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SUMMARY. Plant growth and biomass assessments are required in production and
research. Such assessments are followed by major decisions (e.g., harvest timing)
that channel resources and influence outcomes. In research, resources required to
assess crop status affect other aspects of experimentation and, therefore, discovery.
Destructive harvests are important because they influence treatment selection,
replicate number and size, and the opportunity for true repeated measures. This
work sought to establish the limits to which image acquisition and analysis may
replace standard, destructive measures of fresh lettuce biomass. Outdoor, high
tunnel, and greenhouse plantings of three cultivars of red and green leaf lettuce
(Lactuca sativa) were direct-seeded in raised beds and plastic trays in spring,
summer, and fall seasons in 2009–10 in Wooster, OH. Overhead images (624 in
total) were captured at specific time points after seeding using handheld and tripod-
mounted commercial digital cameras. Fresh weight and leaf area of destructive plant
samples within the digital images were also collected. Images were analyzed using
user-defined settings in WinCAM software (Regent Instruments, Quebec, QC,
Canada). A reference grid captured within each image allowed for the calculation of
crop canopy cover (percent of two-dimensional image area covered by leaves).
Calculations of canopy cover require differentiating leaves and rooting medium by
color. The rooting medium was dark in color, and differentiating red leaves against
this background was less reliable than differentiating green leaves from background.
Nevertheless, in samples collected in the greenhouse 7 to 16 days after sowing (DAS),
significant correlations (r) of 0.85 to 0.96 (P < 0.05) were observed between measures
of canopy cover calculated by image analysis software and leaf area obtained with a leaf
area meter on harvested plant material. In outdoor and high tunnel plots 16 to
30 DAS, correlation coefficients between direct measures of plant biomass and
WinCAM estimates of canopy cover were 0.71 to 0.95 (P < 0.0001). We conclude that
digital image analysis may be useful in real-time, nondestructive assessments of
early stage leaf lettuce canopy development, particularly when the leaf area index
(LAI) is less than one and settings are dominated by green leaves.

C
rop production and research
involve descriptions and pre-
dictions of plant growth and

biomass accumulation and distribu-
tion. Both processes involve destruc-
tive and nondestructive sampling.
Destructive sampling is most com-
mon and typically precedes direct

measures of many variables. Still,
direct sampling consumes time, ef-
fort, crop tissue, space, and other
resources. It may also produce mis-
leading results, such as inaccurate
estimates extrapolated from sub-
sample biomass values (Catchpole
and Wheeler, 1992; Im and Jensen,
2008). Destructive sampling also
tends to disrupt repeated measures
of experimental plants or plots through
time (Baker et al., 1996; Casadesus

et al., 2007; Tucker, 1980). Reliable,
resource-saving tools are required to
enhance the effectiveness of destruc-
tive sampling in commercial and re-
search settings.

Nondestructive assessment meth-
ods (e.g., remote sensing), which rely
on estimates made without destroy-
ing or removing tissue, are an alter-
native for scientists and producers.
Remote sensing includes photogra-
phy, machine vision, thermal imag-
ing, laser scanning, and multispectral
imaging. Regardless of form, the use
of remote sensing for nondestructive
assessment of plants and canopies is
increasingly common in agriculture,
ecology, and research. Photography,
using film and digital formats, is one
of the most common, versatile, and
cost-effective methods of nonde-
structively gathering information on
a variety of crops (Campbell, 2002;
Casadesus et al., 2007; Gerard et al.,
1997; Hunt et al., 2011; Klassen
et al., 2003; Stewart et al., 2007;
Yang et al., 2009). Still, estimates
made via remote sensing and other
approaches to nondestructive assess-
ment are often adjusted based on
validated measures or models built
from on-site duplicate sampling or
ground-truthing (Catchpole and
Wheeler, 1992; Hatfield et al., 2008;
Im and Jensen, 2008).

Digital images are gathered with
various types of equipment. Inexpen-
sive, consumer-based digital cameras
capture wide bands of reflected light
primarily in the blue, green, and
red regions. Hyper- or multispectral,
special-use cameras capture a wider
portion of the spectrum, more narrow
wavebands within the spectrum, or
both (Hunt et al., 2011; Li et al.,
2010; Trout et al., 2008; Yang et al.,
2009). Image analysis typically fol-
lows acquisition, regardless of method,
and often involves software. Like cam-
eras, image analysis software includes
common-use commercially available
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and project-specific programs. Image
analysis publications have listed these
software programs: Photoshop [Adobe
Systems, San Jose, CA (Aide et al.,
2007; Klassen et al., 2003; Stewart
et al., 2007)], GIMP 2.2 and Image
J 1.33 freeware (Campillo et al., 2008),
MATLAB [MathWorks, Natick, MA
(Lati et al., 2011; Rasmussen et al.,
2007)], ENVI [ITT Visual Informa-
tion Solutions, Boulder, CO (Hunt
et al., 2011)], Sigma Scan [Systat
Software, Chicago (Olmstead et al.,
2001, 2004)], and WinCAM [Regent
Instruments, Quebec, QC, Canada
(Chai et al., 2010; Mkandawire et al.,
2005; Roturier and Bergsten, 2009)].

