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Abstract

Vision–based road detection is important in different ar-
eas of computer vision such as autonomous driving, car
collision warning and pedestrian crossing detection. How-
ever, current vision–based road detection methods are usu-
ally based on low–level features and they assume structured
roads, road homogeneity, and uniform lighting conditions.

Therefore, in this paper, contextual 3D information is
used in addition to low–level cues. Low–level photo-
metric invariant cues are derived from the appearance of
roads. Contextual cues used include horizon lines, vanish-
ing points, 3D scene layout and 3D road stages. Moreover,
temporal road cues are included. All these cues are sensi-
tive to different imaging conditions and hence are consid-
ered as weak cues. Therefore, they are combined to improve
the overall performance of the algorithm. To this end, the
low-level, contextual and temporal cues are combined in a
Bayesian framework to classify road sequences.

Large scale experiments on road sequences show that the
road detection method is robust to varying imaging condi-
tions, road types, and scenarios (tunnels, urban and high-
way). Further, using the combined cues outperforms all
other individual cues. Finally, the proposed method pro-
vides highest road detection accuracy when compared to
state–of–the–art methods.

1. Introduction

Vision-based road detection is an important research
topic in different areas of computer vision such as au-
tonomous driving, car collision warning and pedestrian
crossing detection. Detecting roads using a monocular
vision–system is a very challenging problem as the de-
tection algorithm must be able to deal with continuously
changing backgrounds, the presence of different objects
(vehicles, pedestrians), different environments (urban, high-
ways, off–road), different road types (shape, color), and dif-

ferent imaging conditions (varying illumination, different
viewpoints and changing weather conditions). In general,
vision–based methods use low-level features for road detec-
tion [1, 2, 3, 4]. A forerunner system in outdoor navigation
is the Natlab project developed by Thorpe et al. [3]. This
system combines color and texture information to perform
vision–based road tracking. The system is reinforced with
a 3D vision based obstacle detection algorithm. More re-
cently, in [1], Sotelo et al. consider a sequence of images
and combine color information with the shape of the road
detected in previous frames. In [4], Lombardi et al. use tex-
ture to perform pixel classification for road detection.

Color appearance information has been widely used as
the main cue for road detection, since color provides pow-
erful information of the road to be detected in the absence
of reliable shape information. In addition, color imposes
less physical restrictions, leading to more versatile systems.
The two most popular color spaces, that have proved to be
robust to minor illuminant changes, are HSV [1, 5] and nor-
malized RGB [2]. However, algorithms based on these color
spaces fail under severe lighting variations (strong shadows
and highlights among others) and these algorithms show
dependency on highly structured roads, road homogeneity,
simplified road shapes. Further, these approaches only con-
sider pixel level information to reinforce the system or syn-
thetic data which can not be extracted from a single image.
Therefore, in addition to appearance cues, we introduce

Figure 1. Vision–based road detection in real–world scenarios
must be robust to extreme situations such as shadows, reflections,
crowed scenarios or direct light source incident to the camera.
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contextual information such as 3D road geometry and shape
for road detection. It is increasingly being recognized in the
vision community that context information is necessary for
reliable extraction of image regions and objects [6, 7, 8].
However, contextual information has not been used for road
detection before.

Therefore, in this paper, contextual 3D information is
used in addition to low-level cues. Low-level photomet-
ric invariant cues are derived from the appearance of roads.
Contextual cues used include horizon line, vanishing point,
3D scene layout and 3D road stages. Moreover, temporal
information is included. These cues are robust to differ-
ent imaging conditions and hence are considered as weak
cues. Therefore, they are combined to improve the overall
performance of the algorithm. To this end, the low-level,
contextual and temporal cues are combined in a Bayesian
framework to classify road sequences.

In this paper, real–world scenarios are considered with
unpredictable situations and imaging conditions such as
extreme shadows, illumination, and complex road shapes
(Fig. 1). The proposed algorithm exploits 3D information
available in a single image to detect the drivable road sur-
face ahead of the target vehicle (Fig. 2). In this way, we de-
fine different 3D contextual cues such as horizon line (road
should be below of it), vanishing point (where roads are
aimed at), 3D layout (side walks, buildings and sky), and
3D stages (road models).

