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Abstract 
Allometric equations are essential for quantitative study of 
aboveground biomass. The paper presents an effort in acquisition 
and validation of allometric equation for salt cedar (Tamarix spp.), 
a species that has been criticized for its invasion and negative im
pacts on the riparian ecosystem in the western United States. In 
the summers of 2009 and 2011, biomass destructive samplings 
were conducted to harvest and collect salt cedar samples at Cibola 
National Wildlife Refuge, Arizona. The allometric equations were 
developed by establishing the relationship between aboveground 
biomass with average basal diameter, tree height, and total basal 
area. The validity and the strength of the allometric models were 
examined with the adjusted coefficient of determination (r2

), stan
dard error of estimate (SSE), and Akaike Information Criterion 
(AIC). Total basal area was identified as the best predictor for salt 
cedar biomass, followed by tree height. Average basal diameter 
was a poor predictor. In linear equations, total basal area accounted 
for 78.4 percent of the total variation in aboveground biomass. In 
logarithmic equations, tree height and total basal area together ex
plained 87.7 percent and yielded the small AIC and SSE. These 
equations will advance the quantitative estimation of salt cedar 
biomass and provide useful information for studying evapotrans
piration, water consumption, and carbon storage. 

Key words: salt cedar (Tamarix); destructive sampling; Cibola Na
tional Wildlife Refuge 

Introduction 
In recent decades, salt cedar, an aggressive invasive species, has 
been under criticism for large water consumption and negative im
pacts on native riparian ecosystems in the western United States 
(Bailey et al. 2001, Stromberg et al. 2007, and Poff et al. 2011). 
Salt cedar was imported to the West in the early 19th century as 
an ornamental plant and to help control soil erosion. Salt cedar 
typically grows in moist areas of river corridors and catchments 
(Dahm et al. 2002, Whiteman 2006, and Shafroth et al. 201 0). It 
is a large shrub or small tree with numerous branches or stems 
extending from the ground (Allred 2002 and Watts et al. 2005). 
However, salt cedar is so well adapted to its environment that it 
has spread quickly, becoming one of the most notorious invad
ers in the west. Many researchers have attributed the competitive 
advantage of salt cedar to its stress tolerance, vigorous reproduc
tion, and deep root system. Being a xerohalophytic plant, salt 
cedar is aridity and salt tolerant (Arndt et al. 2004) allowing it 
to thrive in the arid, salty environments of the west. Salt cedar 
is also fire-resistant; after a wildfire, salt cedar comes back more 
quickly than the native species (Glenn & Nagler 2005, Shafroth et 
al. 2010). With its extensive and long taproots going down deep 

into the groundwater level (Stromberg et al. 2007 and Sookbirs
ingh et al. 201 0), salt cedar can "steal" water from and outgrow 
the native species. Moreover, by forming large, dense stands, salt 
cedar consumes much more water than the sparse native species. 
Water will be further lost through the active evapotranspiration of 
its leaves (Carman & Brotherson 1982 and Dahm et al. 2002). In 
a word, the widespread invasion of salt cedar is posing significant 
threats to the native riparian ecosystems in the arid western US, in 
terms of biodiversity reduction, soil erosion, stream flow change, 
water depletion, and flood and wildfire hazards (Bailey et al. 2001, 
Whitcraft et al. 2008, Shafroth et al. 2010 and Sookbirsingh et al. 
2010). Consequently, information regarding the distribution and 
abundance of salt cedar is imperative in support of the long term 
mission of restoring the native ecosystem. 

Aboveground biomass is defined as the amount of organic matter 
in living and dead plant material present above the soil surface 
(Brown & Lugo 1992 and Litton & Kauffman 2008), and serves 
as an indicator for the distribution and abundance of vegetation 
above the ground. The most accurate method of biomass estima
tion is through destructive sampling (Basuki et al. 2009), i.e., com
plete harvesting, in which trees within the plots are clean-cut, dried 
in an oven, and weighed to provide sample measurements of the 
weights (Brown 1997 and West 2003). Alternatively, allometric 
equations offer a non-destructive way for biomass estimation. Bio
mass is often considered as a function of tree diameter, height, and 
wood density (Ter-Mikaelian & Korzukhin 1997 and Chave et al. 
2005). Using allometric equations, biomass can be estimated from 
the relatively simple measurement of tree diameter and height, 
without having to cut, dry, or weigh the trees (Tietema 1993, Keith 
et al. 2000, Cleary et al. 2008 and Burquez et al. 2010). 

