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ABSTRACT 

Nitrogen (N) is a key factor for achieving high grain yield in irrigated rice, and remote 
sensing tools, such as the Normalized Difference Vegetation Index (NDVI), can support 
optimization of N application during the growing season. This study aimed to evaluate 
the use of NDVI for estimating biomass, shoot N accumulation, and grain yield, as well 
as to assess its potential for guiding N fertilization in rice. Field experiments were 
conducted in the state of Rio Grande do Sul, Brazil, during the 2021/22 and 2022/23 
growing seasons, using the genotype IRGA 424 RI and five N fertilization levels. NDVI, 
measured throughout the crop cycle, detected differences in plant growth associated with 
N availability. Strong relationships were observed between NDVI values and the 
evaluated parameters, indicating that the index can predict plant N status and estimate 
crop yield. Based on NDVI readings obtained with a proximal vegetation sensor 
(GreenSeeker), a model was developed to classify crop biophysical parameters and to 
guide site-specific N fertilization during the growing season. 

 
 
INTRODUCTION  

Nitrogen (N) is the most important nutrient for 
increasing grain yield and maximizing yield components in 
irrigated rice (An et al., 2018). Despite its crucial role to 
plants, N is among the most difficult nutrients to manage 
efficiently in agriculture (Amaral et al., 2015). Nitrogen 
fertilization in irrigated rice is generally based on a few 
indicators, which may provide low precision because they 
consider only soil supply and expected crop response to 
fertilization (Reunião Técnica da Cultura do Arroz Irrigado, 
2022). These indicators do not account for the N status of 
the crop during development or the spatial variability of N 
supply within the field. As a result, a single topdressing 
nitrogen rate is applied, benefiting some areas, while others 
receive excessive or insufficient amounts. This practice 
reduces yield (Yinyan et al., 2023), raises production costs, 
and increases the risk of N losses and environmental 
contamination (Padilla et al., 2018). 

Since plant N requirements vary throughout growth 
and development, it is essential to determine nutrient levels 
at specific developmental stages (Ata-Ul-Karim et al., 2017; 
Taiz et al., 2017). Moreover, application rates must be 
adjusted to match crop demand in different parts of the field, 
considering soil N availability and plant nutritional status 
over time (Poletto, 2004; Zhang et al., 2021). Remote 
sensing techniques can support these decisions by providing 
additional information for fertilization recommendations 
(Kanke et al., 2016). Sensors detect the spectral 
characteristics of the canopy during the crop cycle, serving 
as indirect indicators of crop nutritional status and yield 
potential (Queiroz et al., 2020; Lu et al., 2022). 

Two spectral regions are directly related to plant 
biophysical traits and grain yield, namely red (R) and near-
infrared (NIR). Greater biomass increases canopy 
reflectance in the NIR, while higher chlorophyll content 
reduces reflectance in the red spectrum (Figueiredo, 2005). 
To minimize variability caused by external factors, these 
measurements are expressed as vegetation indices. Among 
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them, the Normalized Difference Vegetation Index (NDVI) 
(Rouse et al., 1974) is one of the most widely used in 
agriculture (Singh et al., 2015). NDVI values range from –
1 to +1; higher differences between NIR and red reflectance 
yield higher NDVI values, indicating greater biomass and 
chlorophyll content and, consequently, higher grain        
yield potential. 

Based on this context, this study aimed to monitor 
rice growth using NDVI and to evaluate its relationship with 
crop N status through biophysical parameters and grain 

yield. A further objective was to develop methods for 
optimizing N application rates during the growing season 
according to the actual needs of the plants. 

 
MATERIAL AND METHODS 

Field experiments were conducted during the 
2021/22 and 2022/23 growing seasons in Cachoeirinha, Rio 
Grande do Sul State, Brazil (29°55′30″ S, 50°58′21″ W) 
(Figure 1).

 

 

FIGURE 1. Location of the field experiments in Cachoeirinha, Rio Grande do Sul State, Brazil. 
 
