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Abstract

This study demonstrates the use of a geographically weighted principal components
analysis (GWPCA) of remote sensing imagery to improve land cover classification
accuracy. A principal components analysis (PCA) is commonly applied in remote
sensing but generates global, spatially-invariant results. GWPCA is a local adaptation
of PCA that locally transforms the image data, and in doing so, can describe spatial
change in the structure of the multi-band imagery, thus directly reflecting that many
landscape processes are spatially heterogenic. In this research the GWPCA localised
loadings of MODIS data are used as textural inputs, along with GWPCA localised
ranked scores and the image bands themselves to three supervised classification
algorithms. Using a reference data set for land cover to the west of Jakarta,
Indonesia the classification procedure was assessed via training and validation data
splits of 80/20, repeated 100 times. For each classification algorithm, the inclusion of
the GWPCA loadings data was found to significantly improve classification accuracy.
Further, but more moderate improvements in accuracy were found by additionally
including GWPCA ranked scores as textural inputs, data that provide information on
spatial anomalies in the imagery. The critical importance of considering both spatial
structure and spatial anomalies of the imagery in the classification is discussed,
together with the transferability of the new method to other studies. Research

topics for method refinement are also suggested.

Key words: GWmodel, GWPCA, spatial heterogeneity, accuracy
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1. Introduction

This paper describes the application of a Geographically Weighted Principal
Components Analysis (GWPCA) as a method to improve the reliability of land cover

classification from remotely sensed data.

Supervised classification of remote sensing imagery to identify land cover is a
clustering process. Training data are collected, typically through field surveys or from
higher resolution imagery, and the multivariate image properties of the training data
are used to train a clustering algorithm. Commonly, this identifies cluster centres for
each class, based on the multivariate properties of the training data and the
classification proceeds by allocating each image object, typically a pixel, to the
cluster to which it is closest in the multivariate image space. Different classification
algorithms can vary in the way that they define cluster centres, multivariate distance
and in their iteration. Classification algorithms can also differ to whether or not class
statistics are calculated (for example, choosing between a logistic regression or

support vector machines).

Collinearity occurs when variables exhibit linear relationships and this has been
found to affect the reliability of the classification algorithm (Congalton, 1991). PCAs
have been used to handle collinearity in remote sensing. The first few components
of a PCA frequently capture most of the image data variation and structure by
transforming the data into an ordered set of orthogonal components. In remote
sensing, PCA approaches have been used to improve classification (e.g. Collins and

Woodcock; 1996; Xu et al., 2003; Toutin, 2004; Koutsias et al., 2009), to explore
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structure or trends in image data (e.g. Legendre and Legendre, 1998) and to detect

anomalies in the outputs (Lasaponara, 2006).

Spatial effects can be important in land cover classifications. They may result in
spatial heterogeneity in the relationship between the land cover classes and the
imagery (Wang et al., 2005; Propastin, 2012) and the spatial autocorrelation of
errors (Congalton, 1988). These arise when the classification algorithm fails to
incorporate any spatial effects. To handle such spatial effects some authors have
used texture measures constructed from image data as inputs into classifications
(Car and Miranda, 1998; Chica-Olmo and Abarca-Hernandez, 2000; Atkinson and
Lewis, 2000; Myint, 2003). In these, localised statistics are calculated for one image
band at a time (e.g. local variance) using a simple moving window (e.g. a square) of a

subjectively specified size.

This study demonstrates the application of a local version of PCA, termed
geographically weighted principal components analysis (Fotheringham et al., 2002;
Harris et al., 2011). A GWPCA investigates how outputs from a PCA vary spatially. It
provides a significant methodological advance on previous approaches. First, all
image bands are considered together to provide multivariate localised statistics.
Second, a sophisticated distance-decay weighting scheme replaces the moving
window approach. This is specified such that it provides a degree of objectivity on
the spatial scale at which the local statistic is calculated. In this way, GWPCA is used
to create texture variables that account for the spatial heterogeneity in the multi-
band image structure. Spatial changes in data dimensionality and multivariate

structure can be explored via maps of the GWPCA outputs (Fotheringham et al.,

4
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2002; Harris et al., 2011; 2015). GWPCA can also be used to detect multivariate
spatial anomalies (Harris et al., 2014b; 2015). This study uses the outputs of a
GWPCA applied to 7-band MODIS imagery to classify land cover. In particular,
GWPCA loadings for structure and GWPCA scores for anomalies are included as
textural inputs, together with the raw image bands themselves as inputs to three
standard classification algorithms: latent discriminant analysis, logistic regression
and support vector machines. Thus GWPCA outputs provide informative multivariate
spatial inputs into the classification process. The study does not seek to directly
account for any local dimensionality issues or local collinearity effects in image data,
although GWPCA could be used to do so. Rather it aims to capture the local structure

in the multi-band image data to improve classification accuracy.