The rationale for salt cedar allometry study was the lack of allo
metric equations for salt cedar and the site-specific restriction in 
general for allometric equations. First, the lack of diameter-based 
allometric equations in literature is partially due to the irregular 
growth pattern of salt cedar; it tends to grow into dense stands 
with numerous intertwining stems protruding from the ground 
(Nagler et al. 2004 and Evangelista et al. 2007). Second, the only 
published equations from Evangelista et al. (2007) are based on 
canopy area and height, which, however, is not practical for our 
study because in our study area, salt cedars grow in thick closed 
canopies that cannot be separated to measure individual shrub 
canopies. Lastly, the allometric equations are site-specific (Mon
tagu et al. 2005); they differ with species, tree status, climate, soil, 
and terrain (Zianis & Menucuccini 2004). Further, equations from 
other sites cannot be used without validation with local field data. 
Hence, the objective of this study was to develop allometric equa
tions through biomass destructive sampling for salt cedar aboveg
round biomass prediction. 

This paper presents the effort of two destructive sampling field 
trips and the development of allometric equations for salt cedar. 
With the establishment of allometric equations, we can estimate 
salt cedar aboveground biomass, thereby, better understanding its 
distribution and abundance, potential carbon storage, and water 
consumption. Ultimately, the study will lead to alternative solu
tions to the widespread invasion of salt cedar. 



Methodology 
Study area 
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The study was conducted at the Cibola National Wildlife Refuge 
(Cibola thereafter) at the border of Arizona and California in the 
Lower Colorado River Basin (Fig. 1). The climate is moderate in 
winter and hot and dry in summer. Precipitation is sporadic and 
scant. It occurs mainly from July to September and December to 
February as a result of the Arizona monsoon (Nelson, 1986). Cibola 
is characterized with rolling desert ridges and washes for its land
scape. Flanking alongside the Colorado River, Cibola is endowed 
with several bodies of water (U.S. Fish and Wildlife Service 2006) 
and indigenous riparian species of arrow weed, mesquite, creosote 
bush, palo-verde, and cottonwood, providing food and shelter to 
numerous wildlife species. However, the equilibrium of Cibola 
was interrupted by the infestation of exotic salt cedar. A large area 
of Cibola has been occupied by salt cedar with native vegetation 
interspersed few and far between. Nevertheless, salt cedar does 
not present the same high-quality wildlife habitat as other native 
species (Stromberg et al. 2007 and Poff et al. 2011 ). In part, as a 
halophyte (Glenn & Nagler 2005 and Sookbirsingh et al. 2010), 
salt cedar heightens the soil salinity by shedding its salt-saturated 
leaves. Currently, a major endeavor of Cibola is to remove exotic 
salt cedar and restore native species. Methods like the introduc
tion of leaf beetles, mechanical removal, chemical herbicide, and 
controlled fire (Harms & Hiebert 2006, Whitcraft et al. 2008 and 
Shafroth et al. 201 0) have been employed to remove salt cedar. 
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In the summers of 2009 and 2011, we conducted two biomass de
structive sampling field trips at the study site. The first field trip 
took place in June 2009, when salt cedars were in full foliage, 
some flowering. Three sampling sites were chosen and sampled, 
Slytherine, Diablo, and Swamps covering areas of different stand 
density and growth status. Slytherine was the site of the highest 
density and old-growth trees; Diablo was the driest area with inter
mediate density; Swamps was the closest to the river channel with 
young trees and low density. Once a large homogenous salt cedar 
community was identified, a quartet (four-sided plot) was estab
lished. The shortest side of the plot must be longer than that of the 
mean height of the trees within the plot (Brown 1997). The size 
of the plot was chosen as five meters by five meters, considering 
that the average tree height in the sites was less than five meters. 
Prior to cutting the trees, we measured the coordinates of the four 
comers of the plot with a Trimble GeoTX GPS unit and recorded 
the tree status and terrain information within the site. Then, all 
trees within the sample plot were cut down at the bottom. After 
felling, the basal diameter at the ground level (Litton & Kauff
man 2008) and height for each stem were measured. The sampled 
tree was separated into parts of boles and foliage in consideration 
of the difference in moisture content. All the parts were carefully 
garnered and weighed to obtain the total fresh weight in the field. 
The subsamples of each tree part were collected and weighed in 
the field; then, they were packed and sent back to the laboratory 
for drying and determining the moisture content. The other parts 
were discarded in the field. Eleven trees were cut and sampled 

