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ABSTRACT 

Invasive species are considered an agent of ecological change with more significant 

effects than global warming. Exotic plant invasions threaten biodiversity and ecosystem 

viability worldwide. Their effects in the Sonoran Desert ecosystems are a growing 

concern among ecologists and land managers. We hypothesized that highly dynamic 

desert environments are unstable, therefore more vulnerable to invasion by exotic plant 

species. To test this hypothesis we used a multidimensional approach to assess the spatial 

distribution of two exotic species: Brassica tournefortii (Saharan mustard) and Schismus 

arabicus (Arabian grass), in a portion of ‘El Pinacate y Gran Desierto de Altar’ 

Biosphere Reserve (PBR) in northwestern Sonora, Mexico. This approach combined 

genetic algorithms, geographic information systems, field methods, statistical analysis, 

and remote sensing modeling at multiple spatial and temporal scales to predict and test 

the current and potential distribution of the invasives over dynamic landscapes.  

Predicted probability of invasion was influenced strongly by human factors: Road 

networks were the strongest predictors of presence, revealing the potential importance of 

humans as vectors of invasiveness. Dynamic landscapes, associated mostly with 

vegetation losses, were detected spectrally in the eastern portion of the study area, very 

likely associated with past agricultural and current grazing activity. Combined models of 

high probability for invasion by B. tournefortii and S. arabicus over dynamic landscapes 

were tested against confirmed locations of the invasives and land cover types associated 

with invasion.  Results confirmed the hypothesis of the study and suggest that more 

dynamic landscapes are more prone to invasion by these two exotic plants in the PBR. B. 
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tournefortii was found associated mostly with landscapes occupied by microphyllous 

desert scrub and grassland, as well as sarcocaulescent desert scrub. S. arabicus was found 

more abundantly in the flat low lands occupied by microphyllous and crassicaulescent 

desert scrub. These relationships cannot, however, be conclusive and require further 

investigation due to the complex ecology of these invasives. 
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CHAPTER 1. INTRODUCTION 

 

Explanation of the Problem 

Natural redistribution of animals and plants occurs typically within the time of their 

evolutionary context as the result of climatic and tectonic changes (Vermeij 1996). In the 

recent era of technological advances and international trade, however, intentional and 

unintentional redistribution of species by humans has facilitated the sudden spread of 

aggressive species from their native ranges (Van Devender 2002). The inexorable 

dominance of many of these exotic species in new environments is causing an alarming 

ongoing impoverishment of the world’s biodiversity (Van Driesche and Van Driesche 

2000). Subtle effects of this ecological homogenization have been compared with the 

creation of an artificial Pangaea where evolution has set in reverse (Bright 1998). The 

impacts are of such magnitude ___exceeding $137 billion annually in environmental 

damage and economic losses in the U.S. alone (Kolar and Lodge 2001)___ that exotic 

species are considered one of the most important landscape change drivers, even "more 

significant than global warming as an agent of ecological change" (Burgess 2003).  

Invasion of exotic species has occurred in the most varied ecosystems around the 

world. In desert environments, however, biological invasions have become a special 

concern. Due to the high spatial and temporal variability of water ___the most 

fundamental limitation to life___ desert ecosystems living on the extremes of viability are 

surprisingly sensitive to disturbance (McCarthy 2005). Invasion by exotic species is one 

the most aggressive forms of disturbance, causing interconnected ecological changes 
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ranging from local to global scales (D'Antonio and Vitousek 1992). There is still no 

comprehensive understanding of the ecological relationships controlling the invasion in 

desert ecosystems, nor reliable tools that can help us to predict which species are 

potential invaders (Rejmanek 1996) 

In the Sonoran Desert, invasive species rank among the top ten threats to 

biodiversity (Van Devender et al. 1997). It is estimated that half of the species in 9 of 14 

habitat types in this region have invasives as their major threat (Nabhan and Holdsworth 

1998). From the thousands of species introduced in the Sonoran Desert in the last several 

hundred years, more than seventy plant species have become invasives (Felger et al. 

1997). The problem with these invasive plants is their unsettling ability to become 

dominant floristically in undisturbed communities (Esque and Schwalbe 2002). Once 

established, invasives alter species composition and ecosystem function drastically, 

causing ecological changes that are potentially permanent (James 1995; Peine and Lancia 

1999). Changes in the ecosystem fire regime, productivity structure, microclimate, and 

competitive interactions are only some of the potential effects of invasives identified in 

desert ecosystem (Williams and Baruch 2000). 

Among the most problematic invasives in the Sonoran Desert are summer 

perennial and winter ephemeral grasses and herbs native to Africa and the Middle East 

region. Some of these invasive plants have received particular attention in select areas of 

the Sonoran Desert. Examples include studies on Pennisetum Ciliare (Buffel grass) (Van 

Devender et al. 1997; Búrquez et al. 2002) and Eragrostis Lehmanniana (Lehmann 

lovegrass) (Mau-Crimmins 2005) in the Central and Upland regions. Other invasives with 
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equally harmful potential affecting other sensitive regions have received less attention. 

Such are the cases of the Brassica tournefortii (Saharan mustard) and Schismus arabicus 

(Arabian grass) invading in the Lower Colorado region. These two species are among the 

six invasives with the potential of causing the most ecological damage in the Sonoran 

Desert (Van Devender et al. 1997). 

 B. tournefortii and S. arabicus have become a concern for the managers and 

ecologists of ‘El Pinacate y Gran Desierto de Altar’ Biosphere Reserve (PBR) in 

northwest Sonora who, based on empirical observations, ranked them among “the most 

pervasive weeds detected in the reserve in the last years” (Larios 2005).  There are 

unfortunately no studies supporting this empirical evidence that empower land managers 

with a clear delimitation of the current and potential ranges of invasion for the design of 

prevention, control and restoration strategies. Thus the ecological value of the PBR, 

which serves as refuge of endangered species including the pronghorn and bighorn sheep 

(Ezcurra et al. 1987; Flores et al. 1990), could be compromised by the effects of plant 

invasions. In addition, the closeness of the PBR to the Mexico-U.S. border and the 

potential environmental alterations caused by commercial and human traffic result of 

NAFTA, and recent tourist development in the Golf of California coast might expose this 

area significantly to the effects of invasives. 

 

Approach 

In this dissertation I undertake the assessment of invasive spatial distribution using a 

combination of predictive modeling, remotely sensed based change detection, and field 
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methods. The aim of the study is to test the hypothesis that highly dynamic landscapes in 

desert environments are more prone to invasion by exotic plant species. Variations in 

temporal and spatial rainfall availability plus the influence of human activities might 

make desert ecosystems particularly vulnerable to invasives. The study focused in the 

invasives B. tournefortii and S. arabicus found the PBR, as per suggestion of the Reserve 

managers. The dissertation was performed in three consecutive phases 

each represented by an individual study using a particular method that contributed 

analytical evidence to test the hypothesis of the dissertation. The three studies as a whole 

evaluated the effectiveness of a combined geospatial-remote sensing-field approach 

applied at multiple spatial and temporal scales for the suitable assessment of these species 

distribution.  

 

Organization of the Dissertation 

The research presented in this dissertation is organized in three related studies testing 

different aspects of the working hypothesis. The objectives, methods and main findings 

of each study are summarized in Chapter 2 (Present Study). Individual studies were 

prepared in the form of publishable papers and included as appendices in this dissertation. 

Each paper was submitted to a peer reviewed journal to be considered for publication. 

The paper described in Appendix B has already been accepted for publication. Papers 

described in appendices A and C are currently in review. Each paper consists of an 

introduction, methods, results and discussion, and conclusion sections. 
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Appendix A, titled, “GARP Modeling of Natural and Human Factors Affecting 

the Potential Distribution of Invasive Plants in ‘El Pinacate y Gran Desierto de Altar’ 

Biosphere Reserve” was prepared for submission to Ecological Modelling, where it is 

currently in review. In this study, I used Genetic Algorithm Rule-set Production modeling 

tool (Stockwell and Noble 1991; Scachetti-Pereira 2002b) to predict the potential 

distribution of B. tournefortii and S. arabicus as influenced by human and natural 

variables in the PBR. The results of this study served as the first modeling input used to 

test the dissertation hypothesis in Appendix C. 

Appendix B, titled, “Sensitivity of Change Vector Analysis to Land Cover 

Change in an Arid Ecosystem” has been submitted and accepted for publication at the 

International Journal of Remote Sensing. In this study, co-authored with Dr. Steve Yool, 

we applied the change vector analysis technique (Malila 1980) to assess the landscape 

dynamics in the PBR based on the spectral differences observed in Landsat imagery. Dr. 

Yool played a major role in the formulation of the research design and provided extensive 

assistance in reviewing and revising drafts of this paper. Results of this study constituted 

the second modeling input used for the study described in Appendix C. 

Appendix C, titled, “Plant Invasions in Dynamic Desert Landscapes. A Field and 

Remote Sensing Assessment of Predictive and Change Modeling” was prepared for 

submission to the Journal of Arid Environments, where it is currently in review. This 

study combined the results of appendices A and B to create models of high probability of 

invasion by B. tournefortii and S. arabicus over dynamic landscapes in the PBR. 

Accuracy of these models was assessed using field confirmed locations and land cover 
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characteristics associated to invasion. This paper was co-authored by Hugo Rodríguez 

Gallegos and Dr. Steve Yool.  Hugo Rodríguez assisted with the pre-processing of the 

IKONOS image used to derive the land cover classification, and helped with field data 

collection. Dr. Steve Yool supported the design of the research framework, and provided 

extensive assistance in reviewing and revising drafts of this paper. 
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CHAPTER 2. PRESENT STUDY 

 

The methods, results, and conclusions of this dissertation are distributed in the appended 

papers. The three studies integrated as a whole explored the relationships between 

landscape dynamic and vulnerability to invasion in desert ecosystems. Exploring the 

factors affecting the potential spatial distribution of B. tournefortii and S. arabicus 

invasives as well as their connections with particular elements of the landscape might 

provide insight into the mechanisms controlling the invasion. This knowledge is expected 

to inform ecologists and land managers for better design of prevention and control 

practices in the PBR. The scope of the individual studies comprising this dissertation is 

described briefly as follows. 

 

Appendix A – “GARP Modeling of Natural and Human Factors Affecting the Potential 

Distribution of Invasive Plants in ‘El Pinacate y Gran Desierto de Altar’ Biosphere 

Reserve” 

Invasive species are ranked among the main agents of ecological change at global scale 

(Burgess 2003).  Predictive modeling has been used for decades to inform about the 

potential distribution of invasive species out of their native ranges.  Most reliable 

predictive models are based on the niche concept, which explores predictable 

relationships between the occurrence of a species and certain characteristics of its 

environment (Grinnell 1917). Natural rules governing the invasion, however, have not 

been fully identified in all ecosystems (Bright 1998). Understanding of plant invasion 
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mechanisms in the Sonoran Desert ecosystems, for example, is still far from complete. In 

this study, we modeled the potential distribution of two invasives: B. tournefortii and S. 

arabicus in the core zone of the PBR in northwestern Sonora, Mexico. 

B. tournefortii and S. arabicus are of special concern in the PBR because of their 

relatively recent spread and potential ecological effects on native ecosystems. 

Competition capabilities of these invasives include seedling drought tolerance, extreme 

seed dispersal and germination capabilities (Gutterman 2000; Sanders and Minnich 

2000), and fire adaptation (Hanson 2005). Potential distribution of these invasives was 

modeled using the separate and combined influence of natural and human-related 

variables. Natural variables included topography, soil and vegetation type as well as 

distance to potential sources of surface water. Human-related variables included distance 

from the roads and other features of human influence in the area, as well as land 

management history.  

Among the many analytical approaches used for predictive modeling, we selected 

the Genetic Algorithm Rule set-Production (GARP) (Stockwell and Noble 1991) 

technique as implemented in the DesktopGarp application (Scachetti-Pereira 2002a). This 

algorithm has proven success in predicting ranges of species distribution based on only 

presence data from small samples. GARP develops predictive models based on a set of 

conditional atomic, range, and logistic rules that identify the ecological niches of the 

invasives (Stockwell and Peters 1999). Niches, representing areas of potential high 

probability to invasion were identified by searching iteratively for nonrandom 

correlations between invasives’ known locations, and natural and human-related 
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environmental parameters from a large set of produced models. Best performing models 

were selected through statistical and expert evaluation, and combined using GIS 

modeling into aggregated models of high probability of invasion for the two species. 

According to resulting models, areas in the eastern and northwestern portion of 

the PBR were predicted with the highest probability of invasion by both B. tournefortii 

and S. arabicus. Human-related variables showed a stronger statistical power in 

predicting these potential distributions. Distance from unpaved roads and trails showed 

the strongest influence in the predicted models. Natural variables showed in general a 

weaker predictive power. This suggested the necessity to incorporate additional 

biophysical factors that might be more significant in the definition of the invasives 

niches. Such factors including, for example, precipitation, soil moisture, or minimum and 

maximum temperatures during the seedling seasons might improve the prediction 

performance of the models.  

Despite their limitations, GARP predictions coupled with GIS modeling resulting 

from this study provided a plausible representation of the potential areas of invasion at a 

regional scale. Current knowledge of these areas existed only based on empirical 

observations without precise areal definition. These models, thus, might serve to guide 

initial efforts of invasives management to avoid further deterioration of native 

ecosystems in the PBR. But perhaps even more importantly, they can serve to scale down 

the modeling approach to critical areas where ecological processes with potential to favor 

invasions are taking place. This might help to establish connections with mechanisms 

controlling the invasion to support the design of effective management practices. GARP 
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models derived from this study constitute the first modeling input to test the hypothesis of 

the dissertation.  

 

Appendix B – “Sensitivity of Change Vector Analysis to Land Cover Change in an Arid 

Ecosystem” 

Land cover change and its associated effects on natural and human systems are the object 

of interest of diverse disciplines within the Earth systems sciences (Watson et al. 2000). 

Land cover change itself represents one of the most pervasive forms of ecosystem 

alteration and is linked to other forms of environmental degradation including erosion, 

habitat and biodiversity loss, alteration of biogeochemical cycles, ground water depletion, 

and invasive species (Lambin and Strahler 1994; Bright 1998). Desert ecosystems, 

existing on the extremes of viability due to the limited rainfall, seem particularly 

vulnerable to ecological alterations triggered and amplified by land cover changes. 

Timely detection of land cover change is therefore an essential requirement for a more 

informed use of land resources. In this study we used remote sensing to assess the 

landscape dynamic in the PBR by tracking land cover changes detected on satellite 

imagery in the 1990’s decade.  

We took advantage of the repetitive data acquisition, synoptic view, and digital 

format suitable for computer processing of remotely sensing data to detect land cover 

change (Lu et al. 2004). The multispectral datasets we used for the analysis consisted of 

two Landsat scenes, one Thematic Mapper (TM) from 1989 and one Enhanced Thematic 

Mapper plus (ETM+) from 1999, both acquired within a two week time range after the 
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monsoon season. We first normalized the scenes and then derived Kauth-Thomas (KT) 

transformations: brightness, greenness, and wetness (Kauth and Thomas 1976). These 

transformed data structures are associated commonly with vegetation content in the 

scene, capturing most of the spectral variability contained in the reflective bands of 

Landsat imagery (Crist and Cicone 1984). Significant variations in the spectral 

characteristics of vegetation can be interpreted ultimately as land cover changes taking 

place on the ground.  

In the remote sensing context, change detection compares the difference in the 

spatial representation of reflectance values of two points in time (Green et al. 1994). This 

spectral difference defines a vector, whose magnitude and direction variations can be 

measured to describe the intensity and nature of the land cover change. For the purpose of 

this study we used Change Vector Analysis (CVA) (Malila 1980). This differencing 

technique exploits the full range of spectral information contained in satellite data to 

measure the characteristics of a change vector in an n-dimensional space defined by the 

axis of spectral features derived from a multitemporal dataset. In our study, the KT 

transformations defined the axes of a three-dimensional spectral space, where vector 

direction and magnitude were measured using spherical geometry (Allen and Kupfer 

2000). To enhance the change extraction capabilities of the technique, we incorporated 

one additional measure of vector direction in the KT wetness- brightness plane.  

Results indicated that the Southeast and Southwest portions of the study area, 

lying in the buffer zone and outside of the PBR, changed most rapidly between 1989 and 

1999 due likely to the influence of grazing and agriculture activities. Those areas showed 
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the largest changes in vector magnitude towards brightness of greenness axis. The 

smallest changes in vector magnitude were detected in the central area of the PBR, where 

most of the intensive economic activities were suspended since 1993, with the creation of 

the Reserve. Change vector magnitude seems to be associated with elevation and the 

subjacent lithology in the area. Portions of the PBR with volcanic origins at higher 

elevations appear to be more resilient to changes in the natural vegetation cover than 

areas associated with sedimentary soils at lower elevations. 

Resulting change vector magnitude and direction features were reclassified and 

recombined to identify the most dynamic landscapes in the PBR. These areas constituted 

the second modeling input required to test the hypothesis of this dissertation. Dynamic 

landscapes detected in this study coincided spatially in the eastern portion of the PBR 

with areas of high probability to invasion predicted by GARP models in the first study. 

This result laid the groundwork to establish connections between landscape dynamics 

exposed with this approach and invasion by exotic plants occurring in the PBR. 

 

Appendix C – “Plant Invasions in Dynamic Desert Landscapes. A Field and Remote 

Sensing Assessment of Predictive and Change Modeling” 

The devastating, nonetheless some times subtle, effects of invasive species demand 

information tools that support more effective management strategies. Robust predictive 

models of current and potential invasives distributions set the basis for the design and 

application of such managing actions. Predictive modeling of invasives is, however, 

subject to many uncertainties because of the many factors intervening in the 
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establishment (Rouget et al. 2004). Characterizing completely the different aspects of the 

mechanisms controlling invasion is difficult or impossible due to the complex ecological 

and biotic interactions favoring adaptation (Williamson and Fitter 1996). Such 

uncertainties make assessment of predictive models a requirement for their incorporation 

as effective informative tools in the plans for prevention and control of invasives. 

 In this study we used a scaled down modeling approach based on field and remote 

sensing data to assess the validity of predictive modeling using the dissertation 

hypothesis as our theoretical framework: We hypothesize that highly dynamic 

landscapes, particularly in desert environments, are more prone to invasion by exotic 

plant species. Instability, produced by the interannual and spatial rainfall variability and 

the influence of human activities might favor highly adaptable exotics in desert 

environments. To test this hypothesis we conveyed the findings of the experiments 

undertaken in Appendixes A and B. The first experiment used GARP and GIS to model 

the potential distributions of the invasives B. tournefortii and S. arabicus. The second 

experiment employed CVA to identify the most dynamic landscapes in the PBR (Sánchez 

Flores and Yool 2006).  

We combined the products of those experiments into GARP-CVA models, which 

concurred spatially in the eastern portion of the PBR (ePBR) and guide the selection of 

the study area. We collected field confirmed locations of the invasives and derived a land 

cover classification from high spatial resolution IKONOS imagery to assess the 

predictive skill of combined GARP-CVA models. Land cover classification was used as 

the basis to map the number of confirmed invasive locations to identify associated land 
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cover types for the GARP-CVA model assessment. Land cover characterization revealed 

in addition important associations with invasives that might be of particular interest for 

invasives management. We used spatial statistics to measure the agreement between the 

GARP-CVA models, field locations, and associated land cover types to test the 

hypothesis of the study. 

