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Forest encroachment is understood to be the main reason for prairie grassland decline 

across the United States. In Texas and Oklahoma, juniper has been highlighted as particularly 

opportunistic. This study assesses the usefulness of three remote sensing techniques to aid in 

locating the areas of juniper encroachment for the LBJ Grasslands in Decatur, Texas.   

An object based classification was performed in eCognition and final accuracy 

assessments placed the overall accuracy at 94%, a significant improvement over traditional pixel 

based methods. Image biomass was estimated using normalized difference vegetation index 

(NDVI) for 1 meter resolution IKONOS winter images. A high correlation between the sum of 

NDVI for tree objects and field tree biomass was determined where R = 0.72, suggesting NDVI 

sum of a tree area is plausible. However, issues with NDVI saturation and regression produced 

unrealistically high biomass estimates for large NDVI.  

Canopy height model (CHM) derived from 3-5m LiDAR data did not perform as well. 

LiDAR typically used for digital elevation model (DEM) production was acquired for the CHM 

and produced correlations of R = 0.26. This suggests an inability for this particular dataset to 

identify juniper trees. When points that registered a tree height where correlated with field 

values, an R = 0.5 was found, suggesting denser point spacing would be necessary for this type 

of LiDAR data. Further refining of the methods used in this study could yield such information 

as the amount of juniper tree for a given location, fuel loads for prescribed burns and better 

information for the best approach to remove the juniper and ultimately management juniper 

encroachment into grasslands.  
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INTRODUCTION 

 Biomass estimation using remote sensing has exploded in recent years due to the ever 

increasing concerns over global warming. This is due to the ability for remote sensing to assess 

large study areas quickly in addition to not requiring large amounts cutting and weigh (Lillesand 

et al., 2004). Better knowledge of the carbon cycle and storage within the biosphere is sought to 

help further understand the effects and rates of global warming. Remote sensing techniques have 

been used in many studies for biomass estimation (Hyde et al., 2007; Ito, 2003; Lim and Treitz, 

2004; Maselli and Rembold; 2002, Parker, 2007). Together with an improvement in satellite 

image resolution and widely available biomass estimation methods, other more focused 

applications have arisen and are becoming increasingly important in studies across the United 

States. 

One such study uses remote sensing biomass estimations to manage timber stocks in 

remote areas (Ranson et al., 2008). Similar to this, remote sensing has been used for crop 

biomass estimation studies around the world, providing increased accuracy in yield predictions 

and crop health (Pan et al., 2009). In another instance, biomass estimations are being used for 

hazard management, especially wild land fire management, by estimating vegetation fuel 

quantities (Varga and Asner, 2008). Remote sensing has also been used in environmental studies, 

such as grassland loss due to encroaching woody vegetation canopy cover (Everitt et al., 2001; 

Strand et al., 2006).  

 The management and protection of prairie grassland is of particular interest to this study. 

The decline of prairie grassland ecosystems within the United States in recent years is now 

documented and understood to be due largely to encroachment from forest stands (Van Auken, 

2009). Although the literature suggests a variety of different encroaching species, prairie 
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grassland loss has been attributed to juniper species in many cases across the United States, 

especially in Oklahoma and Texas (Knapp et al., 2008). In particular, juniperus virginiana is the 

species of interest to this particular study (referred to as juniper from this point). A study by 

Holthuizjen and Sharik (1985) described juniper to be particularly invasive due to its ability to 

grow in a range of soils and extremes of water availability. Together with its evergreen nature, 

fast growth rate, high reproductive rate and ability for widespread seed dispersal, juniper can 

spread rapidly. A study by Briggs et al. (2002) found that juniper is capable of completely 

transforming prairie grassland to closed-canopy forests within just 40 years, a relatively short 

period of time. The main causes of juniper encroachment are reduction and elimination of natural 

fires and reduced grazing by large native herbivores, such as bison, within the prairie grassland 

(Briggs et al., 2002; Knapp et al., 2008; McKinley and Blair, 2008).  

 Encroachment by juniper into grassland areas has resulted in both positive and negative 

consequences. On the negative side, a study by Briggs et al. (2002) discussed an overall loss in 

grassland species due to juniper encroachment, and Knapp et al. (2008) also suggested the 

detrimental effects of habitat loss to be further increased by current rarities in prairie grassland 

species, which were once abundant. On the other hand, Knapp et al. (2008) notes a change in 

increased carbon uptake, which could be very important to global warming; although there is a 

change from C4 grasses (higher carbon uptake rates) to C3 woody species (lower carbon uptake 

rates), there is a higher potential for carbon storage within a closed forest (Knapp et al., 2008). A 

study by McKinley and Blair (2008) also suggested the increasing role of these newly formed 

forests as regional carbon sinks. However, reduction in carbon uptake rates compared with 

increased carbon storage potential is not yet fully understood and still needs further research, 
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research that will allow an assessment of which is better for the global carbon cycle and hence 

global warming.  

This study utilized various remote sensing techniques to tackle the issues surrounding 

management of the prairie grasslands north of Decatur, Texas. In particular, biomass estimations 

of juniper will be carried out using remote sensing so that grassland areas at high risk of 

encroachment can be targeted for management. Image classification was used to identify 

grasslands and distinguish juniper trees within them. Estimation of biomass and identifying 

locations and densities of junipers will aid land managers in targeting and optimizing specific 

management practices for control and reduction of the opportunistic woody invader. 
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BACKGROUND 

 As previously discussed, remote sensing has been used extensively in vegetation biomass 

studies. After reviewing the literature, a gap was found with respect to remote sensing of juniper. 

Studies on juniper genus as a whole do exist, however not juniperus virginiana. A study by 

Everitt et al. (2001) used spectral analysis of color infra-red aerial photography to successfully 

locate juniperus pinchotti infestations in the Texas rolling plains. Another study used wavelet 

analysis to study ecological patterns of western juniper (Strand et al., 2006). In addition, Strand 

discussed many other similar studies that successfully used remote sensing techniques such as 

feature matching, image filtering, reconstruction, texture analysis and hyper spectral pixel 

analysis. Results of the studies suggested that remote sensing for juniper identification and 

biomass estimation of juniper within grasslands was reasonable.  

Biomass estimation is particularly useful to this study; several remote sensing techniques 

for biomass estimation have occurred.  One common technique that has been used extensively is 

known as a vegetation index (VI), essentially a ratio between image bands in different 

wavelengths within a multispectral or hyperspectral image. The VI is normally a ratio between 

visible red light wavelengths and near infra-red (NIR) wavelengths. VI has been found to be a 

sensitive indicator of green vegetation (Lillesand et al., 2004). VI ratios have been determined to 

directly correlate with biomass on the ground, where R > 0.80 is common (Al-Bakri and Taylor, 

2003, Calvao and Palmeirim, 2004, Haboudane et al., 2004, Haboudane et al., 2002, Mutanga 

and Skidmore, 2004). VI biomass models have been calibrated by comparing above ground 

biomass (AGB) values from within study areas allowing correlation and regression equations to 

be used to estimate biomass for each image pixel. 

The most common of the VI is the normalized difference vegetation index (NDVI), 
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(Equation 1). The NDVI has been used in many vegetation studies of biomass estimation, carbon 

estimation, and change detection. Various VIs now exist, the basic equation being improved and 

modified for specific applications and sensors. For example, the soil adjusted vegetation index 

(SAVI) included an L variable into the NDVI equation to adjust for relatively brighter soils and 

the effect they have on vegetation analysis (Broge and Leblanc, 2000, Lillesand et al., 2004). 

Although, numerous VIs now exists, they do not always offer an increase in correlation with 

field data. Parker (2007) compared over 30 different VIs when estimating biomass of semi-arid 

vegetation. The study found that NDVI and SAVI produced the highest correlations for habitats 

similar to that of this study. Problems such as mixed pixels and pixel saturation do pose 

challenges for biomass estimation using VI of which Lu (2006) gives an extensive review. 

 

 

Equation 1 

 
 Literature on the use of VI for grassland assessment and management appears to be 

lacking; invasive species in wetlands and riparian vegetation have more focus compared with 

grasslands. Only a few studies could be found that apply remote sensing techniques to grasslands 

and juniper encroachment. A study by Everitt et al. (2001) found that infra-red aerial 

photographs could be used to distinguish juniperus pinchotti. The study used winter images that 

allowed easy distinction between evergreen juniper, leafless deciduous trees and senescent 

prairie grasses. 

A later study discusses that remote sensing for grassland management is becoming more 

viable due to increasing image resolution together with better availability (Everitt et al., 2007). 
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The study incorporated satellite imagery in addition to the infra-red aerial photography used in 

2001. Although the study found satellite imagery to be a useful tool for assessing Juniperus 

pinchotti infestations, other woody species could not be distinguished from Juniperus pinchotti. 

These studies do suggest that remote sensing could be applied to the Decatur, Texas study area 

successfully. It is important to note that limited studies exist that explore the use of various 

remote sensing techniques, particularly for juniper encroachment. Another such remote sensing 

technique that could be applied and is being used more recently in vegetation studies 

incorporates LiDAR data.  

LiDAR stands for light detection and ranging and is an active remote sensing technique 

that uses pulses of laser light (Lillesand et al., 2004). Laser pulses are directed towards the 

ground and the time for the pulses to return to the sensor calculated. This allows the calculation 

of distance from the GPS-located sensor to various surfaces, such as trees, houses, and bare 

surface. Although LiDAR was initially used to produce accurate digital elevation models, the 

technique was quickly applied to vegetation studies (Lillesand et al., 2004).  

A study by Hollaus et al., (2006) used a technique called a canopy height model (CHM). 

In a CHM, the height of the canopy is the difference from the vegetative surface, or digital 

surface model (DSM), subtracted from the ground surface, or digital elevation model (DEM). 

The DSM can be calculated from the first pulse return from the LiDAR and the DEM is 

calculated from the last pulse return. This method found that the LiDAR correlated highly with 

the measured field height, which is also confirmed in numerous other recent studies (Balzter et 

al., 2007; Lee and Lucas, 2007; Lim and Treitz, 2004; Lovell et al., 2005; Roberts et al., 2005; 

Suarez et al., 2005). 

