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Structure from motion (SfM) and appearance-based segmentation have
played an important role in the interpretation of road scenes. The integration of these approaches can lead to good performance during interpretation
since the relation between 3D spatial structure and 2D semantic segmentation
can be taken into account. This paper presents a new integration framework
using an SfM module and a bag of textons method for road scene labeling. By
using a multiband image, which consists of a near-infrared and a visible color
image, we can generate better discriminative textons than those generated by
using only a color image. Our SfM module can accurately estimate the ego
motion of the vehicle and reconstruct a 3D structure of the road scene. The
bag of textons is computed over local rectangular regions: its size depends on
the distance of the textons. Therefore, the 3D bag of textons method can help
to eﬀectively recognize the objects of a road scene because it considers the object’s 3D structure. For solving the labeling problem, we employ a pairwise
conditional random ﬁeld (CRF) model. The unary potential of the CRF model
is aﬀected by SfM results, and the pairwise potential is optimized by the multiband image intensity. Experimental results show that the proposed method
can eﬀectively classify the objects in a 2D road scene with 3D structures. The
proposed system can revolutionize 3D scene understanding systems used for
vehicle environment perception.

1. Introduction
Recently, the vision-based intelligent vehicle systems have tended to integrate
systems of 2D recognition and 3D localization for dynamic scene analysis. In a
road environment scene, what is the most important context for semantic segmentation? At ﬁrst glance, it may seem that a geometric context may help to
determine the likely locations of objects on the road. For scene geometry es†1 TOYOTA CENTRAL R&D LABS., INC.
∗1 Presently with National Institute of Informatics
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Fig. 1 Integration of motion and segmentation for road scene labeling. The video sequence
is utilized in both motion and segmentation on road scene datasets.

timation, stereo vision or an optical ﬂow process is required to cope with 3D
localization.
Leibe, et al. 1) presented a real-time system that can detect obstacles in a 2D
image and localized them in 3D using an SfM module and calibrated stereo cameras. Cornelis, et al. 2) presented a city modeling framework, which builds a
reconstruction and recognition module. The framework detected objects such
as cars and pedestrians, and localizes them in 3D. Brostow, et al. 3) proposed
a segmentation algorithm that is based on 3D point clouds derived solely from
an SfM module. They presented experimental results that combined motion and
appearance features 4) . Their results inspired the idea that motion and structure
features are complementary to appearance features. However, they simply combined two features, which were trained independently, by using a soft “AND”
operation. The success of semantic segmentation methods 5),6) , which show impressive results on challenging datasets (e.g., MSRC 7) , VOC 8) ), suggests that
these methods should be aggressively applied to the above mentioned integration
approaches.
On the other hand, semantic segmentation method is utilized in image-based
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3D object modeling. Quan, et al. 9) proposed a joint segmentation approach that
is formulated within a probabilistic framework using both 3D point data and 2D
image data. They showed the exciting results of 3D segmentation by modeling
all 3D points and 2D pixels into groups of meaningful objects. Xiao, et al. 10) proposed an automatic approach to generate street-side 3D photo-realistic models
from images captured along the streets at ground level. These works are focused
on building 3D object models and matching the model to 2D semantic segmentation. In this paper, however, we present a synthetic framework integrating
semantic segmentation and 3D localization for road scene labeling.
The proposed system uses video sequences of a multiband camera mounted
on a moving vehicle, as shown in Fig. 1. We use multiband images, both nearinfrared and color, because infrared images have essentially been utilized in the
vision process of intelligent vehicle systems such as night-vision systems and
driver monitoring systems. Monocular camera systems are preferred to stereo
camera systems because of the advantages of reducing costs and facilitating ﬁxation relative to stereo systems.
Using a monocular multiband camera, we can estimate ego motion by applying
the SfM algorithms 11) . We estimate the camera motion and detect the road
region from a near-infrared image. The feature points with 3D positions are
calculated, and the parameters of the 3D road plane are estimated. We generate
a dense depth map and apply this map to the semantic segmentation algorithm
with a 3D bag of textons. The features can be extracted by considering the
3D position of the textons and are normalized with an adaptive window size
depending on their depth. To solve the labeling problem, we employ a pairwise
conditional random ﬁeld (CRF) model. The unary potential of the CRF model is
aﬀected by SfM results, and the pairwise potential is optimized by the multiband
image intensity.
Experiments carried out using our multiband image database show that the
integration of motion and the segmentation improve the results leading to a considerably better recognition of close objects. However, these experiments are
conducted using very limited video sequences. In the future, by integrating the
algorithm of obstacle detection, we will use the proposed system to expand the
road scene understanding system with busier street scenes, either rural or res-
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idential, and mixed road images of extended datasets for vehicle environment
perception. This paper is organized as follows: In Section 2, motion and multiband image segmentation are explained, where we estimate the camera motion
and the road region using the SfM module. Section 3 describes the 3D bag of textons and the CRF model for an optimal labeling problem. Experimental results
are shown in Section 4. Finally, we summarize the presented work in Section 5.
2. Structure from Motion Module
Our SfM module is based on the approach proposed by Yamaguchi, et al. 12),13)
to estimate the ego motion of a vehicle from video sequences. It takes the nearinfrared channel of a multiband camera mounted on a vehicle and extracts the
image feature points by using a Harris corner detector 14) .
2.1 Vehicle Ego-motion Estimation
Feature Point Selection First, feature points for ego-motion estimation are
selected from the set of feature points, extracted from the whole image. The
ego-motion is then estimated from the correspondences of the selected points. In
a typical road scene, there are two main problems that aﬀect the estimation of
the ego-motion from the correspondences of the feature points.
( 1 ) There are usually moving objects, such as other vehicles. Feature points
on such moving objects cause false estimation of the ego-motion, since
conventional SfM algorithm assumes that scenes are static.
( 2 ) Roads have few feature points, while background structures (such as other
vehicles, buildings, etc.) display a lot of feature points. A feature tracking
approach would be rendered impractical due to this biased distribution of
feature points.
To overcome these problems, we propose a new scheme for the selection of
feature points, as follows.
( 1 ) We utilize the moving object detection results from the previous frame to
remove feature points on moving objects. Our method for detecting moving
objects is described later. Since we utilize two successive images, i.e. the
previous frame and the current frame, for estimating the ego-motion, we
remove feature points on the detected moving objects in the previous frame.
( 2 ) For a wide distribution of feature points, each image is divided horizon-
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Fig. 2 Estimation of road region by SfM module. (a) Candidate feature points regarded as a
road region are colored as the points get closer, the color shifts from black to red. (b)
Height and depth of road candidate points and feature points.