Dynamic landscapes prone to invasion in the GARP-CVA models were located 

mostly in the eastern and southeastern lowlands of the ePBR. The GARP-CVA models 

showed low accuracy when tested against confirmed locations of the invasives due very 

likely to the large modeling scale. Land cover characteristics offered, however, a more 

significant means to assess the conformity of GARP-CVA models and actual 

invasiveness. Land cover classification showed that B. tournefortii locations are 

associated mostly with dynamic landscapes occupied by microphyllous desert scrub and 

grassland, as well as sarcocaulescent desert scrub. S. arabicus locations were found more 

abundantly in dynamic flat low lands occupied by microphyllous and crassicaulescent 

desert scrub. The GARP-CVA models showed a good spatial agreement with the 

distribution of invasives per the land cover type, which confirms, though not in a definite 

manner, the hypothesis of the study.  

Results of this experiment demonstrated the effectiveness of a combined 

geospatial and remote sensing approach to detect the presence of invasives and test the 

validity of predictive modeling. The confirmed hypothesis that dynamic landscapes are 

more prone to invasion needs, however, to be investigated further because the ecology of 

these invasives is likely more complex than we can model. From the outcomes of this 
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study it is still possible nonetheless to recognize the strong and still not well understood 

linkages that exit between landscape dynamics and invasion mechanisms. Land cover 

characterization can be also a useful factor to guide the detection of critical invaded 

areas, while at the same time provide insight into the complex ecological relationships 

that control the invasion. 

 

Summary 

Ecological and economic impacts caused by invasive species worldwide have elevated 

biological invasions to the level of global threat. Not all ecosystems are affected the same 

way by invasives (Williamson and Fitter 1996), which poses a tremendous importance in 

understanding the ecological mechanism that favor invasion. Characterizing the suitable 

environmental conditions and alterations for those mechanisms to act represents a step 

towards such an understanding. In this research we explored the linkages between 

landscape dynamic and vulnerability to plant invasion in a desert environment through 

three separated but related studies. The results of these studies have direct significance 

for the design and application of invasives management strategies for the conservation of 

native ecosystems in the PBR. The main findings of this research can be summarized in 

the following points: 

• Potential distribution of invasives B. tournefortii and S. arabicus is influenced 

strongly by human related factors in the PBR. Road networks seem the single 

most significant variable affecting the distribution of these two invasives. This 

finding confirms the well known role of humans as vectors on invasion (Gelbard 



 25

and Belnap 2003; Tyser and Worley 2004). The influence of biophysical factors 

in the distribution of these invasives seem quite more complex to model, and 

requires the incorporation of variables related more directly with the niches of the 

invasives. Potential distribution models, though, provide the basis for designing 

management practices at regional level and for down scaling predictive and 

assessment modeling over critical areas. 

• The most dynamic landscapes of the PBR during the 1990’s decade are found in 

the in the eastern sedimentary lowlands occupying the buffer zone and external 

areas of the reserve. The land cover changes over these areas are characterized by 

interlaced losses and growing of vegetation, very likely associated to grazing and 

agriculture activities. Areas with volcanic origins at higher elevations in the center 

of the PBR appear in contrast to be more resilient to changes in the natural 

vegetation cover showing no significant land cover changes. This suggests the 

effective exclusion of the economic activities in the protected area of the PBR. 

Landscape dynamics exposed with this approach served to establish connections 

with other ecological processes occurring at the PBR, such as the invasion by 

exotic plan invasives. 

• Dynamic landscapes appeared more vulnerable to invasive plant species in the 

PBR. Invasion by B. tournefortii is associated mostly with dynamic landscapes 

occupied by microphyllous desert scrub and grassland, as well as sarcocaulescent 

desert scrub. S. arabicus invasive is found more abundantly in dynamic flat low 

lands occupied by microphyllous and crassicaulescent desert scrub. These 
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findings are, however, not conclusive and need further investigation. The 

complexity of the ecological relationships influencing the invasion underscores 

the need for integrated modeling approaches at multiple temporal and spatial 

scales for the design of effective management strategies.  

 

Future work 

Several tasks might be undertaken to improve and extend the results of this study. These 

include, for example, the incorporation of biophysical variables that describe better the 

niche conditions of the invasives to improve model performance. The time record of 

satellite imagery used to capture landscape dynamics could moreover be extended at least 

back three decades to differentiate better actual land cover changes from inter annual 

vegetation variability. Extrapolating the analysis to other areas of the PBR and other 

ecological reserves is another potential action to continue the testing of the working 

hypothesis in other desert ecosystems with different environmental conditions. The 

results of this and future analyses will be presented to the authorities of ‘El Pinacate y 

Gran Desierto de Altar’ Biosphere Reserve in the form of published papers, printed map 

models, and digital GIS databases for evaluation by the field experts, with their eventual 

incorporation in the design of invasives management programs. 
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Abstract 

 

Invasive plant encroachments threaten biodiversity and ecosystem viability worldwide. 

Effects of invasives on native Sonoran Desert ecosystems are, for example, a growing 

concern among ecologists and land managers. Potential distributions of the exotics 

Brassica tournefortii and Schismus arabicus were modeled for ‘El Pinacate’ Biosphere 

Reserve (PBR) in Sonora Mexico using genetic algorithms within a Geographic 

Information System (GIS) database. Spatial models were created using known presence 

points for B. tournefortii and S. arabicus, and the merged and separated influence of 

natural and human-related variables, respectively. Best performing models were summed 

to produce probability models for each species and suite of variables. Models derived 

from human related variables showed higher significance and accuracy values for both 

invasives. Combined probability models were reclassified to isolate areas of high-

predicted presence, which served to identify individual variables that favor most the 

potential occurrence of invasives. These variables showing greatest predictive skill were 

isolated and recombined to produce models of merged conditions of high probability 

presence. Internal road networks were the strongest predictors of presence, revealing the 

potential importance of humans in the PBR as vectors of invasiveness. 

 
 
Keywords: Invasive Plants; Schismus arabicus; Brassica tournefortii; Genetic Algorithm 

Rule-set Production; predictive modeling; El Pinacate Biosphere Reserve. 

 

 



 33

1. Introduction 

 

Invasive plant species have emerged as a global concern among ecologists and land 

managers in the last decades because of the severe ecological and economic impacts they 

can have on native environments. Scientists use predictive models to inform the extent of 

the spread and to gain insight into the factors controlling the invasion. After four decades 

of modeling, however, ecologists have yet to identify the natural 'rules' that govern 

processes of invasion and, thus, have strong predictive value (Bright 1998). Three 

predictors of invasion appear frequently in statistical studies: propagule pressure, 

previous success of the species in other invasions, and suitability of the invaded habitat 

(Williamson and Fitter 1996). Not all exotic species become invasives, thus suitability of 

recipient habitat, in terms of abiotic conditions (light, temperature, moisture and soil 

properties), or biotic factors (competition, adaptation) can ‘qualify’ an exotic species to 

become invasive. Natural and human disturbances create or foster such suitable 

conditions for invasion altering the natural resilience of ecosystems and opening new 

opportunity windows for exotics to become dominant. 

Deserts ecosystems in the southwestern U.S. and northwestern Mexico have been 

affected by the introduction of exotic species. These exotics include annuals and 

perennial grasses from Africa and the Middle East that have established and changed the 

face of these arid lands (James 1995). The invasive effects of exotic plants in places like 

the Sonoran Desert are not well understood and have not been quantified (Burgess et al. 

1991). Changes in the ecosystems’ native range, fire regime, productivity, structure, 
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function, and competitive interactions are only some of the effects of invasives on 

ecosystem (Brooks 1999; Williams and Baruch 2000). Among the many species 

identified as potential threats to native ecosystems of the Sonoran Desert, two species in 

particular were selected for their potential impacts on ecosystem structure and function 

related to nutrient consumption and fire-related reproduction: Schismus arabicus Nees 

(Arabian grass) and Brassica tournefortii Gouan (Saharan mustard).  

 

1.1 Ecology of Schismus arabicus Nees 

Schismus arabicus Ness (Arabian grass) is an annual monocot from the family Poaceae, 

usually 2-12 cm tall, which has a native Saharo-Arabian phytogeographic distribution. It 

occurs typically in desert areas between 0 and 1300 m of elevation receiving about 25-

150 mm annual rainfall (Gutterman 2003). S. arabicus has become an important 

component of the winter-early spring annual vegetation of the Mojave and Sonoran 

deserts, especially in disturbed and open areas (Brooks 1995). It is widespread and well 

established in southwestern United States and northwestern Mexico, where it is abundant 

seasonally in sandy lowlands and flats, arroyos and washes, agricultural, and urban areas 

(Van Devender et al. 1997). It has also been reported from roadsides, waste areas, fields, 

dry river beds, grazing areas, off-road-vehicle use areas, or where construction of linear 

corridors have reduced shrub cover and disturbed the soil (Allred 1993; Brooks 1998). 

The earliest record for S. arabicus in North America seems to be 1933 (Hoover 1936) in 

southern Arizona, from where it might have radiated later to the Mojave Desert in the 

1940s.  
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S. arabicus is very successful in covering large areas of deserts because it has 

developed sets of survival strategies including seedling drought tolerance and extreme 

seed dispersal and germination capabilities (Gutterman 2000). It produces large amounts 

of tiny seeds, which are dispersed easily by wind into soil cracks or depressions after 

maturation. This mechanism enables seedlings to escape from massive consumption by 

ants (Gutterman 1996) during the summer and wait for the first rains in the winter. S. 

arabicus has been observed to germinate even with less than 10 mm of rain, not enough 

for many of the other annual species to germinate. Its extreme resistance and high 

germination capability enable this species to emerge in large populations and produce 

seeds even in very harsh conditions when almost no seed germination occurs in other 

plant species (Gutterman 2001). 

S. arabicus can compete effectively for limiting nutrients with native annual 

plants that occupy spaces between shrubs, mostly because of its non-shade tolerant nature 

(Brooks 1998). The first stems and leaves often spread out close to the ground, excluding 

effectively or preventing other ephemerals from sprouting (Van Devender et al. 1997). In 

addition to resource competition, dense and continuous cover of S. arabicus has the 

potential to create a positive feedback fire cycle that threatens fire sensitive native 

species. Fire can be easily carried across inter-shrub spaces by the dead stems of S. 

arabicus, during the dry season increasing the frequency and extent of fire occurrences 

(Brooks 1998). 

 

1.2 Ecology of Brassica tournefortii Gouan 
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Brassica tournefortii Gouan (Sahara mustard) is an annual herb of the family 

Brassicaceae native of North Africa and central Asia (USDA-GRIN 2003). It probably 

was introduced to North America with date palms brought from the Middle East during 

development of the date industry in the Coachella Valley, CA in the 1920's (Brooks 

1998).  It then spread east into the Sonoran Desert through a very slow initial lag phase 

during the 1960s to 1970s. It was restricted first to sites with relatively high nutrient and 

water levels along roadsides, until it reached a 'critical mass' and spread into the wildland 

areas after years of high rainfall (Brooks and Pyke 2001). By the late 1970s B. 

tournefortii was widespread and well established in southwestern Arizona and 

northwestern Sonora as far south as Guaymas. The earliest record of this species in 

Sonoran collections dates from 1966 (Van Devender et al. 1997). 

B. tournefortii is especially common in sandy lowland habitats including low 

dunes, inter-dune troughs, sandy flats, and sandy-gravelly washes (Van Devender et al. 

1997) with well-drained moist soils (Huxel 1992). This species invades areas with wind-

blown sediments and disturbed sites such as roadsides and abandoned sandy fields where 

it can form almost pure stands. Though, it can also be found on alluvial fans and rocky 

hill slopes during years of high rainfall (Sanders and Minnich 2000). Individuals of this 

species can vary in size, with stems 10 to 100 cm tall, depending upon the availability of 

soil moisture. Drought-stressed plants can reproduce with leaves as small as 8 cm long. 

On sandy soils with sufficient moisture the leaves can grow to more than 50 cm long, 

giving the plant a 1 meter spread, making it the largest herbaceous rosette plant in the 

region (Van Devender et al. 1997). B. tournefortii flower or fruit as early as December or 
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January and set seed by February controlled by the onset of the winter rainy season. 

Rains as little as 4 cm can cause mass germination (Sanders and Minnich 2000). 

Dispersal mechanisms of B. tournefortii include active spread of individual seeds 

by graminivores. Passive spread through a mucilaginous gel that forms on seed cases in 

contact with water and allow the seeds to stick to many surfaces, such as animals, 

vehicles, and people (Brooks 1998). Dry plants can also break off at ground level and 

tumble across the landscape in the wind, spreading seed and infesting new areas. Plants 

can be blown into water bodies, such as lakes and rivers, and can float on water to new 

areas. Seeds are capable of germinating after being in or under water for up to two 

months (Graham et al. 2002). 

B. tournefortii has been identified among the six weeds that have the potential to 

cause the most ecological damage in the Sonoran Desert (Van Devender et al. 1997). It 

can compete and reduce the productivity of native plants (Brooks and Pyke 2001). 

Because of its early emergence, dense stands of this species appear to monopolize 

available soil moisture as it builds canopy and matures seed long before many native 

species have begun to flower (Graham et al. 2002). Due to its drought tolerance, B. 

tournefortii can even expand over large areas when other annuals are suppressed during 

long dry periods (Sanders and Minnich 2000). B. tournefortii can also affect wildlife by 

altering the availability of forage plants and the characteristics of their habitat structure. 

In addition, dense pure stands of B. tournefortii increase fuel loads, promoting fire hazard 

in desert scrub and coastal sage scrub communities, where it can be established from a 

soil seed bank after fire (Brooks 1998). 
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1.3 Predictive modeling of plant invasives 

Modeling the potential distribution of invasive species is always subject to uncertainties 

because of the many factors intervening in the invasives’ spread (Rouget et al. 2004) 

including biotic interactions and invasives’ genotypic plasticity for adaptation. Most 

reliable predictive models are based on the niche concept, which underlines the premise 

that predictable relationships exist between the occurrence of a species and certain 

characteristics of its environments (Grinnell 1917). Proper characterization of such 

relationships allows modeling of a set of suitable conditions that favor occurrence of 

species within their native distributional range or modeling the spread of exotic species 

occupying vacant niches in new habitats. It is, however, recognized that niche-based 

models suffer also from important limitations. Among the most important are the lack of 

accounting for biotic interactions, dispersal, and evolutionary change (Pearson and 

Dawson 2003). 

Predictive models employ a variety of statistical and non-statistical analytical 

approaches to assess species-environment relationships (Heglund 2002). These 

approaches include: logistic regression, discriminant function analysis, approaches based 

on distance measures; and parallelepiped set-based approaches among others (Peterson 

and Cohoon 1999). It has been recognized, however, that despite new promising 

modeling tools, quantity and quality of input data remain crucial issues for reliability of 

predictive distributional modeling (Welk 2004). Typical data used for predictive 

modeling are in the form of known points of specimen occurrences stored in museums 

and herbariums (Robertson et al. 2001; Zaniewski et al. 2002). Conversion of this 
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primary distributional data into spatially continuous predictions of species allocation is 

the basis for predictive geospatial models created within a Geographic Information 

Systems (GIS) environment (Corsi et al. 2000). Control variables for predictive 

geospatial models consist typically of climate, topography, and disturbance factors 

encoded in a continuous raster data structure (McKinney 2002; Ward 2003; Espinosa-

Garcia et al. 2004; Rouget et al. 2004; Underwood et al. 2004).  

New and more data-efficient approaches in predictive modeling include recent 

innovations in Gap analysis (Scott et al. 1993); Artificial Neural Networks (ANN) 

(Colasanti 1991); fuzzy set theory (Ayyub and McCuen 1987); and Genetic Algorithm 

Rule-set Production (GARP) (Stockwell and Noble 1991). Data efficiency is a criterion 

used frequently to select a modeling approach. Although broad comparisons of efficiency 

between different approaches have not yet been carried out, preliminary trials 

demonstrate that GARP is an especially promising protocol for predicting species 

distribution based on point occurrences (Peterson and Cohoon 1999).  

 

1.4 Genetic algorithms modeling approach 

The GARP method is inspired by models of genetic evolution (Holland 1975). GARP 

develops predictive models consisting of a set of conditional rules in the form of ‘if-then’ 

statements that describe the ecological ‘niches’ of the species under study (Stockwell and 

Peters 1999). Niches are identified by searching iteratively for nonrandom correlations 

between species’ known locations and a variety of environmental parameters. Extensive 

testing of GARP suggests excellent predictive potential and relative insensitivity to small 
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sample sizes and dense environmental datasets compared to conventional modeling 

approaches such as regression. Precision of predictions clearly depends, however, on the 

minimum resolution available in both environmental and species occurrence data 

(Peterson et al. 2002).  

GARP models are built by an iterative process of rule selection, evaluation, 

testing, and incorporation or rejection of the rules produced (Peterson et al. 1999).  In the 

first phase, GARP selects a random population, based on a combination of initial 

prediction rules, which might represent suitable solutions for the problem.  The fitness to 

the characteristics of the population is then evaluated for each pixel in the search space. If 

the performance of the rule is adequate as determined by the rule's significance measure, 

the rule is retained for further runs of the algorithm, until an end condition ___consisting 

of a convergence limit and maximum number iterations___ is satisfied (Stockwell and 

Peters 1999). Through each iteration rules are modified by selection, crossover and 

mutation ___resembling the genetic process. 

GARP is a superset of predictive rules because it has the ability to handle several 

different types of rules at once.  This is advantageous because different types of rules can 

be applied in a single model. This implies that the type of rule that describes best the 

relationship among the variables is used for any particular portion of the search space (i.e. 

all possible combinations of variables) (Stockwell and Peters 1999). The rule types 

GARP uses include: atomic, BIOCLIM, range, and Logit rules.  

Atomic rules, the simplest form of rules, use only a single value of the variable in 

the precondition of the rule. BIOCLIM rules (Nix 1986) define the range of a species 
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from its environmental tolerances. These range values are enclosed in a statistically 

defined envelope containing typically 95% of the data points where the species occurs. 

Range rules are a generalization of the BIOCLIM rules, where not all possible predictor 

variables need to be used in the rule. Range rules are useful when the response of a 

species has the form of environmental tolerances or limitations. Logit rules are an 

adaptation of logistic regression models to rules where the output is transformed into a 

probability. These are useful when species respond through environmental gradients 

(Stockwell and Peters 1999).  

