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A Novel Image Classification Algorithm Using
Overcomplete Wavelet Transforms

Soe W. Myint, Tong Zhu, and Baojuan Zheng

Abstract—A novel frequency-based classification framework
and new wavelet algorithm (Wave-CLASS) is proposed using an
overcomplete decomposition procedure. This approach omits the
downsampling procedure and produces four-texture information
with the same dimension of the original image or window at
infinite scale. Three image subsets of QuickBird data (i.e., park,
commercial, and rural) over a central region in the city of Phoenix
were used to examine the effectiveness of the new wavelet over-
complete algorithm in comparison with a widely used classical ap-
proach (i.e., maximum likelihood). While the maximum-likelihood
classifier produced < 78.29% overall accuracies for all three im-
age subsets, the Wave-CLASS algorithm achieved high overall
accuracies—95.05% for the commercial subset (Kappa = 0.94),
93.71% for the park subset (Kappa = 0.93), and 89.33% for the
rural subset (Kappa = 0.86). Results from this study demon-
strate that the proposed method is effective in identifying detailed
urban land cover types in high spatial resolution data.

Index Terms—Classification, high spatial resolution, infinite
scale, overcomplete decomposition, urban land cover, wavelet
transforms.

I. INTRODUCTION

R EMOTELY sensed imaging instruments are capable of
collecting high spatial resolution data across multiple

wavelength channels for a large geographic area. Advances
in remote sensing technologies have enhanced our ability to
identify land use and land cover (LULC) at local, regional, and
global scales. Developing advanced classification techniques to
improve classification accuracy and to automate classification
procedures on remotely sensed images is indispensable for
LULC assessment purposes.

Conventional digital classification techniques employ spec-
tral responses from land cover types based on single pixel
values without capturing spatial information. Several at-
tempts, such as fractal, spatial autocorrelation, and spatial co-
occurrence matrices, have been made to improve the spectral
analysis of remotely sensed data [1]. Most of them primarily
focus on coupling between features and objects at single scale
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and cannot effectively determine representative values of tex-
ture features according to their directionality, spatial arrange-
ments, variations, edges, contrasts, and the repetitive nature of
features. These methods do not provide satisfactory accuracy
when dealing with complex spatial features and many different
land cover types that share similar spatial pattern.

In recent years, wavelet transform has been investigated and
applied in image processing due to its innovative mathematical
framework for multiscale time–frequency signal analysis. Re-
cent literature on image processing and analysis with wavelet
transform generally focus on image compression [2], image
fusion [3], image watermarking [4], face image detection [5],
image noise removal [6], identification of tumorous regions
and microcalcification clusters [7], image segmentation [8],
etc. However, image classification, a type of categorization of
image data using spectral, spatial, and temporal information
that assigns the pixels of a continuous raster image to discrete
categories concerning wavelet transforms, has not been well
explored. Wavelet transform opens the possibility to capture
image features at different scales, which have been shown to
be more discriminative than the original spectral feature.

In this letter, a novel frequency-based classification frame-
work and algorithm is proposed using an overcomplete decom-
position procedure at multiple scales to examine if the proposed
method can effectively identify detailed urban land cover types
in high spatial resolution data (i.e., QuickBird). Since over-
complete wavelet can generate spatial arrangements of objects
and features at any scale level (infinite-scale analysis), the
proposed frequency-based multiscale classification algorithm
using overcomplete wavelet is superior to the dyadic-based
wavelet classifier approach introduced by Myint [9]. Further-
more, because the approach has the flexibility to use any win-
dow size, it is applicable to any LULC systems at any level and
at either high spatial resolution (e.g., QuickBird and IKONOS)
or medium-resolution satellite data (e.g., Landsat and MODIS).
The newly developed algorithm is hereafter referred to as
Wave-CLASS.