The novelty of the approach is the introduction of 3D
contextual cues and combining them to obtain a diversified
ensemble of road cues. In general, combining multiple clas-
sifiers is a powerful technique to improve the performance
of single classifiers [9, 7]. The improvement is even higher
when the method uses diversified cues, i.e., cues which are
robust or sensitive to different artifacts present in an image.
In this way, the proposed method extracts information at
scene, image and pixel–level. Further, the proposed method
exploits the sequential nature of the data by considering the
existing correlation between detected roads in consecutive
frames.

Figure 2. The proposed algorithm exploits all the information
available in a single image to detect the drivable road surface ahead
the target vehicle.

The rest of the paper is organized as follows. First, in

Sect. 2, 3D information available from a single image is dis-
cussed. Then, in Sect. 3, information available from image
sequences is exploited. The framework for combining all
the cues is outlined in Sect. 4. Next, in Sect. 5, experiments
are presented and results are discussed. Finally, conclusions
are drawn in Sect. 6.

2. 3D Road Cues from Still Images

The goal is to combine diversified road features taken
from a single image to perform road detection in real–world
driving situations. Diversity is imposed by extracting in-
formation using two different approaches: top–down (3D
scene cues) and bottom–up (pixel classification). The for-
mer imposes 3D knowledge and expectations. The latter
reinforces the visual measurements improving the accuracy
of the results. In this section, three different 3D cues are
discussed: horizon line, vanishing point and road geometry.
Furthermore, constraints are imposed at pixel–level (color)
and mixture of both (layout).

2.1. Horizon Estimation

The horizon line is important information for inferring
where the road is located in each image, i.e., the road is be-
low the horizon line. To estimate the position of the horizon
line, the approach by Sivic et al. [10, 11, 12] is used. This
method estimates the horizon line by applying non–linear
mixtures of linear regressors to the description of an image
obtained using gist descriptors [13]. After the horizon line
is computed, a pixel–wise confidence map H is generated.
A fuzzy labeling approach is used for those pixels close to
the horizon line (Fig. 3). Note that detecting roads using the
horizon line estimation is robust to lighting variations.

(a) (b) (c)

Figure 3. Horizon line cue computed from a single image. (a) In-
put image. (b) Estimated horizon line. (c) Pixel–wise road proba-
bility map from the horizon line estimation. White pixels are those
exhibiting higher probability to be road pixels.

2.2. Vanishing Point

The road area can be detected based on vanishing
points [8, 14]. The perspective effect of an image can be
exploited to estimate the vanishing point and then, detect



where the road is heading. In particular, the soft voting ap-
proach in [8] is used. First, edges are detected using the
maximum averaged response of a Gabor filter. Then, the
vanishing point is estimated using soft voting [8] and domi-
nant and minor edges are located to infer the location of the
different lanes in the road. Finally, a pixel–wise confidence
map V is computed assigning higher confidence to those
regions on the right side of the main road–lane and lower
confidence to those lanes on the left side (Fig. 4). Different
confidences are used because left lanes may contain vehi-
cles driving in the opposite direction.

(a) (b) (c)

Figure 4. Given the input image (a), vanishing point is estimated
using line segments (b). Then, a pixel–wise confidence map is
computed (c). The main lane receives a higher probability than
side lanes.

Detecting the road using the vanishing point is robust
to global lighting variations, different road types, damaged
roads and the presence of other vehicles in the scene. How-
ever, it is not robust against curved roads, heavy traffic and
when strong shadow edges are present.

2.3. 3D Scene Layout

Another 3D cue is the layout of the scene. The layout is
analyzed using three major parts of the image: (1) sky pix-
els, (2) vertical surface pixels and (3) ground pixels. With
these 3D cues the road is limited to ground, non-sky image
regions. Further, regions are avoided which are vertically
orientated (i.e., buildings, vehicles, pedestrians or any other
object present in the scene). The segmentation of the image
in these 3D cues is computed by the method proposed by
Hoiem et al. [15]. This method provides, for each pixel, a
label and a confidence map for each class (Fig. 5). Hence, a
pixel–wise road confidence map L is obtained considering
those pixels which have higher probability of being ground
areas than being vertical surfaces or being sky.