GARP has been used to predict a variety of species distribution including birds in 

Mexico (Feria and Peterson 2002; Stockwell and Peterson 2002; Anderson et al. 2003) 

and North America (Peterson and Cohoon 1999); rodents in South America (Anderson et 

al. 2002; Anderson et al. 2003); and invasive vector disease insects in South America 

(Peterson et al. 2002). However no applications have been made for invasive plant 

species in a desert environment. The objective of the study is therefore to use GARP to 

characterize the potential spatial distribution of B. tournefortii and S. arabicus invasives, 

identified as a serious threat to a protected area of the Sonoran Desert, where 

conservation of the native ecosystems is a priority. Predictive models of these two species 

enabled assessment of human disturbances and environmental factors facilitating their 

invasion. Predicted distributions also served in the identification of highly vulnerable 

areas, where management efforts should focus. 
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2. Data and methods 

 

2.1 Study area 

Potential distribution of B. tournefortii and S. arabicus was modeled in an area enclosing 

the core zone of ‘El Pinacate y Gran Desierto de Altar’ Biosphere Reserve ___referred to 

subsequently as PBR___, in northwestern Sonora, Mexico (Figure 1). This 3,558 km2 area 

is located approximately between 113º12’41” and 113º53’49” longitude W, and 

31º31’39” and 32º02’09” latitude N, extending along three municipios: San Luis Rios 

Colorado, Puerto Peñasco, and Plutarco Elías Calles.  

The central portion of the PBR is mostly covered by a volcanic field scattered 

with hundreds of cinder cones and isolated maars largely from the Pleistocene age 

(Gutmann 2002). The southwest portion, delimited by the Gulf of California, is covered 

by sand dunes that extend from the lower Colorado River delta. The southeast portion of 

the study area is mostly covered by the Sonoyta River valley. The northeast is delimited 

by the Mexico-U.S. international border. This closeness to the border gives the study area 

a special character due to increasing human and commercial activity in the last decades, 

which might be related to the invasion of exotic plants.  

Natural vegetation of the PBR belongs to the Sonoran Desert Scrub biome, which 

includes the Arizona Upland Sonoran Desertscrub and the Lower Colorado River 

Sonoran Desertscrub subdivisions (Brown and Lowe 1980; Ezcurra et al. 1987). The 

most important community association in the region is represented by creosote bush 

(Larrea tridentata) and White bursage (Ambrosia dumosa) (Klopatek et al. 1996).  
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Annual precipitation rounding 125 mm is markedly bimodal with up to 50% of the annual 

rainfall occurring as monsoonal storms from July to September (Adams and Comrie 

1997; Sheppard et al. 2002) and the other half as a wintertime mid-latitude cyclones. 

Annual potential evapotranspiration rates over 2500 mm and mean annual temperature 

near 22ºC (Klopatek et al. 1996). Elevation is generally low ranging from sea level to 

1184 m at the Pinacate Peak in the center of the PBR core zone. 

 

2.2 Invasive sampling and environmental variables 

Invasive presence points were collected at the PBR using a modified vegetation-stratified 

random sample distribution. Since vegetation is one the best indicators of the combined 

abiotic conditions, polygons of vegetation communities were used to locate randomly a 

proportional-to-size number of points. Points of confirmed presence in the field were 

incorporated into the sample. Areas of difficult access were excluded from the sampling. 

Many of the excluded areas, however, corresponded to relatively recent lava flows where 

plant colonization is limited. A total of 105 points were collected in the field from June to 

August 2005 using a hand handle GPS unit with an accuracy of ±5 m. 37 of these points 

corresponded to B. tournefortii and 68 points to S. arabicus locations. X and Y 

coordinates of these points in UTM NAD27 zone 12 were used as input data points for 

the GARP experiments.  

Both natural and human related variables were used as predictors for the analysis. 

Most species modeling efforts are based only on the biophysical factors that define the 

species’ niche in unoccupied environments. For this exercise, however, human 
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disturbances were considered to be important potential drivers of invasion, given the 

potential impacts of human activity in the PBR. To confirm or reject this assumption, 

models of potential distribution were created taking into account the combined and 

separated influence of human related and biophysical variables.  

Natural variables included: elevation; aspect; slope; flow direction; soil type; and 

vegetation type; Euclidean distance from ephemeral streams; Euclidean distance from the 

Sonoyta River; and coastal proximity. Topographic variables were chosen as important 

drivers of the mass-energy transfer processes that control vegetation establishment and 

vigor in ecosystems. These were derived from a 60 m Digital Elevation Model (DEM) 

created with the ArcGIS (ESRI 2005) ‘toporaster’ algorithm from contour lines at 

1:50,000 scale. Vegetation was included at a community level indicating main general 

plant associations. For the soil, physical and chemical soil phases were included to define 

the polygons of this variable. Both, vegetation and soil were digitized and rasterized from 

1:250,000 scale maps.  

Access to hydrologic resources in arid environments is critical for vegetation 

success. Therefore, closeness to water features was considered an important variable for 

the potential distribution of the invasives. Hydrologic features to derive the Euclidean 

distance to water variables were digitized from 1:50,000 maps. The sources of all 

biophysical data were maps at 1:50,000 scale produced by the INEGI (Instituto Nacional 

de Estadística Geografía e Informática), the Mexican National Institute of Statistics, 

Geography and Informatics. 
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Human-related variables included: Property type; Euclidean distance from trails 

and backcountry roads; Euclidean distance from highways; Euclidean distance from 

ranches and small human settlements; Euclidean distance from railroad; and Euclidean 

distance from points of tourist interest. Even though the PBR has been a protected area 

since 1993, the property variable was chosen due the possible different land use histories 

that might have caused different levels of alteration on the native ecosystems, increasing 

vulnerability to exotics. Property data were obtained from an updated  report on land 

tenancy in the Pinacate region (CONANP-IMADES 2003). Sources of the features to 

derive the rest of human-related variables were also INEGI maps at 1:50,000 scale. 

Predictor variables were stored in GRID format with 60 m resolution and 

projected into UTM NAD27 zone 12. The grids were then converted to ASCII raster 

grids format and checked for precise spatial matching as required by the GARP Dataset 

Manager. All ASCII rater grids consisted of 1060 columns and 985 rows representing 

continuous data in ratio and interval scales of measurements and discrete data in nominal 

scale of measurement. 

 

2.3 GARP Modeling 

Potential distribution models for the two invasive species were created based on the 

GARP (Stockwell and Peters 1999), implemented as DesktopGarp (Scachetti-Pereira 

2002a). DesktopGarp is a Windows based application for biodiversity and ecologic 

research that ease the implementation of GARP experiments. This program yields 

heterogeneous rule-sets representing the potential distribution range of the invasives 
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based on the influence of predictor variables, in both statistically and spatially explicit 

form. The only data inputs DesktopGarp required were the species point occurrences and 

the environmental datasets formed of groups of environmental predictors. 

For this study, all predictor variables were first imported into the GARP Dataset 

Manager, where combined and separated natural and human datasets were created. Each 

of these three environmental datasets was used to build models for the two species, 

producing a total of six experiments.  Each experiment was performed for up to 200 

individual models, with a convergence limit of 0.01 and up to 1000 maximum iterations. 

These optimization parameters established ‘stop’ conditions for iterations within the 

genetic algorithm. For each model, the algorithm ran either 1000 iterations or until the 

addition of new rules had no appreciable effect on an intrinsic accuracy measure of 0.01. 

Generally, a greater number of iterations tends to produce more stable results given the 

stochastic nature of GARP (Scachetti-Pereira 2002b). Predicted areas are frequently 

concurrent in a larger number of runs. 

GARP model building started in this case with a random partition of the dataset. 

50% of the records were selected randomly to train the rule selection, while the other 

50% was set aside for evaluation. Then, each of the available methods (i.e. atomic, range, 

negated, logistic) was applied to the training data. Rules were developed and their 

predictive accuracy evaluated via training points, re-sampled intrinsically from both the 

known location sample and a ‘background’ or pseudo-absence sample of 2500 pixels. 

First, GARP chooses 1250 pixels randomly with replacement from locations of known 

occurrence coinciding and falling outside the predicted areas. Then 1250 more 
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‘background’ pixels are sample with replacement covering the remaining of the study 

area (Anderson et al. 2003). The change in predictive accuracy from one iteration to the 

next was used to evaluate whether a particular rule set should be incorporated into the 

model. 

GARP produced a graphical output in the way of binary grids indicating areas of 

potential presence and absence. Another type of outcome from each experiment was a 

matrix summary of all runs, result parameters, preliminary statistical tests, and accuracy. 

Theses parameters were used to evaluate model performance for the selection of best 

subsets that enabled integration of more robust distribution models of the target invasives 

in the study area.  

 

2.4 Model assessment and selection 

Optimal model validation would be possible if an independent dataset were available. 

Because of the lack on independent test data, however, an external significance measure, 

the χ2 statistic, and measures of model performance were used to validate selection of 

optimal models based on the criteria proposed by (Anderson et al. 2003). The χ2 statistic 

measured the probabilities of a random prediction producing the same number of correct 

predicted points in each model. Accuracy was assessed using intrinsic and extrinsic 

measures of overall performance. Intrinsic measures were based on the training data used 

to build the models, while extrinsic measures were based on the test data set aside for 

evaluation at the beginning of each experiment. GARP’s matrix summary provided an 

intrinsic correct classification rate to assess the overall performance of each model. This 
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measure consisted of the sum of the correct predictions divided by the sum of error terms 

and correct predictions (Stockwell and Peterson 2002). Because of the over estimation of 

the commission error when using only presence data, however, this measure was not the 

only criterion used to select best models.  

The intrinsic measures of overall performance were calculated from the 2500 re-

sampled points selected by GARP to assess the accuracy of the models. The first of these 

measures, the intrinsic omission error, was calculated by dividing the omission error by 

the sum of the correct present predictions and the omission error itself. This error 

corresponds to the proportion of points falling outside the predicted region (Eq. 1). A 

second measure, the intrinsic commission index was calculated by dividing the 

commission error by the sum of the correct absent predictions and the commission error 

itself (Eq. 2). However, given the insufficient presence data to verify all locations, this 

measure contains contributions of the true and apparent commission errors (Anderson et 

al. 2003). The extrinsic measures of overall performance were calculated from the 50% 

of known presence points set apart for testing by GARP. These measures include the 

extrinsic omission error, which corresponds to the number of test points falling outside 

predicted areas divided by the total number of test points (Eq. 3). The other measure is 

the extrinsic commission index, which is the true proportion of pixels predicted present 

divided by the total number of pixels (Eq. 4).  

Intrinsic omission error = omission error / (correct predictions + omission error)                  (1) 

Intrinsic commission index = commission error / (correct predictions + commission error)     (2) 

Extrinsic omission error = test points outside predicted areas / total number of test points        (3) 

Extrinsic commission index = proportion of pixels predicted present / total number of pixels    (4) 
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Intrinsic and extrinsic measures of performance were then plotted for all 200 

models in each experiment. Best models minimized the omission errors while reporting 

commission indexes smaller than 1 std. dev. above the mean. This boundary above the 

mean was established arbitrarily due to the over prediction effects of using only presence 

data. To identify those models that met the selection criteria, intrinsic and extrinsic 

omission errors were plotted against the intrinsic and extrinsic commission indexes for 

models of both species, derived from each group of variables. The intrinsic overall 

performance or test accuracy was also plotted against a measure of extrinsic performance, 

the χ2 statistic, to identify the plot areas where best subset models fall for selection. Given 

the stochastic elements in GARP, which may yield multiple solutions with the same 

optimization values, Anderson et al. (2002) proposed that a suite of 20 models might 

predict the potential distributions better than any single model. Therefore 10% of the 200 

runs were selected according the above best subset selection criterion.  

Besides the statistical measures of model performance, these best 20 subsets for 

each species and group of variables were evaluated through a ‘blind statistics’ expert 

approach. Personnel of the Reserve ___including operative sub director and field 

biologists___ with knowledge of the invasives’ current distributions were asked to 

evaluate the 20 best subsets from each experiment without being shown the performance 

statistics of any model. For this purpose, they were provided only with spatial 

representation of the models identified only by species type, and asked to rate models 

using a qualitative scale of Good, Regular, or Bad as proposed by Anderson et al. (2003). 
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Expert evaluation was not used strictly as a selection criterion, but rather as a means of 

accepting or rejecting model selection produced by the statistical measures of 

performance. 

The best 20 models from each experiment were summed and divided by 20 to 

produce six probability models that showed the aggregated probability distribution of 

each species predicted from each of the environmental datasets. These six probability 

models were used to identify potential critical areas of invasion that might represent 

targets of management actions. Given the over-prediction problems of GARP 

experiments executed from only presence data, however, the six probability models were 

converted first to binary grids, where vales from 0-0.5 were classified as absent and 

values from 0.51 to 1 were classified as present. The continuous environmental variables 

were reclassified into categories. A cross-tabulation was then executed to associate the 

categories of each variable with the larger number of pixels predicted as ‘present.’ These 

categories were isolated in high-predicted presence grids and added in a single final grid, 

showing the critical areas of potential invasion. These areas showed the highest 

probabilities for the two species to occur based on the individual equal weighted 

influence of all predictor variables. 

 

3. Results and Discussion  

 

Six GARP experiments yielded 200 individual models each. Trends in the plots of 

intrinsic and extrinsic measures of performance of models derived from different sets of 
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variables reveal general patterns reflecting the predictive power of those variables. 

Measures of intrinsic performance of models derived from all the environmental 

variables showed the natural trend of decreasing intrinsic omission error while increasing 

intrinsic commission index for the two species (Figure 2). Most models of B. tournefortii 

produced intrinsic omission errors between 0.2 and 0.6 with intrinsic commission indexes 

below 0.2, while most models of S. arabicus showed the opposite pattern: intrinsic 

commission index values between 0.2 and 0.6 and intrinsic omission errors below 0.2. 

Measures of extrinsic performance resembled this described pattern for the two species 

(Figure 3). There were no distinct trends between the intrinsic and extrinsic measures of 

overall performance for models of the two species derived from the dataset containing all 

environmental variables (Figure 4). Most  B. tournefortii models, however showed higher 

values of intrinsic and extrinsic overall performance than those produced by S. arabicus 

models. These differences might be in part due the different number of known occurrence 

points collected for each species: 37 occurrence points used for B. tournefortii models 

yielded relatively higher proportions of omission errors than the 68 points of used for S. 

arabicus. This disparity is due likely to the limited sample to verify occurrences of B. 

tournefortii. 

In models derived only from human related variables, a very well defined 

negative trend is more evident between measures of intrinsic performance: Intrinsic 

commission indexes below 0.2 and between 0.2 and 0.6 were again common for models 

of B. tournefortii and S. arabicus respectively (Figure 5). However, the intrinsic omission 

errors of S. arabicus were spread between 0 and 0.6.  The extrinsic measures of 
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performance again resembled the patterns of the intrinsic measures (Figure 6). Measures 

of extrinsic vs. intrinsic overall performance are correlated positively too. Though ranges 

of both measures are less spread for S. arabicus than for B. tournefortii. In fact, S. 

arabicus models showed an almost perfect positive correlation staring at 0.6 of intrinsic 

overall performance (Figure 7). 

Despite showing also negative trends, measures of intrinsic and extrinsic 

performance of models derived from natural variables had more spread values (Figure 8 

and Figure 9). These trends might be reflecting the very inconsistent predictive power of 

natural variables over the two species. However, intrinsic and extrinsic omission errors of 

S. arabicus models never exceeded 0.6, while some models of B. tournefortii almost 

reached values of 1.0 because the fewer number of known presence points to build the 

models. Extrinsic and intrinsic overall performance showed and almost perfect positive 

correlation with values as low as 0 for the two species. This was only the case, however, 

where B. tournefortii models yielded smaller extrinsic overall performance values than S. 

arabicus (Figure 10). This trend indicates the even less predictive power of natural 

variables in B. tournefortii models and confirms also the effect of the smaller amount of 

occurrence points used to build them.  

 

3.1 Best models’ statistical assessment 

Best models derived from human variables were highly significant for both species, 

reporting extremely low p values, which set them apart from random predictions. B. 

tournefortii models derived from all variables, for example, yielded χ2 values from 63.12 
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to 214.76 (p < 0.05), while χ2 values of models derived from human variables ranged 

from 97.22 to 225.95 (p < 0.05). However, B. tournefortii models derived from natural 

variables yielded the lowest range of χ2 values, 8.11- 31.5 (p < 0.05)___suggesting the 

very low predictive power of the natural variables used for this study in describing the 

potential distribution of B. tournefortii.  

In the same way, all selected models of S. arabicus were of relatively low 

significance. Those derived from all variables produced χ2 values from 26.51 to 42.71 (p 

< 0.05); χ2 values of models derived from human variables started at 35.59 and ended at 

72.52  (p < 0.05) ; while χ2 values of models derived from natural variables ranged only 

from 16.46 to 52.96  (p < 0.05). Low significance of S. arabicus models might be due to 

the relative extent of the species habitat, which was not necessarily sampled exhaustively. 

Significance results might indicate that models from natural variables should be 

considered carefully due to the low statistical power. As reported in Anderson et al. 

(2003), however, χ2 can not be considered the most reliable measure of model quality 

because of its inconsistency when matched with other types of model evaluation. 

 In general, the best models yielded a wide range of test accuracy values (Table 

1). Models of B. tournefortii derived from human variables predicted presence in an 

average of 10.15% of the study area with accuracies of up to 0.9364.This was the group 

of models with best values of performance, which emphasizes the strong influence of 

human-related factors in the potential distribution of B. tournefortii. This trend seems to 

be confirmed by best selected models of S. arabicus derived from human variables, 
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which predicted presence in an average of 35% of the study area with accuracies of up to 

0.8364.  

The lowest accuracy (0.5544) was produced by best models of B. tournefortii 

derived from natural variables, which predicted presence in 35.45% of the study area. In 

fact, all models derived from natural variables produced relatively low test accuracies, 

underscoring the weak predictive power natural variables had in model construction:  

Maximum accuracy for the best selected S. arabicus models, derived from natural 

variables, was only 0.7948 predicting presence in an average of 49.5% of the study area. 

According to the criterion for best model selection ___minimizing omission errors 

while keeping commission indexes within a moderate low range___ best models for B. 

tournefortii were selected within a range of intrinsic omission errors going from 0, for 

models derived from human variables, to 0.2438 for models derived from natural 

variables (Table 2). Intrinsic commission indexes of B. tournefortii models ranged from 

0.0664, for models produced from human variables, to 0.4710 for models derived from 

natural variables. The extrinsic omission errors for best models of B. tournefortii started 

from 0.5555, in models derived from human variables, to 0.3333 in models derived from 

natural variables. Extrinsic commission indexes varied from 0.0658, when derived from 

human variables, to 0.4858 when derived only from natural variables. These lowest 

intrinsic and extrinsic omission errors for B. tournefortii models derived from human as 

opposed to natural variables might be in part because sampling of this species was 

performed in highly localized areas. This caused locations predicted present beyond those 

areas to not be verified by GARP due the absence of sampling points.  
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Best models for S. arabicus were selected within a range from 0 to 0.0866 of 

intrinsic omission error for models derived from human and natural variables 

respectively. However, the minimum intrinsic omission error of best models derived from 

natural variables was also very close to 0. Intrinsic commission indexes for best S. 

arabicus models were higher than for B. tournefortii. These ranged from 0.2680 in 

models derived from human variables to 0.5960 in models derived from natural variables. 

