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ABSTRACT
In this paper we present a methodology to use Gabor
response features for real-time visual road environment
classification. Processing Gabor filters using hardware solely
dedicated to this task enables improved real-time texture
classification. Using such hardware enables us to successfully extract Gabor feature information for a four-class
road environment classification problem. We used summary
histogram as an intermediate level of texture representation
prior to final classification. Overall we obtain a maximally
correct classification circa 98%, outperforming prior work
in the field.
Index Terms— random forests, Gabor filters, histograms,
road environment, scene classification, real-time
I. INTRODUCTION
The automotive industry requires increasingly advanced
image processing techniques to extract meaningful information from the road environment. These needs range from
road zone detection [1] to road marking [2] and road sign
understanding [3]. The aim of these approaches is to improve
the overall situationnal awareness of the driver within the
environment.
Here we will specifically investigate the problem of visual
road environment classification [4]. This task assigns a
given road environment classification to a given forward
facing road scene view. We will investigate a four-class
problem as defined in [4], with the following classes :
motorway/freeway, off-road, trunkroad/intertown, urban road
(see illustrative labelled examples of Figure 3). The aim
of such a task is to facilitate the ability to automatically
adapt the vehicle dynamics (e.g : engine, suspension characteristics) for different environments, rather than requiring
manual input from the driver. Prior work on this task has
been carried out in [4] achieving approximately 90% success
on this problem using a neural network approach.
In this paper we take a look on recent advances concerning Gabor features. In vision applications they are very
frequently used for classification tasks [5] [6] [7] [8] as they
extract meaningful texture frequency information from the

underlying image texture at a specified spatial orientation
and frequency. Gabor features as a technique suffer from the
disadvantage of being computationally expensive and thus
limits their applicability to real-time systems.
Recent work on hardware solely dedicated to Gabor features extraction [9] enables a real-time use of Gabor filters.
This opens many new opportunities in tasks where time and
correct classification rates are of importance. The method we
present in this paper uses this new hardware architectures to
tackle our four-class road environment problem. We use a
histogram representation to construct a probability density
representation of each Gabor response as an intermediate
level of comprehension prior to classification using a random
forests classifier [10]. In the first section we present an
overview of the Gabor filters, we then detail our classification approach and finally present our results.
II. GABOR FEATURES
Gabor features are widely used to extract information from
images [6] [8] [11] [12]. In order to extract the Gabor feature
information r(x, y), (x, y) ∈ Ω, we convolve the image
I(x, y) to the Gabor filter function g(x, y) [12] :
ZZ
I(ξ, η) × g(x − ξ, y − η) d x d y

r(x, y) =

(1)

Ω

The two dimensional Gabor filter function is described
as the product of two functions : the carrier s(x, y) a
complex sinusoid and the envelope wr (x, y) a Gaussian
shaped function.
g(x, y) = s(x, y)wr (x, y)

(2)

The carrier determines the wavelength and the preferred
spatial frequency of analysis [13]. In this work we use the
response of the Gabor filter in several image sub-regions to
extract a feature representation for subsequent classification
(Section III). We require this to be done in real-time for
this application and as such we look to a specific hardware
implementation [9].

II-A. Hardware implementation
A Gabor-filtering VLSI system has been developed using
a dedicated VLSI chip that processes Gabor filters using
transient states of cellular neural networks [9] [14] . The
VLSI chip includes 64 × 64 Pixel Unit (PU) circuits, each
of which consists of real-part and imaginary-part circuits and
is only connected with the nearest neighboring PU circuits.
The processed value is stored as charges in a capacitor,
and is updated iteratively using Pulse-Width Modulation
(PWM) signals. The wavelength and orientation of Gabor
filters are determined by the analog bias voltages supplied
to the circuit, and the extent of wr (x, y) is determined by
the number of updating iterations.
The VLSI chip was mounted on a dedicated board with
D/A converters for supplying analog bias voltages. We used
an FPGA board (Prime Systems Co., AX-USB2, FPGA:
ALTERA, APEX 20KC484CF) to control the VLSI chip.
The FPGA board is connected with a PC via USB2.0.
The real and imaginary parts of Gabor filtering results are
obtained from the chip, and the magnitude (square root of
the sum of square of real and imaginary parts) is calculated
by software. The system can operate at more than 30 fps
when it treats four 64 × 64 pixel blocks. In this case, the
data transfer time including input and output between the
PC and the FPGA board is about 6.5 ms, and the processing
time of Gabor-filtering VLSI chip is about 7 ms in total (four
times) for Gabor filtering with a 4 pixel wavelength.
We divide the regions of interest shown in 1 into 64 × 64
pixel blocks and treat them as four blocks in series. We can
either use pipeline processing to accelerate the operation,
because the data transfer time is close to the processing
time in the chip, or we can employ a multi-chip system for
parallel processing if necessary. In this work, the processing
time for Gabor filtering is about 45 ms (22.2 fps), and it
can be improved to 32.5 ms (30.8 fps) when using pipeline
processing.
II-B. Feature Summarization
We extract three regions of interest from the video frame
image following the regions of interest laid out by [4]. Following the prior work of [4] these three regions are identified
to capture different properties of the driving environment.
As shown in Figure 1 these three regions are determined
as road-side, road-edge and road. The road-side captures the
general driving environment. The road region contains the
information concerning the road texture itself. The road-edge
captures the information regarding the texture transition from
road to road-side surface including any specific road-side
markings.
From these regions we extract the Gabor features using
the approach presented in Section II-A. We compute the
real part, imaginary part and magnitude from a Gabor filter
response along a 0 degree angle and a 4 pixel wavelength
[5]. Figure 2 shows examples of the Gabor responses in the

different subregions. By normalizing to an 8 bit range we
then extract grayscale histograms from each Gabor result
image parameterized as normalized N bins histograms. The
histograms of each region is concatenated to render a feature
vector of length 3N . Since we are using three regions per
image we obtain a total feature vector length of 9N used
for subsequent classification.

