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Abstract

We examine the use of high frequency features in high
resolution images and demonstrate how they can increase
texture classification accuracy when used in combination
with lower frequency features. We used eight features,
four low frequency and four high frequency, derived from
patches of 4032�2688 images. Furthermore, we exper-
iment with both single and multiple classifiers to illus-
trate the effectiveness of such a combination. Outcomes
of classification tests on outdoor scene patches are pre-
sented and discussed.
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1 Introduction

In recent years, our research group has developed a neu-
ral network based system for classifying images of typi-
cal outdoor scenes to an area accuracy of approximately
90% [1]. The system was trained with features extracted
from segmented regions of an extensive image database.
Texture information was represented using Gabor filters.
A common problem confronting this approach is that
many regions in typical outdoor scenes are too small to
allow a significant range of spatial frequency to be in-
cluded in the feature set.

This paper presents a pilot study designed to estab-
lish if high resolution images would provide a sufficient
increase in texture information to justify the extra com-
putational complexity. Our approach is to train a classi-
fier to distinguish between four object classes using fre-
quency information alone. Patches extracted from high
resolution images are used in the training. The patch size
is representative of the spatial scale of objects typical in
the low-resolution database of outdoor scenes used in [1].
They are large enough, however, at this higher resolution
to allow classification performance to be assessed over a
significant range of higher spatial frequencies.

High frequency information in images can be com-
monly associated with edges and noise [2]. We are not
concerned, at least directly, with edge information. In-
stead, we are examining overall texture which will em-

body both edge and noise in ’homogeneous’ regions as
well as any fine or coarse resolution characteristics. Fine
resolution textures, such as roads and pavements, are par-
ticularly rich in high frequency information content.

Some researchers disregard higher frequencies
(HF) since the power spectra of natural images show an
exponential decay with frequency and in most cases im-
age acquisition is made through a conventional optical
system that filters out the very high frequencies [3]. Nev-
ertheless, we show in this study that higher frequency
information extracted from high resolution images can
improve classification performance. It must be empha-
sized that in the high resolution images we have used for
our experiments in this paper, what we refer to aslower
frequencies(LF) correspond to the highest frequencies
found in normal lower resolution (e.g. 512� 512) im-
ages.

Classification using a single classifier can lead to
inefficiently trained and/or complex classifiers. Multi-
ple classifiers are gaining much popularity [4] and can be
designed such that extra classification steps can be car-
ried out only when necessary. We perform our experi-
ments using a single classifier at first and then illustrate
the improvements gained by using two different arrange-
ments of a multiple classifier system. In one arrange-
ment the final decision is based on a weighted average of
two separate classifiers while in the other arrangement,
a secondary classifier is only used when we do not have
enough confidence in the decision of the primary clas-
sifier. We refer to these two different combinations of
classifiers as WAVG and PRISEC.

Wang et al. [5] have shown that considerable clas-
sification improvement can be achieved when the feature
set can be divided into separate subsets depending on
their classification power and characteristics. This maps
very well in terms of our use of LF and HF features and
hence motivates our employment of multiple classifiers.

Following a brief literature review in the next sec-
tion, we present the low frequency and high frequency
features used in our experiments in Section 3. Then, in
Sections 4 and 5 we report on our classification tests us-
ing both single and multiple classifiers. Summary and
conclusions are provided in Section 6.



2 Background and Literature Review

Work on the analysis of HFs in higher resolution im-
ages in particular is scarce. Many high resolution im-
age processing applications have focused on astronomy
or remote sensing, where the objects sought are usually
very small and imaging facilities are excellent in qual-
ity. For example, Legault [6] presented the requirements
of a high resolution imaging system for astronomical im-
age processing for which the Modulation Transfer Func-
tion was considred as a criterion for high frequency re-
sponse measurement. Also, Myint [7] utilized wavelet
transforms as a multi-band approach to analyse textures
in high resolution multi-spectral remote-sensed images.
He demonstrated the essential role of the spatial reso-
lution factor, which could be interpreted as the impor-
tance of higher frequency data, in dealing with fine reso-
lution textures. Freeman and Pasztor [8] used probabilis-
tic models and Markov Random Fields for the estimation
and retrieval of higher frequency information, eliminated
during the typical recording procedure of video frames,
to produce higher resolution pictures for HDTV systems.

