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Nitrogen availability is a critical factor influencing rice growth and productivity.
Conventional methods such as Kjeldahl and SPAD are limited in spatial coverage, time
efficiency, and operational costs. This study aims to develop a model for estimating rice
nitrogen uptake from Sentinel-2 satellite imagery using the Normalised Difference Red
Edge (NDRE) index. This study was conducted in Koto Tangah Regency, Padang City,
Indonesia, at three rice growth stages: 712, 27-32, and 47-52 days after planting (DAP).
NDRE values were derived from Sentinel-2 image processing, while actual leaf nitrogen
content was measured using SPAD readings calibrated by the Kjeldahl method. The
relationship between NDRE and leaf nitrogen content was modelled using linear,
exponential, and quadratic regression. The results showed a significant relationship
between NDRE and leaf nitrogen content at all growth stages, with a positive coefficient
of determination (R?). The linear regression model performed better than the other tested
models for estimating nitrogen uptake from Sentinel-2 imagery across all observed
growth phases. The NSE values for the First Period (7-12 DAP) were 0.70, the Second
Period (27-32 DAP) were 0.62, and the Third Period (47-52 DAP) were 0.74. A positive
NSE value approaching 1 indicates improved model performance, allowing the model to
continue representing the general trend of the relationships among the analysed variables.

Contribution to Sustainable Development Goals (SDGs):
SDG 2: Zero Hunger

SDG 12: Responsible Consumption and Production

SDG 13: Climate Action

SDG 15: Life on Land

SDG 9: Industry, Innovation and Infrastructure

1) INTRODUCTION
1.1. 1. Research Background

Natural nitrogen in soil is often not available in a form
suitable for optimal plant absorption and use, especially in rice
[3]. Therefore, nitrogen supplementation through fertilisation is
necessary to meet macronutrient requirements. Nitrogen plays a

One crucial factor influencing plant growth and development is
nutrient availability, which serves as the building blocks for
plants. Based on their quantitative requirements, nutrients can be
grouped into two categories: macronutrients and micronutrients.
One macronutrient required in significant quantities is nitrogen,
as it is considered a primary essential element for plants [1].
Nitrogen plays a crucial role in plant metabolism as a component
of enzymes and proteins. This nutrient significantly affects
optimal vegetative growth and contributes to the intensity of leaf
green colour [2].

vital role in vegetative rice growth, such as increasing tiller
number, leaf area, grain formation and filling, and protein
synthesis, which contribute to crop quality [4]. Nitrogen
deficiency can cause stunted growth, reduced tiller number, and
yellowish-green leaf death [5]. Conversely, excess nitrogen can
disrupt vegetative growth, cause brittle straw, and reduce grain
quality [6]. In general, farmers tend to apply fertiliser by weight
without considering the total nitrogen content or the percentage
of mineralisable nitrogen [7].This approach is often accompanied
by excessive manure application in the hope of increasing crop
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yields. However, this practice can have significant negative
impacts like degradation of soil quality and decreased crop
productivity [3].

Several methods can be used to measure nitrogen content,
including the Kjeldahl method. The Kjeldahl method is a simple
chemical analysis for determining the total nitrogen content of
proteins and other nitrogen-containing compounds. However, this
method has drawbacks: it is more suitable for micro-scale
applications; is slow in analysis; requires high human resources
and laboratory operational capacity; and cannot be monitored
regularly and extensively [8]. Another method used to monitor
chlorophyll in plants is the Soil Plant Analysis Development
Metre (SPAD). This SPAD tool is easy to carry into the field and
provides instant chlorophyll readings. However, it has drawbacks
such as the relatively high price and maintenance of the tool; it
requires micro-scale coverage; it is slow for broad-scale
measurements; and it is difficult to perform regularly and
comprehensively [9].

Given the limitations of the Kjeldahl and SPAD methods,
remote sensing technology can be an effective alternative [10].
The main advantage of this technology is its ability to cover large
geographic areas quickly, efficiently, and at a relatively low cost
[11]. One widely used platform is Sentinel-2 satellite imagery,
which has high spectral resolution in the red, red-edge, and near-
infrared (NIR) bands, allowing it to capture detailed plant
physiological variations.

In nitrogen monitoring, plant reflectance recorded in these
bands is closely related to leaf chlorophyll content, an indirect
indicator of nitrogen [12]. Various vegetation indices have been
developed to extract this information, such as NDVI, EVI, and
NDRE. However, NDVI and EVI tend to saturate at high biomass
levels and are less sensitive to chlorophyll variations in the late
vegetative phase. In contrast, the Normalised Difference Red
Edge Index (NDRE) is more sensitive to changes in chlorophyll
content because it uses the red-edge band, which is less
susceptible to saturation in dense canopies. This makes it more
suitable for nitrogen estimation in high-biomass crops such as rice
[13].

Although various studies have used vegetation indices to
estimate nitrogen levels, several limitations remain. Many studies
focus solely on general spectral relationships, without
considering differences in index sensitivity across plant growth
stages. Furthermore, most developed models have not
specifically integrated the dynamics of rice growth phases (early
vegetative, maximum vegetative, and generative), even though
nitrogen requirements and plant spectral responses vary
significantly across these phases. This lack of growth-phase-
based modelling can lead to reduced nitrogen estimation accuracy
under dynamic field conditions.

