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SENSING IN RICE CROP (var. CO51) 

 
1S. Sivagnanam, 2Jagadeeswaran. R, 2Gokila, B and 2V. P. Duraisami 

1School of Agriculture, Bharath Institute of Higher Education and Research, Selaiyur, Tambaram 
2Department of GIS and Remote sensing, TNAU, Coimbatore, Tamil Nadu 

 
Abstract 

Experiment was conducted to identify spectral indices through hyperspectral remote sensing techniques on rice crop vari. 
CO51. The spectral reflectance of rice crop was recorded by using hand-held spectroradiometer (GER-1500) at different stages of rice 
crop viz., Tillering initiation, Maximum tillering, Flowering and Milky stages at different levels of nitrogen treatments (0, 25, 50, 75, 
100 and 125%). The spectral reflectance was correlated with different levels of nitrogen applied rice crop at different stages. In this 
study, three different tools were used and correlated to identify the spectral indices. That is Band – Band r2 (BBr2), Principal 
Component analysis (PCA) and Stepwise discriminant analysis (SDA). The bands that could discriminate between the rate of N stress 
identification from Blue (495 nm), Red (606, 646 & 696 nm), NIR (706, 716, 726 & 855 nm), IR (906 and 936 nm). The two spectral 
indexes of NDVI = [(RNIR-RRED)/(RNIR+RRED)] Rouse et al. (1973) and GNDVI = [(RNIR-RGREEN)/(RNIR+RGREEN)] Gitelson and 
Merzlyak (1996) were used to identify the spectral indices. The five of the ten new indices were suggested for rice N prediction at 
vegetative stage 1) NDVI = (R885-R606 / R885+R606), 2) NDVI = (R885-R696 / R885+R696), 3) GNDVI = (R885-R536 / 
R885+R536), 4) GNDVI = (R885-R546 / R885+R546) and 5) GNDVI = (R885-R555 / R885+R555). The R2 values also observed 
significantly with indices and N content of 0.72, 0.74, 0.75, 0.74 and 0.74. 

 
Key words: Spectral indices, NIR, IR, NDVI, GNDVI. 
 
Introduction  

Rice is a staple food of more than half of the world's population. In the world more than half of the population are depending 
on rice as a staple food. In India is second largest rice producing country (131 million tonnes) next to China (197 million tonnes). It 
has a rice producing area of 44 million hectares. Among the rice growing countries, India has the largest area (44 million hectares) and 
it is the second largest producer (131 million tonnes) of rice next to China (197 million tonnes). The rice productivity in India is 3.37 
tonne per ha while the world average is 4.25 tonne per ha (IRRI, 2011). Remote sensing is the art and science of gathering information 
about the objects or area of the real world at a distance without coming into direct physical contact with the object under study. 
Remote sensing is a tool to monitor the earth’s resources using space technologies in addition to ground observations for higher 
precision and accuracy. The principle behind remote sensing is the use of electromagnetic spectrum (visible, infrared and microwaves) 
for assessing the earth’s features. The typical responses of the targets to these wavelength regions are different, so that they are used 
for remote sensing techniques are widely used in agriculture. The use of remote sensing is necessary, as the monitoring of agricultural 
activities faces special problems not common to other economic sectors (FAO, 2011). Remote sensing (RS) technologies provide a 
diagnostic tool that can serve as an early warning system, allowing the agricultural community to intervene early on to counter 
potential problems before they spread widely and negatively impact of crop productivity (Sami Khanal et al., 2020). The modern 
agriculture system is required to estimate rapid and accurate method of monitor global plant biogeochemical processes and estimate 
the plant nutrition status at multiple scale (Yu Peng, 2020).  In remote sensing, especially hyperspectral remote sensing, is a suitable 
method for this purpose (R. Houborg, et al., 2015). In plant leaf nitrogen (N), phosphorus (P), and potassium (K) contents are 
powerful indicators of plant nutrition status (Baret, F et al., 2007, X. Xu, 2018, M. Schlemmer, 2013 and Wang, B. et al., 2017). 
Hyperspectral remote sensing has recently been investigated for measuring and predicting biomass, N content, and grain yield in 
maize (Olsen. M. B. et al., 2022). Hence, the study was started with the objectives of 1) to evaluate the leaf pigments and nutrient 
content; 2). To collect spectral reflection with different nutrient treatment of rice plant at different stage; 3) to identify different 
nutrient indices with different mathematical / statistical tool.   

