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Spectral mixture analysis (SMA) has been extensively adopted in estimating sub-pixel
impervious surface fractions. As a key step of SMA, endmember extraction has a big
impact on the reliability of unmixing result. Due to the difficulty in extracting spectrally
pure pixels using traditional methods, SMA is seldom applied to coarse-resolution
imagery. A promising strategy to overcome this challenge is to synthesize endmember
signatures via generalized least squares solution (LSS) technique with known fractions of
samples. However, this method yields constant endmember spectra across the entire
image extent, indicating a potential over simplification of spatial heterogeneity. As such,
in this study we developed a neighbourhood-specific endmember signature generation
method to derive spatially variable endmember signatures using geographically weighted
regression technique. According to our investigation results, the developed method
performed well in mapping fractional imperviousness with a single date Moderate
Resolution Imaging Spectroradiometer imagery and exhibited relatively high estimation
accuracy (root mean square error of 10.98%, mean absolute error of 8.45% and bias of
0.25%) compared with the generalized LSS method.

1. Introduction

Associated with human activities and habitation, impervious surfaces have been exten-
sively used to indicate the intensity of urban land development (Slonecker, Jennings, and
Garofalo 2001; Arnold and Gibbons 1996; Weng 2012). Meanwhile, due to the imperme-
able property, the expansion of impervious surfaces can lead to a series of environmental
consequences such as higher flash flood risk (Lee and Bang 2000), reduced terrestrial
ecosystem carbon sequestration capacity (Milesi et al. 2003) and aggravated urban heat
island effect (Li et al. 2011). Therefore, it is of major ecological significance to map the
composition and spatial configuration of impervious surfaces in a timely and accurate
manner (Deng and Wu 2013a). Traditionally, medium and high spatial resolution remote
sensing images are widely adopted for depicting urban impervious surface distribution.
Nevertheless, several disadvantages including small geographical coverage, between-
image variations and low temporal resolution limit the effectiveness of these data sources
in regional and continental scale applications (Deng and Wu 2013a). Therefore, coarse
imagery with much larger geographical footprint and relatively short revisit period would
be a more desirable option alternatively (Deng and Wu 2013a; Li and Wu 2014).
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A critical challenge confronting impervious surface estimation with remotely sensed
imagery is the presence of mixed pixels, which happens when the image cell size is
coarser than the scale of distinct ground cover (Shi and Wang 2014). As an effective
technique to address this problem, spectral mixture analysis (SMA), which models an
image pixel as linear combination of its pure materials known as endmembers (Adams
et al. 1995), has been widely applied in sub-pixel fractional impervious surface estimation
researches (Wu and Murray 2003; Small 2003). Although regarded as a powerful tool, it is
noteworthy that SMA has been rarely applied to coarse spatial resolution imagery due to
the difficulty in extracting endmember signatures (Deng and Wu 2013a). In order to
address this problem, Pu, Xu, and Gong (2003) proposed a method to derive endmember
signatures from mixed image pixels. With known reflectance and fraction information of
sample points, endmember spectra can be acquired based on the generalized least squares
solution (LSS) technique. This method was further adopted by Deng and Wu (2013a) to
estimate fractional imperviousness using a single date Moderate Resolution Imaging
Spectroradiometer (MODIS) image. However, the defect of this method is that it yields
constant endmember spectra for the entire image extent. Due to the landscape hetero-
geneity, the assumption of unchanged endmember spectra could be violated in some cases
and result in unexpected unmixing errors (Somers et al. 2011).

To address this problem, a neighbourhood-specific endmember signature generation
(NSESG) method was developed in this study for applying SMA to map large-scale sub-
pixel imperviousness. In particular, the objectives of this study are twofold: (1) to accommodate
endmember variability in the derivation of synthetic endmember signatures using geographi-
cally weighted regression (GWR) and (2) to utilize the derived locally adaptive endmember
signatures for conducting SMA and estimating impervious surface fraction distribution.

2. Study site and data preprocessing
2.1. Study site

The State of Indiana, US was selected as the study site in this study. Covering a geogra-
phical area of approximately 94,321 km? Indiana is located in the Midwestern and Great
Lakes regions (see Figure 1). Multiple land cover types including forest, cropland, pasture
and shrub are found in rural regions while its metropolitan areas are dominant by various
impervious surfaces such as traffic pavements, buildings and parking lots. In recent years,
Indiana has experienced significant urbanization and population growth. Between 2001 and
2006, the state’s total impervious surface areas increased by 4.06% (Xian et al. 2011) and
the growth rate of population was 9.7% from 2000 to 2010 according to the US Census
Bureau. Such variable and dynamic land cover in Indiana provides an ideal experimental
opportunity for testing the utility of impervious surface fraction estimation methods.