Soil and climate characteristics  

Cachoeirinha is located in the physiographic region 
of the Central Depression of Rio Grande do Sul State (RS). 
The soil in the experimental area is classified as a typical 
dystrophic Haplic Gleysol, according to SiBCS (Santos et  

al., 2013), and the climate is humid subtropical (Cfa), with 
average annual rainfall of 1,470 mm and mean air 
temperature of 19.6 °C. Figures 2a and 2b present 
meteorological data on rainfall, solar radiation, and air 
temperature for the study period.

 

   
 

FIGURE 2. Rainfall (a), solar radiation (a), and average maximum and minimum air temperatures (b) in the study area during 
the 2021/22 and 2022/23 growing seasons. 
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During the 2021/22 growing season, mean air 
temperature from October to March was 24.2 °C, with 
average maximum and minimum values of 29.7 °C and 18.8 
°C, respectively. Rainfall totaled 527.2 mm in this period. 
In the 2022/23 growing season, mean temperature was 24.0 
°C, with maximum and minimum averages of 29.4 °C and 
18.7 °C, respectively.  

Although average temperatures were similar in both 
seasons, 2022/23 had cooler nights (Figure 2b). It was also 
a drier year, with lower cumulative rainfall, especially 
between October and November (Figure 2a), totaling 407.8 
mm compared with 527.0 mm in 2021/22. Despite reduced 
rainfall, average solar radiation in 2022/23 (19.85 MJ m⁻²) 
was lower than in the first season (22.26 MJ m⁻²) (Figure 2a).  

Description of treatments and parameters evaluated 

The experiment followed a randomized complete 
block design with four replicates. Each plot consisted of 
nine 7-m rows spaced 0.17 m apart, totaling 10.70 m². The 
cultivar IRGA 424 RI, currently the most widely grown in 
Rio Grande do Sul State, was used. Treatments included 
five nitrogen rates applied as topdressing (0, 60, 120, 180, 
and 240 kg N ha⁻¹). Applications were split between the V3 
stage - three fully expanded leaves (2/3 of the total N rate) 
and the V8 stage - eight fully expanded leaves (1/3 of the 
total N rate), to ensure maximum N availability before 
panicle formation. Urea (45% N) was used as the N source. 
Nitrogen rates were selected to generate growth variability 
throughout the crop cycle, enabling the evaluation of 
differences in N status. Phosphorus and potassium 
fertilization consisted of 64 kg ha⁻¹ P₂O₅ and 102 kg ha⁻¹ 
K₂O at sowing.  

In 2021/22, rice was sown on October 11 with 
emergence on October 26, while in 2022/23, sowing took 
place on October 18 with emergence on October 29. In both 
seasons, sowing density was 105 kg ha⁻¹ under minimum 
tillage, with seeding performed 30 days after desiccation of 
volunteer plants.  

The Normalized Difference Vegetation Index 
(NDVI) was measured at the V5 (five fully expanded 
leaves), V6 (six fully expanded leaves), V7 (seven fully 
expanded leaves), V8 (eight fully expanded leaves), V9 (nine 
fully expanded leaves), and R0 (panicle initiation) stages 
using the GreenSeeker® active canopy sensor (Trimble, 
Sunnyvale, CA, USA).  

Measurements were taken within the central rows of 
each plot with the sensor positioned parallel to the rows at 
0.8 m above the canopy. NDVI was calculated as Rouse et 
al. (1974):  

NDVI = (NIR − R) / (NIR + R)                            (1)  

Wherein:  

R is red reflectance (680 ± 10 nm), and  

NIR is near-infrared reflectance (770 ± 15 nm). 
 
To assess NDVI progression under different N rates, 

the Area Under the NDVI Progress Curve (AUNPC) was 
calculated from sequential NDVI readings, providing a 
single value per treatment. This procedure is traditionally 
applied in plant pathology to quantify disease progress 
(Amorim, 1995), being a robust quantitative 
epidemiological parameter. Calculations were performed in 

R Studio (version 4.1.1) using the Bolstad package (2009), 
which applies Simpson’s rule for integration. AUNPC 
values were then correlated with grain yield, obtained from 
the harvested net plot area (1.7 m²), consisting of five 
central rows, each 2 m long, after border rows were 
excluded. After threshing, the grain mass was weighed, 
adjusted to 140 g kg⁻¹ moisture, and extrapolated to kg ha⁻¹.  

