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Abstract: Canopy chlorophyll content (Chl) closely relates to plant photosynthetic capacity, nitrogen status 
and productivity. The goal of this study is to develop remote sensing techniques for accurate estimation of 
canopy Chl during the entire growing season without re-parameterization of algorithms for two contrasting 
crop species, maize and soybean. These two crops represent different biochemical mechanisms of 
photosynthesis, leaf structure and canopy architecture. The relationships between canopy Chl and reflectance, 
collected at close range and resampled to bands of the Multi Spectral Instrument (MSI) aboard Sentinel-2, were 
analyzed in samples taken across the entirety of the growing seasons in three irrigated and rainfed sites located 
in eastern Nebraska between 2001 and 2005. Crop phenology was a factor strongly influencing the reflectance 
of both maize and soybean. Substantial hysteresis of the reflectance vs. canopy Chl relationship existed 
between the vegetative and reproductive stages. The effect of the hysteresis on vegetation indices (VI), applied 
for canopy Chl estimation, depended on the bands used and their formulation. The hysteresis greatly affected 
the accuracy of canopy Chl estimation by widely-used VIs with near infrared (NIR) and red reflectance (e.g., 
normalized difference vegetation index (NDVI), enhanced vegetation index (EVI) and simple ratio (SR)). VIs 
that use red edge and NIR bands (e.g., red edge chlorophyll index (CIred edge), red edge NDVI and the MERIS 
terrestrial chlorophyll index (MTCI)) were minimally affected by crop phenology (i.e., they exhibited little 
hysteresis) and were able to accurately estimate canopy Chl in two crops without algorithm re-
parameterization and, thus, were found to be the best candidates for generic algorithms to estimate crop Chl 
using the surface reflectance products of MSI Sentinel-2. 
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1. Introduction 

Since chlorophyll is the main driver of light absorption and conversion of the absorbed light to stored 
chemical energy, it is an essential (although not unique) factor governing plant photosynthetic potential (e.g., 
[1,2]). Foliar chlorophyll content (Chl) provides useful information on leaf photosynthetic capacity as defined 
by the maximum rate of carboxylation (Vmax, e.g., [3�5]). Vmax directly relates to the RuBisCO enzyme that acts 
as a catalyst for carbon fixation within the leaf chloroplast. The leaf RuBisCO content is highly correlated with 
the foliar nitrogen (N) content because of the large proportion of N in photosynthetic machinery [6]. In addition 
to RuBisCO, much of the incorporated foliar N is in chlorophyll, and therefore, strong correlations also exist 
between foliar Chl and N content [7�10]. However, the slope of the relationship N vs. photosynthetic capacity 
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in crop declined for high N content [11]. It was also found that the relationship between Chl and N content at 
the canopy level is much stronger than at the leaf level (e.g., [10]).  

Canopy Chl is defined as the total chlorophyll content per unit ground area in a contiguous group of plants 
[12]. It is well suited for quantifying canopy level N content and gross primary production [7,10,13�17]. Baret 
et al. [7] noted that canopy Chl is a physically sound quantity since it represents the optical path in the canopy 
where absorption by chlorophyll governs the radiometric signal, which is remotely detectable. Foliar Chl is 
commonly estimated using radiative transfer models (RTM; e.g., [18,19]) and vegetation indices (VI; see [20] for 
review). Canopy Chl is estimated using various techniques such as neural networks built using RTM-simulated 
reflectance (e.g., [21]) and chlorophyll-related VIs applied to close range and satellite data (e.g., [12,22,23]).  

There are several issues with remote canopy Chl estimation. One relates to algorithm calibration by ground 
measurements. Canopy Chl is usually calculated as the product of foliar Chl and leaf area index (LAI) 
[7,10,12,15,22]. There are uncertainties in the ground truth data due to (a) foliar Chl determination either 
obtained analytically or retrieved from leaf reflectance and (b) LAI collected either destructively [24] or 
retrieved from canopy transmittance [25]. Acquisition of ground data for calibration and validation is especially 
challenging due to variable leaf area and foliar Chl distribution inside a canopy during the growing season 
(e.g., [24]).  