Extrinsic omission errors repeated the same pattern as the intrinsic ones, ranging from 0 

to 0.1176 for models derived from human and natural variables, respectively. Extrinsic 

commission indexes of best S. arabicus models were also higher than those of B. 

tournefortii, going from 0.2818 in models derived from human variables to 0.5636 in 

models derived naturals variables. 

In general, the best S. arabicus models showed lower intrinsic and extrinsic 

omission errors, while best B tournefortii models showed lower intrinsic and extrinsic 

commission indexes (Figure 11). These differences emphasize the predictive power 

afforded by different sample sizes (Peterson 2001). 

 

3.2 Expert evaluation and geospatial interpretation of composite models 

Consistent with the statistical measures of model performance, experts qualified only 

10% of the B. tournefortii models derived from all environmental variables with good 

predictive power. 85% were evaluated with regular, and 5% with bad predictive power. 

Models of B. tournefortii derived from human variables were qualified 20% as good, 

60% as regular and 20% as bad. Only 10% of the best models of this species derived 
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from natural variables were qualified as good, 45% as regular and 45% as bad. According 

to expert comments, however, this 10% of good models reflects much better the potential 

distribution of B. tournefortii because their predictions extend beyond the roads into 

sandy lowlands ___preferred habitat of this invasive. 

In contrast to statistical performance, experts evaluated best models of S. arabicus 

derived from all variables 5% (good), 90% (regular), and 5% (bad). Similar results 

occurred with S. arabicus models derived from human variables: 5% were rated good, 

70% regular, and 25% bad. Of those derived from natural variables, 20% were rated 

regular, 5% bad and 75 were not even rated because of the recurring prediction of 

potential and non potential areas all mixed in many of these models. This might be due to 

the different extent of S. arabicus habitat, which may have been under sampled, 

combined with the over prediction effect characteristic of only ‘presence’ GARP models.  

The sum of the best 20 models derived from each group of variables yielded 3 

composite probability distribution models for B. tournefortii and 3 for S. arabicus. 

(Figure 12-14). In general, composite models derived from human related variables 

showed a strong influence of the distance from the internal road network in the PBR, 

comprised of unpaved roads and trails. This influence was significantly stronger for the 

B. tournefortii models, which predicted 99.9% of the present areas within the first 500 

meter from roads. S. arabicus models were also highly influenced by the distance from 

roads. However, 90% of the predicted presence areas fell between 100 and 300 meters 

from roads. This pattern, characterizing composite models derived from human (Figure 

12) and all environmental variables (Figure 13), seemed to agree with expert opinion, 
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which labeled these species as ‘road side’ invasives. It is noteworthy, however, that much 

of the sampling was performed very close to roads due not only to actual presence of the 

species but also to accessibility and safety considerations. These results highlight the very 

strong influence of human activity derived from vehicle circulation along roads in an area 

where off-road circulation has been restricted since the creation of the Reserve in 1993. 

Composite models derived from natural variables (Figure 14) reflected more an 

areal than a linear prediction pattern for the two species. Both natural derived models of 

B. tournefortii and S. arabicus were highly influenced by elevation: 64% of the area 

predicted present for B. tournefortii was below 160 meters. For S. arabicus 95% of the 

area was below 240 meters. As indicated by the low statistical performance and the poor 

expert evaluation, however, these models should be interpreted cautiously because they 

might not represent actual potential distribution of the invasives. For example, some 

predicted areas extending along the active dunes zone in the southwest portion of the 

study area are known to be free of the invasives according to field observations and 

expert opinion. 

When converted to presence/absence, these composite models reclassified all 

areas with probability of invasion lower than 50% as potential absence areas and those 

above 50% as potential presence areas. Cross-tabulation of reclassified highest potential 

presence areas and environmental variables enabled identification of the most favorable 

conditions for invasion according the results of the initial of GARP modeling. In general, 

areas of potential distribution of B. tournefortii and S. arabicus were predicted best by 

similar sets of human and natural variables (Table 3). After being added, reclassified 
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grids of the most favorable conditions yielded two final combined probability models 

showing the potential critical areas of invasion for each species (Figure 15 and 16). These 

two final models synthesize the resulting most favorable invasion conditions according 

the highest GARP predictions. Most areas showing combined conditions of highest 

probability presence close the main paved roads and towards the northwest portion of the 

study area, coincided with potential invasion areas identified by experts. However, 

further analysis would be needed to assign individual weights to the different variables in 

the model construction.  

Several other problems might affect the reliability of this type of predictive 

model. One of the main limitations lies in the inability to model exhaustively the 

enormously complex relationships of the all factors intervening in the invasion of each 

species at different spatial scales. For this particular exercise, one critical weakness was 

the absence of climatic factors in the predictor datasets. The lack of complete climate 

records with enough spatial resolution within the Reserve impeded creation of continuous 

coverages of climatic factors such as temperature and precipitation to be integrated in the 

GARP predictions.  

 

4. Summary and Conclusions 

 

This study served to characterize the relative power of the different variables intervening 

in the prediction of B. tournefortii and S. arabicus in the PBR. Human-related variables 

showed a stronger statistical power in predicting potential distributions. Of the human-
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related variables, distance from unpaved roads and trails showed the strongest influence 

in the predictions. Natural variables showed a weaker predictive power, emphasizing the 

need to incorporate additional biophysical factors that might have a more direct 

relationship with the niche conditions required by species. Elevation, however, seemed to 

have a relative predictive power that might be combined, for example with soil moisture 

and minimum and maximum temperature ranges during the seedling seasons to improve 

prediction performance for each species. Additionally, more extensive sampling 

including confirmed absence points might improve the performance of the models and 

provide a more consistent means of assess them. Despite their limitations, however, 

GARP predictions coupled with GIS modeling served to provide a tangible representation 

of the potential areas of invasion—regions where management efforts could be focused. 

Currently, identification of vulnerable areas existed only based on empirical observations 

without extensive modeling. Resulting models might also guide modeling efforts at finer 

scales in critical areas to establish connections with other ecological processes favoring 

the invasion. This identification of promoting factors might also benefit management and 

control practices to avoid further deterioration of the native ecosystems in the PBR. 
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7. Tables and Figures 

Table 1  Test accuracies of individual models of B tournefortii and S. arabicus derived 
from combined and individual natural and human datasets. Test accuracy was calculated 
as a proportion of the number of correct predicted points vs. de total 2500 points 
separated for the accuracy assessment. For each experiment, 50% of records were set 
aside for testing.  

  All environmental 
variables Human variables Natural variables 

Max 0.9356 0.9364 0.7368 B. tournefortii Min 0.7508 0.8964 0.5544 
Max 0.7440 0.8364 0.7948 S. arabicus Min 0.6112 0.7564 0.6172 

 

 

Table 2  Minimum and Maximum intrinsic and extrinsic omission errors and commission 
indexes for models of B. tournefortii and S. arabicus  

 
   All environmental 

variables 
Human 

variables 
Natural 

variables 
Max 12.93 10.56 24.38 B. tournefortii Min 0.0 4.56 5.88 
Max 5.38 8.64 8.66 

Intrinsic 
omission error S. arabicus Min 0.0 0.0 2.16 

Max 18.49 13.36 47.10 B. tournefortii Min 7.09 6.64 23.89 
Max 55.71 40.92 59.60 

Intrinsic 
commission 

index S. arabicus Min 39.41 26.8 32.88 
Max 27.77 11.11 33.33 B. tournefortii Min 5.55 5.55 11.11 
Max 11.70 8.82 11.76 

Extrinsic 
omission error S. arabicus Min 0.0 0.0 2.94 

Max 17.59 13.94 48.58 B. tournefortii Min 6.68 6.58 22.51 
Max 50.58 41.06 56.36 

Extrinsic 
commission 

index S. arabicus Min 37.07 28.18 32.64 
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Table 3  Best set of natural and human conditions favoring the invasion of B. tournefortii 
and S. arabicus according the GARP predictions. * YK+YH+RC/1: Calcic Yermosol and 
Haplic Yermosol with coarse texture. **NCPE: New Ejido Settlement. 

 
Type Variable B. tournefortii 

models 
S. arabicus 

models 
Aspect SW SW 
Euclidean distance from the coast line (km) 40-70 40-70 
Elevation (masl) 80-160 160-240 
Flowdir 8 8 
Slope (%) 0-2 0-2 
Soil type YK+YH+RC/1* YK+YH+RC/1* 
Euclidean distance from major river (km) 20-65 20-65 
Euclidean distance from ephemeral streams (m) 1000-3000 100-500 

Natural  

Vegetation type Thornless scrub Thornless scrub 
Euclidean distance from railroads (km) 40-70 40-70 
Euclidean distance from paved roads (km) 10-20 10-20 
Property type NCPE** NCPE** 
Distance from ranches and small settlements (km) 5-10 5-10 
Euclidean distance from unpaved roads and trails (m) 100-500 500-3000 

Human  

Euclidean distance from tourist points of interest (km) 10-20 10-20 
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Figure 1 Location of the PBR study area in northern Sonora, Mexico. Interior polygon 
defines de boundaries of the PBR core zone. 
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a b

Figure 2 Plots of intrinsic omission error vs. intrinsic commission index for models of B. 
tournefortii (a) and S .arabicus (b) derived from all environmental variables. Best models 
represented by filled squares. 

 
 
 

 

a b

Figure 3 Plots of extrinsic omission error vs. extrinsic commission index for models of 
B. tournefortii (a) and S. arabicus (b) derived from all environmental variables. Best 
models represented by filled squares. 
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a b

Figure 4 Plots of extrinsic and intrinsic measures of overall performance for models of B. 
tournefortii (a) and S. arabicus (b) derived from all environmental variables. Best models 
represented by filled squares. 

 
 
 

 

a b

Figure 5 Plots of intrinsic omission error vs. intrinsic commission index for models of B. 
tournefortii (a) and S. arabicus (b) derived from human variables. Best models 
represented by filled squares. 
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a b

Figure 6 Plots of extrinsic omission error vs. extrinsic commission index for models of 
B. tournefortii (a) and S. arabicus (b) derived from human variables. Best models 
represented by filled squares.  
 
 
 
 

      

a b

Figure 7 Plots of extrinsic and intrinsic measures of overall performance for models of B. 
tournefortii (a) and S. arabicus (b) derived from human variables. Best models 
represented by filled squares.  
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a b

Figure 8 Plots of intrinsic omission error vs. intrinsic commission index for models of B. 
tournefortii (a) and S. arabicus (b) derived from natural variables. Best models 
represented by filled squares. 

 
 
 

       

a b

Figure 9 Plots of extrinsic omission error vs. extrinsic commission index for models of 
B. tournefortii (a) and S. arabicus (b) derived from natural variables. Best models 
represented by filled squares. 
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a b

Figure 10 Plots of extrinsic and intrinsic measures of overall performance for models of 
B. tournefortii (a) and S. arabicus (b) derived from natural variables. Best models 
represented by filled squares. 
 
 
 
 

 

a b

c d

Figure 11 Minimum and maximum values of intrinsic omission error (a), intrinsic 
commission index (b), extrinsic omission error (c), and extrinsic commission index (d) of 
the best selected models derived from all, human, and natural variables. 
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Figure 12 Potential distribution models of B. tournefortii (a) and S. arabicus (b) derived 
from all environmental variables. Potential of distribution is represented in percentage 
with the darkest tones indicating 100%. 
 
 
 
 

         

ba

 
Figure 13 Potential distribution models of B. tournefortii (a) and S. arabicus (b) derived 
from human related variables. Potential of distribution is represented in percentage with 
the darkest tones indicating 100%. 
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Figure 14 Potential distribution models of B. tournefortii (a) and S. arabicus (b) derived 
from biophysical related variables. Potential of distribution is represented in percentage 
with the darkest tones indicating 100%. 
 
 

 
Figure 15 Combined predicted presence of B. tournefortii models. Darker tones indicate 
combined conditions of higher probability of presence. 
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Figure 16 Combined predicted presence of S. arabicus models. Darker tones indicate 
combined conditions of higher probability of presence. 
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Abstract 

 

Remotely sensing technology can provide timely, accurate information about land cover 

changes in arid ecosystems particularly vulnerable to human activities. For this study we 

used decadal Landsat 4 TM and Landsat 7 ETM+ data, to track land cover changes in the 

arid Pinacate Biosphere Reserve (PBR), Sonora Mexico between 1989 and 1999. We 

selected Change Vector Analysis (CVA) to exploit the full range of spectral information 

contained in the satellite data to identify the magnitude and direction of change. We 

referenced change magnitude and direction to brightness, greenness and wetness axes of 

the Kauth-Thomas transform. Results are enhanced by incorporating Colatitude direction 

as another vector in the wetness – brightness axis. We found Southeast and Southwest 

portions of the study area are changing most rapidly, due likely to grazing outside the 

PBR. Though no significant changes were detected within the protected area, landscape 

dynamics exposed with this approach could, however, serve to establish connections with 

other ecological processes occurring in the PBR. 

 

Keywords: Land cover change; Kauth-Thomas transform; Change vector analysis; 

Pinacate Biosphere Reserve. 
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1. Introduction and background 

 

Land cover changes and resulting consequences to life produced by natural processes and 

humans occupy diverse disciplines within the Earth systems sciences (Watson et al. 

2000). Land cover change itself represents one of the most pervasive forms of ecosystem 

alteration and is linked commonly to other forms of environmental degradation including 

erosion, habitat and biodiversity loss, biogeochemical cycles’ alteration, ground water 

depletion, and invasive species (Lambin and Strahler 1994b). Timely detection of land 

cover change is therefore an essential requirement for a better understanding of coupled 

natural and human systems, promoting a more informed use of land resources.  

Change detection is the process of identifying differences in the state of an object 

or phenomenon by observing it at different times (Singh 1989). In this case, the 

phenomenon of interest refers to changes in the initial land cover conditions across a set 

of image dates. A variety of approaches have been tested for timely, accurate land cover 

change. During recent decades, remotely sensed imagery became a major data source for 

land cover change detection because of the advantages of repetitive data acquisition, 

synoptic view, and digital format suitable for computer processing (Lu et al. 2004). The 

inherent analytic advantages of remotely sensed data and the emergence of more 

advanced sensors have fostered even more their use for change detection (Lunetta and 

Elvidge 1998).  

In the remote sensing context, the goal of change detection is to compare the 

differences in the spatial representation of reflectance values of two points in time, while 
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controlling the variances caused by differences in external variables (Green et al. 1994). 

These variables might include atmospheric conditions, illumination and viewing angles, 

and soil moistures (Schowengerdt 1997). For this reason, remote sensing data used in 

change detection analysis require preliminary rigorous geometric and atmospheric 

correction of the multi-temporal images. This ensures that reflectance changes detected 

derive from actual changes in the land cover conditions and not from differences in 

exogenous variables affecting image acquisition.  

Numerous approaches for change detection have been developed over the last 3 

decades. (Coppin et al. 2004) give a comprehensive review of the wide range of change 

detection techniques. Most techniques can be grouped into two general classes: (1) those 

based on spectral classification of the input data, such as post-classification comparison; 

and (2) those based on radiometric change between acquisition dates, including image 

differencing and principal components analysis (Johnson and Kasischke 1998). Recent 

developments on spectral mixture analysis and integration of geographical information 

system and remote sensing have also attracted attention for change detection applications.  

 

1.1 Change vector analysis 

Change Vector Analysis (CVA) is a spectral differencing technique, considered a 

conceptual extension of the image difference approach. CVA was first used to 

characterize magnitude and direction variations of a vector in an n-dimensional spectral 

space defined by the axis of bands, transforms, or spectral features from a multi temporal 

dataset (Malila 1980). The change vector is defined by the position of a given pixel in 
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Time 1 (T1) and Time 2 (T2) whenever a change occurs in its spectral response as 

described in Eq. 1 (Lambin and Strahler 1994a).  

ci = p(i,T2) – p(i,T1)           (1) 
 

where ci is the change vector of pixel i and p is the position of pixel i in T2 and T1. This 

vector is distinguished by a measurable magnitude ___characterizing the intensity of 

change___ and a direction ___characterizing the nature of such a change in the spectral 

space. Vector magnitude is measured as the Euclidean distance between T1 and T2 in the 

spectral space as described in Eq. 2. 

M( i,T2-T1) = √[px(i,T2) – px(i,T1)]2 + [py(i,T2) – py(i,T1)]2…                    (2) 
 

where M( i,T2-T1) is the vector magnitude of pixel i from T2 to T1 and px(i,T2) – px(i,T1) is the 

difference in the position of pixel i in the spectral axis x from T2 to T1. Vector direction is 

measured either through simple logic relationships or angular units according vector’s 

variations in the spectral space. Vector directions are commonly calculated using 

trigonometric functions as expressed in Eq. 3 for a vector direction in a bi-dimensional 

spectral space. 

D( i,T2-T1) = sin {[py(i,T2) – py(i,T1)] / [px(i,T2) – px(i,T1)]}                    (3) 
 

where D( i,T2-T1) is the vector direction of pixel i from T2 to T1. This separation of change 

into two components constitutes a particular strength of this approach because it can be 

used when different change types vary in intensity across the landscape (Warner 2005).  

Discrepancies between vector direction and magnitude measurement scales have 

motivated development of approaches that assess the full dimensionality of vector 
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change. Vector direction, for example, is measured through logic relationships between 

input images in T1 and T2, include the work of (Michalek et al. 1993). This approach 

assigns each pixel a categorical value according its positive or negative vector shift in 

time (Figure 1a).  Another approach by (Malila 1980) measures the direction angle of 

vector change. This protocol groups angular measures according to sectors, assuming 

each sector code corresponds to a different type of change (Figure 1b). In both cases, 

code assignation and differentiation of change occurrence is usually established using 

arbitrary thresholds.  

Arbitrary threshold assignment might have some disadvantages because it is often 

subjective and scene dependent, thus not replicable; and requires extensive ground 

reference information to make correct assignments. Resulting differences included in 

specific ‘change’ thresholds might in addition include artifacts caused by variable 

atmospheric conditions, Sun angles, soil moistures and phenological differences—all 

these in addition to true land-cover change (Lu et al. 2004). Nackaerts et al. (2005) 

proposed to transform the angular units of the polar coordinates measuring vector 

direction to a continuous domain matching vector magnitude. This process enabled them 

to perform change detection using common statistical classification algorithms such as 

maximum likelihood: Rather than setting arbitrary thresholds to define the direction of 

change, they let the classifier separate ‘direction’ classes based on the information 

retained in the change vector’s direction as continuous data for n change indicator input 

bands. 
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CVA has some advantages over other methods: It is flexible enough to be 

effective when applied on diverse types of sensor data, radiometric change approaches, 

and even categorical information (Lu et al. 2004). CVA also has the capability to process 

and analyse change simultaneously in all multispectral input data layers, as opposed to 

selected spectral features. CVA computes and separates multidimensional change vector 

components, which facilitates change interpretation and labeling (Johnson and Kasischke 

1998). CVA is based on the ‘history’ of each particular pixel, and it involves simple 

mathematical methods (Lambin and Strahler 1994a).  CVA avoids spatial-spectral errors 

associated with post-classification comparison (Chen et al. 2003). Change detection 

results can be improved significantly when CVA is combined with other techniques 

including vegetation indices and PCA (Lu et al. 2004). 

