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Effect of tillage, residue mulch and nitrogen manage-
ment on canopy spectral reflectance indices and their 
potential to predict the grain and biomass yield of 
wheat in advance were studied in a field experiment 
conducted at the Indian Agricultural Research Insti-
tute, New Delhi during 2016–17 and 2017–18. The  
canopy reflectance was measured using a hand-held 
ASD FieldSpec spectroradiometer at booting, milking 
and dough stage of wheat. Then 38 hyperspectral 
structural indices were recorded using the spectral 
reflectance data and correlated with wheat yield. It 
was observed that correlation of these indices with 
wheat grain and biomass yield was maximum for the 
booting stage. Among the 38 indices recorded at the 
booting stage, 13 showed significantly higher correla-
tion with grain yield and 10 indices with biomass yield 
of wheat (r ≥ 0.8). Regression models were developed 
between grain and biomass yield of wheat with these 
identified spectral indices recorded at booting stage 
for 2016–17. Validation of these regression models 
during 2017–18 showed that normalized difference 
red edge index (NDREI)-based model performed best 
for grain and biomass prediction. It could account for 
maximum 76.4% and 84.3% variation in the observed 
grain and biomass yield of wheat with root mean 
square error of 37.8% and 50.5% of the correspond-
ing mean values respectively. Thus the regression 
models based on NDREI recorded at booting stage can 
be successfully used for the prediction of grain and 
biomass yield of wheat in advance. 
 
Keywords: Canopy reflectance, regression models, 
spectral indices, wheat, yield prediction. 
 
WHEAT (Triticum aestivum L.) is the second most impor-
tant cereal crop in India, contributing nearly one-third of 
the total foodgrain production. Different tillage practices 
and crop residue mulching strongly influence soil proper-
ties, crop productivity and environment quality1–3. Con-

servation agriculture system, which maintains high soil 
surface coverage and least soil disturbance, has caused a 
significant improvement in soil health4, root growth5, and 
water and nutrient use efficiency6, which influence crop 
productivity7. Mulching has emerged as a useful techno-
logy for storing water in situ by reducing evaporation  
and facilitating infiltration into the soil profile for its  
utilization for crop growth, modification of soil hydro-
thermal regime and improving crop yield8. Among the 
macronutrients, nitrogen is the most critical for wheat 
production9. However, optimization of different inputs 
like tillage, crop residue mulching, nutrient and water 
management according to the crop requirement is essen-
tial for improving crop growth without compromising  
soil health and environmental quality. Different crop 
models help take critical decisions for optimization of 
these inputs and predict crop yield, but these are data-
intensive. 
 Estimation of crop yield in advance is important for 
government agencies, trade and industry for planning sto-
rage, distribution, processing and export/import of crop 
produce and efficient management of the agricultural in-
puts. Prediction of wheat yield under different manage-
ment practices like tillage, residue mulch and nutrient 
management can also help in optimal use of inputs and 
natural resources. In order to get best result in the estima-
tion or prediction of crop yield, the growth of crops has 
to be monitored throughout the growing season. Remote 
sensing can be used to provide information on the actual 
status of agricultural crops on a regular basis in real time. 
Besides crop simulation models, canopy spectral reflec-
tance is used to predict grain and biomass production of 
different crops on a regional scale10–13. The simple ratio 
index and normalized difference vegetation index (NDVI) 
are more commonly used for morpho-physiological study 
of crops14. Raun et al.15 reported that NDVI could be 
used for the prediction of grain yield in winter wheat. 
Many other vegetation indices have also been used to 
predict wheat yield16,17. NDVI, wide dynamic range vege-
tation index and vegetation condition index have been 
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used to forecast wheat yield in 36 districts of Punjab,  
India18. Pradhan et al.19 found that green normalized  
difference vegetation index (GNDVI), red normalized 
difference vegetation index (RNDVI) and simple ratio 
(SR) had a positive correlation whereas water index (WI) 
had a negative correlation with the grain and biomass 
yield of wheat. Bandyopadhyay et al.20 found that norma-
lized water index-1 (NWI-1) and WI at milking stage 
could satisfactorily predict the wheat grain and biomass 
yield with R2 value of 0.87 and 0.89 respectively. Chan-
del et al.9 reported that NDVI at heading stage could  
account for 96% variation in the observed grain and  
biomass yield in irrigated wheat. The relationship of  
various spectral reflectance indices with plant and envi-
ronmental variables needs to be analysed using robust  
regression analysis21. Various combinations of bands 
have been used to account for variations in crop condi-
tions due to agronomical practices, climatic factors,  
nutrient management and soil characteristics22. However, 
there are limited studies on the role of these indices for 
the prediction of wheat grain and biomass yield under 
different tillage, residue and nitrogen management prac-
tices. 
 Bare soil and crop residues show different spectral-
radiometric responses23,24. Hence different tillage practic-
es with varied crop residue cover will necessarily alter 
the spectral characteristics of the crop background. Spec-
tral properties of background, especially with low vegeta-
tion cover can significantly influence the ratio-based 
vegetation indices, such as NDVI and ratio vegetation  
index (RVI)25,26. This constraint can be partly addressed 
by the soil-adjusted vegetation indices such as trans-
formed soil-adjusted vegetation index (TSAVI)27 and 
second soil-adjusted vegetation index (SAVI2)28; most of 
them were developed to adjust soil brightness effects. 
Hyperspectral vegetation indices such as first derivative 
at the red edge (dRE) and red edge inflection point 
(REIP) have been reported to perform better than multis-
pectral vegetation indices in reducing the effects of the 
background29,30. However, swapping the background 
from soil to different levels of residue resulted in consi-
derable changes in both canopy reflectance and vegeta-
tion indices when leaf area index varied between 0.1 and 
1.0 (ref. 31). Eskandari et al.32 attempted to differentiate 
the tillage systems by crop residue cover on the soil  
surface and reported that the best index for complete  
separation of tillage systems was cellulose absorption  
index (CAI) followed by lignin–cellulose absorption  
index (LCA) and normalized difference tillage index 
(NDTI) in a wheat–vetch system. 
 In this backdrop, the present study was conducted to 
compare the performance of 38 structural spectral reflec-
tance index-based regression models and identify the best 
model for prediction of grain and biomass yield of wheat 
under different tillage, residue and nitrogen management 
practices. 