As LiDAR sensors improved and researcher understanding grew, some studies used more 
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complex algorithms that built on the CHM to measure various forest characteristics for more 

detailed applications. A preliminary study by Lim and Treitz (2004) explored the idea of 

calculating the various components of the trees. Interestingly, due to the LiDAR’s ability to 

penetrate canopy and reflect off various sections of the tree, the breakdown of biomass for stem, 

leaves, and bole foliage, etc., could also be estimated. The study calculated tree heights and used 

regression equations to compare with field biomass values of the various components. LiDAR’s 

ability to penetrate is now being used in more complex studies on vegetation (Lee and Lucas, 

2007). Although many CHMs are being used in temporal and boreal regions, few studies on 

semi-arid woody trees exist. Lee et al,. (2007) improved the CHM to incorporate the different 

nature of woody trees in Australia, trees which have multiple canopy heights and multiple stems, 

an attribute that is common with juniper. However, Lee et al,. (2007) notes that high resolution 

LiDAR is required in this type of study to produce the density of return points needed for 

detailed analysis. 

Continuing the development of LiDAR sensors and more complex algorithms, studies 

appeared that looked at individual trees and their characteristics. The Study demonstrated the 

effective use of LiDAR to locate trees on an individual basis for leaf-off conditions (Brandtberg 

et al., 2003). In addition, a study by Roberts et al. (2005) was also able to locate individual trees 

for different species in leaf-on conditions. It was noted in the study the importance that density 

and spacing of the trees had on the accuracy, discussing algorithms to be the issue and not the 

quality of the LiDAR. Current studies using high density LiDAR are developing 3D 

representations of individual trees and enabling measurement of individual trunk diameters 

(Dong, 2009). 

Reading through the literature it is evident that both the VI and LiDAR approaches 
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commonly incorporated satellite image classification, which allowed specific land covers to be 

distinguished, enabling identification of grassland and juniper trees. As discussed by Blaschke et 

al. (2000), traditional methods of image classification used analyses on an individual pixel by 

pixel basis. A common problem with individual pixel analysis is that of mixed-pixels, especially 

with larger resolution images. Lillesand et al., (2004) describes these mixed pixels as a pixel that 

includes more than one land cover type or feature on the ground. When pixels are classified 

using traditional methods, a mixed pixel will only be given a single class, therefore simplifying 

the true land cover values and losing spectral information.    

A method that attempts to overcome inaccuracy due to mixed pixels uses “fuzzy” 

classification. A classical ‘binary logic’ classification involved assigning a 0 or 1 for each pixel 

for each class - it either is or is not that class. However, a ‘fuzzy logic’ set is used to provide the 

degree to which each pixel matches each class. This classification method allows various factors 

to be combined using logical operators, where the class with the highest calculated probability 

value from all factors is the class given to the pixel. In contrast, fuzzy set allows a pixel to have 

multiple classes assigned to it, where the weight or grades describe the amount of a particular 

class within a given pixel (Lillesand et al., 2004).  

Two main approaches to fuzzy classification are discussed by Lillesand et al. (2004). The 

first is fuzzy clustering in which grade values are assigned that describe how close a pixel is to 

the mean of each class. The second, fuzzy supervised classification, involves identifying known 

fuzzy ground samples of various mixtures. This is then used as the training set to provide 

membership grades.  Early studies discovered that a fuzzy mean and covariance matrix improved 

classification assessment from the original maximum likelihood method (Atkinson et al., 1997, 

Foody, 2002, Wang, 1990). Even with the increased accuracy of fuzzy classification, problems 
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still existed due to relying strictly on spectral information and a lack of the use of spatial 

information.  

Object based classification attempts to overcome the issue by including spatial 

information in conjunction with spectral information. This technique is based on the assumption 

that there is a high probability that a given pixel is part of the same object or class as its 

neighbor. Over the past 20 years, algorithms have been developed that have successfully 

delineated objects using contextual information (Blaschke et al., 2000). Concerns were initially 

noted about how meaningful these ‘objects’ actually where, but further studies confirmed that the 

objects are not only meaningful but the spatial and contextual information offered methods of 

classification not previously possible (Benz et al., 2004, Laliberte et al., 2004). Discussions by 

both Blaschke et al. (2000) and Benz et al. (2004) provide excellent insights into the benefits of 

using object based classification and the links and overlaps with GIS the technique provides.  

Stow et al. (2008) successfully used the approach to detect changes in a scrubland habitat. 

Laliberte et al. (2004) also used object based classification to map shrub encroachment in semi-

arid and arid grasslands.  

Whichever method is used, accuracy and the method in which it is assessed still needs 

consideration. The development of image classification accuracy assessment was documented by 

Foody (2002). One currently popular method of assessment entails an error and confusion 

matrix; other common methods are described in detail by Congalton and Green, (1999). Binaghi 

et al. (1999) documented that there was a lack of methods to accurately assess and evaluate 

classifications made using a fuzzy rule set. However, by extending the error matrix method, 

Congalton and Green successfully applied this to fuzzy sets, and are now a common method to 

assess fuzzy set accuracy. Although methods of image classification and assessment have 
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improved dramatically, a fundamental problem exists throughout: difficulty to accurately locate  

classified image pixels and the exact location of ground truth data needed for accuracy 

assessment (Foody, 2002). Errors in GPS location and image rectification contribute to this error. 

This results in image pixels being matched to the incorrect ground value for both the original 

classification and the accuracy assessment (Lillesand et al., 2004).  
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STUDY AREA AND DATA 

Study Area 

 The study area is the Lyndon B. Johnson (LBJ) National Grasslands, located north of the 

city of Decatur in Wise County, Texas. The LBJ is part of the U.S. Forest Service and is 

managed for multiple purposes including prairie preservation and restoration, erosion control, 

wildlife management, cattle grazing, oil and gas production, and recreation.  The management 

area is divided into 68 individual management units of varying sizes (Figure 1). Total  area 

comprises more than 20,250 acres within the Cross Timbers and Prairies ecoregion of Texas and 

includes several small reservoirs, and intermittent streams  (USDA Website, 2008). 

For the past 10 years the U.S. Forest Service has employed two methods to gain control 

of juniper encroachment, mechanical shearing and prescribed fires. Both of these methods are 

expensive to employ, with mechanical shearing being more effective but much more expensive 

than prescribed fires. Prescribed fires are effective for smaller trees across a larger area, but 

cannot remove tall established trees. In addition to selecting the best method to remove juniper, 

land managers must also evaluate each management unit to determine the extent of juniper 

encroachment and thus prioritize management projects. The importance of this study to the LBJ 

grasslands is that it will allow U.S. Forest Service land managers to evaluate juniper 

encroachment over 20,000 acres much more easily than using ground survey or aerial 

photography.  

Data 

 The data used in this project consisted of a 1 meter resolution, 4-band multispectral 

IKONOS image. The image was taken in winter during leaf off conditions and was gathered 

during December 2003 and January 2004. The light detection and ranging (LiDAR) data for this
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Figure 1: Study Area Map
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study was provided by the NCTCOG and is typically used for DEM production. The ‘.las’ 

format LiDAR has a point spacing of 3-5 meters with a vertical accuracy of 15-20 centimeters. 

The data was collected during December 2000 and February 2001. Post processing was 

performed on the data before this study which included classification of points based on their 

position in the point cloud. First return of multiple returns could be classed as canopy top where 

last return of multiple returns or single return points could be classed as ground points. Due to 

the LiDAR being used for DEM production, many points have been removed to speed up digital 

elevation model (DEM) production. The final input data used in the study was the management 

polygon shapefiles of the 68 management units of the LBJ National Grasslands, provided by 

National Forest Service (NFS) in Decatur, Texas.  
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RESEARCH OBJECTIVES 

 The primary aim of this project is to compare IKONOS derived NDVI and LiDAR 

derived CHM to estimate juniper biomass. Secondly, after determining which method provides a 

better biomass estimate, the technique is used to quantify juniper biomass for all management 

units within the LBJ National Grasslands. In addition, object based classification will be used to 

locate juniper trees and then the biomass analysis can be assessed for the tree objects. The results 

provide a baseline for a more reliable action plan for Grassland management. Lastly, the study 

examines how well the particular LiDAR data, typically used for DEM production, performed 

for biomass estimation. To achieve the objectives three tasks were conducted. 

1. Produce an image classification using an object based method with the goal of 

increased classification accuracy. The primary classification targets are grasslands, deciduous 

forests, other evergreen trees, and juniper. The land cover classification categories will be used 

for the land management phase of the project.   

2. Produce IKONOS derived NDVI and LiDAR derived CHM for selected test units. The 

NDVI will be used in conjunction with a regression equation to estimate biomass. The CHM will 

be calculated using the classes inherent within the LiDAR data. The ground class will be used to 

produce a DEM and all classes will be used to produce a DSM which can be used in the CHM 

calculation. The important component of this comparison is the area produced from the 

classification. This will allow a sum of the NDVI or the max height of the CHM to be found for 

the area of tree classes. A comparison of the CHM results are compared to juniper tree biomass 

obtained in the field for trees identifiable in the satellite imagery and on the ground.  
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3. This objective involves an accuracy assessment of the classification and the NDVI & 

CHM methods. By utilizing images, image classification should be tested using an error matrix 

to give an idea of the classification accuracy, which is essential for juniper Detection. The 

second part of this accuracy assessment is to predict biomass values of a selected area for both 

NDVI and CHM methods and then go into the field and test which falls closest to the real world 

results.  
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METHODOLOGY 

 To achieve the objectives of this project, the methodology consists of eight separate parts: 

data preparation, classification of the satellite imagery, classification accuracy, NDVI analysis 

for biomass, LiDAR analysis for biomass, comparison of biomass estimations using field 

gathered data, and quantification of juniper per management unit.  

Data Preparation 

 One of the first tasks in preparing the data was to separate the total LBJ management 

boundary GIS shapefile into 68 individual management unit polygons using ESRI, Inc.® ArcGIS 

software.  GIS data were obtained from the LBJ National Grasslands GIS database.  

 Another important part of data preparation was the mosaic of four IKONOS images. Due 

to the image swath and over flight, four images were required to cover the entire LBJ study area. 

Each of the four images was shifted to register closely the Management Units shapefile, 

increasing the accuracy of ground control for classification and field truth data. A problem 

associated with mosaicing imagery prior to classification is different spectral variation between 

each image. Initial examinations of the imagery suggested that the spectral difference between 

any of the overlapping units was minimal. The most western if the images did however appear to 

be much brighter.  

This discrepancy in brightness caused some problems during image classification but did 

not affect the NDVI analysis due to the ratio of band values on a pixel by pixel basis, allowing a 

consistent analysis across the entire image scene mosaic. The problem of spectral differences 

within the mosaic was overcome by using different threshold values across the scene to produce 

comparable classification results throughout the study area. Even if this is not achieved the 

comparison between LiDAR and NDVI analysis will not be compromised as they are compared 
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using the same classification for that particular scene. The LiDAR data were consistent for the 

whole study area and therefore were not subject to mosaic.  