 
MATERIALS AND METHODS 
Experimental site: Two sand culture pot experiments - I and II were conducted at the glass house in Agricultural College and 
Research Institute, Tamil Nadu Agricultural University, Coimbatore, Tamil Nadu, India. The pots of 24 cm height and 25.5 cm 
diameter were kept in basin with a small hole at bottom to drain the excess solution. Air dried sand was used as a growth medium and 
it was washed with 10 per cent HCl. In order to study the spectral reflection of the rice crop, CO 51 variety was chosen as a test crop. It is a 
ruling rice variety in Coimbatore district with medium duration of 110 days.  The spectral reflectance of rice crop was recorded through 
hand held spectroradiometer (GER 1500). It is covers with the range of 350 nm to 1050 nm wavelengths (UV, Visible and NIR 
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region). The spectral reflectance was recorded a sunny days of between 10.30 am and 12.00 pm. It was also collected at four important 
growth stages viz., tiller initiation, maximum tillering, flowering and milky stages. The instrument is pre calibrated and before taking 
measurement on target the reflectance from reference plate (BaSo4 coated) was made. Sand culture pot experiments were conducted in 
a Completely Randomized Block Design (CRD) replicated thrice during 2013-14 and 2014-15 (Table 1). 
 
Treatment details: The pot culture experiments I and II were conducted with five levels (0, 50, 75, 100 and 125 per cent 
Recommended Dose of Fertilizer) of nitrogen. Hoagland’s Nutrient Solution was prepared and applied with an interval of seven days  
@ 1 liter/pot. The rest of the days were supplied with distilled water based on plant water requirement during the growth period.  The 
details of treatments are T1: 0%N+ 100% of P, K + Secondary + All micronutrients, T2: 50%N + 100% of P, K + Secondary + All 
micronutrients, T3: 75%N + 100% of P, K + Secondary + All micronutrients, T4: 125%N + 100% of P, K + Secondary + All 
micronutrients, T5: 0%P + 100% of N, K + Secondary + All micronutrients, T6: 50%P + 100% of N, K + Secondary + All 
micronutrients, T7: 75%P + 100% of N, K + Secondary + All micronutrients, T8: 125%P + 100% of N, K + Secondary + All 
micronutrients, T9: 100% NPK + Secondary + 0 % Zn + other micronutrients, T10:100% NPK + Secondary + 50% Zn+ other 
micronutrients, T11:100% NPK + Secondary + 75 %Zn + other micronutrients, T12:100% of all nutrients. 
 
Fertilizers application: The rice recommended dose of fertilizer level is 150:50:50. The nutrient solution was prepared as per the 
Hogland’s method. Out of the total nutrient solution half of the nutrient solution was supplied to the pots during the initial plant 
establishment and rest of the quantity was applied with seven days interval. Hogland’s nutrient solution was supplied @ one liter 
pot-1 for initial plant establishment. Plants were induced the nutrient deficiency at 20th DAS (days after sowing).  
 
Table 1. Details of 100% Hoagland’s nutrients solution prepared and applied (NPK 150:50:50) for rice 

Sl. No. Nutrients Mg/L Salts 
1 Nitrogen 200 KNO3 
2 Phosphorus 20 KH2PO4 
3 Potassium 243 X * 
4 Calcium 175 Ca(NO3)2.4H2O 
5 Magnesium 25 MgSO4.7H2O 
6 Sulphur 33 X * 
Common Stock solution for 100% micro nutrient 
8 Fe (Iron) 7.33 FeEDTA 
9 Manganese 0.25 MnSO4.H2O 
10 Boron 0.26 H3BO3 
11 Zinc 0.05 ZnSO4.7H2O 
12 Copper 0.01 CuSO4.5H2O 
13 Molybdenum 0.01 (NH4)6 Mo 7O24.4H2O 
14 Chlorine 7.00 NaCl 