A common approach to define the spectral space for CVA is to use band ratios 

indices or other transformations that enhance the detection of specific land cover features. 

The Kauth-Thomas (KT) transformations (brightness, greenness, and wetness (Kauth and 

Thomas 1976) are used frequently to define the axis of the CVA spectral space. These 

transformed data structures are especially useful in CVA because change can be 

associated with physical scene characteristics, particularly to those related to vegetation 

information content. KT  transformation have for example enhanced the efficiency of 

CVA in forested ecosystems (Allen and Kupfer 2000).  In addition, it is well known that 

these KT transforms capture most of the spectral variability contained in the reflective 

bands of Landsat of MSS and TM sensors (Crist and Cicone 1984b). 
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1.2 Description of the KT features 

Brightness is defined as the weighted sum of all bands, aligned in the direction of the 

principal variation in soil reflectance. Greenness, orthogonal to brightness, represents the 

contrast between the near-infrared and visible bands, which relate strongly to the amount 

of green vegetation in the scene (Crist and Kauth 1986). Wetness, orthogonal to 

brightness and greenness, relates to canopy and soil moisture (Lillesand and Kiefer 

1987).  Cohen and Fiorella (1998) demonstrated that incorporating the wetness in 

addition to greenness and brightness transforms, improved detection accuracy in CVA.  A 

linear combination of the appropriate KT coefficients for each band of a particular sensor 

rotates the original data space to the transformed spectral 3-dimensional space commonly 

used as the basis for CVA.  

Vegetation sensitive KT Components and CVA have been used previously to 

monitor land cover change in arid and semi-arid regions because results capture the full 

range of spectral and temporal resolution contained in remotely sensed data. Large 

interannual variability in climate within these regions (i.e. the ‘noise’ created by periodic 

and recurring rainfall shortages) produces fluxes in interannual vegetation productivity. 

This variability limits detection of trends in land-cover change caused by human 

disturbances or long-term changes in climatic conditions. Multitemporal CVA can be 

adapted to adjust for such ‘noise’ in land cover data stream by using extensive records 

that allow comparing the current position of one pixel in the multidimensional space with 

its positions during the previous years of observation (Lambin and Strahler 1994a). 
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1.3 Research Objective 

The objective of the present study is to use CVA approach ___ exploring one additional 

plane of variation in the input feature space___ to identify the most dynamic landscapes in 

one portion of the Pinacate Biosphere Reserve in Sonora Mexico. We term this an 

extended CVA approach. This identification is based on the land cover spectral response 

in the visible and infrared regions of the spectrum from Landsat TM and ETM+ data, 

which was transformed to KT features to extract vegetation characteristics. As part of a 

larger project beyond the scope of this paper, we speculate that arid landscapes 

worldwide, under pressure from human activities, could be more vulnerable to invasion 

by exotic plant species. Areas disturbed by human activities, for example, may encourage 

recruitment of invasives capable of establishing on disturbed sites. Regions that are, 

alternatively, affected by increasing variations in precipitation due to climate change may 

favor exotic plants more capable than native species of adapting to lengthy periods of 

drought and commensurate decreases in available soil moisture. 

 

2. Data and methods 

We obtained Landsat TM and ETM+ images covering the PBR study area for the two 

dates proposed. Images were pre-processed for geometric and atmospheric 

standardization. KT features were calculated for each date to serve as the basis for the 

CVA. 
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2.1 The PBR study area 

This 3,558 km2 area is located in the south-central portion of the Sonoran Desert and 

encloses the Reserve’s core area of ‘Sierra El Pinacate’ and surrounding areas in the 

southeast portion. The PBR is delimited to the southwest by the Gulf of California and to 

the northeast by U.S.-Mexico border. Most of the study area is covered by a Pleistocene 

volcanic field scattered with cinder cones and maars (Gutmann 2002), and covered by 

extensive sand dune fields. The dominant spectral characteristics of these surface 

materials make difficult to detect land cover change derived from weaker spectral signal 

of sparse vegetation.  

The PBR is dominated by cactus, semi-thornless, and thornless desert scrub 

communities (DGTENAL 1980a) (Figure 2). The most important community association 

in the area is creosote bush (Larrea tridentata) and white bursage (Ambrosia dumosa) 

(McGinnies 1981). Precipitation in the PBR is bi-modal: one season during the summer 

monsoon (Adams and Comrie 1997) and one more during the winter. Selection of the 

appropriate dates for change detection was therefore critical for discriminating true land 

cover changes from regular phenological cycles. 

The PBR was selected strategically for this study because of its diversity of 

environmental conditions, which will allow observing the land cover change and 

resilience of diverse ecosystems to invasion. Results of the study in the arid PBR will 

allow, in addition, portraying the importance of the invasives potential threat in other arid 

environments, which represent one third of the Earth’s ecosystems. The ecological value 

of the PBR ___as one the few natural protected areas in Sonora which serves as refuge of 
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several endangered species (Ezcurra et al. 1987)___ also justified its selection for this 

study. The closeness to the U.S.-Mexico border and the potential alterations caused by 

human activities also make the PBR especially attractive to monitor land cover change 

and subsequently to explore the potential relationship with presence of invasives.  

 

2.2 Data 

We selected cloud-free Landsat 4 Thematic Mapper (TM) and Landsat 7 Enhanced 

Thematic Mapper Plus (ETM+) data (WRS 2 path/row 37/38) for change detection 

protocols.  Data were supplied by the United States Geological Survey (USGS) EROS 

Data Center (EDC) through the Arizona Regional Image Archive (aria.arizona.edu). The 

images were acquired immediately following the monsoon season: TM data were 

acquired on September 28, 1989. ETM+ data were gathered a decade later, on October 10, 

1999. Records from the PBR Headquarters and the San Luis Rio Colorado 

meteorological stations (Figure 3) show the monsoon signal weakened in September 

1989 and October 1999, registering 0 millimeters of precipitation both times. These data 

report similar climate conditions, supporting selection of these two dates for change 

detection studies.  

 

2.3 Image pre-processing 

Effective application of CVA algorithms requires rigorous geometric registration and 

radiometric normalization of the input images. Systematic radiometric correction of both 

images and geometric correction for the 1999 scene was performed by the EDC. We 
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corrected geometrically the TM89 image and correct atmospherically the ETM+99 image 

to standardize both dates: Data were co-registered to the Universal Transverse Mercator 

projection, zone 12, NAD 1927 with a 30-meter re-sampling. Two sections of the original 

TM89 image were needed to cover the whole study area. Each section was registered 

individually to the ETM+99 image and rectified using a first order transformation, each 

with 5 well-distributed ground control points. The root mean square (RMS) errors for 

lower and upper sections were 3.7 and 7.9 meters, respectively. Once the two TM89 

portions were geometrically corrected, they were mosaicked into a single scene and 

clipped along the ETM+99 image using a coverage of the PBR boundary.   

Atmospheric correction was applied individually to each band of the ETM+99 

image using the dark-object subtraction technique (DOS) (Chavez 1988). DOS requires 

the presence of true dark objects in the scene. We believe from direct observation inert 

dark lava flows around the central northeastern portion of the volcanic shield can serve 

this purpose (Figure 4).  Individual bands of the ETM+99 image were then stacked and 

used as reference to standardize the ETM+ and TM89 images through histogram 

matching method. Histogram matching is recommended to normalize data captured on 

different days to compensate for sun angle or atmospheric variations (Leica Geosystems 

GIS & Mapping  2003).   

 

2.4 Change vector analysis based on KT features 

After image normalization, CVA was performed using KT features to reveal important 

land cover changes in the PBR. The KT coefficients for Landsat 4 (Crist and Cicone 
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1984a) (Table 1) and Landsat 7 (Huang et al. 2002) (Table 2) were used in a linear 

combination to transform the TM89 and ETM+99 images into brightness, greenness and 

wetness features. These KT features were used as input to the CVA algorithms.  

As a first exploration, traditional vector direction codes (Michalek et al. 1993) 

were assigned to each pixel using conditional functions to account for the raw differences 

in the three KT components. Conditional functions were established according the sign of 

the change in KT components as shown in Table 3. This basic change detection approach 

enabled detection of areas of critical increase or decrease in brightness, greenness and 

wetness, which we coded into 8 equal interval categories. The drawback of the approach 

is it did not account for the change magnitude between KT features. 

We therefore implemented an extended CVA experiment based on the spherical 

geometry approach introduced by Allen and Kupfer (2000) to measure vector longitude 

and colatitude. This extended approach overcomes the limitation of traditional code 

vector direction assignment and adds a new colatitude measurement to increase the 

change extraction capabilities. Our model was implemented into a graphical modeling 

script created in Erdas Imagine 8.7® Model Maker according to Figure 5, using KT 

brightness, greenness, and wetness as input.  

We present in Figure 6 a geometric representation of the basic model components. 

Vector magnitude (M), the first CVA component of this model ___representing the 

magnitude of the change from TM89 to ETM+99 by pixel___ was calculated as the 3-

dimensional Euclidean distance between a pixel position in the brightness (x), greenness 

(y) and wetness (z) axes for time 1 (x1, y1, z1) and time 2 (x2, y2, z2) according to Eq. (4)  
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M = √(x2 – x1)2 + (y2 – y1)2 + (z2 – z1)2               (4) 

where x1 and x2 , y2 and y1 , and z2 and z1 correspond to brightness, greenness, and 

wetness from TM89 (time 1) and ETM+99 (time 2) respectively. 

 Vector directions (i.e., the angles representing the vector location within the three 

KT planes), were calculated in polar coordinates as longitude and colatitude measures. 

The longitude angle φ, measured from the x axis (brightness) to the y axis (greenness) 

along the xy plane, was calculated using Eq. (5) 

   φ = arctan [(y2 – y1)/(x2 – x1)]       (5) 

The colatitude angle θ, measured from the z axis (wetness) to the y axis 

(greenness) along the zy plane, was calculated using Eq. (6) 

   θ = arctan [(z2 – z1)/(y2 – y1)]       (6) 

A new colatitude angle proposed in this study is ρ, which corresponds to the angle 

measured from the z axis (wetness) to the x axis (brightness) along the zx plane. This 

colatitude measure was calculated using Eq. (7) 

   ρ = arctan [(z2 – z1)/(x2 – x1)]       (7) 

The arctangent function produced results in radians; therefore polar coordinates 

were transformed into degrees and then adjusted to a single hemisphere. For adjustment, 

180º were added to longitude coordinates (φ + 180º), and each colatitude coordinate was 

subtracted from 180º (180º - θ, ρ). The resultant vector for a given pixel changing from 

1989 to 1999 is thus a vector described by a magnitude M and direction (φ, θ, ρ). For 

display purposes, these individual vector components were assigned corresponding 

colour ramps using Jenks method to classify the datasets into 6 display classes.  
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For analysis purposes, and given that vector magnitude and direction datasets 

were in different measurement scales, we classified each one into 6 arbitrary categories 

using unsupervised classification with Isodata algorithm (Tou and Gonzalez 1974). 

Isodata was applied with a maximum 6 iterations and a 95% convergence threshold.  

With this classification scheme both magnitude and direction were combined to 

differentiate the intensity of the changes among the three KT features. The new classified 

magnitude and direction datasets were thus subject to a series of conditional interactions 

that allowed selecting those areas that represent the most dynamic landscapes in the PBR 

from 1989 to 1999. To discriminate actual land cover changes from differences in 

illuminations that might not be completely removed after image normalization, only the 

two largest magnitude categories were used in the selection of dynamic landscapes. In the 

same way, only the largest and the smallest classes ___indicating the vector change 

towards a particular KT axis___ were included in the selection. 

 

 

3. Results and discussion  

 

Our model produced several image maps that characterize land cover change in the PBR. 

We produced three KT ‘difference’ images; one change vector magnitude image, three 

vector direction images; and one final landscape dynamic image depicting the most 

changed landscapes according their derived brightness, greenness, and wetness. 

According the three KT difference images, the brightness difference image (Figure 7a) 
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shows a very stable zone in the southwest and north portions of the PBR with no change 

in brightness between 1989 and 1999.  Most of the western portion, occupied by 

extensive sand dunes, shows a moderate increase in brightness, enhanced in the central 

portion of the PBR occupied by a Pleistocene volcanic shield. Largest increases in 

brightness can be observed along the southeast portion along the boundaries of the Core 

Zone and extending beyond the limits of the Reserve into extensive grazing and 

agricultural areas.  

The greenness (Figure 7b) and wetness (Figure 7c) difference images show more 

concordant patterns. In these images, most of the central volcanic shield reveals largest 

increases. These increases derive apparently from either long term plant colonization 

occurring in the bare lava flows and cinder fields or the above average winter rainfall 

season in 1998 (Figure 3). Most of the low lands, including the sand dune fields and the 

Sonoyta River Valley, show in contrast lower greenness and wetness values in 1999. The 

largest decrease in greenness was recorded in the grazing and agricultural areas outside 

the Reserve in the southeast portion f the PBR. Similarly, these areas located to the east 

of the Sonoyta River also show the largest increase in brightness.  

 The change vector magnitude (M) image (Figure 8) summarizes the total change 

length per pixel represented as the Euclidean distance between the location of a pixel in 

the Tasseled Cap feature space in 1989 and 1999 according to (Eq. 4). This image 

represents the intensity of the change, which increases in the lowlands surrounding the 

volcanic shield in the western and eastern extremes. These areas are covered mostly by 
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sandy desert vegetation communities dominated by Larrea tridentata and barren land 

covered by extensive sand dunes.  

The largest increase in change vector magnitude is registered in the agricultural 

fields located along the Sonoyta River Valley in the southeastern extreme of the PBR: 

These areas were first occupied by circular pivot-irrigated fields in the 1989 image, 

which were later abandoned and replaced subsequently by a couple of large rectangular 

crop fields. The presence of active growing crops at the time of TM and ETM+ image 

acquisitions resulted in extreme land cover changes reported as the largest increase in 

change vector magnitude. 

The central volcanic shield, dominated by cactus and semi-thornless scrub 

associations, shows the smaller increments in change vector magnitude. Smallest changes 

in magnitude occur especially at higher elevations in the Sierra El Pinacate, and in recent 

lava flows in the northeast portion of the volcanic shield dominated by cactus scrub 

communities. One very interesting aspect of the change vector magnitude is that its 

pattern seems to be related to elevation and the subjacent lithology in the area. Those 

portions of the PBR with volcanic origins appear more resilient to drastic changes in the 

conditions of their natural vegetation cover than areas associated with sedimentary soils.  

The area that shows the smallest changes in vector magnitude is also similarly the 

one that is enclosed in the core zone of the PBR. This is the protection enforcement zone 

where most of the intensive economic activities were suspended since 1993, when the 

Reserve was created by the Mexican Federal Government. The very low intensity of the 

land cover magnitude changes within this zone might indicate that the protection policies 
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are discouraging effectively the alteration the native ecosystems promoted by economic 

driven land use changes. Evidence is provided by the circular pivot-irrigated fields in the 

TM89 image, located within what became the Reserve’s core zone in 1993. After the 

creation of the Reserve, agricultural activity is only seen beyond the boundaries of the 

Reserve in the ETM+99 image. 

The Longitude Vector Direction (φ) image (Figure 9) shows large brightness 

increase in the southeastern border of the core zone along the Sonoyta River Valley. 

Areas of large brightness increase are surrounded by areas of large greenness increase 

also. Another area of relatively large brightness gain is detected along the Gulf of 

California coastline in southwest border of the PBR. This area is occupied mostly by 

halophytic vegetation. Barren areas according to the vegetation map (Figure 2) also show 

a relative large increase in brightness. Conversely, most of the lowlands occupied by 

sandy desert and semi-thornless vegetation communities register a vector direction 

change towards the greenness axis. Most of the brightness increase features portrayed in 

this image are coincident with the single brightness difference image in (Figure 7a). 

Contrary to what is shown in the single greenness difference image (Figure 7b) 

however, the greenness features in the Longitude Vector Direction image are more 

pronounced in the lowlands, especially in along the Sonoyta River Valley and the 

northwest portion of the PBR close to the Highway 2. In fact the volcanic shield in the 

centre of the PBR no longer appears as a whole area with high greenness gain from 1989 

to 1999. Lava flows and cinder fields show instead a relatively brighter vector in the 
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Brightness – Greenness KT plane. Areas of increased greenness can be observed also in 

higher elevation of the Sierra El Pinacate in the middle of the volcanic shield.  

The Colatitude Vector Direction (θ) image (Figure 10) shows, in general, very 

small vector changes in the Greenness – Wetness plane. Most of the areas that showed a 

displacement towards the brightness axis in the Longitude Vector Direction (φ) are 

characterized by lower greenness values in the Colatitude Vector Direction (θ). This 

decrease does not necessarily mean a displacement of this vector toward the wetness axis. 

It might be reacting to the strong influence of the vector displacing towards the brightness 

axis, even when this component is not measured in longitude plane. Consistent with the 

Longitude Vector Direction image, the Colatitude Vector Direction (θ) shows a moderate 

increase in greenness in the lowlands occupied by desert sandy vegetation characterized 

by Larrea tridentata and Ambrosia dumosa. As speculated in our analysis of the 

greenness difference images, this apparent increase might be also the result of active 

growing vegetation stimulated by an above average rainfall winter season in 1998 

according records of the internal meteorological stations network in the PBR. 

The most outstanding features from the Colatitude Vector Direction (θ) are high 

wetness areas located in the northeast portion of the PBR, very likely occupied by flood 

plains with moisture accumulated from tardy monsoon rains in September 1999. This 

claim is supported by the presence in these areas of calcic yermosol with medium textural 

phase (DGTENAL 1980b). This type of soil slows water percolation and promotes 

creation of small flood plains and mud. Water accumulation promoting vegetation 

growth, explains also the large vector displacement toward the greenness axis in the 
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surrounding areas, especially in haplic yermosols with higher clay content. Large 

displacements toward the wetness axis are observed also in the nearby Pleistocene lava 

flows that have been barely colonized by plants. The porosity characteristics of the 

pyroclastic material might have facilitated water accumulation for a longer period after 

the summer monsoon, resulting in a higher wetness signal.  

The Colatitude Vector Direction (ρ) introduced in this study (Figure 11) is the 

vector direction component that shows a larger variation of vector displacements. 

Accounting for vector changes in the wetness – brightness plane, Colatitude (ρ) appears 

to extract simultaneously the changes detected by Longitude (φ) and Colatitude (θ) 

independently. Largest vector displacements toward the brightness axis in the Sonoyta 

River Valley and along the coast line coincide with brightest features extracted by the 

Longitude (φ) component. Additionally, Colatitude (ρ) was able to enhance a more subtle 

bright feature in the western boundary of the volcanic shield not detect by the Longitude 

(φ) component. Because of the size, location and shape of the feature, it could be 

attributed to intense alluvial activity washing down the cinder material that typically 

darkens this portion of the volcanic shield. The lighter-colored clay underneath might be 

the responsible of this large brightness change. 

