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ABSTRACT
Both temporal and spatial magnitude, structure, and distribution of rangeland aboveground biomass (AGB) are important inputs for many necessities, in particular for estimating terrestrial carbon amount, ecosystem productivity, climate
change studies, and potential bioenergy uses. Much of the remote sensing research previously completed has focused on
determining carbon stocks in forested ecosystems with little attention directed to estimate AGB amount in rangelands.
Our objectives were to: 1) identify and delineate individual redberry juniper (Juniperus pinchotii) plants from surrounding live vegetation using the support vector machine method for classifying two-dimensional (2D) geospatial imagery with a 1-m spatial resolution at two sites; and 2) develop regression models relating imagery-derived and fieldmeasured single tree canopy area and diameter for dry AGB estimation. The regression results show that there were
very close and significant relationships between field measured juniper plant AGB and canopy area derived from the
image classification with r2 > 0.90. These results suggest that spectral reflectance recorded on 2D high resolution imagery is capable to assess and quantify AGB as a quick, repeatable, and unbiased method over large land areas.
Keywords: Remote Sensing; Geospatial Imagery; Biomass; Juniperus pinchoti; Rangeland; Bioenergy; Terrestrial
Carbon Budget

1. Introduction
Aboveground vegetation biomass (biomass hereafter)
distribution, structure, and amount in rangeland regions
are important in estimating terrestrial carbon and energy
fluxes between atmosphere and biosphere and thus are
major considerations in ecosystem processes or climate
change research [1-4]. Vegetation on rangelands, characterized by woodlands, shrublands, and grasslands, provides essential ecosystem services, including forage for
domestic and native herbivores, but is highly variable in
spatial distribution and temporal growth patterns [5-9]. A
world-wide phenomenon on many rangelands has been
the expansion of woody plants into grassland and savanna areas in the last 150 years [3,4,8,10]. Increases in
woody-plant abundance comprise a significant but highly
uncertain fraction of the carbon budget world-wide [3,6].
Projecting future states of rangeland ecosystems in response to woody invasions and changes in climate,
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edaphic, and disturbance regimes are strongly dependent
on current assessment of woody biomass and distribution
and the contribution of woody plants to total terrestrial
biomass amount [6].
Traditional field-based biomass estimations of woody
biomass through allometric functions are accurate, but
are costly, tedious, time consuming, and usually limited
to small land areas. Remote sensing-based biomass prediction is the most promising method at regional and
global scales [2,11-18]. Over the last decade, a large
number of studies have estimated biomass using twodimensional (2D) geospatial images, synthetic aperture
radar (SAR) and LIDAR [2,11,13,16,19]. Numerous
studies have documented that remote sensing techniques
are highly efficient to assess woody plant biomass at
multiple spatial and temporal scale [11,12,20]. Although
small footprint radar backscatter and LIDAR data may be
more accurate than 2D geospatial imagery for characterizing woody plant attributes, these data are expensive to
acquire at present, and are limited by its narrow swathcoverage on each overpass due to high spatial resolution
ARS
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[4,15,21-23]. Two-dimensional high resolution geospatial imageries, such as TM, IKONOS, QuickBird, GeoEye,
World View, are much more cost-effective and are now
available for almost anywhere in the world [24]. Though
such data have been widely used to quantify forest biomass, they have been rarely utilized for rangeland woody
biomass assessment [24,25]. Research on high-resolution
2D geospatial images from satellite has evaluated algorithms to determine crown diameter, crown area, and
other attributes in a wide range of forested areas [24,25].
For this reason, remote sensing studies quantifying rangeland biomass contribution to the total carbon budget are
strongly needed.
Redberry juniper (Juniperus pinchotii; juniper hereafter) occupies more than 4.7 million ha of rangeland in the
western half of Texas alone and extents to the neighboring states in the Southern Great Plains of the US [10].
Juniper is a native troublesome species, aggressively
encroaching into rangeland due to reduced intensity and
frequency of fires and livestock overgrazing. High densities of this and a closely related species in central TX,