tally in three zones. The bottom zone may contain the road region, the
middle one may contain low-height objects, and the top one may contain
tall objects. The bottom zone is deﬁned according to the height and the
angle at which the camera is set, so that it contains a large region of road
in typical road scenes. The middle and the top zones are then constructed
by dividing the remaining region equally into two separate regions. Feature
points are selected from each zone, and the number of feature points to be
selected from each zone is set, beforehand.
Where the feature points are extracted from the entire image, background
structures contribute many feature points, while the road region has a smaller
number of feature points. Moreover, some of the extracted feature points are on
a vehicle, which is actually a moving object. On the other hand, in our selection
method, feature points are distributed more uniformly throughout the image and
some feature points on the vehicle are removed in the image. Although feature
points on the moving object cannot be removed in cases where the moving objects
have not been correctly detected in the previous frame, the contribution of feature
points on a moving object is suppressed by selecting points from three separate
zones. Therefore, the ego-motion can be estimated accurately and robustly in a
road scene when using this selection method.
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Fig. 3 Road region obtained by SfM module.

Motion Estimation The fundamental matrix can now be estimated from the
correspondences of the selected feature points using the 8 point algorithm 15) and
RANSAC 16) . The fundamental matrix F is expressed as
F = K− [t]× RK−1
⎛
0
−tz
⎜
= K− ⎝ tz
0
−ty tx

⎞
ty
⎟
−tx ⎠ RK−1 ,
0

(1)

where t = (tx , ty , tz ) is the translation vector, R is the rotation matrix, and
K is the camera calibration matrix. Since it is assumed that the camera is
calibrated, the calibration matrix K is known. Therefore, the motion parameters
are obtained by decomposing the estimated fundamental matrix. The motion
parameters consist of 3 rotational and 3 translational parameters. Since the
translations estimated from images suﬀer from scale ambiguity, the translational
parameters are estimated up to scale and it is provisionally deﬁned that the
magnitude of the translation is normalized. Moreover, the estimated motion
parameters are reﬁned by the Levenberg-Marquardt method. The magnitude of
the translation is determined in the stage where the road plane is estimated.
Moving Object Detection Outlier points that are away from their epipolar
lines (In our experiments, the threshold of distance to an epipolar line is 1 pixel.),
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Fig. 4 Interpolation for dense depth map. (a) SfM results with sparse feature points and
3D road region. (b) Euclidean-distance image. As a pixel gets further away from the
nearest feature point, the grayscale shifts from black to white.