Another substantial source of uncertainty relates to seasonal changes in canopy structural and biochemical 
traits that can significantly modify the spectral response of plants. Leaf structure and canopy architecture 
greatly influence leaf and canopy optical properties (e.g., [26,27]). In different phenological stages of vegetation 
development, the relationships between crop biophysical parameters and VIs are often significantly different 
(e.g., [28�30]). For example, the use of a single LAI vs. the normalized difference vegetation index (NDVI) 
relationship across the growing season led to substantial LAI overestimation in the vegetative stage and 
underestimation in the reproductive stage [31]. In deciduous broadleaf forests the enhanced vegetation index 
(EVI) vs. LAI relationships differed greatly in two distinct phenological stages [32]. The simple ratio (SR) index 
significantly decreased when senescent components began appearing in the canopy [33].  

Regardless of the origin of the retrieval methods, statistical or physical analyses, the majority of the 
approaches retrieve biophysical properties of green vegetation only [34]. As a result, the models ignore the 
optical characteristics of senescent vegetation or the algorithm tends to perform poorly in the reproductive stage 
because it is not calibrated for senescent vegetation (e.g., [35�37]). A manipulative experiment and simulation 
analyses by RTM showed that senescent leaves significantly influence the spectral response of vegetation [38]. 
These results agree with [33,39,40], indicating that the presence of any significant fraction of dead material 
changes VI values.  

Seasonal changes in the pigment pool and structural canopy properties greatly influence the light climate 
inside the canopy and modulate the extinction coefficient (e.g., [41]). For realistic modeling of reflectance, RTM 
should be fed by known vertical LAI and pigment content distributions, as well as their changes during the 
season. Despite theoretical and empirical evidence of the influence of senescing leaves on canopy spectral 
responses, documented changes in canopy structural properties during the season and uncertainties in canopy 
Chl and other biophysical property estimation, these issues have not been adequately elaborated upon and 
addressed. It is important for monitoring crops with different structural properties when the spatial resolution 
of the sensor is low (e.g., comparable to field size or larger) and in regions with mixed-use cropping practices 
(e.g., maize/soybean rotation) requiring generic algorithms that do not need re-parameterization for different 
crops.  

The goal of this study is to develop remote sensing techniques to accurately estimate canopy Chl during 
the entire growing season in two contrasting crop species, maize and soybean, representing different 
biochemical mechanisms of photosynthesis (C3 and C4), leaf structures (monocot and dicot) and canopy 
architectures (spherical in maize; heliotropic in soybean) without re-parameterization of algorithms for each 
crop. The first objective was to identify spectral bands sensitive to canopy Chl and to gain insights into the effect 
of crop phenology on reflectance in these spectral bands (i.e., to quantify the hysteresis of the reflectance vs. 
canopy Chl relationship). The second objective was to analyze the effect of the hysteresis on VIs used for canopy 
Chl estimation and explore VIs that are minimally affected by crop phenology. The final objective was to explore 
generic algorithms for canopy Chl estimation by VIs simulated from reflectance in the spectral bands of the 
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Multi Spectral Instrument (MSI) sensor on board the Sentinel-2 satellite with spectral and spatial resolution 
found to be suitable for estimating crop biophysical characteristics [17,34,42,43].  

2. Materials and Methods  

2.1. Study Area 

The study consists of three AmeriFlux sites (US-Ne1, US-Ne2 and US-Ne3), located at the University of 
Nebraska-Lincoln Agricultural Research and Development Center near Mead, Nebraska, USA, 
http://public.ornl.gov/ameriflux/site-select.cfm. The sites are about 60 ha each and within 5 km of each other. 
Site 1 was planted in continuous maize and was equipped with a center-pivot irrigation system. Sites 2 and 3 
were both planted in a maize-soybean rotation, with maize planted in odd years and soybean planted in even 
years. Site 2 was irrigated in the same way as Site 1, while Site 3 relied entirely on rainfall for moisture. More 
details about these sites are in [44]. The field campaigns were carried out biweekly during the growing seasons 
(from May to September) from 2001 to 2005 to collect crop parameters and canopy spectra.  

2.2. Canopy Reflectance 

Hyperspectral radiometers were mounted on an all-terrain sensor platform for canopy reflectance 
measurements [45,46]. A dual-fiber optic system with two inter-calibrated Ocean Optics USB2000 radiometers 
was used to collect radiometric data in the range 400 to 1100 nm with a spectral resolution of about 1.5 nm. One 
radiometer was equipped with a 25° field-of-view optical fiber pointing downward to measure the upwelling 
radiance of the canopy. The position of this radiometer was kept at nadir approximately 5.4 m above the canopy 
throughout the growing season, yielding a sampling area with a diameter of around 2.4 m at the top of the 
canopy. The second radiometer was equipped with an optical fiber and a cosine diffuser pointing upward to 
measure downwelling irradiance. Percent canopy reflectance was then calculated from the ratio of upwelling 
radiance to the simultaneously-measured downwelling irradiance.  

