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A classification model was demonstrated that explored spectral and spatial contextual information from
previously classified neighbors to improve classification of remaining unclassified pixels. The classifica-
tion was composed by two major steps, the a priori and the a posteriori classifications. The a priori algo-
rithm classified the less difficult image portion. The a posteriori classifier operated on the more
challenging image parts and strived to enhance accuracy by converting classified information from the
a priori process into specific knowledge. The novelty of this work relies on the substitution of image-wide
information with local spectral representations and spatial correlations, in essence classifying each pixel
using exclusively neighboring behavior. Furthermore, the a posteriori classifier is a simple and intuitive
algorithm, adjusted to perform in a localized setting for the task requirements. A 2001 and a 2006 Landsat
scene from Central New York were used to assess the performance on an impervious classification task.
The proposed method was compared with a back propagation neural network. Kappa statistic values in
the corresponding applicable datasets increased from 18.67 to 24.05 for the 2006 scene, and from 22.92
to 35.76 for the 2001 scene classification, mostly correcting misclassifications between impervious and
soil pixels. This finding suggests that simple classifiers have the ability to surpass complex classifiers
through incorporation of partial results and an elegant multi-process framework.
� 2011 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Impervious surface detection is an important topic in remote
sensing applications. A variety of research has been conducted on
classification methods for imperviousness estimation based on re-
motely sensed images (Weng, 2007). Examples of these methods
include multivariate regression (Bauer et al., 2005; Yang, 2006),
spectral mixture (Wu and Murray, 2003; Lu and Weng, 2006; Pow-
ell et al., 2007; Franke et al., 2009) and machine learning models
(Herold, 2003; Yang et al., 2003; Dougherty et al., 2004; Lee and La-
throp, 2006; Mohapatra and Wu, 2008; Esch et al., 2009; Hu and
Weng, 2009; Mountrakis et al., 2011).

However, the majority of the imperviousness classification
methods are pixel-based and do not consider spatial and contex-
tual information from neighboring pixels that may improve classi-
fication accuracy. Methods that take into account labeling of
neighbors when seeking to determine the most appropriate class
for a pixel are said to be context sensitive, or simply context clas-
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sifiers (Richards and Jia, 2006). Existing context classifiers can be
usually summarized in four categories (Richards and Jia, 2006):
(1) Preprocessing: In this method, the image is preprocessed via
spatial filters or more advanced texture analysis algorithms before
classification takes place in order to extract spatial features (e.g.
Gong and Howarth, 1990, 1992; Binaghi et al., 2003). Typically, lo-
cal spectral and spatial information is used to divide the image into
a number of homogeneous objects composed of adjacent pixels
with the similar characteristics (i.e. employ an image segmenta-
tion). Early on, Kettig and Landgrebe (1976) presented the geo-ob-
ject based classification method (OBCM) through extraction of
homogeneous objects before classification. A series of studies fol-
lowed to explore further OBCM and have been proved successful
in a number of recent applications (e.g. Blaschke and Hay, 2001;
Benz et al., 2004; Hay and Castilla, 2008; Johansen et al., 2010;
Lizarazo and Barros, 2010). (2) Postprocessing: Instead of processing
an image before classification, a post-classification filtering meth-
od performs spatial context analysis on the classification results.
Local spectral and spatial information is integrated by examining
the labeling of neighboring pixels in the intermediate classification
map using a spatial mask. The label of the center pixels within the
spatial mask might be changed to the label most represented in the
spatial mask (Townsend, 1986; Barnsley and Barr, 1996; Kim,
1996; De Voorde et al., 2007; Chormanski et al., 2008; Mas et al.,
emote Sensing, Inc. (ISPRS). Published by Elsevier B.V. All rights reserved.
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Fig. 1. The framework of the hybrid multi-process classification.
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2010). (3) Probabilistic label relaxation: In this method, local spec-
tral and spatial information is integrated in the form of probabili-
ties within a spatial mask for each pixel. The probabilities of each
pixel are adjusted according to the labeling of neighboring pixels
within a spatial mask and are used in the classification (Gong
and Howarth, 1989; Richards and Jia, 2007; Yi et al., 2007; Reigber
et al., 2010). (4) Markov random fields (Dubes and Jain, 1989;
Khedama and Belhadj-Aissa, 2004; Tso and Olsen, 2005; Tolpekin
and Stein, 2009): Similar to the probabilistic label relaxation meth-
od, the Markov random fields method integrates local spectral and
spatial information by looking into the probabilities of adjacent
pixels. However, this method measures the prior probability using
Bayes’ theorem to maximize the global posterior probability in or-
der to incorporate the spatial context information.