2. Background

In remote sensing, PCAs are used to transform image data into a new orthogonal set,
principal components (PCs), whose observations are called PC scores. Components
are ordered by the amount of variance in the original image data they explain and
there is always the same number of components as there were image bands. For a
PCA to be used for data reduction, it is typically hoped that the first two or first three
PCs explain around 80-90% of the original data's variance. Data reduction can then
proceed without an undue loss of information, which in turn reduces computational
burden of any subsequent analysis. PC loadings are the linear correlation coefficients
between the PC scores data and the original data. Thus by investigating the loadings,

it is possible to determine which of the original image bands contribute the most to
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each PC. As the PCs are uncorrelated they provide a direct way of addressing image

band collinearity, commonly found in the visible wavelengths.

PCA has also been used for data reduction to fuse data from multiple sources and
platforms (Pohl and Van Genderen, 1998) and to provide greater insight into
classification results. For example, Richards (1984) used PCA to monitor brushfire
damage and vegetation re-growth in Australia and found that local areas of change
were enhanced in some of the lower PCs and Ingebritsen and Lyon (1985) found the
first two PCs to be strongly related to soil brightness and vegetation greenness. They
have been used in change detection and error analysis and Tewkesbury et al. (2015)
note that transformations of multiple image layers provides a convenient method for
assessing change within a complex set of time series imagery. Doxani et al. (2011)
applied a multivariate alteration detection transformation to identify change objects
in VHR imagery. But some research has found that transformed time series data
results in the loss of temporal change information (Deng et al. 2008; Tsutsumida et

al. 2013).

PCA in remote sensing has been found to be sensitive to the study area being
considered through the training or validation samples and the variation in the land
cover types that are present (Pohl and Van Genderen, 1998). The implication is that
spatial factors affect the relevance and usefulness of the PCA outputs, which only
ever reflect the non-spatial properties of the inherently spatial, image data. Some
research has sought to address this. Pesaresi and Benediktsson (2001) explored
methods for analysing the morphology of panchromatic image data but their

approach was not scalable to multivariate data (Soille, 2003).

6
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A critical issue in remote sensing is the presence and impact of commonly observed
spatial autocorrelation effects in image data (Spiker and Warner, 2007), which for
example results in adjacent pixels being more likely to have similar values
(Woodcock et al., 1988) and spatial heterogeneity in outputs, such as classification
errors (Campbell, 1981). For these reasons, spatially explicit methods have been
applied to improve classification accuracy (Congalton, 1988; Steele et al, 1998). The
geographically weighted (GW) modelling paradigm provides a suite of models,
specifically for spatial heterogeneity effects (Fotheringham et al., 2002; Lu et al.,
2014; Gollini et al., 2015), the most commonly used of which is GW regression
(Brunsdon et al., 1996). Examples of GW models in remote sensing studies can be
found in Atkinson (2004), Wang et al. (2005), Atkinson and Naser (2010), Comber et
al. (2012), Johnson et al. (2012) and Propastin (2012). Examples of studies that have
sought to account for both spatial autocorrelation and spatial heterogeneity in data
include the studies by Car and Miranda (1998) and Chica-Olmo and Abarca-
Hernandez (2000). Other work has considered classification accuracy given spatial
effects. Foody (2005) modelled local accuracy by interpolating accuracies calculated
at regular spaced locations. Riemann et al. (2010) suggested spatial indices to
describe classification accuracy and Comber (2013) developed GW approaches to
generate maps of user, producer and overall accuracies. Related GW-based
approaches are found in Comber et al. (2012) and in Tsutsumida and Comber (2015),

where the latter used a PCA to examine the temporal variations in spatial accuracy.

The PCA method can be adapted to incorporate spatial effects, such as that of

autocorrelation or heterogeneity. For the former, Jombart et al. (2008) adapted PCA
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using Moran's I, whilst for the latter, GWPCA can be used. Spatially-adapted PCA
methods have not as yet been applied in a remote sensing context, but these and
other methods exist, as reviewed in Demsar et al. (2013). GWPCA is just one of many
models based around the GW framework. In this framework, a kernel or moving
window is identified and data under the kernel are weighted by their distance to the
location being considered under the kernel (i.e. the kernel centre). The
geographically weighted data are then passed to whatever analysis is being
undertaken and the localised model's outputs are mapped to provide a useful
investigative tool of spatial heterogeneity. A key challenge in GW modelling is finding
the scale at which each localised model should operate, that is choosing the size of
the kernel bandwidth. The bandwidth can be user-specified, but preferably guided
by some automatic cross-validation routine based on model fit. Similarly, it is not
recommended to treat bandwidth optimisation via cross-validation as a purely black-
box approach (Harris et al. 2014a). A number of GW models have been proposed,
including those for summary statistics (Brunsdon et al., 2002), discriminant analysis

(Brunsdon et al., 2007), and variograms (Harris et al., 2010).

3. Methods

This section describes the methods used for the application of a GWPCA to the
MODIS image data, with the aim of improving land cover classification accuracy.
Here the case study data is described, the GWPCA technique is formally presented,
the supervised classification algorithms are presented, and finally, the crucial step of

GWPCA bandwidth selection is described that accords to the objectives of this study.
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The Appendix describes the processing times for the computations to provide an

overview of the implementation costs: they are not high.

