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 23 

Abstract: Canopy sensing in viticulture is widely associated with the term NDVI (Normalized 24 

Differences Vegetation Index). However, there are many other vegetative indices that can be calculated 25 

from information captured with Visible-NIR sensors. A proximal canopy sensor was used to survey 27 26 

vineyards in the Lake Erie Concord belt and pruning weights (PW) collected at a density of ~25 samples 27 

per vineyard. Seven vegetation indices (VIs) were derived from the sensor data and the first principal 28 

component (PC1) extracted from a principal components analysis of the seven VIs. The VIs and PC1 29 

were regressed against the local PW measurements and ranked in terms of their goodness of fit. Over 30 

the 27 vineyards, there was no single VI that out-performed the others, although VIs that used the red-31 

edge band had a slight advantage over VIs using the red band. It is therefore recommended to use the 32 

NDRE (Normalized Differences Red Edge index) in place of the NDVI when predicting PW from 33 

terrestrial-based proximal canopy surveys. The PC1 derived from the decomposition of all seven VIs 34 
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did appear to convey some benefit to PW prediction compared with a single VI approach, particularly 35 

with just NDVI. More research into the potential for multivariate approaches is recommended. 36 

Key words: CropCircle, NDRE, normalized differences vegetation index (NDVI), precision viticulture 37 

Introduction 38 

Multi-spectral optical sensors are widely available for use in viticulture (Matese et al. 2015). These 39 

sensors record the reflectance of light from the canopy at certain wavelength intervals (bands), including 40 

visible (blue, green and red; B, G and R), the red-edge (RE) and the near infrared (NIR) bands. Sensors 41 

typically measure 2 - 4 bands, but the width and the center wavelength of bands does differ slightly 42 

between sensors. Normally, information from multiple bands are compressed into a single value 43 

vegetation index (VI) to simplify the output. The VI(s) derived from a sensor will depend on the bands 44 

measured, but most VIs makes use of differences in reflectance at certain wavelengths to differentiate 45 

between healthy, vigorous plants and unhealthy, stressed plants. 46 

Previous studies have shown the link between VI responses and vine canopy size and/or vigor (Johnson 47 

2003, Dobrowski et al. 2003, Hall et al. 2008, Drissi et al. 2009, Stamatiadis et al. 2010, Taylor et al. 48 

2013). In these studies, the most common VI used has been the Normalized Differences Vegetation 49 

Index (NDVI) (Rouse et al. 1974). The NDVI was one of the first VIs reported in the agricultural 50 

domain when imagery from satellite-based (Landsat series) optical sensors first became available. The 51 

NDVI is a normalized combination of the Red and NIR reflectance that generates a value between 0 – 52 

1 (details in Table 1). 53 

Over the past 45+ years, NDVI has been shown to be useful in a wide range of vegetative studies. 54 

Optical sensors that observe only two bands tend to measure the R and NIR bands so that the NDVI can 55 

be derived. However, the NDVI derives from a period when the availability of sensors was limited and 56 

consequently the number and the wavelengths of bands collected was also limited. Nowadays, there are 57 

more optical satellite systems available, as well as aerial and proximal canopy sensing systems. 58 
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Collectively, these provide a much wider range of available wavelengths/bands, which generates many 59 

more options for combining bands. Subsequently, there have been a variety of new VIs proposed over 60 

the past two decades. For example, NDRE is a fairly well known VI and is increasingly being used in 61 

other crops instead of NDVI (Amaral et al. 2014, Carneiro 2020). 62 

Despite the availability of newer VIs, the NDVI still remains the most common VI used in viticulture 63 

studies. A Boolean search of articles post-2008 in Scopus returned nearly four times as many hits for 64 

“TITLE-ABS-KEY (viticulture AND ndvi)” as for “TITLE-ABS-KEY (viticulture AND ci OR savi 65 

OR mtci OR wdrvi OR rvi)” (performed 18th February, 2021). There have been recent studies comparing 66 

the quality and relationship between NDVI imagery obtained from different platforms (terrestrial – 67 