The classification model adopted in this paper also incorporated
contextual information. The process was divided into a priori and a
posteriori classifications, where classified pixels from the a priori
method assisted in the classification of the leftover pixels handled
by the a posteriori method. Distinct from previous context classifi-
cation methods, the pixels classified through the a posteriori clas-
sifier were neither previously labeled nor had a probability
assigned to them, instead they were classified on the fly. Further-
more, a significant difference between this paper and our prior
work (Luo and Mountrakis, 2010) is that this model integrated
spectral and spatial information exclusively from a local neighbor-
hood to identify unclassified pixels, while all other surrounding
pixels at larger scale were ignored. The working hypothesis is that
already classified neighboring pixels will contain enough class
information of spectral reflectance (similar materials) and spatial
structure. Also, by ignoring information from the entire scene we
will limit misclassifications. Part of our investigation focused on
neighborhood type and size identification.

In order to derive partially classified results, a hybrid classifica-
tion structure comprised of a series of steps was proposed. Hybrid
classifiers have demonstrated potential for higher classification
accuracy over single classifiers (Steele, 2000; Liu et al., 2002,
2004; Coe et al., 2005; Mountrakis et al., 2009; Franke et al.,
2009). The objective of this research was to improve impervious
surface classification accuracy by integrating contextual informa-
tion in a hybrid classification model. To assess the performance
of this novel classification model, two Landsat images from 2001
and 2006 covering central New York were used, respectively.
2. Methodology

A hybrid multi-process classification model that integrated
multiple classifiers was used as the classification model for this pa-
per (Fig. 1). It was a progressive process comprised of multiple
steps. In each step, parts of the dataset were classified while the
remaining portions of the dataset were forwarded to subsequent
steps. Initially, an a priori classifier was used to derive partially
classified results. After the partially classified results were pro-
cessed by a majority filter, an a posteriori classifier was imple-
mented to identify the remaining unclassified pixels. This a
posteriori classifier integrated spectral and spatial information of
the partial classification results from the previous two steps (a pri-
ori and majority filter) as contextual information. This paper fo-
cuses on the a posteriori classifier and assesses potential benefits
and tradeoffs of the method.
2.1. A priori classifier

The purpose of the a priori classifier was to produce a partially
classified image that would act as the basis for subsequent classi-
fication steps. Any classification algorithm could be used as the a
priori classifier, the only constraint was that their classification re-
sults should be able to provide a continuous range of accuracies. To
determine the portion of partial classification results, a threshold
was applied on the a priori classifier to ensure that the extracted
pixels were classified with certain accuracy. The accuracy thresh-
old was set up based on the calibration dataset and balanced the
tradeoff of sufficient yet accurate partial results. Higher amount
of already classified pixels (partial results) could reveal additional
contextual information for later steps. However, as the classified
pixel amount increased the classification accuracy decreased
which could lead to additional but erroneous contextual informa-
tion for the subsequent classifiers. Multiple thresholds were tested
to identify the optimal for a given image problem, a process inves-
tigated in prior work (Luo and Mountrakis, 2010; Mountrakis and
Luo, 2011).

In this experiment, the multi-layer perceptron feed forward
neural network structure trained with a back-propagation learn-
ing algorithm was adopted as the a priori classifier. One thou-
sand different neural network architectures were trained using
the Levenberg–Marquardt backpropagation learning algorithm
and the one with the best overall accuracy on the calibration
dataset was identified (more on training datasets in Section 2.4).
The input layer contained six nodes corresponding to the six
Landsat ETM+ image bands (blue, green, red, near IR and two
mid IR bands). Each node at the output layer represented one
class (therefore a total of two nodes for impervious and non-
impervious class, respectively) and was comprised of a logistic
function. The range of each output node was continuous be-
tween 0 and 1. The node number in hidden layers was randomly
selected during the training process of the 1000 architectures:
between 6 and 15 for the first hidden layer and from 0 to 9
for the second hidden layer. The activation functions for the hid-
den layers were tangent sigmoidal functions. In order to
translate a predetermined accuracy threshold to an output node
threshold of the selected best neural network, each node
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response was progressively lowered. The calibration dataset was
scanned and the process was stopped when the accuracy thresh-
old was met. A pixel was assigned to a given class when its re-
sponse satisfied the output node threshold. Pixels satisfying both
thresholds were assigned to the node with the strongest re-
sponse. Those pixels that did not satisfy the node threshold of
either class were forwarded to the next classifier.