3.1. Case Study Area and Data Sets

The study area was the Tengarang region to the west of Jakarta in Indonesia (Fig. 1).
MODIS surface reflectance from the MOD09A1 product was selected for analysis,
dated from 16™ March 2012. This product provides a modified version of the
ground-level atmospheric scattering or absorption computed from MODIS level 1B
product (Vermote et al., 2011). It is an 8-day composite with 7 bands at 464-m
spatial resolution. The 7 bands record surface spectral reflectance with wavelengths
of 620-670nm, 841-876nm, 459-479nm, 545-565nm, 1230-1250nm, 1628-1652nm
and 2105-2155nm. MODIS data can contain noise due to the atmospheric bias,
surface anisotropic and sensor problems (Jonsson and Eklundh, 2004) and only data
flagged as good or marginal in the MODQ9AL1 reliability layer were extracted from
the original time series data. Band 5 captures short wave infrared reflectance and is
sensitive to water vapour. It commonly has a few missing values due to strip noise
(Wang et al., 2011) and so an inverse distance weighting interpolation was used to

predict (or infill) them. Each MODIS band image consisted of 6200 pixel sites.

Land cover ground data at 494 randomly selected locations was collected by visual
interpretation of the VHR image layers in Google Earth. At each location, the
proportions of different land cover types were recorded for an area the size of the
MODO09A1 grid cell. Eight land cover types were recorded (Urban, Settlement,

Paddyfield, Cultivated, Trees, Grass, Bare and Water) and the land cover with the



223  largest area in each cell was used to label that cell. This ground data was then

224  associated with its corresponding imagery data.
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227  Fig. 1. the study area to the west of Jakarta, Indonesia with the 494 land cover

228  ground data, with a transparency term to show their density, and an OpenStreetMap
229  backdrop.

230

231 Inorder to objectively assess classification accuracy of this study’s methods, the

232  combined ground/imagery data were randomly divided into training and validation
233  subsets using a class-stratified 80/20 split. These 80/20 splits were repeated 100

234  times and the classification procedures applied to the 100 different splits. The

235  distribution of land cover classes for the described training/validation split is given in

10
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Table 1. Observe that the training data set size is relatively small, and as such, will

provide a further challenge to this study’s methods.

Table 1. Class-stratified training/validation split for land cover ground data.
Urban Settlement Paddyfield Cultivated Trees Grass Bare Water

Training 26 96 190 22 11 32 15 4
Validation 6 24 47 5 3 8 4 1
3.2. GWPCA

For GWPCA, a localised PCA is computed at target locations, allowing a local

identification of any change in the structure of a multivariate data set. Formally, if
spatial location i has coordinates (u,v), then GWPCA involves a vector of observed
variables x; being conceptualised as having a certain dependence on its location i,
where p,(u,.,v,.) and E(ul.,vl.) are the local mean vector and the local variance-

covariance matrix, respectively. The local variance-covariance matrix is
X(u,v,)=X"W(u,v,)X, (1)

where X is the data matrix (with » rows for the observations, and m columns for

the variables), and W(ui,vi) is a diagonal matrix of geographic weights. For this

study these were generated using a bi-square kernel function

w; = (1—(dij/r)2)2 if d; <r w, =0 otherwise, (2)

11
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where the bandwidth is the geographic distance r, and dij is the distance between

h

spatial locations of the i and j” rowsin X . As with any GW model, other kernel

shapes are possible (Gollini et al., 2015). To find the local PCs at location (ui,vi), the

decomposition of the local variance-covariance matrix provides the local eigenvalues

and local eigenvectors (or loading vectors) with

L(ui’vi)v(ui’vi)L(ui’vi)T:E(ui’vi)' (3)

where L(ui,vi) is a matrix of local eigenvectors, and V(ui,vi) is a diagonal matrix of

local eigenvalues. A matrix of local component scores T(u,.,vl.) can be found using

T(ui’vi):XI‘(ui’v‘)' (4)

1

-th

where the product of the i row of the data matrix with the local eigenvectors for

h

the i location provides the i” row of local component scores. If each local

eigenvalue is divided by tr(V(ui,vi )), then localised versions of the proportion of the

total variance in the original data accounted for by each component are found (see

section 4.1).

Thus at each observed location for a GWPCA with m variables, there are m
components, m eigenvalues, m sets of component loadings (each of size mxm),
and m sets of component scores (each of size nxm ). Eigenvalues and their
associated eigenvectors at unobserved locations can be obtained, although as no

data exist for these locations component scores cannot be obtained.

