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Abstract 9 

Monitoring and quantifying changes in vegetation cover over large areas using remote 10 

sensing can potentially detect broad-scale, slow changes (e.g., climate change over decades), as 11 

well as more local and rapid changes (e.g., fire, land development over weeks and years).  A 12 

widely used indicator for detecting change in land cover is a measure of greenness, the 13 

Normalized Difference Vegetation Index (NDVI), derived from the Advanced Very High 14 

Resolution Radiometer (AVHRR).  Detecting change in the NDVI, however, can be confounded 15 

by time-dependent patterns (e.g., seasonal effects) and variation associated with climate factors.  16 

In the present study we provide a method to address these confounding factors by evaluating the 17 

NDVI change using autoregression techniques that compare results from univariate (i.e., the 18 

NDVI vs. time) and multivariate analyses (the NDVI vs. time and climate variables) for 19 

~314,000 1-km2 pixels comprising the state of New Mexico over an 18-year period 20 

(1989−2006).  21 

The ability to detect NDVI trend was greatly improved by including climate variables in 22 

the multivariate analyses of the NDVI over time.  Specifically, the fraction of pixels with 23 

significant NDVI trend (mostly increasing) doubled from 5.2% of the pixels for the univariate 24 

autoregression analyses to 11.9% for the multivariate autoregression analyses.  The comparisons 25 
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of univariate and multivariate analyses also revealed that for most of the pixels with a significant 26 

NDVI trend in either analysis, the trend was consistent with changes in local factors rather than 27 

to broad-scale, slow changes (e.g., climate change); only 0.8% of the pixels had a significant 28 

NDVI trend associated with change in the climate variables.  This latter finding is somewhat 29 

surprising given that several climate variables changed significantly over much of the state 30 

during the 18-year period, and the NDVI was significantly related to these variables in the 31 

multivariate autoregressions for much of the area.  Close examination of several areas suggested 32 

that NDVI change in these areas was attributable to wildfires, agriculture, habitat restoration, and 33 

tree mortality associated with insect infestation. 34 

 35 

Key words: landscape, NDVI change, New Mexico, local factors, climate factors, autoregression 36 

model. 37 

 38 

1. Introduction 39 

The need for monitoring and quantifying changes in vegetation cover over large areas using 40 

remote sensing data has been well recognized (Minor, et al., 1999; Lanfredi, et al., 2003; Gurgel 41 

& Ferreira, 2003; Nash, et al., 2006; Vogelmann, et al., 2009; Rigge, et al., 2013).  Long-term 42 

monitoring using simple and inexpensive methods can potentially detect broad-scale, slow 43 

changes, such as those caused by climate change over decades, as well as more local and rapid 44 

changes such as those caused by fire, agriculture, land clearing, and habitat restoration over 45 

weeks and years.  Such monitoring can provide environmental decision-makers with early 46 

warning signals for widespread general trends as well as a means to identify specific areas where 47 

land conditions are degrading or improving. 48 
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The Normalized Difference Vegetation Index (NDVI), derived from the Advanced Very 49 

High Resolution Radiometer (AVHRR), can be used as a means to monitor vegetation condition 50 

over time (Eidenshink, 1992), and is often referred to as an index of greenness.  Changes in 51 

vegetation can be detected and quantified using the NDVI in combination with current 52 

communication technology, interpretation of results using historical data, and expert knowledge 53 

(Schmidtlein, 2005; Nash, et al., 2006, 2008).  The NDVI has been shown to measure changes in 54 

greenness in a number of areas with diverse land cover, including: Oregon, USA (Nash, et al., 55 

2006), USA (Reed, 2006), Europe (Jones, et al., 2008), Morocco (Nash, et al., 2008), and the 56 

African Sahel (Anyamba & Tucker, 2005; Herrmann, et al., 2005).  Herein, we use a time series 57 

analysis for the 1-km2 monthly NDVI to represent greenness for the state of New Mexico, USA.  58 

To use the NDVI as a diagnostic tool to detect change in vegetation cover, it is important to 59 

account for time-dependent patterns in the NDVI (e.g., seasonal effects), which are typically 60 

pronounced.  This can be accomplished using autoregression techniques (described below; Nash 61 

et al., 2006, 2008).  It is also important to evaluate the influence of climate factors on the NDVI.  62 

Climate variables such as precipitation and temperature often strongly influence vegetation 63 

physiology and phenology and hence greenness (Bounoua, et al., 1999), and the NDVI has been 64 

shown to be related to climate variables, particularly precipitation (e.g., Malo & Nicholson, 65 

1990; Azzali & Menenti, 2000; Kawabata, et al., 2001; Wessels, 2007; Sonfack, et al., 2013).  66 

Climate variables may show a general pattern of change over time (USGCRP, 2009), and thus 67 

may account for a trend in the NDVI in some areas.  Moreover, accounting for the influence of 68 

climate variables on the NDVI should improve detection of NDVI change that is not associated 69 

with climate change (as represented by selected climate variables) because such change may be 70 



Page 4 of 33 
 

masked by variation resulting from variation in climate variables, thus facilitating the 71 

identification of areas of degradation or recovery (Wylie, et al., 2008; Gu & Wylie, 2010).   72 

The present study builds on an earlier study of change in the NDVI over time that accounted 73 

for temporal dependencies (Nash, et al., 2006) by including climate factors that may influence 74 

the NDVI.  The primary objectives of the study were:  (1) to improve the capability to detect 75 

NDVI change over large areas by accounting for climate factors, and (2) to determine whether 76 

NDVI change over time is attributable to change in climate variables or local factors such as fire 77 

or development.  We recognize that some local factors can be influenced by climate factors (e.g., 78 

wildfire, insect infestations), and hence climate change.  In this paper, we use the phrase “climate 79 

change” to refer to the association between NDVI and the climate variables used in our analyses.  80 

We conducted the study throughout the state of New Mexico for the 18-year period from 1989 81 

through 2006.  Our approach was first to conduct univariate autoregression analysis for the 82 

NDVI and selected individual climate variables over time for the ~314,000 1-km2 pixels 83 

comprising the state.  This allowed an evaluation of the extent and geographic patterns of 84 

increase and decrease of both the NDVI and the individual climate variables across the state.  We 85 

then conducted multivariate autoregression analysis of the NDVI over time with climate 86 

variables included in the analysis for each pixel.  A comparison of the univariate and multivariate 87 

analyses can show the improvement in detection of a significant NDVI trend that can be 88 

achieved by including climate variables in the analysis.  The comparison also reveals whether a 89 

significant NDVI trend is consistent with climate change as the cause of the trend (i.e., for the 90 

climate variables in the analysis) or is consistent with change in more local factors as the cause.  91 

Finally, we examined several areas with known land cover history to help understand the likely 92 

causes of NDVI change at these localities. 93 
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Other studies have developed and employed techniques to monitor ecological changes using 94 

the NDVI to distinguish climate influences from disturbances (Wylie, et al., 2008; Gu & Wylie, 95 

2010).  Their methods were more detailed and comprehensive than our approach (e.g models 96 

were validated using ground data), but the approach was restricted to a few dominant vegetation 97 

types and required modeling of the reference condition.  Our approach was developed with the 98 

purpose of being more broadly applicable anywhere, regardless of land cover type, and thus 99 

should be easier to apply over large areas such as the western United States. 100 