2.2. Majority filter

After the implementation of the a priori classifier at a certain
accuracy threshold, all pixels were categorized in three classes:
impervious, non-impervious and unclassified. It was noticed that
most non-impervious surface pixels in the reference dataset were
grouped into homogeneous areas (e.g. forest or agricultural
patches). Since adjacent pixels within these non-impervious areas
exhibited spectral similarities, the non-impervious pixels identi-
fied from partially classified results provided contextual informa-
tion for the classification of their neighboring pixels. In order to
increase the contextual information for the leftover unclassified
pixels, a majority filter was adopted targeting solely the non-
impervious pixels. In the majority filter application, if all eight
neighbors of an unclassified pixel were occupied by non-impervi-
ous pixels, this pixel was switched from the unclassified category
to the non-impervious class. The process was repeated until no
additional pixels were extracted. The majority filter was not ap-
plied on the opposite class of impervious pixels because the size
of homogeneous regions of impervious class was variable com-
pared to non-impervious regions. We should note that the majority
filter was a simple processing step, the novelty of the proposed
method lied on the a posteriori classifier and its localized applica-
tion, presented below.

2.3. A posteriori classifier

At this stage, each pixel (i) was classified as impervious/non-
impervious from the a priori classifier, (ii) was identified as non-
impervious from the additional majority step or (iii) remained
unclassified. The principle behind the a posteriori classifier was
to use exclusively local information in order to label the remaining
unclassified pixels. Two significant distinctions from our prior
work (Luo and Mountrakis, 2010) and this work are that this paper
investigates the incorporation of only local information and also
adapts a much simpler classifier that supports a more wide-range
adoption of the methodology. The adjusted minimum distance to
means classification algorithm (De Jong et al., 2001) was incorpo-
rated as the a posteriori classifier to integrate local spectral and
spatial information. Traditional minimum distance to mean classi-
fication calculates the Euclidean distance between each unknown
pixel and mean vector for each class of the training data (Jahne,
2005). The unknown pixel was assigned to the class with the short-
est distance. De Jong et al. (2001) extended the minimum distance
to mean classification algorithm by introducing spatial distances
which described the spatial proximity of an unclassified pixel to
a homogeneous classified region. A weighting scheme was adopted
to describe relative impact of spatial and spectral proximity.

In our classification model, distances were calculated as:

Dist� ¼min a� DistSpectral
k þ ð1� aÞ � DistSpatial

k

� �
ð1Þ

where Dist⁄ is the minimum integrated distance among all the k
classes. DistSpectral

k and DistSpatial
k are the local spectral and spatial dis-

tances to kth class and a is the ratio factor used to describe the rel-
ative contribution between spectral and spatial information.

To calculate local spectral and spatial distances, a spatial prox-
imity rule was applied to determine the neighboring pixels around
an unknown pixel (e.g. a rectangular neighborhood, or a predeter-
mined number of closest neighbors). For each class, we extracted
spatial and spectral information of the already labeled pixels. Using
the above equation, a distance Dist⁄ was calculated for each class
and the unclassified pixel under consideration was assigned to
the class providing the smallest distance value.

More specifically, the spectral distance was calculated by the
Euclidean distance between an unclassified pixel and the spectral
signature of each already labeled pixel of a given class. By doing
so, we spectrally compared class signatures only from the local
area hypothesizing similar ground feature materials and therefore
spectral responses. The local spatial distance for each class was the
average distance between the unclassified pixel and all classified
pixels from the same class. It should be noted that the local spec-
tral and spatial distances were normalized using the maximum
spectral and the spatial values to ensure no bias toward either
spectral or spatial distances.

In order to test the effects of different neighborhood sizes
(masks) of the unclassified pixels, two strategies were adopted:
fixed and adaptive masks. In the case of a fixed mask, a predeter-
mined square neighborhood was searched (e.g. a 5 � 5 area around
an unclassified pixel). If there was no classified pixel within the
neighborhood, the unclassified pixel was randomly assigned to
impervious or non-impervious class. Since the number of such
unclassified pixels was limited, the classification accuracies were
not significantly affected. For the adaptive mask, the algorithm
would start from the unclassified pixel and continue expanding
the search area and progressively look into further away pixels un-
til a predetermined number of classified pixels was incorporated in
the calculations.