Biophysical parameters were also assessed. At V8, 
prior to the second N topdressing, aboveground biomass 
and accumulated N were determined. Aboveground dry 
biomass was obtained by sampling plants on three 0.5-m 
rows (0.25 m²), then oven-dried at 65 °C until constant 
weight, and weighed. Total N concentration in plant tissue 
was determined by the semi-micro Kjeldahl method 
(Tedesco et al., 1995). Accumulated N in the aboveground 
biomass (kg ha⁻¹) was calculated by multiplying tissue N 
concentration by dry biomass yield. Both biomass and shoot 
N accumulation were correlated with NDVI measured at the 
same growth stage for both growing seasons studied 
individually, using NDVI as the independent variable and 
biomass or shoot N accumulation as dependent variables.  

To enable single regression analysis across both 
experimental years, NDVI, aboveground dry biomass, and 
accumulated N values were normalized. Normalization was 
performed by dividing the absolute value of each treatment 
by the mean value of the variable in each experiment. This 
procedure is equivalent to the normalized grain yield 
method proposed by Vian et al. (2018) and Molin (2002) for 
comparing spatial variability of grain yield within a given 
area. Normalized data (NOR) were expressed as 
percentages and calculated according to [eq. (2)]: 

NOR = (VA / VM) x 100                                         (2) 

Wherein:  

VA is the absolute value of the analyzed variable, and  

VM is the mean value of the variable in the 
experiment considering all treatments. 

 
Normalized values were used to generate a single 

regression curve, from which critical values were 
determined and used to classify crop development 
according to response to N rates. The classes were defined 
as: low (<90% of the mean), medium (90–110% of the 
mean), and high (>110% of the mean) (Vian et al., 2018; 
Molin, 2002). 

Before regression analysis, data were screened for 
outliers, and residuals were tested for normality and 
homogeneity of variances. All assumptions of parametric 
analysis were met. The data were then subjected to analysis 
of variance using the F-test (p ≤ 0.05) in R Studio (version 
4.1.1). Regression analyses were performed using 
SigmaPlot (version 14.0). 

 
RESULTS AND DISCUSSION 

Normalized Difference Vegetation Index (NDVI) 
dynamics throughout the cycle 

Significant variation in NDVI among N rates and 
growth stages indicated that N availability strongly affected 
irrigated rice growth during the crop cycle. Figure 3 
highlights the NDVI patterns for the 2021/22 and 2022/23 
seasons. These variations resulted from differences in shoot 
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biomass accumulation and tissue N content (Li et al., 2020) 
as influenced by N rates. 

Greater N availability increases biomass production 
and chlorophyll content (Cao et al., 2017). Accordingly, 

higher biomass enhanced reflectance in the near-infrared 
(NIR) region, while greater chlorophyll reduces reflectance 
in the red spectrum (Serrano et al., 2000), thereby increasing 
NDVI values.

 

   

FIGURE 3. Temporal dynamics of the Normalized Difference Vegetation Index (NDVI) as a function of days after emergence 
(DAE) and nitrogen availability during the 2021/22 (a) and 2022/23 (b) growing seasons. Arrows indicate the timing of nitrogen 
topdressing; bars represent the standard error of the mean. Lowercase letters denote mean comparisons at the 5% significance 
level within each assessment date. ns = not significant. 
 

NDVI values increased across all treatments as plant 
development advanced. The smallest increases occurred in 
treatments with no N or with the lowest rate (60 kg N ha⁻¹), 
while the highest increases occurred in treatments with 
higher rates. These differences reflect the effect of N supply 
on plant N uptake and subsequent canopy development 
(Singh et al., 2015). Similar patterns have been reported in 
rice experiments worldwide. Rehman et al. (2019) observed 
NDVI values ranging from 0.15 to 0.58 for minimum values 
and from 0.72 to 0.82 for maximum values across different 
environments. In their study, NDVI increased with higher 
N application until reaching a plateau, with low N rates 
producing lower NDVI values and high N rates       
producing higher values. Kanke et al. (2016) and Padhan et 
al. (2023) also reported that NDVI values rose with 
increasing N fertilization. 