Materials and methods 

Experimental site 

A field experiment was carried out during rabi season 
(winter) of 2016–17 and 2017–18 at ICAR-Indian Agri-
cultural Research Institute, New Delhi (lat. 28°35′N, 
long. 77°12′E, altitude 228.7 m amsl) with wheat crop 
(Triticum aestivum L.) in an ongoing field experiment  
being conducted since 2014. The climate is sub-tropical 
semi-arid (dry hot summer and brief severe winter). The 
soil of the study area is sandy loam texture with blocky 
structure, non-calcareous and slightly alkaline (pH = 7.9) 
having bulk density 1.58 Mg m–3, hydraulic conductivity 
1.04 cm h–1, saturated water content 0.45 m3 m–3, elec-
trical conductivity (soil : water suspension = 1 : 2.5) 
0.36 dS m–1, organic carbon 4.2 g kg–1, total nitrogen 
0.034%, available phosphorus (Olsen) 7.2 kg ha–1 and 
available potassium 285.0 kg ha–1. 

Experimental set-up 

The experiment was designed in a split–split plot with 
three replications. There were two types of tillage (con-
ventional tillage (CT) and no tillage (NT)) as the main 
plot factor, two levels of surface mulch (with maize straw 
(R+) and without mulch (R0)) as the sub-plot factor and 
three doses of nitrogen (60 kg N ha–1 (N60), 120 kg N ha–1 
(N120) and 180 kg N ha–1 (N180)) as the sub-sub plot 
factor. Wheat (cv. HD 2967) was grown in the rabi sea-
son (third week of November to third week of April) of 
2016–17 and 2017–18. Application of nitrogen was done 
in three splits, i.e. 50%, 25% and 25% of N was applied 
at sowing, crown root initiation (CRI) and flowering stage 
respectively. A uniform dose of P2O5 (60 kg ha–1) as SSP 
and K2O (60 kg ha–1) as MOP was applied in all plots as 
basal dose at sowing. Five irrigations were applied at crit-
ical growth stages, viz. CRI, tillering, jointing, flowering 
and milk stage to all the plots.  

Spectral reflectance measurements 

The reflectance of wheat canopy was captured in the 
spectral range 350–1800 nm with a bandwidth of 1 nm 
using handheld ASD FieldSpec spectroradiometer. The 
reflectance was measured at noon (11.00–13.00 h) on 
sunny days. The field of view (FOV) of the spectroradio-
meter was 25° and 1 m distance was maintained  
between the top of the plant and optical head of the in-
strument. Prior to the canopy spectral reflectance mea-
surement, a spectralon (white panel) was employed to  
acquire reference signal to optimize the spectroradiometer. 
The ratio of canopy reflectance to reflectance from the 
white reference panel was used for the computation of 
canopy reflectance. Spectral reflectance of the wheat 
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Table 1. Spectral reflectance indices used in this study 

Index Formula Reference 
 

Carter index 1 (Ctr1) R760/R695 Carter50 
Curvature index R675(R690/R2

683) Zarco-Tejada et al.51 
Curvature index 1 R440/R690 Zarco-Tejada et al.51 
Gitelson and Merzlyak index (GMI) R750/R550 Gitelson and  

 Merzlyak52 
Green index (GI) R554/R677 Zarco-Tejada et al.51 
Green vegetation index (GVI) (R682 – R553)/(R682 + R553) Kauth and Thomas53 
Lichtenthaler indices (Lic1) (R790 – R680)/(R790 + R680) Lichtenthaler et al.54 
Lichtenthaler indices (Lic2) R440/R690 Lichtenthaler et al.54 
Modified normalized difference vegetation index (mNDVI) (R800 – R680)/(R800 + R680 – 2R445) Sims and Gamon55 
Modified normalized difference 705 (mND_705) (R750 – R705)/(R750 + 2R445) Datt56 
Modified simple ratio (MSR) (R800/R670 – 1)/[(R800/R670) + 1] Chen57 
Modified soil-adjusted vegetation index (MSAVI) 0.5 ∗ {2R800 + 1 – [(2R800 + 1)2 – 8(R800 – R670)]0.5} Qi et al.58 
Modified triangular vegetation index (MTVI) 1.2[1.2(R800 – R550) – 2.5 (R670 –R550)] Haboudane et al.59 
Modified red edge normalized difference vegetation index  
 (MRENDVI) 