2.4. Training dataset

A Landsat 7 Enhanced Thematic Mapper Plus (ETM+) scene ac-
quired on 18 April, 2006 was used to tackle the problem of binary
impervious surface classification. This Landsat ETM+ image cov-
ered central New York and was comprised of 5884 � 5661 pixels.
The spatial resolution was 30 m and six bands were used as inputs,
including blue, green, red, near IR and two mid IR bands.

The reference data were produced using aerial digital ortho-
photo quarter quads (DOQQ) imagery acquired in 2006 with a spa-
tial resolution of 0.6 m. On-screen digitizing was performed on a
sampling subregion. If any portion of the 30 m pixel occupied
any constructed impervious surface (e.g. roads, houses, parking
lots), that pixel was assigned to the impervious class. The zero-tol-
erance binary classification was adopted as the purpose of this
work is not to provide direct imperviousness estimates, but rather
act as an efficient and accurate filtering step. By doing so, any sub-
sequently applied subpixel algorithms would have the opportunity
to focus on pixels with known imperviousness presence. This is ex-
pected to offer significant advantages as imperviousness overesti-
mation is an issue for large scale subpixel classifiers, especially
within rural areas (Yang et al., 2003; Homer et al., 2004). The afore-
mentioned subpixel classifiers frequently assign imperviousness
percentages larger than 0% where no impervious surfaces exist.
This is not a significant statistical error (e.g. assigning 7% instead
of 0%), however it has been shown to be quite significant for envi-
ronmental and ecological applications where minor impervious-
ness changes in the low imperviousness range have considerable
impacts (Klein, 1979; Forman and Alexander, 1998; Paul and
Meyer, 2001).

The reference dataset was collected using a stratified sampling
method on the digitized region in order to represent various types
of impervious and non-impervious surfaces. A significantly high
number of 140,000 pixels was used as the overall reference dataset,
including 70,000 impervious and 70,000 non-impervious pixels.



Table 1
Classification accuracy for the a priori classifier in the corresponding validation
subset.

Class Validation data

Impervious Non-impervious Total User’s (%)

Classification
Impervious 28,672 2619 31,291 91.63
Non-impervious 2220 25,522 27,742 92.00
Total 30,892 28,141 59,033
Producer’s (%) 92.81 90.69

Overall Accuracy (%) 91.80

Table 2
Comparison between a posteriori classifier and single neural network in the
corresponding validation subset.

Accuracies (%) Single NN A posteriori classifier

Fixed mask Adaptive mask

Impervious
Producer’s 61.30 87.00 87.56
User’s 64.87 71.20 71.16

Non-impervious
Producer’s 54.66 34.66 34.11
User’s 45.59 58.96 59.63

Overall accuracy 61.30 68.68 68.85
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The reference dataset was then divided into calibration dataset and
validation dataset with a ratio of 3:7. The calibration dataset was
used to train the classification model and the validation dataset
was used to assess the classification performance.

The proposed multi-process classifier in this paper was com-
prised of three sequential algorithms (see Fig. 1): a priori classifier,
majority filter and a posteriori classifier. As the classification pro-
gressed from one algorithm to the next, pixels were gradually clas-
sified. Therefore the entire reference dataset (and therefore the
corresponding calibration and validation datasets) was classified
sequentially by the three classifiers. The calibration dataset was
only utilized in the training process of the single neural network
(also used as the a priori classifier). The majority filter does not re-
quire any training, while the adjusted minimum distance to mean
classifier (the a posteriori classifier) has only one parameter which
was investigated further through a sensitivity analysis. Sections
3.1–3.3 present classification results on the validation dataset.
Each section is associated with one of the sequential classifiers,
namely the a priori classifier, the majority filter and the a posteriori
classifier. Each section also presents results from the correspond-
ing portions of the validation dataset as the dataset progressively
moves through the three sequential classifiers. An assessment on
the entire validation dataset is provided in Section 3.4 combining
results from all three classifiers. The classification results using a
single neural network model were used as benchmark to compare
with the multi-process three classifier model. For consistency, the
single neural network was exactly the same one adopted as the a
priori classifier, therefore any performance differences are attrib-
uted to the majority filter and the a posteriori classifier.