Based on this gap, this study develops an NDRE-based
regression model to estimate nitrogen uptake in rice plants,
accounting for plant growth stages. This approach is expected to
improve nitrogen estimation accuracy while providing more
adaptive information on rice plant growth dynamics at a wide
spatial scale.

1.2 Literature Review

The novelty of this research compared to previous studies lies in
the more detailed nitrogen content analysis conducted at each
stage of plant growth, particularly during the nitrogen fertiliser
application phase. While previous studies generally analysed
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nitrogen content only at the final stage of vegetative growth or at
specific times, this study examines nitrogen dynamics from the
beginning to the end of vegetative growth. Thus, this study
provides more comprehensive information on nitrogen uptake
and utilisation patterns in plants at each growth phase after
nitrogen fertiliser application. This approach is expected to
provide a stronger scientific basis for determining the timing and
effectiveness of nitrogen fertiliser applications to improve
fertilisation efficiency and plant growth.

This study employed a remote sensing-based spatial analysis
method with Sentinel-2 to develop a nitrogen uptake estimation
model. [14] obtained a nitrogen uptake estimation model for rice
plants in Singkarak based on NDRE data, with y = 141.37x +
0.0412 and a correlation coefficient (r) of 0.97, indicating a strong
relationship between NDRE values and nitrogen uptake.

Research was conducted by [2] to analyze the relationship
between vegetation index and Plant Nitrogen Accumulation
(PNA) in rice plants during the growth and development period,
develop and test an empirical model to calculate PNA of rice
plants based on vegetation index from Sentinel-2; and map the
spatial distribution of PNA of rice plants during the study period.
Based on research conducted by Nurrismiyandini (2022), it was
found that Plant Nitrogen Accumulation (PNA) of rice plants
during the growth and development phase can be estimated well
using vegetation indices derived from Sentinel-2 satellite
imagery, and that this approach can capture the temporal and
spatial variations in PNA. The rice PNA estimation model uses
NDRE, as reflected in an R? of 75.17%, an RMSE of 22.5 kg/ha,
and an accuracy of 80.80% against the calibration data. The
results of the NDRE model validation showed an R? of 68.08%,
an RMSE of 45.2 kg/ha, and an accuracy of 74.22%.

Nurrismiyandini [2], also conducted research to evaluate the
performance of remote sensing techniques for estimating N and
chlorophyll in corn leaves and crowns using Sentinel-2. Research
conducted by [10], showed that the green chlorophyll index can
accurately estimate N. Therefore, it is likely that using this
technique to estimate N and chlorophyll in corn can accurately
estimate the same characteristics in other crops.

1.3 Research Objective
This study aims to develop a model to estimate rice nitrogen

uptake based on remote sensing data from Sentinel-2 satellite
imagery.

2) MATERIALS AND METHODS

2.1. Research Location and Time

This research was conducted from October 2025 to January 2026.
The research location was in Koto Tangah District, Padang City.
Koto Tangah District is located at 00°58' South latitude and
99°36'40" - 100°21'11" East longitude. Data processing will be
conducted at the Laboratory of the Department of Agricultural
and Biosystems Engineering, Faculty of Agricultural
Technology, Andalas University. Destructive nitrogen content
testing will be conducted at the Center for Standardization of
Service and Industry Services (BSPJI).
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2.2.  Research Tools and Materials

The tools used in this research included Microsoft Office, ArcGIS
10.8, and SAS Planet for data processing and map creation. A Soil
Plant Analysis Development Meter (SPAD) was used to obtain
actual and instant nitrogen content in rice paddies. A smartphone
with the Avenza Maps application installed was used to support
research activities. The materials used were administrative maps,
RGB images obtained from the SAS Planet software, rice field
distribution maps, Sentinel-2 satellite imagery used to obtain
Normalized Difference Red Edge (NDRE) vegetation index data,
and rice leaf samples from the Koto Tangah District.

2.3.  Data Collection

Data collection in this study was divided into two parts: primary
and secondary data. The secondary data used in this study were
the latest Sentinel-2 satellite imagery from November 2025 to
February 2026, the 2025 Indonesian Topographic Survey (RBI)
data for Padang City, and data on the distribution of rice fields in
Padang City. The Sentinel-2 satellite imagery used has a spatial
resolution of 10 m for NDRE processing and a temporal
resolution of 5 days. It can be downloaded from the EU
Copernicus Data Space Ecosystem | Europe's eyes on Earth
website. The RBI and Padang City rice field data can be
downloaded from the Geospatial Information Agency (BIG)
website at https://tanahair.indonesia.go.id/portal-web/.

Primary data was collected directly in the field at the
sampling locations, including rice leaf samples to determine
nitrogen content. Data was collected using a SPAD instrument to

determine nitrogen uptake in rice leaves. Leaf samples will be
processed destructively in the laboratory to determine their
nitrogen content.

2.4.  Field Data Collection

Sampling was conducted using a stratified random sampling
approach, in which NDRE values obtained from satellite imagery
were classified into four categories: very low, low, moderate, and
high. This classification served as the basis for determining the
location of sample points in the field. Rice leaves from each
sample point were collected for destructive analysis in the
laboratory to obtain actual nitrogen uptake data, which was then
used to develop a nitrogen uptake estimation model based on
satellite imagery using the NDRE vegetation index. Additionally,
a SPAD tool was used to determine the actual nitrogen content of
the rice without any destructive treatment. Data obtained from the
SPAD tool was obtained instantly. Field data (rice leaves) for
nitrogen content testing were collected three times: before
fertilization at 7-12 days after planting (DAP), 27-32 days after
planting (DAP), and 47-52 days after planting (DAP). Sentinel-2
imagery was downloaded from the official website and used for
the analysis is for one planting season from December 2025 to
February 2026. Based on the results of observations made in the
field, the data sample used is 10 sample points (conditional),
which can be seen in Figure 1.