Ashe juniper (Juniperus ashei), can significantly decrease species diversity and grass production by competing for natural resources and can greatly trigger soil erosion [26].
The United States Department of Agriculture-National
Agricultural Imagery Program (USDA-NAIP) imagery
archive has entered public domain, providing exciting
opportunities to advance rangeland research. We propose
that periodically acquired NAIP images are adequate for
quantifying biomass of individual juniper plants because
of 1-m spatial resolution. Recently, Allometric models
between field-measured redberry juniper above-ground
mass (AGM) and physiognomic characteristics such as
canopy area, diameter, and height were developed [10].
In addition, the potential of high-resolution QuickBird
images to estimate Juniperus spp. tree volume and biomass was examined in which this type of optical imagery
can be used for rapid and reliable measurements of tree
volume and biomass [27,28]. The objectives of the present study were to 1) identify and delineate juniper from
surrounding live vegetation using the support vector machine (SVM) classifier; 2) investigate the relationships
between imagery-derived and field-measured canopy
area and diameter; and 3) develop regression models
relating imagery-derived and field-measured single tree
attributes for estimation of total, wood, and leaf-twig
biomass. Since the remote sensing biomass of juniper
trees has not been well documented, we initiated this
study to fill an important gap in the application of remotely assessed canopy area using the SVM method for
discriminating juniper plants from background vegetation
and estimating biomass components.
Copyright © 2013 SciRes.
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2. Materials and Methods
2.1. Study Area
Data were collected from two sites near the town of
Crowell about 132-km west of Wichita Falls and 241-km
east of Lubbock in north central Texas (Figure 1). The
sites were located about within 10 km of each other on
similar soil types: Site 1 (Whatley Ranch), 34˚4'N,
99˚44'W; elev. 436-m in Foard County; Site 2 (Copper
Break State Park), 34˚6'N, 99˚45'W; elev. 443-m in
Hardeman County. Total 30 years mean annual rainfall at
Crowell is 616 mm [29]. The sites were dominated by
juniper and honey mesquite (Prosopis glandulosa Torr.).
Herbaceous understory consists of numerous cool-season
(C3) and warm-season (C4) grass species dominated by
perennial C4 grasses, tobosagrass (Pleuraphis mutica)
and buffalograss (Bouteloua dactyloides). Other grasses
are C3 mid-grass Texas wintergrass (Nassella leucotricha), C3 annual grass Japanese brome (Bromus japonicus)
and other C4 mid-grasses such as vine mesquite (Panicum obtusum), sideoats grama (Bouteloua curtipendula),
and dropseeds (Sporobolus spp.) [30]. Soils are fine-silty,
mixed, thermic Typic Calciustolls of the Quanah series

Figure 1. Location of Hardeman (top) and Foard Counties
(bottom) where study sites were situated in north central
Texas.
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and fine-silty, montmorillonitic, thermic Typic Haplusterts of the Hollister series [31].

2.2. Field Sampling
A total of 54 juniper plants ranging in size from 1.53 to
73.90-m2 canopy area were selected for the study. The
trees were selected to represent the range of three diameter found at the sites, thus were not random because the
objective of the study was to quantify the relationship
between the tree attributes derived from the imagery and
field-measured biomass through regression analysis. To
randomly sample the study sites and still have the same
range of canopy diameter would have required many
more plots than the logistics of the study could accommodate. Selection was limited to trees that appeared
healthy and undamaged and had to be at least 1-m apart
from other trees. Canopy diameters along 2 directions
(longest axis and perpendicular to longest) were measured on each tree followed by harvesting to the ground
level during the dormant season (October-December
2010 and January-March 2011). Following harvest, leaftwig (<3-cm diameter stems) and wood (>3-cm diameter) components were manually separated and weighed.
Total wet weight of each component was obtained within
few hours of tree felling. Three randomly selected subsamples of each component from each tree were weighed
as wet weight, oven-dried at 60˚C for 60 - 70 days, and
weighed after weights stabilized. Percent moisture was
determined [(wet weight-dry weight)/wet weight × 100]
for components and whole tree and used to determine
total oven dry biomass of each tree and individual biomass components.