Image analysis is reported to be
effective in assessing vegetative cover,
nutrient status, crop maturity, and
vegetation indices in many agronomic
and forage crops (Adamsen et al.,
1999; Casadesus et al., 2007; Gerard
et al., 1997; Li et al., 2010; Lukina
et al., 1999; Olmstead et al., 2004;
Stewart et al., 2007). Image analysis
has also proven useful in describing
weed populations and plant diseases
(Lamb and Weedon, 1998; Lati et al.,
2011; Neeser et al., 2000; Ngouajio
et al., 1999; Nilsson, 1995). Digital
images are used in ecology to moni-
tor plant- or landscape-level changes
(Booth and Cox, 2008; Ide and
Oguma, 2010). Image assessment
and other methods of remote sensing
have been used in horticultural crop
applications (Campillo et al., 2008;
Davenport et al., 2005; Yang et al.,
2008), although further investment
in techniques and applications are
needed (Lee et al., 2010; Trout
et al., 2008).

With testing and calibration,
nondestructive sampling (e.g., image
acquisition and analysis using com-
mercially available equipment and
software) may effectively supplement
or replace scientific destructive sam-
pling in horticultural crop produc-
tion. Digital image analysis has often
been tested and optimized with the
use of sophisticated or proprietary
image manipulation tools, algo-
rithms, or both that may be better
suited to research than production
settings (Adamsen et al., 1999; Lati
et al., 2011; Rasmussen et al., 2007).
Ease of use, cost, utility, and accuracy
are important considerations in the
development of nondestructive as-
sessment methods regardless of ap-
plication (Adamsen et al., 1999; Aide

et al., 2007; Hatfield et al., 2008).
Overall, digital image acquisition
and analysis must be repeated under
a range of conditions to establish the
limits of their application.

We grew leaf lettuce in outdoor,
high tunnel, and greenhouse settings
and used commercially available cam-
eras and software to acquire and ana-
lyze digital images of these crops at
various stages. Our goal was to docu-
ment relationships between calculated
values of crop variables obtained via
this nondestructive approach and
values obtained via destructive sam-
pling and direct measurement. We also
aimed to identify steps in the image
acquisition and analysis process where
these relationships are weakened.

Materials and methods
C A S E S T U D Y 1 : E I G H T

MICROCLIMATE–CULTIVAR COMBINA-

TIONS IN OUTDOOR AND HIGH TUNNEL

SETTINGS. This study consisted of ex-
perimentally altered microclimates in
duplicate outdoor and high tunnel
settings in two spring and one fall
season (2009–10) at the Ohio Agri-
cultural Research and Development
Center (OARDC) in Wooster, OH, as
reported by Bumgarner et al. (2011).
High tunnel experiments were carried
out in a single 30 · 80 · 13-ft single-
bay, gothic style, single-layer, 6-mil
high tunnel, while outdoor experi-
ments were in an immediately adja-
cent open field. Both experiments
consisted of split-plot designs with
the four microclimate and two culti-
var treatments functioning as main
and subplot factors, respectively. The
eight microclimate · cultivar treatment
combinations were replicated four times
in each experiment. Eight wood-framed
raised beds (2 ft · 8 ft · 6 inches)
contained the four main plot micro-
climates: 1) unheated and uncovered
control, 2) subsurface heated with soil
heating cable, 3) aerial covered with
low tunnel, and 4) subsurface heated
and aerial covered. Four subplots (2 ·
2 ft) containing the two tested lettuce
cultivars were contained within each
main plot. Control plots consisted of
unheated and uncovered raised beds.
Subsurface heated treatments con-
tained a 40-ft automatic electric heating
cable (Wrap-On Co., Bedford Park, IL)
at �4 inches depth, triggered to func-
tion at temperatures below 23 �C, to
provide root-zone heating. Aerial cov-
ered main plots were covered by a single

layer low tunnel of slitted 0.8-mil poly-
ethylene plastic (Hummert Interna-
tional, Earth City, MO).

The growing medium consisted
of (v/v) 35% peatmoss (Premier Hor-
ticulture, Quakerstown, PA), 35%
dairy manure compost (OARDC),
15% shredded organic red clover (Tri-
folium pratense) hay (OARDC), and
15% silt loam field soil (OARDC).
About 1000 preweighed primed and
pelleted seeds of the two red leaf
romaine lettuce cultivars [Outred-
geous (Johnny’s Selected Seeds, Win-
slow, ME) and Flagship (Shamrock
Seeds, Salinas, CA)] were sown on 21
Mar. and 10 Oct. 2009, and 16 Mar.
2010 in seven parallel rows within
each plot.

