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This paper presents a new image segmentation method for the recognition
of texture-based objects in a road environment scene. Using the proposed
method, we can classify texture-based objects three dimensionally using the
SfM (Structure from Motion) module and the HLAC (Higher-order Local Autocorrelation) features. By estimating the vehicle’s ego-motion, the SfM module can reconstruct the three dimensional structure of the road scene. Texture features of input images are extracted from HLAC functions according to
their depth, as obtained using the SfM module. The proposed method can
eﬀectively recognize texture-based objects of a road scene by considering their
three-dimensional structure in a perspective 2D image. Experimental results
show that the proposed method can not only eﬀectively classify the texture
patterns of structures in a 2D road scene, but also represent classiﬁed texture
patterns as three-dimensional structures. The proposed system can revolutionize a three-dimensional scene understanding system for vehicle environment
perception.

1. Introduction
The last few years have witnessed the development of driving assistance systems and automation technologies in Intelligent Transportation Systems (ITS)1) .
Among many ITS technologies, research into vehicle safety has become of great
interest and has been investigated to provide drivers with useful information.
Many related applications, such as lane detection, road detection, and pedestrian detection, are expected to be used in the near future 2)–4) . The advanced
driving assistance system has made steady progress toward scene understanding system from objects detection system in road environment scenes. Serre, et
al.5) introduced a basic framework for the scene understanding that relies on the
†1 TOYOTA CENTRAL R&D LABS., INC.
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recognition of both shape-based objects as well as texture-based objects. Detection of shape-based objects has been the main focus for the prevention of
vehicular accidents. The shape-based objects represent pedestrians, cars, and
bicycles, while the texture-based objects include buildings, road, trees, sky, and
so on. The texture-based objects are better described by their texture features
rather than speciﬁc local patterns. There are many advantages of recognizing
the texture-based objects from a road environment scene. The driving assistance
system can evolve by considering the semantic relationship between each region
in a whole road scene. In addition, the scene understanding system can improve
the accurate detection of pedestrians and other obstacles. Therefore, this paper focuses on texture-based objects recognition in order to understand the road
scene using a new texture segmentation scheme.
The vision tasks of vehicles have been based on detection and localization of
the objects in front of a vehicle, using vision sensors and pattern recognition
techniques. Typically, stereo vision or optical ﬂow process are needed that cope
with 3D localization and scene geometry estimation. Monocular camera systems
are preferred to stereo camera systems due to the advantage of reducing costs
and facilitating ﬁxation relative to stereo systems. Using a monocular camera
mounted on a vehicle, ego-motion can be estimated by applying SfM algorithms6) .
Recently, approaches that combine motion and appearance model have been proposed in dynamic 3D scene analysis. Leibe, et al.7) presented a real time system
which can detect objects (e.g., cars, bicyclists, and pedestrians) in 2D image and
localize them in 3D, using a SfM module and calibrated stereo cameras. Cornelis,
et al.8) reconstructed input video sequences three-dimensionally using SfM and
dense stereo. They detected objects (only cars) and localized them in the reconstructed 3D world coordinated system. They aimed for reconstruction of 3D city
models so that they rendered images using realistic textures. These integrating
systems performed better in 2D object recognition and were able to reconstruct
structures of 2D scenes into 3D models.
In this paper, we present a new framework integrating 2D object recognition
and 3D localization for a road scene understanding system. We estimate the
camera motion and detect the road region using a monocular camera mounted
on a moving vehicle. Feature points with 3D positions are calculated and the
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parameters of the 3D road plane are estimated using our SfM module. We generate a dense depth map from the output of the SfM module. The depth map
is applied to the recognition algorithm for texture-based objects. The main idea
of the proposed method is that the features of the texture-based objects can be
extracted by taking their 3D position and road region into consideration. The
experimental results from a real road scene prove that the proposed method can
not only classify 2D texture-based objects eﬀectively, but it can also represent the
classiﬁed objects in 3D structures using the obtained depth map. However, these
experiments are conducted in very limited video sequences. In the future, by integrating the shape-based objects recognition, the proposed system can expand
the road scene understanding system with busier street scenes, either rural or
residential, and mixed road images of extended datasets for vehicle environment
perception.
This paper is organized as follows. In Section 2, the methods of camera motion and road region estimation using the SfM module are explained. Section 3
describes the feature extraction method according to depth for image segmentation. The experimental results are shown in Section 4. Finally, we summarize
the presented work in Section 5.
2. Scene Geometry Estimation
We proposed the SfM module to estimate the ego-motion of the vehicle and
detect moving objects on roads from a monocular camera mounted on a moving
vehicle 9) . Recent work has performed the estimation of an accurate road region
from video sequences 10) . These estimation results of scene geometry are utilized
in the reconstruction of a 3D structure road scene. In this section, we describe
the 3D structure using ego-motion techniques and the process of depth map
generation.
2.1 Estimation of Camera Motion
We start by extracting feature points from an input video sequence using the
Harris corner detector 11) . It is diﬃcult to detect the feature points of the road
region, because most of the road region is textureless. However, many feature
points can be detected from background structures, such as buildings and trees.
The biased distribution of feature points reduces the accuracy of the motion
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Fig. 1 The results by our SfM module (a) Feature points divided horizontally into three
zones (b) All feature points with 3D position.