\ 

Figure 1. Cibola National Wildlife Refuge 
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from the three sampled sites during the first field trip. Back in the 
laboratory, the subsamples of the foliage and boles were dried in 
an oven at 60 to 80 degrees Celsius to a constant weight (Northup 
et al. 2005). The dry weight of each part of the sampled tree was 
computed by multiplying the fresh weight measured in the field 
with the dry/fresh weight ratio of the corresponding subsamples. 
The total dry weight of a tree was obtained by summing up the dry 
weight of all parts of the tree. Encouraged by the results from the 
first field trip, we conducted the second field trip in May, 2011, 
to collect more samples. The same procedure as the first field trip 
was followed for destructive sampling. Three sampling sites were 
clean-cut and a total of 15 individual trees were harvested. 

Biomass regression analyses 
Salt cedar allometry equations were investigated by regression 
analyses to establish the relationship between aboveground bio
mass and tree dimensions. 

The general allometric model used to predict the total above 
ground biomass in individual tree is expressed in Equation 
(Brown 1997 and Chave et al. 2005): 

M = Fx (p x (rr, D2/4 x HI (Equation 1) 
Where, M is total aboveground biomass of the individual tree ex
pressed in oven-dried kilogram; D is the diameter in centimeter; 
H is tree height in meter; p is the wood density in gram per cubic 
centimeter; F is the form factor; and ~ is the coefficient. 

In practice, a natural logarithmic transformation is used to linear
ize data (Baskerville 1972, Niklas 2006, Litton & Kauffman 2008, 
and Basuki et al. 2009). Thus, Equation 1 can be rewritten in the 
logarithmic format in Equation 2: 

1n M = c + a 1n (D) + p 1n (H) Or 
1n M = c + a 1n (BA) + p 1n(H) (Equation 2) 
Where, BA is the basal area in square centimeters, and a and P are 
the coefficients. 

In this study, salt cedar was a shrub with multiple stems instead 
of a single bole tree. Since for shrub species, stem basal area from 
each stem is summed to compute total basal area (TBA) (Northup 
et al. 2005 and Cleary et al. 2008). TBA was used as a predica
tor variable for aboveground biomass prediction. Meanwhile, the 
average basal diameter was the average of the basal diameter from 
all the multiple stems. Stems with a diameter equal to or larger 
than 1 centimeter were included in the calculation of total basal 
area and average basal diameter. 

Using IBM SPSS Statistics software, the total aboveground bio
mass, the dependent variable, was correlated with the predictor 
variables of average basal diameter, tree height, and total basal 
area in regression analyses. The stepwise regressions were per
formed for all the variables and their log-transformed counterparts. 
In stepwise regression, variables were entered in sequence corre
sponding to their statistical significance to the regression model. 
If adding a variable improves the performance of the model, the 
variable would be included; otherwise, it would be excluded if not 
adding to the success of the model. 

Model selection 
To identify the best model for salt cedar allometric relationship, we 
analyzed the statistics of each regression model for the coefficient 
of determination (r2

), standard error of estimate (SEE), Akanke In
formation Criterion (AIC), and Correction Factor (CF). 