 101 

2. Methods and Materials 102 

2.1.  Site description 103 

New Mexico spans 314,460 km2 between 32 and 37o N and 103o and 109o W.  The 104 

topography of New Mexico is diverse, consisting mainly of high plain plateaus (mesas) with 105 

numerous mountain ranges, canyon, valleys, and normally dry arroyos and playas.  Elevation 106 

ranges from 859 to 4011 m (Fig. 1), and the climate is arid to semi-arid.  Annual precipitation 107 

varies with elevation and season, averaging 500 mm annually at higher elevations and 250 mm at 108 

lower elevations (Enquist & Gori, 2008).  Precipitation occurs primarily from May through 109 

October, comprising 60% to 80% of the total yearly precipitation in the northwestern plateau and 110 

eastern plains of the state, respectively.  Winter is the driest season with precipitation occurring 111 

mostly as snow in the mountains and a mixture of snow and rain at lower elevations.  Elevation 112 

and season are the major factors influencing temperature.  The southern valleys average a frost-113 

free season total of 200 days, whereas the northern mountains average only 80 frost-free days.  114 

During the summer, temperatures may exceed 38o C at elevations below 1524 m (5,000 feet).  115 



Page 6 of 33 
 

The state’s land covers (Fig. S1) is dominated by shrubland (48%) and includes significant 116 

expanses of grasslands (31%) and evergreen forests (17%) (Fry, et al., 2011).   117 

 118 

2.2.  Data 119 

We used the AVHRR 1 km2 local area coverage (LAC) data that are available for the 120 

continental United States and Alaska for our analysis (Eidenshink, 2006).  AVHRR data 121 

processing has been ongoing since 1989 (Eidenshink & Faundeen, 1994), and it constitutes the 122 

only consistently processed 1 km2 AVHRR data for the globe.  Processing of these data include 123 

radiometric correction that results from sensor degradation, adjustments for atmospheric effects, 124 

and geometric registration accuracy.  The 1 km2 AVHRR LAC data are produced from NOAA-125 

11, -14, -16, and -17 satellites.  Radiometric corrections are based on sources specific to each 126 

satellite (see Table 1 in Eidenshink, 2006).  Adjustments for atmospheric effects include 127 

corrections for ozone, water vapor absorption, and Rayleigh scattering.  Water vapor absorption 128 

can reduce near-infrared band reflectance by up to 30%, and Rayleigh scattering and ozone 129 

absorption can increase reflectance in the red band by up to 2% (Eidenshink, 2006). Geometric 130 

registration is accomplished using image-to-image registration rather than image to map 131 

registration because the former improved geometric accuracy.  All observations used in the 132 

geometric registration must have a root mean square error of less than 1 pixel.  On average, 10 133 

satellite passes per week are used to develop the NDVI maximum value composite (MVC) data.  134 

The maximum value composite data methods were developed by Holben (1986).  The 1 km2 135 

AVHRR LAC data now include 25 years of observations (Eidenshink, pers. comm.) 136 

We used Proc Expand in SAS 9.2 (SAS®, Cary, North Carolina) to substitute for missing 137 

values.  A data point was considered an outlier if the difference between consecutive NDVI 138 
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values was more than 20.  These outliers were replaced by interpolation from the neighboring 139 

values following Groten (1993) and Nash et al. (2006).  140 

The climate variables selected represent precipitation and temperature because these two 141 

factors are generally strongly associated with greenness (Wang, et al., 2003; Twumasi, et al., 142 

2011).  We also included dew point temperature, which is the temperature at which atmospheric 143 

moisture condenses, because it reflects both temperature and moisture conditions and it was 144 

shown to be positively related to the NDVI in a study of agricultural and residential areas in 145 

Phoenix, Arizona (Stabler, et al., 2005).   146 

We used five climate variables, four of which were original and one of which was derived.  147 

The four original variables were monthly averages of precipitation, maximum temperature, 148 

minimum temperature, and dew point temperature.  The fifth variable was one-month lag 149 

precipitation, derived from monthly precipitation.  The four original climate factors were 150 

obtained from Parameter-elevation Regressions on Independent Slopes Model (PRISM; 151 

http://www.prism.oregonstate.edu/products/matrix.phtml, accessed March 2012) in 4-km2 grid 152 

cells and were gridded into 1-km2 grid cells using the inverse distance weighted method in ARC-153 

GIS 9.3.1 (ESRI, Redlands, California) to match the NDVI resolution.  Downscaling of PRISM 154 

climate data from 4 km2 to 1 km2 was applied recently by Thorne et al. (2012).  For the model, 155 

we used the monthly NDVI, which is the maximum NDVI value of the biweekly NDVI derived 156 

by applying MapAlgebra in ARC-GIS 9.3.1.  157 

2.3.  Statistical methods 158 

We conducted two types of analyses for each 1-km2 pixel in New Mexico to reduce or 159 

account for temporal and climate related noise of the NDVI to reveal long-term trends.  First, we 160 
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conducted univariate autoregression to quantify the temporal trend (slope) for the NDVI and for 161 

each of the climate factors separately to identify the general pattern of change for each variable 162 

over the 18-year period.  The trend direction for each significant pixel was then mapped to 163 

identify geographic patterns in the trend direction.  Second, we conducted a multivariate 164 

autoregression of the NDVI against all the climate predictors and time to reveal the combined 165 

effects and relative contributions of climate factors to the NDVI, and the NDVI trend.  For these 166 

analyses, the sign and significance level of the coefficients were summarized in a bar graph.  167 

Time series regression (autoregression) was used in both analyses because errors in temporal 168 

data may be time dependent (e.g., consecutive times, annual cycles).  If dependency exists, then 169 

the standard error of the estimate (e.g., slope) would be inflated if not corrected, and the 170 

significance level for the slope and other estimates would not be correct. 171 

 172 

2.3.1. Univariate Autoregression 173 

This analysis addressed trend in the NDVI and the individual climate factors over the 18-174 

year period.  For each 1-km2 pixel, the autoregression model (Proc Autoreg; SAS/ETS, 1999) 175 

with stepwise selection for the significant autoregressive error was fitted to the observed values 176 

to define the direction and p-value for the slope as:  177 
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where Y is one of the individual time series variables:  monthly NDVI, monthly precipitation, 180 

monthly maximum or minimum temperature, or monthly dew point temperature (n=216 months).  181 



Page 9 of 33 
 

The fitted autoregression model for the observed variable (Yt) is the structural part, which is the 182 

same as that of an ordinary least square regression model (OLS; θo + θ1*Time), and the 183 

autoregressive error ( ut ).  Coefficients θo, and θ1 are the intercept and the slope with time, 184 

respectively.  The time series error term, , may be autocorrelated.  The autoregressive error 185 

model (Equation 1b) will account for such autocorrelation where the term  

k

i
itiu  is the 186 

summation of the significant autoregressive parameter (ρ) times lagged error(s), and k is the 187 

order of significant lags in the model.  The error term, εt, from the autoregressive error model is 188 

normally and independently distributed with mean of zero and variance σ2 (Equation 1c).  We 189 

present an example of the fitted autoregression model for the observed monthly NDVI data for 190 

one pixel (Fig. 2).  The fitted autoregression model in this example accounted for dependence at 191 

four lags. The slope (θ1) quantifies the rate and direction of change for each variable over 18 192 

years.  We used a significance level of p = 0.05 to test whether the slope differed from zero. 193 

 194 

2.3.2. Multivariate Autoregression 195 

A multivariate autoregression model relating the NDVI to all climate predictor variables 196 

and time was built for each pixel as: 197 
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 198 

where RFt is precipitation at month t, RFt-1 is precipitation for previous month (i.e., one-month 199 

lag precipitation), Tmin is minimum temperature, Tmax is maximum temperature, DP is dew 200 

point temperature, and ε is the error term.  The right side in Equation 2a, excluding the 201 

ut
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autoregression error (μt), is known as the structural term of the model, and the summation of both 202 

terms constitute the predicted value. The estimates (βi’s) for each variable quantify the magnitude 203 

and direction of the relationship between the NDVI and each variable over the 18-year period.  204 