estimation. To overcome these problems, we propose a new method for the
selection of feature points. We ﬁrst utilize the moving object detection results
from the previous frame to remove feature points on moving objects. Secondly,
for a wide distribution of feature points, each image is divided into three regions:
a region that may contain the road (Road region), one that may contain lowheight objects (Downside of object region), and one that may contain high-height
objects (Upside of object region), as shown in Fig. 1.
Meanwhile, feature points on moving objects cause false estimations of camera
motion, because the standard SfM algorithm assumes that the feature points are
located on stationary objects. Therefore, we remove feature points on moving objects by detecting moving object regions in every frame. To detect feature points
on moving objects, we extract feature points that are continuously classiﬁed as
outliers. Candidates for points on moving objects are grouped according to their
position in the image, the direction, and the magnitude of their optical ﬂow.
Then, a moving object region is deﬁned as a rectangle that includes all points in
the same group. As shown in Fig. 1 (a), the selected feature points are distributed
uniformly throughout the input image and the feature points on the moving vehicle are removed. The optical ﬂows of the selected feature points between the
two images are calculated using the Lucas-Kanade algorithm 12) . Then, the fundamental matrix is found from the correspondences of feature points between
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the two images by applying the 8-point algorithm and RANSAC 13) . Since it is
assumed that the camera is calibrated, the camera motion parameters between
the two images are obtained by decomposing the fundamental matrix. The motion parameters consist of three rotational and three translational parameters.
The estimated motion parameters are reﬁned using the Levenberg-Marquardt
method 14) . Finally, we can calculate the 3D positions of all feature points from
the estimated camera motion, as shown in Fig. 1 (b).
2.2 Estimation of Road Region
To estimate the road region of the input image, we estimate the parameters of
the road plane from the 3D positions of the feature points. The 3D positions of the
feature points are calculated using triangulation. However, the set of candidates
for points on the road usually contains points that are not actually on the road,
and points that have false 3D positions due to false correspondences. To avoid
the inﬂuence of such outliers, the LMedS (Least Median of Squares) estimator
is used for estimating the parameters of the road plane. Since the reconstructed
structure of a scene suﬀers from scale ambiguity when only a sequence of images
is used, such scale ambiguity in the 3D structure is removed from the estimated
distance to the road plane. By assuming that the camera height (that is, the
distance between the camera and the road plane) is known and is ﬁxed, we can
adjust the scales of the 3D structure and of the camera translation. Figure 2 (a)
shows the plane of the road, which is estimated in three-dimensional space from
the feature points. They are contained in the region detected as being the road
in the previous frame.
In order to detect the road region, we warp the previous image by using this
homography matrix and then calculating the SAD (sum of absolute diﬀerences)
between the warped image and the current image. The road region can be obtained by extracting pixels that have their SAD value below a speciﬁed threshold.
Moreover, we also apply erosion and dilation operators to remove the isolated,
textureless regions and to ﬁll holes in the road region. Finally, we can detect
the road region with 3D depth, as shown in Fig. 2 (b). The concrete algorithm is
presented in our recent work 10) .
2.3 Generation of a Dense Depth Map
The 3D position of the feature points and the estimated road region obtained
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Fig. 2 Road region obtained by our SfM module (a) Candidate feature points on the road
and other feature points (b) Estimated road region with 3D depth.