UAV – satellite) over the same vineyard area (e.g. Sozzi et al. 2020, Khaliq et al. 2019, Di Gennaro et 68 

al. 2019, Borgogno-Mondino et al. 2018), under the assumption that the NDVI is the optimum VI for 69 

viticulture management. However, very little work has been done on determining if this assumption is 70 

correct and if it is universal for all vineyard parameters associated with vine size, yield and fruit quality. 71 

The utility of these alternative VIs in viticulture, in particularly for canopy vigor studies, has been 72 

poorly explored (Towers et al. 2019). Taskos et al. (2014) reported relationships between different VIs 73 

and vine size (pruning weight), albeit in only two vineyards over two years with four similar VIs (three 74 

versions of NDVI and the chlorophyll index (CI)), while Towers et al. (2019) investigated the effect of 75 

netting on VI-LAI relationships in two vineyards in Argentina for eight VIs. In neither study were clear 76 

patterns in VI response and a preferred VI for vine size derived; although the issue of a loss of sensitivity 77 

(signal saturation) with the NDVI at larger vine sizes was noted in both. Marciniak et al. (2015) reported 78 

that correlations with PW were stronger with green-based VIs than with NDVI. It should be noted that 79 

there has been some work also looking at different VI correlations to grape quality parameters (e.g. 80 

Ledderhof et al. 2016) but the emphasis here is only on vine size (pruning weight). 81 

Consequently, the question of whether the NDVI is the preferred VI for canopy and vine size 82 

management remains largely unanswered in the literature. Given that many of the newer VIs, or 83 
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combinations of VIs) have been shown to provide effective alternatives to NDVI in other crops (Nguy-84 

Robertson 2012, Carneiro et al. 2020), their relevance to viticulture needs to be tested, particularly when 85 

applied to commercial production situations. In this short study the relationship of seven VIs, including 86 

NDVI, to vine size is investigated using a proximal multi-spectral canopy sensor in multiple commercial 87 

Concord (Vitis labruscana cv Bailey) juice grape vineyards, i.e. not in research plots. The objective is 88 

to determine if NDVI remains the preferred VI for pruning weight mapping with terrestrial proximal 89 

canopy sensing systems. 90 

Materials and Methods 91 

The data used in this study have been previously described in a protocol for mapping pruning weight 92 

(PW) in commercial vineyards in the Lake Erie AVA, NY (Taylor et al. 2017) and readers are directed 93 

to this paper for any further clarification. Only blocks with a reasonable trend between NDVI and PW 94 

(r > 0.55) were used in this study (15 blocks in 2012 and 12 blocks in 2013). 95 

The Lake Erie AVA is a cool-climate region confined to a narrow strip along the New York and 96 

Pennsylvania shore of Lake Erie. Most production is for Concord juice grapes and practices are very 97 

uniform in the region with the majority of vines trained to a single high-wire trellis at a row spacing of 98 

~2.7 m and a vine spacing of ~2.4 m. 99 

Canopy sensing surveys 100 

The protocol of the sensing surveys is described in detail in Taylor et al. (2017). Briefly, surveys were 101 

conducted around veraison (when final vine size has typically been reached) using a CropCircle 430 102 

sensor (Holland Scientific, Lincoln, Nebraska) mounted horizontally on a vehicle to sense the canopy 103 

side-curtain. Sensing was performed in 2 or 3 row patterns and georeferenced using a WAAS-enabled 104 

GPS receiver (Garmin 18x, Garmin Ltd., Olathe, KS). The CropCircle 430 records three bands centered 105 

on 670 (R), 730 (RE) and 780 nm (NIR) and calculates the NDVI and NDRE (Normalized Differences 106 

Red-Edge) indices (see Table 1 for formulae).  107 
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As well as NDVI and NDRE, several other VIs were calculated that use combinations of the 108 

wavelengths measured by the CropCircle 430. Names, abbreviations and formula for the selected VIs 109 

are given in Table 1. Different sensors have different specifications and broadband multispectral VIs 110 

tend to be derived from satellite sensors rather than proximal sensors. For all VIs the central wavelength 111 

of the CropCircle 430 bands (R, RE or NIR) was verified against the original sensor specifications to 112 

ensure that it was located within the original wavelength range. The original difference vegetation index 113 