Consistent with the greenness features identified by other two vector direction 

components, Colatitude (ρ) was able to extract vector displacements toward the wetness 

axis in those areas producing large greenness vector displacements. Large displacement 

toward the wetness axis in Colatitude (ρ) defined much better the vegetated inter-

meander areas in eastern portion of the PBR along the Sonoyta River Valley. Most of the 
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sand dune fields in the western portion of the PBR, however, were also identified 

uniformly with the largest vector displacement in wetness. This pattern should be 

interpreted cautiously because it only agrees with moderated greenness displacements 

identified by Colatitude (θ) but not by Longitude (φ) in its entirety. 

The most important disagreements of Colatitude (ρ) with the other two vector 

direction components are at the areas occupied by potential flood plains and the darkest 

Pleistocene lava flows. These areas were identified as wettest by the Colatitude vector 

Direction (θ). Colatitude (ρ) identifies them, however, with a minimal displacement 

toward the brightness axis. Most areas in the remaining of the volcanic shield are 

associated with a moderated vector displacement toward the wetness axis, which agrees 

with the moderate increased greenness in the other vector direction components. The 

apparent ability of Colatitude (ρ) to overcome identification of extreme brightness 

displacement and underestimate the identification of extreme wetness displacement might 

require additional testing of this component in other areas and the use of ground reference 

data. It seems however to open additional possibilities of analysis for CVA employing 

KT inputs. 

After classifying the vector magnitude and the three vector direction components, 

the areas in the two largest magnitude classes and the largest displacements in any of the 

three vector directions were selected as the most dynamic landscapes. This procedure 

identified areas with large and medium magnitude changes in wetness, greenness, and 

brightness. The conservative selection of only the two large magnitude classes served to 
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isolate confidently only the spectral changes derived from actual changes in the land 

cover and not from differences in image illumination ‘noise.’ 

Table 4 and Figure 12 summarize these most dynamic landscapes derived from 

CVA of KT transforms obtained from TM89 and ETM+99 images. Greater than 85% of 

the PBR recorded no distinguishable change. Recurring features in the three vector 

directions ___like the large brightness displacement in the eastern portion of the Sonoyta 

Valley, in the southeast corner of the PBR occurring in 4% of the area___ appear clearly 

identified as one the most dynamic landscapes in the 10-year span of this study. We were 

intrigued these areas appear associated with nearby largest displacements toward the 

greenness component. Large and medium displacements towards the brightness 

components can be observed also along the coast line in the southwest portion the PBR. 

The area on the western border of the volcanic shield ___associated potentially with 

exposure of lighter clay soils after alluvial removal of cinder surface deposits___ was 

identified as a medium brightness vector displacement.  

Selection of only the largest change magnitudes limited the vector greenness-

displaced areas to lowlands in the western and northwestern portion of the PBR. These 

areas, though, appear now as isolated clusters as opposed to the whole large greener area 

in the Colatitude Vector Directions (θ) and (ρ). Consistent with this finding, no large 

displacements toward the greenness were identified in the central-east portion of the 

PBR. The large greenness vector displacements identified around potential flood plains, 

and the large wetness displacement in such flood plains at the northeast portion, were 

also extracted successfully as some the most dynamic landscapes. No dynamic 
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landscapes were identified at higher elevations in Sierra El Pinacate at the centre of the 

volcanic shield. Most of this area ___covered by cholla forest and semi thornless scrub 

communities___ appears very stable during the decade of the study.  

 

4. Summary and conclusions 

 

We used CVA to detect the most dynamic areas in terms of their corresponding response 

in the three KT features using TM and ETM+ data from 1989 and 1999, respectively. 

Classified vector Magnitude and Direction components were used for the selection of 

dynamic landscapes. Most dynamic landscapes are located outside the core zone of the 

PBR. In the southeast portion of the PBR, for example, dynamics seems to be associated 

with agricultural and grazing activities along the Sonoyta River Valley. Dynamic 

landscapes are also identified along the coast line outside of the PBR core zone. Most of 

the core zone, especially at higher elevations, shows no presence of highly dynamic 

landscapes.   

Use of polar coordinates to represent vector directions enhanced the CVA 

sensitivity to vector changes not detected by the simple KT difference images. 

Incorporation of the Colatitude (ρ) helped confirm the most prominent changes toward 

the brightness axis. In the same way, Colatitude (ρ) helped identify medium brightness 

vector displacement areas not detected fully in the other two vector directions. A 

drawback in the use of Colatitude (ρ) is the apparent confusion in the extraction of 

wetness features, which were identified better by Colatitude Vector Direction (θ).  
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 Even though additional testing is required to prove the efficiency of feature 

extraction in the wetness - brightness KT plane, we hope results of this experiment using 

Colatitude (ρ) will prompt further investigation. This experiment demonstrates an 

extended approach for rapid landscape dynamic assessment using remotely sensed data. 

CVA and extended polar coordinates enhanced the ability of identifying landscape 

dynamics in this desert environment, where interannual variability in vegetation 

complicates discrimination of actual land cover changes from the little variations created 

by inconsistent rainfall availability. We hope the results of this study will serve to 

establish connections with other ecological processes occurring at the PBR, such as the 

invasion by exotic plan invasives. 
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7. Tables and Figures 

Table 1 Tasseled cap coefficients for Landsat  4 TM data at-satellite reflectance (Crist 
and Cicone 1984a). 

Component Band 1 Band 2 Band 3 Band 4 Band 5 Band 7 
Brightness 0.3037 0.2793 0.4743 0.5585 0.5082 0.1863 
Greenness -0.2848 -0.2435 -0.5436 0.7243 0.0840 -0.1800 
Wetness 0.1509 0.1973 0.3279 0.3406 -0.7112 -0.4572 

 

Table 2 Tasseled cap coefficients for Landsat 7 ETM+ data at-satellite reflectance 
(Huang et al. 2002). 

Component Band 1 Band 2 Band 3 Band 4 Band 5 Band 7 

Brightness 0.3561 0.3972 0.3904 0.6966 0.2286 0.1596 
Greenness -0.3344 -0.3544 -0.4556 0.6966 -0.0242 -0.2630 
Wetness 0.2626 0.2141 0.0926 0.0656 -0.7629 -0.5388 

 

 
Table 3 Change classes of raw differences in KT components derived from the sign of 
change. 

Class Brightness Greenness Wetness 
1 + + + 
2 + + - 
3 + - + 
4 + - - 
5 - + + 
6 - + - 
7 - - + 
8 - - - 

 
 

Table 4 Landscape dynamic classes and their corresponding area in the PBR. 

Class Value Area (km2) % 

0 No change 3158.15 85.76 
1 High Wetness 9.90 0.27 
2 High Greenness  216.88 5.89 
3 High Brightness 87.24 2.37 
4 Med Wetness 97.23 2.64 
5 Med Greenness  52.96 1.44 
6 Med Brightness 60.08 1.63 
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Figure 1 Change vector directions represented by shift sector coding (a) and angle 
grouping (b) 

 
Figure 2 Vegetation Communities in the PBR according to (DGTENAL 1980a) 
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Figure 3 Z-scores of precipitation data in the San Luis Rio Colorado (a) and the Pinacate 
Biosphere Reserve Head Quarters meteorological stations (b)  indicating the below 
average precipitation in September 1989; and October 1999 and the above average winter 
precipication in 1998 respectively 

 
 
Figure 4 Pleistocene dark lava flows in the central northeastern portion of the PBR 
assumed to have zero ground reflectance for the application of the DOS technique for the 
atmospheric correction of the Landsat images. 
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Figure 5 Graphical model script of the extended change vector analysis algorithm for 
Landsat 4 TM89 and Landsat 7 ETM+99 data 
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Figure 6 Geometric representation of a change vector and its corresponding polar 
coordinates along the planes formed by the three Tasseled Cap transforms: Brightness 
(x), Greenness (y), and Wetness (z).  Vector magnitude (M) is represented by the change 
in position of a pixel in Time 1 (T1) and Time 2 (T2).  Longitude Vector direction (φ) is 
the angle between the x axis and the projection of the vector T1-T2 in the x-y plane. 
Colatitude vector direction (θ) is the angle between the z axis and the projection of the 
vector T1-T2 in the z-y plane.  Colatitude vector direction (ρ) is the angle between the z 
axis and the projection of the vector T1-T2 in the z-x plane. 
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Figure 7 Tasseled Cap transform differences from 1989 to 1999. Brightness (a), 
Greenness (b), and Wetness (c) 
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Figure 8 Change Vector Magnitude representing the intensity of change between a 
pixel’s brightness, greenness, and wetness in 1898 and 1999. 
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Figure 9 Longitude Vector Direction (φ) representing the vector’s changes in the 
Brightness – Greenness plane 
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Figure 10 Colatitude Vector Direction (θ) representing the vector’s change in the 
Greenness – Wetness plane 
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Figure 11 Colatitude Vector Direction (ρ) representing the vector’s change in the 
Wetness – Brightness plane 
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Figure 12 Landscape dynamic in the PBR derived from Change Vector Analysis of 
Kauth-Thomas transforms. Each class indicates intensity of vector change in any 
direction within the corresponding transform.  
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Abstract 

Robust predictive models of invasive species inform long term resource 

management strategies. We used a scaled down modeling approach, based on field data 

and high spatial resolution multispectral imagery, to assess the predictive skill of 

combined Genetic Algorithm Rule set-Production (GARP) and Change Vector Analysis 

(CVA) models. We hypothesized that highly dynamic desert environments are unstable, 

thus more vulnerable to invasion by exotic plant species. Initial model results confirm 

this hypothesis. The GARP-CVA models identified areas vulnerable to invasion by 

Brassica tournefortii and Schismus arabicus over dynamic landscapes in the eastern 

portion of ‘El Pinacate’ Biosphere Reserve (ePBR), a natural area under potential 

increasing pressure by humans. The GARP-CVA models showed low accuracy when 

tested against confirmed locations of the invasives due very likely to the large modeling 

scale. Land cover characterization showed that B. tournefortii is associated with 

landscapes occupied by microphyllous desert scrub and grassland, as well as 

sarcocaulescent desert scrub. S. arabicus was found more abundantly in the flat low lands 

occupied by microphyllous and crassicaulescent desert scrub. The GARP-CVA models 

representing the most dynamic landscapes with high probability to invasion showed a 

good spatial agreement with the distribution of invasives per the land cover type. This 

relationship needs however to be investigated further because the ecology of these 

invasives is likely more complex than we can model. 
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Keywords: Invasive species, predictive modeling, land cover classification, IKONOS, 

‘El Pinacate’ Biosphere Reserve. 

 

1. Introduction 

 

Invasive species can have profound effects on human health, devastating economic 

impacts, and can threaten native biodiversity and ecosystem function worldwide (Kolar 

and Lodge 2001). Modeling current and potential invasive distributions lays groundwork 

for application of management strategies that prevent or mitigate adverse effects on 

native ecosystems. Predictive models look for functional relationships between 

environmental conditions and the occurrence of invasives based on their particular 

ecological requirements or niches (Grinnell 1917). These relationships remain, however, 

difficult or impossible to characterize completely because they arise from complex 

ecological and biotic interactions, and the genotypic plasticity of the invasives that favors 

adaptation (Williamson and Fitter 1996). Predictive modeling of invasives is thus subject 

to uncertainties because of the many factors intervening in their establishment (Rouget et 

al. 2004). 

We hypothesize highly dynamic landscapes, particularly in desert environments, 

are more prone to invasion by exotic plant species. Such instability, produced by the 

interannual and spatial rainfall variability and the influence of human activities might 

favor highly adaptable exotics in desert environments worldwide. We recognized in 
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addition that describing landscape dynamics based on specific land cover characteristics 

might serve to establish meaningful associations with the presence of invasives. Such 

foreknowledge could provide insight into key connections and mechanisms that favor the 

invasion, promoting better design and application of management strategies. 

We tested this hypothesis by assessing the effective relationship of predictive 

models of invasion over dynamic landscapes with direct observations of the invasives 

Brassica tournefortii and Schismus arabicus and associated land cover types in a portion 

of ‘El Pinacate’ Biosphere Reserve (PBR) in the Sonoran Desert. We sought to 

characterize the land cover conditions of landscapes prone to invasion through the use of 

high spatial resolution satellite imagery and field data. Results of this study demonstrated 

the effectiveness of a combined geospatial and remote sensing approach to detect the 

presence of invasives. Characterization of the invaded landscapes provides researchers 

and resource managers with detailed information for a better allocation of prevention and 

control practices. 

Different approaches have been used to predict species distributions: Most  

employ a variety of statistical and non-statistical techniques to assess the species-

environment relationships (Heglund 2002). These approaches include logistic regression, 

discriminant function analysis, approaches based on distance measures; and 

parallelepiped set-based analysis (Peterson and Cohoon 1999). Recent data-efficient 

approaches in predictive modeling include Gap analysis (Scott et al. 1993); Artificial 

Neural Networks (ANN) (Colasanti 1991); fuzzy set theory (Ayyub and McCuen 1987); 

and Genetic Algorithm Rule-set Production (GARP) (Stockwell and Noble 1991). 
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Despite the efficiency of all these new promising modeling tools, quantity and quality of 

input data are key to the reliability of distribution models (Stockwell and Peterson 2002); 

(Welk 2004) adding another factor to the limitations of predictive modeling. 

Remote sensing techniques have also proven successful in providing timely 

information about the spatial characteristics of the invasions. Some approaches include 

the use of multispectral imagery with moderate and high spatial resolution to exploit the 

visual characteristics of invasive phenological cycles (Carson et al. 1995; Everitt et al. 

1995). Other remote sensing work includes the use multispectral imagery at lower spatial 

resolution (i.e., 1km), enabling automatic image processing at broad spatial scales (Peters 

et al. 1992). The advent of hyperspectral remote sensing imagery has enhanced the 

potential for mapping invasives through the detection of the biochemical and structural 

properties of the plants. There has however been little evaluation of the processing 

techniques using hyperspectral imagery to identify invasives (Underwood et al. 2003). 

Combination of statistical and remote sensing geospatial approaches has, similarly, not 

been explored extensively to map distributions of invasives. 

The present study is based on the results of two previous experiments undertaken 

in the core area of the PBR. The first experiment used Genetic Algorithm Rule-set 

Production (GARP) and Geographic Information System (GIS) to model the potential 

distributions of the invasives Brassica tournefortii and Schismus arabicus (Sánchez 

Flores 2006). We developed GARP predictive models consisting of a set of conditional 

rules that described the ecological niches of the invasives. We modeled predicted 

distributions using the combined and separated influence of biophysical and human-
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related variables. Biophysical variables included elevation; aspect; slope; flow direction; 

soil type; and vegetation type; coastal proximity; and the Euclidean distance from 

ephemeral streams and the Sonoyta River. These variables are important drivers of the 

mass-energy transfer processes that control vegetation establishment and vigor in 

ecosystems. Human-related variables included property type; and Euclidean distance 

from trails, backcountry roads, paved roads, railroad, ranches, small human settlements, 

and points of tourist interest. These variables were selected to capture the determinant 

influence of human as vectors of invasion. 

GARP models are built through an iterative process of rule selection, evaluation, 

testing, and incorporation or rejection of the rules produced (Peterson et al. 1999). Given 

their stochastic nature, we created large sets of GARP models for each species using 

confirmed locations of the invasives collected in the field. We used intrinsic and extrinsic 

measures of statistical performance complemented with expert evaluation to select the 

best performing models. Selected models were summed to produce probability models 

for each invasive and suite of variables. Models derived from human related variables 

showed higher significance and accuracy values for both invasives. Internal road and trail 

networks were the strongest predictors of presence, revealing the importance of humans 

as vectors for invasives. We reclassified the combined probability models to separate 

areas of high-predicted presence. These areas served to segregate individual variables that 

favor most the potential occurrence of invasives. We recombined the segregated variables 

to produce models of merged conditions of high probability to invasion, which 

constitutes the GARP input for the present study (Figure 1). 
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The second experiment supporting this study consisted of a remote sensing based 

analysis of the landscape dynamic in the PBR (Sánchez Flores and Yool 2006). We 

hypothesized landscape dynamics were related to invasion by exotic plant species, so we 

needed to identify the most dynamic landscapes in the study area. For this purpose, we 

used normalized Landsat 4 Thematic Mapper (TM) 1989 and Landsat 7 Enhanced 

Thematic Mapper Plus (ETM+) 1999 data to derive brightness, greenness and wetness 

Kauth-Thomas (KT) transforms. These spectral enhancements were selected due to 

established sensitivity to vegetation change (Crist and Cicone 1984). We used these KT 

features as inputs to Change Vector Analysis (CVA)  forming axes representing the 

magnitude and direction of landscape change from 1989 to 1999 (Malila 1980). We 

measured the magnitude, longitude, and two colatitude directions in a three-dimensional 

space using spherical coordinates to exploit the full range of spectral information 

available in the Landsat data (Allen and Kupfer 2000).  

Results indicated the southeastern portion of the study area lying outside and in 

the buffer zone of the PBR produced greatest spectral changes in the 1989-1999 decade. 

We understand from local experts these changes have been influenced by present and 

past grazing and agricultural activities in these outer areas. Changes detected in the 

southwestern portion along the coast line might be more attributable to natural variation 

in the coastal vegetation. No significant changes were detected within the core zone of 

the PBR. It is however plausible that landscape dynamics detected with this approach 

might serve to establish connections with other ecological processes promoting invasion 

by exotic plants within the PBR. Such connection, though, could only be validated with 
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sufficiently long invasion records. The largest changes measured by magnitude in each of 

the vector directions were reclassified and recombined into a single highly dynamic 

landscape model, which constitutes the CVA input for the present study (Figure 2). 

  

2. Data and methods 

2.1 Study area 

We used the results of our previous GARP and CVA studies to scale the modeling 

approach down to a critical area containing zones of high predicted vulnerability to 

invasion and high landscape dynamic in the eastern portion of the PBR (ePBR) in 

northwestern Sonora, Mexico. This 55 km2 rectangular area, centered in the Sierra ‘El 

Batamote’ between 31º40’47.5” and 31º45’24.5’’ North latitude, and 113º14’41.0” and 

113º18’53” West longitude, is located mostly in the buffer zone of the Reserve (Figure 

3). The study area, with an elevation range of 214 meters, also encompasses a small 

portion of the Reserve’s core zone in the North, and a small portion outside of the 

protected area in the Southeast corner. Selection of this study site enabled analysis of 

areas with different management conditions: one unprotected area used mainly for 

grazing activities; and two protected areas with moderate and restricted levels of human 

influence. 

According to the 1:250,000 Land use and vegetation and Soils maps (DGTENAL 

1980a; DGTENAL 1980b) this area is dominated by 3 main vegetation communities and 

soil associations: 1. Sandy desert vegetation over calcic/haplic yermosol and calcaric 
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regosol with fine textures in the low lands; 2. Sarcocaulescent / semi-thornless scrub over 

lithosol and eutric regosol with fine textures in the hills; and 3. Microphyllous / thorny 

desert scrub over calcic/haplic yermosol and calcaric regosol along the Sonoyta River 

valley. This general knowledge of the area and field visits in different seasons served to 

guide a more detailed land cover image based classification for the purpose of the study. 