Radiometric data were collected close to solar noon (between 11:00 and 13:00 local time), when changes in 
solar zenith angle were minimal. For each study site, six randomly selected plots were established, and each 
plot was measured with six randomly selected sampling points (details in [47]). Thus, 36 reflectance 
measurements were obtained per site, and their median was used as the site canopy reflectance. 

2.3. Destructive Measurements of Leaf Area Index  

Green LAI was determined destructively in the lab from samples collected in six small plots  
(20 m × 20 m) established within each site. These plots represented all major soil and crop production zones 
within each site [44]. Plants from a 1-m length of either of two rows within each plot were collected and the 
total number of plants recorded. Plants were kept on ice and transported to the lab where they were separated 
into green leaves, dead leaves and litter components. All green leaves were run through an area meter (Model 
LI-3100, Li-Cor, Inc., Lincoln, Nebraska), and the leaf area per plant was measured. For each plot, the green leaf 
area per plant was multiplied by the plant population to obtain a green LAI. Green LAI for the six plots was 
then averaged as a site-level value (see [42] for more details).  

2.4. Chlorophyll Content Measurements at the Leaf and Canopy Level 

During growing seasons from 2001 through 2005, spectral reflectance measurements of the ear leaf in maize 
and the top-most fully expanded leaf in soybean were collected biweekly in three sites using an Ocean Optics 
radiometer. Maize and soybean leaves were transported to the lab, and leaf Chl content (Chlleaf) was determined 
analytically (details in [12,42]). A linear relationship of Chlleaf vs. red edge chlorophyll index (CIred edge) was then 
calibrated with a determination coefficient R2 = 0.95 [12]:  

Chlleaf (mg·Chl·m 2) = 37.904 + 1353.7 × CIred edge (1) 

CIred edge = ( NIR/ red edge)  1, where NIR is the average reflectance in the near infrared (NIR) range from 770 
through 800 nm and red edge is the average reflectance in the range from 720 to 730 nm [48]. The reproductive 
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stage was defined as the period between maximal canopy Chl and the end of the season. In maize, this 
corresponds to the usual way of separating the vegetative from the reproductive stage, but in soybean, it means 
that our definition of the vegetative stage also includes the first few reproductive sub-stages (up until R4, most 
likely), which is just prior to seed filling [49]. 

2.5. Vegetation Indices 

The third objective of this study is to find VIs applicable to the 20-m resolution MSI aboard the Sentinel-2 
polar-orbiting satellite, which is showing great potential for land surface parameter estimations [50�52]. The 
collected field reflectance spectra were resampled to represent the spectral bands of MSI [43] by calculating the 
average reflectance over the bandwidth of the respective MSI bands. This approximation was applied since the 
spectral response functions of the MSI spectral bands are close to rectangular [43,53]. Using the simulated MSI 
reflectance, VIs (Table 1) were calculated and compared with the corresponding canopy Chl. The total sample 
size for this study was 191 for maize and 73 for soybean.  

Table 1. Vegetation indices (VI) tested in this study. Rblue, Rgreen, Rred, R705, R740 and RNIR refer to reflectance 
simulated in Multi Spectral Instrument (MSI) spectral bands of 430 to 450 nm, 543 to 577 nm, 650 to 80 nm, 692 
to 712 nm, 732 to 748 nm and 773 to 793 nm, respectively.  