Road detection using scene layout is robust to different
types of asphalts, lane markings and pedestrian crossings.
However, scene-layout for road detection may be sensitive
to shadows as the algorithm uses superpixel segmentation.

2.4. 3D Road Geometry

Another important cue for detecting the road is its 3D
geometry. This road geometry can be inferred using a scene

(a) (b) (c) (d)

Figure 5. The input image (a) is partitioned in three 3D geometry
classes: sky, vertical surface and ground. Using the approach of
Hoiem et al. [15], a pixel–wise confidence is estimated for each
class (sky areas (b), vertical surfaces (c) and ground areas (d)).
The whiter the pixels, the higher the probability of a class.

(road) classification algorithm where each class represents
typical 3D road geometries such as left turn, straight road
and junctions [16].

Road detection via scene classification is performed in
two steps. First, the road geometry is obtained using the
image features and then the corresponding road probabil-
ity map for that geometry is selected (Fig. 6). In this pa-
per, a simple one–vs–all classifier approach is used where
specific classifiers for each geometry are trained using fea-
tures extracted from class–specific training sets. Further, a
road probability map is computed off–line using the manual
segmentation of training images. These segmentations are
averaged to obtain a pixel–wise confidence map G contain-
ing the probability of the corresponding input image pixel
depicting road surface.

Following the approach in [16], images are described us-
ing opponent SIFT descriptor with dense sampling [17] (10
pixels sampling grid). K-means is used for dimensionality
reduction. This descriptor is invariant to image scale and
rotation, and robust to changes in illumination, noise, and
minor changes in viewpoint. Then, for each class, a SVM
classifier is trained and the one–vs–all approach is used for
classifying each new image.

(a) (b) (c)

Figure 6. Geometric information for road detection. (a) Input im-
age, (b) road geometry via scene classification, (c) pixel–wise con-
fidence map which is learned off–line using training images.

This cue provides 3D information of the shape of the
road from a single image. It is robust to local illumination
effects such as shadows and highlights. Further, the result
(detected road) can not degenerate since it is forced to be in
one of the 3D geometry classes.



2.5. Road Appearance

Color is a powerful cue for road detection. It provides
additional information to the previous shape cues. How-
ever, photometric invariant information is needed to pro-
vide robustness to lighting conditions. Algorithms based on
transformed color spaces (i.e., HSV [5, 1] or rg [2]) are,
to a certain degree still sensitive to lighting variations such
as strong shadows and highlights. Therefore, in this paper,
the photometric invariant road detection approach in [18]
is used. The algorithm exploits the lighting invariant ben-
efits of a physics–based color space [19] combined with a
model–based region growing algorithm in a frame-by-frame
framework. The model is built at each frame using the nor-
malized histogram of several seeds placed at the bottom part
of the image. The output of the algorithm is a pixel–wise
similarity C with the road model (Fig. 7).

(a) (b) (c)

Figure 7. Photometric information for road detection. (a) Input im-
age, (b) Illuminant–invariant image, (c) Confidence map is com-
puted based on the similarity between pixels and road model.

This method is robust to varying illumination conditions
and shadows and provides pixel–level accuracy. However,
the algorithm may fail when images are overexposed and
in the presence of lane–markings, pedestrian crossings and
heavy traffic.

3. Road Features from Image Sequences

In the previous section, different constraints are com-
puted from still images for the detection of roads. In addi-
tion, the sequential nature of the data is considered. There-
fore, temporal cues are extracted to constrain the algorithm
to newly obtained sequential data. In this way, the algorithm
considers the temporal road consistency, i.e., the road ahead
of a vehicle can not change drastically from one frame to
the next one. This temporal coherence is exploited at two
different levels: featured–based (local) and image–based
(global).