The coefficient of Time (β6) is the temporal trend of the NDVI after accounting for climate 205 

variables.  We chose blocks of pixels that have either significant increase or decrease (p < 0.05) 206 

in greenness for closer examination on a local scale.  Information from literature and 207 

consultation with local experts were used to examine our results. 208 

We considered the potential that collinearity among climate variables may confound the 209 

results.  However, our primary interest is the significance of the coefficient for the time variable 210 

(i.e., NDVI trend).  If time is not correlated with any of the climate variables, the time coefficient 211 

variance will not be affected by the collinearity among the climate variables (Wooldridge, 2006).  212 

From a random sample of 29 pixels, the correlation between time and each climate variable was 213 

low (|r| ≤ 0.15, r2 ≤ 0.02).  Consequently, we kept all predictors in Equation 2. 214 

 
215 

2.3.3. Discrimination between the Effects of Climate Change and Local Factors on the 216 

NDVI Change 217 

 A comparison of the results of the univariate and multivariate analyses for each pixel 218 

enables discrimination between whether a significant NDVI trend is associated with either 219 

climate variables (and hence, climate change) or local factors (e.g., fire, agriculture, 220 

development), because climate variables are included in the multivariate analysis but omitted in 221 

the univariate analysis.  Specifically, we test the hypothesis that a significant NDVI trend is 222 

associated with change in climate variables, and consider the alternate hypothesis that local 223 

factors are responsible for the trend.  We do this by evaluating four possible outcomes for the 224 
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significance of the NDVI trend in the two analyses.  A significant NDVI trend is indicated by a 225 

significant time coefficient, i.e., θ1 in the univariate analysis (Equation 1a) and β6 in the 226 

multivariate analysis (Equation 2a).  The four possible outcomes and inferences for each are as 227 

follows: 228 

Outcome A.  NDVI trend is significant in both the univariate and multivariate analyses.  229 

There are two possible cases for trend direction: 230 

1.  NDVI trend direction is the same for both analyses.  This finding is not consistent 231 

with the hypothesis that climate change was the cause of the NDVI trend because the 232 

trend was significant regardless of whether climate variables were included in the 233 

analysis.  Thus, this finding is consistent with the alternate hypothesis that local 234 

factors like wildfire or agriculture are the cause of the significant NDVI trend. 235 

2.  NDVI trend direction differs between the two analyses.  This pattern did not occur 236 

in any pixel in the study; hence, we do not consider this case further. 237 

Outcome B.  NDVI trend is significant in the univariate analysis, but not in the multivariate 238 

analysis.  This finding is consistent with the climate change hypothesis because the trend 239 

became not significant when climate variables were included in the multivariate analysis.  240 

Outcome C.  NDVI trend is not a significant in the univariate analysis, but is a significant in 241 

the multivariate analysis.  This finding is not consistent with the climate change hypothesis 242 

because climate variables were included in the multivariate analysis.  Thus, the finding is 243 

consistent with the alternate hypothesis that local factors are the cause of the significant 244 

NDVI trend in the multivariate analysis.  Plausibly, trend in the univariate analysis was not 245 
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significant because the variation in the NDVI associated with variation in climate variables in 246 

this analysis masked the influence of local variables on the NDVI. 247 

Outcome D.  Trend is not significant in either the univariate or the multivariate analyses.  248 

Thus, there is no evidence for a temporal trend in the NDVI. 249 

 250 

3. Results of Univariate and Multivariate Analyses 251 

3.1.  Temporal trends in the NDVI and climate variables in univariate analyses 252 

The NDVI did not change significantly over the 18-year period for most of New Mexico 253 

in the univariate analyses (Fig. 3A).  Only 5.2% of the area showed a significant change, and 254 

most of this (4.4%) was an increase (Table 1).  Areas with significant change were scattered 255 

throughout the state.  The greatest concentrations of significant increase were in the forested 256 

mountains of Torrance, San Miguel, and Santa Fe counties, whereas the greatest concentration of 257 

significant decrease was in the mountains of Rio Arriba County. 258 

Among the climate factors evaluated in the univariate analyses, only the temperature 259 

variables showed much change during 1989−2006 (Table 1; Fig. 4).  Minimum temperature 260 

showed a striking pattern of increase, with 67% of the pixels significantly increasing and only 261 

2% significantly decreasing (Table 1; Fig. 4B).  Maximum and dew point temperatures also 262 

showed predominantly increasing trends, with 20% and 8% of the state showing significantly 263 

increasing trends, respectively, and < 1% of the state showing decreasing trends (Table 1; Figs. 264 

4A, 4C).  The geographic patterns of change differed among the three temperature variables.  265 

Minimum temperature increased significantly throughout much of the state, whereas areas of 266 

significant increase in maximum temperature were concentrated in the northern mountains and in 267 
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the mountains along the Arizona-New Mexico border (Fig. 4A), and areas of significant increase 268 

in dew point temperature were concentrated in three arch-like clusters extending across the 269 

south-central part of the state (Fig. 4C).  For precipitation, virtually no pixels showed a 270 

significantly increasing trend, and <1% showed a decreasing trend (Table 1; Fig. 4D).  There was 271 

no obvious association between the distribution of pixels with significant change in the NDVI 272 

and the distribution of pixels with significant change in any of the climate variables (compare 273 

Figs. 3A, 4). 274 

 275 

3.2.  Association between NDVI and climate variables in multivariate analyses 276 

The NDVI was significantly related to one or more climate variables in the multivariate 277 

autoregressions for much of New Mexico (Fig. 5).  The NDVI was predominantly positively 278 

associated with four of the five climate variables.  Particularly frequent positive and significant 279 

associations were for 1-month lag precipitation (83% of pixels) and maximum temperature (80% 280 

of pixels); virtually no pixels showed significant negative associations for these two variables.  281 

Monthly precipitation and dew point temperature also showed predominantly positive 282 

associations with the NDVI, with 42% and 30% of pixels showing significant positive 283 

associations, respectively.  In contrast to these positive associations, the NDVI was 284 

predominantly negatively associated with minimum temperature (54% of the pixels). 285 

 286 

3.3.  Temporal trends in the NDVI in multivariate analyses  287 

 The inclusion of climate variables in the multivariate autoregression analysis greatly 288 

increased the extent of area identified with significant NDVI change over the 18-year period.  289 

The NDVI changed significantly for 11.9% of the pixels in the multivariate autoregression 290 
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(Table 2; Figs. 3B, 5), whereas it changed significantly in only 5.2% of the pixels in the 291 

univariate autoregression (Table 1; Fig. 3A).  The predominant direction of change in the 292 

multivariate autoregression was an increase in the NDVI (Figs. 3B, 5).  293 

 A clear association between the distribution of NDVI change and elevation or land cover 294 

type was not evident (compare Fig. 3B with Fig. 1 and Fig. S1, respectively).  Nevertheless, 295 

many of the larger conspicuous areas of positive change coincided with forested mountainous 296 

areas (e.g., in Otero, Sierra, Torrance, San Miguel, and Santa Fe counties) and with the 297 

agricultural or grassland areas on the eastern fringes of the state.  Moreover, the area of greatest 298 

concentration of pixels with significant decrease in the NDVI was in the mountains of Rio Arriba 299 