The hybrid multi-process classification model was also applied
on a second image to further investigate the applicability of the
method. A Landsat 7 Enhanced Thematic Mapper Plus (ETM+)
scene acquired on April 8th, 2001 was used for binary impervious
surface classification. The 2001 Landsat ETM+ imagery with 30 m
spatial resolution and six bands (blue, green, red, near IR and
two mid IR bands) covered almost the same area as the 2006 imag-
ery and comprised of 5991 � 5915 pixels. Reference data was col-
lected from 19 sites throughout the entire scene. The detailed
description of the reference dataset is available in Luo and Moun-
trakis (2010). The reference data contained 101,919 pixels in
impervious class and 72,850 pixels in non-impervious class. These
pixels were randomly divided into calibration dataset and valida-
tion dataset with a ratio of 3:7.
Table 3
Comparison between multi-process model and single neural network in the entire
validation dataset.

Kappa statistic 18.67 23.95 24.05

Z-Score (P-value)
Single NN vs. fixed mask 5.00 (<0.0001)
Single NN vs. adaptive mask 4.98 (<0.0001)
3. Experimental results

The proposed method was evaluated using a 2001 and a 2006
Landsat scene with corresponding reference data. For the 2006
scene a detailed presentation follows to allow in depth evaluation
and replication of the approach (Sections 3.1–3.4). The 2001 scene
was used to further evaluate the novelty of the work, namely the a
posteriori classifier, in Section 3.5.
Accuracies (%) Single NN A posteriori classifier

Fixed mask Adaptive mask

Impervious
Producer’s 80.38 83.71 83.97
User’s 82.73 84.35 84.30

Non-impervious
Producer’s 83.22 84.47 84.38
User’s 80.92 83.83 83.95

Overall accuracy 81.80 84.09 84.13

Kappa statistic 63.60 68.18 68.25

Z-Score (P-value)
Single NN vs. fixed mask 10.13 (<0.0001)
Single NN vs. adaptive mask 10.29 (<0.0001)
3.1. Classification results of the a priori classifier

The neural network with best overall accuracy on the entire cal-
ibration dataset from 1000 candidate neural networks with differ-
ent architectures was adopted as (i) the a priori classifier in the
multi-process hybrid algorithm, and (ii) the single neural network
benchmark algorithm. In the a priori classifier case, the derived
classification results were utilized as the partially classified results.
The selected network contained 1 input layer, 2 hidden layers and
1 output layer, with 11 and 5 nodes for the two hidden layers,
respectively. The overall accuracy on the entire validation dataset
using this ‘best’ neural network was 81.80% and the Kappa statistic
was 63.60 (for detailed accuracy results see Table 3). Various accu-
racy thresholds were applied on the selected neural network to de-
rive different partially classified results, with thresholds starting
from 84% to 94%, with an increment of 2%. The selection of optimal
accuracy threshold has been the focus of prior work (Luo and
Mountrakis, 2010), here the focus is on the a posteriori classifier.
The accuracy threshold was set larger than the overall accuracy ac-
quired by the single neural network (81.80%) to ensure there were
enough leftover pixels. In this experiment we selected the accuracy
threshold of 92% since it produced the highest overall accuracy
among all the accuracy thresholds when all three classifiers were
merged on the entire validation dataset. The accuracy threshold
was then translated into the threshold value of each output node
resulting to 0.79 for the output node corresponding to impervious
class and 0.82 for the corresponding output node of non-impervi-
ous class. Therefore, pixels with response in the impervious output



Fig. 2. Contours of overall accuracies and Kappa statistics of classification results using a posteriori classifier.
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node larger than 0.79 were assigned as impervious class and the
pixels with response larger than 0.82 in the non-impervious output
node were directed to the non-impervious class. Pixels satisfying
both thresholds were assigned to the class with the strongest re-
sponse. The error matrix from the validation dataset is listed in Ta-
ble 1. The validation dataset contained only pixels satisfying the
pre-identified thresholds, an entire dataset comparison is provided
in Section 3.4. Approximately 63.04% of all impervious pixels and
57.43% of pixels from non-impervious class in the entire validation
dataset (98,000 pixels) were extracted.
3.2. Classification results of the majority filter

A 3 � 3 window was applied solely on unclassified pixels using
the partial classification results (pixels classified in the above pro-
cess using a priori classifier). All extracted pixels were assigned to
the non-impervious class. The overall accuracy of the extracted
pixels in this process was 77.13% using the multi-process classifi-
cation model compared to 73.46% using the single neural network.
3.3. Classification results of the a posteriori classifier