3.1. Feature–Based

The feature–based approach enables the inclusion of
temporal coherence to each feature independently. A
straightforward approach is including the temporal dynam-
ics to track points along the horizon location or the van-

ishing point. To achieve this, two different Kalman filters
are used for temporal smoothing of the position of the hori-
zon line (HL) and the vanishing point (VP). HL and VP
are the state variables of the filters and the observations are
the output of the respective algorithms. Then, under the as-
sumption of constant speed of the vehicle, the dynamics of
each filter is xt+1 = Axt + w and the observation model is
yt = Hxt + v. A is the dynamics matrix, H refers to the lin-
ear relationship between the state and its observations and
w and v are noise biasing the model and the disturbances
corrupting the measurements respectively.

3.2. Image–based

The key idea is to include temporal information, con-
sidering that the road geometry in the current frame is not
much different from the road in previous frames. However,
due to the dynamic nature of data sequences, recent obser-
vations should be taken into account more prominently than
distant ones. In this way, temporal information is added us-
ing time series analysis to predict the expected values of
observations rather than simple averages over views. This
is specially relevant when other vehicles are present in the
scene.

To this end, an exponentially weighted moving average
(EWMA) [20, 21] is used to express the dynamic structure
of the data (previously detected road). This process is able
to cope with sudden changes in the data. Further, EWMA
assumes that the road detected in the current frame is cor-
related (similar) to the road detected in previous frames.
EWMA uses a decay factor that weighs the influence of
each past result. Thus, more recent results receive higher
weights than older ones. Using EWMA, the weights are
computed as follows:

E[p(xi = R)t ] =
1

∑T
j=1 λ j−1

T

∑
j=1

λ j−1 p(xi = R)(t− j), (1)

where E[p(xi = R)t ] is the expected probability of a pixel
being a road at discrete instant time t (current frame) and
p(xi = R)(t− j) is the probability of a pixel being a road
j frames before the frame being analyzed. Further, λ is
the decay factor. This factor determines both the degree of
weighting of recent observations. A lower decay gives a
higher weighting to recent values. Parameter T can be set
to infinity since the weighting procedure will rapidly reduce
to zero for distant results. Since 0 < λ < 1, λ n −→ 0 when
n −→ ∞, the process will eventually place a zero weight on
observations far in the past.

4. 3D Scene Cues for Road Detection

In previous sections, different confidence maps are com-
puted based on road cues. In this section, a method is dis-



cussed to merge these confidence maps for combined road
classification.

4.1. Feature Combination and Classification

Feature combination is divided in two different parts: per
frame combination and temporal adaptation. First, given a
single input image I, the probability is obtained for a pixel
xi depicting the road surface R, p(xi = R|I). Then, from this
image, different cues Pj are computed as detailed in Sect. 2.
In fact, the five different cues considered are (1) horizon H,
(2) vanishing point V , (3) scene layout L, (4) road geometry
G and (5) road appearance C: P = {H,V,L,G,C}. Then,
the confidence maps obtained for each cue is interpreted
as the prior–conditional probability of a pixel being road,
p(xi = R|Pj). Further, pixels are assumed to be condition-
ally independent and that the cues (i.e., p(Pj)) are uniformly
distributed over their respective domains. Then, the proba-
bility of a pixel being road is p(xi = R|P1,P2, . . . ,P5). Then,
Bayes’s rule is applied twice to obtain:

p(xi = R|P1,P2, . . . ,P5) ∝
5

∏
j=1

p(xi = R|Pj)p(xi = R), (2)

where p(xi = R) is the probability of a pixel to belong to
a road. More than 5000 different images (including dif-
ferent scenarios, road widths, and types) have been manu-
ally segmented and their ground truth is averaged to obtain
p(xi = R).

In addition, the image–based temporal information is in-
corporated. To this end, the expected road probability map
for the current frame is combined with the estimation of the
road for that frame (Sect. 3) using an adaptive model [22].
Thus, prior road results and the current estimated road con-
fidence are integrated pixel–by–pixel into the final proba-
bility map as follows:

p(xi = R)a = (1−α)E[p(xi = R)t ]+α p(xi = R)t , (3)

where p(xi = R)a is the (final) probability of a pixel being
a road pixel, E[p(xi = R)t ] is the estimated pixel probabil-
ity from Eq. (1) and p(xi = R)t is the probability of a pixel
being road in the current frame using road cues in Sect. 2.
Further, α is an adaptation parameter. The lower α , the
more persistent the model is. The result is a highly adap-
tive model, robust to sudden changes and variability in road
pixels due to noise, shadows and road texture.