Digital images (3264 · 2448
pixels) of a 1-ft2 quadrant in the cen-
ter of each plot were gathered in the
field using a handheld camera with
a focal length of 6.3 to 18.9 mm
(FE-360; Olympus Corp., Tokyo) po-
sitioned directly above the plot at a
distance of�2 ft. Camera aperture and
focus were placed on the automatic
setting to prevent variable operator-
influenced focus adjustments, and
the flash was turned off. The camera–
subject distance and viewing angle was
standardized across images as much as
possible. Images (576 in total) were
collected �16, 23, and 30 DAS and
acquisition was followed by destruc-
tive sampling in each plot. Destructive
sampling (10 inches of random row)
included removal of all plants followed
by counting and weighing the whole
sample before measuring shoot and
root weight of a representative sub-
sample. Final yield data were taken on
a standardized 2-ft2 section of each
plot �30 DAS.

CASE STUDY 2: GREENHOUSE

SETTING. Leaf lettuce was produced
in a 400-ft2, glass greenhouse room in
the Horticulture and Crop Science
greenhouse facility in Summer 2009
at the OARDC in Wooster, OH. De-
structive fresh shoot biomass and leaf
area measurements were compared
with analyzed digital images across
several time points of plant growth.
‘Outredgeous’, a red-leaf romaine
lettuce, and green leaf ‘Two-Star’
were used to ensure measurements
varying in leaf color and shape and
plant growth habit. Half flats [11 · 11
inches (BFG Supply, Burton, OH)]
were filled with moistened media
(Pro-Mix BX; Premier Horticulture),
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and �180 primed and pelleted seeds
were placed by hand in three parallel
rows at 3-inch spacing on 24 June
2009. Four replicate flats of each cul-
tivar, one in each of the four blocks,
were seeded for harvest at each of the
six harvest dates for a total of 48 flats.
Harvest date of each flat was random-
ized within each block.

Digital images (3648 · 2736
pixels) of all flats were gathered in
the greenhouse using a commercial
camera with a 36 to 216 mm focal
length (Powershot A2000; Canon
USA, Lake Success, NY). Images
were generally taken between 13:00
and 16:00 HR using a stationary tri-
pod at a vertical distance of �30
inches and a consistent camera angle.
Camera aperture and focus were
placed on the automatic setting to
prevent variable, operator-influenced
focus adjustments, and the flash was
turned off. Images (48 in total) were
taken 7, 10, 14, 16, 21, and 28 DAS
to correspond to preharvest destruc-
tive samples and the final harvest. De-
structive plant data were also collected
on the center of three rows in each half
flat at each harvest date. The center
row of each flat was removed by hand,
roots were washed to remove media
particles, whole plants were counted
and weighed as a group, and shoot and
root fresh weights were recorded for
a representative subsample. Shoot leaf
subsamples were then measured with
a leaf area meter (LI-3100C; LI-COR
Biosciences, Lincoln, NE). These pro-
cedures were duplicated at each har-
vest 7, 10, 14, 16, and 21 DAS. For
the final harvest date at 28 DAS, digital
images were captured, and plants in
the center row of each flat were har-
vested just above media level to repre-
sent leaf lettuce fresh shoot biomass
yield.

DIGITAL IMAGE ANALYSIS. Im-
age analysis was carried out using
WinCAM 2009 Regular, which is
designed to estimate specified colored
regions in images. Images were saved
from the camera onto a desktop com-
puter (Optiplex GX270 2.6 GHz;
Dell, Round Rock, TX) as JPEG files.
The analyzed region of each image
was standardized for analysis to in-
clude only the area inside the 1-ft2

quadrant or the 11 · 11-inch half flat.
Operator-assisted color selection was
used to designate colors in the image
as background or leaf by selecting
a specific set of colors from within

the image to define color classes. All
pixels chosen in the color class as leaf
were used in the leaf calculation,
while all other pixels were classified
as background color by WinCAM.
The percentage of pixels was then
used to calculate canopy cover com-
pared with the area of media back-
ground in every image (Figs. 1 and 2).
The accuracy of the software program
was also assessed by comparing digi-
tally traced and uniformly colored
outlines of the total plant cover in
a subset of selected images in Photo-
shop before analysis with WinCAM.
These manually enhanced high con-
trast images were used as a reference
leaf area in the image and were com-
pared with the same raw image ana-
lyzed by WinCAM (Fig. 3).

DATA ANALYSIS. Analysis by Proc
Corr (SAS version 9.2; SAS Institute,
Cary, NC) was employed specifically
to describe relationships between
data collected on leaf lettuce crops
using destructive and nondestruc-
tive approaches. Overall, destructive
plant measures and WinCam esti-
mates of canopy cover from 624 dig-
ital images in outdoor, high tunnel,
and greenhouse settings were cor-
related (Tables 1 and 2), providing
opportunities for further more specific

study. In the outdoor and high tunnel
settings, biomass yield data (Bumgarner
et al., 2011) and WinCAM canopy
cover estimates collected �30 DAS
were analyzed separately within each
experiment to uncover the ability of
the image analysis method to describe
potential treatment effects on growth
(Table 3). A Proc Univariate proce-
dure was carried out on all data to test
for normality. All data were analyzed in
Proc Mixed. Data with a non-normal
distribution were natural log trans-
formed before analysis and then back
transformed for inclusion in tables.
Microclimate and cultivar were ana-
lyzed as fixed effects, and replications
within years were analyzed as ran-
dom effects in Proc Mixed. Treatment
means were separated using a pdiff
difference statement at a P < 0.05 level
of significance when microclimate and
cultivar fixed effects were significant at
P < 0.05.

