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Abstract 
The purpose of this research was to investigate the utility of a 5 mega pixel, RGB (red green blue) digital 
camera mounted on a 2.5 m telescopic pole to determine the leaf water potential (ψ) of potato plants in the 
field using artificial neural network (ANN) modeling. A randomized 45 x 45 m systematic grid sampling 
design was employed. Sample plots were measured at random to obtain leaf water potential, nitrate 
content, volumetric water content, and digital imagery. The imagery from all plots was radiometrically 
calibrated and classified to isolate green foliage from soils, flowers, shadows, and senescent leaves. Along 
with the RGB imagery, 6 image transformations and 9 vegetation indices were evaluated as input neuron 
candidates to determine leaf water potential using ANN modeling. Input neuron candidates with 
significant co-linearity, were transformed using (PCA) principal components analysis. A linear 
relationship between soil nitrate and foliage greenness via the G image band was found to be significant. 
Using a training dataset, 8 input neurons were used to create an ANN model to determine leaf water 
potential measures. The PCA, image ratios, and image transformations provided additional information 
not found in the RGB imagery. The results show that for the validation dataset, the predicted and 
measured leaf water potential is from common populations. 
 
Keywords: leaf water potential, nitrogen, IHS transformation, chromaticity transformation, principal 
components, vegetation indices, potato, remote sensing, neural network, digital camera.   
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INTRODUCTION 

Plant water stress adversely decreases the rate of photosynthesis leading to a reduction in dry matter yield.  
For potato (Solanum tuberosum L.), water stress causes a decrease in total biomass and a decrease in both 
fresh and dry matter tuber yield (Costa et al. 1997).  Frequent irrigation increases specific gravity, dry 
matter, starch content and chip yield for the first and second growth stages of potato (Gunel and 
Karadogan 1998).  However, current in situ plant water status measurements are too laborious to meet real 
time irrigation scheduling requirements.  In addition, plant water status is dynamic, changing over a given 
24 hour period (Scholander et al. 1965; Waring and Cleary 1967).  Leaf water potential (ΨL) is a measure 
of the stomatal response to plant to water stress.  Stomatal resistance to air and water exchange with the 
atmosphere increases as plant water stress increases, increasing the negative pressure within the leaf cells 
of the plant.  Consequently stomatal resistance, measured by ΨL, is related to water stress and potato yield.  
Thus ΨL is a measure of agronomic interest to potato crop producers to manage plant water via irrigation 
and to optimize yield.   

Remotely sensed imagery either by airborne or spaceborne acquisition methods is a tool with the 
potential to monitor plant water status over large areas (Bastiaanssen and Bos, 1999; Jackson et al. 2004; 
Karimi et al. 2005).  Yet, the prediction of plant water status based on existing remotely-sensed image 
using airborne/spaceborne image acquisition methods are not practical due to inadequate revisit rates or 
inadequate delivery times.   

The basis for using visible light, as measured by red, green, blue (RGB) image bands, is the 
interdependence between water, carbon dioxide, and visible light affecting the rate of photosynthesis.  For 
example, when visible light is removed from the plant, such as during the night, no photosynthesis occurs 
(Campbell and Reece 2002).  Previous research has shown that the visible region responds to plant water 
status (Carter 1991; Schlemmer et al. 2005).  Assuming that carbon dioxide is not limiting in the 
atmosphere and that daylight is not limiting, water stress will reduce the rate of photosynthesis and change 
the plants response to visible light.  The interrelationship between the inputs for photosynthesis forms the 
justification for exploring the visible region to determine ΨL.  