The limited sample size of 10 points per growth stage is a
limitation of this study, influenced by cost considerations and the
efficiency of field research. Although the sample size is relatively
limited for regression analysis, the observation locations were
selected purposively to represent the variation in field conditions
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and, therefore, to illustrate the general characteristics of the study
area.
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Figure 1. Map of Distribution of Research Sample Points

Furthermore, observations were conducted across three
distinct growth phases, providing temporal variation that helps
strengthen the analysis of relationships among variables.
Therefore, the regression analysis in this study is primarily an
exploratory approach, with the interpretation of the results carried
out cautiously and limited to the available data.

2.5 Sentinel-2 Satellite Imagery Data Processing
Sentinel-2 satellite imagery was processed to obtain NDRE
values for rice plants using ArcGIS 10.8. The Sentinel-2 satellite
imagery data processing process used the red-edge NIR band. The
RedEdge band was resampled to match the NIR band's spatial
resolution, from 20 m to 10 m. The NDRE value was then
calculated using ArcGIS 10.8 with the following NDRE formula
[15].

B8-B5

NDRE = (1)

B8+B5
Keterangan :
NDRE = Normalized Difference Red-edge
BS = Canal (band) Near Infrared (NIR)
B5 = Canal (band) Red-edge

The obtained NDRE values were then cropped using the
administrative boundaries of Koto Tangah District. The results
are NDRE values for Koto Tangah District, in raster format. The
NDRE values for Koto Tangah District were cropped based on
the research sample selected through stratified random sampling.
The raster data were then converted to points and overlaid with
the rice field shapefile.

2.6 Building a Nitrogen Uptake Estimation Model

A nitrogen uptake estimation model was built using NDRE values
and nitrogen content at the sampling locations, as determined by
laboratory-destructive testing. The model was constructed using
a quadratic, linear, and exponential regression equation approach
[16]. The formula is as follows:

1)  Linear Equation
Y=ax+b 2)
Information :
Y = Nitrogen Content
x = NDRE Index
a = Slope
b = Intersept
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2)  Exponential Equation
Y=>b X exp™ 3)
Information :
Y = Nitrogen Content
x = NDRE Index
a,b = Regression Coefficients
3)  Quadratic Equation
Y=ax*+bx+c 4)
Information :
Y = Nitrogen Content
x = NDRE Index
a,b = Slope
¢ = Intercept

2.7 Model Validation

The regression method used in this study separates calibration
and validation data. Calibration data is used to build the
regression model, while validation data is obtained from a
different location than the calibration data, but using the same
image acquisition date, allowing model evaluation under
independent spatial conditions.

Therefore, the validation conducted in this study is spatial,
not temporal. This approach is used to test the model's
generalizability to variations in spatial conditions at different
observation locations.

Furthermore, cross-validation was not performed due to the
limited sample size at each location. Therefore, sharing additional
data could potentially reduce the stability of the model estimates.
This has been listed as a limitation of the study.

The nitrogen uptake estimation model for rice plants derived
from Sentinel-2 satellite imagery will be validated using the
Nash-Sutcliffe Efficiency (NSE) metric. An acceptable NSE
model is considered superb if the results are close to 1 [17]. The
NSE criteria are shown in Table 1 below.

Table 1. Nash-Sutcliffe Efficiency (NSE) Assessment Criteria

NSE Value Assessment Criteria
0.75 <NSE <1.00 Very Good

0.65 <NSE <0.75 Good

0.50 <NSE <0.65 Adequate

NSE <£0,50 Poor

Source : [18]

The equation used in the NSE method is: [17].
Z:;l(Yactuul—Ypre )?

NSE=1- (Yactual-Yactual) ®)
Information :
Ypred = Estimated rice nitrogen uptake

Yactual = Actual nitrogen content
Yactual = Average actual nitrogen content
N = Number of samples

3) RESULTS AND DISCUSSION

3.1.  Description of the Research Location

This research was conducted in Koto Tangah District, Padang
City, West Sumatra Province. A map of the distribution of rice
fields in Pauh District is shown in Figure 2. Astronomically, Koto
Tangah District is located at 00°58” South latitude and
100°21°11” East longitude, with an area of 23,031.77 ha, or
33.42% of the total area of Padang City [19].
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Figure 2. Map of Rice Field Distribution in Koto Tangah
District, Padang City, West Sumatra Province

Geographically, Koto Tangah District borders the Indian
Ocean to the east. To the west, it borders Pauh District and Solok
Regency. To the south, it borders the Padang Utara and Nanggalo
Districts. To the north, it borders Padang Pariaman Regency.
Koto Tangah District is located at an altitude of 0-1,600 meters
above sea level (MDPL). Agricultural data from Koto Tangah
District shows that in 2024, the rice harvest area was 2,481 ha,
with production reaching 11,537 tons and productivity of 4.65
tons/ha. Rice fields irrigated with technical irrigation totalled
1,362.4 ha, and those irrigated with non-technical irrigation
totalled 59.84 ha [19].

