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Abstract

The difference between aerosol optical depths (AODs)enetd from the Multi-angle
Imaging SpectroRadiometer (MISR) and Moderate Resoldtitaging Spectroradiometer
(MODIS) is examined over mainland Southeast Asia from aialpa¢rspective. Though
ideally the differences between these measurement typesdshe small and randomly
distributed over space, our analysis suggested that MISRINE AOD differences have a
strong negative relationship with MODIS AODs and tend to fretislly clustered. In this
paper, we quantify the spatial dependence in MISR/MODIS Afifferences and explore the
extent to which the spatial patterns in these differencasdesexplained by variables that
reflect influence of the environment and human activitiesil&\these variables show a
significant relationship with MISR/MODIS AOD differencetge results also suggest further
research is needed to fully understand the spatial depeaddrhese differences.
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1 Introduction

The Multi-angle Imaging SpectroRadiometer (MISR) and Matie Resolution Imaging
Spectroradiometer (MODIS) aboard the NASA Earth Obsewneflystem’s Terra satellite are two
major instruments designed to support aerosol opticahd@dD) retrievals. While on the same
satellite, aerosol products generated using data frone tines sensors often exhibit noticeable
differences. Though researchers have made insightful surasof such differences (see, for
example, Abdou et al., 2005; Kahn et al., 2005; Liu et al.,2Z®rasad and Singh, 2007; Jiang
et al., 2007), the spatial characteristics of these AODetBffices over a relatively large region
have not been fully discussed (see a more detailed revieheingxt section). In studies using
various aerosol data products, researchers typicallyottbe differences from multiple data
sources to be relatively small and are randomly distribatgdss space and through time. This



assumption is often implicit in studies where multiple a@icsources are used since only an
overall correction (adjusting for the global difference)made (Liu et al., 2007; Lyapustin et al.,
2007). Here, we demonstrate that the difference betweeRNMISDIS AODs are not in fact
randomly distributed across space. We argue that bettevledge of the spatial characteristics of
these differences is critical for environmental studiethwairegional focus, where data over a
large extent are needed but a global correction is insufiéad ground observations are only
available for a limited number of locations. The differehetween the two sensor retrievals may
lead to different conclusions; systematic patterns of sliferences in space may require further
investigation and strategies for measurement adjustresiyde needed.

The purpose of this paper is to illustrate the variation mdifferences between MISR and
MODIS AOD retrievals over the course of one year in an areh significant aerosol emissions,
and myriad sources of aerosols including fossil fuel cortibngor industrial activity and
transportation, and biomass burning (Chin et al., 2002)dvdpecifically, we are interested in
exploring whether the differences exhibit significant pats across space, by examining how
much the difference between MISR and MODIS AODs varies lgcdéviating from the regional
(and perhaps global) overall pattern. We also examine vehéiie variation in these spatial
differences correspond systematically to various fadtwas may influence the classification of
aerosols and the underlying emissions processes, indualal use, topography, and regional
physical infrastructure. We focus our study on mainlandtBeast Asia (roughly from°3 93°E
to 25°N 109E) where AODs may provide key and sensitive information tderstanding the
implications of biomass burning and increasing fossil fteisumption.

In the remainder of this paper, Section 2 reviews the liteeabn comparison between
MISR and MODIS AOD retrievals. In Section 3, we discuss a newipg approach that is used
to match MISR and MODIS AOD retrievals for our research ragi®ection 4 details the methods
used in this research. The results are presented in Sectidie §nally conclude this paper in
Section 6 with a discussion of the findings and future dicei

2 Background: comparing MISR and MODISAOD retrievals

Comparisons of MISR and MODIS AOD retrievals have been cotetlin various locations for
purposes such as city public health (Liu et al., 2007) andstréhl pollution (Prasad and Singh,
2007). Many studies utilize ground AOD observations fromAErosol RObotic NETwork
(AERONET) as a means of validation (Chu et al., 2002; Abdcal.e2005; Liu et al., 2007;
Prasad and Singh, 2007; Kahn et al., 2007), while othersfoolMISR and AERONET (Liu
et al., 2004; Martonchik et al., 2004; Kahn et al., 2005; giahal., 2007) or MODIS and MISR
(Vermote et al., 2007) to understand the sensing capaiiliti these instruments in a variety of
contexts. Many issues arise in combining data from thegetiifferent sources, including
consistency (Liu et al., 2007), combining data at diffemesblutions, as AERONET provides
point data and MODIS and MISR area coverage, alignmentss@gdou et al., 2005), as well as
data availability issues including revisit times (Martbiicet al., 2004), sampling (Kahn et al.,
2007), and data availability (Liu et al., 2007).