Vegetation Index Formula Reference 
Simple ratio (SR) RNIR/Rred Jordan, 1969 [54] 
Normalized difference vegetation index (NDVI) (RNIR  Rred)/(RNIR + Rred) Rouse et al., 1974 [55] 
Enhanced vegetation index (EVI) 2.5 (RNIR  Rred)/( RNIR + 6 Rred  7.5 Rblue + 1) Huete et al., 1997 [56] 
Green NDVI (RNIR  Rgreen)/(RNIR + Rgreen) Vina and Gitelson, 2005 [57] 
Green chlorophyll index (CIgreen) (RNIR/Rgreen)  1 Gitelson et al., 2003 [22] 
Red edge NDVI705  (RNIR  R705)/(RNIR + R705) Vina and Gitelson, 2005 [57] 
Red edge NDVI740  (RNIR  R740)/(RNIR + R740) Vina and Gitelson, 2005 [57] 
MERIS terrestrial chlorophyll index (MTCI)  (RNIR  R705)/(R705  R660) Dash and Curran, 2004 [23] 
Red edge chlorophyll index (CI705) (RNIR/R705)  1 Gitelson et al., 2003 [22] 
Red edge chlorophyll index (CI740) (RNIR/R740)  1 Gitelson et al., 2003 [22] 

2.6. Development of Algorithms for Remote Estimation of Canopy Chl  

The k-fold cross-validation procedure [58,59] was used to establish the algorithms for estimating canopy 
Chl using VIs. The original samples were randomly split into k mutually exclusive sets (k = 10), and they were 
trained and tested k times. For each time, k  1 sets were used iteratively as training data for calibrating the 
coefficients (Coef)i of the relationship, and the remaining single set was retained as the validation dataset to 
obtain the determination coefficient (R2)i, RMSEi and normalized root mean square error (NRMSE)i for the 
established algorithm. This procedure was then repeated k times, with each of the k sets used exactly once as 
the validation data. The results from k iterations then were averaged to produce a single estimation: 

 

 
(2) 

This approach reduces the dependence on a single random partition into calibration and validation 
datasets. By repeating the training procedure k times, all observations were used for both calibration and 
validation, with each observation used for validation one time. 

To assess the accuracy of estimating canopy Chl by different VIs, the noise equivalents (NE Chl) of VIs 
were compared. The noise equivalent was calculated as:  

NE  Chl = RMSE (VI vs. canopy Chl)/(d(VI)/d(canopy Chl)), (3) 

where d(VI)/d(canopy Chl) is the first derivative of the best fit function of the VI vs. canopy Chl relationship 
with respect to canopy Chl, and RMSE(VI vs. canopy Chl) is the root mean square error of the best fit function 
of this relationship [57]. 
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To determine if there was a statistically-significant difference between two relationships, the two-sample 
t-test approach [60] was used. This approach was run on samples for two tested relationships using the Data 
Analysis Tools in Excel 2010 (Microsoft Corp., Redmond, WA, USA). If the p-value obtained from the test was 
lower than 0.05, the observed difference between two relationships was convincing enough to be significant.  

3. Results 

3.1. Canopy Reflectance vs. Canopy Chl Relationships 

For the reflectance vs. canopy Chl relationships in the photosynthetically-active radiation (PAR) spectral 
region, there was a substantial and statistically-significant hysteresis between the two phenological stages in 
maize (Figure 1A�D; Table 2). In the PAR MSI spectral bands, maize reflectance decreased with an increase in 
canopy Chl for both the vegetative and reproductive stages. However, for low to moderate canopy Chl (below 
2 g·m 2), reflectance in the vegetative stage was consistently higher than in the reproductive stage (Figure 1A�
D). In the green (around 560 nm) and shortwave red edge (around 705 nm) bands, the difference in reflectance 
between the two stages was somewhat smaller than in the blue and the red bands (Figure 1B,D). In the longwave 
red edge (around 740 nm) and NIR bands, reflectance increased with increases in canopy Chl, and the difference 
in reflectance between the two stages was statistically significant only for the longwave red edge band (Figure 
1E,F; Table 2). However, the significance of this difference was weaker than that of the visible and shortwave 
red edge bands (p-value = 0.0015 for longwave red edge band vs. p-value < 10 6 for visible and shortwave red 
edge bands). 

 

Figure 1. Relationships between reflectance simulated at MSI spectral bands and canopy Chl for maize in blue 
(A), green (B), red (C), shortwave red edge (705 nm) (D), longwave red edge (740 nm) (E) and NIR (F) bands. 
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In soybean, the hysteresis in the blue and red bands was pronounced, and the relationships in the 
vegetative and reproductive stages were statistically different, i.e., the results were similar to maize (Figure 
2A,C; Table 2). However, in the green, red edge and NIR bands, the relationships were not statistically different 
(Figure 2B,D�F; Table 2). For the reproductive stage in soybean, the red edge reflectance was slightly higher 
than in the vegetative stage (Figure 2D,E), which was in contrast to maize. The difference between the vegetative 
and reproductive stages in the NIR band was not statistically significant for either maize or soybean (Table 2). 