Coefficient of determination (r2
), the square of the correlation, tells 

what percentage of the total variation in a dependent variable is 
explained by the predictor variables, or how well the model fits the 
data. The larger the value of r2

, the better the regression model is 
(Mann 2001). We used the adjusted r2 value, as it is recommended 
for regression models with two or more independent variables 
(Sullivan 2007) because r2 can be artificially increased with the 
addition of more variables, while adjusted r2 punishes the model 
if incorporating more variables. It validates that the increased r2 

value is not the inflation from the additional variables (Mendenhall 
et al. 2006). 

adjusted r2- 1- ((n- 1)/n- k- 1))(1-r2
) (Equation 3) 

Where, n is the sample size, k is the number of independent vari
ables, and n-k-1 is called the degrees of freedom (d.f) of the regres
sion model. 

SEE, the standard error of estimate of a regression model, is an 
unbiased measure of the spread or variation of the observations 
around the regression line. SEE is calculated as the square root of 
the sum of the difference between the predicted dry weight and the 
measured dry weight divided by the degrees of freedom in Equa
tion 4 (Sullivan, 2007). 

SEE= ...fL, (~- :t;Y In - k- 1 (Equati<:n 4) 
Where Yi is the observed dry weight, ~ is the predicted dry weight, 
n is the sample size, and k is the number of independent variables. 
It accounts for the unexplained or "leftover" variance of the re
gression model (Mendenhall et al. 2006). The smaller the SSE, the 
better the regression model is (Arrest & Franklin 2007). 

Additionally, we used AIC as a criterion for regression model se
lection. AIC measures the amount of information lost in the spe
cific model, hence, the "best" model is the one with minimum AIC 
value (Chave et al. 2001, Burnham & Anderson 2002 and Basuki 
et al. 2009). Given nlk < 40 in this study, a bias adjustment was 
required for small sample size, expressed as AICc in Equation 5: 

AICc = n 1n(RSS/n) + 2k(n/n-k-1)) (Equation 5) 
Where n is the number of samples, k is the number of independent 
variables in the model, and RSS is the residual sums of the squares 
from the regression model. 

Since the logarithmic transformation tends to underestimate large 
values (Sprugel 1983), the CF should be applied to correct this 
bias prior to back-transformation (Northup et al. 2005 and Evan
gelista et al. 2007). CF is computed by Equation 6 (Sprugel1983): 

CF = exp(SEW/2) (Equation 6) 
Where, SEE is the standard error of estimate from the regression 
model. The poorer the model is, the larger the correction factor 
(Chave et al. 2005). The biomass estimate from the allometric 
equation is corrected by multiplying the CF for unbiased biomass 
estimation (Sprugel 1983 and Evangelista et al. 2007). 
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Collectively, adjusted r2, SSE, AIC, and CF should provide suf
ficient justification for the strength of the allometric regression 
models. 

Validity of linear regression model 
In order to verify the normality and collinearity of linear 
regression models, the residual statistics of the regression models 
were examined and interpreted in plots and diagrams. The 
standardized coefficient Beta measures the strength of the effect 
of each predictor variable on the dependent variable. The larger 
standardized coefficient beta (regardless of the sign) stands for 
a stronger effect of the predictor variable. The variance inflation 
factor (VIF) and the tolerance of collinearity are the indicators of 
pair correlation between the predictor variables. VIF is the reverse 
of tolerance. Low tolerance (less than 0.2) and high VIF (larger 
than 5) are the indications of high correlation. The skewness and 
kurtosis measuring the normality and symmetry were examined 
for the distribution of standardized residuals from the regression 
models. 

Results 
Aboveground biomass field samplings 
Based on the obtained dry/fresh weight ratio of the subsamples, the 
total oven-dry aboveground biomass was calculated for each tree, 
ranging from 1.03kg to 128.83kg. Among all subsamples, it was 
consistent that the foliage contained higher moisture content than 
the boles. The larger the tree, the smaller the foliage contributed to 
the total dry weight of the tree. The selection of sampled trees was 
a broad spectrum from small young trees to old-growth trees. The 
heights ranged from of 1.10 meters to 6.7 meters, and the basal 
diameters ranged from less than 1 centimeter to 19 centimeters. 