Researchers employed different spatial averaging teaksitp deal with data assimilation
challenges when they try to compare MISR, MODIS, and AERONMETE. Liu et al. (2004)
paired MISR pixels with AERONET locations that fall withihe pixels; values from surrounding



pixels are averaged if the AERONET locations do not direlslye MISR observations
(Martonchik et al., 2004; Kahn et al., 2005; Jiang et al.,Z2 000 compare MISR and MODIS
AODs, Abdou et al. (2005) averaged AOD values of up to 4 MODOKeIs in a+0.5° latitude

and longitude box centered at a MISR pixel, while Liu et a0(q2) used the average AOD values
in a 3x3 MISR pixel window to match a5 window of MODIS pixels. Prasad and Singh
(2007) used a nearest resampling approach to match LeveS&Mihd MODIS pixels with
resolutions of 0.5x 0.5 and T x 1°, respectively.

If multiple aerosol data products are to be used in integratalyses, there must be best
practice methods to employ these data in conjunction. MCIDKBMISR aerosol measurements
are expected to differ due to differing processing methddslOu et al., 2005), and algorithm and
calibration differences (Kahn et al., 2007). In empiricatparisons, there have been a number of
conflicting conclusions regarding the ways in which MODIS &SR each record AOD,
compared to each other and to the ground points provided BRONEET, respectively. Liu et al.
(2007) conclude that MODIS and MISR can be used togetheraasadiety of other studies find
the correlation sufficient to use the data in conjunctiom @t al., 2004; Prasad and Singh, 2007,
Jiang et al., 2007). When and where the sensors do not agndessshave found discrepancies
between retrievals under a variety of conditions. For eXamigyODIS and MISR both
underestimate the AERONET measurements (Liu et al., 200@PIS retrieves higher values
than MISR (Abdou et al., 2005; Liu et al., 2007) or that MISRemstimates (Liu et al., 2004) or
underestimates (Jiang et al., 2007) AERONET values, depgiah the specific context.

The discrepancies between MISR and MODIS correspond int@évtation and physical
geography. Abdou et al. (2005) and Kahn et al. (2005) idewtiey differences in retrievals over
land versus water. Seasonal effects on retrievals are edsalpnt (Liu et al., 2007; Kahn et al.,
2005; Prasad and Singh, 2007; Jiang et al., 2007); MISR datmare accurate in the summer
and winter (Prasad and Singh, 2007). Other factors thateinfle the difference are
meteorological effects (Jiang et al., 2007), dust (Kahn.e2@05; Martonchik et al., 2004) clear
versus hazy days (Vermote et al., 2007), clouds (Martonehét., 2004; Kahn et al., 2007),
anthropogenic influences (Prasad and Singh, 2007), theteftbiomass burning (Kahn et al.,
2005), and sensitivity to differences in land and vegetatiaver (Prasad and Singh, 2007).

Many researchers recognize the need to consider a regimalalaf analysis, which may
present challenges to current algorithms and data praxp@sahn et al., 2007), data integration
(Liu et al., 2004), and data accuracy (Prasad and Singh,)280fetailed examination of the
spatial characteristics of the difference between MISRM@DIS AODs over a large area (i.e.,
regional scale), however, has not yet been studied. As watfiynenvironmental processes, scale
and extent of analysis has important implications for thigytbut also challenges, of integrated
studies. In the remainder of this paper, we discuss thigibgdocusing on the Southeast Asia
mainland area where biomass burning is an important envieotal concern to air quality and
the use of MISR and MODIS AOD data is critical (Munroe et aQ02).

3 Data

In this study, MISR AOD was obtained from the Earth Obsen@ygtem Data Gateway. We used
a Level 2 aerosol product called MISRM1_AS_AEROSOL, where the data field
RegBestEstimateSpectralOptDepth was extracted; vex§080017 and FODO18 were used in



our study area. This data set has a spatial resolution ofktii,@nd we used the blue (443 nm),
green (555 nm), and red (670 nm) spectral bands in order tor@arable with MODIS bands.
For MODIS AOD retrievals, we used a product called MODO04 vetitie data field
CorrectedOptical Depth.Land was employed. This data field includes three spectradhdlue
(0.47 um), green (0.5%m), and red (0.6um). The spatial resolution for MODO04 is 10 km.
Collection 005 of the MODO04 was used for our region.