* - salt presented with other salts combination 
 

Canopy Spectral measurement and Biometric observation: The spectral measurement was taken vertically 30 cm above the top of 
the rice canopy to record the reflectance at three days interval. Spectral reading was collected at different stages Viz., tiller initiation, 
maximum tillering, flowering and milky stages. The following growth parameters and yield attributes were recorded from the tagged 
plants at tiller initiation, maximum tillering, flowering and milky stages. The plant height, Number of tillers, Leaf length and width 
were recorded at the important stages of the crop like tiller initiation, maximum tillering, flowering, milky and harvested stages. The 
Yield attributes of Number of panicles per hill, Panicle length (cm), and Number of filled grains per panicle were observed from 
harvested rice crop. 
 
Hyperspectral data analysis: Analysis of hyperspectral data involves band identification and developments of indices for rice nutrients 
stress. The collected hyperspectral data has 1.49 nm wide of 512-bands, channel range of 400 - 950 nm. The spectral data from 350 – 
399 nm and 950-1050 nm were removed from the spectral reading as the spectral data of the range had a significant noise problem. 
There are 681 spectral wavelengths were selected from the spectral profile of 400 nm to 950 nm and used for further processing. 
The band identification was carried out through discriminate function. The discriminate analysis of Band-to-Band r2 (BBR2), Principal 
Component analysis (PCA) and Step wise discriminant (SWD) analysis were done by world standard Microsoft office XL and IBM 
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SPSS statistics 20 tool. Frequency analysis were done to identify the frequently occurring bands from the identified bands of Band-to-
Band r2, Principal Component analysis and Step wise discriminant. The vegetation indices were developed by using the frequently 
occurring bands.   Spectral indices were computed from the data by following standard procedure using a customized tool ‘Hyperanalyst’ 
(Balajikannan et al., 2015) 
 
Discriminant analysis: The discriminant analysis is indeed a multiple regression which is used to optimize the spectral 
wavebands. Discriminate analysis is used to determine which variables discriminate between different groups of spectral data. 
Discriminant analysis is conducted for predicting the rice nutrients stress (N, P and Zn) from the set of spectral data collected from 
the experiments. Thenkabail et al. (2002) and Jain et al. (2007) explained that spectral band in the immediate neighborhood of one 
another provide similar information, and are essentially a redundant. Based on these facts, the spectral data were averaged over 10 
nm to reduce the number of bands from 675 wavebands to 55 wavebands. There are several ways to compress the data from 1 nm 
to 10 nm. Jain et al. (2007) had used three different methods for selecting the optimum wavebands from the spectral data and they 
found that the discriminate analysis had minimized the correlation co-efficient between different levels of nitrogen treatments. The 
optimum wavebands can be quantified by band-band r2 (BBR2) analysis, principal component analysis (PCA) and stepwise 
discriminant analysis (SDA). These three methods provide complimentary and supplementary information.  
 

BBR2 helps to eliminate redundant bands and indicates the nutrient stress specific wave bands of rice crop. Principal 
component analysis (PCA) provides an insight into the variation in the stress specific wavebands and reduces the 
dimensionality of the spectral data. Stepwise discriminant analysis is a method to test the strength of the wavebands which 
discriminate the nutrient stress. The spectral bands which are selected from the above three methods were pooled together to 
compute the frequency analysis and the frequently occurring bands ≥ 2 were used to develop the nutrient stress specific index. 

  
Rice Nutrient Index (RNI): Nutrient stress specific index for rice crop was developed from the spectral wavebands identified through 
discriminant analysis. The nutrient stress index was developed for nitrogen nutrient in rice crop to recommend the site specific nutrient 
management.  
 
Table 2.Hyperspectral vegetation indices used in the study. 