Another step in data preparation required the breakup of imagery into smaller sections 

that could be processed by the computer. Classification in eCognition at such a fine scale of 1 

meter resolution is very intense computationally and thus very time consuming, often causing the 

process to crash. By using smaller imagery sections, classifications were run simultaneously on 

two separate computers. Also, the areas of the image mosaic that do not include management 

units can be avoided and not processed, lowering the time required to produce the classification. 

A total of nine sections were created for the study and were chosen to minimize the area of 

image pixels outside management unit. A table showing the breakdown of sections can be found 

in Appendix A. Unit 20 actually appears on two separate sections, due to its very small size and 

location. A benefit of the duplication was that it enabled a check for classification consistency 

across different sections. 

 The final data preparation took place with respect to defining projections and 

measurement unit conversions. Due to the fact that IKONOS images were projected in UTM 

meters and diameter at breast height (DBH) calculations for estimation of biomass were 

conducted in metric, all data values were converted to the metric system. Initial LiDAR derived 

height values were in feet, however it was easier to convert those units to meters after the CHM 

was produced using raster calculator in GIS. All data layers throughout the project where 

converted to UTM, Zone 14, NAD83 where needed so as to match the IKONOS images. 

Classification Method 

 Classification for this project was conducted using Definiens eCognition software. This is 

an object based classification software that allows the inclusion of many more algorithms in 
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addition to the standard nearest neighbor method commonly used in remote sensing (Lillesand et 

al., 2004). As noted by Benz et al,. (2004), eCognition can be utilized to assess an image using 

different scales. This is beneficial as the larger forests and grasslands can be distinguished from 

one another as large homogenous entities, then trees can be distinguished into evergreen and 

deciduous. Unfortunately, it is difficult to distinguish juniper species from other woody species 

during “leaf-on” (Everitt et al., 2007). Moreover, a limitation of using a 4-band image is there is 

not enough spectral information to distinguish between the three evergreen trees within the LBJ 

Grasslands: southern pine, live oak and eastern juniper. However, a major advantage of using 

eCognition is the ability to insert ancillary thematic layers, such as pine tree locations and soil 

types associated with live oak, into the image analysis. By using eCognition’s object based fuzzy 

classification capabilities, juniper classes and locations were teased out of the “leaf-off” imagery. 

The flow diagram showing steps taken in eCognition to produce a classification from the 

IKONOS images for each of the nine study sections is shown in Figure 2. Eight land cover 

classes were determined: forest, grassland, fringe juniper (Term used to describe juniper along 

the forest/grassland interface), juniper, urban, water, southern pine, and unclassified. Since the 

IKONOS images were taken during the winter, or “leaf-off,” it was possible to identify 

evergreens within the leafless deciduous trees. This allowed juniper trees at the edge of the 

forest/grasslands to be located and assigned to the fringe juniper class.  

It was unnecessary to distinguish juniper that was located within the forests due to fact 

that those trees are not targeted for management. As explained earlier, juniper reduction is 

conducted using shearing and prescribed burning. Interior trees are not easily accessed by a 

shearing machine or fire.  They also do not impose a rapid expansion threat, due to light and 

nutrient competition from surrounding trees, as they do in the grasslands.  However, since  
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Figure 2: Flow Diagram of Classification Method 



 

20 

junipers along the edge of forests contribute to expansion into grasslands, and are more readily 

managed, they were included into a separate class.  The grassland class is very important in that 

it allows a calculation of juniper biomass per hectare of grassland for comparison purposes 

between management units. Juniper biomass, normalized by grassland within each unit was used 

to suggest the order in which control measures should be implemented. The urban and water 

classes were created to increase the area estimation accuracy.  Another method would have been 

to add these features to a “non-classified” category, but the urban and water classes added to the 

overall quality and aesthetics of the image classification results. 

It should be noted that although ancillary thematic layers can be used in eCognition to 

supplement the process, in this study they were not used for several reasons. Following 

information by Forest Service personnel and aerial photography, manual techniques were used to 

classify the southern pine tree stands (originally planned for erosion control) on the imagery. In 

addition, it was determined that although live oaks are typically found growing within specific 

soils types, the  soils data was not of high enough resolution to produce a correlation with the 

live oak location. However, after field visits it was decided that live oak did not occur to the 

extent that it would negatively affect the study.  Although it is possible that some live oaks were 

classified as juniper, particularly in fringe areas, local knowledge of the National Forest Service 

(NFS) personnel could take this into account when using the results for management purposes. 

Nevertheless, the potential for classification error should be noted. 

The final stage within the classification was to import the classification into ArcGIS as a 

shapefile and clip it to each management unit. The polygons within the eight classes where 

dissolved so that total area could be calculated on a per management unit bases. These area 

calculations were then used in conjunction with the biomass information to provide further 
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parameters in assessing the priority order of units and their management. The normalization of 

juniper biomass by area allowed for comparison between larger and smaller area units. 

After the classification was produced, accuracy assessment was performed. As discussed 

earlier, a generic and well used method for assessing classification accuracy, an error matrix, was 

chosen. The matrix method was applied to this study using random sample points generated 

using the ‘Hawths Tools’ toolbar in ArcGIS (Hawthorne, 2009). Random points were created for 

each class. These points could then be assessed for their classification against the actual class 

using the satellite imagery. Two classifications were subject to this point creation process with 

fifty points created per class, resulting in one hundred points of reference per class. The 

comparison data was documented in an error matrix. Within the error matrix, unclassified objects 

were considered an error. It was therefore necessary to examine the area of unclassified as a 

percentage of total area and decide if unclassified objects were within reasonable levels.  

In addition to the error matrix, classification consistency was assessed by looking at the 

total areas of each class for management unit 20.  This unit was classified in two separate 

imagery sections and by comparing the area values within each result, an idea of the consistency 

of the classifications between the two sections was determined.  

Field Techniques 

The first part to the field technique was selecting suitable trees to examine for data 

collection. These where to be easily identifiable in the imagery and on the ground, determined to 

have on undivided trunk, allowing relatively easy measurement of the diameter at breast height 

(DBH) and height, and could be accessed safely, away from gullies and within walking distance 

of access points. The tree needed a single bole due to the DBH measurement used to calculate 
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the biomass, following procedures performed by NFS personnel in former studies (Jenkins et al., 

2003). Once a tree had been selected, the biomass and height were measured.  

 The biomass estimate was made by collecting a DBH measurement using a cloth tape. 

The diameter of the trunk at breast height was measured in centimeters and recorded. By 

inputting this diameter value into the algometric equation produced by the NFS a biomass 

estimate was made (Jenkins et al., 2003).  Jenkins et al, (2003) grouped juniperus species within 

a woodland group which included both softwood and hardwood species for dry land forests.  The 

exact equation used can be seen below in equation 2. The method of using algometric equations 

to estimate biomass is now a standard practice in biomass estimation. It is used in many 

applications throughout the world and is preferred due to its relative accuracy and less 

destructive approach. 

 
Where: 

bm = Total Above Ground Biomass Estimate (kg) 
dbh = Diameter at breast height (cm) 
Exp = Exponential Function 
Ln = log base e (2.718282) 

β0 and β1 are parameters that vary by group where  
 β0 = -0.7152 
 β1 = 1.7029 

** For woodland species including juniper according to Jenkins et al. (2003). 
 

Equation 2: DBH Algometric Equation 
 Tree height was estimated using a clinometer. For each tree the angle to the base and top 

of the tree was noted from a measured distance. Trigonometry was then used to calculate the 

height of the tree by using the distance and angles measured in the field. The instruction manual 

for the clinometer suggested that a distance of 10+ meters away from the target would yield an 

accuracy of 1°. This 10m distance was used when possible and for very large trees a longer 
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baseline distance was used. The purpose of collecting field height values was to determine if tree 

height and biomass are highly related for juniper. If so, then tree height values could be used 

directly as an indicator of biomass.   

Vegetation Index Analysis 

 This study used the normalized difference vegetation index (NDVI) analysis to estimate 

biomass for juniper. The reason NDVI was the chosen vegetation index (VI) over others is due to 

its proven ability to detect green vegetation (Huete et al., 1997). NDVI was applicable for this 

study since the “leaf-off” imagery provided ample separation between evergreen and deciduous 

trees. Numerous VI comparison studies show NDVI to be highly correlated with vegetation 

biomass values, often out performing other VI analysis (Calvao and Palmeirim, 2004; Huete et 

al., 1997; Parker, 2007; Tan et al., 2007).  

Some problems associated with NDVI and biomass are found in studies that use 

Hyperspectral image data, where narrow band VI analysis were required to obtain high 

correlations (Mutanga and Skidmore, 2004). Since the IKONOS imagery used for this study was 

4-band multi-spectral, NDVI was expected to correlate highly with field biomass.  

 A graphic account of the method used in producing a biomass estimate using NDVI can 

be seen below in figure 3. In similar studies on semi-arid vegetation, a Pearson’s correlation 

coefficient was used to assess similarities between NDVI and field biomass, thus Pearson’s was 

used within this study (Al-Bakri and Taylor, 2003; Calvao and Palmeirim, 2004; Gibb, 2006; 

Parker, 2007). The best fit was achieved by using a polynomial regression line.  

It is important at this point to note that the imagery was acquired in 2004 and the field 

data in 2009: a possible cause for error due to juniper growth in the 5 year difference. An 

assumption was therefore made that juniper growth was consistent for all trees and that the
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Figure 3: Flow Diagram of NDVI Estimated Biomass Method 
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 polynomial regression equation would adjust for differences, reducing error in estimation. It is 

also noted that junipers dramatically reduce their growth rates as they mature (Briggs et al., 

2002), therefore reducing the difference between the images and field data for single trees large 

enough to identified. For the purpose of comparison of juniper coverage management units 

throughout the LBJ grasslands, this should not cause significant error in the results.  

 Another important component for this study is the error associated with matching the 

correct pixel that is assessed in the field with the associated pixel on the images. To reduce this 

error, a Trimble GeoXT GPS unit with 1-2 m accuracy was used to locate trees in the field. This 

method was applied to the field component for both the NDVI and CHM as measurements for 

each analysis were obtained on the same tree. A goal for sample size was 100 trees or greater to 

achieve a high confidence level in the regression equations.  