2.3. Remote Sensing Imagery and Image
Classification
One county-level color infrared aerial image collected
over Hardeman County, covering both sites, was obtained from the National Agricultural Imagery Program
(NAIP) provided by the Natural Resources Conservation
Service Geospatial Data Gateway at
(http://datagateway.nrcs.usda.gov/). The NAIP imagery
consisted of green, red, and near infrared bands with a
spatial resolution of 1-m taken on August 12, 2010 over
the sites. The image was projected to the Universal
Transverse Mercator North American Datum 1983 Zone
14 North by the provider. The image was extracted for
the sites using ArcGIS software suits (ESRI, Inc. Redlands, CA).
Image classifications were performed using the SVM
method in Environment for Visualizing Images software
(ENVI; Exelis Visual Information Solutions, Boulder,
CO). The SVM is a supervised machine learning method
that performs classification based on the statistical learnCopyright © 2013 SciRes.
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ing theory. The SVM classifies data by separating a hyperplane that provides the best separation between
classes in a multidimensional feature space. This hyperplane is the decision surface on which the optimal class
separation takes place. The optimal hyperplane is the one
that maximizes the distance between the hyperplane and
the nearest positive and negative training example called
the margin. From a given set of training samples, the
optimization problem is solved to find the hyperplane
that leads to a sparse solution. Although the SVM is a
binary classifier in its simplest form, implementation of
the SVM classifier in ENVI was extended to more than
two classes by splitting the problem into a series of binary class separations (ENVI User’s Guide).
In order to represent more complex shapes than linear
hyperplanes, a variety of kernels including the polynomial, the radial basis function, and the sigmoid can be
used for performing SVM classification in ENVI. The
SVM was employed using the radial basis function kernel for performing the pairwise classification. There is
also a penalty parameter can be introduced to the SVM
classifier to allow for misclassification during the training process. The penalty parameter was set to its maximum value, whereas a classification probability threshold
of zero was used in order to classify all pixels (ENVI
User’s Guide). Default settings of this classifier were
used for image classifications. During the classification
process, only NIR band of the NAIP imagery was chosen
using the spectral subset option in ENVI.
The 1-m image allowed clear and visual identification
of all endmembers based on the spectral contrast among
the live vegetation (juniper, mesquite, herbaceous) and
senescent or non-vegetative components (road, shadow,
exposed soil, water, senescent herbaceous) (Figure 2(a)).
Previous studies found that reflectance from Ashe juniper
(Juniperus ashei), mesquite, water, exposed soil, and
herbaceous plants were significantly different [32,33]. In
addition, reflectance variation within deciduous crown is
larger than that within coniferous tree crown because of
the non-conical shape, large branches, and the shade area
caused by the neighboring branches [15]. Thus, juniper
endmember was manually extracted from isolated trees
on areas in the image [34]. Juniper endmember for each
site comprised 10 polygons, each having 25 pixels, from
pure juniper canopy at locations well-identified on the
ground and on the image. The CEM was run for juniper
endmember using covariance matrix with a 75% rule
threshold and square root stretching.