3.2.  Normalized Difference Red Edge (NDRE) Index

The NDRE index value was calculated from processed Sentinel-
2 imagery using ArcGIS. The results of image extraction and
analysis were then used as predictor variables in developing a
nitrogen uptake estimation model. The nitrogen uptake estimation
model was developed based on the processing of Sentinel-2
satellite imagery data obtained from three different acquisition
periods. The first observation period was conducted during the
rice growth phase (7-12 DAP), the second during the second
phase (27-32 DAP), and the third during the third phase (47-52
DAP).

The NDRE index data analysed for each period comprised 10
samples collected at the same observation location to maintain
spatial consistency during model development. Meanwhile, the
validation stage of the nitrogen uptake estimation model used data
sourced from a single image acquisition period. This validation
data consisted of 10 sample points at each rice plant age phase,
obtained from different locations and not included in the dataset
used during model development, thus ensuring the independence
and objectivity of the validation process (Figure 3).

The Sentinel-2 imagery acquired on December 8 and 28,
2025, exhibited relatively high cloud cover due to the rainy
season conditions in December. In addition, cloud contamination
was intensified by extreme weather conditions associated with
Tropical Cyclone Tisoy and Cyclone 95B, which increased
atmospheric moisture and cloud formation over the study area.

To minimize the effect of cloud contamination on the
analysis, several preprocessing procedures were applied to the
Sentinel-2 imagery before further processing. First, cloud
masking was conducted using the Scene Classification Layer
(SCL) provided in the Sentinel-2 Level-2A product. Pixels
classified as clouds, cirrus clouds, and cloud shadows were
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identified and removed from the analysis to reduce spectral
distortion caused by atmospheric obstruction.

Second, atmospheric correction had already been applied to
the Sentinel-2 Level-2A imagery using the Sen2Cor algorithm,
which converts Top-of-Atmosphere (TOA) reflectance into
Bottom-of-Atmosphere (BOA) reflectance. This correction
reduces the influence of atmospheric scattering and absorption,
thereby improving the consistency and comparability of spectral
information between acquisition dates.

Figure 3. Sentinel-2 Satellite Image Acquisition Data

Furthermore, additional image preprocessing steps included
geometric correction, band resampling to a uniform spatial
resolution, and image clipping based on the study area boundary.
These procedures ensured spatial consistency and reduced
potential errors during multi-temporal analysis. Despite the
relatively high cloud cover, the preprocessing workflow
effectively minimized atmospheric and cloud-related
disturbances, allowing the imagery to remain suitable for
subsequent analysis. The results of the processed image
extraction are presented in Table 2.

Rice plants exhibit an increasing trend in NDRE values [20],
as indicated by the peak greenness of rice leaves at 60-64 days
after planting [21]. Table 2 shows a unidirectional pattern of
change in NDRE values across observation periods, with a
tendency to increase with increasing rice plant age. Conversely,
the second period saw a relatively consistent decline in NDRE
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values. This pattern indicates that NDRE values extracted from
satellite imagery are influenced by atmospheric conditions at the
time of recording, particularly cloud cover, which can reduce
spectral reflectance. This suggests that variations in NDRE values
are influenced not only by plant physiological changes but also
by external factors, such as atmospheric conditions during image
recording.

Table 2. NDRE Extraction Results of Sentinel-2 Satellite

Imagery
NDRE Index Value based on Rice Plant Age
7-12 HST 27-31 HST 47-52 HST
Sample (NDRE (NDRE (NDRE
8-12-25) 28-12-25) 17-1-26)
1 0.078524 0.040717 0.137016
2 0.096451 0.027213 0.200603
3 0.075672 0.057940 0.137809
4 0.085221 0.038375 0.202290
5 0.098932 0.038837 0.149962
6 0.066897 0.019898 0.198350
7 0.091880 0.023401 0.178013
8 0.083004 0.027962 0.192644
9 0.078982 0.037402 0.255827
10 0.095386 0.017310 0.158940

The increasing trend in NDRE values in this study aligns with
[22], which showed an increase in vegetation density using the
NDRE index from 40 to 60 days after planting. The coefficient of
determination of NDRE far exceeds that of NDVI, confirming
that as rice plants age, NDRE is the most stable and reliable
predictor of vegetation health. Another study conducted by [23],
showed that NDRE tends to increase with plant age until it
reaches its maximum vegetative phase. This increase is associated
with the expansion of leaf area and chlorophyll content during
plant canopy development. In subsequent phases, NDRE changes
slowly relative to the vegetation index, saturating in the optimally
developed canopy.

3.3.  Nitrogen Content of Rice Plants

Referring to Table 2, the results of nitrogen uptake readings in
rice plants using the SPAD instrument and the Kjeldahl method
show different measurement characteristics for the two methods.
The SPAD value represents the relative chlorophyll content in
leaves, obtained non-destructively by measuring light
transmission, and thus reflects the level of leaf greenness as a
physiological indicator of the plant [24]. Functionally,
chlorophyll plays a crucial role in photosynthesis and is closely
related to nitrogen, as it is a key structural component of the
chlorophyll molecule. Therefore, the SPAD value is used as an
optical proxy to indirectly estimate leaf nitrogen status [25].
Therefore, an increase in leaf chlorophyll will be followed by an
increase in the estimated nitrogen measured by the SPAD
instrument. This finding indicates a close and directly
proportional relationship between nitrogen and chlorophyll [26].
In detail, the results of nitrogen absorption readings by SPAD and
laboratory test results are shown in Table 3.