In 2022/23, NDVI declined around the V8 stage 
(eight fully expanded leaves, 47 DAE) across all treatments, 
except for the no N treatment, which showed this decline 
earlier at the V7 stage (40 DAE) (Figure 3b). This decrease 
demonstrates NDVI sensitivity to plant stress (Figueiredo, 
2005). In this growing season, irrigation management was 
hampered by low rainfall at some spots (Figure 2a), which 
reduced water layer in the experimental area between 40 and 
75 DAE. Fluctuating water levels not only induced plant 
water stress but also promoted nutrient losses, particularly 
N (Knoblauch et al., 2012). Combined with reduced solar 
radiation availability (Figure 2a), these factors               
further limited N assimilation (Taiz et al., 2017). In  
addition, episodes of cold night winds caused leaf-tip chlorosis,  

altering radiation reflection and absorption (Figueiredo, 
2005). Duan et al. (2021) likewise reported that NDVI 
values varied across years and locations with different 
climates, reflecting biomass and N accumulation dynamics 
that influence canopy reflectance.  

Grain yield estimation by NDVI 

NDVI values at individual growth stages may not 
provide accurate estimates of grain yield, since crop growth 
and production potential are influenced by multiple factors 
at different stages (Baral et al., 2021). Thus, assessing 
NDVI at several points in the cycle is crucial for reliable 
grain yield estimation. Lu et al. (2022) identified crop 
growth stage and N fertilization as the main agronomic 
factors affecting N status indicators, followed by 
environmental factors such as climate and soil. For greater 
accuracy, NDVI should be measured at three or more stages 
for a precise estimation of the nutritional status, and 
integrating these values further improves predictive power.  

To integrate NDVI responses across growth stages 
and N rates, the Area Under the NDVI Progress Curve 
(AUNPC) was calculated from six stages assessed during 
each season and treatment individually. Higher N rates 
resulted in higher NDVI values and, consequently, larger 
AUNPC values due to greater biomass production and 
canopy reflectance in the NIR band (Figures 4 and 5). These 
treatments also produced higher yields (Supplementary 
Figure 1).
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FIGURE 4. Area under the NDVI progress curve (AUNPC) in the 2021/22 season for treatments with no N (a), 60 kg N ha⁻¹ (b), 
120 kg N ha⁻¹ (c), 180 kg N ha⁻¹ (d), and 240 kg N ha⁻¹ (e). Arrows indicate the timing of nitrogen topdressing; bars represent 
the standard error of the mean. Lowercase letters compare AUNPC values among treatments at the 5% significance level. 
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FIGURE 5. Area under the NDVI progress curve (AUNPC) in the 2022/23 season for treatments with no N (a), 60 kg N ha⁻¹ (b), 
120 kg N ha⁻¹ (c), 180 kg N ha⁻¹ (d), and 240 kg N ha⁻¹ (e). Arrows indicate the timing of nitrogen topdressing; bars represent 
the standard error of the mean. Lowercase letters compare AUNPC values among treatments at the 5% significance level. 
 

Based on the integrated value of the six NDVI assessments, the relationship between AUNPC and grain yield was 
evaluated using a single regression across both years (Figure 6).  
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FIGURE 6. Relationship between rice grain yield and the area under the NDVI progress curve (AUNPC) as a function of 
topdressing N rates in the 2021/22 (open symbols) and 2022/23 (solid symbols) growing seasons.  
 

A strong positive correlation (R = 0.80; Figure 6) 
confirmed the accuracy of AUNPC as a predictor of grain 
yield. Larger AUNPC values corresponded to higher yields, 
showing that differences in crop N status can be effectively 
detected by NDVI. 