(R750 – R705)/(R750 + R705 – 2*R445) Sims and Gamon55 

Modified red edge simple ratio (MRESR) (R750 – R445)/(R705 – R445) Sims and Gamon55 
Normalized difference red edge index (NDREI) (R790 – R720)/(R790 + R720) Rodriguez et al.60 
Normalized difference vegetation index (NDVI) (R830 – R670)/(R830 + R670) Rouse et al.61 
Normalized difference water index (NDWI) (R857 – R1241)/(R857 + R1241) McFeeters62 
Optimized soil-adjusted vegetation index (OSAVI) (1 + 0.16)*(R800 – R670)/(R800 + R670 + 0.16) Rondeaux et al.63 
Perpendicular vegetation index (PVI) (RNIR – α Rred – b)/(1 + α2)  

RNIR, soil = α Rred, soil + b 
Richardson and  
 Wiegand64 

Photochemical reflectance index (PRI) (R531 – R570)/(R531 + R570) Garbulsky et al.65 
Plant senescence reflectance index (PSRI) (R680 – R500)/R750 Merzlyak et al.66 
Ratio index-1dB (RI_1dB) R735/R720 Gupta et al.67 
Ratio index-2dB (RI_2dB) R738/R720 Gupta et al.67 
Ratio index-Half (RI_half) R747/R708 Gupta et al.67 
Red green index (RGI) R690/R550 Zarco-Tejada et al.51 
Red-Edge Position (REP) 700 + [40(R670 + R780)/2 – R700]/(R740 – R700) Guyot et al.68 
Red edge normalized difference vegetation index  
 (RENDVI) 

(R750 – R705)/(R750 + R705) Gitelson and  
 Merzlyak69 

Renormalized difference vegetation index (RDVI) (R800 – R670)/[(R800 + R670)0.5] Roujean and Breon70 
Second modified triangular vegetation index (MTVI2) [1.5(1.2*(R800 – R550) – 2.5(R800 – R550)]/[((2R800 + 1)2 

 – (6R800 – 5(R650)0.5))0.5 – 0.5]0.5 
Haboudane et al.59 

Second soil-adjusted vegetation index (SAVI2) R852/[R1433 + (a/b)] 
 b = intercept of the soil line; a = slope of the soil line 

Major et al.71 

Soil-adjusted vegetation index (SAVI) [(R800 – R670)/(R800 + R670 + 0.5)] * (1 + 0.5) Huete72 
Transformed soil-adjusted vegetation index (TSAVI) [α(R875 – α R680 – b)]/[(R680 + αR875 – αb + 0.08(1 + α2))]  

 where α = 1.062 and b = 0.022 
Rondeaux et al.63 

Triangular vegetation index (TVI) 0.5[120(R750 – R550) – 200(R670 – R550)] Broge and Leblanc73 
Vogelmann red edge index 1 (VREI1) R740/R720 Vogelman et al.74 
Vogelman red edge index 2 (VREI2) (R734 – R747)/(R715 + R726) Vogelman et al.74 
Water band index (WBI) R900/R970 Penuelas et al.75 
Zarco-Tejada and Miller index (ZMI) R750/R710 Zarco-Tejada et al.76 

R indicates the reflectance and subscripts indicate the specific wavelength (nm). 
 
 
canopy was measured at three phenostages of wheat 
(booting, milking and dough stages) during 2016–17 and 
2017–18.  

Pre-processing of canopy reflectance  

The raw canopy reflectance collected using the spectro-
radiometer always carries background information and 
noise. Hence preprocessing of the raw spectral reflec-
tance was done by removing the unusual spectrum, aver-
aging the canopy spectrum and splicing correction. In the 
present study, the Savitzky–Golay filter was employed to 

eliminate the effect of noise and background information. 
The Savitzky–Golay filter operates a moving polynomial 
fit of any order and the size of the filter is calculated as 
(2n + 1) points, where n is the half-width of the smooth-
ing window. The points between the 2ns are interpolated 
by the polynomial fit33. 

Red edge analysis 

First derivative of mean reflectance was derived and eva-
luated. Red edge shifts and shapes of the red peak in the 
first derivative curve were studied for different treatments. 
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Wavelength (λre) and amplitude (drre) of the red edge 
peak for different treatments were analysed. Characteri-
zation of spectra under different nitrogen levels was done 
in relation to the following red edge parameters: λre is the 
wavelength of this red edge peak, drre is the maximum 
amplitude of the red edge peak and ∑(dr 670–780) is the 
sum of the first derivative reflectance amplitudes between 
670 and 780 nm. 

Computation of spectral indices 

Thirty-eight spectral reflectance indices (SRI) were com-
puted from the spectral reflectance for each treatment. 
Table 1 presents the formulae of SRI used in this study34–60. 
However, in the present study, SRI at booting stage was 
only used for the prediction of wheat grain and biomass 
yield because of its higher correlation with grain and 
biomass yield. 

Crop grain and biomass yield 

For the measurement of grain and biomass yield, crop 
was harvested from two representative areas of 1 m2 each 
in the centre of each plot to avoid border effect. After 
cleaning and drying of the grains, the grain yield was  
expressed at 14% moisture basis. The wheat grain and 
biomass yield were expressed in kilogram per hectare.  

Model development and validation 

Spectral index-based linear regression models were deve-
loped for the prediction of wheat grain and aboveground 
biomass yield during 2016–17. In the next year, the re-
gression models were validated using the independent  
datasets (spectral indices) recorded in the year 2017–18. 
These models were also evaluated to determine how 
closely a model predicts the actual grain and biomass 
yield of wheat. The accuracy was judged using parame-
ters like R2, mean prediction error, root mean square error 
(RMSE) and normalized RMSE (nRMSE). 
 The coefficient of determination (R2) serves as an indi-
cator of the quality of trend conformity. 
 