2.2. Datasets and preprocessing

We selected a single date 500-m MODIS Nadir BRDF Adjusted Reflectance (MCD43A4)
image acquired on 5 August 2011 as the data source for implementing our method. The
obtained MCD43A4 image was firstly re-projected using MODIS re-projection tool and
invalid pixels with filled value were removed before further processing. Three 2011
National Land Cover Dataset (NLCD) products including land cover, percentage imper-
viousness and tree canopy fraction were downloaded from United States Geological Survey
(http://www.mrlc.gov/nlcd2011.php). These products have 30-m spatial resolution and were
used for model training and evaluation. All collected datasets were clipped to the geogra-
phical extent of Indiana and re-projected to Lambert azimuthal equal area projection.
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Figure 1. False colour composite MODIS Nadir BRDF Adjusted Reflectance (NBAR) image of
the study area. Bands 2, 1 and 4 are displayed in as red, green and blue layers, respectively.

3. Methodology
3.1. Endmember class identification and reference sample fraction derivation

Traditionally, the vegetation—impervious—soil (V-I-S) assumption (Ridd 1995) was exten-
sively adopted for parameterizing the biophysical composition of urban environments (Wu
and Murray 2003; Small 2003; Deng and Wu 2013a, 2013b). Nevertheless, according to the
NLCD land cover product, permanent bare land only accounts for about 0.28% of the land
surface in the state of Indiana. In addition, soil and cropland are highly related due to the
phenology effect. This is because in growing season, cropland is normally covered with
green vegetation while after-harvest bare earth is usually exposed (Li and Wu 2014). Since
the MODIS image used in this study was acquired in summer, it was expected that soil does
not play a critical role in affecting the spectral signature of image pixel. Therefore, soil was
not considered as an endmember in this study. Based on the primary land cover constitution
of Indiana, we selected tree canopy (7), impervious surface (/) and shrub (S, including shrub
land, cultivated crop and pasture) as fundamental components (Shao and Lunetta 2011) and
their image spectra were used as endmember signatures.

Once endmember classes were determined, their fraction information can be derived
from two NLCD fraction products. Both percentage imperviousness and tree canopy
fraction data were degraded to 500-m spatial resolution, which served as the reference
fraction dataset for endmember 7 and I, respectively. S fraction can be easily obtained as
the subtraction of 7 and [ fractions from one (S = 1—(7" + I)). For the entire study area, the
training sample size was 660, which were generated using a random sampling method
from all well-mixed pixels (i.e. all 7, I, S fraction greater than zero).

3.2. Neighbourhood-specific endmember signature generation

In an ordinary linear unmixing model, image-wide endmember spectra are assigned to
each image pixel. For any given band of mixed pixel i with » endmembers, the observed
spectral reflectance can be expressed as:

n
ri:Zﬁjequei (1)
Jj=1
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where 7; is the observed pixel reflectance, f; is the fraction of endmember j, e; is the
reflectance of endmember j and &; represents the residual error. Therefore, the derivation
of synthetic endmember signatures is equivalent to coefficient estimates of linear regres-
sion functions with known endmember fractions of sufficient samples, which can be
yielded through the generalized LSS described as:

E = (F'F) 'F'R )

Here E is an n-dimension endmember spectra vector, F is an m x n endmember fraction
matrix and R is an m-dimension mixed reflectance vector (m > n). This approach gen-
erates only one group of endmember spectra for the entire image, which is regarded as a
globally optimal result. As mentioned above, the ‘representativeness’ of fixed endmember
signatures is likely to vary across the image scene; therefore, it may be beneficial to utilize
endmember signatures derived locally than globally (Deng and Wu 2013b). Following
this principle, we developed a new synthetic endmember spectra extraction method
termed ‘NSESG’ to yield locally optimal endmember spectra. The general process of
NSESG is based on GWR, which utilizes kernel regression and spatial weighting function
for overcoming spatial non-stationarity (Brunsdon et al. 1996).
In NSESG, the basic form of linear unmixing model is rewritten as:

r= Y fiey T 3)
=

where e;; represents the reflectance of endmember ;j for mixed pixel #, which varies with
different pixels. According to GWR, for each mixed pixel i, the estimation of endmember
spectral signatures can be obtained using geographically close samples and weighted LSS,
which can be described as:

Ei = (F"W.F) 'F/WR, )

where
W, = diag(wi1, wia, - -+, Wik) ®)

wis (s =1,2,3,...,k) is the weighting factor of sample s, k is the number of selected
geographically close samples used for the endmember spectra derivation of mixed pixel
i (here samples in ascending order, i.e. kth sample is the spatially farthest sample to mixed
pixel §). In this study, w;; was calculated by bi-square function and the band-width / was
set to equal dj;, which represents the Euclidean distance from kth sample to mixed pixel i:

e — [1 - (dl—s/l)z] Zd,-s <1 ©)
0dy > 1

Based on Equations (3—6), the obtained endmember spectra of NSESG will vary on
per-pixel level because it is derived from a spatial subset of the total training sample set
and each selected sample within the subset is assigned with a distinct weight. With such a
spatially adaptive technique, it was expected that endmember variability can be accom-
modated and more accurate impervious surface fraction estimation can be achieved.

As a key model parameter, the number of local samples (i.e. sample size k) in NSESG
can largely impact the generated endmember signatures and pixel unmixing results.
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Therefore, in this study, we conducted a series of experiments to obtain the optimal &
value. A total of 15 groups with varying & values (k = 30, 40, 50, 60, 80, 100, 120, 150,
180, 200, 250, 300, 400, 500 and 660) were tested and the group with the lowest root
mean square error (RMSE) between the actual and modelled impervious surface fraction
data was selected as the optimal for applying NSESG in this study.

3.3. Fully constrained SMA

With locally synthetic endmember signatures derived by NSESG, a fully constrained
SMA was performed for estimating sub-pixel endmember fractions:

R, =EF;+¢& 7
Subject to
0<f <Ly f=1 ®)
p=1

where R; is the image reflectance vector of mixed pixel 7, E; is the synthetic endmember
signature matrix of pixel 7, F; is the endmember fraction vector, &; is the model residual
error, f, is the fraction of endmember p and » is the number of endmembers.

3.4. Accuracy assessment

Accuracy assessment for the estimated impervious surface fractions was conducted using
valid pixels except for those adopted in the training procedure. Since pure pixels (0% and
100% fractions) can lead to uncertainty of evaluation result (Song 2005; Shao and Lunetta
2011), in this study we only focused on the performance of mixed pixels with impervious
surface fractions ranging from 5% to 95%.

It should be noted that conventional allocation of image pixels to discrete classes through
the confusion matrix is inappropriate for sub-pixel (soft) classifications because there exist
multiple classes within an image pixel (Silvan-Cardenas and Wang 2008). Alternatively, we
adopted three sub-pixel error metrics: RMSE, mean absolute error (MAE) and mean error
(ME) for quantifying the accuracy of estimated impervious surface results (Deng and Wu
2013b; Liand Wu 2014). Here RMSE and MAE are measurements indicating average level of
absolute error while ME is used to quantify systematic bias of estimation result (i.e. under or
over estimation). The formulae of these three metrics are described as:

N
RMSE = Z (f* —f)*/N ©)
i=1
N
MAE = » |f*; —fil/N (10)
i=1
N
ME = (/" —f)/N (11)

i=1

where f*; is the modelled fractional value of impervious surface at pixel i, f; is the
reference fractional value and N is the total number of validation samples.
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4. Results and discussions
4.1. The optimal k value in NSESG

Figure 2 displays the trend of RMSE with varying & values in NSESG. It is observed that
RMSE decreases continuously with the increase of £ values until it reached its minimum
value at k£ = 200. After that RMSE begins to increase steadily. The valley-shaped RMSE
trend suggests that the determination of optimal £ value in NSESG could be a trade-off
among several constraints. First, the optimal & value can be impacted by the number and
spatial distribution of training samples. Moreover, it is found either extremely large or
small k£ value will lead to relatively high RMSEs. This is probably because in the former
case excessive spatially heterogeneous samples are adopted while in the latter case too
few samples may bring in an ill-conditioned solution. Additionally, it should be noted the
optimal k value is not necessarily to be identical for each pixel because of the various
specific neighbourhood. Therefore, the obtained & value of 200 with lowest RMSE is an
overall optimal result for the entire image extent in this study, which was adopted for
applying NSESG and further fractional impervious surface estimation via SMA.