II. OVERCOMPLETE WAVELET TRANSFORM

Mallat initiated the multiresolution analysis theory using the
orthonormal wavelet basis [10]. Wavelet decompositions can
be categorized into dyadic and overcomplete approaches. The
overcomplete decomposition approach employed in this study
omits the downsampling procedure and produces four-texture
information with the same dimension of the original image at an
infinite scale. A set of feature vectors is used to identify detailed
land cover classes. In the dyadic wavelet transform, the filtered
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Fig. 1. Overcomplete wavelet decomposition: L = lowpass filter; H =
highpass filter; AP = approximation subimage; HD = horizontal detail
subimage; VD = vertical detail subimage; DD = diagonal detail subimage.

versions of each subimage are downsampled by a factor of 2.
The nonlinear nature of the decimator in dyadic decomposition
may cause the filtering-decimation operation to become shift
invariant [7].

The idea of employing overcomplete wavelet decomposition
is motivated by the fact that it can provide translational invariant
features [11]. Another advantage of using the overcomplete
approach is that it can describe features with a smaller char-
acteristic scale [12] since any size of window can be effectively
employed without downsampling (see Fig. 1). This is crucial
for classification a higher decomposition level can be expected
to improve accuracy.

III. PROPOSED MULTISCALE

CLASSIFICATION ALGORITHM

The research design for the wavelet-based overcomplete
classification algorithm is shown in Fig. 2.

An entire image, which consists of both unknown blocks
(blocks that need to be classified) and sample blocks (training
samples), undergoes multiscale overcomplete wavelet trans-
form. Several training samples need to be selected for each
LULC class. A spatial measure can be used as the feature to
represent unknown blocks and sample blocks. After that, the
distance between the feature vectors leads to supervised classi-
fication, such as Euclidean distance classifier.

A. Wavelets

One of the Daubechies wavelets (i.e., Daub4) (Strang and
Nguyen, 1998) that has coefficients c(0) = 1 +

√
3, c(1) =

3 +
√
3, c(2) = 3−

√
3, c(3) = 1−

√
3, d(0) = 1−

√
3,

d(1) = −(3−
√
3), d(2) = 3 +

√
3, and d(3) = −(1 +

√
3)

multiplied by 1/4
√
2 was used in this study. Its dilation

equation and wavelet equation can be expressed as

ϕ(t) = ϕ(2t) + ϕ(2t− 1) (1)

ψ(t) = ϕ(2t) + ϕ(2t− 1). (2)

Fig. 2. Proposed framework with overcomplete wavelet decomposition ap-
proach (Wave-CLASS).

B. Spatial Measures

In this letter, Shannon index (SHAN) was used in Wave-
CLASS to identify the spatial arrangements of the selected
LULC classes at different scales, i.e.,

SHAN = −
M∑
i=1

N∑
j=1

c(i, j)∗ log c(i, j)) (3)

where c(i, j) is a wavelet coefficient of a subimage with M
rows and N columns at locations i and j at one level. Wavelet
decomposition and computation of feature vectors are done for
all selected training samples before starting the decomposition
of the local window at the top left corner of the image and
computing the texture measure values of subimages of that local
window. If a sample image or a local window of an image is
decomposed up to level m, the feature vector used in this study
can be described as

[fLL−1, fLH−1, fHL−1, fHH−1, . . . ,

fLH−m, fLH−m, fHL−m, fHH−m]T . (4)

The distance between the feature vectors of a local window
and a set of certain texture samples of their feature vectors lead
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to the supervised classification using a classifier. We used the
Shannon index to test the effectiveness of the algorithm.

C. Classifier

The performance of a Euclidean distance classifier was
evaluated for texture classification using the computed texture
feature value of the subimages (decomposed images at different
levels). Each pattern class Ck is represented by a prototype
pattern Pk. In this letter, Pk (k = 1, 2, . . . , 7) is a set of total
feature vectors of the training samples. The minimum distance
classifier assigns an unknown class pattern Q to the class Sk,
if the distance Rk between Q and Pk is minimum among all
possible class prototypes. The Euclidean distance is defined as

Rk = ‖Q− Pk‖ =

√√√√
N∑
j=1

(qj − pk,j)2 (5)

where qj is the jth feature of unknown class pattern Q, and pk,j
is the jth feature of prototype Pk. N is the number of feature
vectors.

D. Decision Rule

The classification decision rule in this study computes one
distance for each class among all bands; hence, five distances
are computed for the classification decision. The training sam-
ple with the shortest distance to the unknown feature vector
wins the unknown texture. In other words, the training class
that is closest to the local window is assigned to the center of
that window.