Once the combined confidence map is computed, the
classifier assigns a road or background label to each pixel.
In this paper, this is achieved by thresholding the confidence
maps. An important aspect of this approach is considering
only positive examples (road confidences) in the classifica-
tion step. This is an advantage due to the complexity and
diversity of the background class (different scenarios, vehi-
cles, buildings, pedestrian, sky and so on).

5. Experiments

A large scale dataset of different image sequences is used
in the experiments. These sequences are acquired using
an on-board color camera by the Sony ICX084 CCD sen-
sor (640x840 and 8 bits per pixel) at 15fps. Images are
taken at 10 different days, different daytime (e.g. morn-
ing, noon and afternoon) and for three different scenarios
(urban, highways and secondary structured roads). Thus,
images exhibit different backgrounds, different lighting and
weather conditions and the presence of other objects such as
vehicles or pedestrians (Fig. 8). The dataset is divided into
three different non-overlapping subsets, S1, S2 and S3. S1
consists of 500 images containing 10 different road appear-
ances (straight, left turn, right turn, strong left turn, strong
right turn, near and distant car in the same lane, near and
distant car in the opposite lane and the last one refers to
other road appearances such as intersections and traffic cir-
cle). This subset is used for training the stage classifier. S2
consists of 5000 images with different road shapes and is
used for generating the road prior as described in Sect. 4.1.
Finally, S3 consists of more than 10000 images from differ-
ent scenarios, days and daytime and is used for evaluating
the proposed algorithm.

Figure 8. Example images from the database. Top row: images
showing highways. Middle row: images showing urban scenarios.
Bottom row: images showing secondary structured roads.

Quantitative evaluation is performed on a subset of S3
consisting of 1000 images selected from every 8 frames.
All these images are manually segmented to generate the
ground–truth. Performance evaluation is provided using
pixel–wise measures from which four error measures are
computed: quality ĝ, detection rate DR, detection accuracy
DA and effectiveness F , see Table 1. Further, a valid road
result index V RI is used. A result is useful (V RI = 1), when
at least 80% of non road boundary pixels are correctly clas-
sified. Otherwise, the result is useless (V RI = 0). Bound-
ary pixels are discarded to reduce the inherent error when
images are segmented manually to generate the ground–
truth [23].

The performance of the proposed method is validated
and compared to different road detection algorithms. The
first algorithm is based on the vanishing point estima-
tion [8]. The second is based on the layout of the scene [15].



The third is based on the geometry of the road [16]. The
last two algorithms are photometric–based approaches: the
illuminant–invariant algorithm in [18] and the HSI based
algorithm proposed in [1] and used in [5]. For fair compari-
son, the parameters of these algorithms are obtained using a
exhaustive learning approach. In this way, a set of images is
processed and evaluated using all possible values within the
range of each parameter. The proper set of parameter val-
ues is the one which maximizes the average performance.
Finally, the performance of our method using temporal in-
formation is included.

Contingency Ground–truth

Table Non–
Road

Road

R
es

ul
t

Non–
Road

TN FN

Road FP TP

Pixel–wise measure Definition

Quality ĝ = T P
T P+FP+FN

Detection rate DR = T P
T P+FP

Detection accuracy DA = T P
T P+FN

Effectiveness F = 2PR
P+R

Table 1. Right table describes pixel–wise measures used to evalu-
ate the performance of detection results. These measures are de-
fined using the entries of a contingency table (left).

Example results are shown in Fig. 9. The performance of
the algorithms is outlined in Table 2. Further, the dataset is
divided in different scenarios (highways, urban like and sec-
ondary structured roads, see Fig. 8) and the performance per
scenario is outlined in Table 3. This partition provides more
insight in the relevance of each final ensemble cue. For in-
stance, the use of vanishing points is relevant for highways,
because of the lane markings. However, its performance
may be negatively influenced for urban scenarios due to the
diversity of edges in these images.