 Prediction error (PE) = ((Pi – Oi)/Oi) × 100,  (1) 
 
where Oi is the observed value and Pi is the predicted 
value. Prediction is considered to be excellent if the value 
of PE is near zero. 
 RMSE was employed to measure the fitness between 
the estimated and measured values.  
 

 2
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n
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nRMSE is denoted as RMSE as a percentage of the  
observed mean value.  
 
 nRMSE = (RMSE/Ō) × 100, (3)  
 
where Pi and Oi are the predicted and observed values  
respectively. Observed mean is denoted by Ō and n is 
number of samples. nRMSE (%) shows the relative dif-
ference between the predicted and observed data.  

Statistical analysis 

The data were statistically analysed using analysis of  
variance (ANOVA) as applicable to split–split plot design 
using the SAS software34. The F-test was used to deter-
mine the significance of the treatment effects and differ-
ence between the means was estimated using least 
significance difference at 5% probability level. Data 
analysis tool pack of MS Excel (2007) was used to ana-
lyse correlations and regressions. 

Results 

Grain and biomass yield of wheat 

There was decrease in grain and biomass yield by 23.65 
and 34.2% during 2017–18 compared to 2016–17. Grain 
and aboveground biomass yield of wheat were not signi-
ficantly affected by the tillage treatment and residue 
mulch treatment (Table 2). However, the nitrogen levels 
significantly (P ≤ 0.05) influenced grain and above-
ground biomass yield of wheat (Table 2). The wheat 
grain yield was significantly higher in N180 treatment 
(3763 kg ha–1 for 2016–17 and 3008 kg ha–1 for 2017–18) 
than the N120 (3403 kg ha–1 for 2016–17 and 2805 kg ha–1 
for 2017–18) and N60 (2763 kg ha–1 for 2016–17 and 
2220 kg ha–1 for 2017–18) treatments. The grain yield in 
N180 treatment increased by 10.6% and 7.2% than N120 
for 2016–17 and 2017–18 respectively, whereas it  
increased by 36.2% and 35.5% than N60 for 2016–17 and 
2017–18 respectively. The grain yield in N120 increased 
significantly by 23.1% and 26.3% than N60 for 2016–17 
and 2017–18 respectively. Similarly, the aboveground 
biomass yield of wheat was significantly higher in N180 
treatment (10,419 kg ha–1 for 2016–17 and 7708 kg ha–1 
for 2017–18) than the N120 (9415 kg ha–1 for 2016–17 
and 7017 kg ha–1 for 2017–18) and N60 (7553 kg ha–1 for 
2016–17 and 5675 kg ha–1 for 2017–18) treatments. The 
aboveground biomass yield in N180 treatment increased 
by 10.7% and 9.9% than N120 for 2016–17 and 2017–18 
respectively, whereas it increased by 37.9% and 35.8% 
than N60 for 2016–17 and 2017–18 respectively. The 
biomass yield of N120 treatment significantly increased 
by 24.7% and 23.6% than N60 for 2016–17 and 2017–18 
respectively.  
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Table 2. Grain and biomass yield of wheat as influenced by tillage, residue and nitrogen management 

  Grain yield (kg ha–1) Biomass yield (kg ha–1) 
    

Treatment  2016–17 2017–18 2016–17 2017–18 
 

Effect of tillage   
 CT  3349A# 2778A 8980A 6778A 
 NT  3270A 2577A 9278A 6822A 
Effect of residue   
 R0  3229A 2623A 8786A 6794A 
 R+  3390A 2732A 9472A 6806A 
Effect of nitrogen   
 N60  2763C 2220C 7553C 5675C 
 N120  3403B 2805B 9415B 7017B 
 N180  3763A 3008A 10419A 7708A 
 LSD (T)  NS NS NS NS 
 LSD(R)  NS NS NS NS 
 LSD(N)  311.6* 714.2* 115.3* 419.9* 
ANOVA 
 Source DF p-value p-value p-value p-value 
 

  REP 2 0.7847 0.3274 0.6837 0.9580 
  MP 1 0.5833 0.0782 0.4527 0.9285 
  Error (a) 2     
  SP 1 0.3387 0.0906 0.3024 0.9525 
  MP*SP 1 0.5274 0.2038 0.9738 0.2945 
  Error (b) 4     
  SSP 2 <0.0001 <0.0001 <0.0001 <0.0001 
  MP*SSP 2 0.0595 0.6982 0.0019 0.6094 
  SP*SSP 2 0.8534 0.3513 0.3766 0.0709 
  MP*SP*SSP 2 0.3938 0.5932 0.1151 0.4371 
  Error (c) 16     

Total 35     
#Values in a column followed by the same letters are not significantly different at P < 0.05 according to 
DMRT; *Significant at P < 0.05. 

 
Effect of tillage, residue mulch and nitrogen on  
canopy reflectance spectra  

Figure 1 presents the canopy reflectance curves of wheat 
at booting stage as influenced by tillage, residue mulch 
and nitrogen treatments. It can be observed that there is 
no significant variation in canopy reflectance due to dif-
ferent tillage (Figure 1 a) and crop residue mulch treat-
ments (Figure 1 b) throughout the spectral region of study 
(350–1800 nm). However, the spectral reflectance of 
wheat canopy under different nitrogen treatments (N60, 
N120 and N180) showed appreciable difference through-
out the spectral region of study (350–1800 nm) (Figure 
1 c). The canopy reflectance at red band (680 nm) was 
lowest for N180 treatment followed by N120 and N60 
treatments. However, canopy reflectance at the near 
infrared (NIR) region was highest for the N180 treatment 
followed by N120 and N60 treatments.  