Multiple classifiers have recently become an ac-
tive topic of investigation within the computer vision and
pattern recognition communities [4]. Multiple classifier
classification can be simply defined as using more than
one classifier, feature set or both and combining their
outputs by employing a particularCombination Ruleto
obtain the final answer. The most important motivations
for using multiple classifiers are the advantages gained
in simplifying the complexities of classification problems
and amplification of the strengths of each individual clas-
sifier or feature set in the global classification procedure
[9]. Multiple classification has recently been applied in
many diverse applications [10, 11, 12]. For example,
Wan and Fraser have implemented a multi-classification
scheme for different complex remote sensing classifica-
tion problems [12]. Cappelli et al. have used it in finger-
print classification [10], and Jiang et al. have developed a
combined classifier system for grammar guided sentence
recognition [11].

In cases of deploying different feature sets, as per-
formed in this work, multiple classifier systems can only
improve classification performance when the features are
sufficiently different for each classifier [5]. Therefore,
the increased performance using a combination of LF-
tuned and HF-tuned classifiers can be interpreted as a
measure of relative independence between the two fea-
ture groups. In other words, if there is no definite gain in
classification using both LF and HF features compared to
using LF features only, then quite clearly the HF features
are shown to not convey any extra classification informa-
tion over the LF features.

3 Feature Selection

In this work, we wish to classify our images into 4 cate-
gories: trees, pavements, cars, and roads. The input im-
ages were 256�256 patches obtained from high resolu-
tion 4032� 2688 pixel images of outdoor scenes. The
total number of patches in our dataset was 166. This was
divided into a training set of 114, a validation set of 20,
and a test set of 32 patches. Figure 1 shows two typical
examples in each class of our input patches.

Figure 1: Eight sample images of four classes, from top
row to bottom: car, pavement, road, tree.

The use of Gabor filters as a tool for the analysis of
textures is now a common idea, mostly due to their abil-
ity to extract information in different spatial frequency
ranges and orientations. Daugman [13] originally pro-
posed this family of 2-D filters in the 1980s as a build-
ing block for interpreting the orientation-selective and



spatial-frequency-selective receptive field properties of
neurons in the human visual cortex, and as useful opera-
tors for practical computational image processing. Many
works have applied Gabor filters for texture classifica-
tion tasks. For example, Fogel and Sagi have discussed
their application to biological texture discrimination [14],
Jain and Farrokhnia have shown their advantages in un-
supervised texture classification [15], and more recently,
Mirmehdi and Perissamy have used them in a content-
based image retrieval application for extracting features
from colour textures [16]. The Gabor filter in the fre-
quency domain is:
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where, up = (u� ωx) � cos(θ) + (v� ωy) � sin(θ), and
vp = �(u�ωx) � sin(θ) + (v�ωy) � cos(θ), are the ro-
tated/displaced coordinates in the frequency plan,ωx and
ωy are filter central frequencies (modulation factors) in
x and y directions,θ is filter orientation parameter,σx

andσy are filter standard deviations inx andy directions,
andx0 andy0 are horizontal and vertical displacements
in the spatial domain. We keepx0 = 0 , y0 = 0 , and set
ωx = ωy, andσx = σy in all the experiments. As we in-
tended to compare both low and high frequency features,
two different Gabor filter banks with different central fre-
quencies and bandwidths in the frequency domain were
considered:

LF Filter ) G(ω1;σ1;θ1); where ω1 = 25; σ1 = 10 (2)