An ideal situation for data comparison would include sonmugd observations. The
spatial extent and temporal scheme of this research, howenied the use of AERONET. In
our study area, six AERONET stations are available, amongwinly three (Bac Giang,
Mukdahan, and Pimai) have a significant number of obsemsiim2005. Unfortunately, none of
the three stations have all of the days used in this research.

Two sampling strategies were used to create the data setfetudy. To reduce temporal
autocorrelation, we first extracted data for the first andéifith days of each month in 2005.
Given the dates and spatial extent of our research, a toifl MISR paths (from path 123 to
138) were used. We then focused on MISR path 129 in our stuedyfar the 22 days available in
2005 which would provide a more intensive view of the datae idtal unique days used in this
research was 44 (after considering the overlapping daywitwo data sets).

To investigate the difference between MISR and MODIS AOuegal it is important to pair
MISR and MODIS pixels so that the difference can be calcdlattowever, MISR and MODIS
pixels do not exactly match each other because of theirrdiitescanning schemes. Figure 1A
illustrates the locations of MISR and MODIS pixel centroidgart of our study area and Figure
1B shows the distribution of the distance between MISR giagld their nearest MODIS pixels
for our study area for all the data we acquired. In this reaseanstead of averaging the AOD data
among several pixels which may lose some spatial informatittical to this research, a new
pairing approach was developed to preserve the basic kfeatiares of the original data and also
to provide reasonable matching between MISR and MODIS AQiiesals over a large region.

[Figure 1 here]

It can be observed from Figure 1A that MISR and MODIS pixetsiteo overlap
significantly, especially when they are close to each oth&x.reasonable to pair a MISR pixel
with a MODIS pixel if they are sufficiently close. We note tlaat objective threshold of such
overlap may be difficult to determine. To create MISR/MODI&eppairs, we determined a
distance threshold such that the overlapping area of thed pairs further apart than this distance
will be less than 50 percent. Directly calculating the rielaship between the overlapping area
and MISR-MODIS pixel distance may be complicated due to tfferént scanning schemes of
the two sensors (Figure 1A). Here we approximated thisioglahip by assuming that both MISR
and MODIS pixels were squares and computing their overlaip ngspect to the distance between
their centers and the relative position measured by theeafdghe line formed by the two centers.
Figure 1C illustrates a case where the distance is approgiynb4 km and the angle is 35
degrees; the shaded shape represents the overlappinghacbasabout 10 percent of the area of
a MISR pixel. The overall results are shown in Figure 1D. Wttendistance is set to 9 km, a
majority of the relative positions between the approximMt&R and MODIS pixels will yield an
overlap that is higher then 50 percent. Based on this arsalysi only considered the pairs of



MISR and MODIS pixels that were closer than or equal to 9 knr.dfidhe dates in our study,
there were a total of 13,890 pairs in which 12,268 pairs watkim9 km.

4 Methods

In general, we use"'*® and7"°° to denote the paired MISR and MODIS AOD values,
respectively, and to denote the difference between them. Specifically, thénaust and results
use the following notation.

T = total number of days,

N; = total number of MISR/MODIS pixel pairs available for th¢h day,

THS* = MISR AOD value for the-th pixel pair on the-th day,
T°° = MODIS AOD value for the-th pixel pair on the-th day, and
i = difference between the MISR and MODIS AOD values fortle pixel pair on the

t-th day (i.e.d;; = TSR — P

4.1 Relationships between o, 7', and 7"°°

We begin by exploring the relationship between"'*?, andr"°" using the following simple
linear regression models.

Model A: 7jiF = o* + AT + €
MOdel B 5it fry @B _'_ ﬁBTi’\fSR + E?t

Model C: 4 = o+ 875" + €,
where in each of the three modelsepresents the intercept parameteis the regression
coefficient parameter, and thg's are independent and normally distributed random vagmbl
Model A can be used to quantify the strength of the lineatticiahip between the two
AOD retrieval types; the values of and* being 0 and 1, respectively, indicates that an
insignificant difference between MISR and MODIS AOD retakss Models B and C are
designed to test the hypothesis that the difference bettheetvo retrievals is not significantly
dependent on either of the original retrievals (i.e., weeexp®, o, 5°, andS° to be close to 0).

