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Abstract: Timely and nondestructive monitoring of leaf area index (LAI) using remote 

sensing techniques is crucial for precise and efficient management of crops. In this paper, a 

new spectral index (SI) for estimating LAI of winter wheat (Triticum aestivum L.) is 

proposed on the basis of field hyperspectral measurements. A simple index based on the 

empirical relationships between LAIs and SIs of all available two-waveband combinations 

from hyperspectral data is developed by considering the difference between reflectance 

values at 760 and 739 nm (DSIR760–R739 = R760 – R739). Among published and newly 

developed SIs, DSIR760–R739 exhibited a significant and strong linear relationship with LAI 
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and showed outstanding performance in LAI assessments. The permissible bandwidths for 

broad-band DSIR760–R739 investigated using simulated reflectance were 5 nm for both 760 

and 739 nm center wavelengths. The results indicate that the linear regression model based 

on the narrow-band and broad-band DSIR760–R739 is a simple but accurate method for timely 

and nondestructive monitoring of LAI. 

Keywords: ground-based measurement; hyperspectral; LAI; sensitivity; site-specific crop 

management; winter wheat 

 

1. Introduction 

In remote sensing, among all canopy variables, leaf area index (LAI) is identified as a key biophysical 

parameter for crop growth diagnosis and pre-harvest grain yield prediction [1,2], as well as having a key 

role in terrestrial ecosystem processes [3]. The green LAI, defined as the one-sided green leaf area per 

unit horizontal ground area [4], is directly related to the growth status of crops [5] and largely influences 

the spectral reflectance of vegetation canopies. Thus, for site-specific crop management, it is crucial to be 

able to estimate LAI in a timely and nondestructive manner using remote sensing, since the site-specific 

crop management requires both high-quality crop production and the minimization of adverse 

environmental effects via better fertilizer management [2,6–8]. 

To date, empirical regression models based on the spectral indices (SIs) have been widely used for 

estimating LAI in crop fields because SI is a simpler, more convenient, and lesser restrictive approach 

than multivariate statistical techniques or radiative transfer model inversions [6,9–11]. For example, the 

normalized difference vegetation index (NDVI) [12] has been widely used in the assessment of  

above-ground biomass (AGB) and LAI [2]. The modified soil-adjusted vegetation index (MSAVI), 

optimized soil-adjusted vegetation index (OSAVI), and enhanced vegetation index (EVI) were developed 

to minimize the effects of varying background soil reflectance and atmospheric influences in measuring 

vegetation signal [13–16]. Gitelson [17] proposed the wide dynamic range vegetation index (WDRVI) to 

accurately assess crop biomass and LAI under conditions of moderate to high AGB. Recently,  

Viña et al. [10] found that chlorophyll indices (the red-edge chlorophyll index [CIred-edge] and the green 

chlorophyll index [CIgreen]), devised for chlorophyll assessment at the leaf scale [18], are more accurate 

for LAI assessments of maize and soybean crops than for the above-mentioned SIs. These SI-based 

studies have successfully predicted LAI at various spatial scales using commercially available digital 

cameras, field spectroradiometers, or airborne and satellite-borne sensors [8,11,19–24]. 

Winter wheat (Triticum aestivum L.) is one of the most important crops in Japan and has been planted 

in more than 212,600 ha [25]. At the canopy scale, previous research has reported that the LAI for wheat 

can be accurately estimated by field spectral measurements [20,26,27]. However, SI-based empirical 

regression models have often been growth-stage-specific or year-specific [9,21,28,29]. Therefore, 

quantitative assessments of LAI remain uncertain. For example, Haboudane et al. found useful SIs (e.g., 

the modified triangular vegetation index, MTVI2) for LAI predictions of wheat, corn, and soybean based 

on simulated data using radiative transfer models [20]. However, the response of MTVI2 of airborne 

hyperspectral data with respect to LAI were different at maturity and senescence growth stages compared 
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with that at early and mid-growth stage for wheat because of the dominance of the heads of the wheat 

plants and the increase in yellow and dry leaves [20,30]. These results suggest that the use of datasets 

representing actual canopy characteristics is important for development of new SIs. 