or which have negative distance are detected ﬁrst. The set of outlier points
consists of feature points on moving objects and false correspondence points.
To extract only those points that are on moving objects, the feature points are
continuously tracked over successive frames. Feature points that are continuously
classiﬁed as outliers are added to the set of candidate points for moving objects.
Candidates for points on moving objects are grouped according to their positions
in the image, and the direction and the magnitude of their optical ﬂows.
2.2 Road Plane Estimation
First, we estimate parameters of 3D road plane from 3D positions of feature
points. Then, from the parameters of road plane, we adjust the scale of translation and the reconstructed scene.
Estimation of Road Plane Parameters First, feature points that may be
on the road are extracted as shown in Fig. 2 (a) and the 3D positions of those
points are calculated from the estimated camera motion. Then, the road plane
is estimated in 3D space from the calculated 3D positions. The 3D road plane is
expressed as
ax + by + cz = d,
(2)
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Fig. 5 Dense depth map. Dense depth map is obtained from sparse 3D points of SfM results.

where n = (a, b, c) is the normal vector of the road plane and d is the distance
to the road plane. The normal vector n is normalized, i.e., ||n|| = 1. The point
(x, y, z) is a point on the road plane. To estimate these road plane parameters,
a set of candidates for points on the road is constructed by extracting inlier
points in the road candidate region. The road candidate region is deﬁned in
the image according to the height and the angle at which the camera is set.
The parameters of the road plane are estimated from the 3D positions of these
candidate points. Figure 2 (b) shows typical candidates for points on the road
and their 3D positions. However, the set of candidates for points on the road
usually contains points that are not actually on the road, and points which have
false 3D positions due to error of correspondences. To avoid the inﬂuence of such
points, the LMedS (Least Median of Squares) estimator is used for estimating
the parameters of the road plane.
Estimation of Scale The reconstructed structure of a scene suﬀers from scale
ambiguity when using merely a sequence of images. Our proposed method removes such scale ambiguity in the 3D structure from the estimated distance to
the road plane. We assume that the camera height is known and is ﬁxed. The
scales of the 3D structure and the camera translation are adjusted so that the
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estimated value of d in Eq. (2) is equal to the actual camera height. By using
this scheme for removing scale ambiguity, we can estimate all of the parameters
of 3D motion and calculate the 3D road plane on the input image as shown in
Fig. 3.
2.3 Depth Map
In order to ﬁnd an adaptive window size for a 3D bag of texton, we need to
generate a dense depth map of every input image. The feature points from the
SfM module have sparse 3D coordinates with the exception of the 3D road region,
as shown in Fig. 4 (a). Then, all pixels in an input image should be assigned to
an interpolated depth value, thus resulting in a dense depth map. We use the
nearest neighbor search that is based on the Euclidean distance of the 2D image
coordinates to interpolate sparse feature points. First, the sparse depth map is
transformed to a binary image and computed in the Euclidean distance. If a
pixel has zero value, the pixel is assigned the distance between that pixel and
the nearest nonzero pixel of the binary image. The nearest nonzero pixel is the
feature point with a 3D coordinate obtained by the SfM module. Pixels with
the same distance constitute one region; they are assigned the depth value of the
nearest nonzero pixel, as shown in Fig. 4 (b). At this time, if the pixel number of
one region exceeds the appropriate threshold value, we substitute the maximum
depth value for the nearest depth because we regard the region as the sky or far
objects. Finally, we can get a dense depth map as shown in Fig. 5.