Another factor contributing to the discrepancy between
SPAD readings and laboratory test results is morphology: thicker
rice leaves yield higher SPAD readings. Environmental factors,
including light intensity, temperature, and water availability, play
a significant role in regulating photosynthesis and nitrogen
metabolism, which can influence SPAD readings. When rice
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receives optimum light intensity, temperature, and water
availability, SPAD values increase. These findings suggest that
the nitrogen content reported by SPAD is estimated indirectly
from the functional relationship between chlorophyll and
nitrogen [27].

Table 3. Results of Nitrogen Content Measurements using
SPAD and the Kjeldahl Method

Nitrogen Content of Rice Plants

Age 7-12 HST (NDRE Age 27-31 HST Age 47-52 HST

2 8-12-25) (NDRE 28-12-25) (NDRE 17-1-26)

g . . Nitrogen

<

A gﬁ;?riei Nitrogen gﬁ;?riei Nitrogen Chloroph Nitrogen

PN Total (%) PY Total (%) yll Total (%)

yll (mg/g) yll (mg/g) (me/e)

1 10.05 2.92 13.80 3.90 13.60 2.38

2 9.58 2.77 13.52 3.61 14.15 2.56

3 9.23 2.66 13.42 3.51 13.96 2.50

4 10.93 3.21 13.71 3.80 14.10 2.55

5 11.92 3.54 13.86 3.96 14.08 2.54

6 10.93 3.21 13.86 3.96 15.52 3.03

7 10.97 3.22 13.31 3.39 13.76 243

8 11.67 3.45 13.75 3.85 14.94 2.83

9 9.79 2.84 14.17 428 13.92 2.49

10 11.53 3.41 13.27 3.35 12.47 1.99

In contrast, the Kjeldahl method is a chemical analysis
method that directly measures total tissue nitrogen content
through digestion and distillation, producing an absolute
quantitative value that represents the actual amount of nitrogen
accumulated in plant tissue [28]. This difference in measurement
principles results in relative and estimated SPAD readings based
on chlorophyll, which are influenced by leaf morphology and
physiology. In contrast, laboratory test results using the Kjeldahl
method provide more precise nitrogen information because they
are based on chemical analysis of nitrogen. Based on the
differences between the two methods, SPAD is more appropriate
for non-destructively estimating plant nitrogen status in the field,
while Kjeldahl analysis remains a reference method for obtaining
actual nitrogen values.

3.4. SPAD Data Calibration

SPAD data obtained from field observations were then calibrated
with laboratory test data. Calibration was performed due to
differences in readings between the two methods. SPAD provides
only a relative chlorophyll index [24], whereas the Kjeldahl
method measures total nitrogen content directly [29]. Therefore,
calibration is necessary to establish a mathematical relationship
between SPAD values and laboratory analysis nitrogen content.
The calibration graph is presented in Figure 4, (a) First Period (7-
12 DAP), (b) Second Period (27-32 DAP), (c) Third Period (47-
52 DAP) A comparison of SPAD calibration data with laboratory
test results is shown in Table 4.

Figure 4 shows the calibration relationship between SPAD
values and nitrogen content from laboratory analysis. This
relationship was analyzed using a linear regression model to
determine the extent to which SPAD values can be used to
estimate nitrogen content in rice leaves. Calibration is necessary
to bridge the gap in readability between SPAD measurement
methods and laboratory analysis. It allows SPAD values to serve
as a rapid indicator for estimating plant nitrogen status with
greater accuracy.

Based on Table 4, there is a difference between the calibrated
SPAD value and the nitrogen content measurements obtained
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through laboratory analysis. This difference is then analysed
using the coefficient of variation, defined as the ratio of the
standard deviation to the mean [30]. The coefficient of variation
is used to describe the degree of dispersion from the mean and
serves as an indicator of the relative variability of a data set. In
addition, this parameter facilitates comparisons of relative
diversity across data groups with different units and scales of
measurement [31]. In its interpretation, the coefficient of
variation can be classified into several categories: excellent (CV
< 10%); good (11-20%); moderate (21-30%); and poor (> 30%)
[32].
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(c)
Figure 4. Calibration of SPAD Readings with Laboratory
Nitrogen Test Results at Various Plant Ages

Based on the calculations for the data in Table 4, rice aged
27-32 days after planting has the lowest coefficient of variation
and is included in the good category. This value indicates that
data variation in the second phase is relatively small, so the level
of homogeneity of nitrogen content data in this phase is higher
when compared to other phases. The relationship between SPAD
values and laboratory tests shows greater consistency, so this
phase can be considered the optimal period for estimating
nitrogen content using SPAD. Meanwhile, the coefficient of
variation for rice at 7-12 days after planting and 47-52 days after
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planting is 16.66% and 16.74%, respectively. Both values are
within a similar range and are within the acceptable category.
This indicates that the level of variation in nitrogen content data
in both phases is relatively uniform and still within acceptable
limits. Thus, the results of the SPAD calibration show a fairly
acceptable level of consistency against laboratory data in the early
and late growth phases. However, it has not yet reached a very
high level of uniformity.