LiDAR Analysis 

 As mentioned earlier, the method that was used for LiDAR analysis is the Canopy Height 

Model or CHM. This method has been used successfully in many studies as an indicator of 

biomass (Hollaus et al., 2006; Lim and Treitz, 2004; Lovell et al., 2005; Roberts et al., 2005; 

Suarez et al., 2005). Unfortunately, the LiDAR data obtained for the study did not have the high 

point density resolution needed for further complex analysis to gain detailed characteristics of 

individual trees. However, the assumption was made that the LiDAR data resolution was 

sufficient to determine canopy height due to a relatively large difference between tree tops and 

low grassland vegetation. Moreover, complex models such as the height-scaled crown openness 

index (HSMOI) are not deemed useful as crown information is not necessary (Lee and Lucas, 

2007). In the case where two stems are evident, the close nature of these split stems would need 

high resolution LiDAR to be distinguished, which is unavailable. A problem with detecting 
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ground level elevation was detected for this particular LiDAR dataset.  The lower resolution of 

the data was found insufficient to penetrate dense forested areas, therefore making a CHM 

impossible for these regions.  Since the study targeted fringe areas of forest and grassland, this 

shortcoming did not negatively affect the study.  

The CHM was determined using LiDAR by calculating the difference between the first 

return elevations (canopy height) from the last return (ground elevation). The software that was 

used for this analysis was Qcoherent LP360®, and is an extension to ArcGIS software. Post 

processing before this study classified LiDAR points into real world objects, ground and canopy 

etc, using various algorithms combining point return counts, intensity and position. The LP360 

software provided access to these classes where the canopy and ground layers could then be 

extracted. Interpolation within an ArcMap environment on only the ground classified points 

allows a digital elevation model (DEM) to be produced, whilst all points and their height values 

represent the digital surface model (DSM). The subsequent tree heights were calculated using 

raster calculator after converting the canopy and ground layers to raster (.img) using the LP360 

software. These can then be used as inputs to a traditional CHM calculation as detailed above. 

The method used in the LiDAR derived CHM can be seen in more detail in the diagram below, 

figure 4.  

The LiDAR data that was used in this study is used primarily for DEM production, a 

technique that typically only requires low resolution. The lower resolution data is a relatively 

less expensive alternative to high resolution LiDAR. For studies of large areas, such as this, data 

cost is a major factor, thus a goal of this study was to determine if lower resolution LiDAR data 

analysis could produce similar results to a NDVI analysis in terms of correlation with biomass. If 

so, this could be a major factor in adopting LiDAR based techniques for juniper control and  
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Figure 4: Flow Diagram of LiDAR Biomass Analysis method
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management projects within grassland preserves.   

 As with the NDVI analysis, the CHM analysis used the same field data for estimating 

biomass values from tree heights. Also, as with the NDVI analysis, Pearson’s Correlation 

Coefficient was used to correlate tree heights from the CHM with biomass value measured by 

DBH in the field. Lastly, tree height determined in the field using a clinometer was compared to 

tree height estimates produced from the LiDAR data.  Difference in height values produced an 

assessment of the accuracy of the LiDAR method. 

Regression Analysis and Biomass Calculation 

Regression analysis was performed on both NDVI and CHM values with slightly varying 

methods for each. The first step for both methods was to extract the NDVI or CHM values from 

the images to be correlated with the field data. For the NDVI values it was necessary to sum the 

NDVI for the total pixel area deemed to be a tree for each field location. This was due to the fact 

that juniper trees measured during field work were larger than 1 pixel (1m2) in area covering the 

ground, thus DBH measurements represented biomass for multiple pixels in the image. A buffer 

zone, determined in the field by the width of the tree, was created around each of the GPS 

sample points to highlight the multiple pixels representing each tree GPS buffer. The total NDVI 

score was then correlated with biomass from DBH. 

 For the CHM method and due to registration errors as discussed in previous sections, a 

zone of 5m was created around each field sample point collected from the GPS unit. Using the 

5m buffer, the maximum height value can be found. Zonal statistics in ArcGIS was used to 

determine the maximum height within the 5m zone. This maximum height was then correlated 

with the clinometers determined height.  

Both NDVI and CHM datasets were correlated using Pearson’s correlation coefficient to 
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assess how well values matched the field data. To improve these initial correlations, SPSS 17 

was used to calculate 10 residuals that represented outliers within the dataset; the outliers were 

then removed. After initial analysis, if either the NDVI or CHM did not show high enough 

correlations they would have been eliminated from further analysis. Insufficient correlations at 

this stage would have suggested that those particular data sets were not suited to this particular 

study.  

In line with previous studies, a polynomial 2nd order regression was used in Excel to 

relate field values with calculated values. The resulting regression equation was then used in 

conjunction with the image classification. NDVI values were calculated for the pixels that were 

classified as juniper; for the NDVI analysis, this involves multiple pixels per tree, as discussed 

previously. Once NDVI values were assigned to individual pixels, the total NDVI per 

management unit was calculated. Following that, the total NDVI score was converted to biomass 

using ArcGIS. Similarly, the CHM used the juniper objects from the classification and then zonal 

statistics in ArcGIS were used to find the maximum CHM value within each juniper object. The 

maximum height value was then used in the regression equation to calculate a biomass value for 

each tree in a management unit, and then totaled for the unit. Estimated biomass values for 

juniper and Fringe juniper were normalized by area of each management unit. The resulting 

normalized biomass per area (BPA) calculation provided forest service managers with 

information concerning relative concentrations of juniper, allowing them to assess different 

techniques for management purposes.  
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RESULTS 

Classification Results 

 Classification results are shown in Figure 5. Each of the nine image sections were 

“clipped” by the LBJ management units to produce total land cover classifications within the 

LBJ boundary and within each management unit. Figure 6 is a close up example of a single unit 

classification, Unit 72, and the raw satellite imagery for the unit; the detail of the high resolution 

data is evident.  It is important to note that although there appears to be juniper in the forest 

stands in the raw imagery, they do not appear in the classified image.  The reason for this is that 

junipers that are within the forest beyond a distance of 10 meters are out of reach of management 

techniques and therefore were not considered a classification target.  

Results of the classification were compared to field gathered data for verification 

purposes.  The comparison is displayed in an error matrix in Table 1.  The matrix shows a very 

high accuracy rate for the eCognition classification with an overall accuracy assessment of 

94.55% using 605 random sample points from Hawth’s Tools GIS extension. Upon closer 

examination, the user’s accuracy (explain) performed above the 80% level. However, the two 

lowest user accuracy classes where the “juniper” and “fringe juniper.” The top performing 

classes were “pine” and “water”, which was to be expected as these were manually classified. 

The producer’s accuracy shows percentages in the upper 90’s, except for “grassland”, which 

performed at 82%.  

Field Work Results 

 Field work was carried out over 2 days and a total of 90 points was collected; Table 2 

below shows a summary of the information. Initially, 100 sample points were sought, however 

due to limitations of locating model trees in the grasslands, 90 trees were sampled.
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Figure 5: Map of Management Unit Classifications 
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Figure 6: Example of Classification in Detail for Unit 72 
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Table 1: Classification Error Matrix 
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Table 2: Results from Field Study 

ID Angle to 
Base 

Angle 
to Top 

Distance 
from tree 

DBH 
(cm) 

Angle to Base 
(ABS) 

Height 
(m) 

Width 
(m) 

Biomass 
(kg) 

1 -10 10 10 25 10 3.53 2.12 117.47 
2 -12 9 10 21 12 3.71 2.23 87.30 
3 -9 16 10 34 9 4.45 2.67 198.31 
4 -8 18 10 38 8 4.65 2.79 239.67 
5 -7 22 13 46 7 6.85 4.11 331.82 
6 -12 10 10 37 12 3.89 2.33 229.03 
7 -12 10 10 41 12 3.89 2.33 272.77 
8 -4 13 10 26.5 4 3.01 1.80 129.73 
9 -6 18 10 39 6 4.30 2.58 250.51 

10 -7 15 10 32 7 3.91 2.34 178.86 
11 -7 5 10 11 7 2.10 1.26 29.03 
12 -8 7 10 15.5 8 2.63 1.58 52.05 
13 -10 8 10 32 10 3.17 1.90 178.86 
14 -9 15 10 30.5 9 4.26 2.56 164.82 
15 -7 11 10 24 7 3.17 1.90 109.59 
16 -11 15 10 43 11 4.62 2.77 295.82 
17 -15 1 8 10 15 2.28 1.37 24.68 
18 -16 10 8 28 16 3.70 2.22 142.48 
19 -13 12 10 33.5 13 4.43 2.66 193.37 
20 -16 4 10 26 16 3.57 2.14 125.59 
21 -9 12 10 30 9 3.71 2.23 160.24 
22 -9 3 10 9.5 9 2.11 1.26 22.61 
23 -14 20 10 57 14 6.13 3.68 478.05 
24 -10 19 13 81 10 6.77 4.06 869.66 
25 -10 16 10 16.5 10 4.63 2.78 57.90 
26 -11 18 14 87 11 7.27 4.36 982.20 
27 -12 1 9 8.5 12 2.07 1.24 18.71 
28 -11 22 10 38 11 5.98 3.59 239.67 
29 -15 8 9 13.5 15 3.68 2.21 41.14 
30 -14 12 10 31.5 14 4.62 2.77 174.13 
31 -9 20 10 37 9 5.22 3.13 229.03 
32 -9 15 10 33 9 4.26 2.56 188.48 
33 -14 21 8 36 14 5.07 3.04 218.58 
34 -11 19 10 51 11 5.39 3.23 395.56 
35 -10 27 10 63 10 6.86 4.12 566.88 
36 -11 17 10 41.5 11 5.00 3.00 278.46 
37 -12 11 10 29 12 4.07 2.44 151.26 
38 -10 19 11 61 10 5.73 3.44 536.58 
39 -9 17 10 42.5 9 4.64 2.78 289.99 
40 -9 22 9 35 9 5.06 3.04 208.35 
41 -8 24 10 62 8 5.86 3.51 551.64 
42 -9 29 10 68 9 7.13 4.28 645.61 
43 -9 18 10 52 9 4.83 2.90 408.86 
44 -9 20 10 55.5 9 5.22 3.13 456.82 
45 -8 25 10 68.5 8 6.07 3.64 653.72 
46 -11 15 10 42 11 4.62 2.77 284.20 

