in the irrigated treatment,
with a significant difference between the two treatments (p < 0.001) as
also reported by Zhang, Han [79]. Significantly (p < 0.05) highest
UAV-based NDVI values over the entire growing season in rainfed and
irrigated treatments were detected in V12 and Vn phenophase with
treatment Ajog and proved to be most effective for achieving high GY
(Table 5, Fig. 6). The correlation analysis of GY and UAV-NDVI spectral
values in agreement with [80] revealed that the early growth stages (V6
and V8) show a weaker correlation with GY while (V12 and Vn) showed
a strong correlation with GY.

Further research findings exposed that due to extreme weather
anomalies in 2022, top-dressing had no GY enhancement reflecting the
findings of Venterea and Coulter [81], as the water stress reduced the
transpiration of plants causing a decline in N uptake to leaf [33,82]. For
instance Ref. [57], also reported that several precipitation characteris-
tics including onset and cessation dates, and rainy days frequency tend
to impact the maize yield in different climatic scenarios in Hungary.
Another recent study by Rawat, Sharda [83] suggested the significant
role of climate (in terms of severe heat and less rain) for maize yield
predictions. Moreover, the negative impact of high temperature is also
reported by Liu, Yu [84] reducing the chlorophyll index and net
photosynthetic rate shortening the kernel filling duration. Recent his-
torical climatic conditions of the EU substantially impacted the maize
yield in rainfed and irrigated conditions with varying fertilization
treatments [85]. Currently, our findings revealed that the highest grain
yields were obtained with the application of the spring basal treatment
(A120), that is in agreement with the results of Drury, Reynolds [86] in
both the rainfed and irrigated treatments. Moreover, significant (p <
0.001) irrigation effects were detected at all nutrient levels with the
most significant effect in the V6,50 treatment compared to the A,
treatment.

Overall, the coefficient of determination R? of N-nitrogen treatment
with both SPAD and NDVI are significantly (p < 0.001) strong in irri-
gated condition compared to rainfed condition except for phenophase 6
where they have weak correlation (Figs. 9 and 10). Hence, SPAD and
NDVI are more recommendable to predict maize GY under irrigated
condition. From these results, the sequence of SPAD correlation with
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maize GY based on R? in irrigated conditions is as: R1 (0.62) > V12
(0.59) > R3(0.51) > V8(0.5) > Vn (0.27) > V6 (0.23) and the sequence
of NDVI with maize GY is as: R3 > (0.75) > R1 (0.62) > Vn, V12 (0.52)
> V8 (0.4) > V6 (0.1) (Figs. 11 and 12). Overall, the results of the
correlation between SPAD and NDVI spectral values and GY agree with
other research findings [87,88]. Hence, we can conclude that spectral
response at regenerative phenophase (R1 and R3) are recommendable
for GY estimation [80,89].

Our research provides a meaningful analysis of PrA technology for
effective farm management under irrigated and rainfed conditions in
drought or stressed environmental condition, however, the results of
study could be more comparable by using other UAV indices as used in
other studies [90-92].

5. Conclusions

In the last few decades, the agricultural sector has experienced sig-
nificant advancements by integration of advanced agricultural research
and technology. Among them, PrA is one of the new technologies that
are involved in agricultural production. PrA is one of the supporting
tools that help to improve agricultural production and monitor plant
health to achieve the maximum yield. In this research, SPAD and UAV-
based NDVI were used to monitor maize growth in Hungary. The output
of thus research can be summarized as follow:

1 Different fertilization levels in different maize growing stage led to
significant differences (p < 0.05) in SPAD, UAV-based NDVI, and GY
between rainfed and irrigated treatments.

2 Irrigation had increased the yield of maize significantly (p < 0.05) in
all treatments.

3 SPAD increased in all treatments in the V6-V8 phenophase period
under rainfed conditions. However, implementation of irrigation
significantly increased the SPAD values in the majority of treatments.

4 Under irrigated and rainfed conditions the highest UAV-based NDVI
value (0.703, 0.642) was obtained in V12 (Ajpo treatment) and
highest NDVI value (0.728, 0.662) was obtained in Vn (Ajgq treat-
ment), thus it is’ recommended to use UAV-based NDVI in these
stages.

5 Irrigation led to significant differences (p < 0.05) of UAV-based
NDVI values compared with none irrigated.
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Based on the output of this research, implementation of 120 kg N
ha~! before sowing led to highest GY, especially under irrigated
conditions (8.649 Mg ha!). On the other hand, both Fertil-
ization*irrigation had a positive significant impact on GY.

The highest correlation was obtained between fertilization and UAV-
based NDVI (r = 0.8) under irrigated conditions in R3 maize growing
stage. A similar pattern emerged where the highest correlation be-
tween UAV-based NDVI and GY was obtained in R3, also under
irrigated conditions.

Overall, this research recommends using irrigation with 120 kg N

ha~?! before sowing to increase the maize yield, however more research
is needed to confirm this recommendation. Also, monitoring the crop
using PrA, could indicate potential yield. In this sense, high correlation
between UAV-based NDVI in R3 stages could reflect high SPAD value
and potential high yield.
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