12



278

279 A GWPCA was used to generate spatially-varying PCAs for the image data. A GWPCA
280 loadings data set for a given image band, for a given PC, reflects a spatially-

281  distributed set of correlations between the observations of the original band and the
282  GWPCA scores for the chosen PC. GWPCA loadings provide a local summary of each
283  band's local variance together with the local covariances, and because of this they
284  succinctly encapsulate the multivariate spatial structure in the image data. This is the
285  prime reason why they are considered worthy as input variables to improve land
286  cover classification accuracy. For the case study data (and for a given GWPCA

287  bandwidth), 7x7=49 GWPCA loadings data sets are generated, together with

288  6200x7=43400 GWPCA scores data sets. Thus a considerable amount of data is
289  generated.

290

291 Both PCA and GWPCA results are presented, where for the PCA the image bands
292  were standardised to specify the covariance matrix. The same globally standardised
293  data were also used in the GWPCA, which is similarly specified with (localised)

294  covariance matrices. As with any PCA-based study there are consequences of these
295  data pre-processing decisions and different results may occur (e.g. Eklundh and

296  Singh 1993). Furthermore, for GWPCA, data that are globally standardised does not
297  guarantee that the data will retain their associated properties at the scale of each
298 localised PCA. A detailed presentation on the consequences of these data pre-

299  processing decisions when applying (PCA and) GWPCA, together with a list of

300 pragmatic data checks, is given in Harris et al. (2015).

301

302  3.3. Supervised Classification

13
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In remote sensing, supervised classification proceeds by examining the
characteristics of the training data (image and ground data) to be used in the
classification and allocates image objects to classes based on their characteristics at
the validation sites. In this study, the image input data was supplemented with the

GWPCA loadings and then with the GWPCA scores of the image data itself.

Three classification algorithms were applied: (a) a latent discriminant analysis (LDA)
implementation of maximum likelihood, (b) a logistic regression (LR), and (c) support
vector machines (SVM). These were implemented using the following functions and
associated R packages, respectively: Ida in MASS (Venables and Ripley, 2002),
multinom in nnet (Ripley, 2013) and svm in e1071 (Meyer et al., 2012). In all cases,
the default arguments for the parameterisation of the classifiers were retained. For

details, please refer to the R package manuals.

Classification algorithms were chosen according to their common usage and the fact
that each classifier could be reliably run without additional manipulation or input
parameters. Furthermore, the LDA and LR classifiers (which are broadly similar)
provide a useful contrast to SVM which takes a quite different (machine learning)
approach to classification. This rather naive selection of algorithms provides some
objectivity to this study, as it provides a focus to the performance of GWPCA-derived
input variables, not the classification algorithms themselves. Future work could
expend the choice of algorithms and more accurately assess whether a given

algorithm is particularly suited to GWPCA-derived input variables.
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3.4. Bandwidth Selection for GWPCA

Bandwidth choice is of great importance to any GW approach. Small bandwidths
result in greater spatial variation in the local outputs and the results of using large
bandwidths get increasingly close to the global metric. Bandwidths can be found in
an adaptive form, where the number of nearest neighbours is fixed, or in a fixed
form, where the distance is fixed. In this study, only adaptive bandwidths were
specified. For a standard implementation of GWPCA, an automatic bandwidth can be
found using a cross-validation procedure as detailed in Harris et al. (2011; 2015). This
procedure optimally selects the bandwidth according to a minimised fit between the

raw data and the scores data.

The aim was to use GWPCA outputs as inputs to improve land cover classification
accuracy. As such, it made sense to find a GWPCA calibration (i.e. its bandwidth)
whose outputs provided the most accurate classification. Only the GWPCA loadings
needed to be considered in this exercise as the GWPCA scores data should be found
from a small, user-specified bandwidth reflecting their use for anomaly detection.

The bandwidth selection procedure used in this study is described as follows:

GWPCA loadings data were generated at all 6200 pixel sites of the full image using
GWPCAs calibrated with adaptive bandwidths of 1%, 5%, 10%, 15%, and
continuing in increments of 5%, to a maximum of 100%. Thus for a bandwidth of
1%, localised PCAs were found using only their nearest 62 neighbours. For a
bandwidth of 5%, localised PCAs were found using their nearest 310 neighbours,

and so on. This results in 21 instances of GWPCA loadings data sets.
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The whole 80/20 training/validation classification assessment (i.e. now at the 494
ground data sites) was repeatedly re-run using the same raw image data, but for
each run a different set of GWPCA loadings data was used from step (i). Here it
soon became apparent that GWPCA loadings data via a 20% bandwidth would
provide the most accurate classification results (at least on average for each
classifier over the 100 runs). Thus for clarity, the accuracies in Table 3 were found

21 times corresponding to the most accurate results.

Observe that step (ii) of this procedure is sub-optimal in that a more accurate set of
results would be possible if an optimal bandwidth was retained for: (a) each
individual training/validation data split and (b) each classifier (i.e. LDA, LR and SVM).
However, such level of detail would distract from this paper’s narrative. It was also
considered useful to have a broad understanding of the spatial scale at which the
image-derived GWPCA loadings were best able to discriminate between land cover
classes. A single bandwidth allows this, where a 20% bandwidth uses the nearest
1240 neighbouring pixels. Thus in summary, a 20% bandwidth was user-specified but

was strongly guided by the given validation exercise in step (ii) above.