Table 4. SPAD Nitrogen Content after Calibration with
Laboratory Test Results

Nitrogen Content

Table 5. Data for Building a Rice Plant Nitrogen Uptake
Estimation Model
Nilai Indeks NDRE dan Kandungan Nitrogen

% Age 7-12 HST Age 27-31 HST Age 7-12 HST
§ NDRE N NDRE N NDRE N
8-12-25 (%)  28-12-25 (%) 17-1-26 (%)
1 0.078524 292  0.040717 390 0.137016 2.38
2 0.096451  2.77  0.027213  3.61  0.200603  2.56
3 0.075672  2.66  0.057940  3.51  0.137809  2.50
4 0.085221  3.21  0.038375 3.80 0.202290  2.55
5 0.098932  3.54 0.038837 396 0.149962 2.54
6 0.066897 321  0.019898 396 0.198350 3.03
7 0.091880  3.22  0.023401 339 0.178013 243
8 0.083004 345 0.027962 3.85 0.192644 2.83
9 0.078982  2.84  0.037402 428 0.255827 2.49
10 0.095386 341 0.017310 335  0.158940  1.99

% Age 7-12 HST Age 27-31 HST Age 7-12 HST
% (NDRE 8-12-25) (NDRE 28-12-25) (NDRE 8-12-25)
v SPAD Labor SPAD Labor SPAD Labor
(%) (%) (%) (%) (%) (%)
1 2.92 3.73 3.90 3.93 2.38 1.35
2 2.77 2.48 3.61 3.63 2.56 2.82
3 2.66 2.78 351 3.65 2.50 22
4 3.21 3.62 3.80 3.73 2.55 2.7
5 3.54 3.47 3.96 4.05 2.54 2.44
6 3.21 3.33 3.96 4.15 3.03 2.68
7 322 3.57 3.39 3.69 243 223
8 345 4.15 3.85 4.14 2.83 3.58
9 2.84 2.07 428 3.92 2.49 2.88
10 3.41 2.04 3.35 2.74 1.99 2.42
CV 16.66% 9.33% 16,74%

These differences are likely influenced by various factors,
including plant physiological conditions, heterogeneity in leaf
characteristics, and variations arising from differences in
measurement approaches between the non-destructive SPAD
method and laboratory analysis using chemical procedures. This
finding is in line with the results reported by [33], which showed
that the coefficient of variation is in the range of 11-20%. Thus,
the coefficient of variation of 14.24% indicates that the data
obtained still have a sufficient level of consistency for further
analysis, while also reflecting the natural diversity of the samples
observed.

3.5. Nitrogen Uptake Estimation Model

The nitrogen uptake estimation model in this study was
constructed by correlating the NDRE index with leaf nitrogen
content. The use of NDRE as a predictor variable is based on the
index's sensitivity to changes in leaf chlorophyll content.
Increased leaf nitrogen content is generally accompanied by
increased chlorophyll concentration, which ultimately affects the
spectral reflectance characteristics of the plant canopy. The
NDRE index utilizes a combination of reflectance at red-edge and
near-infrared (NIR) wavelengths, which are known to be highly
sensitive to variations in chlorophyll concentration [13]. The red-
edge spectrum represents the transition region between strong
chlorophyll absorption in the red and high reflectance in the NIR.
Changes in chlorophyll content due to variations in nitrogen in
leaf tissue shift the spectral response in the red-edge region,
making the NDRE value an effective indicator of changes in plant
nitrogen status, particularly under relatively dense canopy
conditions or during advanced growth stages. Detailed data for
constructing the nitrogen uptake estimation model are presented
in Table 5.
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The NDRE values for each period ranged from 0.017 to
0.255, while leaf nitrogen content ranged from 1.99% to 4.28%.
These variations indicate differences in plant nitrogen status
across samples and observation periods. These differences reflect
the dynamics of rice plant growth and nitrogen uptake, which are
influenced by plant physiological conditions and the growing
environment. Conceptually, increasing nitrogen content in leaf
tissue increases chlorophyll concentration, which, in turn, affects
the plant's spectral reflectance pattern. Leaves with higher
chlorophyll content tend to absorb radiation in the red spectrum
more strongly and reflect radiation in the near-infrared spectrum
more strongly.

The spectral response produces variations in NDRE values,
which can then be correlated with plant nitrogen content.
Therefore, the correlation between NDRE, an independent
variable, and nitrogen content, a dependent variable, is used to
build a regression model that describes the quantitative
relationship between the spectral response of the plant canopy and
the nitrogen status of rice plants. The resulting model is expected
to be used to estimate plant nitrogen content non-destructively
using remote sensing data, thereby enabling spatial monitoring of
plant nutritional conditions and being more efficient than
conventional field measurement methods. This approach also
supports the development of precision agriculture systems,
enabling rapid, wide-area assessment of plant nitrogen status
using multispectral imagery. Thus, NDRE values not only serve
as indicators of vegetation condition but can also be used as
important parameters for estimating plant nitrogen content and
supporting more precise and sustainable fertiliser management.
The relationships between NDRE and nitrogen content, with
regression equations for each growth period, are shown in Figures
5to 7. A detailed summary of the regression model based on the
growth period is presented in Table 6.

The relatively low R? values indicate limited predictive
performance of the model. Therefore, NDRE alone may not
adequately explain nitrogen content variability. Plant
characteristics and environmental conditions strongly influence
NDRE values. Stress from drought, disease, salinity, or high
temperatures can also reduce NDRE values even if the plant is
not experiencing nutrient deficiencies.