2.4. Determination of Canopy Area and
Development of Regression Model for
Biomass Estimation
Point coordinates of the harvested trees, with sub-meter
accuracy at the center of each tree following harvest,
ARS
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were taken with a Trimble GeoXH hand-held unit (Trimble Navigation Limited, Sunnyvale, CA) equipped with
the ArcPad software (ESRI, Inc. Redlands, CA). The
projection of the GPS unit was set to Universal Transverse Mercator North American Datum 1983 Zone 14
North. A unique identification number was assigned to
each tree during the collection of point coordinates in the
field. Spatial analyses performed for juniper canopy area
determination are described below.
Following image classification using CEM, fractional
abundance of juniper was converted to vector layer
(polygon shapefile format) in ENVI and exported to
ArcGIS for canopy area determination (Figure 2(b)).
The point coordinates representing tree-locations were
overlaid onto the vector layer (Figure 2(c)) and the
polygons representing harvested tree were selected with
the “select by location” function, where the locations
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were tree point coordinates. A new polygon layer including only selected polygons was created (Figure 2(d)).
This new polygon layer and point layer, both representing harvested trees, were “joined” in order to assigned
unique identification number to each polygon. Area of
each polygon was determined with “calculate geometry”
function and designated as canopy area. The attribute
table of the circle layer was then exported to a spreadsheet in order to perform regression analysis with fieldmeasured tree attributes.
The point coordinates representing to tree-locations
were overlaid onto the image where one-to-one matching
with the juniper trees was verified (Figure 2(c)). Circles
representing juniper canopy area based on point locations
were blindly digitized as a polygon layer by an untrained
person in ArcGIS (Figure 2(c)). The areas and diameters
of these circles were determined by the “calculate ge-

(a)

(b)

(c)

(d)

Figure 2. The false color infrared national agricultural imagery program image with 1-m spatial resolution and harvested
trees represented with yellow (a); classified image with juniper: green (b); some of the harvest trees illustrated with blindly
drown circles in yellow and red dots (c); classified trees shown with the red dots (d) for site 1.
Copyright © 2013 SciRes.
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ometry” and “field calculator” functions, respectively.
The attribute table of the circle layer was then exported
to a spreadsheet in order to perform regression analysis
with field-measured tree attributes. Field-based canopy
area (CA; m2) determination was made using the ellipse
equation: π·a·b, where a = radius of longest canopy axis
and b = radius of perpendicular canopy axis adopted
from [10].
Simple linear regression analyses were performed to
relate image-derived tree attributes with field-measured
tree variables using Statistical Analysis Systems 9.2
(SAS Institute Inc., Cary, NC) and regression plots were
created using SigmaPlot 11 (Systat Software Inc., Chicago, IL). Image-derived tree parameters were used as
the independent and field-measured attributes were set as
the dependent variable. Model validation was performed
by randomly apportioning observations into a 70/30 split
with the former fraction being used for model development, while later used to predict tree attributes. Error
estimation was performed by computing the root mean
squared error (RMSE) between predicted and field-measured values, as well as field-measured and imageryderived attributes.

3. Results
3.1. Data Summary
Descriptive summary of variables used in regression
models were presented in Table 1. The means and ranges
confirm that a broad range of values was assessed for
tree attributes. Field measured juniper plant canopy diameters ranged from 1.40 to 9.70-m with a mean and
standard error ( x ± ε: 5.15 ± 0.31), whereas canopy
areas varied from 1.72 to 73.90-m2 (24.73 ± 2.72). Average canopy diameters and areas derived from the imTable 1. Summary statistics for juniper tree attributes measured in the field and extracted from the imagery with 1-m
spatial resolution (n = 54).
Tree attribute
2

Fmca (m )
2

Mean

SE

Min

Max

24.73

2.72

1.53

73.90

Fmcd (m )

5.15

0.31

1.40

9.70

Fmtb [kg]

187.03

25.29

3.53

688.35

Fmwb [kg]

104.78

16.41

0.05

460.37

Fmltb [kg]

82.25

9.47

3.44

227.99

2

Meca (m )

28.21

3.27

1.72

101.92

Macd (m2)

5.48

0.33

1.48

11.39

27.46

3.55

0.00

105.00

2

Cca (m )