From the results, it can be derived that combining cues
improves the overall performance of road detection. This
improvement is even higher when temporal information is
included. In this case, the improvement is at expense of
a slight loss of accuracy in preserving objects present in
the scene (vehicles or pedestrians). Finally, the results ob-
tained using the combination framework do not degenerate.
A large portion of the road is detected despite the acquisi-
tion conditions. There is a decrease in performance in urban
like scenarios where the image contains large sidewalk ar-
eas. In most cases, these areas have the same appearance as
the road.

The algorithm is currently implemented in Matlab code.
However, parallel computing can be applied to reach real–
time requirements since all visual cues can be executed sep-
arately.

6. Conclusions

In this paper, contextual 3D information is used in addi-
tion to low-level cues. Low-level photometric invariant cues
are derived from the appearance of roads. The contextual

Complete database
ĝ DA DR F V RI

Vanishing [8] 0.63±0.16 0.70±0.19 0.87±0.13 0.76±0.14 70%

Layout [15] 0.56±0.44 0.59±0.46 0.69±0.42 0.59±0.45 61%

Geometry [16] 0.45±0.04 0.62±0.08 0.74±0.05 0.70±0.04 59%

Illuminant–
invariant [18] 0.74±0.34 0.76±0.35 0.88±0.25 0.78±0.34 73%

HSI
based [1] 0.68±0.16 0.57±0.14 0.69±0.10 0.63±0.10 65%

Our
methoda 0.75±0.16 0.92±0.07 0.82±0.19 0.85±0.11 82%

Our
methodb 0.84±0.23 0.87±0.3 0.90±0.22 0.86±0.25 92%

Table 2. Performance of different road detection algorithms using
the complete database.

ausing 3D cues from still images.
bincluding features from image sequences.

cues used are 3D road cues including horizon lines, vanish-
ing points, 3D scene layout and 3D road stages. Moreover,
temporal road cues are included. The low-level, contextual
and temporal cues are combined in a Bayesian framework
to classify road sequences.

Large scale experiments on road sequences have shown
that the road detection method is robust to varying imaging
conditions, road types, and scenarios (tunnels, urban and
highway). Further, using the combined cues outperforms
all other individual cues. Finally, the proposed method pro-
vided highest road detection accuracy when compared to
state–of–the–art methods.

Acknowledgements

This work was supported by the Spanish Government (projects
TRA2007-62526/AUT and Consolider Ingenio 2010: MIPRCV
(CSD200700018)) and the Catalan Generalitat (project CTP-
2008ITT00001).

References

[1] M. Sotelo, F. Rodriguez, L. Magdalena, L. Bergasa, and
L. Boquete, “A color vision-based lane tracking system for
autonomous driving in unmarked roads,” Auton. Robots,
vol. 16, no. 1, 2004.

[2] C. Tan, T. Hong, T. Chang, and M. Shneier, “Color model-
based real-time learning for road following,” Procs. IEEE
ITSC, pp. 939–944, 2006.

[3] C. Thorpe, M. Hebert, T. Kanade, and S. Shafer, “Vision and
navigation for the carnegie-mellon navlab,” IEEE Trans. on
PAMI, vol. 10, no. 3, pp. 362 – 373, May 1988.

[4] P. Lombardi, M. Zanin, and S. Messelodi, “Switch-
ing models for vision-based on–board road detection,” in
Procs. IEEE Intl. Conf. on Intel. Transp. Systems, 2005.



(a) (b) (c) (d) (e) (f) (g) (h)

Figure 9. Example results of the proposed road detection algorithm. Given an image (a) the road region is estimated using different cues:
(b) horizon line, (c) vanishing point, (d) 3D scene layout, (e) 3D road geometry and (f) road appearance. The pixel probabilities from each
cue is then combined using a bayesian framework (g). Finally, temporal information is included. Then, the result (h) is obtained binarizing
the probability map using a fixed threshold.



Highways
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