Results
Relationships between calcu-

lated values of crop variables obtained
via a nondestructive image acquisition-
analysis approach and values obtained
via destructive sampling and direct
measurement were tested using cor-
relation. Correlations were significant

Fig. 1. Black and white images (top row) illustrating WinCAM (Regent
Instruments, Quebec, QC, Canada) identification of leaf (white) or background
(black) material paired with original digital images in greenhouse-grown ‘Two-
Star’ leaf lettuce (A) 10 d after seeding (DAS) [20% canopy cover (CC), 9.8 g fresh
shoot weight (FSW), 30.5 inch2 leaf area (LA)], (B) 16 DAS (48% CC, 31.6 g FSW,
156.9 inch2 LA), and (C) 28 DAS (97% CC, 145.1 g FSW, 963.0 inch2 LA);
1 g = 0.0353 oz, 1 inch2 = 6.4516 cm2.
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and positive at all time points in the
outdoor and high tunnel experiments
(Table 1, Case Study 1) and at five of
six time points in the greenhouse ex-
periment (Table 2, Case Study 2).
Plant age did not consistently impact
correlations within Case Study 1 (out-
door, high tunnel), but age was a factor
in Case Study 2 (greenhouse). Analysis
of variance (ANOVA) of microclimate
treatment effects outdoors and in the
high tunnel at �30 DAS using data
from analyzed digital images (Table 3)
was often similar to analysis using fresh
biomass data. However, leaf color (cul-
tivar-based) also emerged as a factor that
can influence the reliability and effi-
ciency of digital images used as a partial
proxy for direct measurement.

CASE STUDY 1. Pearson correla-
tion coefficients between shoot fresh
biomass measurements taken at �16,
23, and 30 DAS and digital image
canopy cover estimates were signifi-
cant for both the outdoor and high
tunnel settings in all experiments
(Table 1). When both cultivars were
included in each analysis (N = 32),
correlations were 0.71 to 0.95 out-
doors and 0.72 to 0.85 in the high
tunnel. Time points with the highest
correlation coefficients varied by ex-
periment, and no consistent trend
between correlations and DAS was
detected. While correlations were
slightly lower in the high tunnel than
in outdoor plots overall, results in
both settings were similar. While cor-
relations were significant at all time
points in all experiments, correlations
across all sampling points tended to
be strongest in Spring 2009 in both
settings.

Correlations between direct mea-
sures of fresh shoot biomass and esti-
mates of canopy cover from image
analysis were also calculated on a
cultivar-specific basis (Table 1). Cor-
relations were significant (P < 0.05) at
all points of measurement and major
trends tended to hold for both
cultivars. Outdoors, correlations for
‘Outredgeous’ were stronger at all
sampling points in all three experiments
(Table 1). Numerically, correlations
between destructive and nondestruc-
tive measures outdoors were greater
for ‘Outredgeous’ alone than for the
average of the two cultivars although
fewer observations (N = 16) were in-
cluded in the single-cultivar analysis

(Table 1). Similar trends were observed
in the high tunnel but less consistently
and in a manner mediated by season.

A second approach involving
preexisting data and images was also
used to describe relationships be-
tween direct and indirect measures
of biomass. Specifically, we set out
to determine if the outcomes of
image analysis after the fact resem-
bles outcomes obtained previously
via destructive sampling and direct
measurement. Would image analysis
arrive at the same treatment effects on
plant biomass as previous direct mea-
surement? ANOVA was completed to
address this question, the answer to
which appears to be ‘‘yes’’ under these
conditions (Table 3). Significant treat-
ment effects on direct measures of
biomass and indirect measures of can-
opy cover were noted in all six exper-
iments. Trends in treatment means
separation outcomes were similar be-
tween direct and indirectly obtained
estimates of biomass, particularly
in the outdoor setting. However,
cultivar effects were similar between
approaches in only three of six
experiments.

CASE STUDY 2. Destructive:non-
destructive measure correlations were
positive and significant at five of six
time points in the greenhouse experi-
ment (Table 2). However, plant age
had a stronger influence on these
correlations when tested in the green-
house than when tested in outdoor
or high tunnel settings. For example,
in the greenhouse, correlations were
strongest 14 DAS and decreased
thereafter, showing as not significant

Fig. 2. Black and white images
illustrating WinCAM (Regent
Instruments, Quebec, QC, Canada)
identification of digital images of high
tunnel-grown ‘Outredgeous’ leaf
lettuce with (top) primarily green leaves
where separation between leaf (white)
and background (black) material was
relatively efficient, and (bottom)
‘Flagship’ leaf lettuce with primarily
red leaves where separation between
leaf (black) and background (white)
material was less efficient.