Fmca: field-measured canopy area; Fmcd: field-measured canopy diameter;
Fmtb: field-measured total biomass; Fmwb: field-measured wood biomass;
Fmltb: field-measured leaf-twig biomass; Meca: manually-extracted canopy
area; Mecd: manually-extracted canopy diameter; Cca: classified canopy
area; SE: Standard Error; Min: Minimum; Max: Maximum.
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agery using both manual-extraction and classification
methods were slightly higher than the field-measurements (Table 1).
Canopy diameter and area for manual extraction
method ranged from 1.48 to 11.39 m (5.48 ± 0.33) and
from 1.72 to 101.92-m2 (22.84 ± 2.70), respectively.
Range of canopy areas derived from classified imagery
were between 0 and 105-m2 (27.46 ± 3.55), respectively.
A juniper plant with 1.75 m diameter, and 2.3 m2 canopy area was, however, not detected with the algorithm.
Biomass varied from 3.53 to 688.85 kg (187.03 ± 24.83).
Biomass was partitioned into wood biomass only with a
minimum and maximum weights 0.05 and 460.37 kg
(104.78 ± 16.41) and leaf-twig biomass varying from
3.44 to 227.99 kg (82.25 ± 9.47).

3.2. Biomass Estimation
Simple linear regression analysis revealed presence of
robust, tight, and significant relationships between the
variables of interest (Figures 3-6, Table 2). Predictors
(classified and manually-extracted canopy area and diameter) accounted for 91% to 96% of the variation in fieldmeasured canopy area and diameter with associated RMS
errors between 4.274 and 0.489, respectively, (Figure 3).
Manually-extracted canopy area produced a slightly
stronger relationship with total and wood biomass than
canopy diameter (Table 2). Classified canopy area had
equal predictive power for total and leaf-twig biomass
(Figures 4(a)-(c)), while the predictive power was
weaker for wood biomass (Figure 4(b)). The strength of
the relationships between biomass components and imagery-derived canopy area or canopy diameter generally
declined (r2 = 0.88 and RMSE between 5.754 and 5.106)
for leaf-twig biomass (Figure 6(d); Table 2), except for
the classified canopy area (r2 = 0.93; RMSE = 7.751;
Figure 4(c)).
The relationships between remotely determined and
field-measured tree attributes using the validation dataset
confirmed robust and significant associations (Figures 5
and 6, Table 2). Linear regression between canopy diameter using manual extraction method and field-measured canopy diameter produced a stronger relationship (r2
= 0.95, RMSE = 0.463) (Figure 5(c)) compared to canopy area calculated using both manually-extracted (r2 =
0.94, RMSE = 4.287; Figure 5(a)) and classified data (r2
= 0.94, RMSE = 4.199; Figure 5(b)), respectively. Total,
wood, and leaf-twig biomass determined using classified
canopy area accounted for 98% (RMSE = 16.644), 96%
(RMSE = 15.717), and 88% (RMSE = 12.495) of the
variations in field-measured counterparts (Figures 6(a)(c)), respectively. Biomass components estimated using
manually-extracted canopy area had r2 values of 0.96,
0.96, and 0.84 for field-measured total, wood, and leaftwig biomass (Table 2), respectively, whereas the relaARS
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(a)

(a)

(b)

(b)

(c)

(c)

Figure 3. The relationship between manually-extracted and
field-measured canopy area (a), classified and field-measured canopy area (b), and manually-extracted and fieldmeasured canopy diameter (c); n = 38, P < 0.001. Fmca:
field-measured canopy area; meca: manually-extracted canopy area; cca: classified canopy area; fmcd: field-measured canopy diameter; mecd: manually-extracted canopy
diameter.
Copyright © 2013 SciRes.

Figure 4. The relationship between classified canopy area
and field-measured total (a), wood (b), and leaf-twig biomass (c); n = 38, P < 0.001. Fmtb: field-measured total biomass; cca: classified canopy area; fmwb: field-measured
wood biomass; fmltb: field-measured leaf-twig biomass.
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(a)

(b)

(c)
(c)

Figure 5. The relationship between canopy area using manually-extracted canopy area (meca) and field-measured
canopy area (fmca) (a); canopy area using classified canopy
area (cca) and fmca (b); and canopy diameter using manually-extracted canopy diameter (mecd) and field-measured
canopy diameter (fmcd) (c); n = 16, P < 0.001.
Copyright © 2013 SciRes.