Spectral and spatial information within local neighborhoods
was integrated using the adjusted minimum distance to mean clas-
sification algorithm to identify all leftover pixels. Both the fixed
and adaptive mask methods were tested for different neighbor-
hoods sizes. A sensitivity analysis took place where the ratio factor
a (see Eq. (1)) was assigned values from 0.1 to 0.9 with a step of 0.1
to assess the relative importance between spectral and spatial
information. Fig. 2 illustrates the contours of overall accuracies
and Kappa statistics obtained using fixed and adaptive masks with
different spectral/spatial ratio factors. Numerous mask sizes were
used for the fixed mask and multiple total point thresholds were
incorporated for the adaptive mask. The masks used in fixed mask
method were 3 � 3, 5 � 5, 7 � 7 up to 19 � 19, while the thresh-
olds for total classified pixel number in the adaptive mask method
was assigned between 10 and 300 with a step of 10. The accuracies
of the benchmark neural network for the corresponding portion of
the dataset were demonstrated as the lowest contour levels in or-
der to emphasize improvements. The following conclusions can be
extracted:



Fig. 3. Classification results of the entire study area.
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(i) Limited but necessary contribution of the spectral informa-
tion as ratio values close to 0.2–0.3 provides the optimal
accuracy. Higher ratio values did not perform as well sug-
gesting spectral confusion that is resolved through the incor-
poration of spatial proximity information.

(ii) Incorporation of higher number of points in both the fixed
and adaptive methods initially increased accuracy. However,
there seems to be a saturation level beyond which improve-
ments are not clear.

(iii) As hypothesized, both the fixed and adaptive methods pro-
vided significant improvements over the single neural net-
work benchmark. Therefore, the incorporation of partially
classified results is a plausible one.

Table 2 illustrates in further detail a comparison of classification
results between the best fixed mask (mask size: 15 � 15; ratio fac-
tor: 0.2), the best adaptive mask (pixel total number threshold:
210; ratio factor: 0.2) and the single neural network (NN) bench-
mark. The improvements were substantial compared to the bench-
mark. The Z-test between Kappa statistics (Cohen, 1960) of the two
models further indicated that improvements of the a posteriori
classifiers were statistically significant compared to the single neu-
ral network classifier with a confidence level of 0.01. However, the
producer’s accuracy of non-impervious class was decreased using
the a posteriori classifiers. It suggested that there was an overesti-
mation of impervious pixels. Since the majority classifier identified
most of the leftover non-impervious pixels from the a priori classi-
fication, only limited number of non-impervious pixels classified
by the a posteriori classifier. Considering the improvement of the
overall accuracies and accuracies of impervious class, the overesti-
mation was acceptable. Note that all results reposted in this sec-
tion apply on the portion of the validation dataset forwarded to
the a posteriori classifier.

3.4. Classification results of the entire hybrid method

The overall accuracy and Kappa statistic of the entire dataset
classification was contrasted for the multi-process models using
fixed (mask size: 15 � 15; ratio factor: 0.2) and adaptive (pixel to-
tal number threshold: 210; ratio factor: 0.2) mask methods with
the results using a single neural network (Table 3). The single neu-
ral network used here was the exact neural network adopted as the
a priori classifier in order to stay consistent. The comparison illus-
trated that the multi-process model with incorporation of methods
that integrated local spectral and spatial information based on par-
tially classified results, improved impervious surface classification.
The Z-test between Kappa statistics also indicated that improve-
ments were statistically significant at the confidence level of
0.01. This is of particular importance because portions of the data-
set were classified by the same algorithm (single neural network)
in all three methods.

A visual assessment of algorithmic performance was also con-
ducted. The thematic map of impervious surface within the entire
Landsat ETM+ scene is shown in Fig. 3. This map was derived using
the multi-process model with the adaptive mask method with a
pixel total number threshold of 210 and a ratio factor of 0.2. A rep-
resentative area was selected in order to further assess the perfor-
mance of the multi-process model (rectangle in Fig. 3). Fig. 4
illustrates the classified image of this representative area using
the multi-process model compared with the single neural network.
Fig. 4d identifies the spatial footprints of each of the three pro-
cesses of the multi-process models. Referring to the reference data
from this area (Fig. 4a), the classified image derived from the single
neural network contained a rather large quantity of misclassifica-
tions between roads (Fig. 4b). Most of the noise was caused by mis-
classification of soil pixels into the impervious class, a known
problem for impervious extraction algorithms. The misclassifi-
cation was caused by the similar spectral characteristics between
soil and impervious pixels. The multi-process model removed most
of the misclassified pixels with the additional spatial information
from neighboring pixels (Fig. 4c). As a trade-off, there were a few
road pixels missing; also, in some locations an overestimation of
impervious surface pixels at the boundary between impervious
areas and non-impervious areas was observed. This misclassifi-
cation may be caused by the similar spectral features of pixels at
the boundary and the lack of road pixels in the partially classified
results. Despite of these misclassifications, the overall proposed
approach of integrating local spectral and spatial information sig-
nificantly improved the overall classification product.
3.5. Further evaluation of the a posteriori classifier on a 2001 scene