Effect of tillage, residue mulch and nitrogen  
doses on red edge spectra  

The red edge area is the region of rapid change in reflec-
tance of vegetation from red to NIR range of the electro-

magnetic spectrum (Figure 2). The red edge spectra were 
not influenced by tillage and residue mulch treatments. 
However, they were influenced by different nitrogen  
levels. The red edge area was highest for N180 treatment 
(0.3669) followed by N120 (0.3175) and N60 (0.2407) 
treatments. This was evident from the sum of the first de-
rivative reflectance amplitudes between 670 and 780 nm 
(Table 3). With the increase in nitrogen doses there was a 
shift of red edge position, i.e. peak of the first derivative 
of spectral reflectance curve, towards longer wavelength 
(red shift; Table 3). Result also showed that the ampli-
tude of the peak and sum of the first derivative reflec-
tance between 670 and 780 nm gradually decreased with 
decrease in N level (increase in N stress) (Table 3). 

Correlation between spectral reflectance indices  
and grain and biomass yield of wheat 

Correlation between spectral reflectance indices and grain 
and biomass yield of wheat indicated that among the 
booting, milk and dough stages, all the spectral indices at 
booting stage showed highest correlation with the grain 
and biomass yield of wheat (Table 4). The spectral indices 
at booting stage were significantly positively correlated 
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Figure 1. Canopy reflectance spectra as influenced by (a) tillage, (b) residue and (c) N management at booting stage of wheat in 2017–18. 
 
 

 
 

Figure 2. Red edge spectra as influenced by (a) tillage, (b) residue and (c) N management at booting stage of wheat in 2017–18. 
 

Table 3. Characteristics of red edge curve under different nitrogen treatments 

 
Treatment 

Wavelength of red edge  
peak (nm) (λre) 

Amplitude of red edge peak 
(REV; drre) 

Sum of the first derivative reflectance amplitudes 
between 670 and 780 nm (∑(dr 670–780)) 

    

CT 727 0.005729 0.3066 
NT 727 0.005837 0.3102 
R0 727 0.005890 0.3128 
R+ 727 0.005676 0.3040 
N60 719 0.004445 0.2407 
N120 727 0.006007 0.3175 
N180 728 0.007001 0.3669 

 
 
with the grain yield, except GVI, MSAVI, PRI, PSRI, 
RGI, REP and MTVI2, which showed significant nega-
tive correlation. At booting stage, normalized difference 
red edge index (NDREI) showed significantly highest 
correlation with the grain yield of wheat for 2016–17 
(r = 0.853**). Further, at this stage the modified red edge 
normalized difference vegetation index (MRENDVI) 
showed highest correlation with the biomass yield of 
wheat (r = 0.815**) during 2016–17. Among the 38 spec-
tral indices, 13 and 10 structural indices having correla-
tion coefficient (r) ≥ 0.802 with the grain and biomass 
yield of wheat were selected for developing regression 
models for the prediction of grain and biomass yield  
respectively.  

Effect of tillage, residue mulch and nitrogen  
on spectral reflectance indices  

The selected 13 SRI at booting stage under different  
tillage, residue and nitrogen treatments are presented in 

Tables 5 and 6 for 2016–17 and 207–18 respectively. The 
SRI values were statistically similar for conventional  
tillage and no tillage treatments. The effect of crop resi-
due mulch on spectral reflectance indices was also not 
statistically significant. Among the nitrogen treatments, 
the SRI values under N180 treatment were highest  
followed by N120 and N60 treatments. 

Prediction of grain and biomass yield 

Regression models developed between the selected 13 
SRI and grain yield of wheat for 2016–17 showed that 
spectral indices accounted for 59–73% variation in the 
grain yield of wheat (Table 7). The independent datasets 
of grain yield and SRI recorded during 2017–18 were 
used to validate these regression models (Table 8). It was 
observed that the regression models could account for 
59–76% variation in the observed grain yield of wheat 
during validation. Out of the 13 SRI-based regression 
models, the NDREI-based model could account for 



RESEARCH ARTICLES 
 

CURRENT SCIENCE, VOL. 121, NO. 3, 10 AUGUST 2021 408 

Table 4. Correlation between hyperspectral indices at critical growth stages and grain and biomass yield of wheat in 
  2016–17 across different tillage, residue and nitrogen management practices 