Figure 6. The relationship between total (a), wood (b), and
leaf-twig biomass (c) determined from classified canopy
area (cca) and field measurements; n = 16, P < 0.001. Fmtb:
field-measured total biomass; fmwb: field-measured wood
biomass; fmltb: field-measured leaf-twig biomass; tb-, wb-,
ltb-cca: total, wood, and leaf-twig biomass using classified
canopy area.
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Table 2. The simple linear regression models with the associated statistics for manually-extracted canopy area and
diameter versus predicted and field-measured total, wood,
and leaf-twig biomass.
Biomass model
+

*

Fmtb = −23.617 + (7.604 meca)
+

*

Fmwb = −30.581 + (4.903 meca)
+

*

RMSE

0.92

24.87

0.93

11.58

Fmltb = 2.310 + (2.909 meca)

0.88

5.75

Fmtb+ = −202.34 + (71.921*mecd)

0.90

29.56

Fmtb+ = −142.143 + (45.704*mecd)

0.89

20.16

Fmltb+ = −67.776 + (27.822*mecd)

0.88

5.10

0.96

16.96

Fmwb = −11.972 + (0.992 fmwb-meca)

0.96

5.23

Fmltb* = 12.208 + (0.800*fmltb-meca)

0.84

5.65

Fmtb = −42.420 + (1.085 fmtb-mecd)

0.93

28.21

Fmwb* =−44.061+ (1.184*fmwb-mecd)

0.90

18.48

0.89

1.54

*

*

Fmtb = 8.674 + (1.457 fmtb-meca)
*

*

*

*

*

*

Fmltb =−116.266+(0.889 fmltb-mecd)
+

r2

*

and : model development (n = 38, P < 0.001) and validation datasets (n =
16, P < 0.001), respectively; fmtb: field-measured total biomass; meca:
manually-extracted canopy area; fmwb: field-measured wood biomass;
fmltb: field-measured leaf-twig biomass; mecd: manually-extracted canopy
diameter; ptb-meca, pwb-meca, and pltb-meca: predicted total, wood, and
leaf-twig biomass using manually-extracted canopy area, respectively; ptbmecd, pwb-mecd, pltb-mecd: predicted total, wood, and leaf-twig biomass
using manually-extracted canopy diameter.

tionships between field-measured total, wood, and leaftwig biomass and biomass of these components determined using manually-extracted canopy diameter were
93%, 90%, and 89% (Table 2), respectively.