County. 300 

 301 

3.4.  Discrimination between the roles of climate change and local factors on the NDVI 302 

change 303 

 In the comparisons of the NDVI trend between the univariate and multivariate analyses, 304 

the outcomes were consistent with local factors as the predominant cause of NDVI change rather 305 

than climate change (Table 2).  The most frequent outcome was Outcome D (87.37%; Table 2), 306 

i.e., no trend in the NDVI in either analysis.  The next most frequent outcomes were Outcome C 307 

(7.44%) and Outcome A (4.43%).  For Outcome A, all pixels were Case 1 (i.e., trend direction 308 

was the same for both the univariate and multivariate analyses).  These two outcomes (i.e., C and 309 

A1) comprise all the pixels significant for NDVI trend in the multivariate analysis (11.86%), and 310 

are both consistent with local factors being the cause of the NDVI trend rather than climate 311 

change.  Only 0.77% of the pixels showed Outcome B, the outcome consistent with climate 312 

change as the cause of the significant NDVI trend.  The pixels with Outcome B tended to be 313 
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concentrated in mountains in Carson National Forest in the central northern part of the state (Fig.  314 

S2). 315 

 316 

4. Evaluation of Selected Areas for Cause of NDVI Change 317 

Below we explore examples of areas with significant change in the NDVI where sufficient 318 

information was available to infer the likely cause for the change. 319 

 320 

4.1.   Agriculture 321 

Agricultural areas, which are mostly irrigated, are sparsely distributed in New Mexico, 322 

occurring primarily near the Rio Grande, Pecos, and San Juan rivers, and near the eastern border 323 

with Texas (Fig. S3).  Greenness significantly increased during the study period in several 324 

agricultural areas.  An example is the block of green pixels south of the San Juan River in San 325 

Juan County (Fig. 3B), an area within the Navajo Indian Agriculture Project (Gorman & 326 

Lansford, 1975).  An increase in the NDVI was also found in this area for a six-year period 327 

(1989-1994), a change that occurred in association with a substantial increase in areal extent of 328 

crop production and changes in canopy density related to crop rotation (Minor, et al., 1999).  329 

This group of pixels belongs to outcome A (Figs. 3B, S4).  The decline in greenness west of the 330 

Navajo Agricultural land is apparently in response to mining and associated land reclamation 331 

activities (Minor, et al., 1999). 332 

Increase in greenness associated with irrigated agriculture is also evident in scattered patches 333 

east of the Cibola Mountains within the Estancia Basin in Torrance County (Figs. 3B, S3).  This 334 

increase may have resulted from increased efficiency of agricultural water use following the 335 

implementation of precision application methods for crop irrigation (EBWPC, 2008).  Other 336 
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areas of increased greenness in agricultural areas occur along the eastern border with Texas from 337 

Union to Lea counties, and west of the Pecos River within Eddy and Chaves counties (Figs. 3B, 338 

S3).  The pixels in these areas belong to outcomes A and C (Figs. S3, S4).   339 

 340 

4.2.  Fires and post fire greenness gains 341 

Fires can have profound effects on the NDVI, with either decreasing or increasing trend 342 

depending on when the fire occurred within the time period evaluated.  A conspicuous example 343 

of fire effects is the Cerro Grande fire that occurred in May 2000.  The fire began as a prescribed 344 

fire in Bandelier National Monument (eastern Sandoval County), but spread far beyond the 345 

intended extent, a process enhanced by drought conditions and wind (Mynard et al., 2003).  The 346 

wildfire took 15 days to contain and burned 192 km2 of forest- or woodland-covered land in Los 347 

Alamos and neighboring counties.  Within the burn polygon identified by BAER (2000), more 348 

than 70% of the vegetation was lost, and tree mortality was more than 80%; moreover, many 349 

stressed trees subsequently died within three years (Miller & Yool, 2002). 350 

A large fraction of the pixels within the Cerro Grande Fire showed a significant decline 351 

in the NDVI during the study period, whereas none showed a significant increase (Fig. 6).  This 352 

general pattern of decrease is associated with a pronounced decrease in the NDVI at the time of 353 

the fire followed by a reduced NDVI for many years.  This is evident in examinations of the 354 

NDVI for individual pixels, such as the one depicted in Fig. S5.  This pixel showed a 355 

significantly decreasing NDVI trend over the 18-year study period in the multivariate analysis 356 

(green line in Fig. S5).  However, multivariate autoregression analysis on the pre- and post-fire 357 

NDVI separately showed significantly increasing trends both before and after the fire.  In another 358 

pixel (Fig. S6), enough recovery in the NDVI occurred during the years following the fire that 359 
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the trend over the 18-year period (green line in Fig. S6) was not significant.  Like the previous 360 

pixel (Fig. S5), the analysis of trend pre- and post-fire both showed significantly increasing 361 

trends.  The NDVI change pixels associated with the Cerro Grande fire belong primarily to 362 

outcome A (Figs. 6, S4). 363 

 364 

4.3.  Invasive species and restoration 365 

Greenness increased significantly in a number of pixels in the floodplain in the Bosque del 366 

Apache National Wildlife Refuge, Socorro County, during the study period (Fig. 7).  The area of 367 

the increased NDVI is associated with restoration of riparian habitat in the floodplain that began 368 

in the 1960s (Busch, et al., 1992; Taylor & McDaniel, 1998), and a subsequent wildfire.  369 

Restoration activities included reactivation of an abandoned river channel, replacement of over 370 

800 ha (~2000 acres) of saltcedar with cottonwood trees and grasses (Robert, 2005; Taylor & 371 

McDaniel, 1998), and production of several crops for wildlife 372 

(http://www.fws.gov/refuges/profiles/index.cfm?id=22520M; 373 

http://library.fws.gov/refuges/bosque.pdf).  In 1996 a wildfire occurred that consumed hundreds 374 

of hectares of riparian woodland and sandsage shrubland (Fig. 7).  The fire initially resulted in 375 

conversion from lush green cottonwood woodland to burned stems and bare ground (see 376 

photographs in 377 

http://www.nmnaturalhistory.org/assets/files/Education/Cirricula/Chapter_6_Comp.pdf).  In less 378 

than two months after the fire, however, tree roots sprouted, and forbs and grasses emerged, 379 

resulting in extensive ground cover within two years.  The NDVI change pixels related to 380 

restoration and fire in refuge belong primarily to outcome A (Figs. 7, S4). 381 
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The refuge also includes areas with significant NDVI decrease in Chihuahuan Desert scrub 382 

vegetation between the river flood plain and Interstate Highway 25 (red pixels in Fig. 7).  This 383 

reduction may have resulted from lowering of the water table.  Drought and human use of water 384 

have decreased the amount of water flowing in the Rio Grande River.  For example, since 2002 385 

drought alone has reduced the flow from north of New Mexico to the Rio Grande by 17% 386 

(Guido, 2012). 387 

4.4.  Tree mortality due to insect infestation  388 

A number of forested areas in New Mexico have suffered significant tree mortality and 389 

defoliation from bark beetle infestation (USDA FS, 2010).  A conspicuous example is in Carson 390 

National Forest and adjacent lands (Fig. 8).  Areas of tree mortality are largely coincident with 391 

areas of significant NDVI decline (Fig. 8), suggesting that bark beetle infestation has been the 392 

cause for much of the NDVI decrease in this area.  Rising temperatures and drought exacerbated 393 

the pre-existing smaller areas of bark beetle infestation (Breshears, et al., 2005).  Minimum and 394 

maximum temperature increased significantly during the study period in the area shown in Fig. 395 