Also observe that the bandwidth selection procedure is potentially compromised in
step (i) in that any given set of ground data validation sites (always some class-
stratified random allocation of 98 sites from 494 sites) is always included in the
bandwidth selection procedure. That is, each set of GWPCA loadings data was in part
derived from image information at the 98 validation sites, where the extent of

contamination at any one of 6200 pixels accorded to its proximity to a validation site.
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The question then arises - is this a serious oversight and if so, should all validation

data sets be entirely unseen until the final accuracy assessment?

Although, it would have been possible to remove such validation sites from step (i),
and still provide GWPCA loadings data at these now unobserved sites in step (ii) (see
the GWPCA algorithm in section 3.2) — thus negating this issue altogether, a revision

was not undertaken for the following three reasons:

a. It would have entailed that in step (i), the GWPCA algorithm would have had to
run 21x100 =2100 times to reflect the 21 bandwidth choices together with the
100 training/validation data splits.

b. It was likely that each set of GWPCA loadings data would change little if the image
data at the 98 validation sites (1.6% of the image) were included or not. In turn,
the final selection of a 20% bandwidth would still be likely.

c. The chosen 20% bandwidth was itself a (deliberately) sub-optimal selection.

Thus in the interest of parsimony and pragmatism, such a revision was not followed.

All further results of this study were considered similarly unaffected by this decision.

Furthermore, this issue is only concerned with the creation of variables for input into
a classification algorithm. It is not concerned about the testing of the classification
itself, as is usually the case in a training/validation exercise — and here, in step (ii),
the validation data still remained unseen in this sense. A final point worth noting is
that there would be no advantage to only focus on the 494 ground data sites (i.e.

ignore the full 6200 image data altogether) for bandwidth selection, say to save

17
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computationally. A bandwidth found using this relatively sparse data (see Fig. 1b)

would not directly transfer to that which is required for the full image data.

4. Results

4.1. PCA

For any GW model application, it is informative to consider its global counterpart for
reference. The PCA results are shown in Table 2 and indicate that a subsequent
analysis could justifiably proceed retaining only the first (PC1) and second (PC2)
components as both have eigenvalues that are greater than 1 and together they
account for 87.4% of the total variance. This level of explained variance amongst
only the first two PCs reflects strong levels of collinearity amongst the MODIS bands,
which is not unexpected with this type of data. Interrogation of a simple correlation
matrix confirms this, with strong correlations (p > 0.85) between Bands 1 and 3,
Bands 1 and 4, Bands 2 and 5, Bands 3 and 4, Bands 5 and 6, Bands 6 and 7. The PCA
loadings indicate that Band 6 contributes most to PC1 and that Bands 2 and 5 equally
contribute the most to PC2.

Table 2. PCA outputs from the 7-band MODIS data.
PC1 PC2 PC3 PC4 PC5 PC6 PC7

Eigenvalues 4082 2.036 0.695 0.090 0.046 0.036 0.015
Variance % 58.3 29.1 9.9 1.3 0.7 0.5 0.2
Cumulative variance % 58.3 87.4 97.3 98.6 99.3 99.8 100
Band 1 loadings 0.388 0.415 0.030 0.344 0.493 -0.561 0.001
Band 2 loadings 0.284 -0.491 0.484 -0.024 -0.380 -0.490 -0.241
Band 3 loadings 0.390 0.389 0.126 -0.820 -0.059 0.010 0.072
Band 4 loadings 0.392 0.334 0.406 0.428 -0.296 0.542 -0.079
Band 5 loadings 0.340 -0.491 0.119 -0.111 0.659 0.389 -0.178
Band 6 loadings 0.435 -0.286 -0.269 0.111 -0.160 0.004 0.787
Band 7 loadings 0.398 -0.032 -0.705 0.038 -0.249 0.017 -0.529
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4.2. GWPCA

A GWPCA was then applied to the same data, generating local eigenvalues, local
variance proportions, local cumulative variance proportions, local loadings data sets
and local scores data sets, across the 6200 image sites. The GWPCA can assess how
the dimensionality in the imagery can vary across the study region via the local
variances and how the multivariate structure of the imagery can vary via the local
loadings data sets. Fig. 2a shows the spatial distribution of the variance proportions
accounted for by PC1 and how they vary geographically from the global value of
58.3%. Fig. 2b shows the distribution of cumulative variance proportions for PC1
and PC2 combined, which was 87.4% globally. It is evident that PC1 explains much
more of the variance in the north eastern corner of the study region (Fig. 2a), whilst
together PC1 and PC2 explain more of the cumulative variance in the northern and
eastern areas of the study region (Fig. 2b). These areas are also most likely to exhibit
the strongest levels of (local) collinearity amongst the image bands. Image
dimensionality clearly varies across the study region, where for all areas the

retention of the first two PC’s will at least account for 78% of the total variance.