4. Discussion
We evaluated and reported the usefulness of 2D geospatial aerial imagery for estimating juniper tree biomass at
two rangeland sites, typical for the southern Great Plains
of the US, using both automated and manual canopy area
determination methods. Although accuracy assessment
for classification was not conducted in this research, earlier studies found high classification accuracy for juniper
species [32,33,35-38]. Overall accuracies between 80 and
92% were found for classifying Ashe juniper in central
Texas using QuickBird imagery and aerial photography
[32]. An airborne hyperspectral image was evaluated in
order to compare classification methods for mapping
Ashe juniper in central Texas [33]. The authors found
that overall mapping accuracies varied from 84% to 100%.
Overall classification accuracies between 80% and 92%
were achieved for both Rocky Mountain juniper (Juniperus scopulorum) and Utah juniper (Juniperus osteosperma) using Landsat 5 TM imagery [38]. A mapping
accuracy of 92% for western juniper (Juniperus occidentalis subsp. Occidentalis) using the NAIP imagery
was reported [35].
Copyright © 2013 SciRes.
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A single juniper plant with a 2.3-m2 canopy area
(1.75-m canopy diameter) was not detected with the algorithm used to classify the imagery in this study. Visual inspection of ground-level images of this plant taken
prior to harvest indicated that it was growing on 100%
exposed soil without any herbaceous background cover.
This suggested that 100% exposed soil background may
suppress detection of smaller plants. Accurate monitoring
of semi-arid vegetation using remote sensing can be hindered by the effects of bare soil [39].
Reasons for this may relate to the greater level of
“brightness” associated with bare soil in arid and semiarid landscapes that saturates that portion of the image
and eliminates detection of small dark objects such as a
small tree canopy.
The approach developed and implemented in the current study allows accurate estimation of individual juniper tree biomass using simple linear regression for fieldmeasured biomass and automated or manual methods.
The relationships observed between field-measured and
image derived juniper plant variables were robust and
highly significant. This indicates that remotely sensed
imagery can be very useful for estimating biomass of
individual juniper trees on rangeland ecosystems for both
trained and untrained personnel. For example, automated
canopy area determination method over large land areas
can be used by trained personnel in image processing
software, while manual method can be preferable by untrained rangeland managers. Remote sensing has not
been used extensively for quantifying the amount and
extent of woody biomass on rangelands. The bulk of the
existing studies have relied on other mass quantification
techniques, which usually are time-consuming measurements using field transects [9,28]. The strength of the
relationships found in this study implies that these attributes can be readily obtainable from the image with a sufficient spatial resolution without a need for field measurements, especially over remote and inaccessible or
large land areas. The RMSEs reported in this study were
far less than that required for biomass estimation procedures in European countries, with an error not exceeding
±20% [22].
We also explored the use of 2D geospatial imagery not
only for total plant biomass estimation but also for estimation of wood and leaf-twig biomass components. Estimates of woody plant components have rarely been related to remotely sensed images [40]. Our results indicated that wood and leaf-twig biomass can be estimated
reasonably well with canopy area and diameter values
derived from aerial images of the resolution utilized in
this study. Wood biomass has the highest energy content
of the plant components and would likely be the most
desirable portion of woody plants from a bioenergy use
perspective. Alternatively, leaf-twig biomass may be
ARS
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linked to estimate leaf area index (LAI), providing clues
to estimate water use patterns and potential competitive
effects with the herbaceous understory. Leaves also conduct photosynthesis and are the primary energy exchange
medium between plant and the environment, and are thus
linked to productivity and biogeochemical cycles of a
site [22,40-43].
The relationships developed between image-measured
canopy area and that measured on the site in this study
were higher than that reported by [28]. These authors
found that the QuickBird data accounted for 85% of the
variation in ground-measured eastern redcedar (Juniperus virginiana) biomass. A stronger relationship (r2 =
0.98) than ours between image- and ground-measured
eastern redcedar canopy area was reported by [28]. An
identical relationship (r2 = 0.92) between LIDAR- and
field-measured biomass to ours was reported by [44],
whereas a weaker relationship (r2 = 0.62) was found by
[45] who related LISS-IV-estimated and field-measured
biomass. A good relationship (r2 = 0.78) between Aleppo
pine (Pinus halepensis) biomass measured in the field
and estimated from a high-quality aerial photograph [46].
Image-estimated biomass can serve as an alternative to
field sampling in forest biomass research, given adequate
temporal and spatial coverage of the study area [46].
Recently, there has been increasing amounts of baseline information required at large spatial scales as part of
woody biomass operational management plans. Such
details may include ecological diversity issues, partial
harvesting (i.e., leaving old and large trees), or patch
harvesting for bioenergy, wildlife or hydrological concerns. These new requirements demand a greater level of
detail in remote sensing data. Higher resolution data with
individual tree-scale details allows for better precision in
management decisions [1,3,40,47-49]. The individual
plant approach offers a better understanding of the sources
of uncertainty and errors associated with remote sensing
estimates when predicting biomass at a large scale [48].
With availability of high spatial and spectral resolution,
multispectral and hyperspectral satellite and aerial remote sensing data in the recent times, it is now possible
to estimate both individual tree and cluster or stand level
biomass [28,40] at relatively low resource requirement.
The equations derived and validated in this study are
easy to comprehend and may be used with high confidence by managers, ecologists, scientists, and ranchers
seeking rapid estimates of juniper biomass and possibly
other tree species with similar growth forms for use in
management and in ecological models.
Accurate estimates of biomass are also critical for
monitoring carbon dynamics in rangelands that is considered essential in assessing regional or global carbon
budgets. Growing interest in quantifying ecosystem carbon stocks and or potential bioenergy uses has triggered
Copyright © 2013 SciRes.