8, whereas precipitation decreased significantly in parts of it (Fig. 4).  The NDVI change pixels 396 

shown in Fig. 8 belong primarily to outcomes A and C (Figs. 8, S4). 397 

 398 

5. General Discussion 399 

Two important benefits were achieved by including climate variables in the multivariate 400 

analysis of the NDVI over time.  First, the ability to detect NDVI trend was greatly improved.  401 

Specifically, the fraction of pixels with a significant NDVI trend approximately doubled from 402 

5.2% of the pixels for the univariate analyses to 11.9% for the multivariate analyses.  This 403 

increase apparently accrued because variation in climate variables contributed noise that masked 404 
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the trend in the NDVI in the univariate analyses for 7.4% of the total pixels (i.e., Outcome C; 405 

Table 2).  The second benefit is that the comparison of univariate and multivariate analyses 406 

provided a way to distinguish between NDVI trends associated with climate change (as 407 

represented by the climate variables included in the analyses) and trends associated with local 408 

factors (e.g., wildfire, agriculture, restoration).  Local factors predominated in these comparisons.  409 

Specifically, of the 12.63% of the pixels in which NDVI trend was a significant in either the 410 

univariate or multivariate analyses (i.e., sum of Outcomes A, B, and C in Table 2), most of these 411 

(11.86%) comprised Outcomes C and A1 -- outcomes that are consistent with local factors as the 412 

likely cause of the NDVI trend.  Only 0.77% had Outcome B, the outcome that is consistent with 413 

climate change as the cause. 414 

The finding that only a small fraction of New Mexico had a significant NDVI trend that 415 

was associated with climate change is somewhat surprising given that several climate variables 416 

changed significantly over much of the state during the 18-year period, and the NDVI was 417 

significantly related to these variables in the multivariate autoregressions for much of the area.  418 

The three temperature-related climate variables showed significant increase from 1989 to 2006 419 

over much of New Mexico, whereas precipitation showed no change except for small areas in the 420 

northern part of the state.  This general pattern of increase in temperature in the state is consistent 421 

with other studies of climate change in western North America.  Annual temperature increased in 422 

New Mexico from 1951 to 2006 by 0.9o C (Robles & Enquist, 2011).  An increasing trend in 423 

daily minimum was higher than daily maximum temperatures in Canada (Vincent & Mekis, 424 

2006) and in western and central North America (Robeson, 2004).  This finding is consistent 425 

with our finding of a greater extent of New Mexico with significantly increasing monthly 426 

minimum temperature than with monthly maximum temperature.  By contrast, though, 427 
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precipitation in the United States and the southwestern U.S. has increased over the past five 428 

decades by 5% and 17%, respectively (Robles & Enquist, 2011), which is not consistent with our 429 

finding of < 1% of the pixels with significant change in monthly precipitation during 1986−2006 430 

in New Mexico. 431 

 The NDVI in the multivariate autoregression analyses was significantly related to each of 432 

the climate variables analyzed for large fractions of New Mexico.  Thus, given that much of the 433 

variation in the NDVI could be accounted for by variation in climate variables, it is not 434 

surprising that a significant NDVI trend was detected with much greater frequency for the 435 

multivariate analyses that included climate variables in comparison to the univariate analyses 436 

that excluded them.  The NDVI was most frequently and positively related to previous monthly 437 

precipitation (83%), and to a lesser extent (40%) to monthly precipitation.  This is consistent 438 

with Notaro et al. (2010) who found that green-up of grasses occurs several weeks after 439 

precipitation.  The NDVI was also positively related to maximum temperature (80% of pixels) 440 

and to dew point temperature (30% of pixels), but it was generally negatively related to 441 

minimum temperature (53% of pixels).  The positive association with maximum temperature 442 

seems reasonable as temperature can increase vegetation growth (Notaro, et al., 2010), and dew 443 

point reflects both temperature and moisture conditions (Lawrence, 2005).  The positive 444 

association between the NDVI and maximum temperature presumably reflects the predominant 445 

effect of maximum temperature on the NDVI throughout the year, as warmer than average 446 

temperatures during summer months would be expected to reduce the NDVI.  We have no 447 

explanation for the predominantly negative association between the NDVI and minimum 448 

temperature in the multivariate analyses.  The negative association between the NDVI and 449 
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minimum temperature becomes evident only when the effects of maximum temperature, which is 450 

correlated with minimum temperature, are removed by the multivariate analysis. 451 

 The specific cause for NDVI change in a given area can only be accomplished with 452 

detailed knowledge of land cover change in the area.  Unfortunately, such data are not readily 453 

available for most areas.  Our evaluation of several areas with such information, however, 454 

provided some understanding for the patterns of the NDVI change in those areas.  The effects of 455 

fire can yield either an increase or decrease in the NDVI depending on when the fire occurred 456 

within the time period examined.  That is, a fire early in the period will likely yield an increase in 457 

the NDVI as vegetation recovers (e.g., following the Cerro Grande Fire of 2000), and a fire late 458 

in the period will likely yield a decrease (e.g., Cerro Grande Fire when analyzed over the period 459 

1989-2006).  NDVI increase in association with agriculture often occurs in response to 460 

expansion of cultivated area (e.g., south of San Juan River), although a decrease in the NDVI 461 

would be expected with abandonment of cultivation.  Wetland restoration appears to be typically 462 

associated with NDVI increase as vegetation cover increases (e.g., Apache del Bosque National 463 

Wildlife Refuge), whereas the NDVI can decrease dramatically in response to insect infestation 464 

resulting in tree defoliation and mortality (e.g., northwestern Rio Arriba County). 465 

 A general geographic pattern of NDVI change in the state was not evident.  Significant 466 

changes occurred at nearly all elevations and in all major land cover classes, and the extent of 467 

areas with significant change ranged from isolated pixels to groups of hundreds of pixels.  468 

Nevertheless, several conspicuous areas of NDVI change occurred in forested mountains, and the 469 

direction of change was primarily increasing.  We speculate that this pattern of increase occurred 470 

due to vegetation growth over the 18-year period with either a general lack of wildfires or a 471 

general lack in the second half of the period.  The NDVI trend direction in the mountains of Rio 472 
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Arriba County, however, was decreasing rather than increasing.  It is possible that much of this 473 

resulted from drought conditions, as this was one of the few areas in the state where precipitation 474 

decreased significantly (Fig. 4D), and this ultimately resulted in tree defoliation and mortality 475 

from bark beetle infestations.  Moreover, it is in this area that the few pixels with a significant 476 

NDVI trend associated with climate change occurred. 477 

In conclusion, monitoring changes in greenness over time using remote sensing 478 

potentially can be useful in identifying long term trends resulting from climate change or 479 

anthropogenic activities on the ground.  The present study shows that the greenness index, the 480 

NDVI, is often significantly related to climate variables reflecting precipitation and temperature, 481 

and these relationships are not necessarily intuitive.  Consequently, climate factors may 482 

confound the ability to detect areas of NDVI change not associated with climate factors.  By 483 

including climate variables in a multivariate analysis of the NDVI over time, the detection of 484 

areas with significant NDVI change can be much increased.  Moreover, a comparison of analyses 485 

with and without climate variables can be used to distinguish between areas of NDVI change 486 

associated with climate change and areas associated with other factors.  Once the latter areas are 487 

identified, they can be evaluated for causes of change such as fire or fire recovery, change in 488 

agricultural extent or practices, invasive species encroachment or management, land restoration 489 

actions, and insect infestations.  This approach can be applied over large areas such as U.S. states 490 

or regions. 491 

 492 

Acknowledgements 493 

We would like to thank the following people for their assistance when visiting sites, 494 

discussions, and providing maps (Dr. Kenneth Boykin, Department of Fish Wildlife and 495 