 

Figure 2. Relationships between reflectance simulated at MSI spectral bands and canopy Chl for soybean in blue 
(A), green (B), red (C), shortwave red edge (705 nm) (D), longwave red edge (740 nm) (E) and NIR (F) bands. 

Table 2. The results of statistical analysis of the difference in reflectance vs. canopy Chl relationships between 
vegetative and reproductive stages. Reflectance was simulated for the six MSI spectral bands. The p-value was 
retrieved from the two-sample t-test approach to indicate the difference of two relationships. If the p-value <0.05, 
the observed difference between two relationships was convincing enough to be significant. 

Band Maize p-Value Soybean p-Value 
Blue Rrep < Rveg 1.58 × 10 13 Rrep < Rveg 1.12 × 10 6 

Green Rrep < Rveg 3.75 × 10 11 Rrep  Rveg 0.04 
Red Rrep < Rveg 9.36 × 10 8 Rrep < Rveg 4.02 × 10 14 

Shortwave red edge (705 nm) Rrep < Rveg 6.20 × 10 7 Rrep  Rveg 0.35 
Longwave red edge (740 nm) Rrep < Rveg 1.50 × 10 3 Rrep  Rveg 0.06 

NIR Rrep  Rveg 0.55 Rrep  Rveg 0.15 

Other studies have demonstrated that as LAI increased, canopy Chl and NIR reflectance increased 
correspondingly [24,61]. While a strong relationship exists between canopy Chl and green LAI, this relationship 
exhibits hysteresis due to leaf Chl varying over a growing season. For the same green LAI, total canopy Chl in 
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a reproductive stage may be much lower than that in a vegetative stage [16,61]. This is due to green LAI 
representing a subjective metric, as it depends on a visual inspection and interpretation of leaf color (e.g., [24]).  

Reflectance spectra of maize and soybean with similar canopy Chl in the vegetative and reproductive 
stages, presented in Figure 3, illustrate how strongly and differently crop phenology affected the reflectance of 
these two species at low to moderate canopy Chl (i.e., canopy Chl <1.5 g·m 2). In maize, reflectance was much 
lower for the reproductive stage than for the vegetative stage, especially in the blue and red bands. Soybean 
reflectance in the red and blue bands was slightly lower in the reproductive stage, but the difference was 
minimal in the green and red edge bands. For soybean, the NIR and longwave red edge bands reflectance was 
slightly higher in the reproductive stage. Note that for both maize and soybean, the difference in reflectance 
between the two stages was most pronounced in the blue and red bands, while the reflectance in the red edge 
bands was closer in the two stages compared to other spectral bands. 

 

Figure 3. Reflectance spectra of crops with similar canopy Chl in the vegetative and reproductive stages. (A) 
Maize spectra collected in the vegetative stage (21 June, canopy Chl = 0.98 g·m 2) and in the reproductive stage (6 
September, canopy Chl = 0.99 g·m 2). (B) Soybean spectra collected in the vegetative stage (8 July, canopy Chl = 
0.52 g·m 2) and in the reproductive stage (12 September, canopy Chl = 0.51 g·m 2). 

3.2. Vegetation Indices vs. Canopy Chl Relationships 

The hysteresis of the reflectance vs. canopy Chl relationships affects the accuracy of canopy Chl estimation 
using vegetation indices. VI vs. canopy Chl relationships across entire growing seasons were established for 
maize and soybean, respectively (Figures 4 and A1). In both species, with the same canopy Chl, NDVI and SR 
were higher in the reproductive stage than in the vegetative stage, especially for canopy Chl <1 g·m 2 (NDVI in 
Figure 4A,B and SR in Figure A1(A,B)). Soybean EVI was higher in the reproductive stage than in the vegetative 
stage, while maize EVI behaved similarly in both stages (Figure 4C,D). The hysteresis of CIgreen, green NDVI, 
CI705 and red edge NDVI705 was weaker, with the VIs slightly higher in the reproductive stage (Figure A1(C�J)). 
Unlike other indices, MTCI was lower in the reproductive stage than in the vegetative stage for both maize and 
soybean (Figure 4E,F). This is due to a more pronounced hysteresis of reflectance in the red region than in the 
red edge region (Figure 3); thus, the MTCI denominator (Rred edge  Rred) was higher in the reproductive stage 
causing lower MTCI values. Minimal impacts from hysteresis were observed for the CI740 and red edge NDVI740 
in both species (Figure 4G,H, Figure A1(K,L)). 