Investigating and visualising the loadings data from GWPCA is a challenge, and in this
respect, various visualisation tools can be found in Harris et al. (2011; 2015). The
difficulty lies in the fact that at every local PCA location, the loadings data for each
band and PC needs to be somehow viewed and related to each other. For this study,
a simple visualisation is adopted where the image bands with the largest (absolute)

loadings for the first two PCs only are mapped (Fig. 3). It is clear that different bands
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458

dominate PC1 within the study region and that Band 6, which dominates globally,
only dominates in a north western and a north eastern area (Fig. 3a). Locally, it now
appears that Bands 1 and 4 contribute more to PC1, than Band 6 does. Similarly,
Bands 2 and 5 that contributed the most to PC2, do not dominate PC2 throughout
the study region (Fig. 3b). Although in this instance, Band 2 displays a degree of

homogeneity - as it provides the highest absolute loading for over 50% of the region.

Although this has intentionally been only a brief demonstration of GWPCA, it has
highlighted that both dimensionality and structure in the image data can vary across
the study region. In particular, as image-band structure (via the loadings) clearly
exhibits spatial variation then this information has the potential to act as a useful

discriminator of land cover, which is now assessed.
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Fig. 3. Spatial distribution of the image bands with largest (absolute) local loadings
for a) PC1 and b) PC2, from a GWPCA. Corresponding global PCA results were
respectively Band 6, and Bands 2 and 5, jointly.

4.3. Land Cover Classification

A series of supervised classifications were undertaken with four groups of input
variables: (1) the seven image bands only (2) the image-derived GWPCA loadings for
PC1 and PC2 only, (3) the image data plus the GWPCA loadings, and (4) the image
data plus the GWPCA loadings plus the GWPCA ranked scores. As the global PCA
indicated that the first two PCs were the most important, then this was assumed to
be true for the GWPCA with respect to the loadings. To provide some spatial context
to the different input data and how they vary across the study region, Figures 4, 5
and 6 shows in their full form the MODIS imagery and the GWPCA image band

loadings for PC1 and for PC2.
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For input variable group 4, the GWPCA ranked scores data capture local multi-band
outlier information. Harris et al. (2014b) found that the most promising outlier
detection method resulted from observations with extreme local scores values from
either the first PC or from the last PC. Thus two additional texture input variables
were constructed to reflect the ranking of the local scores data for each of PC1 and
for PC7, where the lower the ranking, the more likely that the MODIS pixel is locally
anomalous in a multi-band (or multivariate) sense. These extra input variables
(simply termed GWPCA ranked scores) may help classify a land cover that is
somewhat obscure, or occurs in an unexpected location/setting. In this instance, the
GWPCA run was calibrated with a much smaller (user-specified) bandwidth of 2.5%,

as GWPCA was now being used to detect anomalies.
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Following the procedures described in section 3, LDA, LR and SVM classifiers were
run 100 times across 494 ground data sites using class-stratified 80/20
training/validation data splits (see Table 1) with the four input variable groups
described. For each run, the overall accuracy percentage for each classifier was
determined from the diagonal of a standard correspondence matrix, comparing the
class of the validation data with the predicted class. The resultant mean overall
accuracies for 100 runs are presented in Table 3, indicating that classification
accuracy is broadly similar for each of the three classifiers when just the image data
are used, and also when just the GWPCA loadings are used. However when the
image data are combined with the GWPCA loadings, the accuracies increase
markedly. This suggests that including variables that describe the spatial multivariate
structure of the imagery improves classification predictive strength. There are only
slight improvements in accuracy when the GWPCA ranked scores data were included
as inputs. However, these marginal improvements were entirely expected given that
the focus was on anomalies and by definition, they should be fairly rare. On average

over the 100 runs, LR is consistently the most accurate classifier, in this instance.

Table 3. The mean overall accuracy percentages for four different input variable
groups to a set of three different classification algorithms. Corresponding standard
errors of the means (SEMs) are in brackets. The number of input variables per group
were 7, 14, 21 and 23, respectively.

Image
+
GWPCA loadings
Image +
GWPCA + GWPCA ranked
Image loadings GWPCA loadings scores
LDA  63.6(0.39) 61.9 (0.36) 68.7 (0.38) 70.4 (0.38)
LR 66.0 (0.37) 65.5 (0.40) 75.5 (0.40) 77.4 (0.38)
SVM  65.3(0.25) 64.3 (0.25) 69.4 (0.30) 74.9 (0.34)
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520

521 To provide a fuller understanding of the results of Table 3, Table 4 describes the

522  results per land cover class. It show the improvement from using the image data only
523  (input variable group 1) to using the image data plus the GWPCA loadings plus the
524  GWPCA ranked scores (input variable group 4). These results need to be viewed in
525  context of the training/validation data splits given in Table 1, where for land cover
526  classes that are poorly represented (or rare), the classification improvement is often
527  quite marked, whereas for land cover classes that are relatively well represented
528 (Settlement and Paddyfield), classification accuracy is sometimes marginally

529  reduced. These results provide clear value in the GWPCA-based methodology to

530 accurately classify land cover across the full spectrum of possible classes, and in

531 doing so, goes someway in justifying the extra complexity that the new methodology
532 introduces into the classification procedure.