Page 23 of 33 
 

Conservation Ecology, NMSU, Las Cruces NM; Dr. MH Nash, Lister Ray, Ray Hewitt, Jim 496 

McCormick, and Margie Guzman, BLM, Las Cruces, NM; Mara Weisenberger, U.S. Fish 497 

Wildfire Service, Las Cruces, NM;  Kim Kuhar and Sharon Biedenbender Lincoln National 498 

Forest, Ruidoso, NM; Kerri Mich, U.S. Natural Resources Conservation Service, Albuquerque, 499 

NM, and William Kepner LEB, EPA, Las Vegas, NV.  Also, we thank Dr. Jay Christensen and 500 

the four anonymous reviewers for their reviews and inputs.   501 

The U.S. Environmental Protection Agency, through its Office of Research and 502 

Development, funded the research described herein.  This work was reviewed by EPA and 503 

approved for publication, but it may not necessarily reflect official Agency policy.  Mention of 504 

trade names or commercial products does not constitute endorsement or recommendation for use. 505 

506 



Page 24 of 33 
 

References 507 
Anyamba, A., & Tucker, C. (2005). Analysis of Sahelian vegetation dynamics using NOAA-508 

AVHRR NDVI data from 1981-2003. Journal of Arid Environments, 63, 596−614. 509 

Azzali, S., & Menenti, M. (2000). Mapping vegetation-soil-climate complexes in southern Africa 510 

using temporal Fourier of NOAA-AVHRR NDVI data. International Journal of Remote 511 

Sensing, 21, 973−996 512 

BAER (U.S. Interagency Burned Area Emergency Rehabilitation Team). (2000). Cerro Grande 513 

Fire; Burned Area Emergency Rehabilitation (BAER) Plan. U.S. National Park Service, 514 

Los Alamos, New Mexico. 515 

Bounoua, L., Collatz, G. J., Sellers, P. J., Randall, D. A., Dazlich, D. A., Los, S. O., Berry, J. A., 516 

Fung, I., Tucker, C. J., Field, C. B., & Jensen, T. G. (1999). Interactions between 517 

vegetation and climate: radiative and physiological effects of doubled atmospheric CO2. 518 

Journal of Climate, 12, 309–324. 519 

Breshears, D. D,  Cobb, N. S., Rich, P. M., Price, K. P., Allen, C. D., Balice, R. G., Romme, W. 520 

H. , Kastens, J. H., Floyd, M. L., Belnap, J., Anderson, J. J., Myers, O. B.,& Meyerd, C. 521 

W. (2005).  Regional vegetation die-off in response to global-change-type drought.  522 

Proceedings of the National Academy of Sciences of the United States of America, 102, 523 

15144−15148. www.pnas.org/cgi/doi/10.1073/pnas.0505734102 524 

Busch, D., Herbranson, L., Johns, E., Pinkney, F., & Sisneros, D. (1992). Vegetation 525 

management study.  Lower Colorado River. Phase I report to the U.S. Department of 526 

Interior,  Bureau of Reclamation, Lower Colorado Region. 103 p. 527 

[EBWPC] Estancia Basin Water Planning Committee. (2008). Estancia basin regional water plan 528 

Year 2008 Update. Report to Estancia Basin Water Planning Committee and Torrance 529 

County New Mexico. Prepared by Hydro Resolution, LLC, Carlsbad, New Mexico. 530 



Page 25 of 33 
 

Eidenshink, J. C. (1992). The 1990 conterminous U.S. AVHRR data set. Photogrammetric 531 

Engineering and Remote Sensing, 58, 809−813. 532 

Eidenshink, J.C., & Faundeen, J. L. (1994). 1-KM AVHRR global land dataset: first stages of 533 

implementation. International Journal of Remote Sensing, 35,3443-3462. 534 

Eidenshink, J. (2006). A 16-year time series of 1 km AVHRR satellite Data of the conterminous 535 

United States and Alaska. Photogrammetric Engineering and Remote Sensing, 72,1027-536 

1035. 537 

Enquist, C., & Gori, D. (2008). A climate change vulnerability assessment for biodiversity in 538 

New Mexico, Part I: Implications of recent climate change on conservation priorities in 539 

New Mexico. Santa Fe: The Nature Conservancy of New Mexico. 540 

Fry, J., Xian, G., Jin, S., Dewitz, J., Homer, C., Yang, L., Barnes, C., Herold, N., & Wickham, J. 541 

(2011). Completion of the 2006 National Land Cover Database for the Conterminous 542 

United States. Photogrammetric Engineering and Remote Sensing, 77, 858−864. 543 

Gorman, W. D., & Lansford, R. R. (1975). Economic impacts of the Navajo Indian Irrigation 544 

Project and other water resources development on the Navajo Indian Reservation. 20th 545 

Annual New Mexico Water Conference Proceedings, WRRI Report No. 053, October 546 

1975, pp. 114−133. 547 

Groten, S. M. E. (1993). NDVI-crop monitoring and early yield assessment of Burkina Faso.  548 

International Journal of Remote Sensing, 14, 1495−1515. 549 

Gu, Y., & Wylie, B. C. (2010). Detecting ecosystem performance anomalies for land 550 

management in the Upper Colorado River Basin using satellite observations, climate 551 

data, and ecosystem models.  Remote Sensing, 2, 1880−1891. DOI:10.3390/rs2081880. 552 

Guido, Z. (2012).  Coping with Drought on the Rio Grande.  553 



Page 26 of 33 
 

http://www.climas.arizona.edu/feature-articles/august-2012, last accessed, July 2013. 554 

Gurgel, H. C. & Ferreira, N. J. (2003). Annual and international variability of NDVI in Brazil 555 

and its connections with climate. International Journal of Remote Sensing, 24, 556 

3595−3609.  557 

Herrmann, S.F., Anyamba, A., & Tucker, C. J. (2005). Recent trends in vegetation in the African 558 

Sahel and their relationship to climate, Global Chg. Biol. 15:394-404. 559 

Holben, B. N. (1986). Characterization of maximum-value composite images from temporal 560 

AVHRR data. International Journal of Remote Sensing, 7, 1417−1434. 561 

Jones, K. B., Hamann, S., Nash, M. S., Neale, A. C., Kepner, W. G., Wade, T. G., Walker, J., 562 

Müller, F., Zurlini, G., Zaccarelli, N., Jongman, R., Nedkov, S., & Knight, G. C. (2008). 563 

Cross-European landscape analyses: Illustrative examples using existing spatial data. In I. 564 

Petrosillo, F. Müller, K. B. Jones, G. Zurlini, K. Krauze, S. Victrove, B. L. Li, & W. G. 565 

Kepner (Eds.), Use of landscape sciences for the assessment of environmental security 566 

(pp. 263−316), NATO Science for Peace and Security Series C: Environmental Security. 567 

Dordrecht: Springer.  568 

Kawabata, A., Ichii, K., & Yamaguchi, Y. (2001). Global monitoring of interannual changes in 569 

vegetation activities using NDVI and its relationships to temperature and precipitation. 570 

International Journal of Remote Sensing, 22, 1377−1382. 571 

Lanfredi, M., Lasaponara, R., Simoniello, T., Cuomo, V., & Macchiato, M. (2003). 572 

Multiresolution spatial characterization of land degradation phenomena in southern Italy 573 

from 1985 to 1999 using NOAA-AVHRR NDVI data – Article No. 1069. Geophysical 574 

Research Letters, 30, 1069−1069.  575 



Page 27 of 33 
 

Lawrence, M. G. (2005). The relationship between relative humidity and the dew point 576 

temperature in moist air: A simple conversion and Application.  Bulletin of the American 577 