Fig. 3. Potential impact of cultivar and age on separation of leaf and background
material in ‘Outredgeous’ red leaf lettuce and ‘Two-Star’ green leaf lettuce in an
outdoor summer experiment as illustrated by the canopy cover (± SE) as classified by
the WinCAM software program (Regent Instruments, Quebec, QC, Canada) with
and without editing in Photoshop (Adobe Systems, San Jose, CA); n = 2.
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28 DAS (Table 3). Correlations in the
greenhouse were moderately influ-
enced by cultivar leaf color and mor-
phology and plant growth habit with
‘Two-Star’ WinCAM:destructive har-
vest correlations tending to be higher
than those of ‘Outredgeous’. How-
ever, cultivar effects of both leaf color
and morphology and plant form
appeared to be diminished in the
summer greenhouse study relative
to fall and spring outdoor and high
tunnel settings where leaf color was
the main difference between cultivars.

Discussion
In digital image analysis, samples

are comprised of two-dimensional im-
ages representing three-dimensional

objects. Plant canopies such as those
studied here include both visible or
emergent and hidden or occluded
leaves. We sought to assess the strength
of the association between leaf and
biomass data obtained via nondestruc-
tive digital image analysis and related
data obtained through standard de-
structive means. The strength of that
association hinges on the extent to
which two-dimensional images rep-
resent three-dimensional canopies.
The data suggest that the association
may be strong enough to warrant
further attention in research and
other settings. More specifically, the
data suggest that digital image ac-
quisition and analysis may be a suit-
able replacement for or supplement

to destructive sampling and direct
measurement of leafy vegetable crop
canopies provided cultivar-background
color contrast, growth setting, and
plant age do not interfere. Correla-
tions between direct measures of
lettuce leaf biomass taken on har-
vested plant samples and indirect
measures obtained with a camera and
software were consistent and statistically
significant. This major result held for
crops of tested cultivars grown in a range
of conditions established in outdoor,
high tunnel, and greenhouse settings
in spring, fall, and summer seasons.

In research, these correlations
suggest that fewer resources (e.g.,
seed, space, crop inputs) may be re-
quired to document treatment effects,

Table 1. The relationship between canopy cover (CC) from WinCAM (Regent Instruments, Quebec, QC, Canada) analyzed
digital images and fresh shoot weight (FSW) from destructive harvests of ‘Outredgeous’ (Out) and ‘Flagship’ (Flag) leaf
lettuce in spring and fall outdoor and high tunnel experiments (Case Study 1) in 2009–10 in Wooster, OH.

Spring 2009 Fall 2009 Spring 2010

Out D Flagz Outy Flagy Out D Flag Out Flag Out D Flag Out Flag

Correlation coefficient (P value)x

Outdoor
Day 16 0.91 0.95 0.86 0.71 0.95 0.68 0.84 0.88 0.79
CC:FSW (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (0.0039) (<0.0001) (<0.0001) (0.0003)
Day 23 0.90 0.91 0.88 0.82 0.94 0.69 0.89 0.93 0.69
CC:FSW (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (0.0041) (<0.0001) (<0.0001) (0.0032)
Day 30 0.87 0.89 0.85 0.95 0.98 0.96 0.87 0.89 0.72
CC:FSW (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (<0.0001) (0.0016)

High tunnel
Day 16 0.85 0.91 0.77 0.80 0.84 0.81 0.75 0.76 0.85
CC:FSW (<0.0001) (<0.0001) (0.0005) (<0.0001) (<0.0001) (0.0001) (<0.0001) (0.0006) (<0.0001)
Day 23 0.77 0.77 0.76 0.83 0.93 0.79 0.78 0.83 0.75
CC:FSW (<0.0001) (0.0006) (0.0006) (<0.0001) (<0.0001) (0.0003) (<0.0001) (<0.0001) (0.0009)
Day 30 0.80 0.91 0.77 0.72 0.81 0.65 0.81 0.81 0.90
CC:FSW (<0.0001) (<0.0001) (0.0005) (<0.0001) (0.0002) (0.0061) (<0.0001) (0.0001) (<0.0001)
zN = 32.
yN = 16.
xPearson correlation coefficient (r) followed by probability value in parentheses.

Table 2. The relationship between canopy cover (CC) from WinCAM (Regent Instruments, Quebec, QC, Canada) analyzed
digital images, fresh shoot weight (FSW) and leaf area (LA) from destructive harvests of ‘Outredgeous’ and ‘Two-Star’
lettuce in a summer greenhouse experiment (Case Study 2) in 2009 in Wooster, OH.