Previous research demonstrated the suitability of hyperspectral remote sensing for monitoring crop 

growth [31–33]. Particularly for LAI predictions, the saturation problem of NDVI under moderate to 

high LAI conditions has been extensively investigated by developing new SIs using hyperspectral data 

[34,35]. The advantage of hyperspectral data is that it can be used for exploring useful SIs via various 

waveband combinations. However, hyperspectral data are costly to collect. Therefore, investigating the 

impact of new SI bandwidths on predictive accuracy is important—from an economic standpoint—for 

designing sensors [36]. In addition, the large numbers of hyperspectral bands are redundant; selection of 

important bands for crop monitoring is key to maximizing the efficiency of spectral data use [33]. 

The aim of this study was to identify simple and accurate SIs for LAI assessment of winter wheat. We 

explored new SIs based on the empirical relationships between the LAIs and SIs of all available  

two-waveband combinations. This exploration was conducted using field datasets collected at several 

growth stages of winter wheat. Then, the predictive ability and sensitivity of the newly developed  

and existing SIs were evaluated. Finally, the impacts of new SI bandwidths were investigated using  

simulated reflectance. 

2. Materials 

2.1. Experimental Site 

Field experiments were conducted during two growing seasons in 2006 and 2007 at two experimental 

dried paddy fields of typical size in the Gifu Prefectural Agricultural Technology Center (GPATC) in 

southern Gifu prefecture, Japan (35°26.6′N, 136°42′E) (Figure 1). The mean annual temperature and 

annual precipitation at GPATC in 2004 were 17.7 °C and 1903 mm, respectively [37]. 

 

Figure 1. Location and photographs of the experimental site. (a) Location of the experimental 

site; (b) Photograph of the winter wheat on 25 April 2006 (just before heading); and  

(c) Photograph of the winter wheat on 2 June 2006 (10 days before harvest). 
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Two major wheat cultivars (cv. “Norin 61” and “Iwainodaichi”) were sown at a 30 cm ridge width at 

an 80 kg·ha−1 seeding rate (standard cultivation practice). We then investigated the “Norin 61” in 2006 

and the “Norin 61” and “Iwainodachi” in 2007. The sowing and heading dates are summarized in Table 

1. Wheat was harvested between late May and early June in both the 2006 and 2007 seasons. In this 

region, a rotational cropping system for rice, wheat, and soybean has been widely adopted, and 

accordingly, wheat was seeded in the experimental fields after the paddy rice had been harvested. Field 

measurements were performed in different dried paddy fields at GPATC in 2006 and 2007. 

Table 1. Sowing and heading dates of winter wheat in the experimental field. 

Sowing Date/Heading Date Norin 61 (2006) Norin 61 (2007) Iwainodaichi (2007) 

Sowing date 9 November 2005 7 November 2006 

17 October 2006 

27 October 2006 

6 November 2006 

16 November 2006 

Heading date 29 April 2006 9 April 2007 2 April 2007 

Source: [38,39]. 

2.2. Ground-Based Radiometric Measurements  

Canopy reflectance measurements were performed for 10:00–15:00 LST (GMT+9) under clear-sky 

conditions during the mid (stem extension growth stage) to late (1–2 weeks before harvest) growing 

stages (Table 2). The canopy spectra were measured using two portable hyperspectral spectroradiometers 

(ASD FieldSpec Handheld [FSHH] or FieldSpec 3 [FS3]; Analytical Spectral Devices, Boulder, CO, 

USA). The spectral range was 325–1075 nm for the FSHH and 350–2500 nm for the FS3. For all 

measurements, the sensor heads were positioned to look vertically downward, centered over the wheat 

hill, and were kept at a constant 1.3 m above the ground with a commercially available tripod. The 

radiometers had a 25° field of view, for a viewing area of 58 cm in diameter at the canopy level. 

Table 2. Overview of the field spectral measurements. 