IV. EXPERIMENTAL APPROACH

A. Data and Study Area

Three image subsets of QuickBird data over a central region
in the city of Phoenix acquired on May 29, 2007, were used
to examine the effectiveness of the new Wave-CLASS wavelet
overcomplete algorithm. One image subset covers commercial
and industrial areas with large buildings, roads, and parking
lots (see Fig. 3(a); 570× 267 pixels). The second image
subset includes a park and a small portion of a residential area
with plenty of trees, shrubs, and grass (see Fig. 3(b); 334×
441 pixels). The third subset covers a rural urban fringe domi-
nated by open soil or desert landscape (see Fig. 3(c); 378×
178pixels).The three image subsets give a diversity of urban clas-
ses. The data set has a spatial resolution of 2.4 m, with four chan-
nels: blue—B1 (0.45–0.52 μm); green—B2 (0.52–0.60 μm);
red—B3 (0.63–0.69μm); and near infrared—B4 (0.76–0.90μm).
The radiometric resolution of the data set is 16 bit.

B. Classification and Training Sample Selection

We identified seven LULC classes for this study, including
buildings, other impervious surfaces (e.g., roads and parking
lots), unmanaged exposed soil, trees and shrubs, grass, swim-
ming pool, and other water bodies. Training samples for the pre-

Fig. 3. QuickBird images displaying near-infrared band in red, red band in
green, and green band in blue. (a) Commercial. (b) Park. (c) Rural.

TABLE I
NUMBER OF TRAINING SAMPLES SELECTED

FOR EACH LAND COVER CLASS

ceding classes were selected using local area knowledge, visual
identification, and Google Earth. The number of samples per
class ranges from 2 to 10, depending on the spectral response
of different surface features within a land cover type (e.g.,
five spectrally different impervious surfaces). Local window
sizes of 3×3 centered at the selected homogenous pixels that
represent urban classes were used to subset training samples.
The number of samples selected for each land cover class is
presented in Table I.

C. Comparison With the Maximum-Likelihood Classifier

For comparison purposes and to better evaluate the effec-
tiveness of the Wave-CLASS algorithm, we also employed
maximum-likelihood classifier, one of the most widely used
classical techniques, to identify the selected classes. To be
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TABLE II
OVERALL ACCURACY, PRODUCER’S ACCURACY, USER’S ACCURACY,

AND KAPPA PRODUCED BY WAVE-CLASS AND MAXIMUM

LIKELIHOOD (COMMERCIAL SUBSET)

TABLE III
OVERALL ACCURACY, PRODUCER’S ACCURACY, USER’S ACCURACY,

AND KAPPA PRODUCED BY WAVE-CLASS AND MAXIMUM

LIKELIHOOD (PARK SUBSET)

TABLE IV
OVERALL ACCURACY, PRODUCER’S ACCURACY, USER’S ACCURACY,

AND KAPPA PRODUCED BY WAVE-CLASS AND MAXIMUM

LIKELIHOOD (RURAL SUBSET)

consistent, we used the same training samples and the same
accuracy check points.

D. Accuracy Assessment

The overall accuracy, producer’s accuracy, user’s accuracy,
and kappa coefficient were generated using the error matrix. A
minimum of 50 sample points for each LULC category is gener-
ally suggested for the accuracy assessment of any image classi-
fication [13]. Thus, a total of 525 samples was generated using
a stratified random sampling approach with a minimum per-
size sample size of 35 points, resulting an average of 75 points
per class (a total of seven classes). Tables II–IV show the overall
accuracy, producer’s accuracy, user’s accuracy, and kappa coef-
ficient produced by the Wave-CLASS algorithm in comparison
with the maximum-likelihood classifier for the commercial,
park, and rural subsets, respectively.