The classification process of the 2001 scene was similar to the
process followed on the 2006 scene; it was a progressive process
comprised of the a priori classifier, majority filter and the a poste-
riori classifier. The multi-layer perceptron feed forward neural net-
work structure trained with a back-propagation learning algorithm
was adopted as the a priori classifier and the adjusted minimum
distance to mean classification algorithm was used as the a poste-
riori classifier. All the training processes of the a priori classifier
and the a posteriori classifier were the same as the processes of
the 2006 scene.

The accuracy thresholds of 92%, 94% and 96% were applied on
the selected neural network (as the a priori classifier) to derive dif-
ferent partially classified results. Various spectral/spatial contribu-
tion ratio factors were tested during the a posteriori classification,
starting from 0.1 to 0.9. Numerous mask sizes were also tested:
masks used in the fixed mask process were 3 � 3, 5 � 5, 7 � 7 up
to 19 � 19, while the thresholds for total classified pixel number
in the adaptive mask method were assigned between 10 and 300
with a step of 10. This ensured consistency with the 2006 image.



Fig. 4. Classification results of the selected representative area.
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Among the three accuracy thresholds applied on the a priori
classifier, the classification results with 96% achieved the best
overall accuracy. Table 4 compares results between the best fixed
mask (mask size: 19 � 19; ratio factor: 0.9), the best adaptive mask
(pixel total number threshold: 290; ratio factor: 0.6) and the single
neural network (NN) benchmark.

The Z-test between Kappa statistics indicated that improve-
ments between our classification model and the single neural net-
work were statistically significant at the confidence level of 0.01. It
should be noted that different from the classification results of the
2006 imagery, the optimal spectral/spatial ratio and mask sizes
Table 4
Comparison between a posteriori classifier and single neural network in the
corresponding validation subset.

Accuracies Single
NN

A posteriori classifier

Fixed mask (19,
0.9)

Adaptive mask (290,
0.6)

Impervious
Producer’s 28.67 54.87 46.40
User’s 66.57 61.76 62.08

Non-impervious
Producer’s 91.55 80.06 83.36
User’s 68.62 75.14 72.61

Overall
accuracy

68.30 70.74 69.70

Kappa statistic 22.92 35.76 31.41

Z-Score (P-value)
Single NN vs. fixed mask 7.17 (<0.0001)
Single NN vs. adaptive mask 11.53 (<0.0001)
were achieved at high values. This is partially attributed to the dif-
ferent composition of the reference data. The reference data of the
2006 imagery were selected from a single area while the reference
data of the 2001 imagery were from 19 reference sites. The homo-
geneity of the multiple reference sites in 2001 suggested a higher
dependency on spectral vs. spatial local information (captured by
higher ratio factors).

In addition to the best result shown in Table 4, we investigated
further results obtained with equal spectral and spatial contribu-
tion (ratio set to 0.5) along with smaller window sizes (11 � 11
for the fixed mask method and 150 points for the adjusted mask
method). Smaller window sizes result in lower computational load,
while equal spectral and spatial contribution would allow further
evaluation of local information. Table 5 shows the corresponding
classification accuracies, where Kappa values are still significantly
higher than the single neural network in Table 4. The proposed
method offers a more balanced classification accuracy distribution
Table 5
The a posteriori classification using 0.5 ratio factor and smaller mask sizes in the
corresponding validation subset.