Fig. 3 The process of dense depth map generation.

using the SfM module are utilized in generating a dense depth map. As the
feature points have sparse 3D coordinates, all pixels in an input image should
be assigned to an interpolated 3D depth value. The process of dense depth map
generation is illustrated in Fig. 3. To estimate the accurate depth of each pixel,
the results of the SfM module can be integrated into super pixels and meanshift clustering methods. Unsupervised segmentation of an input image into
super pixels is a common preprocessing step for image parsing algorithms 15) .
We assume that every pixel within each super pixel region has the same depth
value.
In addition, to detect the spread sky region, an input image is clustered using
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the mean-shift algorithm. The mean shift is a nonparametric clustering technique
that does not require prior knowledge of the number of clusters and that does not
constrain the shape of the clusters. In practice, this clustering process requires
several parameters such as the bandwidth h = (hs , hr ) and maximum pixel size
M . At ﬁrst, we need to set three parameters to cluster the sky region. In order to
assign the most spread region to the sky region, the color bandwidth and spatial
bandwidth parameters, h = (hs , hr ), and maximum pixel size M are estimated
by training process. If any depth value obtained using the SfM module exists
in a super pixel, the super pixel ﬁlls with the mean of the depth values. On
the other hand, if no depth exists in a super pixel, we use the nearest neighbor
search based on the Euclidean-distance of 2D image coordinates to interpolate
the depth value. At last, we substitute the maximum depth value for the sky
region, which can be obtained from the mean-shift algorithm.
These two clustering processes were accomplished using the segmentation software Edison 16) and the superpixels code 17) . Figure 4 (a) shows the result image
of mean-shift clustering 18) and Fig. 4 (b) shows the result of the super pixels algorithm 17) . After the clustering process, each pixel in each region of the superpixel
ﬁlls in the mean of the depth of the feature points. Each region of the super
pixel without feature points is assigned to a depth value using the nearest neighbor search, based on the 2D Euclidean distance of the image coordinate. This
method produces the depth map, as shown in Fig. 4 (c). We utilize this depth
map to extract the features of texture-based objects in the next section.

3. Texture Segmentation Using HLAC Features
In this study, we recognized texture-based objects in a road scene using the
texture segmentation scheme. Texture segmentation has been applied to many
practical vision systems and those applications can potentially be used for natural
scene analysis. Since texture patterns are represented by various colors and pixel
intensities, many texture features have been proposed to deﬁne their mathematical model, such as the Fourier spectrum, the Gabor ﬁlter 19) , autocorrelations,
and various ﬁlter banks 20) . Among them, the higher-order local auto-correlation
(HLAC) functions 21) are employed for our feature extraction module.
3.1 The HLAC Functions
Autocorrelation functions possess a unique property for even orders, and they
can be used to assess the amount of regularity as well as the ﬁneness/coarseness
of a texture image 22) . An important property of many textures is the repetitive
nature of the placement of texture elements in the image. The HLAC functions
have the advantages of being shift-invariant and of having a computationally low
cost. Due to the advantages of low cost and the repetitive nature of texture
image, an HLAC function is employed in the feature extraction module. The
HLAC functions have been used in a wide range of applications and they have
demonstrated good performance in face recognition 23) , texture classiﬁcation 24) ,
gesture recognition 25) , etc.
The HLAC functions are deﬁned by:

n
rx (a1 , a2 , · · · , an ) =
f (x)f (x + a1 ) · · · f (x + an )dx,
(1)
D

Fig. 4 Results of clustering processes and the dense depth map (a) Result of an example image
using the mean-shift clustering (b) Result of an example image using the super pixel
algorithm (c) Estimated dense depth map.
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where n denotes the order of the autocorrelation function, x is the image coordinate vector, and ai are the displacement vectors. A function f (x) stands for
the image intensity on the retinal plane D. Considering the computational cost,
we limit the order n to 2 (three-point relations) and within a 3 × 3 displacement
region.
The HLAC features are calculated by scanning the image with the mask patterns, as shown in Fig. 5 (a), and computing the products’ mean intensities of
the corresponding pixels in the scanning range. For each mask pattern, a product
is calculated by multiplying pixels in the masks together according to their pat-
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Fig. 5 Mask patterns for second order local autocorrelation functions (a) Local mask patterns
(b) Variable window size of a mask pattern obtained through dilatation of HLAC
features.

terns, whereas the gray pixel is multiplied twice. Because of the diﬀerent degrees,
feature vectors are normalized by taking the power root of the same degree of the
product. Therefore, we used the HLAC feature vectors, which have 33 dimensions
per color band. Toyoda, et al.26) proposed an extension of the HLAC features
with eight orders and 223 mask patterns, and showed better performance than
GMRF 27) , Gabor features, and LBP 28) operator in texture classiﬁcation and face
recognition.
3.2 Multiscale features and spatial frequency
There exists a special relation between texture and depth. The texture gradient is one of the monocular depth cues in a natural 2D scene. As the surface
from a 2D scene moves farther away, the texture appears to be ﬁner. Kang, et
al.29) proposed a depth perception method from a 2D natural scene using scale
variation of texture patterns. In the study of human perception, we can ﬁnd
similar research about multiscale perceptual mechanisms of human vision. Oliva,
et al.30) presented a hybrid image, which allow characterization of the role of
diﬀerent frequency channels for image recognition. They proved that a particular band of spatial frequency dominates visual processing for a given distance of
viewing. Spatial frequency bands play an important role in the interpretation of
natural images, so that high spatial frequencies correspond to close objects and
low spatial frequencies correspond to far objects.

IPSJ Transactions on Computer Vision and Applications

Vol. 1

220–230 (Sep. 2009)

From this point of view, a texture pattern has an adequate resolution or frequency according to its depth, when its feature vectors are extracted from an
input image. However, many research studies have been performed without regarding the relative resolution and depth of a texture pattern in a natural scene.
A constant window size is used to make ﬁlter-banks for segmentation 31) and
object recognition 32) in image databases. Conversely, we extract the feature
vectors from texture-based objects with adequate frequencies, according to their
distance, so that high spatial frequencies correspond to far objects and low spatial
frequencies correspond to close objects.
Another advantage of using HLAC features is an extension of mask size using
large displacements region. The HLAC mask patterns are regarded as basic functions of frequency analysis, so that the mask size corresponds to the frequency
component. We can extract the features to high resolutions or high frequencies from low resolutions or low frequencies through dilatation of mask size. For
multi-resolution features, mask patterns of diﬀerent sizes and of both high and
low frequencies are used together in other applications 33) . However, in this paper, instead of concatenating multi-resolution features, we apply an appropriate
resolution for texture features extraction with diﬀerent sizes of mask patterns
according to distance.
In order to extract feature vectors with adequate frequency, we determine different mask sizes of HLAC features and the diﬀerent scanning range of image
dependence on distance. Figure 5 (b) shows the ascending mask size obtained
through dilatation of HLAC features and r is the distance between the neighborhood and center pixel. Using camera calibration, we divide the image into four
parts by means of depth lineally, as shown in Fig. 6. The 9 × 9 mask patterns
are utilized for close objects, and 3 × 3 mask patterns are utilized for farther
objects. Therefore, HLCA features can be extracted with an adapted window
size dependent on its distance r of mask pattern, which is determined from 1 to
4. For discriminate function, we employed a widely used simple classiﬁer, Linear
Discriminant Analysis (LDA).
4. Experimental Results
This section presents our experimental results for texture-based objects recogni-
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Fig. 7 The structure of the multiband camera with special color ﬁlter array (a) Conventional
digital color camera (b) The multiband camera.
Fig. 6 Depth map of an example image divided into four parts lineally.