The ratios of total dry weight to total fresh weight were calcu
lated for each tree and averaged for all the trees within the same 
sampling site, achieving the average dry ratio for the site in Table 
1. The values varied over different sampling sites, but largely re
vealed the soil moisture content and stand growth status. We ob
served that trees sampled from Diablo, the hottest location, had 
the highest dry/fresh weight ratio; whereas, trees sampled from 
Swamps, near the river channel, had the lowest ratio. 

Average basal diameter vs. total basal area 
In mathematics, basal area is the square format of tree diameter. 
However, we delineated the mean of the basal diameter of all 
stems as the average basal diameter (AD) and the sum of the basal 
area of all stems as the total basal area (TBA). Their correlation 
was inspected and is presented in Table 2. A correlation value of 
0.314 indicated no significant correlation between total basal area 
and average diameter at the 0.01 level in a two-tailed test. On the 
contrary, tree height showed a significant correlation with the aver
age diameter (0.864). Table 3 displays the correlations among the 
three log-transformed predictor variables, where the basal diam
eter exhibits strong correlations with both total basal area (0.578) 
and tree height (0.732). 

Logarithmic regression model 
Table 4 and Table 5 demonstrate the results from regression 
analyses for logarithmic equations, along with r2

, SSE, and AIC. 
Model 1 explained 64.9% of the total variation of aboveground 
biomass. With the addition ofheight, Model2 explained 87.6% of 
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the variation. With the inclusion of all the three variables, Model 
3 accounted for 95.7% of the variation. Adding tree height thus 
improved r2 value by 22.3%, while adding the diameter only 
increased the r2 by 7.6%. SSE and AIC were the smallest for 
Model3. c 

Table 5 reveals that all predictor variables had a large t-value 
from the t-test statistic, thereby suggesting a significant linear 
relationship between the dependent variable and the predictor 
variables. All the p-values were less than 0.001, meaning that each 
predictor was substantial in predicting salt cedar biomass. For 
Model 2, total basal area exerted a bigger effect on the biomass 
estimate than tree height did, based on the larger standardized 
coefficient Beta values. No high correlation between predictor 
variables was detected given that Tolerance was 0.805 and VIF 
was 1.243. In AN OVA for linear regression model, the large F -test 
statistic further supported the linear relationship between the 
dependent and predictor variables. 

However, results from Model 3 are misleading. The VIFs 
were less than 5.0 and the tolerances were bigger than 0.2, not 
suggesting multicollinearity. However, we observed: 1) a negative 
relationship between diameter and total weight for Model3, which 
was contradictory to the general knowledge that the diameter 
is proportional to the total weight. 2) Based on standardized 
Coefficients Beta, the important predictor basal area height 
became less important and diameter was the least important. 3) 
As mentioned above, high correlations were presented between 
diameter and total basal area, as well as tree height. Together, we 
concluded that multicollinearity did exist in Model 3 and caused 
the inflated r2. 

Linear regression model 
The results from stepwise regression analyses are summarized in 
Table 6 and Table 7, along with r2

, SSE, and AIC for each linear 
c 

model. According to r2 in Table 6, Model 4 explained 78.4% of 
the total variation of aboveground biomass. Model 5 explained 
87.5% using both tree height and basal area. Model 6 accounted 
for 90.0% by using all three predictor variables. 

In Table 7, all predictor variables had a large t-value from the t-test 
statistic. Except for the diameter predictor in Model 3, all other 
predictors had p-values less than 0.001. Like Model3, we observed 
a negative relationship between diameter and total weight in 
Model6. Together with large p-value (0.017), large standard error 
(0.905), and smaller Tolerance (0.384) for diameter, we confirmed 
multicollinearity in the regression model. 