Date n Measured Cultivar Growth Stage Spectroradiometer 

4 Apr. 2006 15 Norin 61 Stem extension FSHH 

7 Apr. 2006 5 Norin 61 Stem extension FSHH 

17 Apr. 2006 15 Norin 61 Stem extension FSHH 

24 Apr. 2006 15 Norin 61 Stem extension FSHH 

21 May 2006 14 Norin 61 Maturing FSHH 

24 May 2006 6 Norin 61 Maturing FSHH 

10 Apr. 2007 9 Norin 61 Heading FS3 

17 Apr. 2007 9 Iwainodaichi Anthesis FSHH 

26 Apr. 2007 6 Norin 61 and Iwainodaichi Grain filling FSHH 

Using the FSHH, we recorded the upwelling radiance of the wheat canopies, as well as that of the 

white Spectralon reflectance standard (Labsphere, Inc., North Sutton, NH, USA) at ~15–30 min 

intervals to determine the canopy reflectance. For the FS3 on 10 April 2007, the upwelling radiance of 

the white Spectralon reflectance standard was used to calibrate the instrument at 15–30 min intervals, 
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and then the reflectance values of the wheat canopy were recorded. Finally, the spectral data stored in a 

personal computer were resampled at 1 nm intervals and exported as text files using computer software 

(RS2 for Windows; Analytical Spectral Devices, Boulder, CO, USA). 

2.3. Determination of Field LAI Value 

Agronomic survey was carried out on either the same day or the day following the hyperspectral 

measurements. Above-ground plant samples were obtained by cutting plants at the soil surface level in 

50 cm lengths for one hill at each sampling point where the ground-spectral measurements had been 

made. All plant samples were transported to the laboratory immediately after sampling, where they were 

then divided into green leaves, yellow leaves, stems, and panicles. The surface area of all the green 

leaves was determined using a leaf area meter (LI-3100; Li-Cor Inc., Lincoln, NE, USA). The LAI 

values for a unit ground area were determined by multiplying with a conversion factor (6.67 for 50 cm 

length samples) in consideration of the ridge width of wheat. 

3. Methods 

3.1. Contour-Map Approach for Exploring New Useful Spectral Indices 

Previous studies used contour maps of the coefficient of determination (R2) obtained by a linear 

regression analysis between agronomic variables and all possible two-waveband combinations of 

reflectance values to explore useful SIs [6,26,37,40–43]. This procedure is inadequate when the 

relationship between the LAI and the SI is nonlinear, and it cannot run with nonlinear fitting because of 

the requirement for initial parameter values [26]. Conversely, this contour-map approach has the 

advantage of providing an efficient selection of the optimal combination and width for use in existing 

sensors and for designing future sensors [6,41], and its results can easily be compared with those from 

other studies. Therefore, we used this approach with formulae that take the difference (Difference 

Spectral Index; DSI), ratio (Ratio Spectral Index; RSI), and normalized difference (Normalized 

Difference Spectral Index; NDSI) of the reflectance values to generate new useful SIs for predicting the 

LAI. In this analysis, spectral ranges of <400 nm and >1000 nm were omitted due to noise. The DSI, 

RSI, and NDSI are defined as follows: 
DSI – R R  (1)

RSI – R /R  (2)

NDSI – R R / R R  (3)

where Ri and Rj are the reflectance values at i and j nm. In this study, both the R2 value (highest-R2 

criteria) and the root mean square error (RMSE) (minimum-RMSE criteria) from the leave-one-out 

cross-validation (LOOCV) procedure were used to explore useful SIs. The RMSE was calculated by 

the following formula: 

RMSE ∑ ŷ   (4)

where yi and ŷi are the observed and predicted value of sample data i, respectively, and n is the number 

of sample data. To compare the predictive ability of these three new SIs, we selected nine other major 
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and potentially useful SIs for LAI prediction: NDVI, EVI, OSAVI, WDRVI, CIred-edge, CIgreen, MSAVI, 

MTVI1 and MTVI2 (Table 3). 

Table 3. Existing spectral indices (SIs) used for comparison with the DSI, RSI, and NDSI. 