For each crop, algorithms for estimating canopy Chl for the entire growing season were devised using a 
10-fold cross-validation procedure for VIs having linear or close to linear relationships with canopy Chl (Table 
3). In both species, estimation errors were highest for VIs using NIR and red reflectance (e.g., EVI and SR). 
Hysteresis between the two growing stages affected canopy Chl estimates much less in VIs utilizing NIR and 
either green or red edge reflectance. In maize, MTCI, CI740 and red edge NDVI740 were the most accurate with 
the lowest NRMSE values. In soybean, CIgreen and CI705 had the best error metrics when estimating canopy Chl.  
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Figure 4. Relationships of VI vs. canopy Chl during both growth stages for NDVI in maize (A), NDVI in soybean 
(B), EVI in maize (C), EVI in soybean (D), MTCI in maize (E), MERIS terrestrial chlorophyll index (MTCI) in 
soybean (F), CI740 in maize (G) and CI740 in soybean (H). The solid line represents the best-fit-function of VI vs. 
canopy Chl developed using samples from the vegetative and reproductive stages combined.  
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Table 3. Algorithms, normalized root mean square error (NRMSE) in g·m 2 and determination coefficient (R2) of 
canopy Chl estimation during the entire growing season in maize and soybean.  

VI 
Maize Soybean 

Algorithm NRMSE R2 Algorithm NRMSE  R2

EVI y = 5.54x  1.11 0.112 0.89 y = 2.51x  0.59 0.139 0.82 
SR y = 0.14x + 0.30 0.117 0.80 y = 0.0653x + 0.0415 0.093 0.87 

CIgreen y = 0.35x  0.21 0.103 0.85 y = 0.182x  0.168 0.082 0.88 
CI705 y = 0.36x + 0.15 0.096 0.86 y = 0.25x  0.0778 0.075 0.94 

Red edge NDVI740 y = 18.8x  1.06 0.089 0.91 y = 17.1x  0.832 0.093 0.92 
MTCI y = 0.24x  0.54 0.087 0.89 y = 0.202x  0.473 0.089 0.90 
CI740 y = 6.68x  0.67 0.087 0.89 y = 6.85x  0.676 0.089 0.92 

3.3. Generic Algorithms for Canopy Chl Estimation in Maize and Soybean 

Generic algorithms were developed using 10-fold cross-validation procedures to estimate canopy Chl in 
both crop species during the entire growing season. Noise equivalent values were calculated for these 
algorithms (Figure 5). Normalized difference VIs using NIR and either red, green or 705-nm reflectance (NDVI, 
green NDVI and red edge NDVI705) accurately estimated low canopy Chl values; however, the uncertainties for 
canopy Chl >1 g·m 2 increased almost exponentially (Figure 5A). The noise equivalents of VIs using NIR and 
either green or red bands (CIgreen, SR and EVI) were two-fold higher than those using red edge and NIR bands 
(red edge NDVI740, CI740, MTCI and CI705). Very close linear relationships were found for red edge NDVI740, CI740, 
MTCI (Figure 5B) and CI705 (Figure 5A,B). Note that CI705 was less accurate in estimating canopy Chl than CI740 
(Figure 5B). CI740, red edge NDVI740 and MTCI outperformed other VIs tested with noise equivalent values 
below 0.5 g·m 2 for the whole range of canopy Chl variation (Figure 5B). 

Table 4. Algorithms, determination coefficients (R2) and root mean square error (RMSE) of canopy Chl estimated 
using three different vegetation indices in maize and soybean combined.  

Canopy Chl in g·m 2 R2 RMSE, g·m 2 
Chl = 0.241 × MTCI  0.618 0.90 0.38 

Chl = 18.509 × red edge NDVI740  0.999 0.91 0.37 
Chl = 6.645 × CI740  0.649 0.91 0.36 

 

Figure 5. Noise equivalent of canopy Chl estimating in maize and soybean combined by VIs calculated using 
reflectance simulated at MSI spectral bands for (A) NDVI, green NDVI, red edge NDVI705, SR, EVI, CIgreen and 
CI705 and (B) CI705, MTCI, red edge NDVI740 and CI740. Note that the maximum noise equivalent (y-axis value) in 
(A) is five-fold higher than in (B).  