(Richardson and Wiegand 1977) had a coefficient to adjust for background soil effects. This coefficient 114 

was removed and the VI simplified (Table 1) as the ground is not imaged with this sensor setup. It 115 

should be noted that the Difference VI (DifVI) is a distance index while all other VIs are ratio indices.  116 

Pruning Weight data 117 

In each vineyard block, 3-5 rows were identified that collectively included high, low and medium NDVI 118 

areas in the interpolated NDVI map. Sampling sites were targeted along these rows to collect 20 - 25 119 

PW measurements over a range of NDVI values. The PW was a panel measurement i.e. between two 120 

supporting posts (typically 7.32 m or 3 vines) and the panel midpoint was geo-referenced as the sample 121 

location. Panel measurements were done to simplify the task for the pruning crew and to obtain an area 122 

measurement that smooths some of the inherent vine to vine variability (Taylor and Bates 2012). The 123 

PW measurements were not constrained to the rows surveyed by the canopy sensor (for further details 124 

see Taylor et al. 2017). These constraints were important as the process was implemented in commercial 125 

vineyards and often used commercial, not research, staff to collect the data. There was a need to balance 126 

the quality of these data vs. the cost of obtaining it. 127 

Data Analysis 128 

The NDVI was considered as the baseline VI for the study. As a first step in analysis, the CropCircle 129 

430 NDVI data for each vineyard was independently assessed for skewness and a saturated response 130 

(not observed) before being trimmed (0.3 < NDVI < 1 and/or values ± 3σ from the mean). Maps of 131 
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NDVI within all the vineyards were then generated using a local block kriging approach (8 m blocks = 132 

typical swathing width) with the shareware Vesper (Minasny et al. 2005). Further information on the 133 

interpolation process is given in Taylor et al. (2007). The individual bands (R, RE and NIR) from the 134 

CropCircle 430 output were interpolated onto the PW sample locations using local block kriging (8 m 135 

blocks). The interpolated band data was then used to generate the VIs at each sampling site using the 136 

formulae in Table 1. 137 

The NDVI was plotted against the PW and extreme outliers were removed from the raw data as a first 138 

step, i.e. sites with a high PW and low NDVI or vice versa, that were likely due to some form of 139 

sampling error. There were 18 of 763 collected samples (2.4%) omitted at this stage, which is considered 140 

a fairly low exclusion rate for data explicitly collected under commercial production conditions. Note 141 

that the trimming was done on the NDVI-PW relationship only. 142 

Following data trimming, a principal components analysis (PCA) was performed on the seven derived 143 

VIs on each individual block. The first principal component (PC1) was extracted and stored. PCA is 144 

considered a robust and repeatable approach to data reduction (Jolliffe and Cadima 2016). The seven 145 

VIs were derived from only three bands and exhibit a high level of correlation (typically r > 0.90 – data 146 

not shown). One hypothesis is that a multivariate, rather than a univariate, approach is preferable when 147 

modeling a crop response with multispectral sensors (Nguy-Robertson et al. 2012). However, modeling 148 

multivariate solutions makes model comparison more complex, especially if vineyards have different 149 

numbers of VIs to achieve the optimal model. The PCA approach provides an insight into using multiple 150 

VIs for PW calibration while maintaining a univariate linear regression model to be compared with the 151 

individual VIs. 152 

A final spreadsheet was generated with site ID, vineyard ID, location (Eastings and Northings, UTM 153 

WGS84), pruning weight, three bands (interpolated), seven VIs and PC1.  154 

  155 
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Comparison of all VIs 156 