Briefly, we chose two models for salt cedar aboveground biomass 
estimate: Model4 in Equation 7 and Model 2 in Equation 8. For 
l<)g-transformed equations, CFs were calculated and incorporated 
in the biomass estimate, i.e., 1.122 for Model 7. 

M = 0. 716 + 0.136 BA (Equation 7) Or, 

1n M= (-9.765 + 0.557 ln(BA) + 1.730 1n (H))*1.122 

(Equation 8) 

Residual statistics 
Descriptive statistics of standardized residuals from Model 2 and 
Model4 were diagnosed in Table 8.Anormal distribution possesses 
close to zero skewness and kurtosis values which were observed 
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for models 2 and 4. Residuals from Model 2 yielded a smaller 
skewness value than Model 4 did, meaning that residuals from 
Model 2 were more symmetric. A smaller kurtosis value in Model 
2 denoted that residuals clustered closer around the mean than that 
ofModel4. All the standard errors of skewness and kurtosis were 
less than 1, further confirming the normality of the residuals. 
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Figure 2a. Histogram of residuals for Model 2 
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Figure 2b. Histogram of residuals for Model4 

The histogram of the residuals (Fig. 2a) for Model 2 exhibits a 
normal distribution of the residuals and all values fall within two
standard deviations. The histogram of the residuals for Model 4 
(Fig. 2b) also takes a normal shape with all values within three
standard deviations. No outliers (beyond three standard deviations) 
were observed for either model in the histograms. The box plots of 
the residuals (Fig. 3) demonstrate greater symmetry for Model4 
than Model2; no outliners were observed. In the scatter plot of the 
standardized residuals against the standardized predicted values 
(Fig. 4), the residuals were evenly distributed around the standard 
line of zero with no discernible pattern or severe departure. Hence, 
the normality assumption of residuals was satisfied and the linear 
regression models were appropriate. 

- ~ 

- ...... 

Standardized Residual of Model 2 

24 
0 

Standardized Residual of Model 4 

Figure 3. Box plots of residuals demonstrate greater symmetry 
for Model 4 than Model 2. 

Discussion 
The wild growth pattern of salt cedar, the harsh arid environment, 
and the labor for the field work placed severe obstacles on destruc
tive sampling and made it a massive undertaking. Nevertheless, 
conducting destructive sampling for salt cedar was well worth
while. Leveraged with the established allometry, biomass predic
tion becomes more effective, but less expensive in comparison 
with destructive sampling. 

The two field trips were conducted during the leaves-on season in 
summer. It was crucial to include the foliage in salt cedar biomass 
estimation because foliage is an integral part of a tree and affects 
evapotranspiration and water usage of salt cedar. In this study, we 
observed higher moisture content of foliage than that of boles; foli
age contributed less to the total biomass with the increased stem 
diameter; the moisture content of the tree was the interplay of tree 
age, stand competition, proximity to water, and fire disturbance. 

Tree diameter measurement for salt cedar was discouraged by the 
growing pattern of salt cedar with multiple stems (Evangelista et 
al. 2007 and Nagler et al. 2005). Because the allometric equations 
based on canopy area and tree height were unsuitable for the situa
tion in Cibola, we performed the research with total basal diameter 
and tree height. 
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Figure 4a. 
In this study, we set out to construct an allometric equation be
tween aboveground biomass and tree diameter. On the contrary, 
the total basal area greatly outperformed the diameter in the re
gression model as a result of multiple stems of salt cedar. Diameter 
was diagnosed as not important, even coupled with basal area or 
tree height, and was therefore excluded in biomass prediction. The 
inclusion of tree height to basal area improved the performance (r2 

value) of the regression model by 22.3%. ANOVAhypothesis test
ing further verified that the allometric model with total basal area 
and tree height diameter was significantly better than the model 
with total basal area only. 

Even though the highest adjusted r2 value was obtained with all 
three parameters, we cannot claim it as the best model due to the 
presence of high pair correlation among the predictor variables 
and illogical negative relationship between biomass and diameter. 
This study did not factor wood density into the calculation of salt 
cedar biomass, in part because some literature argued that wood 
density did not affect allometric relationship between biomass 
and tree parameters (Montagu et al. 2005 and Litton & Kauffman 
2008) for a non-mixed species (Basuki et al. 2009). 