Sl. No. Index Computation Reference 
1 Normalized Difference 

Vegetation Index (NDVI) NDVI =
R − R

R + R
 Rouse et al. (1973) 

2 Green Normalized Difference 
Vegetation Index (GNDVI) GNDVI =

R( ) − R( )

R( ) + R( )

 Gitelson and Merzlyak (1996) 

3 Red edge 
D λ(i) =

[Rλ(j + i) − Rλ(j)]

∆λ
 

REP = λmax [Dλ(i)] 
Horler et al. (1983) 

Note: R stands for reflectance 
 
Hyperspectral vegetation indices 
 Hyperspectral vegetation indices were selected and computed using the reflectance values.  Theses indices, which are defined in 
Table 2 can be grouped into three categories, namely NDVI (structural indices), GNDVI (chlorophyll indices) and red edge indices. 
Normalized Difference Vegetation Index (NDVI) is derived from the reflectance of near infrared (NIR) and red wave lengths. The 
reflectance in NIR region is primarily controlled by the internal leaf structure. Multiple reflections in the internal mesophyll structure, 
caused by the difference in the refractive index of the cell walls and the inter-cellular air cavity, result in high reflectance in NIR region. Hence, 
these indices, which use NIR and red reflectance, are called structural indices (Jain et al., 2007). The spectral region of the red-near infrared 
transition (700 – 750 nm) is known as the red edge, and it has been shown to have a large information content for vegetation spectra 
(Horler et al., 1983). This region is influenced by combined effects of strong chlorophyll absorption in the red wavelengths and large 
reflectance in the NIR wavelengths. The slope of this region is a strong indicator of crop health (Jain et al., 2007). The capabilities of 
three indices to discriminate nutrient levels (N, P and Zn) were evaluated by an analysis of correlation coefficient. To locate mathematical 
transformations of the original spectral reflectance that are designed to reduce the additive and multiplicative errors associated with 
atmospheric effect,  
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Plant Analysis: Plant samples were collected from the experiments for pigment analysis and nitrogen estimation. The plant sample 
was collected during the spectral measurement at different stages of the rice crop viz., tiller initiation, maximum tillering, 
flowering, milky and harvest stage.  
Plant pigments analysis: Fresh fully expended upper most leaf sample were collected and used for pigment analysis. The plants 
were cut at 2.5 cm above the ground level and washed thoroughly with water to remove the adhering dust particles. Plant sample 
(0.25g) was taken in the Pestle and Mortar and ground with 10ml of 80% acetone. Ground solution is filtered through Whatman 
No.42 and filtrate is made in to 25ml with 80% acetone. Absorbance of the solution was carried out with spectrophotometer at 
different wavelength of 480, 510, 645 and 663 nm. The Chlorophyll a & b, total chlorophyll and Carotinoids were computed as per 
the formula developed by Arnon (1949).  
 
1. Chlorophyll ‘a’ (mg g-1 fresh weight) 

=  (12.7 X A ) −  (2.69 X A ) X 
V

(1000 X W)
 

2. Chlorophyll ‘b’ (mg g-1 fresh weight) 

=  (2.29 X A ) −  (4.68 X A ) X 
V

(1000 X W)
 

3. Total chlorophyll (mg g-1 fresh weight) 

=  (8.02 X A ) +  (20.2 X A ) X 
V

(1000 X W)
 

Where,       A     =      absorbance at given wavelength (O.D Value) 
                  V     =      final volume of 80% acetone in ml and  
                  W    =      weight of plant tissue in grams 
 
Plant nutrient analysis: The collected plant samples were washed with distilled water and shade dried followed by oven drying at 
60C - 65C.  After drying, the samples were cut into small pieces and ground in a wiley mill and used for analysis. The plant 
nutrients content were estimated using the standard procedure of Nitrogen: Micro kjeldahl method Humphries (1956), Phosphorus: 
Vanadomolybdate phosphoric yellow colour method Jackson (1973) and Zinc: Atomic Absorption Spectrophotometer Lindsay and 
Norvell (1978). 
 