Day 7z Day 10z Day 14z Day 16z Day 21z Day 28z Day 7–28y
‘Outredgeous’

Day 7–28x
‘Two-Star’
Day 7–28x

Correlation coefficient (P value)w

CC:LA 0.85w 0.91 0.96 0.90 0.75 0.04 0.82 0.73 0.91
(0.0076) (0.0017) (0.0001) (0.0025) (0.032) (0.93) (<0.0001) (<0.0001) (<0.0001)

CC:FSW 0.84 0.87 0.95 0.84 0.77 0.22 0.86 0.78 0.90
(0.0084) (0.0055) (0.0004) (0.0096) (0.026) (0.60) (<0.0001) (<0.0001) (<0.0001)

FSW:LA 0.99 0.89 0.91 0.99 0.93 0.88 0.96 0.99 0.96
(<0.0001) (0.003) (0.0018) (<0.0001) (0.0008) (0.004) (<0.0001) (<0.0001) (<0.0001)

zN = 8.
yN = 48.
xN = 24.
wPearson correlation coefficient (r) followed by probability value in parentheses.
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that the benefits of repeated sampling
can be realized more often, and that
new hypotheses can be tested. In
commercial production, these cor-
relations suggest that yield models
that aid scheduling and other pro-
cesses may be developed, as reported
previously (Kleinhenz and Radovich,
2003; Radovich and Kleinhenz,
2004). Results reported here also sug-
gest that image acquisition and anal-
ysis be considered more seriously,
particularly as improved hardware and
software become available and as the
need for efficiency increases in all sec-
tors. That said, there is a wealth of op-
portunity and need with regard to
follow-up related research designed
to facilitate the greater application of
digital image acquisition and analysis
as outlined here.

Image acquisition
INSTRUMENTATION. Cameras vary

in cost, performance, and ease of use,
so the ideal camera type will vary with
application. We tested the utility of
images acquired with commercial
digital cameras, which may appeal to
scientists and farmers because of cost,
availability, and features. This type of
camera has assets but may have limits
in measured wavebands and some
parameters of color (Casadesus et al.,
2007; Hunt et al., 2011) relative to
specialized multi- or hyperspectral

units that others may prefer. Compar-
ing cameras or types of cameras was
beyond the scope of this work, but the
relative benefits of various units for use
in the process described here should
be explored. Potential users will likely
prefer a balance of key features.

ENVIRONMENTAL AND PLANT

CONDITIONS. Controlling for or over-
coming ambient environmental con-
ditions can be challenging in remote
sensing, regardless of the instru-
ment(s) used (Baker et al., 1996;
Hack, 1989; Lati et al., 2011; Lukina
et al., 1999; Rasmussen et al., 2007;
Tucker, 1980). For example, cloud
cover exhibits a high level of spatio-
temporal variation and complicates
image acquisition and analysis. Con-
trolling for cloud cover has involved
numerous improvements in equip-
ment, software, and process over time.
In the two case studies described here,
images were collected under spring,
summer, and fall conditions in a tem-
perate climate but on an experimental
plan based on crop stage. There was
comparatively little freedom in altering
sampling date (e.g., per sky condi-
tions). Case Study 1 was carried out
in spring and fall when light levels
varied. Shadows were occasionally
present during image acquisition
and difficult to avoid. Shadows were
also occasionally visible in the data
images and difficult to correct at

the analysis stage using software and
methods employed here. Case Study 2
was completed in a relatively constant,
high light environment (summer green-
house room) and presented fewer
shadow issues than observed in the
field and high tunnel.

Ambient conditions, especially
light, complicate the use of image
acquisition and analysis by scientists
and field production personnel. Sup-
plemental lighting was unavailable in
Case Study 1 (outdoor, high tunnel).
Also, use of the camera flash, when
tried experimentally, further reduced
contrast in images as bright sunlight
may due to glare (Lukina et al., 1999).
To reduce experimental error, images
for each experiment were analyzed
and compared separately by time point
rather than between time points. This
step standardized the impact of ambi-
ent light conditions and eliminated the
need to calibrate for light conditions
across time (Hunt et al., 2011). This
approach is not optimum for all users,
especially farmers and field managers.
Follow-up efforts may benefit from
including portable illumination to
standardize light conditions and re-
duce the need for complicated or time
consuming adjustments during image
analysis.

Plant status and stand must also
be considered during image acquisi-
tion. Digital images quantify leaf

Table 3. Lettuce fresh shoot weight (FSW) from destructive harvest and canopy cover (CC) as estimated using WinCAM
(Regent Instruments, Quebec, QC, Canada) digital image analysis �30 d after sowing in two red romaine cultivars exposed
to four experimental microclimates in six outdoor and high tunnel experiments in 2009–10 in Wooster, OH.