tion using the proposed method. We investigated the performance of our system
on several video frames, and compared our results with the conventional texture
segmentation method.
Input images were captured using a multi-band camera mounted on a moving
vehicle. The multi-band camera, for the purpose of integrating a color camera and
a near-infrared camera, can simultaneously obtain both color images and nearinfrared images 34) . The infrared wavelengths in the electromagnetic spectrum
lie roughly between 0.7 to 12 microns, in contrast to wavelengths in the visible
spectrum, which lie between 0.4 to 0.7 microns. The infrared is divided into
near, far, and mid-infrared: however, in this paper, we referred only to the nearinfrared region. Near infrared is deﬁned by water absorption, so that it strongly
reﬂects light to foliage, such as tree and grass and person’s exterior layer.
The multi-band camera can provide various images, such as a color image, an
infrared image, and a visible monochrome image, depending on the requirements
of the system. All four images that the camera obtains have the same ﬁeld of
view. Their optical axes are also the same, so that four bands segmentation using
both a color image and an infrared image is easily achieved.
In Fig. 7, the structures of a conventional digital color camera and the multiband camera are displayed. The infrared cut-oﬀ ﬁlter was removed and a special

IPSJ Transactions on Computer Vision and Applications

Vol. 1

220–230 (Sep. 2009)

color ﬁlter was designed for a multi-band camera. Bayer ﬁlter 35) , which is generally used in most of the conventional digital color cameras, has a pixel array
of 50% green, 25% red, and 25% blue patterns, and is referred to as RGBG or
GRGB. The special ﬁlter of the multiband camera rearranges the 50% green pixel
array into 25% green and 25% infrared cell onto a square grid of image sensors.
The pixels that are assigned to the RGB ﬁlters are corrected using the following
equations in order to improve color reproduction.
v  (R) = v(R) − Kr × v(Ir)
v  (G) = v(G) − Kg × v(Ir)
v  (B) = v(B) − Kb × v(Ir)
where v(R), v(G), v(B) and v(Ir) indicate the pixel values assigned to the red,
green, blue, and infrared ﬁlters, respectively, while Kr , Kg , and Kb are coeﬃcients
that are deﬁned by the amount of near-infrared rays that are transmitted by the
RGB ﬁlters. These coeﬃcients are determined on the basis of the characteristics
of RGB ﬁlters and on some experimental results.
Existing databases of labeled images do not include frames taken from video
sequences of the multi-band camera. Since each labeled frame could have potentially have many other temporally related images associated with video sequences,
we created a new labeled dataset of driving sequences. However, we did not prepare long video sequences for training and test sets. The hand-labeling takes a
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Fig. 8 The labeled road scene database. These data set contained 8 object classes: road,
building, tree, trunk of tree, sky, lane, sidewalk, car. The assigned classes and colors
were: road-black, tree-green, trunk of tree-brown, building-pink, sky-dark blue, laneyellow, sidewalk-gray, car-red, redundancy-violet. (a) Scene #1 (b) Scene #2 (c) Scene
#3 (Color input image (left) and its ground truth image (right)).