 

2.2 Data 

For the first part of the study, we used the GARP predictive models we created 

previously for each of the two invasives, as well as the decadal landscape dynamic 

model. The models covered the whole PBR study area and were produced in Arc GRID 

format with 60 meter pixel size. We collected 737 field points for the validation of these 

models. These points were collected during the summer season 2006 using a systematic 

unaligned random sampling design that covered the ePBR study area uniformly. We 

recorded for each field point the presence and density of B. tournefortii and S. arabicus. 

Though these invasives are winter annuals, we were able to detect their presence due to 

the above ground biomass that remains throughout the year. Invasive density was 

estimated visually from each field location within an estimated radius of 5 meters and 

grouped into 3 ranks of percentage of coverage: 1. <25%, 2. 25-50%, and 3. 50-75%. No 

density above 75% was detected. 

For the classification phase of the study, we selected an 11-bit cloud-free 

IKONOS image from the GeoEye© archive consisting of four spectral bands: blue 

(0.444–0.516 µm), green (0.506–0.595 µm), red (0.631–0.697 µm), and near infrared 
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(NIR) (0.757–0.852 µm) with 4 meters of spatial resolution; and one panchromatic band 

(0.525 – 0.928 µm) with 1 meter of spatial resolution. The image was corrected 

geometrically and projected in UTM NAD27 zone 12N by the distributor. This scene was 

acquired on December, 5th, 2003, the beginning of the winter rainy season. We 

considered this date suitable to capture the signal of early phenology winter invasives 

such as B. tournefortii and S. arabicus. To evaluate the accuracy of the IKONOS image 

classification, we co-registered the attributes of the 737 field points with information 

about the vegetation community, main plant association, dominant species, and soil type.  

 

2.3 GARP-CVA integration 

The GARP and CVA grid models were clipped to the 55km2 polygon of ePBR study 

area. We used conditional functions to select from the GARP models only the areas with 

the highest predicted probability of invasion for the two species. We applied the same 

procedure to select the areas with high and medium landscape changes from the CVA 

models. Selected areas were combined using arithmetic functions into a single model of 

dynamic landscapes with high probability of invasion. 

To test the hypothesis of this study we converged lines of evidence using different 

methods. We overlaid the invasive field dataset over the GARP-CVA model and used a 

point intersection function to extract the identity of each location with respect to the 

model for each invasive. Given the binary and ordinal measurement levels of the 

predicted and actual invasion data, we used the error matrix (Jensen 2006) to assess the 

model accuracy and Spearman’s rank correlation (Burt and Barber 1996) to measure the 
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direction and strength of the relationships between actual and predicted model attributes. 

We then characterized the land cover not only of the dynamic landscapes prone to 

invasion, but of the whole ePBR. This ensured that even landscapes not predicted by the 

model but actually subject to invasion were characterized. Land cover was extracted 

through the classification of multispectral IKONOS data. 

 

2.4 IKONOS image pre-processing  

The IKONOS image was obtained uncorrected for atmospheric and topographic effects in 

raw digital numbers (DN), so the first processing step was to convert DN values into 

Radiance (Lλ) values according the following equation and the band-dependent 

parameters in Table 1.  
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Before we corrected for atmospheric effects, radiance values were converted to planetary 

reflectance (ρp) (Taylor 2005) according to equation 2, where ρp is the unitless planetary 

reflectance, Lλ is the radiance for spectral band λ at the sensor’s aperture in W/m2/µm/sr, 

d is the Earth-Sun distance in astronomical units for the image acquisition Julian day 339, 

is the mean solar exoatmospheric irradiance for spectral band λ from Table 1, and θ 

is the solar zenith angle at the time of image acquisition. 

λSUNE

 
sSUN

p
E

dL
θ

πρ
λ

λ

cos
2

×
××

=                                     (2) 

 



 126

To account for the atmospheric effects in the IKONOS image we used SBDART 

(Ricchiazzi et al. 1998), a plane-parallel radiative transfer software tool to convert 

planetary reflectance into surface reflectance values. SBDART requires specific image 

acquisition parameters of solar geometry, atmospheric profile, and aerosols and cloud 

conditions to calculate the incident and reflected radiant fluxes. Given the image date 

acquisition and the location of the ePBR___38 km from the coast of the Gulf of 

California___ we used the parameters for a mid latitude winter atmospheric profile with 

oceanic aerosols and no cloud presence. Since there are no historical or current records 

available to integrate an atmospheric profile of trace gases for the area, we decided to use 

global parameters estimated for December 2003 instead of the default values provided by 

SBDART. The values used for CO2, CH4, and N2O were 375.6, 1.75, and 0.318 ppm 

respectively.  

Given the diverse nature of the dominant surface materials in the ePBR___ ranging 

from dark basaltic rocks to bright sandy soils__ we calculate incident and reflected fluxes 

for an ample range of albedos going from 0.1 to 1 at increments of 0.1. Radiant fluxes 

were calculated at different spectral regions coinciding with the mean bandwidth of each 

of the IKONOS bands (Table 2). The incident flux (Фiλ) and reflected flux (Фreflected) for 

each spectral region at the different albedos were used to calculate the percentage of 

reflectance (%ρλ) at the surface according the following equation (Jensen 2006): 
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We regressed the albedo and percentage of reflectance values to estimate linear 

equations. These linear models were applied to each IKONOS band to correct the 

atmospheric effects. The regression equations and their corresponding scatter plots are 

shown in Figure 4. The R2 values exhibit near perfect correlation similarly for all bands. 

We used the first phase of  topographic normalization to correct the topographic effects in 

the IKONOS reflectance image (Civco 1989). Civco’s approach has been tested in 

IKONOS data against cosine (Teillet et al. 1982) and Minaert (Smith et al. 1980) 

correction methods, demonstrating Civco’s approach can further improve image 

classification (Law and Nichol 2004). Topographic normalization was applied using the 

reflectance values of the image corrected atmospherically instead of raw radiance values 

proposed in the original method. The normalization algorithm consists of a linear 

transformation we applied to each of the IKONOS multispectral and panchromatic bands 

according to equation 4, where ijλδρ  is the normalized reflectance for pixelij in band λ, 

ijλρ  is the reflectance for pixelij in band λ, kµ  is the mean value for the scaled 

illumination model (0, 255), and  is the value for pixelijX ij on the scaled illumination 

models (0, 255). 
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To create the illumination model for the topographic normalization we used 

contour lines from 1:50,000 topographic maps (INEGI 1980a; INEGI 1980b). However, 

the illumination model produced with these medium scale topographic maps did not 

 



 128

reproduce faithfully all the shadows that needed to be eliminated in the IKONOS image. 

For this reason we had to edit the digital contour lines manually to recreate as close as 

possible the actual shadows in a more representative illumination model.  

After applying the first phase of Civco (1989) topographic normalization not all 

shadows were completely removed; however, the visual inspection of the image produced 

satisfactory results (Figure 5). Statistical evaluation of the results in Table 3 also 

suggested a successful topographic correction because the mean value (µ) of each band 

was preserved while the standard deviation (σ) decreased (Law & Nichol 2004). We 

decided not to apply the second phase of the Civco’s method because, despite the manual 

edits, the illumination model overcorrected the illuminated side of the hills, producing 

undesirable results.  

After the radiometric, atmospheric, and topographic corrections were applied, we 

merged the spatial resolution of the multispectral and panchromatic IKONOS bands to 

create a 1 meter pan-sharpened band composite to be used as input of the land cover 

classification.  

 

2.5 IKONOS Image classification 

For the land cover mapping we combined spectrally derived variables and ancillary 

terrain derived variables to enhance the results of the classification (Hutchinson 1982). 

The spectrally derived variables consisted of principal components and vegetation index, 

while the terrain derived variable consisted of a resampled 1 meter digital elevation 

model (DEM). We calculated four principal components from the pan-sharpened 
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IKONOS bands using Unstandardised Principal Components Analysis (uPCA) (Eklundh 

and Singh 1993). This process produced totally uncorrelated data and removed the 

redundancy in the original bands. Only the first two principal components, which 

explained 98.54% of the variance in IKONOS spectral data, were selected for the 

classification image composite. 

In addition, we calculated the modified Soil Adjusted Vegetation Index (mSAVI) 

(Qi et al. 1994) because of the sparse vegetation and diverse soil conditions in the ePBR 

study area. Instead of the SAVI constant L factor of 0.5, which usually buffers vegetation 

reflectance variations in the red spectral region, mSAVI incorporates a self-adjustable soil 

factor L that increases the vegetation dynamic response and decreases the soil noise by 

canceling or minimizing the soil brightness effect. This was the third layer in the 

classification image composite, followed by the DEM. 

We used an unsupervised classification approach with the ERDAS Imagine ™ 

Isodata algorithm (Tou and Gonzalez 1974) to extract 96 arbitrary classes with a 

maximum 12 iterations and 95% convergence threshold. This high number of classes was 

used to maximize the spectral separation capabilities of the algorithm in the image 

composite. The 96 classes were inspected visually and merged subsequently into 9 final 

classes. This process and the corresponding class labeling were based on an independent 

set of 23 field points representative of the main land cover types; the expert knowledge of 

the ecologists in the Reserve; and the knowledge of the area we acquired during the field 

visits. Class labels were assigned considering the dominance of three main elements of 

the landscape: 1. Vegetation association, described by the domain and main native 
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species; 2. Land form; and 3. Soil composition. Apart from the existing vegetation 

classification of the area that considers only domain type; this labeling scheme had the 

purpose of making landscape ground identification easier for the application of invasives 

management actions. 

For the classification accuracy assessment we used the 737 field point dataset 

acquired independently. This number of points was enough to use a minimum of 50 

samples per land cover to evaluate the accuracy of the IKONOS image classification 

(Congalton 1991).  For the assessment, we created an error matrix for the calculation of 

the overall accuracy and Kappa statistics (Khat) according to equation 5 (Jensen 1996), 

where r is the number of rows in the matrix, xii is the number of observations in row i and 

column i, xi+ and x+i are marginal totals for row i and column i respectively, and N is the 

total number of samples.  
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We mapped the number of confirmed locations of B. tournefortii and S. arabicus 

per land cover type to create models of invasives distribution based on their particular 

land cover association. Since these models were derived from field data, we considered 

them our ground truth base information. To test the hypothesis of the study, we assessed 

the agreement of the predicted GARP-CVA model and the invasive land cover models 

using Kappa for location (Klocation) (Pontius 2000; Pontius 2002). This coefficient is a 
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variation of the Kappa statistics to measure the agreement in terms of locations between 

two categorical or binary models and is calculated according to equations 6 through 8.  
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where OA is the overall agreement between the invasion land cover model (R) and the 

GARP-CVA predicted model (S) with J categories, Wn is the weight of the model spatial 

resolution Ng, Rn is the proportion of category j for the land cover model R, PA is the 

agreement in the present category, and MA is the agreement in the smaller j category. To 

ensure the proper assessment of the location agreement, we matched the cell structure and 

decreased spatial resolution of the land cover model to match the 60 meter pixel size of 

the GAPR-CVA models for each invasive.  

 

3. Results and Discussion  

 

3.1 Integrated GAR-CVA model assessment 
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The combination of areas with high probability of invasion as predicted by GARP models 

and the most dynamic landscapes in the 90’s decade detected by CVA on Landsat 

imagery are shown along with the actual locations of invasives in Figure 6. According to 

this model, dynamic landscapes prone to invasion are located mostly in the eastern and 

southeastern lowlands of the ePBR, occupied by sandy desert vegetation over 

calcic/haplic yermosol and calcaric regosol with fine textures (DGTENAL 1980a; 

DGTENAL 1980b). Out of these invasion-prone landscapes, 69.78% were predicted with 

high probability to invasion by both B. tournefortii and S. arabicus. Only 3.77% were 

predicted with high probability to invasion exclusively by S. arabicus in the northern 

portion, while 26.45% were predicted with high probability to invasion exclusively by B. 

tournefortii, mostly in the southern portion. 

The difference in the location of predicted areas exclusive of a particular invasive 

do not seem to be associated with any of the main physical or human related elements in 

the image. There is for example, no evident relationship with changes in elevation or 

other topographical variables associated to the mountain ranges. There is neither an 

evident relationship with the closeness to the river nor the paved road. The only possible 

association might be of the exclusive B. tournefortii dynamic landscapes over the grazing 

areas in the southern portion outside of the protected area. The lack of defined spatial 

patterns may be an indicator that the subtle influence of other important invasion drivers 

acting at multiple spatio-temporal scales has not been captured fully in this integrated 

model. 
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The assessment of the integrated GARP-CVA model against actual invasives data 

revealed several discrepancies: The overall accuracy of the B. tournefortii predicted 

locations over dynamic landscapes was only 59.02% (Table 4). The model was more 

efficient predicting absent than present locations. For the user’s accuracy (U.A.) for 

example, 71.93% of actual absent locations were correctly predicted as absent, while only 

22.4% of actual present locations were correctly predicted as present. Consequently the 

commission errors (C.E.) were 77.6% and 28.07% for present and absent locations 

correspondingly. Producer’s accuracy (P.E.) was slightly lower for present and slightly 

higher for absent locations. This means that the model predicted correctly the same 

proportion of locations as present or absent than the proportion it failed to predict in the 

proper category. 

The model assessment for S. arabicus predicted locations over dynamic 

landscapes is presented in Table 5. The overall accuracy was 58.21%. However, the 

user’s accuracy was a bit higher in both categories than in the previous case. Again, the 

model predicted more efficiently actual absent locations with 86.28% of user’s accuracy. 

The actual S. arabicus present locations were also predicted just a bit more efficiently, 

with 28.49% of user’s accuracy. The producer’s accuracy showed a big improvement 

with 66.23% of the locations predicted correctly as present. This means that the model 

only missed 52 of the 154 actual S. arabicus locations. In the absent category, however, 

an omission error (O.E.) of 43.91% revealed that the model missed 256 of the 583 actual 

absent locations. This means more present and absent locations were predicted correctly 
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for S. arabicus than for B. tournefortii, but a higher proportion of absent locations were 

missed. 

Several factors might be affecting the accuracy of the integrated GARP-CVA 

model when confronted with actual invasives locations. One of the most important has to 

do with spatial resolution of the original source models: The GARP models were created 

based on available data; some of these derived from small scale INEGI maps (1:250,000). 

The final 60 meter spatial resolution of the models might not be capturing realistically the 

potential distribution and full extent of the invasives; or at least to a level required to 

match the field observations. Even though we produced the CVA model with a 30 meter 

spatial resolution, we had to degrade resolution to 60 meters for the integration with the 

GARP models. Additionally, even small discrepancies in the spatial registration to 

integrate the two different scale model sources may have affected the correct location and 

identification of the field points. 

Other potential sources of error have to do with the nature of the data used to 

produce the models: For the creation of the GARP models we missed important 

biophysical factors including climate, which might had made the models more sensitive 

to small invasive niches and transitional areas. The biophysical and human related 

variables for the GARP predictions were also static in time; they did not account for the 

temporal dynamic implicit in the CVA model spectral variables. The CVA model was 

used to detect landscape changes based on biophysical variables derived from spectral 

information contained in Landsat images. These KT transforms may not however be 

completely suitable to detect landscape changes associated with the invasion. Moreover, 
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landscapes changes were tracked at the end of the summer monsoon season, while field 

data were for necessity collected before the onset of the monsoon. Consequently the 

apparent over prediction of the models might also be the result of an increased vegetation 

spectral response produced by summer rainfall.  

When exploring the relationship between invasive density and GARP probability 

to invasion in confirmed B. tournefortii and S. arabicus locations, we found a perfect 

negative correlation between the ranks of variables for the two species. We expected that 

established invasive niches ___presumably in areas of high probability of occurrence___ 

would show the highest densities. We accordingly established the null hypothesis H0: 

Areas with higher probability to invasion show lower invasive densities; and the alternate 

hypothesis Ha: Areas with higher probability to invasion show higher invasive densities. 

The two variables ranked in 3 categories from low = 1 to high = 3 (Table 6) yielded a 

Spearman’s rank correlation statistic RS = -1 for the two species, hence we had to accept 

the null hypothesis. This correlation analysis indicated that as the number of confirmed 

locations with higher density decreases, the number of locations with higher probability 

to invasion increases, which suggests over prediction in the GARP probability models. 

 Several factors might be influencing this apparent over prediction. First, we 

selected the ePBR study area due to its large concentration of high probability to invasion 

areas. Consequently, the most common samples will be located within this category. 

Also, because of the larger PBR study area in the GARP models, we used a stratified 

field sampling scheme based on generic map land cover types. The sampling design used 

to collect the density data was however guided by field observations and visual 

 



 136

interpretation of main vegetation associations on the IKONOS image. Another 

consideration is that density data was estimated visually based on remnant aboveground 

biomass left by the two invasives, while GARP probability to invasion was derived only 

from presence data.  Moreover, the establishment of invasives niches in areas of high 

predicted probability to invasion might be influenced by complex temporal mechanisms 

beyond the time extent of our datasets.  

When looking at the connections between invasive density and CVA landscape 

change magnitude in confirmed B. tournefortii and S. arabicus locations, the two 

variables showed, as we expected, a perfect positive correlation. We presumed that areas 

with the highest invasive density would be associated with landscape changes of the 

highest magnitude. We accordingly established the null hypothesis H0: Areas with the 

highest landscape change magnitude show the lowest invasive density; and the alternate 

hypothesis Ha: Areas with the highest landscape change magnitude show the highest 

invasive density. Again, we calculated the Spearman’s rank correlation ranking the two 

variables in 3 categories from low = 1 to high = 3 (Table 7). The statistic RS = 1 revealed 

a perfect positive correlation; hence we rejected the null hypothesis.  

This analysis demonstrates that severe landscape alterations can produce denser 

invasion niches of the two species, though the relationship may not be conclusive. Both 

the field invasives data and the Landsat imagery for the CVA model were collected 

outside of the winter rainfall season, when the two invasives are more abundant. The 

landscape changes cannot therefore be recognized as variations in the density of the 

invasives themselves. Moreover, the capability of remotely sensed data of these spectral 
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and spatial resolutions to detect the invasives directly is well known. We can however 

infer that the landscape changes observed conform with changes in specific plant 

associations that might be favoring the invasion of the two species. For this reason, the 

detailed land cover characterization of these associated landscapes is a critical component 

to advance towards the design of more efficient detection and management strategies of 

the two invasive species.  

 

3.2 Land cover characterization 

The land cover classification of the IKONOS image composite is shown in Figure 7. 

Elevation patterns were clearly visible and dominated the arrangement of the original 96 

cluster image. After interpreting and merging the original clusters based on the training 

points and field observations, we obtained nine classes. Each class was labeled according 

the general domains specified in DGTENAL (1980a) and observed field characteristics 

such as cover density or substrate condition. In addition, the description of each class was 

complemented with information about the dominant species, land form, soil composition 

and confirmed locations of the invasives as presented in Table 8.   