NDRE values derived from Sentinel-2 imagery often do not
fully reflect on-the-ground conditions due to various technical
and environmental factors. One major cause is Sentinel-2's spatial
resolution, particularly in the 20-meter red-edge band. Within a
single image pixel, the resulting NDRE value is the average
across multiple plants, not just the condition of a single plant.
Furthermore, atmospheric conditions such as thin clouds, haze,
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water vapour, and aerosols can affect spectral reflectance in the
NIR and red-edge bands, thereby biasing reflectance values.
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Figure 5. Relationship Between NDRE and Nitrogen Content
Using Linear, Exponential, and Quadratic Regression Models

During the First Growth Stage
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Figure 7. Relationship Between NDRE and Nitrogen Content
Using Linear, Exponential, and Quadratic Regression Models
During the Third Growth Stage

The correlation coefficient (r) between NDRE and nitrogen
content is not used as a parameter to assess model accuracy, but
rather to indicate the relationship between NDRE values and plant
nitrogen content. This is because NDRE values do not accurately
reflect nitrogen content, so the correlation obtained cannot serve
as a primary basis for evaluating model performance or accuracy.
NDRE (Normalised Difference Red Edge) has several limitations
for predicting plant nitrogen content, so the resulting relationship
is often used only to indicate a trend, not as a primary indicator
of model accuracy.
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Based on Table 6, the correlation coefficient of the
mathematical model between NDRE and nitrogen content is
positive in each period. This means that when the NDRE value
increases, nitrogen content tends to increase as well. This is
consistent with research conducted by [34], The higher the value
(Normalized Blue Intensity), the higher the nitrogen and
chlorophyll levels in rice plants. Another study on the relationship
between the number of panicles and nitrogen content was
conducted by Ref. [35], which found a positive correlation
coefficient, indicating that the higher the nitrogen content in rice
grains, the greater the number of panicles.

Table 6. Regression Model of Nitrogen Content Based on NDRE
Value

Coefficient of  Correlation

Mathematical Model Determination  Coefficient
(R?) )]

First Period (7-10 HST)

Linear: 0.1325 0.3640
10.682x +2.2153

Exponential: 0.1349 0.3673
2_336763.3618x

Quadratic: 0.1774 0.4212
654.24x% —99.412x + 6.7823

Second Period (27-32 HST)

Linear: 0.0368 0.1918
4.5984x +3.6108

Exponential: 0.0347 0.1863
3.5986¢!268¢

Kuadratik: 0.4371 0.6611
-1104.1x> + 85.106x +2.3043

Periode Ketiga (47-52 HST)

Linear: 0.1099 0.3315
2.4571x +2.0852

Eksponensial: 0.1054 0.3247
2.1018¢%9%5¢
Kuadratik: 0.2144 0.4630
-57.698x% + 24.461x +0.0626
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Table 7. Linear Regression Model Accuracy Test Data

NDRE Index Value and Nitrogen Content

D
=3
§ NDRE N Model N Current NDRE N Model Cull‘ien ¢ NDRE N Model N Current
n 8-12-25 (%) (%) 28-12-25 (%) (%) 17-1-26 (%) (%)
1 0.10 3.28 3.36 0.17 4.39 4.44 0.30 2.82 2.81
2 0.11 3.39 3.42 0.29 4.94 493 0.34 2.92 2.91
3 0.10 3.28 3.25 0.20 4.53 4.50 0.37 2.99 2.99
4 0.11 3.39 3.43 0.24 4.71 4.71 0.32 2.87 2.88
5 0.11 3.39 3.47 0.30 4.99 5.01 0.35 2.95 2.93
6 0.11 3.39 3.52 0.31 5.04 4.99 0.32 2.87 2.86
7 0.12 3.50 3.49 0.39 5.40 5.39 0.28 2.77 2.76
8 0.15 3.82 3.52 0.28 4.90 4.90 0.29 2.80 2.79
9 0.08 3.07 3.05 0.12 4.16 4.20 0.40 3.07 2.95
10 0.16 3.92 3.89 0.29 4.94 4.25 0.28 2.77 2.77
Table 8. Exponential Regression Model Accuracy Test Data
° NDRE Index Value and Nitrogen Content
E NDRE N Model N Current NDRE N Model N Current NDRE N Model N Current
& 8-12-25 (%) (%) 28-12-25 (%) (%) 17-1-26 (%) (%)
1 0.10 3.27 3.36 0.17 4.46 4.44 0.30 2.83 2.81
2 0.11 3.38 3.42 0.29 5.20 4.93 0.34 2.95 2.91
3 0.10 3.27 3.25 0.20 4.64 4.50 0.37 3.04 2.99
4 0.11 3.38 343 0.24 4.88 4.71 0.32 2.89 2.88
5 0.11 3.38 3.47 0.30 5.26 5.01 0.35 2.98 2.93
6 0.11 3.38 3.52 0.31 5.33 4.99 0.32 2.89 2.86
7 0.12 3.50 3.49 0.39 5.90 5.39 0.28 2.78 2.76
8 0.15 3.87 3.52 0.28 5.13 4.90 0.29 2.80 2.79
9 0.08 3.06 3.05 0.12 4.19 4.20 0.40 3.13 2.95
10 0.16 4.00 3.89 0.29 5.20 4.25 0.28 2.78 2.77
Table 9. Quadratic Regression Model Accuracy Test Data
@ NDRE Index Value and Nitrogen Content
g NDRE N Model N Current NDRE N Model N Current NDRE N Model Cull‘\l{en ¢
»n  8-12-25 (%) (%) 28-12-25 (%) (%) 17-1-26 (%) (%)
1 0.10 3.38 3.36 0.17 -15.14 4.44 0.30 2.21 2.81
2 0.11 3.76 3.42 0.29 -65.87 4.93 0.34 1.71 291
3 0.10 3.38 3.25 0.20 -24.84 4.50 0.37 1.21 2.99
4 0.11 3.76 3.43 0.24 -40.87 4.71 0.32 1.98 2.88
5 0.11 3.76 3.47 0.30 -71.53 5.01 0.35 1.56 2.93
6 0.11 3.76 3.52 0.31 -77.42 4.99 0.32 1.98 2.86
7 0.12 4.27 3.49 0.39 -132.44 5.39 0.28 2.39 2.76
8 0.15 6.59 3.52 0.28 -60.43 4.90 0.29 2.30 2.79
9 0.08 3.02 3.05 0.12 -3.38 4.20 0.40 0.62 2.95
10 0.16 7.62 3.89 0.29 -65.87 4.25 0.28 2.39 2.77