lot of time and involves a lot of human eﬀort. Therefore, of the 10 video frames
per second, we extracted the features from only the ﬁrst video frame to get the
training patterns. The other nine video frames were utilized for the test. In this
paper, we used a very limited situation, but we are making labeled images for
a longer video sequence. The more extensive experiments [37] will be evaluated
to how semantic segmentation is possible, based on 3D texture features for road
scene labeling.
One band images of near infrared are utilized in the process of the SfM module,
and four bands images of near-infrared and color are utilized in texture-based
objects recognition experiments. The input image resolution was 320 × 240
pixels, and the frame rate was 10 fps. Our database is composed of three diﬀerent
road scenes, which are called Scene #1, Scene #2, and Scene #3, as shown in
Fig. 8.
One of the color images from the video frames in Scene #1 and its near infrared
image are displayed in Fig. 9 (a) and Fig. 9 (b), respectively. The resulting image
was obtained using our SfM module, as shown in Fig. 9 (c). The sky blue region
of Fig. 9 (c) represents the road plane, which is estimated in 3D space from the
calculated 3D positions. Feature points with 3D coordinates are represented in
colored points and as the points get closer, the color shifts from black to red.
There are approximately 600 to 1000 selected feature points per one video frame.
Figure 9 (d) shows the dense depth map using clustering algorithms and the
nearest neighbor search.
Figure 9 (e) shows the segmentation result of the conventional method, in which
HLAC features are extracted from the color image with uniform mask size (r=1,
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Fig. 9 Experimental results of Scene #1. (a) An example test image with three color bands
(RGB) (b) An example test image with a near infrared band (c) SfM result image
obtained by infrared image (b) (d) Depth map using clustering and the nearest neighbor search (e) Segmentation result of conventional method from color image (f) Segmentation result of the proposed method from color image(g) Segmentation result of
conventional method from multiband image (h) Segmentation result of the proposed
method from multiband image.

mask size = 3 × 3). Figure 9 (f) shows the result of our proposed segmentation
method from color image with diﬀerent size mask patterns according to depth
(r=1 to 4, mask size = 3 × 3 to 9 × 9). We also compared the results between
the multi-band image with four bands to the results of the color image with
three bands. We made the feature vectors consist of the 99 dimensions for color
image, (33 dimension × 3 bands: RGB) and 132 dimensions for multi-band (33
dimension × 4 bands: infrared+RGB). Figure 9 (g) and (h) show a results image
of a conventional method and the proposed method from multi-bands (color +
near infrared), respectively.
Figure 10 shows another segmentation result of Scene #2. Figure 10 (c) and
(d) show the results of the conventional method and the proposed method from
the color image, respectively. Figure 10 (e) shows the result of the proposed
segmentation method from the multi-band image. In addition, all pixels in a
classiﬁed region still have depth using the depth map; therefore, we can localize
classiﬁed texture patterns in 3D. The result of the 3D image segmentation is
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Table 1 Overall recognition rate of our road scene database.
Input
image
2nd-order HLAC
Mask size
Scene #1
Scene #2
Scene #3
Input
image
2nd-order HLAC
Mask size
Scene #1
Scene #2
Scene #3

Color image
(RGB)
Conventional method
Proposed method
r=1
r = 1 to 4
78.8%
82.6%
69.4%
74.1%
77.8%
80.8%
Multiband image
(Infrared+RGB)
Conventional method
Proposed method
r=1
r = 1 to 4
79.8%
84.4%
72.6%
76.1%
79.6%
84.5%

Table 2 Overall recognition rate of Scene #4 (Multi-resolution).

Fig. 10 Experimental results of Scene #2 (a) An example test image with three color bands
(RGB) (b) An example test image with a near infrared band (c) Segmentation result of conventional method from color image (d) Segmentation result of the proposed
method from color image (e) Segmentation result of the proposed method from multiband image (f) 3D texture segmentation result image.

shown in Fig. 10 (f). Table 1 shows the overall recognition rate of the proposed
method in Scene #1, Scene #2, and Scene #3 of our database. The proposed
method can eﬀectively classify the texture patterns by using the relation between
depth and spatial frequency, i.e., relative resolution.
We also performed another experiment on Scene #4 to investigate the proposed
method in multi-resolution as shown in Table 2. Multi-resolution is eﬀective
combined with the HLAC so that we used together mask size of HLAC features.
The conventional method of multi-resolution means that the HLAC features are
extracted from the uniform mask size with multi-scale (r=1 to 3, mask size =
from (3×3)+(5×5)+(7×7)). To apply the proposed method to multi-resolution,
we divided the image into four parts by mean of depth d lineally from 1 to 4. The
proposed method can extract HLAC features from diﬀerent mask sizes according
to depth d (r=1 to 9, mask size = (3×3)+((2d+1)×(2d+1))+((4d+3)×(4d+3))).
Figure 11 shows the segmentation result from the HLAC features of multi-
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Input
image
2nd-order HLAC
Mask size
Scene #4
Input
image
2nd-order HLAC
Mask size
Scene #4