Changes in soil nitrogen or plant nitrogen and water availability result in physiological changes in 
the plant that alter leaf reflectance in the visible region (Zhurmar and Yanovskaya 1992; Penuelas et al. 
1994; Schlemmer et al. 2005).  Plant nitrogen levels are also associated with photosynthesis (Charles-
Edwards et al. 1996).  Since soil and plant nitrogen interacts with leaf reflectance in the visible region and 
photosynthesis; research exploring the visible region to determine ΨL must consider nitrate levels in either 
the soil or plant.  
In this study, the following questions were addressed: 
1. Can 91 mm resolution RGB imagery be used to isolate green foliage from shadow, soils, leaf 

senescence, and flowers? 
2. What is the relationship between soil nitrate and green foliage, as measured by the G image band? 
3. Can principal components (PC’s) derived from RGB imagery, image transformations, and vegetation 

indices determine ΨL of potatoes (Solanum tuberosum L. var. cv. Sangre) under field conditions? 
4. What is the relative importance of the principal components in the ANN model? 
5. Is a ground-based digital camera an alternative image acquisition system in comparison to air-

borne/space-borne imaging sensors? 
METHODS 

Data were collected in a center pivot irrigated potato field located approximately 130 km Southwest of 
Winnipeg, Manitoba, Canada (490 16.198′ N, 980 3.146′ W).   

A two phase, systematic sampling approach was taken.  In the first sampling phase, 18 plots over 
a 45 x 45 m systematic grid, originally laid out as exposure stations for the digital camera mounted on a 
tethered airship were identified.  Soil nitrate was tested at the 0 – 15 cm layer using 12 samples at each 
plot.  Soil nitrate was then analyzed using the method described by Tremblay et al. (2001).  Five soil 
nitrate levels were then identified over the 18 sample plots using a k-means clustering classifier.   
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 In the second phase of sampling, plots were randomly sampled to collect data on ΨL measures, θV 
measures, and imagery.  Each plot consisted of 3 rows of potatoes, each approximately 2 meters long.  
The result of this plot design was 27 samples per plot, each sample plot containing 3 replicates or rows 
with 3 plants sampled from each replicate. Soil moisture data was collected using a time domain 
reflectometery (TDR) 20 cm probe inserted vertically at the bottom of the crop row to give volumetric soil 
moisture (θV)  To acquire imagery, a Sony DSC-T1 digital frame camera was mounted on a telescopic 
pole extending 2.5 m above ground.  The camera was remotely controlled using the 72.150 MHz 
frequency.  The camera system acquired 1:67 scaled imagery, covering 2.37 x 1.78 m on the ground.  The 
spatial resolution of each pixel was 91 x 91 mm on the ground. 

Due to differences in the solar zenith angle within and across periods of image capture, each 
image was radiometrically calibrated.  A 20-step gray scale reflectance standard was used (Klotz et al. 
2003).  All image processing was performed on the radiometrically calibrated imagery. 

The plot rows were classified to isolate green foliage from shadow, soils, leaf senescence, and 
flowers (background noise).  The unsupervised approach using the iterative self organizing data analysis 
technique (ISODATA) clustering algorithm was then used to classify the mosaiced imagery.  Portions of 
the foliage falling within background noise were eliminated from further analysis.   

According to Asrar et al. (1984), vegetation indices are more sensitive than individual spectral 
bands for modeling vegetation parameters.  Vegetation indices and image transformations were calculated 
on the mosaiced radiometrically calibrated RGB image bands.  In addition to RGB image bands, an 
intensity (I), hue (H) , and saturation (S) color coordinate transformation (Eqs. 1–3) and X, Y, Z 
chromaticity color coordinate transformation (Eqs. 4-6) was calculated.  Three simple ratio vegetation 
indices, denoted with the prefix “SR” were also used in this study (Eqs. 7 – 9).  In addition to the SR 
vegetation indices, 3 normalized difference vegetation indices, denoted with the prefix “ND” (Eqs. 10 – 
12) were created.  Finally, 3 slope derived vegetation indices (Eqs. 13 – 15) were used in the analysis.  All 
vegetation indices were based on the RGB image bands. 

 
BGRI ++=           (1) 

where:  

I = intensity, 
R = red region of the electromagnetic spectrum captured by the digital camera,  
G = green region of the electromagnetic spectrum captured by the digital camera, and 
B = blue region of the electromagnetic spectrum captured by the digital camera. 
 