Statistical Analysis: The experimental data were statistically analysed as per the methods of Gomez and Gomez (1984).  For significant 
results, critical difference was worked out at 5 per cent probability level. The best narrow bands of the spectrum for nutrient deficiency 
discrimination, stepwise discriminant analysis (SDA) and correlation coefficient was done with (reflectance, plant pigments, nutrients 
content and growth parameters by) IBM SPSS statistics 20 tool.  
 
Spectral band selection process through discriminate function 
Band to Band R square (r2): A very high correlation from band-to-band r2 (BBr2) between two wave bands indicates similar or 
redundant information. The areas of lowest correlation between waveband indicate that the two-waveband contained unique 
information about the nutrients stress in rice.  
 
Nitrogen band to band R square (r2): Spectral band performance and their per cent reflectance were influenced by the application of 
N levels at maximum tillering, flowering and milky stages of the rice. Different levels of nitrogen on rice leaf spectral band 
combinations were the least redundancy of information at maximum tillering stage. Among all band combinations, the reflectance at 
706 nm - 866 nm, 706 nm - 876 nm and 706 nm - 885 nm are the least correlated (r2 - < 0.000000). The thirty-three least combinations 
include those from blue (446 nm) and NIR (745 nm), Green and IR (536 - 945, mm), (546 – 936 nm) and (555 – 945 nm) and NIR and 
NIR (706 nm - 826, 836, 845, 855, 866, 876, 885 nm). Nitrogen levels on spectral bands performance and their per cent reflectance 
were observed at flowering and milky stages. At flowering stage the least correlated band combinations include those from the NIR 
(716 nm) region of the spectrum and for milky stage three least correlated band combinations included those from the green (515 nm) 
red (676 nm, 666 nm) and NIR (726 nm) regions of the spectrum. This might be due to the above bands are least redundancy between 
the spectral bands which could gave the unique information with N levels at maximum tillering stage. This was in line with the study 
of Thenkabail et al. (2004) who observed a very high correlation between any two wave bands indicates similar or redundant 
information. The areas of lowest correlation between spectral bands indicated that the two bands contained unique information about 
the species. Similarly, Jain et al. (2007) stated the five least correlated bands combinations include those from the green (560 nm) and 
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NIR (760-810 nm) regions of the spectrum from potato leaves. This low correlation is due to the reflectance in the green region is 
controlled by leaf colour and that in the NIR region by the internal leaf structure in potato crop with N levels. 
Principal component analysis (PCA): The PCA was carryout to find the highly informatics wave bands. Bands provide highest 
correlation (or factor loadings) of PCA1 and PCA2 by the application of different levels of nutrients with critical stages of crop 
growth were selected and discussed here.  
 
Principal component analysis (PCA) for nitrogen: It has been influenced by different levels of N at critical stages of rice. The first 
component (PCA1) has dominated mainly by the reflectance of the wavelengths in the region of NIR and IR (745 – 9455 nm) of the 
spectrum, whereas PCA2 dominated in green to red regions (576 – 655 nm) at tiller initiation stage. Influence of different levels of N 
at maximum tillering stage, the first component (PCA1) has dominated the reflectance of wavelength in UV, blue, green, red and NIR 
regions (406 – 706 nm) of the spectrum, whereas PCA2 in NIR to IR regions (736 – 945 nm). This might be due in chlorophyll 
content was controlled by green region, if the plant contains high amount of chlorophyll which could absorb higher light energy and 
less reflectance.  
 

Regarding the flowering stage the first component (PCA1) was dominated the reflectance of the wavelengths in the blue 
(406, 416, 436, 446, 456, 466, 476, 486 and 495 nm), green (515 – 596 nm), red (606 – 695 nm) and NIR (706 and 716 nm) region of 
the spectrum, whereas PCA2 in NIR and IR regions (726 – 945 nm) by the different levels of N application. With regard to milky 
stage the first component (PCA1) has highly dominated by the reflectance of the wavelengths in green (505 – 596 nm), red (606 – 696 
nm) and NIR region (706 nm) of the spectrum, whereas PCA2 in NIR to IR regions (726 – 945 nm) with different levels of N in rice. 
This might be ascribed due to, the content of chlorophyll had high reflectance at red and NIR regions in flowering and milky stages. 
This was supported by the earlier work of Jain et al. (2007) who reported the first component, PCA1 is dominated mainly by the 
reflectance of the wavelengths in the NIR region of the spectrum, whereas PCA2 is mainly dominated by those in the red region of 
(620 – 690 nm) for different N levels in potato.  