HF Filter ) G(ω2;σ2;θ2); where ω2 = 100; σ2 = 40 (3)

andθ1 = θ2 = 0; π
4 ; π

2 ; 3π
4 . Thus, each filter bank contains

four filters with the same central frequency and standard
deviation but different orientations. Figure 2 shows the
filter banks in the frequency domain, where the four in-
ner peaks are the lower frequency filters (ω1 = 25) and
the four larger, outer peaks are the higher frequency ones
(ω2 = 100). The values for (ω1;ω2;σ1;σ2) were chosen
to reflect the coverage and density of the corresponding
features in the frequency space which is also consistent
with past applications of Gabor filters. More specifi-
cally, as Table 1 shows, the selected LF central frequency
(ω1 = 25) are close to maximum frequencies in lower
resolution images such as a 512� 512 image, and the
HF central frequency (ω2 = 100) is considerably further
away from the highest analysable frequency for patches
in lower resolution images. Therefore, we would like to
consider if using HF features obtained from high reso-
lution images would improve classification performance.
We will examine this in the next two sections.

Figure 2: Applied Gabor filter bank, 4 lower frequency
with ω = 25 and σ = 10 (inner), and 4 higher with
ω = 100 andσ = 40 (outer). Orientations wereθ =
0;π=4;π=2;3π=4.

4 Single Classifier Tests

To determine the classification performance of LF and
HF features two series of experiments were performed.
In the first series, we used a single classifier to determine
the role of LF and HF features individually and when
used together. In the second series of experiments, dis-
cussed in Section 5, classification was carried out by em-
ploying two different combining algorithms using a mul-
tiple classifier.

Original Patch Max. Analysable
Size Size Freq. in Patch

4032�2688 256 256=2 = 128
1024�1024 256�1024=2688 = 97:52 97:52=2 = 48:76
512�512 256�512=2688 = 48:76 48:76=2 = 24:38

Table 1: The highest analysable frequency in different
resolutions.

For classification we employed a back-propagation
neural network with one hidden layer. We experimented
with many different numbers of hidden layer nodes, but
only the optimum results, where each classifier showed
the best performances overall, are reported. To measure
the classification error, we used the Sum of Square Er-
rors, SSE, as the difference between the ground truthG
(i.e. theexpectedoutputs of classifiers), and the network
classificationC (i.e. thereal outputs of the classifiers)
acrossN classes:

SSE=
N

∑
i=1

(Gi �Ci)
2 (4)



Another metric used for classification evaluation,
was Classification Error, CE, showing the percentage
of wrong class assignments across the complete labelled
test set.

Table 2 represents the classification results using
different single classifiers. As expected, a single LF clas-
sifier with SSE and classification error (CE) 6.56 and
15.6% respectively reported better results than a single
HF classifier with SSE at 15.21 and CE at 43.7%. How-
ever, a single classifier using all eight LF and HF features
together, provided the best performance with SSE at 6.40
and CE at 9.3%. This resulted in 3 incorrect class as-
signments out of a total of 32 test samples. The improve-
ment in the LF/HF classifier demonstrates the usefulness
of HF features for scene classification. More details of
these tests can be found in [17].

Classifier SSE CE CE (%)

LF (ω1 = 25) 6.56 5 15.6%
HF (ω2 = 100) 15.21 14 43.7%
Both LF/HF 6.40 3 9.3%

Table 2: Single classifier results

5 Multiple Classifier Tests

In the second series of experiments, for continuity and
comparison, again neural network-based multiple classi-
fication schemes were employed. Neural networks have
shown great ability as general function approximators,
especially when the function to be approximated is non-
analytic and complex, for instance a classifier with a
number of unordered inputs. However, there are still
some problems in their training and consequently classi-
fication performances, which have a direct relation with
level of complexity and size of the network [9].