533

534  Table 4. Changes in mean overall accuracy for each land cover class, comparing the
535  ‘Image’ input group to the ‘Image+GWPCA loadings+GWPCA ranked scores’ input

536  group.
Urban Settlement Paddyfield Cultivated Trees Grass Bare Water

LDA 38.2to68.0 71.2to68.1 86.2t079.3 8.2to754 20.0t020.0 18.6to54.5 1.2to0 35.5 0to 68
LR 425t063.5 740to78.0 88.9t084.8 6.6t080.2 19.3t020.7 16.6t059.9 1.5t062.5 0to 99
SVM 1.8t045.5 83.4t0829 92.5t092.8 0to 48.6 1.3t013.3 7.4 to 45.5 0t022.8 Oto0

537
538  Fig.7 shows the full distributions of the accuracy results as summarised in Table 3,

539  from all 100 of the class-stratified 80/20 training/validation data splits. The boxplots
540  of the accuracy distributions clearly shows that the use of GWPCA-derived inputs
541  improves classification accuracy. The greatest improvements were found with the LR
542  classifier, where for some training/validation data splits, land cover classification
543  accuracy exceeds 80%. The boxplots also confirm that the SVM classifier consistently

544 has lower variance in the results than the LDA or LR classifiers. Paired t-tests were
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used to test for significance differences in the means of selected accuracy

distributions and are summarised in Table 5. All of the key differences that have
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Fig. 7. Distributions of classification accuracy data from 100 runs of the
training/validation data splits. Classifiers (LDA, LR, SVM) denoted with input groups
(1-Image, 2-GWPCA loadings, 3-Image+GWPCA loadings, 4-Image+GWPCA
loadings+GWPCA ranked scores). Given with an 80% accuracy line for context.

Table 5. Paired t-test results for differences in mean overall accuracies, with input
groups as follows: 1-Image, 2-GWPCA loadings, 3-Image+GWPCA loadings, 4-

Image+GWPCA loadings+GWPCA ranked scores.
Groups 3vs. 4

LDA p < 0.0019 p < 0.0000 p < 0.0000
LR p < 0.2945 p < 0.0000 p < 0.0000
SVM p < 0.0083 p < 0.0000 p < 0.0000

p < 0.0018
p < 0.0005
p < 0.0000

5. Discussion

29

The results of Table 3 indicate that use of the MODIS image data alone (Fig. 4) or the
GWPCA loadings alone (Fig. 5 and 6) result in similar land cover classification

accuracies. However, accuracy improves when the image data is supplemented with
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the GWPCA loadings as texture variables. This improvement is because the local
loadings arising from GWPCA capture important spatial heterogenic effects in the
multi-band structure of the image data via variances and covariances. This
information reflects spatially-distributed sets of correlations between the
observations of the original bands and the GWPCA scores and describes the local
contribution of each band to each PC. The results imply that if a loadings structure
were to be associated with each land cover class it would not be fixed, but instead
would vary geographically placing land cover in context with its locality. Further, but
more marginal improvements in accuracy were found when the GWPCA ranked
scores were included as inputs. Here only slight improvements were expected given
that these inputs should only help classify a land cover that is somewhat obscure, or
occurs in an unexpected location/setting. The results of Tables 4 and 5 and Fig. 7
were given to provide clarity and detail to those summarised in Table 3, providing

added value to the GWPCA-based land cover classification methodology.

In this study the classifications were undertaken from a standpoint of naivety. It is
well known that collinearity might be expected between certain image bands and
this was the case here. Furthermore, many of the 14 different GWPCA loadings
datasets are themselves highly collinear. Evidence of this can be seen in Fig. 5 and 6
and is not surprising given the collinearity of the image bands. Collinearity can result
in a loss of model precision and a loss of power in a classification model's parameter
estimates. There are a number of ways to reduce such global collinearities. An initial
step of image band selection could be applied to help identify specific types of
features, for example, red and infra-red bands to support biomass analyses. Also, the

image bands and GWPCA loadings data that are highly collinear could be removed,
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the first two global PCs of the image data could be used with the GWPCA loadings, or
a classification technique could be specifically designed to accommodate collinear
variables such as a penalised or shrinkage approach (see Tibshirani, 1996). Removal
of collinear image bands and GWPCA loadings data and using only the first two
global PCs of the image data were experimented with, but found to make little
difference to the classification results. This was not surprising given that collinearity
tends to have more of an effect on model inference rather than the model's ability

to provide accurate predictions.

Of note however, is that of the three classifiers, SVM is itself a penalised or shrinkage
method in that it has a regularisation term. This may in part explain why the SVM
classifier consistently performed better than the LDA or LR classifiers with respect to
its spread of results (see Table 3 and Fig. 7). This is because the standard error of the
means (SEMs) are consistently smaller than that found with LDA and LR. However, as
only the default arguments for the optimisation of its parameters were used, the
SVM classifier would still require some user-input to check that the regularisation

term and any kernel parameters were correctly calibrated.