Table Continue Overleaf….. 
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47 -12 17 9 37.5 12 4.66 2.80 234.32 
48 -12 24 10 72 12 6.58 3.95 711.61 
49 -10 23 10 51.5 10 6.01 3.60 402.19 
50 -8 15 10 49 8 4.08 2.45 369.51 
51 -9 17 10 51 9 4.64 2.78 395.56 
52 -7 21 12 63 7 6.08 3.65 566.88 
53 -8 23 11 62.5 8 6.22 3.73 559.24 
54 -9 17 10 48.5 9 4.64 2.78 363.11 
55 -8 23 11 79 8 6.22 3.73 833.42 
56 -8 23 10 50.5 8 5.65 3.39 388.98 
57 -9 14 10 36 9 4.08 2.45 218.58 
58 -12 16 9 55 12 4.49 2.70 449.84 
59 -9 19 9 43.5 9 4.52 2.71 301.70 
60 -12 15 10 50 12 4.81 2.88 382.44 
61 -11 19 11 51 11 5.93 3.56 395.56 
62 -8 15 10 34 8 4.08 2.45 198.31 
63 -11 23 12 57.5 11 7.43 4.46 485.21 
64 -12 18 10 52 12 5.37 3.22 408.86 
65 -11 19 10 60 11 5.39 3.23 521.68 
66 -6 33 10 76 6 7.55 4.53 780.24 
67 -4 29 11 57.5 4 6.87 4.12 485.21 
68 -8 34 10 69 8 8.15 4.89 661.86 
69 -10 23 13 63 10 7.81 4.69 566.88 
70 -14 23 9 48 14 6.06 3.64 356.76 
71 -12 7 10 29 12 3.35 2.01 151.26 
72 -14 15 10 68 14 5.17 3.10 645.61 
73 -11 21 9 45 11 5.20 3.12 319.63 
74 -12 15 10 32 12 4.81 2.88 178.86 
75 -9 30 11 90.5 9 8.09 4.86 1050.44 
76 1 27 10 39 1 5.27 3.16 250.51 
77 2 26 9 22 2 4.70 2.82 94.49 
78 -11 16 17 93.5 11 8.18 4.91 1110.42 
79 -10 6 7 9 10 1.97 1.18 20.62 
80 -11 7 12 32 11 3.81 2.28 178.86 
81 -16 2 9 14 16 2.89 1.74 43.77 
82 -12 9 11 41 12 4.08 2.45 272.77 
83 -11 12 10 27.5 11 4.07 2.44 138.18 
84 -12 10 10 22 12 3.89 2.33 94.49 
85 -12 14 12 49 12 5.54 3.33 369.51 
86 -13 11 10 20.5 13 4.25 2.55 83.79 
87 -13 10 10 52.5 13 4.07 2.44 415.58 
88 -6 20 10 44 6 4.69 2.81 307.63 
89 -15 14 10 42.5 15 5.17 3.10 289.99 
90 -2 25 10 53 2 5.01 3.01 422.34 

            Total   29,936.77  
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Regression Analysis Results 

 A Pearson’s correlation coefficient was performed on both the LiDAR and the NDVI 

datasets to assess relations to field determined biomass. The NDVI correlation performed 

relatively highly, as can be seen in Figure 7. Subsequent processing and removal of data outliers, 

a reduction to 80 sample points, allowed a correlation improvement from R = 0.685 to R = 0.772.  

  

 

Summary of Correlation and Regression Analysis for NDVI 

Initial Correlation:  

R = 0.685,  N = 90 

After SPSS Residual Analysis: 

R = 0.772, N = 80 

R2 = 0.6035  **Relationship is Significant at 0.01 level (2-Tailed) 

Resulting Equation: 

y = 0.0037x3 - 0.6118x2 + 27.795x 

 

y = 0.0056x3 - 0.6118x2 + 27.795x
R² = 0.6035
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Figure 7: NDVI Correlation and Regression Analysis Summary 
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When a 3rd order polynomial regression was performed, an R2 value of 0.6035 was found which 

is significant at the 0.01 level using a 2-tailed test. The full output from SPSS on the Pearson’s 

correlation coefficient, regression, and information on the residuals can be found in Appendix B.  

Pearson’s correlation coefficient was performed on the LiDAR data and produced a 

relatively low correlation of R = 0.26. On review of the LiDAR CHM results, it was found that 

many height values were too low to represent a tree. Values less than 0.5 m were removed and 

the correlation was re-performed, producing an R = 0.5. Unfortunately, this left only 18 of the 

original 90 sample points, a number too small to defend the use of the LiDAR data.  

 

Summary of Correlation and Regression Analysis for LiDAR 

Initial Correlation:  

R = 0.26,  N = 90 

After Removing heights of < 0.5m : 

R = 0.5, N = 18 
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Figure 8: CHM Correlation and Regression Analysis Summary 
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Management Priority Maps 

This section consists of four maps of the Management Units, color coded to show the 

priority for application of management techniques, based upon several criteria. The first of these 

maps is the juniper priority map calculated by biomass (Figure 9). This was produced using the 

NDVI biomass estimates and normalizing the total biomass by hectare of grassland (Kg/Ha) for 

each unit. The results were divided into 7 levels for management priority with the highest values 

representing the highest priority for management Units 72 and 67 were placed in the highest 

priority group while Units 7, 8 and 9 were among the lowest priority. 

The second map (Figure 10) is also a priority map of juniper but has been produced using 

only the total area values from the classifications. The total area of juniper class was divided by 

the total area of grasslands for each unit to calculate the percentage of juniper within grassland 

area. Again, 7 priority levels were distinguished with areas of higher percentage being placed in 

a higher priority group. As can be in Figure 10, Unit 67 was placed in the highest priority group 

where as Units 76, 20 and 19 where of a low priority. 

“Fringe juniper”, or juniper on the edges of grasslands, was used to produce priority maps 

for mechanical shearing management technique. These where produced in the same manner as 

the first two maps.   Figure 11 below is a map showing biomass of “fringe juniper” normalized 

by hectare of grassland. The results show that Unit 67 was once again in the highest priority in 

this map representing mechanical shearing techniques. Interesting for this map, many more units 

were placed in the lowest priority compared with the two previous juniper priority maps which 

showed a relative equal distribution between high and low levels. 
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Figure 9: Priority Map - juniper Biomass per Hectare 
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Figure 10: Priority Map - juniper Area 
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Figure 11: Priority Map - Fringe juniper Biomass per Hectare 
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Lastly, a “fringe juniper” priority map was produced using just the area values (Figure 

12). “Fringe juniper” as a percentage of grassland area was used to prioritize the units with the 

highest percentages given a higher priority. Units 67, 34 and 76 all showed high priority for 

mechanical shearing wile 41, 43 and 71 were amongst the lowest priority.  Interestingly, a 

smoother distribution of unit priorities was found in this map compared with the “fringe juniper” 

biomass analysis.  

Table 3 shows the calculated values used in producing the four maps above. Summary 

rows at the bottom of this table display maximum and minimum values. Something to note is 

that the total biomass values are in the millions for fringe juniper and hundreds of thousands for 

juniper. This equates to thousands of large trees (1,000 Kg +) per hectare for particular units, 

something that was not seen in the field. This was also the case for the normalized data, with a 

maximum of 1,000,000 Kg per Hectare. Maximum values for biomass of juniper per hectare 

appeared to be more realistic at 2,705 Kg /Ha. This equates to 4 or 5 medium juniper Trees (500 

Kg – 800Kg) per hectare.  This apparent problem will be discussed in the discussions section. 
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Figure 12: Priority Map - Fringe juniper Area 
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Table 3: Biomass and Area Classification calculation Summary per Unit 

Unit 
ID 

Area Calculations (Ha) Biomass Calculations 

juniper 
Fringe 
juniper 

Forest Grassland Pine Urban Water Unclassified 
Total 
AREA 

juniper 
Percentage 

(%) 

Fringe 
Percentage 

(%) 

Fringe juniper 
Biomass Totals 

(Kg) 

juniper 
Biomass 

Totals (Kg) 

juniper 
(Kg/Ha) 

Fringe 
juniper 
(Kg/Ha) 

1 0.04 0.01 18.48 18.93   0.31   0.00 37.77 0.22 0.05 484.15 1964.27 103.79 25.58 
2 0.19 0.05 24.54 43.65 

 
1.65 2.95 0.01 73.02 0.43 0.11 3694.51 8558.80 196.08 84.64 

3 0.43 1.01 133.95 90.92 2.88 3.66 1.74 0.20 234.80 0.47 1.11 67179.78 19048.96 209.50 738.86 
4 0.62 0.16 23.27 68.15 4.63 1.79 0.12 0.01 98.78 0.91 0.23 10538.28 26391.05 387.22 154.62 
5 0.26 0.15 9.12 23.43 

 
0.13 

 
0.01 33.10 1.12 0.63 9538.43 15960.04 681.18 407.11 

6 0.36 0.22 19.76 71.42 
 

2.35 0.21 0.01 94.33 0.50 0.31 15690.54 12925.45 180.97 219.69 
7 0.16 0.76 22.76 21.94 

 
1.39 0.02 

 
47.04 0.75 3.46 1985.44 406.07 18.51 90.51 

8 0.27 0.67 30.40 68.37 
 

3.55 0.04 
 

103.45 0.39 0.98 1576.71 590.23 8.63 23.06 
9 1.05 3.78 152.09 131.79 

 
6.58 1.24 

 
297.35 0.80 2.87 9661.22 2632.94 19.98 73.31 

10 0.36 0.53 21.52 14.56 
 

0.09 
  

37.06 2.48 3.65 18573.11 12889.94 885.06 1275.28 
11 0.09 0.24 10.98 19.28 

 
0.31 0.20 

 
31.17 0.48 1.27 596.87 235.52 12.22 30.96 

12 0.12 0.22 7.66 22.60 
 

0.01 0.13 
 

30.81 0.52 0.98 507.52 282.90 12.52 22.46 
14 0.27 1.78 30.30 63.72 

 
2.77 0.03 

 
98.88 0.43 2.79 503250.19 12100.11 189.88 7897.30 

15 1.21 6.49 125.91 121.22 5.71 7.17 0.41 0.03 268.17 1.00 5.35 293427.22 53559.38 441.82 2420.53 
16 0.92 5.08 60.70 93.06 19.21 3.15 0.19 0.02 182.36 0.99 5.46 1011841.73 46455.80 499.19 10872.60 
18 0.26 0.76 10.04 10.89 

 
0.16 

 
0.01 22.12 2.43 6.95 47285.96 7403.79 680.00 4342.98 

19 0.08 0.97 26.98 38.28 
 

1.82 0.14 0.00 68.26 0.20 2.52 49438.78 3214.67 83.99 1291.62 
20 0.00 0.08 6.66 0.73 