ET AL.

189

various research initiatives to explore possibilities of
using non-destructive methods to estimate biomass [10,
28]. In particular, there has been a noticeable inclination
towards using aerial or satellite remote sensing images to
estimate biomass [3,28,50-53]. Regional companies are
currently considering to use eastern redcedar in gasification facilities for the production of steam or electricity
for small rural communities and in ethanol production, or
to produce woody pellets for residential heating [28].
With respect to potential biomass estimation for bioenergy uses, the aerial extent of the images will have to
be sufficient to cover large land areas (>50,000 ha) that is
necessary for sustainable feedstock supply to a processing facility [28,54]. Such estimations may need to rely on
2D imagery such as National Agricultural Imagery Program (NAIP) of the USDA [35,53,55] or satellite images
that can provide appreciable details at regional scale and
can be geo-spatially integrated with other features such
as road networks, waterways, etc. to facilitate harvest
plans. Otherwise, if not impossible, it is too costly, labor
intensive, and time consuming to estimate biomass via
ground-based measurements [28].
Data reported so far worldwide have indicated that for
most rangeland woody plants, the most accurate method
of non-destructively estimating biomass is to measure
basal stem diameter, crown diameter, plant height, and
crown volume [7,56-61]. Basal stem diameter and diameter at breast height, however are not easily-measurable parameters for juniper due to its highly compacted
canopy and a high density of low growing stems restricting access to the central base stem [10]. Because of
spherical growth forms and dense lateral growth with very
compact canopy and a high density of low growing stems,
these researchers determined that canopy area, determined
by measuring canopy diameter in two directions, was the
best variable for predicting total tree AGM. Height was a
less effective variable to predict biomass and including
height to calculate canopy volume resulted in little improvement in the biomass estimation accuracy compared
to canopy area alone. Since it is not possible to measure
canopy height or stem diameter at breast height from 2d
geospatial imagery, using canopy area and/or diameter
measurements would appear to be the most suitable approach for predicting juniper tree biomass from 2D imagery. Imagery classification and converting classification to vector to obtain automated canopy area of all
trees in an area are the easiest and quickest processes. The
ability to remotely estimate biomass using canopy area
would provide a major benefit for research and management efforts.

5. Conclusion
Though remote sensing data is becoming increasingly
important in forest biomass estimation, little attention has
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been directed to rangeland woody biomass. There is an
obvious need for large scale measurements to improve
our understanding on the effects of ecological processes
such as woody encroachment into grasslands and carbon
contribution of rangeland woody plants to local or regional carbon stocks. The current study was undertaken
to explore the relationship between canopy area and diameter of individual red berry juniper trees as determined
via aerial images and the biomass of those trees. A major
finding of this research is that the method is highly
automated and repeatable, and provides the ability to
estimate and map juniper biomass using image classification in addition to manual digitizing. Results suggest
that 2D geospatial imagery may be a powerful tool for
estimating juniper biomass and in certain situations with
adequate ground-based calibration curves, could replace
ground measurement in many areas. Imagery classification of woody canopies can be a relatively straightforward process when the imagery is acquired during the
dormant season when there is a strong spectral contrast
between evergreen juniper and leafless deciduous trees
and/or dormant herbaceous plants.
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