In any land cover classification study the results are only ever specific to the
particular properties of data and the region it covers. As a consequence, it can be
difficult to infer the transferability any methodology to other studies, especially those
with very different spatial and attribute properties. In this work a case study was
chosen in which the spatial resolution of the imagery was coarse relative to the study
area as a means to demonstrate this paper’s methodology. There is no reason why

the methodology would not perform similarly well if applied to data at a much finer
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spatial resolution or over a much larger area. Thus issues of scale should not unduly
compromise this new classification method. What is important to local techniques is
that sufficient information is available so that important spatial heterogeneities can
be reliably captured. Future work will apply the methodology within a simulation

experiment to data generated with known and user-controlled properties.

Unlike many moving window or partitioned-based methods, a GW approach makes
much better use of available information, as it is still possible to use all the data
whilst still modelling local effects. For example, a 100% bandwidth of this study was
still able to provide localised PCAs because a distance-decay (bi-square) kernel was
specified. Similarly, much attention in GW modelling is placed in finding optimal
kernel bandwidths so that the scale at which each localised model operates is
appropriately determined. Future work will compare similarly localised classification
methods to the one demonstrated here, providing further context to the GWPCA-

based method.

In this study GWPCA was used to improve land cover classification accuracy.
However, GWPCA may also provide local solutions to other modelling issues of
interest to the remote sensing community. GWPCA could be applied for an
optimisation of the image data collection, or the detection of image band outliers
(e.g. Harris et al., 2014a; b). It could also be applied as a local data reduction
technique to hyperspectral imagery or in a data fusion exercise with inputs operating
at varying spatial scales. This study adds to a growing body of work that has used
GWPCA to provide a greater understanding on how dimensionality and structure in

multivariate data can vary spatially including research in the social sciences

32



640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

(Fotheringham et al., 2002; Lloyd, 2010, Harris et al., 2011) and the environmental

sciences (Kumar et al., 2012; Harris et al., 2015).

The results from this study strongly suggest that land cover classes have different
image properties in different portions of the image scene. However the GWPCA-
based methodology is such that this relationship heterogeneity is only indirectly
accounted for since ultimately, only non-spatial classifiers are used. Thus a GW
logistic regression or GW discriminant analysis could be applied with land cover as
the response variable and the image bands as the predictors. This would enable a
direct and spatially-informative investigation of such heterogeneous relationships.
However as the image bands are not only highly collinear globally, but also locally,
then these GW models may be somewhat compromised (e.g. Paez et al., 2011), and
if so, one way to address this would be to replace the raw image data with their
(locally orthogonal) GWPCA scores data. These observations present an interesting
philosophical challenge in remote sensing as it implies that the definition of any
given land cover class as a position in multivariate feature / image space, actually
varies geographically. It also has potentially interesting applications and implications
for socio-economic classifications such as land use which are hard to detect directly

from remote sensing imagery alone.

6. Conclusions

This research has found that the use of spatial measures of imagery structure and
anomalies in the form of GWPCA loadings and GWPCA ranked scores can provide

significant improvements in land cover classification accuracy. Such improvements
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have the potential to provide immediate benefits and thereby may offer greater
information value than many technology-led developments (new sensors, finer scales
etc.). In this way, remote sensing as a discipline could benefit from a greater focus on

the many existing as well emergent techniques arising from spatial science.
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Appendix: Computation times

The main computational cost associated with GWPCA-derived input variables in the
classification is in selecting the GWPCA bandwidth. For this study, we investigated 21
bandwidths, as detailed in Section 3.4. On a medium specs laptop (Intel® core ™ i7-
4600U CPU @ 2.10Ghz to 2.70GHz with 16.0 GB using a 64-bit OS), bandwidth
selection took 54 minutes and 47 seconds. Each of the 21 runs took from 142 to 175
seconds to complete, where longer runs tended to be for the larger bandwidths. The

run with the chosen bandwidth of 20% took 149 seconds to output all of this study’s
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results. Breaking this particular run down further, the classification comparisons
took: (i) 27 seconds using only input variable group 1 (image data), and (ii) 95
seconds, using only input variable group 4 (image plus all GWPCA-derived input
variables), where 60 of the 95 seconds were used to calculate the GWPCA-derived
input variables. Thus, for this particular case study, additional computational
complexity is not an issue. To transfer the GWPCA-based classification methodology
to larger data sets, immediate computational costs could be reduced by not
conducting all of this study’s comparisons (i.e. choose only one classifier and only the
fourth input variable group). Furthermore, work is at an advanced stage in
developing more efficient GWPCA code, incorporating both mathematical and
hardware solutions. Judged short-cuts in the key step of bandwidth selection could
also be employed, for example using thinned but spatially-representative image

data.

43