CI740, red edge NDVI740 and MTCI were used in established generic algorithms for canopy Chl estimation 
in maize and soybean combined (Figure 6, Table 4). All of these VIs were able to accurately estimate canopy 
Chl for the two crops combined with R2 above 0.9 and RMSE below 0.38 g·m 2.  
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Figure 6. Relationships between VIs calculated using reflectance simulated in MSI spectral bands and canopy 
Chl in maize and soybean combined for MTCI (A), red edge NDVI740 (B) and CI740 (C). 

4. Discussion 

Three important factors affecting crop reflectance are (i) soil/residue background; (ii) foliar Chl and (iii) 
leaf area index/canopy density. In the present study, during the vegetative stage, foliar Chl increased slightly, 
especially in maize, although vegetation fraction and green LAI increased steadily from zero to maximal values. 
The tradeoff between the effect of decreasing soil/residue background and increasing vegetation fraction during 
crop development greatly influenced canopy reflectance in the vegetative stage.  

Specifically, visible reflectance was high due to a significant contribution of high reflectance soil/residue 
at the beginning of the season in the vegetative stage. As the crop developed, vegetation cover and green LAI 
increased, masking the influence of the soil/residue background and decreasing visible and red edge 
reflectance. With increases in the green vegetation fraction above about 60% and canopy Chl above 2.5 g·m 2 in 
maize and 1.5 g·m 2 in soybean, canopy transmittance decreased due to high foliar Chl and LAI. Additionally, 
self-shadowing became significant, decreasing reflectance. The depth of light penetration inside the canopy 
(inversely proportional to leaf absorption and LAI) decreased and became limited by the upper leaf layers 
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[33,62]. As a result, the slope of the reflectance vs. canopy Chl relationship decreased, and the sensitivity of 
canopy reflectance to canopy Chl dropped drastically, especially in the PAR regions (Figure 1A�D).  

In the reproductive stage, green LAI decreased in accord with a decrease of foliar Chl; nevertheless, total 
LAI remained substantially high, masking the soil/residue background and reducing its effect on canopy 
reflectance during this stage. However, when canopy Chl was above 2 g·m 2, the decline of canopy Chl 
minimally affected absorbed radiation, and canopy reflectance was virtually invariant in the PAR and 
shortwave red edge regions [61]. This was due to the low transmittance of the canopy and the shortened path 
length of light inside the canopy [61,63]. When canopy Chl dropped below 1.5 g·m 2, the difference in reflectance 
between the two stages became increasingly significant, for the whole PAR range in maize (Figure 1A�C) and 
the blue and red regions in soybean (Figure 2A,C). At this period of senescence, leaf transmittance increased 
substantially, and the optical depth of the canopy in the PAR region increased. The amount of �illuminated 
chlorophyll� related to absorbed PAR became higher, and the whole canopy worked efficiently to absorb 
incident light [64]. Because of increasing chlorophyll efficiency [63], absorbed radiation was still substantial.  

Thus, for the same canopy Chl, reflectance during senescence was lower than in the vegetative stage. These 
effects were especially pronounced in the blue and red regions with high chlorophyll absorption coefficients 
and less pronounced in the green and red edge regions where the absorption coefficients of chlorophyll are 
smaller [65].  

In soybean, hysteresis in the green and red edge regions was absent. Reflectances in the early vegetative 
stage and the late senescence stage were almost the same (Figure 2B,D and Figure 3). This was because the 
soybean canopy architecture and leaf structure are very different from maize [47,63]. The soybean canopy was 
shorter (approximately 1 m vs. 3 m for maize) and appeared more �closed� to light penetration compared to 
maize due to the higher leaf area density (i.e., leaf area per unit canopy volume) in soybean. Maize was taller, 
and the canopy was much more �open� with a heterogeneous foliar Chl distribution where maximal Chl values 
were in the middle of the canopy [24]. This structural arrangement in maize was more favorable for deeper 
light penetration into the canopy than for soybean. In the reproductive stage, with decreases in canopy Chl, the 
maize canopy was capable of maintaining its high absorption capacity in the visible and red edge portions of 
the spectrum making reflectance lower than that in the vegetative stage. In soybean, with a decrease of foliar 
Chl during the reproductive stage, the penetration depth of light inside the leaves increased. Light reached the 
abaxial cell layers, which have a lower Chl than the adaxial layers and a decrease in absorption. Thus, 
reflectance increased to values similar to the early vegetative stage. Additionally, during senescence, light 
absorption by soybean decreased due to leaf inclination changes (e.g., folding leaves). This decreased the leaf 
surface area absorbing light. All of these factors contributed to increased reflectance for soybean in the 
reproductive stage. 