Spectral Index Formulation Reference 

NDVI R R / R R  [12,20] 

EVI 2.5 R R / R 6R 7.5R  [14] 

OSAVI R R / R R 0.16  [16] 

WDRVI (α = 0.1) αR R / αR R  [17] 

CIred-edge R /R 1 [10,18,44] 

CIgreen R /R 1 [10,18] 

MSAVI 0.5 2R 1 2R 1 8 R R  [15,20] 

MTVI1 1.2 1.2 R R 2.5 R R [20] 

MTVI2 

1.5 1.2 R R 2.5 R R

2R 1 6R 5 R 0.5
 

[20] 

3.2. Model Construction and Validation 

For each SI, linear and non-linear regression models between SI and LAI were constructed [10], and 

the two models were compared with the Akaike Information Criterion (AIC; [45]) to select the better 

model. 

Then, a bootstrap procedure similar to that in previous studies [46,47] was performed to evaluate the 

predictive ability of the SIs. First, the data were divided into a calibration dataset (66.7%) and a 

validation dataset (33.3%) by stratified random sampling (four stratums; 0 ≤ LAI < 1, 1 ≤ LAI < 2,  

2 ≤ LAI < 3, and LAI ≥ 3) because there was less data in the high LAI range. Next, the linear or 

nonlinear model for each SI was fitted to the calibration dataset, and a set of best-fitted values was 

determined. Finally, the validation dataset was bootstrapped 1000 times, and for each repetition, the 

inverted linear or nonlinear model with the best-fitted parameters for each SI was used to predict LAI for 

the validation subsamples. In this study, same calibration dataset and bootstrapped samples in all SIs 

were used. To assess the predictive accuracy, the RMSE was used. 

For our sensitivity analysis, the noise equivalent (NE) ΔLAI [10,48] was used to represent the 

sensitivity of the SI in detecting changes in LAI: 

NE∆LAI RMSE SI . LAI / d SI /d LAI  (5)

where d(SI)/d(LAI) is the first derivative of the SI with respect to LAI, and the RMSE(SI vs. LAI) is 

the RMSE of the SI versus LAI relationship. The NE∆LAI has the advantage of allowing a direct 

comparison of different SIs [49]. 

All data handling and statistical analyses were performed using the R software (version 2.15.0) [50] 

and the nonlinear fitting was made using the “nls” function in R. 
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3.3. Determination of Bandwidths for Broad-Band SI 

To investigate the performance of new SI under different bandwidths (full width at half maximum; 

FWHM), simulated reflectance (Rsim) was used. In accordance with a previous study [36], the Rsim was 

simulated by Equation (6) with the Gaussian response function (Equation (7)): 

R
∑ R ,

∑ ,
 (6) 

, exp
2

 (7) 

where λ is wavelength in the range of spectral response for simulated bandwidth, λc is the central 

wavelength, and 
√

. Different bandwidths in the range of 1–61 nm were simulated to 

investigate changes in predictive accuracy using the RMSE values calculated by the bootstrap 

procedure described in the previous section. The bandwidths for which the RMSE was not greater than 

5% of the smallest RMSE value (optimal1.05 criterion; e.g., [51]) were adopted as the permissible 

bandwidths for economical sensor design [36]. 

4. Results 

4.1. Agronomic Data 

Summary statistics of the field LAI values are shown in Table 4. The ranges of LAI in the entire 

dataset were 0.3–5.5. These ranges were sufficiently broad to evaluate the predictive ability of the SIs. 

Conversely, the ranges of LAI in each dataset, i.e., dataset of the cv. “Norin 61” in 2006 and 2007 and 

the cv. “Iwainodaichi” in 2007, were insufficient for analysis by year or cultivar. In addition, the 2007 

data was collected mainly at the specific growth stage (Table 2). For these reasons, all the data were 

pooled and then used for statistical analysis. 

Table 4. Summary statistics of the field LAI values. 