Linear regression was performed to fit the PW data to each of the VIs (including PC1) on a vineyard 157 

by vineyard basis. The adjusted coefficient of regression (R2
adj) and root mean square error (RMSE) of 158 

the fit in each vineyard was recorded. For each vineyard (n = 27) the R2
adj of each VI was ranked, such 159 

that the VI with the highest R2
adj was given a rank of 1 and the lowest R2

adj a rank of 8. The mean rank 160 

and the standard deviation of rank were calculated for each VI and plotted (mean rank vs standard 161 

deviation of rank). The best performed VI would have the lowest mean rank and lowest standard 162 

deviation of rank. The mean R2
adj for each VI across all vineyards was also calculated. Finally, the ‘best 163 

scenario’ R2
adj was calculated by averaging the best fit for each vineyard, regardless of the VI selected. 164 

Results and Discussion 165 

The number of times each VI was given a particular rank is shown in Table 2. The NDVI did not rank 166 

as the best VI in any vineyard (Table 2) and was reasonably well distributed across the other ranks. The 167 

NDRE and RECI (RE-based indices) had more scores in the first four rankings than the last four. The 168 

PC1 and DifVI were heavily weighted to the mid-rankings (particularly Rank 4 and Rank 5 169 

respectively). The PC1 approach was not ranked below 5 in any of the 27 vineyards. The MSR, PCD-170 

SD and MTCI were the worst performed indices. However, these three VIs showed unusual 171 

characteristic in that they either performed very well or very poorly (Table 2). MTCI, for example, had 172 

the highest count of both Rank 1 and Rank 8, and MSR and PCD-SD had similar trends. 173 

The mean R2
adj for each VI across all vineyards is also shown in Table 2. The mean R2

adj values were 174 

similar across most of the VIs, in the range of 0.312 – 0.332. The mean R2
adj of the best VI model from 175 

each vineyard, regardless of the VI selected, was 0.386. Optimizing the choice of VI in each vineyard 176 

provided some small improvement and explained ~6% more of the variance in PW than the NDVI 177 

model. The R2
adj values were not particularly high in these data and certainly less than those observed 178 

in similar studies (Drissi et al. 2009, Stamatiadis et al. 2010). However, this was an expected effect of 179 
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data collected in commercial situations with a known series of potential errors. Clear spatial patterns in 180 

the VIs were still present in all vineyards (data not shown). Taylor et al. (2017) proposed a second level 181 

of data trimming to more accurately approximate the strength of the regression fit between NDVI and 182 

PW, and the mean R2
adj for NDVI-PW for these 27 vineyards was 0.480. This second-level trimming 183 

was not performed here as different VIs would likely generate unequal sample sizes that could have a 184 

large effect on model statistics, rendering comparisons difficult.  185 

Figure 1 graphically shows the relationship between mean rank and standard deviation of rank for each 186 

VI and summarizes the raw data in Table 2. Despite the similarity in mean R2
adj, the PC1 approach had 187 

the lowest mean rank and lowest standard deviation of rank (Fig. 1). In terms of individual VIs, the little 188 

used DifVI performed well. Of the best performed ratio indices, the RE-based indices of RECI and 189 

NDRE performed slightly better (lower mean rank) than the R-based NDVI. 190 

Fitting the different VIs to a common data set across multiple vineyards showed that there was no clear 191 

preference to using NDVI, despite the data trimming being based on the NDVI response. Using the PC1 192 

from a PCA of the seven VIs generated the best result, indicating that there is likely to be a benefit from 193 

a multi-VI approach. Of the individual VIs, those that used a direct ratio between NIR and RE performed 194 

well compared to NDVI. There were two outcomes of particular interest. Firstly, DifVI, which is based 195 

on a difference rather than a ratio, had a lower mean rank than all VIs except NDRE, although the DifVI 196 

standard deviation was much lower than NDRE. Secondly, the SR (PCD) had no advantage (Fig. 1). 197 