V. RESULTS AND DISCUSSION

A. Wave-CLASS Algorithm

In general, the producer’s and user’s accuracies for all the
categories are about equal for all image subsets, which is one
of the key criteria for systematic LULC mapping [14], [15].
The producer’s and user’s accuracies of all the selected classes
in the commercial, park, and rural subsets achieve above 80%
accuracy, except the user’s accuracy of building class for the
park (75%) and rural subsets (71%). User accuracy of 75%
indicates that only 75% of the areas identified as building within
the classification in the park subset are truly of that category,
although the producer’s accuracy of the same category reached
88%, which can be considered to be effective. In other words,
remote sensing analysis of the algorithm shows that 88% of
the time an area that was identified as a building in the park
subset was actually a building, whereas a user of the output
map would argue that only 75% of the time the classification
correctly identifies “building” as actually being a building. In
contrast, building class in the commercial subset achieved high
producer’s accuracy (94%) and user’s accuracy (99%).

We anticipated that building class in the park and rural sub-
sets could potentially lower the overall accuracy. The relatively
low user’s accuracy could be due to the spectral similarity
among building rooftops, soil types, and impervious surfaces.
Another important factor is that almost all buildings in these
subsets are residential-type buildings. These buildings are gen-
erally much smaller than those in the commercial subset where
most are large office and industrial buildings. Most commer-
cial buildings are bright (white to gray), surrounded by dark
impervious surfaces (asphalt roads and parking lots), whereas
residential buildings have many different colors of rooftops that
are mixed or interlocked with diverse materials or complex
background objects and features (e.g., soil, grass, trees, shrubs,
pool, streets, and parking lots).

Results for the pool category achieved 100% for both pro-
ducer’s and user’s accuracies in both the commercial and park
subsets, because the spectral signatures of swimming pools are
highly distinguishable from those of other land cover features.
The relatively low classification accuracy for pools in the rural
subset is likely due to its smaller size in general that inevitably
causes mixed pixels in the training samples. The next highest
producer’s accuracy is 98% for the commercial subset, 99% for
the park subset, and 94% for the rural subset.

Since most urban objects and LULC types can easily be
identified in high-resolution data (i.e., QuickBird), we also
qualitatively assessed the effectiveness of the Wave-CLASS
by comparing the output maps and the original satellite data
side by side. We found that the outputs match well with the
image data (see Fig. 4). As a rule of thumb, the minimum
mapping accuracy of 85% is generally required for most
mapping activities [15]. We believe that the Wave-CLASS
algorithm is effective since it not only produced high overall
accuracies for all three image data—95.05% for the commercial
subset (Kappa = 0.94), 93.71% for the park subset (Kappa =
0.93), and 89.33% for the rural subset (Kappa = 0.86)—but
also generated similar producers’ and users’ accuracies for all
classes.
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Fig. 4. Output maps generated by Wave-CLASS. (a) Commercial. (b) Park.
(c) Rural. Note: building = white; grass = light green; impervious = gray;
pool = cyan; soil = orange; trees/shrubs = dark green; water = blue.

B. Comparison With the Maximum-Likelihood Classifier

Overall accuracies and kappa coefficients generated by the
maximum-likelihood classifier for the commercial, park, and
rural subsets were 65.90% (Kappa = 0.59), 61.71% (Kappa =
0.55), and 78.29% (Kappa = 0.73), respectively, which are
significantly lower than those of the Wave-CLASS algorithm.
Moreover, the producer’s and user’s classification accuracies
generated by the maximum-likelihood classifier vary substan-
tially, as compared with those of Wave-CLASS. Therefore, the
wavelet-based approach produced more accurate classifications
and presented better capabilities to generate higher classifica-
tion accuracies for rare classes than the traditional classifier.

VI. CONCLUSION

It can be expected that higher spatial resolution imagery
will result in higher classification accuracy. However, in reality,
higher resolution imagery acquired over urban areas produce

lower classification accuracies, because it becomes more diffi-
cult to train computers to identify many detailed features and
small objects that share similar spectral responses.

Our newly developed Wave-CLASS algorithm produced
higher overall accuracies than the maximum-likelihood classi-
fier. In addition, the Wave-CLASS algorithm resulted in similar
producers’ and users’ accuracies for all the selected classes in
all images, which demonstrates its robustness for an accurate
LULC classification. Results from this study suggest that the
Wave-CLASS method is effective in identifying detailed urban
land cover types in high spatial resolution data.
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