Variable Statistic Entire Dataset Norin 61 (2006) Norin 61 (2007) Iwainodaichi (2007) 

LAI Average 1.7 1.4 2.7 2.3 

 Max 5.5 3.0 5.5 3.9 

 Min 0.3 0.3 1.4 0.7 

 Range 5.2 2.7 4.1 3.1 

n  94 70 12 12 

4.2. Contour Maps of R2 Value 

Figure 2 shows contour maps of the R2 values from the linear regression analysis between LAI and all 

possible two-waveband combinations of DSI, RSI, and NDSI, respectively. Similar results were also 

obtained in the RMSE values (data not shown). In DSI (Figure 2a), a higher R2 (>0.75) and smaller 

RMSE (<0.45) areas were found at the combination of red-edge wavelengths (720–750 nm) and red-

edge to NIR wavelengths (740–840 nm). The maximum R2 value (0.860; p < 0.001) and minimum 

RMSE value (0.345) were obtained by the difference of the reflectance values at 760 nm and 739 nm, 
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i.e., DSIR760–R739. In RSI (Figure 2b), major R2 > 0.75 areas with RMSE < 0.45 included a combination of 

those around 500 nm and 760 or 990 nm wavelengths, 680 nm with red-edge to NIR wavelengths  

(735–930 nm, 960–1000 nm), and 730–760 nm wavelengths. The maximum R2 value (0.785; p < 0.001) 

and minimum RMSE value (0.428) were obtained by RSIR760–R730. In NDSI (Figure 2c), a major  

R2 > 0.75 area with RMSE < 0.45 was found in region with a combination of around 760 nm and 730 nm 

wavelengths. The maximum R2 (0.788; p < 0.001) and minimum RMSE (0.425) values were obtained by 

NDSIR760–R730. 

 

Figure 2. Contour maps of the coefficient of determination (R2) between LAI and (a) DSI; 

(b) RSI; and (c) NDSI. The crosses (x) indicate the points with the highest R2 values. 

Among the three contour maps, RSI showed R2 > 0.70 in a larger number of combinations than the 

other SIs for estimating LAI. However, we obtained no R2 > 0.80 with RSI. Overall, the DSIR760–R739 

yielded the best R2 values with respect to LAI (R2 = 0.860). Moreover, the best waveband-combination 

for DSI, RSI, and NDSI that were determined by the minimum-RMSE criteria were coincident with 

the results of the highest-R2 criteria. These results indicate that these three new SIs are useful for LAI 

prediction; therefore, were further used in this study. 
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4.3. LAI Prediction and Validation 

Figure 3 shows the relationships between LAIs and SIs. NDVI, EVI, OSAVI, MSAVI and MTVI1 

each exhibited an asymptotic relationship with LAI. In contrast, the other SIs (i.e., WDRVI, CIred-edge, 

CIgreen, MTVI2, DSIR760–R739, RSIR760–R730, and NDSIR760–R730) showed a more linear relationship with 

LAI. In particular, DSIR760–R739 had the most linear relationship with LAI. Based on the AIC, nonlinear 

model was selected for all SIs except for DSIR760–R739. 

 

Figure 3. Relationships between LAI and (a) NDVI, (b) EVI, (c) OSAVI, (d) WDRVI, (e) 

CIred-edge, (f) CIgreen, (g) MSAVI, (h) MTV1, (i) MTV2, (j) DSIR760–R739, (k) RSIR760–R730, 

and (l) NDSIR760–R730. Open circles, filled circles, and crosses indicate data from the cv. 

“Norin 61” in 2006, cv. “Norin 61” in 2007, and cv. “Iwainodaichi” for 2007, respectively. 

Solid lines indicate the best-fitted lines. 

Subsequently, we compared the predictive ability of SIs for assessing LAI by RMSEs obtained via the 

modified bootstrap procedure. Table 5 shows the point-estimated mean values of RMSE and the 95% 

confidence intervals (95% CI). Lower RMSE values (RMSE ≤ 0.457) were obtained from the three 

newly explored SIs (DSIR760–R739, RSIR760–R730, and NDSIR760–R730) than those from previously known SIs 

(RMSE > 0.457). The linear predictive model based on DSIR760–R739 showed the best performance 

(RMSE = 0.372; 0.280–0.487, 95% CI). 
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Table 5. Best-fitted parameters, point-estimated mean values of RMSE, and 95% 

confidence intervals (CIs) of RMSE for narrow-band and broad-band SIs calculated by a 

modified bootstrap procedure. 