Accuracies Fixed mask (11, 0.5) Adaptive mask (150, 0.5)

Impervious
Producer’s 48.41 42.49
User’s 61.91 61.70

Non-impervious
Producer’s 82.52 84.52
User’s 73.16 71.46

Overall accuracy 69.91 68.98

Kappa statistic 32.39 28.87
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across classes (compare Producer’s accuracy for the impervious
class in Tables 4 and 5).
4. Discussion

The multi-process classification model employed in this paper
can be regarded as a context classifier since it explored the spatial
and spectral information from neighbors to determine the most
appropriate class for a pixel. However, distinct from the way that
the previous context classifiers utilize local spectral and spatial
information via extraction of homogeneous objects or the probabil-
ities of neighbors within a spatial mask, the multi-process classifi-
cation model incorporates contextual information derived from
already classified results. In other words, we make use of local
spectral and spatial information of labeled pixels hypothesizing
that this information would also propagate to neighboring unclas-
sified pixels. The classification process of the multi-process model
is similar to a post-classification context classifier which processes
the intermediate classification results derived from an a priori clas-
sifier. A significant difference however is that the multi-process
model only classifies part of the entire dataset instead of the entire
dataset and attempts to exploit the spectral/spatial relationships
between the leftover pixels and classified pixels from the a priori
classifier. Compared with using the global spectral and spatial
information, the integration of local spectral and spatial informa-
tion proved to be more useful knowledge for the identification of
unclassified pixels. Adjacent pixels were dependent and correlated
with each other while exhibiting similar spectral characteristics
especially in homogenous regions. Global spectral and spatial
information averaged information from all pixels thus reducing
the effects of neighboring pixels during the classification. This is
an indication that Tobler’s (1970) first law of geography suggesting
‘‘everything is related to everything else, but near things are more
related than distant things’’ is applicable in this experiment.

Of particular interest is the comparison between the proposed
pixel-based method and geo-object based classification methods
(OBCM). Several existing context classification methods exploit
the local spectral and spatial relationships among neighboring pix-
el. The OBCMs group adjacent pixels with similar spectral/spatial
properties into homogeneous segmentations (called geo-objects),
however the class of each pixel is not directly determined. The lo-
cal spectral and spatial information is utilized during the geo-ob-
jects derivation process, but any subsequent operations are
restricted by this segmentation performance. In cases of ground
features with very similar spectral responses (e.g. soil and impervi-
ous classes), it is common to obtain segmentation errors through
overaggressive grouping. Our approach does not suffer from simi-
lar drawbacks as it operates at the pixel level.

Looking further into the classification results using the adjusted
minimum distance to mean method, there was a clear effect of the
spatial neighbor assignment process and the spectral/spatial ratio
factor. While we cannot extrapolate general conclusions from a
single implementation it is highly encouraging that improvements
over the benchmark were noticeable for almost all neighborhood
and ratio combinations. Also, distinct improvement patterns may
also suggest a future computational optimization of the methodol-
ogy by progressively limiting the parameter search space.

The adjusted minimum distance to mean classification algo-
rithm used as the a posteriori classifier was based on the tradi-
tional simple minimum distance to mean classifier. It is simple to
understand and computationally efficient. There is only one
parameter to calibrate in a straightforward manner. Despite its
simplicity, it has received promising results when the local spectral
and spatial information were integrated as inputs. The classifica-
tion accuracies were improved compared to using a single neural
network, which is admittedly a complex classifier and difficult to
master. Our finding suggests that simple classifiers have the ability
to surpass complex classifiers through elegant processing of partial
results.
5. Conclusions

The proposed classification model explored integration of local
spectral and spatial information from partially classified results to
assist classification of leftover unclassified pixels. The experimen-
tal results from the 2006 scene suggested that the overall accuracy
and the Kappa statistic of the entire dataset were improved signif-
icantly by using our model compared to the single neural network
used as benchmark. It is further encouraging that the focus of this
paper, the a posteriori classifier, showed the largest improvements
in the corresponding sub dataset, the most difficult to classify sub
dataset. Kappa values increased from 18.67 to 24.05 in the 2006
scene, and from 22.92 to 35.76 in the 2001 scene classification.

The multi-process classification model described in this paper is
flexible and effective. Various classification algorithms can be
implemented as the a priori classifier to produce partially classified
results at a certain accuracy level. This proposed model can be eas-
ily extended to other land cover classification applications and the
model applicability is expected to increase as spatial resolution in-
creases, since spectral and spatial local dependences of adjacent
pixels may become prominent. Future work may also focus on
optimization techniques for the ratio parameter identification
(e.g. using genetic algorithms). In addition, more complex but still
transparent algorithms could be implemented (e.g. decision trees).
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