Fig. 6 Filter bank for multiband image. The 17D set ﬁlter banks are expanded to 20D set
for a multiband image.
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3. Multiband Image Segmentation
3.1 Texture Filter Bank
Convolving the image with a bank of linear spatial ﬁlters provides a good local
descriptor of image patches and an eﬀective statistical representation. Kang, et
al. 18) compared the performance of various ﬁlter banks for the multiband image
segmentation. Among the various ﬁlter banks, the 17D set, which is proposed
by Winn, et al. 19) , led to the best performance. The 17D set consists of three
Gaussians, four Laplacian of Gaussians (LoG), and four ﬁrst-order derivatives of
Gaussians. In order to implement the convolution of a multiband image with
four bands, we increase ﬁlter responses by substituting the infrared intensity for
the color intensity. Perceived color diﬀerences should correspond to Euclidean
distances in the color space chosen to represent the features. Since the CIE Lab
was especially designed to best approximate perceptually uniform color spaces,
we utilized the CIE Lab color space for three color bands. Figure 6 shows how
to expand the feature vectors of the 17D set for a multiband image. Therefore,
multiband images are convolved with a 20D ﬁlter bank, and the cluster centers
of the 20D ﬁlter responses are utilized to generate image textons.
3.2 Textonization
Textons are typically a compact representation of ﬁlter bank responses for texture classiﬁcation 20) , image segmentation 21) , and generic object classes 19) . The
multiband images are convolved with a 20D ﬁlter bank and 20D responses for
all training pixels that are whitened to give zero mean and unit covariance. The
K-means clustering is performed to quantize 20D ﬁlter bank responses using
a kd-tree algorithm 22) . Figure 7 shows the examples of textonization results
from color and multiband image. We accomplished this algorithm using the code
of Calssification.NET and TextonBoost 23) implemented by Shotton, et al. 24) .
Finally, each pixel in each image is textonized in the nearest cluster center, producing the texton map. As we can see comparing the (c) and (d) of Fig. 7, by
using a multiband image, we can generate better discriminative textons than
those generated by using only a color image. Note that though the recognition
procedure for segmentation does not execute yet, clustering results are quite accurate. This is partly due to the intensity of the absorption of near-infrared light,
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Fig. 8 Extracting the features from the 3D grid bag of textons. Textons are represented by
grayscale. The histogram is normalized with it window size depending on the depth.

Fig. 7 Textonization result images for color and multiband image. (a) Input color image.
(b) Input near-infrared image. (c) Textonization image using color image, (a). (d)
Textonization image using multiband image, (a) and (b).

as even the clustering process is performed in unsupervised.
4. Integration of Motion and Segmentation
4.1 3D Bag of Textons Method
The bag of textons method 23) has demonstrated good performance for object
categorization and image segmentation. Objects of an input image are a collection of textons and their model can represent a histogram of textons in the
rectangular regions. The local rectangle is called a ‘bag’ of textons. In our approach, we change the ‘bag’ size of each pixel according to its depth. Since road
scenes show a typical perspective image, the depth of the objects of a road scene
should be taken into account for semantic segmentation. Consequently, a big
window size corresponds to close objects and a small window size corresponds to
far objects in the concrete. The histogram of the bag of textons is normalized
by the ‘bag’ size. Therefore, the 3D bag of textons is computed over every pixel
using the dense depth map discussed in Section 2.
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Additionally, although we can change a window size for the 3D bag of textons,
this feature can not inﬂuence the learning of spatial layout of the textons. The
bag of textons model discards the context information for spatial layout, since it
treats an object class as an unordered collection of textons in rectangular regions.
Some objects in a road scene have a particular relation with other objects, e.g.,
cars are on the road, the road is below the sky, lanes surround the road, and so on.
It is important to learn spatial layout and the relative position between objects
from the surrounding image. He, et al. 25) incorporated the local region and global
label features to model shape and context in a CRF. Shotton, et al. 23) proposed
the shape ﬁlter to learn the textural layout automatically. These researches were
aimed at overcoming spatial context problems typically associated with image
segmentation algorithms. In addition, some objects have a particular relation
with other objects, e.g., cars are on the road, the road is below the sky, lanes
surround the road, and so on.
With this objective, we propose a 3D grid bag of textons method which is an
extension of the 3D bag of textons using grid windows. The 3D bag of textons
model has been able to obtain adequate resolution according to its depth, when
features are extracted from image patches. We use a grid window in the adequate resolution (i.e., 3D bag) so that the ordered textons by a grid window can
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learn automatically context information of spatial layout between textons of objects. Similar intuition was proposed in texture classiﬁcation 26) . The researchers
employed only local neighborhood distributions with representations inspired by
MRF models. In the MRF framework, the probability of the central pixel depends only on its neighbors. The 3D grid bag of textons model uses a regular grid
window and neighboring textons to cope with both texture and spatial ordering
constraints of objects, depending on their depth.
Figure 8 illustrates how the proposed 3D grid bag of textons is extracted to
features when the 3D bag of textons is computed over local rectangular regions
from the entire image. As illustrated in Fig. 8, a set S of candidate windows
is chosen as a bin region W 0 from the center pixel i0 and concatenated from
the top-left (W 1 ) to the bottom-right (W 8 ) window. The window size of W 0 is
calculated by using the displacement f (di ) between the top-left pixels i1 and the
center pixels i0 as follows:

wmin
if di > thd ,
(3)
f (di ) =
rounding h(di ) otherwise,
where di is the depth value of center pixel i0 obtained by dense depth map. thd is
the constant used as the threshold depth value. If di is smaller than the threshold
thd , the h(di ) is rounded to a nearest integer and is deﬁned as follows:
h(di ) = (wmax − 1) − (di × wmax /thd ) + (wmin + 1),
(4)
where wmax and wmin are the constant of maximum and the constant minimum
displacements from the center pixel i0 to top-left pixels i1 , respectively.
Finally, the normalized histogram with a variant window size is used as a
feature vector for object recognition. We concatenated the histograms of the
grid windows to the feature vector, as illustrated in Fig. 8. Additionally, we also
use the coordinates of the grid point within the image as a location cue. We
employ the Joint Boost algorithm 27) to select the discriminative 3D grid bag of
textons. Random feature selection and sub-sampling improve the training time
for generating several thousand weak learners.
4.2 Labeling Optimization
We use a plane CRF model 28) . This plane CRF model is characterized by
energy functions deﬁned on unary and pairwise cliques as
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ψi (xi ) +

E(x) =
i∈ν

ψij (xi , xj ).

(5)

i∈ν,j∈Ni

Here, ν corresponds to all image pixels, and N is a neighbor deﬁned on a fourconnected grid structure. The random variable xi denotes the labeling of pixel i
of the image. This energy function is introduced by Kohli, et al. 29) . They solved
the labeling problem by ﬁnding the least energy conﬁguration of the CRF.
The unary potential ψi (xi ) is deﬁned as
ψi (xi ) = P (x|i) × P (x)α ,
(6)
where P (x|i) is the probability distribution given by a boosted classiﬁer. In order
to interpret the boosting conﬁdence as a probability, we applied a softmax transform or multiclass logistic transformation 30) . The probability P (x|i) is deﬁned
as
exp H(x, i)
(7)
P (x|i) = log
x exp H(x, i)
where H(x, i) is a strong classiﬁer, summing the classiﬁcation conﬁdence of weak
learners. Another probability P (x) of unary potential ψi exploits the result of
the SfM module. The SfM module gives a road region prior distribution P (x)
and non-road region prior distribution P (x) respectively. We use the P (x) to
emphasize the likely categories and discourage unlikely categories by multiplying
the distributions using parameter α to soften the prior. If a pixel i is located
in the road region estimated by SfM, the potential ψi is changed to enforce
road-dependency label conservation such as road, lane and sidewalk. Otherwise,
the potential is changed to preserve the nonroad-dependency label such as sky,
building, and tree. The pairwise potential ψij (xi , xj ) of the CRF takes the form
of the contrast-sensitive Potts model 31) using intensities of the multiband image
(CIE Lab and infrared image). Inferring of our CRF is done by applying the
α-expansion graph-cut algorithm. The parameters are estimated by minimizing
the overall pixelwise classiﬁcation error rate on a set of validation images.
5. Experiments
This section presents our experimental results for road scene labeling by using
the proposed method. Current driving assistance systems have multiple cameras
mounted on a moving vehicle for road environment perception. Color cameras
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Fig. 10 The proportion of the training pixels in ground truth images in our database. Right:
Results in pixel-wise percentage accuracy on all test sequences.

Fig. 9 Multiband image dataset. Example training images: The ﬁrst, second, and third rows
show color images, near-infrared images, and ground truth images, respectively. The
assigned classes and colors were: road-black, lane-yellow, sky-blue, tree-green, car-red,
trunk and pole-brown, sidewalk-gray, building-magenta, redundancy-white.