Spectral index Model a 
Best Fitted Parameter 

RMSE 95% CI 
Y0 a b 

NDVI nonlinear 0.431 0.499 0.811 0.466 0.357–0.546 

EVI nonlinear 0.183 0.589 0.574 0.656 0.535–0.847 

OSAVI nonlinear 0.263 0.434 0.691 0.492 0.404–0.617 

WDRVI nonlinear −0.674 1.300 0.409 0.487 0.378–0.566 

CIred-edge nonlinear 0.242 3.770 0.252 0.516 0.404–0.605 

CIgreen nonlinear 0.933 8.493 0.225 0.572 0.442–0.692 

MSAVI nonlinear 0.174 0.633 0.475 0.582 0.469–0.753 

MTVI1 nonlinear 0.165 0.545 0.555 0.824 0.622–1.046 

MTVI2 nonlinear 0.144 0.753 0.474 0.541 0.434–0.687 

DSIR760–R739 linear 0.003 0.017 NA 0.372 0.280–0.487 

RSIR760–R730 nonlinear 1.071 0.994 0.165 0.457 0.371–0.551 

NDSIR760–R730 nonlinear 0.039 0.300 0.224 0.455 0.368–0.553 

Broad-band DSIR760–R739 linear 0.006 0.017 NA 0.390 0.302–0.477 

a Inverted regression model, LAI
/

, was used for nonlinear models, while the model, 	

LAI , was used for the linear model in the LAI prediction. 

On the basis of the sensitivity analysis, we found large differences in sensitivity when LAI value 

exceeded 3.0 but only minor differences among SIs when LAI values were below 3.0 (Figure 4). 

Overall, WDRVI, CIred-edge, CIgreen, DSIR760–R739, RSIR760–R730, and NDSIR760–R730 showed higher 

sensitivities with respect to LAI at moderate to high LAI values (3.0–5.5). DSIR760–R739, in particular, 

revealed the highest sensitivity when LAI exceeded 1.5, indicating that it is effective in predicting high 

LAI values. 

On the basis of its high predictive ability, high sensitivity, and high degree of linearity, we consider 

DSIR760–R739 to be the most useful SI for estimating LAI in our dataset. 

 

Figure 4. Sensitivity (NEΔLAI) of the SIs tested in the study. 
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4.4. Impact of Bandwidths on Predictive Accuracy 

The impact of bandwidths on predictive accuracy was investigated using DSIR760–R739 with simulated 

reflectance Rsim. A best predictive accuracy was found to be the narrow-band DSIR760–R739 (i.e., 

bandwidths are 1 nm for 760 and 739 nm center wavelengths). The predictive accuracy decreased with 

increases in bandwidths, as shown in Figure 5. The downward trends of predictive accuracy were 

different in 760 and 739 nm center wavelengths. When the bandwidth at the 760 nm center wavelength 

was as narrow as 9 nm, the impact of increases in bandwidths was relatively small for the 739 nm center 

wavelength. Although increases in bandwidths decreased predictive accuracy, the broad-band DSIR760–R739 

(e.g., 15 nm for both wavelengths) had higher predictive accuracy (i.e., RMSE < 0.455) than the existing 

SIs listed in Table 5. The permissible bandwidths determined by the optimal1.05 criterion were found to 

be 5 nm for 760 and 739 nm center wavelengths (Table 5). 

 

Figure 5. Contour map of RMSE value estimated from predictive model under different 

bandwidths (1–61 nm) based on the DSIR760–R739. 

5. Discussion 

Using the contour map approach, three SIs (DSIR760–R739, RSIR760–R730, and NDSIR760–R730) were 

found to be closely related to LAI (Figure 2). In particular, DSIR760–R739 was most significantly related 

to LAI (R2 = 0.860; RMSE = 0.345). As shown in Figure 2, the wavelengths between 730 and 760 nm 

showed the most important spectral signatures for LAI assessment. The red-edge-NIR wavelengths are 

recognized as the most important spectral signatures for the assessment of LAI and canopy chlorophyll 

content [52–55]. In general, because of the multiple scattering of light in canopies, the reflectance 

values of the NIR wavelengths increase as LAI increases [56,57]. First-derivative processing is well 

known to be effective for enhancing the spectral signature from a target by removing noise. Difference 

processing of two close wavelengths yields results similar to those of the first-derivative processing. 