 Grain yield Biomass yield 
  

Index Booting Milk Dough Booting Milk Dough 
 

Ctr1 0.787** 0.727** 0.782** 0.754** 0.714** 0.745** 
Curvature Index 0.408NS 0.374NS 0.607* 0.345NS 0.423NS 0.507NS 
Curvature Index 1 0.716** 0.669* 0.644* 0.701* 0.707* 0.554NS 
GMI 0.808** 0.743** 0.803** 0.770** 0.719** 0.766** 
GI 0.531NS 0.496NS 0.679* 0.487NS 0.552NS 0.584* 
GVI –0.597* –0.505NS –0.601* –0.534NS –0.540NS –0.582* 
Lic1 0.770** 0.612* 0.824** 0.718** 0.588* 0.701** 
Lic2 0.716** 0.669* 0.644* 0.701* 0.707* 0.554NS 
mNDVI 0.762** 0.609* 0.759** 0.698* 0.596* 0.703** 
mND_705 0.802** 0.722** 0.783** 0.759** 0.685* 0.779** 
MSR 0.768** 0.609* 0.827** 0.717** 0.584* 0.756** 
MSAVI –0.708** –0.613* –0.707** –0.643* –0.619* –0.762** 
MTVI 0.709** 0.596* 0.783** 0.633* 0.609* 0.754** 
MRENDVI 0.853** 0.765** 0.829** 0.815** 0.727** 0.756** 
MRESR 0.849** 0.810** 0.834** 0.810** 0.785** 0.763** 
NDREI 0.853** 0.852** 0.848** 0.814** 0.795** 0.817** 
NDVI 0.768** 0.609* 0.832** 0.719** 0.584* 0.762** 
NDWI 0.755** 0.795** 0.775** 0.689* 0.727** 0.632* 
OSAVI 0.766** 0.639* 0.820** 0.707* 0.624* 0.771** 
PVI 0.841** 0.744** 0.834** 0.768** 0.764** 0.803** 
PRI –0.730** –0.344NS –0.721** –0.750** –0.418NS –0.678* 
PSRI –0.735** –0.550NS –0.728** –0.663* –0.552NS –0.665* 
RI_1dB 0.842** 0.817** 0.828** 0.796** 0.769** 0.779** 
RI_2dB 0.841** 0.828** 0.830** 0.796** 0.778** 0.783** 
RI_Half 0.831** 0.786** 0.823** 0.790** 0.750** 0.775** 
RGI –0.694* –0.520NS –0.677* –0.640* –0.549NS –0.581* 
REP –0.765** –0.468NS –0.778** –0.736** –0.447NS –0.697* 
RENDVI 0.833** 0.736** 0.829** 0.793** 0.696* 0.771** 
RDVI 0.760** 0.640* 0.815** 0.697* 0.635* 0.775** 
MTVI2 –0.794** –0.688* –0.803** –0.736** –0.679* –0.794** 
SAVI2 0.468NS –0.381NS 0.025NS 0.538NS –0.395NS –0.040NS 
SAVI 0.751** 0.635* 0.708** 0.687* 0.629* 0.772** 
TSAVI 0.760** 0.638* 0.725** 0.706* 0.622* 0.786** 
TVI 0.701* 0.567NS 0.763** 0.624* 0.582* 0.733** 
VOG 0.844** 0.833** 0.832** 0.801** 0.784** 0.785** 
VOG2 –0.857** –0.877** –0.852** –0.812** –0.822** –0.806** 
WBI 0.776** 0.821** 0.813** 0.719** 0.765** 0.683* 
ZMI 0.836** 0.803** 0.848** 0.792** 0.764** 0.780** 
*Significant at P ≤ 0.05; **Significant at P ≤ 0.01; NS, Not significantly different. 

 
 

 
 

Figure 3. Validation of normalized difference red edge index-based regression model for prediction of (a) grain and (b) biomass yield of wheat. 
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Table 5. Structural hyperspectral indices as influenced by tillage, residue and nitrogen management in 2016–17 

Index CT NT R0 R+ N60 N120 N180 
 

GMI  4.12A# 3.84A 3.84A 4.11A 3.08B 4.31A 4.56A 
mND_705 1.51A 1.35A 1.36A 1.50A 1.01B 1.58A 1.70A 
MRENDVI 0.60A 0.57A 0.57A 0.60A 0.51B 0.63A 0.63A 
MRESR 4.13A 3.87A 3.88A 4.11A 3.17B 4.48A 4.35A 
NDREI 0.33A 0.31A 0.31A 0.33A 0.26B 0.35A 0.35A 
NDVI 0.82A 0.77A 0.79A 0.80A 0.72B 0.82A 0.84A 
PVI –0.002A –0.005A –0.004A –0.003A –0.009B –0.001A –0.001A 
RI_1dB 1.55A 1.49A 1.50A 1.54A 1.40B 1.57A 1.59A 
RI_2dB 1.64A 1.58A 1.59A 1.63A 1.46B 1.67A 1.69A 
RI_Half 2.87A 2.69A 2.71A 2.86A 2.29B 3.08A 2.98A 
RENDVI 0.53A 0.49A 0.50A 0.52A 0.43B 0.56A 0.55A 
VOG 1.69A 1.63A 1.64A 1.68A 1.50B 1.75A 1.73A 
ZMI 2.72A 2.55A 2.57A 2.70A 2.19B 2.82A 2.90A 
#Values in a column followed by the same letters are not significantly different at P < 0.05 according to DMRT. 

 

Table 6. Structural hyperspectral indices as influenced by tillage, residue and nitrogen management in 2017–18 

Index CT NT R0 R+ N60 N120 N180 
 

GMI 4.98A 5.19A 5.41A 4.77A 3.58C 5.30B 6.39A 
mND_705 1.95A 1.99A 2.11A 1.82A 1.28C 2.06B 2.56A 
MRENDVI 0.64A 0.64A 0.65A 0.63A 0.56C 0.67B 0.70A 
MRESR 4.72A 4.95A 5.04A 4.63B 3.57C 5.06B 5.87A 
NDREI 0.36A 0.37A 0.37A 0.36A 0.29C 0.38B 0.42A 
NDVI 0.86A 0.85A 0.87A 0.84A 0.77B 0.88A 0.91A 
PVI 0.003A 0.001A 0.003A 0.002A –0.005C 0.003B 0.009A 
RI_1dB 1.55A 1.56A 1.57A 1.53A 1.42C 1.58B 1.66A 
RI_2dB 1.65A 1.66A 1.68A 1.63B 1.49C 1.69B 1.78A 
RI_Half 3.20A 3.28A 3.37A 3.11B 2.53C 3.36B 3.83A 
RENDVI 0.58A 0.58A 0.59A 0.56A 0.49C 0.60B 0.65A 
VOG 1.71A 1.72A 1.75A 1.69B 1.54C 1.75B 1.87A 
ZMI 3.01A 3.07A 3.15A 2.93B 2.41C 3.15B 3.57A 
#Values in a column followed by the same letters are not significantly different at P < 0.05 according to DMRT. 