The equations should incorporate CF's in the back transformation 
for biomass estimate because logarithmic transformation entails 
a bias of less leveraging large values than small values (Sprugel 
1983, Chave et al., 2005, Bauski et al. 2009). Besides, the allo
metric models are site-specific as a response to local terrain, soil, 
climate, and disturbance (Montagu et al. 2005 and Northup et al. 
2005). They have not been validated outside of the study site; cau
tion should be taken when applied in other areas. Lastly, the equa
tions for biomass estimate are valid only for the range of the tree 
size of this study. 

Conclusion 
This paper presents the study of the acquisition and validation of 
allometric equation for salt cedar in the Lower Colorado River 
Basins. The outcome demonstrates that salt cedar aboveground 
biomass can be successfully predicted from basal area and height 
using allometric equation. Total basal area was the most important 
predictor for the biomass estimation, followed by tree height and 
average basal diameter. The study will fill the gap of diameter-
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based allometric equation for salt cedar biomass estimation and 
advance the knowledge of salt cedar allometry. It provides a valu
able alternative to biomass destructive sampling and serves as a 
good starting point for research on quantitative biomass measure
ment. 

Coupled with field survey measurement and remotely sensed im
agery, allometric equation will assist in the interpretation of salt 
cedar distribution and abundance, as well as the study of water 
consumption and carbon storage over large areas. Given the recent 
focus on renewable energy nationwide and the significant biofuel 
contained in aboveground biomass, converting invasive species 
into energy production presents a profitable potential for remov
ing invasive species like salt cedar. Hence, the study will not only 
assist in the monitoring, control, and removal of salt cedar in the 
western states, but make profits out of its widespread invasion. 

In the future, we would first like to investigate the volume-based 
allometric equations for salt cedar in Cibola and compare these 
with the diameter-based equations. Second, we would compare 
our equations with previously published equations from other ar
eas. Finally, we would proceed with salt cedar biomass estimation 
from satellite imagery using allometric equations and field mea
surement data. 
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Wei Biomass ofTamarix 

Table 1. Average dry/fresh weight ratio of each clean-cut sampling site 

Destructive Year of Dry/Fresh Weight Site Location 
Sampling Site Sampling Ratio 

Site 1 2009 0.606 Swamps 

Site 2 2009 0.654 Slytherine 

Site 3 2009 0.838 Diablo 

Site 1 2011 0.688 Swamps 

Site 2 2011 0.821 Diablo 

Site 3 2011 0.672 Swamps 

Table 2. Correlation between the predictor variables of tree height, total basal area, total basal diameter, and 

average basal diameter 

Total Basal Total Basal Average Basal 

Height Area Diameter Diameter 

Height Pearson Correlation 0.467 0.098 0.864* 

Sig. (2-tailed) 0.016 0.633 0.000 

N 26 26 26 26 

Total Basal Pearson Correlation 0.467 0.882* 0.314 

Area Sig. (2-tai1ed) 0.016 0.000 0.118 

N 26 26 26 26 

Total Basal Pearson Correlation 0.098 0.882* -0.059 

Diameter Sig. (2-tailed) 0.633 0.000 0.773 

N 26 26 26 26 

Average Basal Pearson Correlation 0.864* 0.314 0.059 

Diameter Sig. (2-tailed) 0.000 0.118 0.773 

N 26 26 26 26 

*Correlation is significant at the 0.01 level (2-tailed). 
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Table 3. Correlation between the log-transformed predictor variables of tree height, total basal area, total basal 