Fig. 1. Regions of interest used for Gabor feature extraction.

(a) Road

(b) Road-edge

(c) Road-side

Fig. 2. Examples of Gabor filter amplitude responses.
III. CLASSIFICATION
Classification is performed using a random forests classifier approach [10]. These consist of multiple decision
trees [15] grouped in a bagging classification ensemble in
order to give an overall classification to an unseen example.
Following the random forests approach, each decision tree
within the ensemble is constructed using a subset of the
available training data and as subset of the feature vector
within each example. Both of these subsets are chosen
randomly and the trees are built in a top-down approach.
The use of random forests within classification tasks has
been shown in prior work to show result near or at the
state of the art [16]. Using random forests the decision trees
are not pruned and they target perfect learning their given
subset of training data. Despite this, overfitting is avoided
as each tree learns from a different subset of training data
and the average of these classification results largely counter
balances any localized overfitting present [10].
Each tree outputs the posterior probability for each class,
these posteriors being learnt by classification of all the data
through all the individual decision tree in the ensemble.
The posterior probability in a leaf node for a given class

is defined as the proportion of instances of this class that
reach this particular leaf node within classification on this
tree instance.
For the classification of unseen examples, the feature
vector is classified by all of the trees in the ensemble
and the posterior probabilities are averaged with the best
class identified as the maximally probable result. In general,
we can see that this approach is similar to a Bayesian
approach since we use a posteriori probabilities to perform
classification in feature space [17][18].
In this work the input to the random forests classifier is the
feature vector of histograms identified in Section II-B. The
classification output is one of the following classes identified
in [4] The results of our experiments are presented over
a range of road environments, illumination conditions and
environmental conditions in the following section.
IV. RESULTS
Our method is tested on data previously acquired in
[4], using a total number of 12432, 640 × 480 resolution
images. We varied the number of histogram bins ranging
from 2 to 125, resulting in a feature vector length of
18 to 1125 (following our 9N methodology presented in
Section II-B). We use a ten fold cross validation approach to
measure the performance of our approach. During our testing
phase we kept the random forests configuration constant
(10 trees, maximum depth of 5 levels per tree stopping
criterion = 0.001 performance change) [10]. The results
over this configuration are shown in Table I with a varying
number of histogram bins, N . We explore the feature vector
quantization space by varying the number of histogram bins
in the formulation detailed in Section II-B.
N (histo. size)
% correct

2
96.9

5
97.6

25
90.7

50
86.4

100
77.1

125
73.1

Table I. Classification over varying histogram quantization.
The best overall result, a correct classification of 97.63%,
is achieved using a histogram quantization of 5 bins (resulting in a feature vector length of 45), which improves significantly on previous state of the art performances presented in
[4]. Within Figure 3 we can see the correct classfications
of all four class labels under a range of different environment and illumination conditions. By contrast in Figure
4 we see some examples of the isolated misclassifications
(clockwise from top right: trunkroad labelled as motorway,
trunkroad as offroad, trunkroad as offroad and urban as
trunk road). An interesting trend to note is that the overall
classification performance decreases with the increase of the
feature vector length (i.e a higher granularity of histogram
quantization). It is interesting to note that higher dimension
feature vector representations produce results significantly
worse than lower ones (see Table I). This can be explained
by the fact that the lower dimensionality feature vector

representations are more suited towards the multiple weak
classifier paradigm of the random forests approach in use.
Furthermore, here we significantly limit the size of our
random forest classifier in terms of the number of trees and
tree depth compared to use in generalised image classification problems [18]. This achieves substantive performance
whilst maintaining our real-time performance requirement.
From this we can conclude that a higher level of feature
summarization, resulting from a lower number of histogram
quantization bins, improves the overall classification results
on this particular problem for such limited forest/tree characteristics.
It is important to note from the results that we achieve
similar classification results to other prior methods using
the Bag-of-words (BoW) approach [17] [18] [19]. This
approach can be considered in many senses similar to a BoW
approach, in that we cluster low-level features producing
an intermediate level of understanding (Gabor summary
histograms) prior to histogram classification. Further consideration of a visual BoW approach is left as an area for
future work.
V. CONCLUSIONS
We have successfully built an architecture that uses the
Gabor features in real-time and outperforms previous methods in [4]. We extract Gabor filters from several subregions of the image and simplify this data by quantizing
the Gabor filter responses into a histogram representation.
Classification is performed using a random forests approach
achieving a 97.63% correct classification result. Real time
performance of this approach is supported using a hardware
Gabor filtering implementation [9]. The results presented can
potentially be improved in future work by the introduction
of temporal filtering. Future work could also investigate the
combination of these features and point descriptors such as
in [20].
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