BI
BGH

3−
−

=           (2) 

where:  

H = hue, 
G = green region of the electromagnetic spectrum captured by the digital camera,  
B = blue region of the electromagnetic spectrum captured by the digital camera, and 
I = intensity as calculated by Eq. 1. 

 

I
BIS 3−

=           (3) 

where:  

S = saturation, 
I = intensity as calculated by Eq. 1, and 
B = blue region of the electromagnetic spectrum captured by the digital camera. 
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RGB
RX
++

=           (4) 

where:  

X = red X transformation, 
B = blue region of the electromagnetic spectrum captured by the digital camera, 
G = green region of the electromagnetic spectrum captured by the digital camera, and 
R = red region of the electromagnetic spectrum captured by the digital camera. 
 

RGB
GY
++

=           (5) 

where:  

Y = green Y transformation, 
B = blue region of the electromagnetic spectrum captured by the digital camera, 
G = green region of the electromagnetic spectrum captured by the digital camera, and 
R = red region of the electromagnetic spectrum captured by the digital camera. 
 

RGB
BZ
++

=           (6) 

where:  

Z = blue Z transformation, 
B = blue region of the electromagnetic spectrum captured by the digital camera, 
G = green region of the electromagnetic spectrum captured by the digital camera, and 
R = red region of the electromagnetic spectrum captured by the digital camera. 
 

B
GBG =/            (7) 

where:  

G/B = green blue simple ratio, 
G = green region of the electromagnetic spectrum captured by the digital camera, and 
B = blue region of the electromagnetic spectrum captured by the digital camera. 

B
RBR =/            (8) 

where:  

R/B = red blue simple ratio, 
R = red region of the electromagnetic spectrum captured by the digital camera, and 
B = blue region of the electromagnetic spectrum captured by the digital camera. 

R
GRG =/           (9) 

where:  

G/R = green red simple ratio, 
G = green region of the electromagnetic spectrum captured by the digital camera, and 
R = red region of the electromagnetic spectrum captured by the digital camera. 
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RG
RGNDGRI

+
−

=                      (10) 

where:  

NDGRI = normalized difference green red index, 
G = green region of the electromagnetic spectrum, and  

R = red region of the electromagnetic spectrum. 

BG
BGNDGBI

+
−

=          (11) 

where:  

NDGBI = normalized difference green blue index, 
B = blue region of the electromagnetic spectrum captured by the digital camera, and 
G = green region of the electromagnetic spectrum captured by the digital camera. 

BR
BRNDRBI

+
−

=          (12) 

where:  

NDRBI = normalized difference red blue index, 
B = blue region of the electromagnetic spectrum captured by the digital camera, and 
G = green region of the electromagnetic spectrum captured by the digital camera. 
In this study, vegetation indices based on slope are defined as the difference in  

BPWLGPWL
BGGBS

−
−

=         (13) 

where:  

GBS = green blue slope transformation, 
G = green region of the electromagnetic spectrum captured by the digital camera, 
B = blue region of the electromagnetic spectrum captured by the digital camera,  
GPWL = peak wavelength (nm) of the green region of the electromagnetic spectrum captured by the 
digital camera, and 
BPWL = peak wavelength (nm) of the blue region of the electromagnetic spectrum captured by the 
digital camera. 

 

RPWLGPWL
RGGRS

−
−

=         (14) 

where:  

GRS = green red slope transformation, 
G = green region of the electromagnetic spectrum captured by the digital camera, 
R = red region of the electromagnetic spectrum captured by the digital camera,  
GPWL = peak wavelength (nm) of the green region of the electromagnetic spectrum captured by the 
digital camera, and 
RPWL = peak wavelength (nm) of the red region of the electromagnetic spectrum captured by the 
digital camera. 

 

BPWLRPWL
BRRBS

−
−

=         (15) 

where:  

RBS = red blue slope transformation, 
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R = red region of the electromagnetic spectrum captured by the digital camera, 
B = blue region of the electromagnetic spectrum captured by the digital camera,  
RPWL = peak wavelength (nm) of the red region of the electromagnetic spectrum captured by the 
digital camera, and 
BPWL = peak wavelength (nm) of the blue region of the electromagnetic spectrum captured by the 
digital camera. 