The classification revealed a relatively homogeneous landscape occupied by few 

domain types. Almost 74% of the area was classified within 5 land cover classes. Classes 

3 and 7 in similar proportions occupy together almost 40% of the ePBR on flat low lands 

with clayey-sandy soils and fine gravel. Classes 5, 6, and 8, which correspond to different 

types of Microphyllous desert scrub dominated by L. tridentata, occupy proportionally 

another 34 %. Class 1 on rocky small mountain ranges occupies almost 18% of the area. 
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Class 4, herbaceous land, dominated by winter annual herbs, occupies almost 6%. The 

remaining 2% is occupied by the least abundant classes 2, and 9, which correspond 

respectively to the desert scrub in the sandy Sonoyta River valley and the scarce 

vegetation in the small sand dunes of the eastern portion. 

The overall accuracy of the classification was 81.28%, with 599 of the 737 

samples grouped in the correct class. The corresponding Khat coefficient is 78.42%, 

meaning the classification was about 78% more accurate than could be produced by 

chance alone. Statistics for these calculations are presented in the form of an error matrix 

in Table 9. The user’s accuracy showing how well the classification performed in the 

field, (i.e., the proportion of pixels classified correctly per class), ranged from 58.2% in 

class 4 to 94.7% in class 9. The producer’s accuracy or how accurately we classified each 

class in the image (i.e., the proportion of missed samples in the correct class), ranged 

from 74.4% in class 4 to 87.8% in class 9. These two classes represented the extremes in 

the classification results and also produced extreme spectral responses due to their 

different vegetation content. Class 4 was dominated by highly photosynthetically active 

herbaceous cover at the time of image capture, while class 9 corresponds to highly 

reflective exposed soil the stable sand dunes located at the southern and eastern part of 

the ePBR. 

Our classification has a relatively large proportion of commission error in some 

classes: At least two classes were particularly difficult to separate because of the 

structural heterogeneity of their dominant life forms. The highest commission error 

(41.8%) was in class 4. This might be due, for example, to the fact that many pixels with 
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low density of annuals herbs and grasses in class 4 were confused with crassicaulescent 

desert scrub with underneath grasses in class 7. Another relatively high commission error 

(27.8%) occurred in class 1, sarcocaulescent desert scrub. Here several samples were 

misclassified as microphyllous desert scrub dominated by A. dumosa. This may have 

happened in clayey areas where the density of the sarcocaulescent desert scrub is 

relatively lower. Similarly, several other samples of sarcocaulescent desert scrub were 

classified erroneously as scarce microphyllous desert scrub. 

Most of the classes, though, reported a user’s accuracy above 80%. The class with 

the highest user’s accuracy (94.75%) was class 9___exposed soil - scarce vegetation. This, 

naturally, was due to the very distinctive spectral signature produced by bright exposed 

sandy soil in the sand dunes. The omission errors of this class (5.3%) occurred at samples 

confused with sparse areas of microphyllous desert scrub dominated by L. tridentata. 

Classes 7, 8 and 2 reported also user’s accuracies higher than 85%. The commission error 

in class 7, which has the largest number of field samples, occurred mostly when the 

microphyllous desert scrub - crassicaulescent desert scrub pixels were confused with 

scarce microphyllous desert combined with grassland. Similarly, class 8, microphyllous 

desert scrub (L. tridentata), was only confused in 12.5% of the samples with lower 

density areas of class 7___ microphyllous desert scrub - crassicaulescent desert scrub, and 

class 9___exposed soil - scarce vegetation.  

Mapping the number of confirmed invasive locations per land cover class 

revealed important associations that might be of particular interest to design invasive 

management practices: While one invasive seems to be present with more frequency in 
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microphyllous and crassicaulescent desert scrub in the flat low lands; the other seems to 

prefer landscapes dominated by microphyllous desert scrub and grazing grasslands. 

These associations might be the result of important biological relationships being 

exploited by the invasives to succeed under specific habitat conditions (Williamson and 

Fitter 1996). Such relationships may include the invasive dependency on ‘nurse’ plants, 

which seems to be occurring with S. arabicus thriving underneath L. tridentata 

individuals in the driest terrain. Here we observed large monocultures of these plants 

association while no other species was present. Assumptions of this nature would 

however require further research.  

Confirmed locations of B. tournefortii per land cover class (Figure 8a), for 

example, showed that highest concentrations are found in landscapes occupied by 

microphyllous desert scrub and grassland. This occurs in the southeastern boundaries of 

the buffer zone and grazing areas outside of the Reserve, confirming the strong linkage 

between invasion and influence of human activities, particularly the pressure posed by 

herbivorous mammals (Loope et al. 1988). The second highest concentration of B. 

tournefortii is found in sarcocaulescent desert scrub and microphyllous desert scrub 

dominated by A. dumosa. Field evidence, though, indicates that the spatial distribution on 

the invasive within these classes in not entirely homogeneous. In sarcocaulescent desert 

scrub, B. tournefortii was located mostly in the northwestern aspects of the small 

mountain ranges. Unfortunately, we were unable to derive aspect data of enough 

resolution to model the influence of this topographic variable.  
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Some land cover classes seem not to provide suitable conditions for the spread of 

B. tournefortii: Despite it has being reported typically in sandy lowlands (Van Devender 

et al. 1997), the lowest number of confirmed locations of this invasive occurred at classes 

9 and 2, both characterized by sandy soils. These land cover classes, however, are located 

along the Sonoyta River bed and over the sand dunes. None of these classes represent 

typical flat sandy lowlands as reported in the literature. Areas of scarce microphyllous 

desert on the volcanic gravel foothills (class 5) seem not to offer favorable conditions for 

the spread of B. tournefortii either. Another land cover class with relatively low 

concentration of B. tournefortii locations was the herbaceous land (class 4). It might seem 

contradictory that this invasive herbaceous is not well established in these areas. Poor 

drainage conditions of the loamy soils in this class might however be limiting its spread.  

Confirmed locations of S. arabicus per land cover class (Figure 8b) revealed that 

this invasive species finds more suitable conditions in areas dominated by microphyllous 

and crassicaulescent desert scrub. In fact, 30% of the confirmed locations of this invasive 

were located in this land cover type. These land cover with clayey and fine gravel soils 

occur in flat lowlands in the central portion of the ePBR. The main associated native 

species in these landscapes are L. tridentata , A. dumosa, C. bigelovii, C. fulgida, F. 

splendens, and C. gigantean. Most of the scarce remaining biomass of S. arabicus was 

found beneath L. tridentata. This could be an indicator of an important counterproductive 

relationship that might be affecting L. tridentata in the long run, when other ecological 

factors such as fire come into play because Schismus spp. have been observed to thrive 

under cycles of fire (D'Antonio and Vitousek 1992). Crassicaulescent native species 
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present in class 7 such as C. gigantean could therefore be facing signficant fire related 

risk. 

Another land cover with a relatively high number of S. arabicus confirmed 

locations is the microphyllous desert scrub dominated by A. dumosa of class 3 in the 

northeastern portion of the ePBR. Density of this invasive in class 3 was, though, 

extremely low. In most cases, due to the severe drought conditions that also affected 

visibly A. dumosa individuals, density of this invasive was very close to 0%. The 

following class in number of S. arabicus confirmed locations was the most obvious class 

6. Here the microphyllous desert scrub is combined with relatively denser grazing 

grasslands, among whose main species is this invasive grass. An important observation is 

that native non fire adapted crassicaulescent species are almost completely excluded from 

this land cover type. This seems related to the land use history of these areas, where 

grazing pressure moved after the exclusion of most productive activities from the core 

zone with the creation of the Reserve in 1993. 

The location agreement assessment between the invasion patterns based on land 

cover types (Figure 8) and the GARP-CVA dynamic landscapes with high probability to 

invasion (Figure 6) revealed useful evidence to draw the conclusions of the study. From a 

visual perspective, both B. tournefortii and S. arabicus predicted dynamic landscapes 

showed a good location agreement especially in the southern and eastern portion of the 

ePBR correspondingly. Klocation statistic was 67.46% for B. tournefortii and 85.25% for 

S. arabicus model. This was due largely to the fact that land cover types associated with 

B. tournefortii have a more localized distribution. Converging all our evidence with this 
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last assessment allow us, though not in a definite manner, to confirm our initial 

hypothesis. However, from the outcomes of this study, it is still possible to emphasize the 

strong and still not well understood linkages that exit between landscape dynamics and 

invasion mechanisms. Land cover characterization and association can be also a useful 

factor to guide the detection of critical invaded areas, while at the same time provide 

insight into the complex ecological relationships that control the invasion. 

 

4. Summary and Conclusions 

 

We characterized land cover of the ePBR with field data and IKONOS high spatial 

resolution multispectral imagery. We compared this characterization with the results of 

previously elaborated GARP and CVA studies combined into one single model. These 

models analyzed the probability to invasion by B. tournefortii and S. arabicus derived 

from the influence of human and physical variables; and the decadal landscape dynamic 

derived from spectrally based biophysical variables extracted from Landsat images. The 

results indicate low accuracy of the GARP-CVA model when tested against the field 

confirmed locations of the invasives. Ranks of invasives density in confirmed locations 

showed negative correlation with ranks of probability to invasion predicted by the GARP 

models. However, the same ranks of invasive density showed positive correlation with 

ranks of magnitude change from the CVA models. We believe these outcomes are highly 

influenced by the differences in modeling and operational scales of the invasion.  
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Land cover characterization showed that B. tournefortii seems to find more 

suitable conditions in landscapes occupied by microphyllous desert scrub and grassland, 

as well as in the volcanic ranges occupied by sarcocaulescent desert scrub. S. arabicus 

was found more abundantly in the flat low lands occupied by microphyllous and 

crassicaulescent desert scrub. Sand dunes with scarce vegetation, and microphyllous and 

thorny desert scrub along the Sonoyta River valley, were practically not affected by the 

invasion of these species. Comparison of the GARP-CVA model with the distribution of 

invasives per the land cover types showed a good spatial agreement between the most 

dynamic landscapes with high probability to invasion and the actual areal distribution of 

the two species per land cover type. This confirms the hypothesis of the study and reveals 

potential strong connections between landscape dynamic and vulnerability to invasion 

that need to be investigated further. We acknowledge however that confirming the 

hypothesized relationship may not be conclusive because the ecology of these invasives 

is likely more complex than we can model. 
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7. Tables and Figures 

 

Table 1 IKONOS band-dependant parameters (Taylor 2005). 

IKONOS 

Band 

CalCoefλ* 

 (DN/(mW/cm
2
 -sr)) 

Bandwidthλ 

(nm) 

Esunλ 

(W/m
2
/µm) 

Pan 161 403 1375.8 

Blue 728 71.3 1930.9 

Green 727 88.6 1854.8 

Red 949 65.8 1556.5 

NIR 843 95.4 1156.9 

              * Post 2/22/2001 

 

Table 3 Mean and standard deviation values of the IKONOS bands scaled (0, 255) before 

and after the first phase of (Civco 1989) topographic normalization. 

Without topographic 

normalization 

 First phase of  topographic 

normalization 
IKONOS 

band 
µ σ  µ σ 

1 55.273 16.938  55.107 16.220 

2 65.075 20.415  65.997 19.582 

3 77.839 25.082  77.860 24.185 

4 104.002 26.887  104.646 25.263 

Pan 85.182 23.814  85.652 22.582 

 

Table 4 Error matrix of actual vs. GARP-CVA predicted locations of B. tournefortii. 

Overall accuracy 59.02%. 

  Predicted 

  Present Absent 

Total 

Row 

U. A. 

(%) 

C. E. 

(%) 

Present 43 149 192 22.40 77.60 
Actual 

Absent 153 392 545 71.93 28.07 

Total Column 196 541    

P.A. (%) 21.94 72.46    

O. E. (%) 78.06 27.54    

  

 

Table 5 Error matrix of actual vs. GARP-CVA predicted locations of S. arabicus. 

Overall accuracy 58.21%. 

  Predicted 

  Present Absent 

Total 

Row 

U. A. 

(%) 

C. E. 

(%) 

Present 102 256 358 28.49 71.51 
Actual 

Absent 52 327 379 86.28 13.72 

Total Column 154 583    

P.A. (%) 66.23 56.09    

O. E. (%) 33.77 43.91    
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Table 2 Reflected (Фreflected) radiant flux (W/m
2
) and percentage of reflectance on the ground (%ρλ) calculated for each 

IKONOS band using the plane-parallel radiative transfer tool SBDART. Incident radiant fluxes (Фiλ) were 1170.5, 1068.9, 

886.98, 635.93, and 779.21 W/m
2
 for the blue, green, red, NIR, and panchromatic bands respectively 

*
. 

 

 Blue (0.48 µm) Green (0.550 µm) Red (0.665 µm) NIR (0.805 µm) Pan (0.727 µm) 

Albedo Фreflected % ρλ Фreflected % ρλ Фreflected % ρλ Фreflected % ρλ Фreflected % ρλ 

0.1 251.11 21.45 168.24 15.74 120.00 13.53 79.53 12.51 103.95 13.34 

0.2 335.32 28.65 246.24 23.04 193.25 21.79 135.84 21.36 162.04 20.80 

0.3 422.24 36.07 325.94 30.49 267.50 30.16 192.66 30.30 221.00 28.36 

0.4 511.99 43.74 407.41 38.11 342.76 38.64 249.99 39.31 280.85 36.04 

0.5 604.71 51.66 490.71 45.91 419.05 47.24 307.84 48.41 341.60 43.84 

0.6 700.56 59.85 575.89 53.88 496.40 55.97 366.23 57.59 403.30 51.76 

0.7 799.70 68.32 663.02 62.03 574.83 64.81 425.15 66.85 465.97 59.80 

0.8 902.30 77.09 752.17 70.37 654.36 73.77 484.61 76.20 529.62 67.97 

0.9 1008.50 86.16 843.41 78.90 735.02 82.87 544.62 85.64 594.31 76.27 

1 1118.60 95.57 936.81 87.64 816.83 92.09 605.19 95.17 660.05 84.71 

* Center of each spectral band in parenthesis  

1
5
1
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Table 6 Invasives density and GARP predicted probability ranks of B. tournefortii and S. 

arabicus confirmed locations. Spearman’s rank correlation RS = -1 (Sigma d
2
 = 8). 

B. tournefortii  S. arabicus 
Rank 

Density GARP  Density GARP 

1 152 24  328 29 

2 29 53  22 92 

3 11 115  8 237 

 

 

Table 7 Invasives density and CVA magnitude ranks of B. tournefortii and S. arabicus 

confirmed locations. Spearman’s rank correlation RS = 1 (Sigma d
2
 = 0). 

B. tournefortii  S. arabicus 
Rank 

Density CVA magnitude  Density CVA magnitude 

1 152 127  328 223 

2 29 45  22 110 

3 11 20  8 25 
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Table 8 Land cover classes extracted from the IKONOS image and confirmed invasives locations.    

No. Domain Dominant native species Land form 
Soil 

composition 
% Area B .t.* S. a.** 

1 
Sarcocaulescent 

desert scrub 

Winter annuals herbs, Jatropha cuneata, Larrea 

tridentata,  Ceridium microphyllum, Bursera 

microphyllum, Fouquieria splendens, Olneya 

tesota, Carnegiea gigantea 

Mountain 

ranges 
Rocks - clay 17.88 36 28 

2 

Microphyllous desert 

scrub - Thorny desert 

scrub 

Prosopis glandulosa, Hymenoclea salsola, 

Atriplex polycarpa 
River valley 

Sand - fine 

gravel 
1.53 2 2 

3 
Microphyllous desert 

scrub (A. dumosa) 
Ambrosia dumosa, Larrea tridentata Flat low lands Clay - Sand 20.11 36 99 

4 Herbaceous land 
Tecoma stands, Winter annual herbs, Encelia 

Farinosa 
Flood plains Loam 5.74 13 24 

5 
Scarce Microphyllous 

desert scrub 
Larrea tridentata 

Foothills - Flat 

low lands   
Gravel 10.97 11 30 

6 
Microphyllous desert 

scrub - Grassland 

Larrea tridentata, Schismus arabicus, Ambrosia 

dumosa 
Flat low lands Clay - Sand 12.61 45 40 

7 

Microphyllous desert 

scrub - 

Crassicaulescent 

desert scrub 

Larrea tridentata , Ambrosia dumosa, 

Cylindropuntia bigelovii, Cylindropuntia 

fulgida, Fouquieria splendens,  Carnegiea 

gigantea 

Flat low lands 
Clay - Fine 

gravel 
19.64 26 105 

8 
Microphyllous desert 

scrub (L. tridentata) 
Larrea tridentata, Ambrosia dumosa Flat low lands Clay 10.25 23 26 

9 
Exposed soil - Scarce 

vegetation 
Hymenoclea monogyra Dunes Sand 1.27 0 

4 

* B. tournefortii confirmed locations 

** S. arabicus confirmed locations 

1
5
3
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Table 9 Error matrix of the classification map derived from the IKONOS image 

composite. Overall accuracy = 81.28% and Khat = 78.42%. 

  Classification 

  1 2 3 4 5 6 7 8 9 

Total  

Row 
U. A. 

(%) 
C. E. 

(%) 

1 57 3 9 0 5 1 3 1 0 79 72.2 27.8 

2 2 53 0 3 0 0 3 0 0 61 86.9 13.1 

3 9 0 117 2 5 1 9 2 0 145 80.7 19.3 

4 1 5 1 32 0 3 13 0 0 55 58.2 41.8 

5 3 2 5 1 66 2 4 1 1 85 77.6 22.4 

6 0 3 0 2 1 52 1 3 0 62 83.9 16.1 

7 0 0 3 2 5 5 123 1 1 140 87.9 12.1 

8 0 0 0 1 0 1 4 63 3 72 87.5 12.5 

Field 

Data 

9 0 0 0 0 0 0 0 2 36 38 94.7 5.3 

Total Column 72 66 135 43 82 65 160 73 41    

P.A. (%) 79.2 80.3 86.7 74.4 80.5 80.0 76.9 86.3 87.8    

O. E. (%) 20.8 19.7 13.3 25.6 19.5 20.0 23.1 13.7 12.2    
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Figure 1 GARP predicted probability of invasion by B. tournefortii (a) and S. arabicus 

(b) in the PBR. Darker tones indicate higher probability. 

 

 

 

 

Figure 2 CVA highly dynamic landscapes between 1989 and 1999 in the PBR derived 

from KT transforms. 



 

 

156 

 

 

Figure 3 Study area located in the eastern portion of ‘El Pinacate’ Biosphere Reserve 

(ePBR) in northwestern Sonora, Mexico. The background image corresponds to a RGB 

(3,2,1) color composite of an IKONOS image acquired in December, 2003. 
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Figure 4 Linear regressions of albedo and percentage of reflectance values derived from 

SBDART for the correction of the IKONOS bands 

 

 

    

 

Figure 5 Portion of the IKONOS image before and after applying the first phase of Civco 

(1989) topographic normalization 
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Figure 6 Confirmed locations of B. tournefortii and S. arabicus over dynamic landscapes 

detected by CVA and GARP predicted areas with high probability to invasion in the 

ePBR. 
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Figure 7 Land cover classification of the image composite derived from the IKONOS 

multispectral image and elevation data of the ePBR. Overall accuracy = 81.28%, Khat 

statistic = 78.42%. A complete description of the land cover classes is shown in Table 8. 
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Figure 8 Concentration of confirmed locations of B. tournefortii (a) and S. arabicus (b) 

per land cover class in the ePBR.  
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