Meteorological Society, 86, 225−233.  DOI:10.1175/BAMS-86-2-225.   578 

Malo, A. R., & Nicholson, S. E. (1990). A study of rainfall and vegetation dynamics in the 579 

African Sahel using normalized difference vegetation index. Journal of Arid 580 

Environments, 19, 1–24. 581 

Miller, J. D., & Yool, S. R. (2002). Mapping forest post-fire canopy consumption in several 582 

overstory types using multi-temporal Landsat TM and ETM data. Remote Sensing of 583 

Environment, 82, 481–496.  584 

Minor, T. B, Lancaster, J., Wade, T. G., Wickham, J. D., Whitford, W., & Jones, K. B. (1999). 585 

Evaluation changes in rangeland condition using multitemporal AVHRR data and 586 

geographic information system analysis. Environmental Monitoring and Assessment, 59, 587 

211−233. 588 

Mynard, C. R., Keating, G. N., Rich, P. M., & Bleakly, D. R. (2003). Geographic information 589 

system (GIS) emergency support for the May 2000 Cerro Grande Wildfire, Los Alamos, 590 

New Mexico, USA.  LA-14007-MS.  Los Alamos, NM: Los Alamos National Laboratory.   591 

Nash, M. S., Wade, T., Heggem, D. T, & Wickham, J. (2006). Does anthropogenic activities or 592 

nature dominate the shaping of the landscape in the Oregon pilot study area for 593 

1990−1999?  In W. G. Kepner, J. L. Rubio, D. A. Mouat, & F. Pedrazzini (Eds.), 594 

Desertification in the Mediterranean region: A security issue (pp. 305−323). Series C: 595 

Environmental Security, Vol. 3. Dordrecht: Springer.  596 

http://www.springerlink.com/content/u515050w6755127j/ 597 



Page 28 of 33 
 

Nash, M. S., Chaloud, D .J., Kepner, W. G., & Sarri, S. (2008). Regional assessment of 598 

landscape and land use change in the Mediterranean region: Morocco Case Study 599 

(1981−2003). In P. H. Liotta, D. Mouat, W.G. Kepner, & J. M. Lancaster (Eds.), 600 

Environmental change and human security: Recognizing and acting on hazard impacts 601 

(pp. 143–165), NATO Science for Peace and Security Series C: Environmental Security.  602 

Dordrecht: Springer. 603 

Notaro, M., Liu, Z., Gallimore, R. G., Williams, J. W., Gutzler, D. S., & Collins, S. (2010). 604 

Complex seasonal cycle of ecohydrology in the southwest United States. Journal of 605 

Geophysical Research, 115, 1-20, G04034. DOI:10.1029/2010JG001382. 606 

Reed, B. C. (2006). Trend analysis of time-series phenology of North America derived from 607 

satellite data. GIScience and Remote Sensing, 43, 24-38. 608 

Rigge, M., Wylie, B., Gu Y., Belnap, J., Phuyal, K., & Tieszen, L. (2013). Monitoring the status 609 

of forests and rangelands in the western United States using ecosystem performance 610 

anomalies, International Journal of Remote Sensing, 34, 4049-4068. DOI: 611 

10.1080/01431161.2013.772311 612 

Robert, L. (2005). Middle Rio Grande ecosystem bosque biological management plan−the first 613 

decade: A review and update.  Albuquerque: Aurora Publishing LLC. 614 

Robeson, S. M. (2004). Trends in time-varying percentiles of daily minimum and maximum 615 

temperature over North America. Geophysical Research Letters, 31, DOI:  616 

1029/2003GL019019. 617 

Robles, M. D., & Enquist, C. (2011). Managing changing landscapes in the Southwestern United 618 

States. The Nature Conservancy. Tucson, Arizona. 26 pp. 619 

SAS/ETS. (1999). User’s guide. Cary, NC: SAS Institute, Inc.  620 



Page 29 of 33 
 

Schmidtlein, S. (2005). Imaging spectroscopy as a tool for mapping Ellenberg indicator values.  621 

Journal of Applied Ecology, 42, 966−974. 622 

Sonfack, R., Nzeukou, A., Lenouo, A., Siddi, T., Tchakoutio, S. A., & Kaptue, A. (2013). 623 

Comparison between vegetation and rainfall of bioclimatic ecoregions in central Africa. 624 

Atmosphere, 4, 411−427; DOI:10.3390/atmos4040411 625 

Stabler, L. B., Martin, C. A., & Brazel, A. J. (2005). Microclimates in a desert city were related 626 

to land and vegetation index. Urban Forestry and Urban Greening, 3, 137–147. 627 

Taylor, P. J., & McDaniel, K. C. (1998). Restoration of saltcedar (Tamarix sp.)-infrared 628 

floodplains on the Bosque del Apache National Wildlife Refuge. Weed Technology, 12, 629 

345−352. 630 

Thorne, J., Boynton, R., Flint, L., Flint, A., & Le, T. (2012). Development and Application of 631 

Downscaled Hydroclimatic Predictor Variables for Use in Climate Vulnerability and 632 

assessment Studies. California Energy Commission. Publication number: 633 

CEC‐500‐2012‐010 634 

Twumasi, Y. A., Coleman, T. L., Manu, A., Merem, E. C., & Osei, A. (2011). Relationship 635 

between climate parameters and forest vegetation at and near Digya National Park, 636 

Ghana. British Journal of Environment and Climate Change, 1, 201−215.  637 

USDA FS. (2010). Major Forest Insect and Disease Conditions in the Unites States: 2009 638 

Update.  Compiled by Man G., Forest Health Protection. USDA FS, FS-952, 639 

Washington, DC.  640 

[USGCRP] U.S. Global Change Research Program (2009). Global climate change impacts in the 641 

United States. New York: Cambridge University Press. 642 

www.globalchange.gov/usimpacts 643 



Page 30 of 33 
 

Vincent, L. & Mekis, E. (2006). Changes in daily and extreme temperature and precipitation 644 

indices for Canada over the twentieth century. Atmosphere-Ocean, 44, 177−193. 645 

Vogelmann, J. E., Tolk, B., & Zhu, Z. (2009). Monitoring forest changes in the southwestern 646 

United States using multitemporal Landsat data. Remote Sensing of Environment, 113, 647 

1739-1748.  648 

Wang, J., Rich, P. M., & Price, K. P. (2003). Temporal responses of NDVI to precipitation and 649 

temperature in the central Great Plains, USA. International Journal of Remote Sensing,  650 

Wessels, K. J., Prince, S. D., Carroll, M., & Malherbe, J. (2007). Relevance of rangeland 651 

degradation in semiarid northeaster South Africa to the nonequilibrium theory.  652 

Ecological Application, 17,815-827. 653 

Wylie, B. K., Zhang, L., Bliss, N., Ji, L., Tieszen, L. L., & Jolly, W. M. (2008). Integrating 654 

modeling and remote sensing to identify ecosystem performance anomalies in the boreal 655 

forest, Yukon River Basin, Alaska. International Journal of Digital Earth, 1, 196−220. 656 

 Wooldridge, J. (2006). Introductory Econometrics: a Modern Approach. (3rd ed.).  South-657 

Western Publishing Co. Mason Ohio. 890p. 658 

 659 
   660 



Page 31 of 33 
 

Table Titles  661 

 662 

Table 1. Percent of total pixels with significant increasing or decreasing trend in the univariate 663 

analyses for the NDVI and for each of the climate variables.  Significance level is p<0.05. 664 