 
A cross validation approach was used in the ANN model design.  A random selection of 75% of 

the dataset was used for ANN training.  The remaining 25% of the dataset was reserved to validate the 
ANN modeling results.  Due to the sample sizes used for training and validating, both the training and 
validating dataset distributions were checked to determine if they were from common populations using 
the Shapiro-Wilk (W) test for normality, student’s t test, and Bartlett’s test for unequal variance.  As 
required, lognormal (log) or exponential (X) data transformations were applied to the image 
transformations or vegetation indices to fulfill the assumption of normality.  Image parameters for the 
training and validating datasets with normal distributions, no significant unequal variance, and no 
significant difference between means were considered to be from common populations and transformed 
using principal components analysis (PCA). 

To evaluate results of the ANN model on the measured ΨL and predicted ΨL for the validation 
dataset, the Shapiro-Wilk (W) test, Bartlett’s test for unequal variance, the student’s t test, and coefficient 
of variance (CV) were used to compare the measured ΨL and predicted ΨL populations.   

To rationalize the value of input neurons and clarify the “black-box” nature of the ANN model, 
the contributions of each input neuron in the ANN model were assessed using the relative importance (RI) 
of respective neuron connection weights (Gevrey et al. 2003). 

 
RESULTS AND DISCUSSION 

Due to foliage overlap within rows, row averages were chosen as the sample measure, resulting in a total 
of 73 rows or samples across all plots and soil nitrate levels over the sampling period.  Due to a lack of 
image coverage, 2 rows were missing.  The dataset was further limited to the available soil moisture range 
by setting θV within ± 1 SD of the mean θV, resulted in a total of 52 samples.  For training the ANN model, 
the dataset was split into 39 samples.  Thirteen samples were reserved for validating the ANN model.   

The relationship between the R and G image bands was used to label the 254 spectral classes 
derived from the ISODATA classification for foliage and background noise.  The green leaf pigment 
decision boundaries within the foliage of the canopy were perpendicular to a soil and flower line; between 
shadow, soil, and leaf senescence (Fig. 1).  The unsupervised classification approach using ISODATA 
was able to separate green leaf pigment within the foliage of the canopy architecture from background 
noise.   

Figure 2 presents the soil nitrate levels for the 18 plots sampled on the 57th day after planting 
(DAP).  Spring flooding conditions caused water-logging in the soils over the study area which facilitated 
denitrification and leaching of soil nitrate.  Using the G image band as an indicator of foliage greenness, a 
significant inverse relationship was found between foliage greenness and soil nitrate (r = - 0.71, p = 
0.003), indicating that G RV’s are an indicator of soil nitrate levels.  As soil nitrate content increased,  
foliage greenness appeared visibly darker to the human eye.  Incorporating the G image band into the PCA 
contributed to the establishment of relationships between principal components, soil nitrate, and ΨL; 
enabling the ANN model to differentiate soil nitrate interaction from ΨL.. 

Based on the common population analysis, all image variables with the exception of the H image 
parameter were identified as PCA candidates.  The H image parameter was not normally distributed (W = 
0.9279, p < 0.05).  Although the G image parameter was just inside the significance level (p < 0.05) for 
Bartlett’s test of unequal variance, it was kept for further analysis because of its relationship with soil 
nitrate.  The student’s t test indicated that there were no significant differences between means (p < 0.05) 
for any of the variables in the training and validating datasets.  PCA was then used to transform the 
normally distributed image variables into 17 principal components.  Eleven of the principal components 
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contained nearly 100% of the total variability while 6 principal components each contained close to 0% of 
the total variability.  The 6 PC’s with close to 0% of the total variability were discarded from further 
analysis. 