The SR has been advocated and used successful for aerial multispectral canopy sensing by commercial 198 

service providers in Australia (Hall et al. 2002) and has been shown to be less affected by signal 199 

saturation than NDVI (Ji and Peters 2007). The sensing protocol here, with side-mounted proximal 200 

sensors, removed the issue of signal saturation and perhaps the advantage that SR has when imaging 201 

the canopy from overhead sensing systems. 202 
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It is clear from the results here, especially Table 2, that there is no one single preferred VI. All VIs, with 203 

the exception of NDVI, achieved a Rank of 1 in at least one vineyard. Fitting all the VIs individually 204 

and then using the best fit for modeling appeared to have an advantage. However, this requires more 205 

processing and increases the effort required. From an operational point of view, fully automated 206 

modeling is preferable. Switching between VIs makes this more difficult, but such an approach may 207 

benefit from emerging machine-learning approaches.  208 

The study here was relatively large for a canopy sensing study (27 individual blocks); however care 209 

should still be used when transferring these results to other production systems, especially other types 210 

of trellising. The analysis was limited to PW, and other vineyard traits, including berry quality traits, 211 

may have different relationships (Anastasiou et al. 2018). Similarly, canopy data generated from 212 

overhead remote systems (satellite or aerial systems) with a nadir (downward) view may not necessarily 213 

behave in the same way. Further studies are needed to expand knowledge in this area. 214 

Conclusions 215 

Many more vegetative indices (VIs) are now available for use in agriculture. When applied to a data 216 

from 27 vineyard blocks, there was no single outstanding VI for relating canopy reflectance to pruning 217 

weight. However, the results showed that when red-edge (RE) band data is available, the RE:NIR ratio 218 

indices had a slight advantage over more common R:NIR ratio indices. However, in terms of model fit 219 

and RMSE the advantage appeared minimal. If a single VI is to be used, then changing to the use of 220 

NDRE or RECI is recommended for single high-wire juice grapes, but NDVI was still well-performed 221 

and should be the preferred VI in situations when only R and NIR bands are available. In this study, a 222 

distance index between the NIR and R response performed well but this has been poorly investigated 223 

to date and requires further testing. Combining bands, in this case by decomposition with principal 224 

components analysis, provided the best solution and more work is required on multi-VI applications to 225 

mapping pruning weight. How various VIs respond in other trellis systems, with different (overhead) 226 

sensors and to other vineyard traits still needs further work.  227 
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Table 1  Vegetative Indices, their abbreviation, formula and original citation that were used in this 
study. 

Name Abbreviation Formula Reference 

Normalised Differences 

Vegetation Index 

NDVI (NIR-R)/(NIR+R) Rouse et al. 1974 

Simplified Difference 

Vegetation Index 

DifVI NIR – R Adapted from Richardson 

and Wiegand 1977 

Simple Ratio (or Plant Cell 

Density/Relative Veg. Index) 

SR 

(PCD/RVI) 

NIR/R Jordan 1969 

Normalised Differences Red-

Edge 

NDRE (NIR-RE)/(NIR+RE) Barnes et al. 2000 

Modified Simple Ratio MSR R/sqrt((NIR/R)+1) Chen 1996 

Red-edge Chlorophyll Index RECI (NIR/RE)-1 Gitelson et al. 2003 

MERIS Terrestrial 

Chlorophyll Index 

MTCI (NIR-RE)/(RE-R) Dash and Curran 2004 

 

Table 2  Counts of the rank assigned for each Vegetative Index (n = 27 vineyards) and the mean R2
adj 

value for each VI when regressed against vine pruning weight in each individual vineyard. 
Vegetative 
Index 

Rank Mean R2
adj 

1 2 3 4 5 6 7 8  
PC1 2 2 6 12 5 0 0 0 0.332 

NDRE 1 7 6 3 2 3 5 0 0.313 

DifVI 1 3 4 6 10 2 1 0 0.326 

RECI 2 4 4 6 0 8 3 0 0.312 

NDVI 0 7 4 0 7 3 5 1 0.328 

MSR 6 4 2 0 0 7 2 6 0.319 

MTCI 9 0 0 0 1 0 4 13 0.261 

PCD-SD 6 0 1 0 2 4 7 7 0.301 
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Figure 1  Plot of the mean Rank vs. the standard deviation of Rank for each Vegetation Index. 
Acronyms are indicated in Table 1. PC1 refers to the first principal component from a PCA of all 
seven VIs in Table 1. 
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