In 2021/22, favorable conditions supported higher 
yields: adequate rainfall (Figure 2a) maintained adequate 
water layer in the plots, solar radiation was greater, 
photosynthesis and N assimilation were maximized (Taiz et 
al., 2017), and air temperatures remained within the optimal 
range for rice (Figure 2b) (Yoshida, 1981), thereby 
increasing grain yield (Supplementary Figure 1). In 
contrast, the 2022/23 season experienced adverse 
conditions, with reduced water availability, lower solar 
radiation, and episodes of stress, which significantly 
lowered grain yields in all treatments.  

Despite differences in grain yield between years, 
higher N rates consistently promoted greater canopy 
development, as reflected in AUNPC values (Figures 4 and 
5), and resulted in higher yields (Figure 6). Thus, correlating 
AUNPC with grain yield offers an approach to identify 
areas with greater or lesser N requirements across the crop 
cycle rather than at a single stage. Although widely used in 
plant pathology, this integration method is applied here for 
the first time in irrigated rice.  

These results agree with other studies. Nakano et al. 
(2023) reported a strong relationship between NDVI 
measured with the GreenSeeker sensor and rice grain yield 
when assessed three to one week before panicle initiation 
(R0 stage). At R0, NDVI correlates positively with rice grain 
yield (Harrell et al., 2011; Ali et al., 2014; Xue et al., 2014). 
Islam et al. (2021) predicted grain yield from NDVI at the 
V9 and R0 stages with a high coefficient of determination 
(R² = 0.91). Similarly, Wang et al. (2019) found the highest 

correlations between NDVI and rice yield at these same 
growth stages.  

Panicle initiation represents the transition from 
vegetative to reproductive growth and is a critical stage for 
adjusting N topdressing according to crop nutritional status. 
Therefore, the N rate recommended for the second 
topdressing can be guided by NDVI and AUNPC values 
(Figure 6). 

NDVI and crop biophysical parameters  

To propose a methodology for adjusting the second 
nitrogen topdressing rate, aboveground dry biomass and 
accumulated N were also evaluated and correlated with 
NDVI values at the eight-leaf stage (V8), which precedes the 
recommended time for N topdressing at panicle initiation 
(R0) (Reunião Técnica da Cultura do Arroz Irrigado, 2022). 
Both shoot biomass and N accumulation reflect the 
physiological status of plants (Li et al., 2020). Greater 
biomass accumulation in rice results from the positive effect 
of N on tiller production, plant height, and leaf area and 
thickness, which together increase total biomass (Padhan et 
al., 2023). 

In both years, higher N rates increased biomass and 
shoot N accumulation. These growth differences altered 
canopy reflectance, with more developed plants showing 
greater reflectance in the near-infrared (NIR) region and 
lower reflectance in the red spectrum (Figueiredo, 2005), 
resulting in higher NDVI values in regions of the field 
where plants are more developed. 

Variations in dry matter between years highlight the 
influence of meteorological conditions on rice growth and 
explain the lower NDVI values observed in 2022/23. When 
NDVI was used to estimate aboveground biomass and 
accumulated N, high coefficients of determination (R²) 
were obtained (Figure 7), consistent with the findings of 
Chen et al. (2023) and Qun et al. (2023).
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FIGURE 7. Relationship between aboveground dry biomass (a) and accumulated N (b) of irrigated rice and the Normalized 
Difference Vegetation Index (NDVI) at the eight-leaf stage (V8) in the 2021/22 and 2022/23 seasons. The dashed line indicates 
the 2021/22 season and the solid line indicates the 2022/23 season. 

 
The strong relationship between direct plant 

variables (biomass and shoot N) and NDVI supports the use 
of the index to estimate crop N status during the growing 
season, prior to N supplementation. Lu et al. (2022) and 
Yinyan et al. (2023) also reported that variable N 
fertilization guided by NDVI increased rice final grain yield 
and reduced fertilizer use compared with traditional 
uniform rate fertilization.  

Adjusting nitrogen rates during the growing season 

Although aboveground dry biomass and 
accumulated N show a linear relationship with NDVI, their 
absolute values varied between seasons (Figure 7). Thus, N 

topdressing prescription models based solely on absolute 
NDVI values may under- or overestimate variability in crop 
development caused by N availability (Solie et al., 2012; 
Aranguren et al., 2019).  