4.2 Investigation of spatial variation of ¢

To analyze spatial patterns in the difference between p&HSR and MODIS AOD retrievals,
we first define anV, x N, binary spatial neighborhood mati¥ , with the (i, j)-th elementw, ;;
equal to 1 if the centroids of thieth andj-th pixel pairs on day are within a specified distance
(e.g., 100 km) of each other and 0 otherwise. VWkth defined, we let matrifV, be the
row-standardized version &,, and its(z, j)-th element can be written as

Wit

Wijr = =N,
t
> jm1 Wit



We first examine the spatial pattern in the AOD differencesgian exploratory approach
based on the Moranisstatistics (see, for example, Cliff and Ord, 1981). Foritiie day, the
Moran’s| of the difference between MISR and MODIS AOD retrievals carcbmputed as

nZ ZJ L Wit (it 5t)(5jt - 50
S (i — 61)°

whered, = (1/N,) Zf.vz‘fl 0;:. A positive I, value indicates that on theth day there is positive
spatial dependence in the difference between the MISR anBI8@OD values, meaning similar
values of AOD differences are clustered spatially; a negdtivalue means dissimilar values are
clustered spatially. The further the valuelpis from zero, the stronger the spatial dependence.
After using Moran’d statistics to explore the spatial dependence structureidOD
differences, we employ a formal statistical model to exawhether the variation (both spatial
and non-spatial) in the AOD differences can be explaineddnyus covariates. We modg)
using a simultaneous autoregressive (SAR) error model {@eexample, Anselin, 1988). This
model allows us to quantify the strength of the linear relahip between the observed AOD
differences and a variety of covariate information while@amting for the residual spatial
dependence structure in the differences. Attinie= 1,...,7) and locatiori (i = 1,..., Ny)
we assume that

It:

Y

zt - ztﬁ + ¢zt

whereX;; is al x P vector of P covariates associated with tixh pixel pair on day, 8 is a
P x 1 vector of corresponding regression coefficients, @pds a spatially-dependent random
error variable. Lettingb, = [¢14, P, ..., dn,) s We take

b, = AW, + €

where) is an unknown spatial dependence param@érjs the knownV; x N; spatial
neighborhood matrix defined above, ands a random error vector. We restrictc [0, 1) to
guarantee invertibility of the covariance matrix (for tugt details, see Banerjee et al., 2004).
Finally, we assume that eaeh ~ N (0, 0?), and that they are independent foriadindt. The
estimated values of can be interpreted analogously to the Mordrssatistics: the higher the
value, the more spatially dependent the AOD differences aftntrolling for the covariate
information.

5 Resaults

Using the pairing approach described in the data sectionealtioe general relationship between
MISR and MODIS AOD retrievals is summarized in the box plot§igure 2 where the
difference §) for all paired pixels are plotted. It can be observed thattiean) values are close
to zero, with substantial variation around zero. It can alsmoted from this figure that the
difference among the three bands are relatively small.

[Figure 2 here]



We then map the difference between MISR and MODIS AOD resitieaver our study area
(Figure 3). It can be observed that the difference exhilpigtial clustering for different paths and
the same path. In Figure 3A, for example, spatial trends easblserved and the MISR/MODIS
differences are often clustered with similar values. Theeserend can also be observed in Figure
3B. Moreover, Figure 3B reveals another trend: MISR AODiegtls tend to be lower than
MODIS AOD values when the latter are high (the left map in IFgg8B), and vice versa.

[Figure 3 here]

5.1 Regional and local relationships between §, 7', and 7"

We fit the three regression models using the data for all datesltaneously and list the results in
Table 1. All the estimated intercepts and coefficients ia thble are significant at the 0.001 level.
Though the? values for Model B are low, the estimates are still significaminly because of

the large sample size (12,266 observations). Figure 4 suinesdhe results from fitting the three
models on all dates separately, which are generally cemdigtith the estimates described in
Table 1. Based on this analysis, the following two obseovetican be made.

e From the results of Model A;"'s® and"°" exhibit general agreement and show a strong
positive linear relationship, as evidenced by the higkalues. When all the days are
considered together, a positive intercept ranging from @10.18 can be found for all
bands (Table 1), and results are similar when days are upadagely (the top plot in
Figure 4).

e The difference between MISR and MODI& @oes not show a strong relationship with
TR values (Model B) as evidenced by the letwalues (the middle plot in Figure 4).
However, a strong negative linear relationship betweandr"°® can be observed as the
coefficient values for Model C are negative and thealues are relatively high (the bottom
plotin Figure 4).