3.6.  Nitrogen Uptake Estimation Model Accuracy

The accuracy of the nitrogen uptake estimation model is crucial
for assessing its predictive performance. The three regression
equations analyzed were then evaluated using the Nash-Sutcliffe
Efficiency (NSE) method. A good NSE model is considered to be
suitable if the results are close to 1 [17]. Data used to test the
model's accuracy are presented in Tables 7 and 9. The results of
the model accuracy calculations using the NSE method are shown
in Table 10.

The results in Table 10 show that a negative NSE value
indicates poorer model performance than a prediction approach
that uses only the average observation value. This indicates that
the model is unable to adequately represent data variation, leading
to low stability and poor predictive reliability. Conversely, a
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positive NSE value approaching 1 indicates that the model
performs better in describing the agreement between simulation
results and observational data [36]. Therefore, a positive NSE
value indicates better model performance than a prediction
approach based on the average observation, allowing the model
to continue representing the general trend of the relationship
between the analysed variables.
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Tabel 10. Results of Accuracy Test of Nitrogen Absorption

Content Model of Rice Plants

for estimating nitrogen uptake from Sentinel-2 imagery across all
observed growth phases. Model validation using the Nash-
Sutcliffe Efficiency (NSE) method demonstrated stable
performance, with values of 0.70 (good), 0.62 (adequate), and
0.74 (good), indicating a good level of model reliability and
consistency.

Mathematical Model NSE
First Periode (7-10 DAP)
Linear: 10.682x +2.2153 0.70
Exponential: 2.3367¢33¢1% 0.58
Quadratic: 654.24x* —99.412x + 6.7823 -57.94
Periode Kedua (27-32 DAP)
Linear: 4.5984x +3.6108 0.62
Exponential: 3.5986¢!-26% -0.17
Quadratic: -1104.1x* + 85.106x +2.3043 -37,886.55
Periode Ketiga (47-52 DAP)
Linear: 2.4571x + 2.0852 0.74
Exponential: 2.1018¢%%%% 0.31
Quadratic: -57.698x* + 24.461x +0.0626 -246.95

In this study, the models with positive values in each period
were the linear regression model and the exponential model,
specifically in the first and third periods. Based on the results
obtained, the linear regression model was used for each plant
growth period because it showed a value closer to 1, with NSE
values ranging from 0.62 to 0.74. This range indicates that the
model has fairly acceptable predictive ability in describing the
relationship between the observed variables. These results align
with research conducted by [36]., which reported that the NSE
value ranged from 0.62 to 0.93, indicating acceptable to excellent
model performance in representing observed data. Similar
findings were also reported by [30], who found that the NSE
value was greater than 0.75, indicating a very high level of
consistency in the model's predictions. Furthermore, research
conducted by [37] reported NSE values ranging from 0.77 to 0.89,
indicating that the model had a high level of reliability and
consistency in describing the dynamics of the observed data.

Overall, the linear regression model used in this study was
able to represent the relationships between variables with an
acceptable level of accuracy. The relatively high NSE value
indicates a low level of model error, so the results obtained can
be considered sufficiently representative for use in scientific
analysis and as a basis for decision-making related to agricultural
system management.

The Nash—Sutcliffe Efficiency (NSE) values obtained for the
quadratic regression model were significantly negative (e.g., NSE
= -57.94, -37,886.55, and -246.95), indicating poor predictive
ability. ~ These values imply that the model performed
significantly worse than a simple benchmark using the average of
observed data. This indicates that the quadratic functional form is
not suitable for representing the relationship between NDRE
values and nitrogen content.

The poor performance may be attributed to the inability
quadratic regression to capture the complexity of the system.
Furthermore, the large negative NSE values indicate instability in
the error propagation, further confirming the model's inadequacy.
Therefore, the quadratic regression model cannot be relied upon
for further analysis.

4) CONCLUSION

This study confirms a positive linear regression relationship
between the Normalized Difference Red-Edge (NDRE)
vegetation index and nitrogen uptake levels in rice plant leaves.
Increased NDRE values reflect increased chlorophyll
concentration in leaves, which is physiologically directly
proportional to nitrogen accumulation in plant tissue.The linear
regression model performed better than the other tested models
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