Table 1 Multiband image dataset.
Video Sequence
Seq1
Seq2

Time
60 sec
60 sec

Sampling
1 fps
1 fps

Labeled Image
60
60

Experiment set
Train set
Test set

are utilized for a rear-view monitoring and a blind-corner monitoring system, and
stereo cameras are required to cope with 3D localization and geometry estimation.
Because infrared technologies are now used in driver monitoring systems and
night-vision systems, infrared images are essentially utilized in the vision process
of intelligent vehicle systems. A multiband camera is useful for providing various
images, such as a color image, infrared image, and visible monochrome image,
depending on the requirements of the driving assistant system.
We have investigated the performance of our system on a multiband image
database. Input images are captured using a multiband camera (JAI Inc., AD080CL) mounted on a moving vehicle. The multiband camera can simultaneously
obtain both images of color and near-infrared wavelengths. Near-infrared is utilized in the process of the SfM module. The input image resolution is 1,024 ×
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768 pixels. We have ﬁlmed 10 min of daytime footage and prepared a labeled
image for video sequence. In this experiment, we use two dataset (Seq 1, Seq 2
of road scenes, as listed in Table 1. These video sequences contain eight object
classes: road, building, tree, pole, sky, lane, sidewalk, and car as shown in Fig. 9.
The ego motion of the SfM module is computed at 10 fps, and the labeled images
are available at 1 fps for two sequences, Seq 1 and Seq 2.
We extracted the features from 60 video frames of Seq 1 to get the training
patterns. Each object in an input image is classiﬁed into eight classes and assigned with a color. Figure 10 shows the proportion of training patterns and
the amount of training data is signiﬁcantly biased towards three classes (e.g.,
Road, Sky, Tree) in this dataset. A classiﬁer learned on this data will have a
corresponding prior preference for those classes. To normalize for this bias, we
select training samples of each class equally on a regular grid (25 × 25) per a
video sequence using random subset.
Another video frames (Seq 2 ), which are not used in the training image, are
utilized for the test. We take test examples only at pixels lying on a 5 × 5 grid
because of exhaustive memory and process time. However, the 20D ﬁlter bank
responses and texton map are calculated at full resolution for accurate pixel-wise
segmentation. The maximum and minimum displacements for the window size
of W 0 are wmax = 13 and wmin = 1, respectively. The threshold depth value (Td )
is 80 m, and the texton number is T = 238 for the color image and T = 240 for
the multiband image. At boosting time, we have 10% random feature selection
proportional to 6,000 rounding.
Figure 11 shows the result images of SfM module and Fig. 12 shows the result
images of road scene labeling on a Seq 2 test set. As illustrated in Fig. 12 (c), the
proposed method improves the results leading to a considerably better recognition
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Fig. 11 Experimental results in Seq 2. (a) Example test images with color bands. (b) Example
test images with a near infrared band. (c) SfM result images obtained by infrared
image.

of close objects such as car, sidewalk, lane. Figure 12 (b) shows the segmentation
results of the conventional 2D bag of textons method, in which the bag of textons
are extracted from a uniform bag size (15 × 15).
Figure 13 shows the overall recognition rate of the proposed method in our
dataset. Accuracy is computed by comparing the ground truth pixels to the
inferred labeling. The average indicates the per-class accuracies normalized by
the confusion matrix, and the global segmentation accuracy of the multiband
image is 84.2% with the 3D bag of textons. While only the color image shows
80.6% performance with a 2D bag of textons.
As a result, we can see that the close objects are recognized more accurately
by the 3D grid bag of textons method. It should be noted that the results of the
3D grid bag of textons method are better than those of the 2D bag of textons
method even in the case of multiband images. In addition, multiband images are
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Fig. 12 Experimental results in Seq 2. (a) Ground truth images. (b) Labeling results of color
image with 2D bag of textons method. (c) Labeling results of multiband image with
3D grid bag of textons method.

Fig. 13 Results in pixel-wise percentage accuracy on all test sequences.

superior to color images for road scene labeling because the near-infrared light
can transmit and reﬂect diﬀerent spectrums relative to the color images in 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
method will be diﬃcult to extract from those images with diﬀerent environments.
Since the robustness is essential for ITS, we will try to integrate more reasonable
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features such as appearance feature, motion and structure features, and laser
data. However, we conﬁrm that the proposed system is expected to play an
important role in the complex scene understanding system for road environment
perception.
6. Conclusion
This paper presented a new framework for integrating the SfM module and
semantic segmentation scheme in a road environment perception system. The
SfM module presented a novel method for estimating the ego motion of a vehicle
and a road region from a vehicle-mounted monocular camera. We generated a
dense depth map of an input image using the nearest neighbor search algorithm.
The window size of a bag of textons was determined by the obtained depth
map, and its features were extracted from a multiband image consisting of nearinfrared and color images. The optimal labeling of a plane CRF model was
found by applying the alpha-expansion algorithm that is based on graph cuts.
By integrating other scene interpretation systems, we can expand the proposed
system to a dynamic 3D scene analysis system for vehicle environment perception
in the near future.
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