 
0.19 

  
7.66 0.01 11.19 208.06 3.98 5.48 286.54 

21 0.72 3.10 33.51 79.13 4.59 5.00 3.46 
 

129.51 0.91 3.92 160832.23 29731.63 375.75 2032.60 
22 0.34 0.76 8.77 23.42 

 
0.42 

  
33.71 1.45 3.25 29332.34 16373.57 699.20 1252.58 

23 0.03 0.03 6.39 15.35 
 

0.17 
 

0.00 21.98 0.19 0.21 1840.57 844.27 55.01 119.92 
26 0.34 1.48 15.84 27.62 13.61 0.93 0.17 0.01 60.02 1.23 5.35 80371.66 12774.65 462.44 2909.43 
27 0.34 0.38 88.09 106.06 1.13 1.61 0.26 

 
197.87 0.32 0.35 17301.95 15126.48 142.62 163.13 

28 0.29 0.64 64.54 59.36 
 

2.22 
 

0.01 127.06 0.48 1.08 33482.74 12591.44 212.13 564.10 
29 0.69 0.98 77.57 163.82 2.32 4.13 0.59 0.02 251.42 0.42 0.60 52778.35 31278.92 190.94 322.17 
30 1.19 2.41 95.03 67.89 9.12 3.14 

 
0.05 179.11 1.75 3.55 156469.03 60405.75 889.75 2304.71 

31 6.02 30.55 685.59 426.14 
 

23.52 6.89 0.64 1179.41 1.41 7.17 11819173.23 304235.38 713.93 27735.10 
32 0.71 7.05 68.39 109.05 

 
3.39 0.03 0.05 188.67 0.65 6.46 6117358.66 35473.20 325.29 56095.60 

33 0.16 1.76 18.85 28.73 0.29 1.09 
 

0.00 50.89 0.56 6.13 112761.44 7376.85 256.73 3924.32 
34 0.70 5.16 27.01 42.11 

 
3.34 0.15 0.01 78.48 1.66 12.26 7677741.31 36105.82 857.43 182328.00 

35 0.34 0.29 26.93 41.49 
 

1.69 1.53 0.07 72.33 0.83 0.69 31602.02 19368.34 466.83 761.70 
36 0.87 0.38 78.34 131.30 

 
4.86 2.10 0.10 217.96 0.67 0.29 34647.62 28679.19 218.42 263.87 

Table Continued over leaf…… 
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37 0.11 0.09 15.13 17.55 
 

0.60 0.30 0.01 33.78 0.61 0.50 6952.59 4478.91 255.25 396.22 
38 0.13 0.05 8.97 22.43 

 
2.37 0.97 

 
34.92 0.58 0.23 3985.11 4621.51 206.04 177.67 

39 0.50 0.36 70.09 72.12 
 

2.86 1.51 0.01 147.45 0.69 0.50 43217.07 22974.07 318.57 599.26 
40 0.02 0.02 3.21 2.47 

 
0.08 

 
0.00 5.81 0.90 0.96 3123.12 483.51 195.37 1261.94 

41 1.29 0.67 219.07 287.33 1.74 17.85 5.91 0.05 533.91 0.45 0.23 58949.01 49157.03 171.08 205.16 
43 0.10 0.09 60.10 54.78 0.57 1.86 0.25 0.03 117.78 0.18 0.17 6939.81 4904.37 89.54 126.70 
44 0.14 0.21 40.83 21.58 

 
0.73 0.00 0.03 63.53 0.63 1.00 19175.15 4001.55 185.42 888.52 

45 0.76 1.65 57.48 68.28 
 

4.36 0.06 0.02 132.62 1.12 2.41 161734.14 52878.76 774.45 2368.72 
46 0.00 0.42 1.40 0.47 

 
0.03 0.00 0.01 2.34 0.57 88.87 503077.53 458.54 974.89 1069560.00 

47 0.42 1.91 117.78 54.76 8.57 5.96 12.09 0.09 201.58 0.76 3.50 172459.34 25221.81 460.61 3149.50 
48 0.23 2.37 39.88 33.58 

 
1.00 0.07 0.07 77.21 0.69 7.06 191528.88 18942.14 564.12 5703.93 

49 0.36 3.12 64.94 111.40 
 

3.90 0.05 0.05 183.83 0.32 2.80 249210.42 18822.20 168.97 2237.17 
50 0.35 1.25 25.78 26.55 

 
1.85 1.96 0.06 57.80 1.30 4.69 127438.60 29803.40 1122.65 4800.42 

51 0.27 1.22 16.10 15.82 
 

0.26 0.03 
 

33.70 1.73 7.69 518631.69 12261.69 775.15 32786.50 
53 0.42 0.88 16.86 21.06 

 
0.13 

  
39.34 2.01 4.17 36837.23 18323.57 870.23 1749.48 

54 0.36 0.46 15.51 13.81 
 

0.08 
  

30.23 2.63 3.32 19132.03 18096.03 1310.28 1385.29 
55 0.15 0.90 48.10 41.14 

 
2.64 0.54 0.02 93.49 0.36 2.20 40002.06 6032.91 146.64 972.31 

56 0.29 0.16 7.24 14.63 
 

0.35 0.19 
 

22.85 1.96 1.08 6952.54 13848.64 946.77 475.31 
57 0.90 2.61 44.44 95.74 

 
1.93 0.22 0.02 145.86 0.93 2.73 332175.08 75793.02 791.65 3469.51 

59 0.06 0.39 3.78 9.18 
 

0.33 
 

0.00 13.75 0.63 4.26 14635.84 2615.30 284.81 1593.85 
60 0.29 1.55 87.42 88.79 

 
2.61 

 
0.02 180.69 0.32 1.74 90497.43 12711.83 143.17 1019.23 

62 0.08 0.52 2.65 16.01 
 

1.21 
 

0.01 20.48 0.47 3.25 36662.68 3185.85 199.05 2290.70 
63 0.22 1.07 19.27 43.71 

 
1.79 

 
0.01 66.08 0.51 2.45 49314.78 8626.19 197.34 1128.14 

66 0.23 0.82 96.53 57.81 
 

4.34 0.10 0.03 159.85 0.40 1.42 45784.22 9346.46 161.68 792.02 
67 0.91 1.92 12.74 15.31 

 
0.44 0.09 0.01 31.42 5.95 12.54 11431746.49 41408.29 2705.11 746810.00 

68 0.05 0.93 17.04 11.33 
 

1.17 1.27 0.02 31.82 0.49 8.20 89213.52 3026.89 267.15 7873.95 
69 0.08 0.17 10.17 3.14 

 
0.34 

 
0.00 13.91 2.51 5.37 7301.35 4094.09 1302.58 2323.01 

69 0.08 0.17 10.17 3.14 0.00 0.34 0.00 0.00 33.20 2.51 5.37 7301.35 4094.09 1302.58 2323.01 
70 0.02 0.19 30.82 2.27 

 
0.12 

 
0.02 33.44 0.76 8.25 11562.69 1018.77 449.64 5103.20 

71 2.93 0.71 99.09 162.06 
 

15.17 
 

0.00 279.96 1.81 0.44 104718.49 140712.65 868.29 646.19 
72 0.44 1.61 38.17 12.83 

 
1.42 0.12 0.05 54.65 3.41 12.54 1101434.39 27012.81 2106.22 85880.00 

73 0.35 0.32 6.92 16.53 0.36 3.32 0.01 
 

27.81 2.10 1.96 37352.19 18204.71 1101.40 2259.84 
74 0.62 1.23 56.25 102.28 2.28 5.93 5.68 0.04 174.31 0.60 1.21 72963.59 29435.83 287.80 713.37 
75 0.39 0.80 123.36 107.79 0.20 0.82 0.16 

 
233.52 0.36 0.74 40657.75 19474.75 180.67 377.19 

76 0.18 1.18 25.45 92.14 
 

6.10 0.56 0.00 125.61 0.19 1.28 49169.75 9216.61 100.03 533.66 
78 0.16 1.34 81.97 14.12   0.43   0.10 98.12 1.10 9.49 109237.59 12188.85 863.12 7735.34 

 
Area (Ha) Biomass (Kg) (Kg / Ha) 

Min 0.00 0.01 1.40 0.47 0.00 0.01 0.00 0.00 2.34 0.01 0.05 208.06 3.98 5.48 22.46 
Max 6.02 30.55 685.59 426.14 19.21 23.52 12.09 0.64 1179.41 5.95 88.87 11,819,173.23 304,235.38 2,705.11 1,069,560.00 
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DISCUSSION 

Classification 

 eCognition was able to provide an adequate classification for the purpose of this study. 

All required classes could be identified and separated from one another using the satellite 

imagery. Classification of the winter satellite images allowed evergreen juniper to be 

distinguished from the deciduous trees on an individual tree or groups of tree bases. Furthermore, 

eCognition allowed classification of the large objects, consisting of the forests and grasslands, to 

facilitate area analysis and normalization of biomass estimates. Figure 13 (repeat of Figure 6) 

demonstrates the high resolution of the imagery, contributing to the software’s ability to 

distinguish evergreen juniper from deciduous forests and dry grasslands. In addition, eCognition 

was also able to discriminate from juniper trees from the grassland/forest interface and 

embedded in deciduous forest. For management purposes, the North West section of Unit 72 

(Figure 13) is primarily grassland with many scattered juniper.  This might be a prime area for 

management with prescribed fire whereas fringe junipers along the forest boundary might be 

managed by mechanical shearing since fire may not penetrate the forest edge. 

It is rather difficult to identify a distinct boundary from the raw satellite imagery, but 

eCognition classification tools separate the features into quite distinct groups with a high level of 

accuracy. This level of accuracy can be seen from the error matrix analysis. An overall accuracy 

assessment was calculated to be 94.55% for the end user using 605 sample points. It is always 

favorable to collect more sample points for this type of assessment, however 605 points widely 

distributed across the seven classes is sufficient for this dataset. Typically an accepted level of 

80% is sufficient for a particular classification to be deemed accurate enough, depending on the 

application (Foody, 2002). This also agrees with the majority of literature adopting an object  
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Figure 13: Unit 72 Classification and Imagery Comparison 
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based approach. These studies suggested the usefulness of this approach to provide quantitative 

information in a thematic form. 

 On an individual class level all classes achieved above the 80% level. The lowest of these 

was the “juniper” and “fringe juniper” classes, which was to be expected. When compared with 

other classes, juniper trees have a much smaller area and can get ‘lost’ in the larger classes. 