 
maximum 76% variation in the observed grain yield  
(Figure 3 a) with RMSE and nRMSE of 1013 kg/ha and 
37.8% respectively.  
 The regression models between selected 10 SRI and 
aboveground biomass accounted for 52–66% variation in 
the biomass yield of wheat for 2016–17 (Table 7). The 
independent datasets of aboveground biomass and SRI 
recorded at booting stage in 2017–18 were used to vali-
date these regression models (Table 9). It was observed 
that the regression models could account for 65–84%  
variation in the aboveground biomass of wheat during  
validation. Out of the 10 SRI-based regression models, 
the NDREI-based model could account for maximum 
84% variation in the observed aboveground biomass yield 
(Figure 3 b) with RMSE and nRMSE of 3434 kg ha–1 and 
50.5% respectively. The validation result showed over-
estimation of grain and biomass yield by all the models. 

Discussion 

Grain and biomass yield of wheat 

There was a decrease in grain and biomass yield by 
23.6% and 34.2% during 2017–18 compared to 2016–17. 

This was mainly attributed to lower rainfall received in 
2017–18 and higher maximum temperature experienced 
by the crop during January–March of 2017–18 compared 
to 2016–17. The low rainfall and high temperature stress 
was found to limit the growth of wheat crop during 2017–
18 compared to 2016–17. This finding is in agreement 
with that of Rani et al.35. Grain and aboveground biomass 
yield of wheat were not significantly affected by the  
tillage treatments. This may be due to the fact that the 
experiment was of short duration (3 years) and hence  
favourable changes in soil physical environment due to 
no tillage are yet to be achieved. This finding shows that 
excessive tillage under CT can be avoided without signif-
icant reduction in wheat yield. It will save fossil-fuel 
consumption and improve soil health under no tillage in 
this soil and agroclimatic condition. This finding is in 
agreement with those of Rani et al.35 and Mohammad et 
al.36. Wheat grain and aboveground biomass yield were 
also not significantly affected by residue mulch treat-
ment. However, the grain and aboveground biomass yield 
of wheat increased significantly (P ≤ 0.05) with increase 
in N levels (Table 2). Among all the essential nutrients 
required for the plants, N is the major one, which has a key 
role in the process of photosynthesis. Increased rate of 
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Table 7. Regression models between selected hyperspectral indices and grain and biomass yield
  of wheat in 2016–17 across different tillage, residue and nitrogen management practices 

 Grain yield Biomass yield 
  

Index Relationship R2 Relationship R2 
 

GMI y = 501.4x + 1313 0.653 – – 
mND_705 y = 1045x + 1812 0.642 – – 
MRENDVI y = 5855x – 127.7 0.727 y = 17273x – 1011 0.664 
MRESR y = 588.5x + 955.8 0.721 y = 1732x + 2199 0.656 
NDREI y = 7690x + 855.4 0.728 y = 22639x + 1904 0.662 
NDVI y = 4882x – 574.1 0.589 y = 14105x – 2090 0.516 
PVI y = 84026x + 3587 0.708 – – 
RI_1dB y = 3887x – 2599 0.708 y = 11343x – 8114 0.633 
RI_2dB y = 3225x – 1873 0.706 y = 9428x – 6025 0.633 
RI_Half y = 950.6x + 665.8 0.691 – – 
RENDVI y = 5332x + 588.5 0.694 y = 15673x + 1131 0.629 
VOG y = 2939x – 1569 0.712 y = 8606x – 5154 0.641 
VOG2 – – y = –33064x + 4188 0.659 
ZMI y = 1046x + 550.0 0.698 y = 3059x + 1059 0.626 

 

 

Table 8. Validation of regression models for prediction of grain yield of wheat in 2017–18 under different tillage, residue and nitrogen 
  management practices 

 
Index 

Mean observed grain  
yield (kg ha–1) 

Mean predicted grain  
yield (kg ha–1) 

Mean prediction  
error (%) 

 
R2 

RMSE  
(kg ha–1) 

nRMSE 
(%) 

 

GMI 2678 3864 –44.32 0.591 1274 47.6 
mND_705 2678 3866 –44.38 0.611 1263 47.2 
MRENDVI 2678 3631 –35.61 0.728 976 36.4 
MRESR 2678 3800 –41.92 0.647 1191 44.5 
NDREI 2678 3667 –36.95 0.764 1013 37.8 
NDVI 2678 3582 –33.79 0.664 931 34.8 
PVI 2678 3785 –41.37 0.695 1164 43.5 
RI1dB 2678 3438 –28.40 0.709 794 29.7 
R12dB 2678 3462 –29.30 0.71 818 30.5 
RIhalf 2678 3747 –39.93 0.654 1127 42.1 
RENDVI 2678 3661 –36.71 0.722 1006 37.6 
VOG 2678 3480 –29.97 0.711 836 31.2 
ZMI 2678 3732 –39.37 0.667 1108 41.4 

 
 
photosynthesis with increase in N leads to greater yields 
because of large amounts of dry matter accumulation, and 
more assimilates produced and transported to fill the 
grains as a result of more applied nitrogen. Ullah et al.37 
reported that the grain yield of wheat increased with in-
crease in applied N. The increase in grain and biomass 
yield with increase in applied N might also have resulted 
from increased leaf area index (LAI), green spikes area 
and crop duration with greenness, which resulted in  
increased capture of radiation. These results are in 
agreement with those of earlier studies19,38,39. 