[Table 1 here]

[Figure 4 here]

5.2 Spatial clustering of o

Figure 5 shows the values of the Morah’statistics for the AOD differences over the dates used
in this research. Here, we tested three different neighdmatisettings (i.e., th&, matrix) with
distance thresholds of 50, 100, and 150 km, respectively.rébults suggest a persistent positive
clustering for most of the days. For a limited number of dattes Moran’sl values are smaller
than zero (as the part of the plots that are below the how@ding). According to the Moran’s
hypothesis test for the degree of spatial dependence, leoyadithese negative statistics are



insignificant, while all other days have significant postialues. This finding supports the visual
examination on the patterns in Figure 3, described at thmbigm of this section.

[Figure 5 here]

To further analyze the strong spatial clustering featurgnefdifference between MISR and
MODIS AOD retrievals, we applied the SAR model describedchmprevious section. We
identified a set of covariates that have been considereditaf@tant in terms of aerosol
emission and dynamics (see, for example, Munroe et al.,)2000re specifically, we included
two types of factors (Table 2). First, factors that refletib@haracteristics of the physical
environment are considered, including the months of thesdason (from April to November)
and elevation. Then, we identified a set of factors that aséulito account for the impact of
human activities in this area, including seven land coverland use types (water, forest, shrub,
savanna, crop, wetland, and urban), and distance of eaatidn¢o major roads (droads), coast
(dcoast), cities with population greater 250,000 (dbc¢iyid other major cities (docity) with
population less than 250,000. In addition to these two tgbesvariates, we included MODIS
AOD retrievals because of its strong negative linear reteship with the MISR/MODIS AOD
difference.

[Table 2 here]

Results from the SAR model are listed in Table 2. To provideoaawletailed analysis, we
specified two versions of the SAR model and fitted them usirggtdifferent neighborhood
definitions (again, th&V, matrix) based on three distance thresholds (50, 100, an&rmh50
respectively). The first version is a model that containg dnb covariates{"°® and dry), while
the second version is an extended model that includes atiaveriates described above. The
reason for the first model version to include a variable (dngddition tor"° is to account for
possible monsoon effect that is pervasive and importartarstudy area. The second model does
not include the intercept term in order to estimate effeotsesponding to all land cover and land
use types.

From Table 2, it can be observed that, except dcoast, dlacitydocity, all other covariates
can be concluded to be significantly related to the diffeedmetween MISR and MODIS AOD
retrievals for all distance thresholds. This differencsignificantly higher in the dry season,
when biomass burning in the region is likely to occur. Theeeadso meteorological differences
in the dry season (e.g., high temperatures and low pretgmjethat could contribute to the
discrepancy in these two data products.

The relative difference between MISR and MODIS was on awehaghest over wetlands
and savanna and lowest over forest and urban. The diffetsteeeen MISR and MODIS
increases with respect to elevation (though this coefficgesmall), indicating that the difference
is higher in more mountainous areas. This effect could adscalpturing meteorological variation,
or could result from the fact that biomass burning assodiaféh shifting cultivation is more
likely to happen in mountainous areas (Fox et al., 2000).

With regards to the influence of physical infrastructure, difference decreased with
distance from roads, or the difference in the two produd@rger close to roads. This effect
could be in part capturing the effect of air pollution due taanotive travel and other industrial



activity. There was no significant effect of proximity to ettsignificant cities on the difference
between MISR and MODIS.

Table 2 indicates that the regression findings are robusetspecification of the spatial
weights matrix, except for the influence of distance to lanigies, where the value goes from
negative and significant, to positive and significant, tégnsgicant with the changes in the
weights matrix.

In the SAR model, the value indicates residual spatial dependence. A high, feignit A
value suggests that the current model exhibits a signifieart of spatial dependence that cannot
be fully accounted for by the covariates used. This is the &asall of our SAR modeling results
(Table 2). By comparing the two versions of the models, itlsafiound that though introducing
more covariates in a extended model can decrease spataidksce, doing so does not make a
significant impact in terms of reducing spatial dependeifibés result is robust for all the three
neighborhood settings tested.