Spring 2009 Fall 2009 Spring 2010

FSW (g/ft2)z CC (inch2)z FSW (g/ft2) CC (inch2) FSW (g/ft2) CC (inch2)

Outdoor
Microclimate Control 2.0 ay 25.1 a 4.0 a 17.0 a 2.6 a 13.0 a

Subsurface heated 10.3 b 46.5 b 10.3 b 20.4 b 7.5 b 16.3 a
Aerial covered 22.4 c 56.5 c 14.3 c 27.5 c 9.7 b 22.8 b
Subsurface heated +

aerial covered
89.1 d 83.9 d 51.3 d 53.1 d 37.4 c 41.2 c

Cultivar Outredgeous 16.2 Bx 56.7 B 13.6 30.9 B 12.3 B 26.1 B
Flagship 12.5 A 49.3 A 12.8 23.0 A 6.8 A 17.1 A

High tunnel
Microclimate Control 108.0 a 72.0 a 21.7 a 32.3 a 42.8 a 19.4 a

Subsurface heated 159.6 b 88.8 b 45.0 b 51.7 b 67.9 b 53.9 b
Aerial covered 194.5 c 93.3 b 48.1 b 62.0 c 92.2 c 83.9 c
Subsurface heated +

aerial covered
214.3 c 98.1 b 82.4 c 69.9 d 131.7 d 98.4 c

Cultivar Outredgeous 165.9 91.9 B 44.2 57.4 B 96.2 B 82.0 B
Flagship 172.3 84.2 A 44.5 50.5 A 71.1 A 35.8 A

z1 g/ft2 = 10.7639 g�m–2 = 0.0353 oz/ft2, 1 inch2 = 6.4516 cm2.
yMeans within columns and microclimates (lowercase letters) or cultivars (uppercase letters) followed by the same letter are not significantly different as separated by a pdiff
difference statement at P < 0.05 (SAS version 9.2; SAS Institute, Cary, NC).
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cover as a percentage of image area;
therefore, leaf orientation is impor-
tant (Klassen et al., 2003). Leaf ori-
entation is influenced by light and
moisture conditions that vary in time
and space. Not surprisingly, alteration
of leaf angle in certain species can
change the amount of canopy closure
as a result of both environmental and
diurnal change (Giacomelli et al.,
1998; Mullen et al., 2006). Therefore,
1) images should be acquired at simi-
lar times of day for comparison across
dates (Giacomelli et al., 1998), 2)
plant populations should be even for
reliable extrapolation from image
canopy cover to larger field cropping
areas, and 3) comparisons should be
restricted to similar varieties to mini-
mize genotype as a source of experi-
mental error.

CAMERA ANGLE AND HEIGHT.
The outcomes of image analysis may
also be affected by the orientation and
height of the camera during image
acquisition. Inconsistencies in orien-
tation can lead to changes in pixel
resolution in space within and be-
tween digital images (Lati et al.,
2011). Two methods were employed
in attempts to standardize camera
orientation in this work: freehand in
Case Study 1 and a tripod in Case
Study 2. Additionally, all images were
taken from stationary rather than
moving camera locations. Concerns
over camera orientation and light
levels are often justified, but their
influence on image analysis can be
reduced by consistency (Rasmussen
et al., 2007). Earlier work has also
shown that increasing the distance at
which images are taken, resulting in
a larger field of view or larger surface
area in each image, can reduce vari-
ability (Ngouajio et al., 1999). Here,
images were gathered from distances
that required no additional equip-
ment. Future field application could
incorporate techniques to increase
area in images by increasing camera
height. Regardless, taking specific
steps to standardize camera orienta-
tion and evaluate height–resolution
relationships before and during image
acquisition is prudent.

Image analysis
PLANT SIZE AND GROWTH EFFECT.

Data reported here (e.g., Case Study
2) indicate that plant age, through its
effect on canopy closure and LAI, can
influence the relationship between

digital image-based and direct esti-
mates of biomass. Canopy closure
tends to signal that LAI has reached
one and that additional growth is
unlikely to be captured in digital
images and their analysis with the
same reliability as during preclosure
(Hack, 1989; Stewart et al., 2007).
Thus, correlations as studied here are
likely to weaken after canopy closure
and LAI exceeds one, especially in the
absence of crop differences because of
experimental treatments. In response,
some propose the use of side-view
images for some plants (Baker et al.,
1996; Tackenberg, 2007), either
alone or in conjunction with over-
head images. However, integrating
data from two views is more complex
and likely to appeal primarily to scientists.
Repeated evaluation of indirect–
direct biomass estimate relationships—
in target cropping systems, over specific
time frames and as drawn with over-
head images analyzed with improved
commercial software—may be a suit-
able alternative for many.

SEPARATION OF BACKGROUND

MATERIAL FROM LEAF MATERIAL. Im-
age analysis relies on an adequate and
consistent differentiation between
plant material (leaf canopy) and soil
or media background (Olmstead et al.,
2004; Thomas et al., 1988), and
a lack of contrast lowers the precision
and potential utility of image analysis
(Olmstead et al., 2001). In this work,
canopy-soil separation at the analysis
stage was occasionally inadequate.
Growing media were dark colored
and contrasted strongly only with
green leaves (Figs. 1 and 2A), some-
times complicating the analysis of
images of red leaf cultivars (Fig. 2B).
Others (e.g., Trout et al., 2008) have
faced the same challenge, especially if
images were collected in low light.