Effect of tillage, residue mulch and nitrogen on  
canopy reflectance spectra 

It was observed that canopy reflectance spectra were not 
significantly influenced due to tillage and residue man-
agement throughout the spectral region. As already dis-
cussed, there was no significant effect of tillage and 
residue on biomass yield in this short-term study, which 
was reflected in the canopy spectra. Similar finding has 

also been reported by Pradhan et al.19. However, Zhao et 
al.31 reported that changing the background from soil to 
residue resulted in substantial changes in both reflectance 
and vegetation indices of canopies when LAI varied  
between 0.1 and 1.0. Since spectral reflectance was rec-
orded at booting stage, when the LAI was more than 1.0, 
the effect of crop residue mulch on spectral reflectance 
was not found to be significant. The canopy reflectance 
of wheat at booting stage showed significant difference 
due to N levels throughout the wavelength (350 to 
1800 nm) of spectral reflectance measurement. The canopy 
reflectance in the visible region (400–700 nm) was high-
est for N60 treatment followed by N120 and N180 treat-
ments. This could be attributed to lower green biomass 
and lower total chlorophyll content in N60 treatment 
compared to N120 and N180 treatments40,41. A reduction 
in N application would reduce chlorophyll pigment con-
centration, which will result in decreased absorption and 
increased reflection in the visible region at 450 and 
680 nm (ref. 42). However, N180 treatment showed high-
est reflectance in the NIR region followed by N120 and 
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Table 9. Validation of regression models for prediction of biomass yield of wheat in 2017–18 under different tillage, residue and 
  nitrogen management practices 

 
Index 

Mean observed biomass 
yield (kg ha–1) 

Mean predicted biomass  
yield (kg ha–1) 

Mean prediction 
error (%) 

 
R2 

RMSE  
(kg ha–1) 

nRMSE
(%) 

 

MRENDVI 6800 10078 –48.21 0.795 3325 48.9 
MRESR 6800 10570 –55.44 0.832 3924 57.7 
NDREI 6800 10182 –49.73 0.843 3434 50.5 
NDVI 6800 9919 –45.86 0.652 3178 46.7 
RI1dB 6800 9572 –40.77 0.831 2831 41.6 
RI2dB 6800 9631 –41.63 0.833 2892 42.5 
RENDVI 6800 10518 –54.67 0.85 3802 55.9 
VOG 6800 10161 –49.43 0.782 3411 50.2 
VOG2 6800 10161 –49.43 0.782 3411 50.2 
ZMI 6800 10364 –52.41 0.826 3682 54.1 

 
N60 treatments. This is attributed to the lower leaf area 
index in N60 and N120 treatments compared to N180 
treatment. Canopy reflectance in the NIR region is direct-
ly related to leaf area and biomass, which increase with 
the increase in applied N41,43,44. 

Prediction of grain and biomass yield 

This study shows that most of the spectral indices at 
booting stage have higher correlation with both the grain 
and biomass yield among the three stages. Similar results 
were reported by Pradhan et al.19. Ranjan et al.45 also  
reported that spectral reflectance pattern of wheat crop at 
booting stage was most distinct for varying N stress  
levels. In this study, regression models were developed 
between selected hyperspectral indices (r ≥ 0.802) at 
booting stage and grain and biomass yield of 2016–17. 
These models were validated with the spectral indices of 
2017–18. The validation result showed overestimation of 
grain and biomass yield by all the models. This was attri-
buted to the reduction in the grain and biomass yield dur-
ing 2017–18 due to low rainfall and high temperature 
compared to 2016–17. Validation results showed that 
NDREI-based regression model could account for maxi-
mum 76.4% variation in the observed grain yield and 
84.3% variation in the observed biomass yield. In this 
study, the variation of yield is mainly due to different N 
doses. This variation may be accounted by NDREI, which 
is sensitive to the chlorophyll and N content of the cano-
py. Derivative-based red-edge indices were reported to be 
more sensitive to changes in both leaf chlorophyll content 
and LAI at dense plant canopy or biomass46,47. The red 
edge (660–780 nm) was reported to be effective and  
accurate in estimating grain yield of wheat48. Kanke et 
al.49 also reported a linear relationship between NDREI 
and rice grain and biomass yield. 

Conclusion 

The grain and biomass yield of wheat were not signifi-
cantly influenced by the tillage and residue management, 

but increased significantly with increase in N levels. The 
canopy reflectance also showed similar pattern, i.e. it was 
not significantly affected by different tillage and residue 
management practices. However, it was significantly  
influenced by different N treatments throughout the spec-
tral region. Most of the hyperspectral indices at the boot-
ing stage were found to have higher correlation with grain 
and biomass yield of wheat compared to other stages. From 
the analysis of the quantitative relationships between 
grain and biomass yield and various hyperspectral indices, 
regression models based on NDREI were found to be the 
best for the prediction of both grain and biomass yield of 
wheat. Thus it may be concluded that the regression 
models based on NDREI at booting stage can be used to 
predict grain yield and above-ground biomass of wheat in 
advance. 
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