Table 2.  Frequency of outcomes in comparison of NDVI trends between univariate and 665 

multivariate analyses for 313,817 1-km2 pixels in New Mexico. 666 

 667 

Figure Legends 668 

 669 

Fig. 1.  Elevation and counties in New Mexico.  Major rivers (blue lines) from left to 670 

right: (top) San Juan, (bottom) Gila, Rio Grande, Pecos, and Canadian Rivers. 671 

Fig. 2.  Monthly observations for the NDVI for 1989 to 2006 in one 1-km2 pixel in New 672 

Mexico (closed circle in the map).  The blue line connects the observed values (n=216).  The 673 

fitted univariate autoregression model (i.e., predicted NDVI; red line) is the sum of the trend 674 

(green line; θ + θ1 *t in Equation 1a) and the autoregressive error term (  in Equation 1b).  For 675 

this pixel, the significant autoregressive errors were at lags (i.e. monthly intervals) 1, 11, 12, and 676 

17, and the predicted NDVI = 114.56+0.08*time+0.48 -1+0.16 -11+ 0.21 -12+0.16 -17. 677 

Fig. 3.  Pixels (1 km2) with significant temporal trend for the monthly NDVI from 1989 678 

to 2006 in New Mexico, determined by (A) univariate autoregression (Equation 1a) and (B) 679 

multivariate autoregression (Equation 2a).  Sample size is 216 for each pixel.  Green indicates 680 

significant (p<0.05) increase in greenness (i.e., NDVI); red indicates significant decrease in 681 

greenness.  Counties and rivers as in Fig. 1.  682 

Fig. 4. Pixels (1 km2) with significant temporal trend for monthly climate variables from 683 

1989 to 2006 in New Mexico determined using univariate autoregression (Equation 1a; n=216 684 

ut

ut ut ut ut
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for each pixel).  Green indicates significant increase; red indicates significant decrease.  685 

Variables are (A) average monthly maximum temperature, (B) average monthly minimum 686 

temperature, (C) average monthly dew point temperature, and (D) average monthly precipitation.  687 

Fig. 5.  Summary of relationship direction and significance level between the NDVI and 688 

climate variables and time in multivariate autoregression analyses (Equation 2a) for ~314,000 1-689 

km2 pixels in New Mexico.  Variables are average monthly maximum temperature (Tmax), 690 

minimum temperature (Tmin), dew point temperature (DP), precipitation (Prcp), previous 691 

month’s precipitation (Lag[Prcp]), and time.  Data are summarized for pixels with significantly 692 

(p<0.05) positive association between the NDVI and the subject variable (+sig), not significantly 693 

positive association (+nsig), not significantly negative (-nsig), and significantly negative (-sig).   694 

Fig. 6.  The 2000 Cerro Grande Fire polygon (heavy black outline; from  695 

http://www.fs.usda.gov/detail/r3/landmanagement/gis/, Santa Fe fire history: last accessed July 696 

2013).  The fire polygon lies mostly in Los Alamos County (light black lines).  Green pixels 697 

indicate significant increase in the NDVI over time (multivariate autoregression); red pixels 698 

indicate significant decrease in the NDVI over time (multivariate autoregession).  Labeled 699 

symbols A and B are the locations of the pixels used in Figs. S5 and S6, respectively showing 700 

NDVI behavior over time. 701 

Fig.  7. Change in greenness in the Bosque del Apache National Wildlife Refuge (black 702 

polygon) in Socorro County.  Blue line is the Rio Grande River; red line is Interstate Highway 703 

25; brown polygon indicates boundaries of the 1996 wildfire (provided by Mara Weisenberger, 704 

U.S. Fish and Wildlife Service, Las Cruces, New Mexico).  Inset map shows the location of the 705 

Refuge. 706 



Page 33 of 33 
 

Fig. 8: Tree mortality from insect infestation in 1998 to 2006 (black hatching), and pixels 707 

with significant decrease in the NDVI (red color) in multivariate autoregression, in northwestern 708 

Rio Arriba County.  No pixels in this view showed significant increase in the NDVI.  Inset map 709 

shows the several segments of Carson National Forest (blue polygons). 710 

 711 

 712 
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Table 1. Percent of total pixels with significant increasing or decreasing trend in the univariate 1 

analyses for the NDVI and for each of the climate variables.  Significance level is p<0.05. 2 

Variable Increase Decrease Total 

NDVI 4.43 0.77 5.20 

Minimum temperature 66.94 2.24 69.18 

Maximum temperature 20.36 0.67 21.03 

Dew Point temperature 8.23 0.04 8.27 

Precipitation 0.0 0.74 0.74 

  3 
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Table 2.  Frequency of outcomes in comparison of NDVI trends between univariate and 4 

multivariate analyses for 313,817 1-km2 pixels in New Mexico.  5 

 6 

NDVI Trends in 
Univariate Analysis 

__________NDVI Trends in Multivariate Analysis_______       

 Significant Not Significant Total 

Significant 
Outcome A 

4.43% 
Outcome B 

0.77% 
5.20% 

Not Significant 
Outcome C 

7.44% 
Outcome D 

87.37% 
94.80% 

Total 11.86% 88.14% 100.00% 
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Supplementary Data  

Supplementary Figures  

This section present the land cover for New Mexico (Fig. S1), local changes in land cover, and 

results from the univariate and multivariate regression models are presented in this section.  

Distribution of pixels with outcomes in the comparison of NDVI trend between the univariate 

and multivariate analyses showing local or climate change are presented in Fig. S2 & S4. 

Example of local changes such as agriculture and fire are presented in Fig. S3& Fig. S5.  For 

closer look to the Response of NDVI in a pixel to fire (local changes) contrasted with other pixel 

without fires are presented Figs. S5&S6.   

 



 
 
 
 
 
 
 
Fig. S1.  Land cover for New Mexico.  Data from National Land Cover Database (Fry et al., 

2011).  Counties and rivers as in Fig. 1. 



 

 
 
Fig. S2.  Distribution of pixels with Outcome B in the comparison of NDVI trend between the 

univariate and multivariate analyses.  In Outcome B, NDVI trend is significant in the univariate 

analysis and not significant in the multivariate analysis.  Outcome B is consistent with climate 

change as the cause of the significant NDVI trend.  Green indicates a significant increase in 



NDVI in univariate analysis; red indicates trend a significant decrease in NDVI.  Counties and 

rivers as in Fig. 1. 

 

Fig. S3.  Irrigated cropland for New Mexico.  Data were derived from 2006 National Land Cover 

Database and provided by Kerri Mich, U.S. Natural Resources Conservation Service, 

Albuquerque, New Mexico.  Counties and rivers as in Fig. 1.   
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Fig. S4.  Comparisons of the NDVI trend significance between the univariate and multivariate 

autoregression analyses for each pixel.  Outcomes (A-D) are defined in Table 2.  

 



 

 

Fig. S5.  Observed and predicted values for NDVI for one pixel in the Cerro Grande Fire (pixel 

A in Fig. 6).  The blue line connects the observed values (blue closed circles, n=216).  The fitted 

multivariate autoregression model (i.e., predicted NDVI; red line) and the green line represent 

the structural part of the multivariate autoregression model (see explanation for Equation 2a).  

NDVI trend with time (β6 = -0.118) is significant (p = 0.022).  

 

 

 



 

 

Fig. S6.  Observed and predicted values for NDVI for one pixel in the Cerro Grande Fire (pixel 

B in Fig. 6).  NDVI trend with time (β6 = -0.061) is not significant (p = 0.336).  Lines and 

symbols are described in Fig.  S5.   

 

 
 