6 Discussion and Conclusions

In this paper, we examine the relationship between MISR a@DIM AOD retrievals over
mainland Southeast Asia from a spatial perspective. Byrqgpihe nearest MISR and MODIS
pixels, our results generally confirm the findings in theéitare that both retrieval types are
highly correlated. It has been discussed in the literatuseMISR red and near-infrared bands
are consistently too bright by 3 and 1 percent, respectivelstive to independent standards (see,
for example, Bruegge et al., 2003; Abdou et al., 2005; Kaltal.eR005). Our study shows that
such a relationship exhibits a substantial variation winiety need to be considered for many
environment research and applications at a regional level.

We reported a spatial clustering pattern in the differeretevben MISR and MODIS AOD
retrievals in our study area. This pattern is consisterdgsacdifferent neighborhood definitions.
We note that MISR/MODIS AOD differences have a strong negatlationship with MODIS
AOD retrievals. We examined a number of factors that are mapdto understanding the
differences, but the results are not conclusive in termsaafowing down all the influencing
variables. As a direction of future research, it will be netging to explore other factors that may
provide a more insightful explanation to clustering patserSome recent studies may lead to
fruitful future research in this area. For example, Kahnl ef2907) discussed algorithm issues
and suggested potential upgrades; Abdou et al. (2005)igigktd problems with calibration
differences, aerosol model differences, and algorithraragsions that will influence data
analysis; Jiang et al. (2007) suggest that the aerosol méaleMISR should be changed to better
fit high-pollution areas; Liu et al. (2004, 2007) suggestextarfine-scale satellites to gain more
accurate data. Among many possible future directions, alddtanalysis of MISR and MODIS
AQOD retrieval algorithms will provide insightful informetn about the spatial pattern of their
difference. Specifically, it will be interesting to examinew these algorithms deal with cloud
screening and ground information and how such discrepdiagt dheir aerosol products.
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Figure 2: Box plots of the difference between MISR and MODISD\retrievals. The three
bands are coded in corresponding colors. Dates shown melll@2 days examined in this study.
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Table 1: Results of the three regression models for all datesltaneously.

Model Band Intercept Coefficient 12

Model A Blue 0.179 0.657 0.741
Green 0.135 0.632 0.698
Red 0.112 0.606 0.634
Model B  Blue 0.112 -0.128 0.036
Green 0.064 -0.105 0.020
Red 0.028 -0.046 0.003
Model C Blue 0.179 -0.343 0.438
Green 0.135 -0.368 0.439
Red 0.112 -0.394 0.423
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Table 2: Results of SAR models.

50 km 100 km 150 km

Simple model Extended model Simple model Extended model plBimodel Extended model
Covariate  Estimate Std. error Estimate Std. error Estimate Std. error Estimate Std. error Estimate Std. error Estimate Std. error
Intercept ~ 0.227 *** 0.007 0.220 *** 0.014 0.188 *** 0.018
7MOD -0.776 ***  0.006 -0.780 ***  0.006 -0.762 **  0.005 -0.776 *** 0.005 -0.725**  0.005 -0.741**  0.005
dry 0.058 *** 0.008 0.056 *** 0.008 0.072 *** 0.017 0.071** @17 0.064 ** 0.023 0.060 ** 0.022
Water 0.233**  0.010 0.228 ***  0.017 0.205 *** 0.020
Forest 0.225 *** 0.010 0.213 *** 0.017 0.190 *** 0.020
Shrub 0.245 **x 0.011 0.238**  0.017 0.217 *** 0.020
Savanna 0.253 *** 0.010 0.247**  0.017 0.228 *** 0.020
Crop 0.250 *** 0.010 0.245**  0.017 0.224 *** 0.020
Wetland 0.251 *** 0.028 0.262**  0.032 0.250 *** 0.035
Urban 0.219 *** 0.024 0.216 ***  0.028 0.181 *** 0.031
Elevation 0.000 *** 0.000 0.000***  0.000 0.000 *** 0.000
droads -0.030 ***  0.006 -0.033 ***  0.006 -0.029 ***  0.006
dcoast 0.007 *** 0.002 0.000 0.003 0.002 0.002
dbcity -0.004 ** 0.002 0.004 * 0.002 0.001 0.002
docity 0.002 0.005 0.001 0.003 0.001 0.003
A 0.893 *** 0.887 *** 0.939 *** 0.939 *** 0.949 *** 0.948 ***

* Significant at the 0.01 level.
** Significant at the 0.005 level.
*** Significant at the 0.001 level.