Color image
(RGB)
Conventional method
Proposed method
r = 1 to 3
r = 1 to 9
71.7%
74.6%
Multiband image
(Infrared+RGB)
Conventional method
Proposed method
r =1 to 3
r = 1 to 9
73.2%
76.1%

resolution. Figure 11 (e) and (f) show results of the conventional method from
color and multi-band image, respectively. Figure 11 (g) and (h) show results of
the proposed method from color and multi-band image, respectively.
As a result, we can see that the road, tree, and lane regions are recognized more
accurately in the proposed method. Texture patterns of these regions include
scale-variant features, which are sensitive to perspective structure in a 2D road
scene. It should be noted that the accuracy of the proposed method is better than
that of the conventional method at both single resolution and multi-resolution,
and the accuracy of multi-band images is better than that of color images with
three bands. In addition, we realized that a multi-band image, which includes
near-infrared spectrum combined with visible color spectra, is superior to the
color image for image segmentation, because near-infrared light can transmit

c 2009 Information Processing Society of Japan


228

Texture Segmentation of Road Environment SceneUsing SfM Module and HLAC Features

environment perception.
5. Conclusion

Fig. 11 Experimental results of Scene #4. (Multi-resolution HLAC) This set contained 10
object classes: road, building, tree, trunk of tree, sky, lane1, lane2, sidewalk, car,
sign. The assigned classes and colors were: road-black, tree-green, trunk of treebrown, building-pink, sky-dark blue, lane1-yellow, lane2-orage, sidewalk-gray, carred, sign-light blue, redundancy-violet. (a) An example test image with three color
bands (RGB), (b) An example test image with a near infrared band SfM result image
obtained by infrared image, (c) SfM result image obtained by infrared image (b), (d)
Depth map using clustering and the nearest neighbor search, (e) Segmentation result
of conventional method from color image, (f) Segmentation result of conventional
method from multiband image, (g) Segmentation result of proposed method from
color mage, (h) Segmentation result of the proposed method from multiband image.

and reﬂect diﬀerent spectra relative to the color image of foliage, road and sky.
However, we selected only daytime datasets for the experiments. If the lighting
and weather conditions such as night, snow, or rain are changed, our 3D texture
features will be diﬃcult to extract from those images with diﬀerent environments.
Since the robustness is essential for ITS, we will try to generalize reasonable
features that are almost independent of image appearance, such as motion and
structure features. Brostow, et al.38) proposed a new segmentation algorithm
based on 3D point clouds derived from only motion cues. They tried to combine
motion and appearance features 39) , which were trained independently, by taking
a kind of soft ”AND” operation. Their result inspired the motivation that motion
and structure features are complementary to appearance features. Therefore, the
proposed system should combine motion and appearance features for robust road
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This paper presented a new framework for integrating the SfM module and
texture segmentation scheme for road environment perception. The SfM module
presented a novel method of estimating the ego-motion of a vehicle and road
region from a monocular camera mounted on a vehicle. We generated a dense
depth map of an input image using the clustering method and the nearest neighbor search algorithm. In texture segmentation, the spatial frequency of a texture
pattern was determined by obtaining the depth map. Its features were extracted
from the HLAC functions with variable mask size. The proposed system can not
only eﬀectively classify the texture patterns, but can also represent the patterns
in 3D texture segmentation. The three scenes used in the experiments are selected from real video sequences of a multi-band camera mounted on a moving
vehicle. However, pedestrians and cyclists are not visible. Usually, busier street
scenes can be included with many pedestrians and cyclists at almost all times.
Our system has the main limitation that the proposed method is week in recognition of shape-based objects such as pedestrians, and cyclists. We would like
to extend our datasets to include busier street scenes, either rural or residential,
and mixed road images. As a future work, we intend to integrate the system
of pedestrian detection for the road environment perception, perhaps using a
deformable part model 40) .
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