4.2. Synthetic endmember spectra

Synthetic endmember signatures were generated on per-pixel level using NSESG
described above and their results are displayed in Figure 3. As expected, there exists
substantial diversity in extracted spectra, suggesting quite variable land cover reflectance
characteristics across the entire image extent. Comparatively, impervious surface exhibits
more significant variability than other two endmembers. This result is probably due to the
greater intra-class variation of impervious surface, which consists of multiple spectrally
heterogeneous materials such as asphalt, concrete, etc.

4.3. Fraction results

The modelled endmember fraction results are shown in Figure 4. Through visual assess-
ment, it is observed that the spatial patterns of estimated fractions match well with actual

13.0

11.0

10.5

30 40 50 60 80 100 120 150 180 200 250 300 400 500 660
k value

Figure 2. RMSE trend with varying k values in NSESG.
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Figure 4. Comparison of estimated fraction results for Indiana using endmember signatures derived
by NSESG ((a), (b), (c)) and reference fraction maps derived by NLCD products ((d), (e), (f)).

data. In particular, heavier concentrations of tree canopy follow the hillier geography of
central and southern Indiana while it dots the landscape in the northern part of the state.
Except for forest, the rest of rural regions of Indiana are found mostly covered by shrub,
which is consistent with the NLCD land cover classification result (shrub occupying
approximately 46%). Several scattered metropolitan regions such as Indianapolis, Fort
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Table 1. Accuracy assessment of estimated impervious surface fractions with endmember signa-
tures derived by neighbourhood-specific endmember signature generation (NSESG) and generalized
least squares solution (LSS), respectively.

RMSE MAE ME (%)
NSESG Developed 11.28 8.58 —3.47
Undeveloped 10.71 8.33 3.49
Overall 10.98 8.45 0.25
Generalized LSS Developed 14.56 11.03 —5.86
Undeveloped 12.07 9.52 2.79
Overall 13.29 10.23 -1.25

Wayne and South Bend display reasonably greater impervious surface fractions. In
contrast, dark grey and black tones are associated with undeveloped areas, capturing the
overall spatial distribution of imperviousness across the entire state.

4.4. Accuracy assessment and comparative analysis

Accuracy measures of the resultant impervious surface fraction map using NSESG were
calculated for all validation pixels. For a comparison purpose, we also performed a
conventional SMA with constant endmember signatures derived by the generalized LSS
method, and the accuracy results of these two methods are shown in Table 1. In order to
evaluate model performances at different fractional imperviousness levels, error metrics
were calculated for the entire study area, developed areas (at least 30% impervious surface
fraction) and undeveloped areas (less than 30% impervious surface fraction), respectively.
Here 30% impervious surface fraction threshold is based on the NLCD definition of
developed areas (http://www.epa.gov/mrlc/definitions.html). In general, NSESG-derived
results exhibit overall higher impervious surface fraction estimation accuracy, indicated by
lower RMSE (10.98%), MAE (8.45%) and smaller ME (0.25%). In addition, it is
observed that both methods provide better performances in undeveloped areas than
developed areas. Comparatively, NSESG is able to offer more reliable fractional imper-
viousness estimation in developed areas (3.28% RMSE and 2.45% MAE improvements
compared with the generalized LSS method), indicating its advantage of accommodating
intra-class variability of impervious surface in a large geographical extent.

To further examine the performance difference between two methods, a scatter plot
was generated for demonstrating the correlation between the actual and modelled imper-
vious surface fractions. As illustrated in Figure 5, two methods generate visually compar-
able distribution patterns. However, inconsistences exist with a closer look. By comparing
the fitted line with the 1:1 line, it is found NSESG performs better than the generalized
LSS method, with its slope closer to one (0.7861) and intersect closest to zero (6.6363).
Moreover, a relatively high coefficient of determination (R*> = 0.6891) is achieved by
NSESG-derived result, indicating its better correlation with the actual data.

5. Conclusions

This letter proposed a NSESG method for deriving locally adaptive endmember signatures
to the SMA model for estimating large-scale sub-pixel impervious surface fractions with
the use of coarse spatial resolution imagery. Two major conclusions can be achieved
through the analysis of results. First, NSESG is capable of accommodating endmember
variability by generating distinct endmember signatures on per-pixel level with GWR
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Figure 5.  Scatter plots of modelled impervious fractions against reference fractions obtained using
generalized LSS («) and NSESG (b). For each plot, the red line is the linear fitting line and the black
line is the 1:1 line.

technique. Second, adequate accuracy improvements can be achieved by applying the
NSESG-derived endmember signatures to SMA for the mapping of fractional impervious-
ness distribution.
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