Four methods were employed to
enhance background-canopy contrast,
two during image acquisition, and two
during image analysis. First, during
acquisition, solid blue paper strips
were inserted between plant rows to
limit background interference. This
method enhanced background-
canopy contrast and saved time dur-
ing analysis. Second, red and green
lens filters were used in a series of test
images. However, in our tests, the
value of lens filters was reduced be-
cause ambient light levels were often
insufficient and resulted in dark im-
ages that were difficult to analyze

well. Third, during analysis, color
settings were manually adjusted dur-
ing processing in WinCAM for each
set of ‘‘troublesome’’ images. Fourth,
images were manually adjusted before
analysis. Using Photoshop, blackout
regions were inserted in images in
between-row regions where back-
ground interference could occur. This
process was completed on all images
within a time point sample to limit
bias. This method was effective when
plants were small, but less effective as
plant cover increased. It was also very
time-consuming. Follow-up work
would do well to identify constitutive
steps or camera or software features
that enhance background-canopy
contrast. Time efficiency will likely
be best achieved by reducing envi-
ronmental and plant color interfer-
ence before image acquisition. In this
work, we concluded that improving
the quality and consistency of ac-
quired images is preferable to addi-
tional steps to improve image quality
during analysis. These steps or fea-
tures will significantly increase the
appeal of image acquisition-analysis
in research and crop production.
Software and camera advances will
likely increase the ability to differen-
tiate canopies and backgrounds un-
der varied conditions and reduce
these challenges in the future (Lati
et al., 2011; Stewart et al., 2007).

The impact of incomplete
background-canopy separation by
WinCAM on correlations was quan-
tified by further analysis of a selected
subset of images from an outdoor,
summer experiment. Images varying
in canopy size and leaf color were
chosen, the canopies were manually
colored blue in Photoshop (Adobe
Systems), the edited images were
reprocessed by WinCAM, and data
from edited and unedited images were
compared. While such editing would
not be feasible on a large scale because
of the time involved, manually color-
ing in leaf area in Photoshop provided
a ‘‘control’’ necessary to describe
potential error ranges in the analyzed
digital images. This comparison was
undertaken to enhance understand-
ing of the influence of both leaf color
and shape (cultivar effects) and plant
age (size and LAI) on the accuracy of
digital image analysis. Data in Fig. 3
help illustrate that plant age and leaf
color may influence the accuracy of
image analysis as conducted here.
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Overestimation of leaf area was more
common on small, young canopies,
especially when background-canopy
differentiation was inadequate. Inter-
estingly, in test images, levels of over-
estimation were similar in green- and
red-leaved cultivars at early stages of
crop development. As canopies in-
creased, image accuracy varied more
clearly by leaf color with green more
accurately identified than red and the
latter being underestimated because
of misclassification of leaf area as
background.

Data reported here provide ad-
ditional proof of concept for the use
of digital image analysis as a replace-
ment for or supplement to destructive
sampling and direct measurement.
The process we employed may save
little time when collecting certain in-
dividual data points, but it does offer
other advantages. For example, de-
structive sampling and measurement
often involves the desire to collect
many paired data on often perishable
samples and the use of shared equip-
ment and time-sensitive procedures.
Image acquisition-analysis can re-
duce the time spent and need for
certain instruments at harvest by
delaying the collection of certain
data. An indirect, digital approach
to the collection of leaf area or bio-
mass data can also reduce the amount
of sample needed and it should allow
for repeated measures on identical
plots and samples.

However, image acquisition-
analysis must be rapid and reliable
to be widely adopted. Image analy-
sis is now regarded as the process
bottleneck, and it must become
straightforward and ‘‘high through-
put’’ to interest many scientists and
crop managers. Simplifying and
speeding acquisition-analysis in
most horticultural settings will re-
quire improvements in software and
hardware. In this study, 30 s were
required to load and analyze each
image, which was triggered by the
operator after settings were estab-
lished and completed using an average
(for 2009) personal computer. Win-
CAM offers a batch analysis option
that is likely to speed the accrual of
data on many images, particularly if
differences in background or other
properties are subtle. We analyzed
images separately to better track sys-
tem performance when processing
images of samples diverse in origin

and to test specific hypotheses about
the process.

In conclusion, inadequate leaf-
background color differentiation lim-
ited the ease and reliability with which
digital image acquisition and analysis
substituted for destructive sampling
and direct measure of lettuce leaf bio-
mass. Nevertheless, correlations be-
tween direct and indirect estimates of
biomass were high under a range of
circumstances and image analysis led
to statistical results closely resembling
a standard harvest-weigh routine. Ad-
vances in equipment, software, and
technique will increase the appeal of
digital image acquisition-analysis rou-
tines as partial substitutes for standard
routines in research and production.
Similarly, if modeling, prediction, or
both are goals, system scaling factors
must be determined so that relative
gains in real leaf area or biomass vs.
those in calculated values can be iden-
tified and employed in formulae. These
relative gains are unlikely to be linear in
all cases.
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