 
Stepwise discriminate analysis (SDA) for nitrogen: The leaf spectral reflectance was analysed by stepwise discriminate method 
irrespective of the N levels. Stepwise discriminate analysis for leaf spectral reflection data on different N levels were selected based 
on the wilk’s lambda values. SDA on different N levels, the optimum spectral reflectance was selected at IR of 906 nm region at tiller 
initiation stage. Regarding maximum tillering stage the optimal values of wilk’s lambda for N levels at the region of blue (406, 486 
and 495 nm), green (576 nm), red (606 and 696 nm), NIR (706, 736 and 885 nm) and IR (915 nm) regions of spectrum. With respect to 
flowering stage, the optimal values of wilk’s lambda at blue (486 nm), green (565 and 596 nm), red (646 nm), NIR (745 and 776 nm) 
and IR (906 nm) regions with different N levels. Like milky stage, blue (446 and 495 nm), green (596 nm), red (696 nm), NIR (726, 
845 and 896 nm) and IR (906 and 936) regions gave the optimal wilks lamda value for discriminate N levels in rice. This was ascribed 
due to in earlier stages of the crop (tiller initiation and maximum tillering) have high chlorophyll content and greenness factor and 
internal leaf structure were controlled by the spectral region of NIR to IR of the spectrum. However, from flowering to milky stage, 
the crop leads to reproduction indeed the vegetative part shows less nutrient concentration and their spectral reflectance would 
optimum at Visible (486 nm, 565 and 596 nm) and NIR (726, 845 and 896 nm) to IR (906 and 936 nm) region of the spectrum in rice. 
This was supported by the earlier work of Jain, N et al. (2007) who found the spectral bands that resulted in optimal values of wilk’s 
lambda for seven N treatments were 570, 580, 600, 650, 700, 730 and 760 nm in potato. 
 
SUMMARY AND CONCLUSIONS 

Plant nutrient management is very important practice to achieve maximum yield and to reduce adverse impact on the 
environment to develop rational fertilization practices at the field level by using precision farming. In this context, non-destructive and 
quantitative information on plant nutrient concentration is necessary to manage nutrient application in real time. Detection of crop 
stress is an important application of hyperspectral remote sensing. Hyperspectral remote sensing combines imaging and spectroscopy 
in a single system which often includes large data sets and requires new processing methods. Hyperspectral data sets are generally 
composed of about 100 to 200 spectral bands of relatively narrow bandwidths (5-10 nm). In this investigation was undertaken to study 
the nutrient deficiencies by hyperspectral remote sensing technique in rice. The pot culture experiments were conducted to evaluate 
the spectral response of Nitrogen status in rice and to develop the spectral indices by optimal hyperspectral band to locate nutrient 
stress related bands.  Besides to develop functional relationship between leaf nutrient content and hyperspectral reflectance were 
studied in rice. The findings emanated from the pot culture experiments to assess the spectral response were summarized and the 
conclusions drawn are furnished here under: 
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Pot culture experiment - I 
Frequency analysis were carried out from Band - Band r2, Principal Component Analysis and Stepwise Discriminant Analysis 