diameter, and average basal diameter 

LNHeight LNBasal LNTD LNDiameter 

LNHeight Pearson Correlation 0.442 0.155 0.732* 

Sig. (2-tailed) 0.024 0.450 0.000 

N 26 26 26 26 

LNBasal Pearson Correlation 0.442 0.902* 0.578* 

Sig. (2-tailed) 0.024 0.000 0.002 

N 26 26 26 26 

LNTD Pearson Correlation 0.155 0.902* 1 0.195 

Sig. (2-tailed) 0.450 .000 0.339 

N 26 26 26 26 

LNDiameter Pearson Correlation 0.732* 0.578* 0.195 

Sig. (2-tailed) 0.000 .002 0.339 

N 26 26 26 26 
*Correlation is significant at the 0.01level (2-tailed). LNHeight, LNBasal, LNTD and LNDiameter are 

the log-transformed predictor variables of tree height, total basal area, total basal diameter, and average 

basal diameter, correspondingly. 

Table 4. Stepwise regression equation using the log-transformed predictor variables of total basal area, tree height, 

and average basal diameter 

# N Allometric Model Adj.? SSE AICc 

26 lnM = c + aln(BA) 0.649 0.806 -11.128 

2 26 In M = c + a ln(BA) + f3ln(H) 0.876 0.479 -36.966 

3 26 lnM = c + aln(BA) + f3ln(H) + A.ln(D) 0.957 0.283 -63.010 
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Table 5. Coefficients of stepwise regression equation using the log-transformed predictor variables of total basal 

area, tree height, and average basal diameter 

Unstandardized Standardized Collinearity Statistics 

Model Coefficients Coefficients 

B Std. Error Beta Sig. Tolerance VIF 

(Constant) -1.006 0.526 -1.913 0.068 

LNBasa1 0.780 0.114 0.814 6.870 0.000 1.000 1.000 

2 (Constant) -9.765 1.342 -7.275 0.000 

LNBasal 0.557 0.075 0.581 7.408 0.000 0.805 1.243 

LNHeight 1.730 0.258 0.527 6.710 0.000 0.805 1.243 

3 (Constant) -14.240 1.039 -13.700 0.000 

LNBasal 0.692 0.049 0.722 14.188 0.000 0.665 1.504 

LNHeight 2.597 0.200 0.790 12.961 0.000 0.463 2.158 

LNDiametr -0.898 0.135 -0.445 -6.643 0.000 0.384 2.607 

Table 6. Stepwise regression equation using the predictor variables of total basal area, tree height, and average 

basal diameter 

# N Allometric Model Adj. ,J SSE AICc 

4 26 M = c+a(BA) 0.784 14.502 139.148 

5 26 M = c + a(BA) + f3(H) 0.875 11.058 126.297 

6 26 M = c + a(BA) + f3(H) +A.( D) 0.900 9.900 121.960 
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Table 7. Coefficients of stepwise regression equation using the predictor variables of total basal area, tree height, 

and average basal diameter 

Unstandardized Standardized Collinearity 

Coefficients Coefficients Statistics 

Model B Std. Error Beta l!.. Tolerance VIF 

(Constant) 0.716 3.749 0.191 0.850 

Total Basal Area 0.136 0.014 0.891 9.590 0.000 1.000 1.000 

2 (Constant) -18.804 5.387 -3.491 0.002 

Total Basal Area 0.112 0.012 0.731 9.125 0.000 0.782 1.279 

Height 0.078 0.018 0.342 4.275 0.000 0.782 1.279 

3 (Constant) -29.312 6.306 -4.649 0.000 

Total Basal Area 0.106 0.011 0.693 9.466 0.000 0.750 1.332 

Height 0.148 0.031 0.647 4.692 0.000 0.211 4.734 

Average Diameter -2.342 0.905 -0.332 -2.587 0.017 0.244 4.107 

Table 8. Statistics of predictor variables in regression models 

Standardized Statistic of Statistic of 

Residual Model2 Model4 

N 26 26 
Minimum -1.708 -2.191 
Maximum 1.866 2.696 
Mean 0.000 0.000 
Std. Deviation 0.959 0.980 
Skewness Statistic -0.169 0.332 

Std. Error 0.456 0.456 
Kurtosis Statistic -0.579 -1.668 

Std. Error 0.887 0.887 