In this work, we used a multiple classifier system
consisting of two individual classifiers, one for LF fea-
tures and one for HF features. Their outputs were then
combined through acombine moduleto make a final de-
cision. We examined two differentcombination algo-
rithms for the combine module. In the first, here called
W AVG, an unknown input sample was presented to both
classifiers. Having obtained the respective responses, the
combine module computed their weighted average, using
two weighting factors calledk1 andk2 = 1�k1, and then
selected the class with the minimum SSE. In the second,
here called PRISEC, a primary/secondary scheme was
applied in which the LF classifier was used as the main
primary classifier. If this classifier was certain of its clas-
sification (i.e. the primary classifier’s SSE was less than a
given threshold,δ1) then the secondary classifier was not
required. Otherwise, the secondary HF classifier was de-
ployed to aid in the final classification if it demonstrated
high certainty in its decision (i.e. if the secondary SSE

was less than another threshold,δ2). If the secondary
classifier did not demonstrate high certainty, then the pri-
mary classifier’s decision was accepted anyway as the fi-
nal classification. All other conditions were the same as
with the previous experiments. Figure 3 illustrates the
combining algorithms used.

To find out the optimum values of the combine
module parameters, (averaging weightk1 for W AVG
scheme and certainty/error thresholdsδ1 and δ2 for
PRI SEC scheme), a linear search algorithm of the pa-
rameter spaces was developed. This measured the perfor-
mance of classification on a validation set of 20 samples,
changed the parameters and iterated the classification test
for new parameters and continued this procedure for all
possible values of parameters and finally returned the pa-
rameters with minimum error. In our test, the parameter
space was [0;1] for k1 (andk2 = 1� k1), and [0;0:4] for
δ1 andδ2. The optimum parameters selected were:

�
W AVG: kopt

1 = 0:750 (LF); kopt
2 = 0:250 (HF)

PRI SEC: δopt
1 = 0:012 (LF); δopt

2 = 0:027 (HF)

The optimum weights for the WAVG scheme show
the higher importance attached to the LF features. How-
ever, the role of the HF features is still significant and
the improved performance of the multiple classifier sys-
tem depends on the combination of both LF and HF fea-
tures. In the PRISEC scheme, the optimum error thresh-
old δopt

1 is smaller thanδopt
2 and this demonstrates that

the system considers a higher level of acceptable error
for HF features, i.e. the combine module considers LF
features to be more reliable than HFs.

Classifier SSE CE CE (%)

W AVG 4.77 3 9.3%
PRI SEC 4.52 3 9.3%

Table 3: Multiple classifier results

Table 3 presents the results of applying the WAVG
and PRISEC methods. Both combinations in our
schemes gave more accurate classifications compared to
a single classifier. The WAVG combining method had
an SSE of 4.77 compared to 6.40 for the LF/HF single
classifier, demonstrating an improvement of 25.5%. Sim-
ilarly, the PRISEC method had an SSE of 4.52, demon-
strating an improvement of 29.4%. While the PRISEC
combining rule performed better than the WAVG, both
had the same CE classification errors (i.e. 3) as each
other, as well as the LF/HF single classifier. The CE clas-
sification error is a measure of the final, crisp decision for
the texture classification for our network and hence the
SSE should be considered as a more suitable measure of
the performance of the classifiers.
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Figure 3: The WAVG and PRISEC multiple classifier
algorithms including their combine modules.

6 Conclusion

Our experiments have demonstrated the importance and
practicality of high frequency features as an additional
aid in texture analysis inhigh resolutionimages. High
frequency features are not used in texture analysis when
dealing with fairly low resolution images. In fact the fre-
quencies used are generally low to medium frequencies.
We have shown that the performance of a single clas-
sifier can increase considerably if both lower and high
frequencies are used together. It is worth reminding the
reader that the lower frequencies we refer to in this paper
correspond to the highest frequencies present in lower
resolution images.

Furthermore, we demonstrated that the perfor-
mance achieved can be enhanced by using multiple clas-
sifiers. We examined two methods of combining clas-
sifier decisions, WAVG and PRISEC, to decrease the
overall single classifier error by 25.5% and 29.4% respec-
tively. Multiple classifiers can also be used for further
feature evaluation. Although here we expected more per-
formance from our LF features [17], in other applications
the relative performances of the various features may be
not very clear. Thus, multiple classifiers can be exploited
to determine the reliability and importance of different
subsets of features in a particular pattern classification
task. This in turn can be useful in refining or ranking of
features according to their efficiency.
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