Laliberte et al., (2004) discusses the ability of the object based classification to reliably identify 

shrubs larger than 2 m in area. This is due to the tree not having enough spectral information for 

them to be indentified from their surroundings. These findings could suggest that the smallest of 

trees in the grassland areas may not have been identified. However, accuracy levels still suggest 

that this was an adequate method to use.  

 Another class that needs mention is “grassland”, due to its producer’s accuracy of only 

82%. The grassland class having a lower producer’s accuracy means that when other classes 

were classified incorrectly they were attributed to the grassland class. Looking at the satellite 

imagery more closely offers some explanation to why this occurred; areas that could be classed 

as grassland had a wide spectral range. In other words, it overlapped spectrally and looked 

similar to other classes. Figure 14, shows examples of this occurring where patches of high 

grassland biomass were mistaken for juniper objects. In addition, gullies cutting through 

grasslands were mistaken for urban (non-vegetation) class, perhaps due to the ‘bare’ appearance. 

 The above examples show possible causes of the lower producer’s accuracy for 

grasslands. Firstly, verdant grass patches, perhaps winter rye or similar green herbaceous 

vegetation, are evident throughout the LBJ national grassland. On the ground these do not look 

particularly different from other grassland areas. However, due to the ‘redness’, high near infra-

red (NIR), within the image, overlap with the juniper class is apparent, causing some of the  
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Figure 14: Example of Classification Errors 
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errors. By focusing on these classes an improvement in accuracy may be able to be achieved. 

The second possible cause of error can be seen in the example of gullies within the grassland 

areas. The gullies, which have been stripped of vegetation, show up as bright white areas due to 

the exposed soils reflecting most of the light. At the north and west of the images these gullies 

are large enough to be classified separately from grasslands. In contrast, the smaller gullies on 

the east boundary of the image have been included in the grasslands class and not separated. The 

inherent eCognition classification algorithms use a threshold value that determines the division 

of classes.   During the accuracy assessment, when this was observed manually, a threshold value 

had to be estimated. The inconsistency between the classification algorithm and user 

interpretation could be responsible for inaccuracies in the accuracy assessment. 

A possible method to improve overall classification, especially juniper, is textural 

analysis. Textural classification has been used in studies that incorporate both pixel and object 

based analysis to improve classification (Shen and Sarris, 2008). An in-depth study by Laliberte 

& Rango, (2009) discussed the use of texture analysis in pixel based vegetation classification, 

with less implementation in object based classification. The study examined the use of texture 

analysis in object based analysis, suggesting its ability to improve classification, where entropy 

texture was found to be the most useful for vegetation.  Additionally , a study by Yu et al., 

(2006) agreed with the above study and ranked texture analysis highly for various methods 

available within eCognition . On the down side, this current classification method is already 

computationally complex and time consuming. Adding texture analysis to these high resolution 

images would dramatically increase the complexity and time.   

Field Results 

 The field methods used in this study provided adequate ground truth information for use 
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in the remote sensing components of the study. The National Forest Service (NFS) method using 

the diameter at breast height (DBH) worked well and allowed the tree biomass to be estimated in 

a timely manner. One issue involved split trunks or double stemmed trees.  The multiple trunks 

of some junipers made determining DBH very complicated and therefore were not used for the 

biomass estimate using the NFS DBH method. Literature could not be found detailing the effects 

of split trees on the DBH-based algometric equation and were therefore avoided in the field. In 

reality, there are many split or double stemmed juniper trees in the field and therefore further 

study on the use of DBH estimation may improve or more accurately portray the true biomass of 

the LBJ Grasslands. 

 The tree height and width methods used in the field also proved a useful means of 

gathering ground truth data for this particular remote sensing application. Both methods were 

easy to implement and perform quickly with relative accuracy. If there was any issue at all it was 

with taking angle readings of juniper tree height with the clinometers due to the fact that juniper 

trees do not have a well defined top. As with much fieldwork, it was therefore left to user 

judgment as to where to take the reading. In spite of this, errors associated with height readings 

were assumed to be insignificant, only causing a 1 or 2 degree error, which is within the 

clinometers error margins. 

Correlation and Regression Analysis 

 Focusing on the light detection and ranging (LiDAR) data first, a significant correlation 

could not be produced. The correlation with LiDAR and field measured tree height produced a 

relatively low correlation of R = 0.26; a poor correlation. Upon inspection of the LiDAR data 

points extracted from the canopy height model (CHM) and used in the correlation, it was 

determined that in many cases no trees were detected and thus there were zero heights. After 
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removing any sample points where the CHM did not identify a tree height of over 0.5 m, a 

significant correlation of R = 0.5 was found. Unfortunately, this only left 18 points of the 

original 90 sample points.  

These results suggest that the particular LiDAR dataset did not have sufficient resolution 

for this type of study. The horizontal resolution of the dataset put distances between LiDAR 

points from 3 to 5 meters. Tree width values from the field showed a large percentage of the 

trees with widths smaller than this spacing and therefore it is likely they were not detected by the 

LiDAR sensor. Furthermore, larger trees that were 4 m and wider would only produce an 

accurate height reading if the LiDAR point hit the center of the tree and not the edges.  

 The fact that the LiDAR correlation did improve significantly when the erroneous data 

were removed was encouraging in that the R = 0.5 does suggest that there is a relationship 

between the field height and the CHM derived height. This suggests that LiDAR data that is 

typically used for digital elevation model (DEM) production could be used for this type of study. 

By increasing the horizontal resolution slightly to 1 to 2 meters, more or perhaps all of the trees 

would be identified and therefore more sample points would be available to correlate with field 

values. This could perhaps produce a correlation similar to the correlation found for the 

normalized difference vegetation index (NDVI) analysis. 

 The NDVI correlation analysis performed much better, producing an R = 0.772. This is a 

relatively strong correlation and shows the ability of NDVI to serve as an indicator of biomass. 

Color infrared aerial images have been used to successfully distinguish juniper species from 

other vegetation (Everitt et al., 2007; Everitt et al., 2001); this study shows that it is also possible 

with satellite VI analysis. As with the studies by Everitt et al, the use of winter images eliminated 

the majority of vegetation with similar spectral properties. Although studies of correlation 
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between biomass and NDVI juniper were not found in the literature review, many studies that 

examined grasslands, scrublands and forests produced similar correlations as this study. Much of 

the literature describes the ability of NDVI to correlate with field biomass on a pixel to pixel 

basis; this study summed the NDVI of the pixels that comprised the area of the trees and then 

performed the correlation. By correlating the sum of each pixel NDVI value for the zone 

determined to be a tree area, the regression equation can be applied to the tree class produced by 

the object based classification approach. 

Literature could not be found documenting the successful application of a sum of NDVI. 

This is most likely due to the fact that it cannot be used successfully to produce reliable biomass 

estimates due to poor zonal or area information representing the vegetation in question. By using 

the classifications of juniper trees from this study, area values have been produced and therefore 

it is plausible to use the sum of NDVI values, which more accurately correlates with the DBH 

calculated field values. This method however does rely heavily on the accuracy of the 

classification, in particular the tree locations and areas. Inaccurate areas could provide over or 

under estimation and poor location could mean the incorrect NDVI values are summed.  

 It was evident from the maximum biomass estimates for the management units that the 

regression equation used in this study seemed too vastly over estimate objects with a high NDVI 

sum. For objects with an NDVI sum of over 80, an exponential over-estimation occurred. 

Unfortunately, the 2nd order polynomial equation originally used produced negative biomass 

estimations for higher NDVI sums. Data were applied to a 3rd order polynomial regression 

equation, the result of which caused over-estimation for higher NDVI sums. The literature 

suggests that a polynomial 2nd order relationship is appropriate. A study by Dong et al., (2003)  

produced similar scatter plots to this study when assessing NDVI against biomass for the 
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northern hemisphere vegetation.  A study by Van Der Meer et al.,  (2001) also produced similar 

looking scatter plots and regression equations. The above two studies used NDVI values from 

single pixels as opposed to summed values for multiple pixels. 

A possible explanation for this over-estimation and possible fix could be explained by 

NDVI saturation. A review of remote sensing techniques by Lu, (2006) explains that at higher 

values the NDVI loses its sensitivity to biomass and becomes saturated. Mutanga & Skidmore, 

(2004) successfully overcame this issue by modifying the NDVI and using narrow band images, 

while Gitelson & Merzlyak,  (1998) produced a new VI that was more sensitive to chlorophyll 

levels at higher NDVI values. For this study, a possible solution would be to identify a cutoff 

point or threshold NDVI value; a point at which the NDVI sum values appear to be saturated. 

For example, a threshold value of 80 could be used, as this is where the graph levels out, 

describing the point of saturation. Therefore any object with an NDVI sum of greater than 80 

would contribute no more biomass than that calculated for 80. This should improve the overall 

biomass figures for each management unit and better represent the true values of the trees.  

Ability as Management tool for NFS 

 The following section discusses the application of the object based classifications, 

combined with the NDVI biomass analysis, as a management tool for juniper control in 

grasslands. The methodology examines both biomass analysis and a classification area analysis. 

The area analysis was performed solely using the object based classifications. The area of each 

class was calculated for each management and the juniper class was expressed as a percentage of 

the total area of grassland within each unit. The percentages of juniper ranged from 0.01 % to 5 

% of the total grassland area. This normalized data approach provides a means to compare the 
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relative amount of juniper within each management unit. The results provide a guide for the LBJ 

managers on which of the units have the highest relative areas of juniper. 

 The biomass analysis is also a useful tool in targeting units for management practices. As 

demonstrated in the previous section, the NDVI is a good indicator of biomass. This, combined 

with the relatively accurate classification, allows juniper biomass for each section to be 

estimated. However, it is suggested that the values from this study of juniper biomass estimates 

be used cautiously due to over-estimation. Higher biomasses could indicate higher 

concentrations of juniper that can be targeted for control. A comparison of two management 

units with differing levels of juniper concentration can be seen in the raw satellite imagery in 

Figure 15 below. The top image shows dense ‘red’ patches of juniper whereas the lower image is 

relatively juniper free. The upper image obviously has a greater need for control and 

management. 

 This study can also be used as a guide for the type of management techniques to be used 

as well as which units to target. As previously discussed, the LBJ grassland manages juniper 

encroachment by prescribed burns and individual tree shearing in areas of juniper less suitable 

for burning. By examining the maps produced for fringe juniper, units for which shearing is 

more suitable can be located. The maps can also provide a guide to locate where prescribed 

burns might have the greatest impact. Having maps to assist decisions for technique and targets 

are a valuable tool for land managers and will help to reduce costs and improve efficiency. 