To reduce these variations and enable broader 
application of NDVI, a normalization approach was tested 
using the mean value of each experiment (season). This 
procedure allowed the development of a single regression to 
characterize spatial variability in irrigated rice and to guide 
N topdressing at the V8 stage (Figure 8). By normalizing the 
data, the two seasons could be analyzed jointly (Amaral et 
al., 2015), supporting the proposal of a single model 
applicable across years and cropping conditions.

 

     

FIGURE 8. Relationship between normalized values of aboveground biomass (a) and accumulated nitrogen in the biomass (b) 
of irrigated rice and the Normalized Difference Vegetation Index (NDVI) at the eight-leaf stage (V8).  
 

Normalized data were grouped into three classes, 
following the model of Vian et al. (2018) for wheat. Based 
on these classes, the model in Figure 8 may identify critical 
development regions in the field from biomass (Figure 8a) 
and shoot N accumulation (Figure 8b), providing a 
framework for defining management zones to redistribute N 
topdressing according to the crop’s average NDVI. The 
classes were defined as follows: low (<90% of the field 
average NDVI, where 100% is the mean), medium (90–

110%), and high (>110%). This framework enables N 
prescription across different crops and years.  

As shown in Figure 8, the “low” class (NDVI <90% 
of the average) corresponded to dry biomass production 
(Figure 8a) and shoot N accumulation (Figure 8b) below 
approximately 80% and 70% of the mean, respectively, 
indicating reduced vegetative growth and N deficiency. In 
contrast, the “high” class (NDVI >110% of the average) 
corresponded to dry biomass production and shoot N 
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accumulation near 115% and 120% of the mean, 
respectively. These critical zones provide a practical 
method to refine N topdressing. For instance, in the “low” 
class at the V8 stage, biomass and shoot N accumulation 
shows a deficit of approximately 20% and 30%, 
respectively, relative to the mean. In this scenario, we 
suggest that N doses should be increased by around 30% in 
these zones in the field compared with the uniform 
application rate. 

This procedure helps prevent N deficits in less 
developed areas of the field at the V8 stage (“low” zone) and 
avoids excess N in areas with high biomass and shoot N 
accumulation (“high” zone). In the intermediate class 
(“medium” zone), the N dose follows the standard technical 
recommendations, which consider soil organic matter 
content and the expected crop response to fertilization 
(Reunião Técnica da Cultura do Arroz Irrigado, 2022) and 
can be adjusted according to the yield potential estimated 
from Figure 6. Thus, this study proposes a model for 
redistributing topdressing N doses in irrigated rice at the V8 
stage by applying variable rates, starting from the average 
dose defined by the farmer or technical consultant. 

Applying N doses consistent with plant nutritional 
demand at the time of application maximizes N absorption, 
increases grain yield potential in nutrient-limited areas, and 
reduces both fertilizer costs and N losses (leaching, 
volatilization, and denitrification) in areas where 
application would otherwise exceed plant requirements 
(Diacono et al., 2013; Castelli et al., 2019). 
 
CONCLUSIONS  

Rice productivity can be predicted throughout the 
crop cycle by monitoring NDVI and calculating the area 
under the NDVI progress curve (AUNPC). NDVI showed 
strong correlations with crop biophysical parameters, such 
as aboveground biomass and shoot N accumulation at the 
V8 stage, confirming its effectiveness for estimating these 
variables and assessing plant nutritional status. 
Nevertheless, the strong year effect observed highlights the 
limitations of applying these relationships universally. By 
applying data normalization, this study proposes a general 
model for classifying variability in plant growth and shoot 
N accumulation in irrigated rice, enabling adjustment of the 
second N topdressing rate and optimizing crop response      
to nitrogen. 
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SUPPLEMENTARY FIGURE: 
 

 

FIGURE S1. Grain yield of irrigated rice as a function of nitrogen topdressing doses in the 2021/22 and 
2022/23 growing seasons. Bars represent the standard error of the mean. Dashed lines indicate the 2021/22 
season, and solid lines indicate the 2022/23 season. Lowercase letters denote mean comparisons at the 5% 
significance level among treatments within each season. 