(SDA). Irrespective of N levels, frequently occurrence of one band was selected (906 nm) from 38 bands of PCA and 2 bands of SDA 
at tiller initiation stage. The more numbers (24 best bands) of frequency were occurred (≥ 2) from the regions of Blue (406, 446, 486, 
and 495 nm), Green (536, 546, 555, and 576 nm), Red (606 and 696 nm), NIR (706, 736, 745, 766, 816, 826, 836, 845, 855, 866, 876 
and 885 nm) and IR (915, 936 and 945 nm) with N levels from 30 bands of BBr2 , 64 bands of PCA and 12 bands of SDA at maximum 
tillering stage. Regarding flowering stage, more numbers (7 best bands) of frequency were occurred (≥ 2) from the regions of Blue 
(486 nm), Green (565 and 596 nm), Red (646 nm), NIR (716, 745 and 776 nm) and IR (906 nm) with N levels from 3 bands of BBr2, 
63 bands of PCA and 8 bands of SDA. In milky stage, 9 spectral bands were occurred as the more frequencies from the region of Green 
(515 nm), Red (666, 676 and 696 nm), NIR (726, 845 and 896 nm) and IR (906 and 936 nm) irrespective of N levels from 3 bands of 
BBr2, 53 bands of PCA and 10 bands of SDA. Irrespective of the doses, N applications showed high degree of regression coefficient 
between N prediction and N observed (NDVI and GNDVI). New spectral bands were identified Viz., 536 nm, 546 nm, 555 nm, 606, 
696 nm and 885 nm of NDVI and GNDVI for N prediction in rice. Among the 4 growth stages (tiller initiation, maximum tillering, 
flowering and Milky stages) maximum tillering stage is important to observe nutrients for physiological development and 
reproduction. 

 
Pot culture experiment – II 

In Frequency analysis, frequently occurring of twelve bands was selected from the region of blue (495), green (515, 586 and 
596), red (606, 615, 626 and 696) NIR (706 and 855) and IR (906 and 936) from 58 bands of BBr2, 13 bands of PCA and 7 bands of 
SDA at tiller initiation stage of rice. The more numbers (1 best band) of frequency were occurred (≥ 2) from the regions of NIR (726 
nm) with N levels from 7 bands of BBr2 and 11bands of SDA at flowering stage. At milky stage 5 most frequently occurring bands 
were found in the regions of Blue (495 nm), Green (546 nm), Red (646 and 696 nm) and Near-Infrared (716 nm) from 60 bands of 
PCA and 9 bands of SDA with N levels. No band was identified in the experiment due to environment effects. If crop is having multi 
physiological stress it is very difficult to identify nutrient stress. 

 
Over all salient findings drawn from the present investigation showed that temporal and spatial variability among the pot 

culture experiments and established optimum number of hyperspectral bands with the region of UV, Visible, NIR and IR of the 
spectrum (350 – 1050 nm) for establishing relationship with biometric, biochemical and nutrient concentration. The quantitative 
relationship between hyperspectral leaf and canopy reflectance and nutrient status was analyzed systematically in this present study 
involving variable nutrient application rates with rice. The result of the experiment demonstrated that radiometric measurement can be 
used for monitoring of N status in rice crop.  

 
At tiller initiation stage, N levels highly correlated with all spectral indices such as NDVI, GNDVI and Red edge in crop II. 

Frequency analyses with irrespective of N levels, repetitive bands were occurred in the region of Blue (486 nm), Red (676 and 696 
nm), NIR (745 and 845 nm), IR (906, 936, 956, 966, 975 and 986 nm) spectrum at tiller initiation, maximum tillering, flowering and 
milky stages of rice crop - I. New bands 536 nm, 546 nm, 555 nm, 606 nm, 696 nm and 885 nm were identified to N stress rice crop – I. 
Frequency analyses with irrespective of N levels, repetitive bands were occurred in the region of Blue (495 nm) spectrum at tiller 
initiation, maximum tillering, flowering and milky stages of rice crop - II. 

 
Hence in order to identify the nutrient stresses, the following bands were selected for N stress Viz., Blue (495 nm), Red (606, 

646 and 696 nm), NIR (706, 716, 726 and 855 nm), IR (906 nm 936), In this study two new spectral indices of NDVI = {(R885 - R606) / (R 
885 + R606)} and GNDVI = {(R885 - R696) / (R885 + R696)} were referred to detect the N stresses. Hence, these findings are to be confirmed 
by repeated field experiments.  
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