Future Implications 

 Despite possible over-estimation of biomass, this study showed that NDVI biomass 

analysis and object based classification does have a place in grassland management and juniper 

control.  This study also serves as a base for additional research in biomass and LiDAR CHM  
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Figure 15: Priority Map Results Comparison 
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specifically for juniper. Biomass estimate improvement could yield information of the size of 

individual trees and could assist managers in assessing control techniques.  For example, it may 

be appropriate to shear only a few trees in juniper stand with the idea that the dead trees will 

provide sufficient fuel and heat to ignite remaining live trees in the stand during a prescribed fire.  

Currently, LBJ personnel suggested that in some cases trees are felled to provide the necessary 

fuel for fire management practices.  

Biomass estimates could also be extended to the grasslands themselves, providing 

information on fuel loading for prescribed burns. Numerous studies use remote sensing to 

estimate fuel loads for wild land fires, whether natural or prescribed. High densities of trees may 

suggest that burning is no longer plausible due to the lack of undergrowth biomass that a fire 

relies on. Poulos. et al, (2007) used satellite imagery, image classification and biomass 

regression to produce fuel maps for forest management.  In addition, by improving on this study, 

fuel loads can be estimated prior to conducting prescribed fire, facilitating management 

techniques and assisting forest service personnel in their decision making process.  
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CONCLUSION 

 In conclusion, this study was initiated to use satellite imagery for land cover classification 

and VI analysis to help manage and control juniper encroachment into grassland ecosystems. The 

study found that this offers valuable information for facilitating decision making to target 

specific areas of the grasslands experiencing higher concentrations of juniper. The results 

provided by the study serve to assist land managers who rely on a suite of tools and knowledge 

about the grasslands. The study provides information about concentrations within 68 

management units and in excess of 20,000 acres, information difficult to gather in any ‘ground-

based’ survey or easily from aerial photography interpretation.   

 One of the primary objectives of this study was the use of object orientated classification 

for land cover analysis. The use of eCognition software and high spatial resolution imagery 

permitted a high level of classification accuracy which was vital in identifying target junipers 

and biomass estimates. Traditional problems associated with pixel by pixel classification were 

avoided by classifying ‘objects’. This also allowed for calculation of the area of individual trees 

and estimation of biomass, and provides a direction for additional studies in this area. Accuracy 

assessment of classification and tree identification was tested using field-gathered data and an 

error matrix, providing very acceptable results.  

A comparison of the LiDAR and NDVI methods yielded results that were less than 

satisfactory due to the poor horizontal resolution of the LiDAR dataset. The results of the study 

did, however, suggest that this particular type of LiDAR data could be useful for vegetation 

studies of this nature.  With higher horizontal resolution LiDAR data, the majority of trees could 

perhaps be identified and could actually be more accurate at locating trees than the NDVI which 

relies heavily on the object based classification. The NDVI analysis performed as expected and 
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correlated highly with field-determined biomass. This analysis performed well in targeting high 

concentrations of junipers and with further improvements could prove to be a very useful tool.  

  This study will hopefully provide assistance to LBJ National grassland personnel in their 

attempts to control juniper spread within the rapidly diminishing grasslands. It can be used to 

help determine specific techniques for management, such as prescribed fire or mechanical 

shearing. Perhaps the most important aspect of this study is that it provides baseline data about 

the land cover for the grasslands.  Using classifications derived from 2004-2005 imagery, land 

use managers now have knowledge of the relative concentration of junipers across their 

management jurisdiction.  If a similar study is conducted within the next few years, or perhaps 

on a 5-year basis, managers will have a technique by which they can determine the extent of their 

management attempts.  They will be able to identify if prescribed fire and mechanical shearing 

has indeed been able to reduce the spread of juniper.  The NDVI and area calculations possible 

with this study can provide quantitative results of change for an extensive area of land, helping to 

guide future decision-making processes.     
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APPENDIX A 

MANAGEMENT UNITS BREAKDOWN BY SECTION
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Shows which Management Units are associated with which Study Sections. 

Image 
Sections Management Units 

Section 1  1,  2,  3,  4,  5,  6 

Section 2  7,  8,  9,  11,  12,  20 

Section 3  71,  72,  73 

Section 4  10,  14,  15,  16,  18,  19,  20,  21,  22,   26,   32,   33,   34,   76 

Section 5  27,   28,   29,   30,   31,   40,   74,   75 

Section 6  23,   35,   36,   37,  38,   39,  40,   41,   43,   44,   45,   47,   48,   49,   50,   78  

Section 7  69A,   69B,   70 

Section 8  46,   53,   54,   55,   56,   57,   59,   60,   62,   63,   66,   67,   68 

Section 9  51 
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APPENDIX B 

SPSS CORRELATION AND REGRESSION OUTPUT
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CORRELATIONS 

/VARIABLES=NDVI Biomass 

/PRINT=TWOTAIL NOSIG 

/STATISTICS DESCRIPTIVES 

/MISSING=PAIRWISE. 
 

Correlations 
Processing Summary 

Output Created 04-Oct-2009 12:30:14 

Comments 
 

Input Active Dataset DataSet0 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in Working Data File 90 

Missing Value Handling Definition of Missing User-defined missing values are treated as missing. 

Cases Used Statistics for each pair of variables are based on all the cases with valid data for that 

pair. 

Syntax CORRELATIONS 

/VARIABLES=NDVI Biomass 

/PRINT=TWOTAIL NOSIG 

/STATISTICS DESCRIPTIVES 

/MISSING=PAIRWISE. 

 

Resources Processor Time 0:00:00.000 

Elapsed Time 0:00:00.032 

 

 

Descriptive Statistics 

 
Mean Std. Deviation N 

NDVI 18.2162 15.37083 90 

Biomass 332.6310 238.37934 90 
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Correlations 

 
NDVI Biomass 

NDVI Pearson Correlation 1 .685** 

Sig. (2-tailed) 
 

.000 

N 90 90 

Biomass Pearson Correlation .685** 1 

Sig. (2-tailed) .000 
 

N 90 90 

**. Correlation is significant at the 0.01 level (2-tailed). 
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REGRESSION 

/VARIABLES NDVI Biomass 

/DEPENDENT Biomass 

/METHOD=STEPWISE 

/RESIDUALS. 
 

Regression 

Processing Summary 

Output Created 04-Oct-2009 12:31:14 

Comments 
 

Input Active Dataset DataSet0 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in Working Data File 90 

Missing Value Handling Definition of Missing User-defined missing values are treated as missing. 

Cases Used Statistics are based on cases with no missing 

values for any variable used. 

Syntax REGRESSION 

/VARIABLES NDVI Biomass 

/DEPENDENT Biomass 

/METHOD=STEPWISE 

/RESIDUALS. 

 

Resources Processor Time 0:00:01.468 

Elapsed Time 0:00:02.187 

Memory Required 1412 bytes 

Additional Memory Required for Residual Plots 1152 bytes 
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[DataSet0] 

Variables Entered/Removeda 

Model Variables Entered Variables Removed Method 

1 NDVI . Stepwise (Criteria: 

Probability-of-F-to-

enter <= .050, 

Probability-of-F-to-

remove >= .100). 

a. Dependent Variable: Biomass 

 

Model Summaryb 

Model R R Square Adjusted R Square 

Std. Error of the 

Estimate Durbin-Watson 

1 .685a .470 .464 174.54316 1.913 

a. Predictors: (Constant), NDVI 

b. Dependent Variable: Biomass 

 

 

ANOVAb 

Model Sum of Squares df Mean Square F Sig. 

1 Regression 2376451.261 1 2376451.261 78.005 .000a 

Residual 2680947.748 88 30465.315 
  

Total 5057399.009 89 
   

a. Predictors: (Constant), NDVI 

b. Dependent Variable: Biomass 

 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) 138.975 28.623 
 

4.855 .000 

NDVI 10.631 1.204 .685 8.832 .000 
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Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) 138.975 28.623 
 

4.855 .000 

NDVI 10.631 1.204 .685 8.832 .000 

a. Dependent Variable: Biomass 

 

 

Residuals Statisticsa 

 
Minimum Maximum Mean Std. Deviation N 

Predicted Value 161.3003 971.3785 332.6310 163.40655 90 

Residual -490.22229 474.34155 .00000 173.55981 90 

Std. Predicted Value -1.048 3.909 .000 1.000 90 

Std. Residual -2.809 2.718 .000 .994 90 

a. Dependent Variable: Biomass 

 

 

Outlier Statisticsa 

 
Case Number Statistic 

Std. Residual 1 27 -2.809 

2 78 2.718 

3 26 2.672 

4 48 2.533 

5 66 2.084 

6 68 -1.773 

7 55 1.770 

8 35 1.769 

9 45 1.593 

10 58 1.557 

a. Dependent Variable: Biomass 
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CORRELATIONS 

/VARIABLES=Outliers Biomass_OUT 

/PRINT=TWOTAIL NOSIG 

/STATISTICS DESCRIPTIVES 

/MISSING=PAIRWISE. 

 

Correlations 

Notes 

Output Created 04-Oct-2009 12:44:52 

Comments 
 

Input Active Dataset DataSet0 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in Working Data File 90 

Missing Value Handling Definition of Missing User-defined missing values are treated as missing. 

Cases Used Statistics for each pair of variables are based on all the cases with valid 

data for that pair. 

Syntax CORRELATIONS 

/VARIABLES=Outliers Biomass_OUT 

/PRINT=TWOTAIL NOSIG 

/STATISTICS DESCRIPTIVES 

/MISSING=PAIRWISE. 

 

Resources Processor Time 0:00:00.016 

Elapsed Time 0:00:00.016 

 
[DataSet0] 

Descriptive Statistics 

 
Mean Std. Deviation N 

Outliers 16.6548 13.84178 80 
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Descriptive Statistics 

 
Mean Std. Deviation N 

Outliers 16.6548 13.84178 80 

Biomass_OUT 289.5986 191.89083 80 

 

 

Correlations 

 
Outliers Biomass_OUT 

Outliers Pearson Correlation 1 .772** 

Sig. (2-tailed) 
 

.000 

N 80 80 

Biomass_OUT Pearson Correlation .772** 1 

Sig. (2-tailed) .000 
 

N 80 80 

**. Correlation is significant at the 0.01 level (2-tailed). 
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