Thus, different patterns of light absorption by crops with the same canopy Chl and different contributions 
of soil/residue to canopy reflectance in the vegetative and reproductive/senescence stages were the main 
reasons for the hysteresis, especially pronounced in the blue and red regions and less pronounced in the green 
and red edge regions. The hysteresis of reflectance and the differing structural properties of the crops studied 
brought uncertainties to canopy Chl estimation by VIs. Such hysteresis has the potential to influence other 
methods for estimating canopy Chl, such as machine learning and RTM. Some of these issues may be avoided 
by incorporating a temporal component into the analyses, but this is not in keeping with our goal of developing 
a generic model that can be applied for both crops without a priori knowledge of the crop phenological stage.  

The accuracy of canopy Chl estimation by VIs using red edge and NIR bands was much higher than VIs 
with NIR and either red and green bands. This was due to the reduced sensitivity of the red edge to hysteresis 
driven by different canopy architectures and leaf structures. These features allowed the development of generic 
algorithms for the two different crops that successfully estimated canopy Chl throughout the entire growing 
season using spectral bands of the MSI sensor on board the Sentinel-2 satellite.  

5. Conclusions  

Crop phenology was a strong factor influencing canopy reflectance in two contrasting crops, maize and 
soybean. Phenology caused a substantial species-specific difference in the reflectance vs. canopy Chl 
relationships between the vegetative and reproductive stages. The reasons for the hysteresis were seasonal 
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changes in canopy architecture, leaf structure and foliar Chl, as well as seasonal changes in the influence of the 
soil/residue background. The effect of the hysteresis on vegetation indices applied for canopy Chl estimation 
depended on the bands selected in their formulation. For widely-used VIs using NIR and red reflectance, NDVI, 
SR and EVI, there were significant differences in the VI vs. canopy Chl relationships between the vegetative 
and reproductive stages and between species, limiting their application for accurate canopy Chl estimation over 
the entire growing season. VIs with red edge and NIR bands, using reflectance simulated for the MSI sensor 
aboard Sentinel-2, included the CI740, MTCI and red edge NDVI740. These VIs were accurate in estimating canopy 
Chl in maize and soybean with RMSE values below 0.38 g·m 2. Algorithms utilizing these VIs did not require 
separate parameterization for each crop nor each phenological stage. 

Despite encouraging results, thoughtful studies of reflectance vs. canopy Chl relationships are still 
required for different types of crops with contrasting biochemical and structural properties. The robustness of 
generic algorithms for different crops and their varieties should be confirmed in further studies. These 
algorithms should also be examined for their sensitivity to a range of typical soil backgrounds.  
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Figure A1. Relationships of VI vs. canopy Chl during both growth stages for SR in maize (A), SR in soybean (B), 
CIgreen in maize (C), CIgreen in soybean (D), green NDVI in maize (E), green NDVI in soybean (F), CI705 in maize 
(G), CI705 in soybean (H), red edge NDVI705 in maize (I), red edge NDVI705 in soybean (J), red edge NDVI740 in 
maize (K) and red edge NDVI740 in soybean (L). The solid line represents the best-fit-function of VI vs. canopy 
Chl developed using samples from the vegetative and reproductive stages combined.  
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Abbreviations 

The following abbreviations were used in text:  

Chl Chlorophyll content 
MSI Multi Spectral Instrument 
VI Vegetation index 
RTM Radiative transfer model 
LAI Leaf area index 
NIR Near-infrared 
NDVI Normalized difference vegetation index 
SR Simple ratio 
EVI Enhanced vegetation index 
CI Chlorophyll index 
MTCI MERIS terrestrial chlorophyll index 
R2 Determination coefficient  
RMSE Root mean square error 
NRMSE Normalized root mean square error 
PAR Photosynthetically-active radiation 
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