Principal components correlations with ΨL in the training dataset were used to select 8 out of the 
11 remaining PCs as input neurons in the ANN model to predict ΨL.  In some cases, PCs with lower 
contributions towards total PCA variability exhibited high correlations with measured ΨL in the training 
dataset.  Principal components 3, 5, and 10 showed very low correlations with measured ΨL (r ≤ |0.04|) 
and were omitted from the ANN model.   

The ANN modeling tool found in JMP IN (Ver. 5.1) software was chosen as a method to relate 
the transformed image variables to the measured leaf water potential.  To avoid the over-fitting problem 
inherent with ANN model design, the ANN model settings were empirically determined to establish the 
optimal coefficient of determination (R2) and residual mean square error (RMSE) values.  The ANN 
model (8-2-1 ANN) consisted of 8 principal components using three layers: one input layer of neurons 
(one for each independent variable), one hidden layer of 2 neurons (the number which gave the optimal 
coefficient of determination) and one output layer of 1 neuron for leaf water potential (ΨL) as the 
dependent variable.  The R2 and RMSE for the 8-2-1 ANN model created with the training dataset to 
determine lognormal measured ΨL was 0.82 and 0.30, respectively (Fig. 3).   
 With respect to the validation dataset results, given that the variance and mean between the 
distributions were not significantly different and that the CV’s were similar was an indication that the 
predicted ΨL and measured ΨL were from a common population (Table 2).  In general, PCs with more 
separation between ΨL and soil nitrate correlations had more RI than PCs with less separation between ΨL 
and soil nitrate correlations suggesting that soil nitrate interacts with the determination of ΨL (Fig. 4). 

CONCLUSION 
This study examined RGB imagery acquired from a ground based 5 mega pixel RGB single CCD chip 
digital camera to determine if ΨL could be predicted for field potatoes.  An additional 15 vegetation 
indices and image transformations were derived from the RGB image bands.  The PCA was used to 
compress the number of image parameters while maximizing variance.  To account for soil nitrate 
interaction with measured ΨL, existing soil nitrate levels were predetermined at each plot.   
 A number of conclusions were reached in this study.  Using 91 mm spatial resolution imagery 
under homogeneous plant conditions, the visible bands could be used to separate green foliage from 
shadow, soils, leaf senescence, and flowers.  An inverse linear relationship between green foliage, 
measured by the green image band, and soil nitrate was found to be significant.  Using ANN modeling, the 
PC’s derived from the RGB imagery, image transformations, and vegetation indices provided comparable 
populations for measured ΨL and predicted ΨL in the validation dataset.  The principal components with 
the greatest separation between measured ΨL and measured soil nitrate were the most important input 
neurons in the determination of ΨL using ANN modeling.   

Before implementation into a potato plant water stress monitoring program, further research is 
required to authenticate the protocol and stability of input neuron RI.  In addition, more research is also 
required to determine if the ANN modeling protocol can be applied to other crops with different canopies.   
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Fig. 1. Spectral relationship between RGB bands for foliage 

classification.  Note that the bare soil/flower 
separation line is perpendicular to green foliage.   

 

 
Fig. 2. Location of 18 sample plots and soil nitrate levels.  The five 

soil nitrate levels were created using a k-means classifier.   
 

 
 

 
Fig. 3. Results for 8-2-1 ANN model for determining ΨL.  The 

validation data points are shown in bold.  
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Fig. 4. Correlation curves for ΨL and soil nitrate against 

relative importance (RI%), in ascending order, for 
each input neuron used in the ANN model.  PC 4, PC 
2, and PC 8 showed the most separation between ΨL 
and soil nitrate and the highest RI. 

 
 
 
Table 1. Comparison of measured log ΨL and predicted log ΨL distributions for the validation 

dataset. 
 

Shaprio – Wilk Bartlett’s Student’s t test 
log ΨL

 
n 

 
mean 

 
SD CV 

W p < W F ratio p > F t ratio p > |t| 
Measured 13 -1.8 0.6 -0.32 0.97 0.83 0.14 0.71 -1.00 0.34 
Predicted 13 -1.9 0.6 -0.33 0.95 0.60     
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