Therefore, we considered the spectral signature of the NIR wavelengths, which are sensitive to 

changes in LAI, to be enhanced by difference processing. As the canopy reflectance values of red-edge 

wavelengths are closely related to canopy chlorophyll content [55], and canopy chlorophyll content is 
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strongly related to LAI [58,59], previous studies successfully predicted LAI by using  

chlorophyll-related SIs such as CIred-edge [10,53]. According to such results, another possible reason for 

the success of DSIR760–R739 for LAI prediction is the high sensitivity of reflectance values at red-edge 

wavelengths (739 nm in this study) to the canopy chlorophyll content. 

The analyses revealed that NDVI, EVI, and OSAVI (normalized difference indexing) are in a 

nonlinear relationship with LAI (Figure 3a–c) and are less sensitive to changes in LAI at high LAI values  

(Figure 4). The main reason for the low sensitivity of these SIs could be their normalized-difference 

processing; this processing of the ρNIR and ρred values makes the SIs insensitive to variations in the ρNIR 

when ρNIR >> ρred [17]. SIs that take normalized difference processing tend to be insensitive to changes in 

LAI at high LAI values. In contrast, the WDRVI, a linear transformation of the normalized difference of 

ρNIR and ρred, is more sensitive to changes in LAI at moderate to high LAI values (Figure 4). Thus, 

introducing a weight coefficient such as the WDRVI’s “α” is a simple and efficient approach to enhance 

sensitivity to LAI under moderate to high LAI conditions. Although its sensitivity at high LAI values 

was slightly inferior to that of DSIR760–R739, the WDRVI is useful for LAI assessment. 

We also confirmed the applicability of chlorophyll-related SIs (e.g., CIred-edge and CIgreen) at the leaf scale 

for LAI assessment (Figures 3e,f and 4). These results are consistent with a previous study [10,53]. When a 

reflectance value at 760 nm is used as the ρNIR of CIred-edge, the CIred-edge becomes an index similar to 

RSIR760–R730, which indicates higher predictive accuracy and sensitivity. Therefore, CIred-edge, computed 

by the red-edge and the shortest part of the NIR wave region, is more useful for LAI assessment than 

SIs that use the longer part of the NIR wave region. The CIred-edge has been successfully applied to LAI 

assessment of maize, soybeans [10], and wheat crops [53]. Thus, we believe that the CIred-edge is useful 

for LAI assessment regardless of crop type. Nevertheless, note that a high spectral resolution was 

required to observe optimal wavelengths because the optimal bandwidth of this SI was observed to be 

narrow, as shown in the RSI contour map (Figure 2b). 

Among the SIs tested in this study, DSIR760–R739 was the most linearly and closely related SI to LAI 

and demonstrated the best performance for the ground-based dataset. The advantage demonstrated by 

DSIR760–R739 was its higher sensitivity in detecting changes in LAI at moderate to high LAI values  

(3.0–5.5). The ground-based dataset was collected at multiple growth stages during the two-year 

experiment (Table 3). In spite of the clear differences in ground and canopy conditions, DSIR760–R739 

could accurately predict the LAI. 

In monitoring the crop nitrogen status of rice and wheat, Wang et al. [36] reported that the relatively 

wide bandwidths (36, 15, and 21 nm for 924, 703, and 423 nm wavelengths, respectively) in their three 

broad-band vegetation index are ideal for sensor design. However, our study found rapid decreases in 

predictive accuracy, especially for the 760 nm center wavelength. The permissible bandwidths for 

DSIR760–R739 determined by the optimal1.05 criterion were found to be 5 nm at both the 760 nm and 739 

nm center wavelengths. The result of this study is consistent with previous studies showing that  

narrow-band SIs from hyperspectral remote sensing are suitable for monitoring crop growth  

(e.g., [33,60]). However, even though the bandwidths of DSIR760–R739 are wider (e.g., 15 nm for both 

wavelengths), the predictive accuracy of the model was still higher than existing SIs (Figure 5). 

Therefore, like the narrow-band DSIR760–R739, which is suitable for LAI assessment, the broad-band 

DSIR760–R739 may also prove to be useful for LAI assessment. 
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Le Maire et al. [61] conducted a systematic study aimed at finding efficient hyperspectral indices for 

the estimation of forest sun leaf chlorophyll content, sun leaf mass per area, LAI, and leaf canopy 

biomass using radiative transfer models, canopy reflectance data, and Hyperion images. They found a 

reliable index that uses difference of reflectance value at 1725 and 970 nm (i.e., R R ). In the 

spectral range that we tested, and in the form of normalized difference, they reported that the 

combination of NIR and blue reflectance is the most useful spectral region for LAI estimation. However, 

the results of the present study suggested that the combination of NIR and blue reflectance are not useful 

for LAI assessment of winter wheat. A possible reason for this significant difference is the difference in 

ranges in LAI values because le Maire et al. estimated LAI in ranges >3.0 in their study. Although this 

study was site-specific and did not include wavelengths longer than 1000 nm, the ranges of LAI in the 

datasets were 0.3–5.5, sufficiently broad to evaluate the predictive ability of SIs (Table 4). The DSIR760–R739 

developed for the wide ranges of LAI values in this study would therefore be reliable for LAI assessment 

of wheat crops. 

Similar to our study, some previous studies have reported that the first-derivative reflectance of  

red-edge wavelengths or SIs using red-edge wavelengths and wavelengths at 730–760 nm are closely 

related to the LAI of paddy rice [40], wheat [26,53], and pasture biomass [35]. Another study suggested 

that the first-derivative reflectance at 740 nm has high sensitivity to the difference in LAI of paddy rice at 

the panicle-formation stage [6]. The results of further studies investigating the spectral response of 

DSIR760–R739 for LAI assessment of multiple crops or vegetation types would be interesting and 

significant to confirm the robustness of the DSIR760–R739 predictive model because of the differing 

spectral responses among crops [32,42,43]. For example, an analysis comparing wheat and paddy rice, 

which are the two major gramineous crops that have relatively similar canopy structures, would be very 

interesting and required to determine the suitability of DSIR760–R739 for remotely assessing LAI. In 

addition, since all the ground datasets in our study were pooled and then used for statistical analysis, this 

study could not clarify the applicability of DSIR760–R739 for determining differences in wheat varieties and 

fertilization. In the future, we will examine other fields with different wheat varieties and fertilizer 

management techniques by using a larger dataset with a wider range of LAI values. 

6. Conclusions 

To identify simple and accurate SIs for LAI assessment of winter wheat, this study evaluated the 

predictive ability and sensitivity of several SIs with respect to LAI assessment. Hyperspectral and ground 

data collected at the middle and late growing stages were used to identify useful SIs in the present study. 

During the study, three new SIs (DSIR760–R739, RSIR760–R730, and NDSIR760–R730) were developed based 

on the empirical relationships between LAIs and SIs of all available two-waveband combinations from 

hyperspectral data. Of the 12 SIs that were tested, DSIR760–R739 was the most linearly and closely related 

to LAI and the most sensitive to changes in LAI at moderate to high LAI conditions. The permissible 

bandwidths for broad-band DSIR760–R739 were identified as 5 nm at both center wavelengths. The narrow-

band and broad-band DSIR760–R739 could be used for LAI assessment with portable spectroradiometers, 

thus providing useful information for farmers to conduct improved site-specific crop management and 

sustainable agricultural decisions. 
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Since all the ground datasets in our study were pooled and then used for statistical analysis, this 

study could not clarify the applicability of DSIR760–R739 for determining differences in wheat varieties 

and fertilization. In the future, we will examine other fields with different wheat varieties and fertilizer 

management techniques by using a larger dataset with a wider range of LAI values. In addition, we 

will also examine the response of the DSIR760–R739 for LAI assessments for multiple crops or vegetation 

types to confirm the robustness of the predictive model based on DSIR760–R739. 
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