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ABSTRACT

Road detection from a monocular camera is an important
perception module in any advanced driver assistance or au-
tonomous driving system. Traditional techniques [1, 2, 3, 4,
5, 6] work reasonably well for this problem, when the roads
are well maintained and the boundaries are clearly marked.
However, in many developing countries or even for the rural
areas in the developed countries, the assumption does not
hold which leads to failure of such techniques. In this pa-
per we propose a novel technique based on the combination
of deep convolutional neural networks (CNNs), along with
color lines model [7] based prior in a conditional random field
(CRF) framework. While the CNN learns the road texture,
the color lines model allows to adapt to varying illumination
conditions. We show that our technique outperforms the state
of the art segmentation techniques on the unmarked road
segmentation problem. Though, not a focus of this paper,
we show that even on the standard benchmark datasets like
KITTI [8] and CamVid [9], where the road boundaries are
well marked, the proposed technique performs competitively
to the contemporary techniques.

Index Terms— Road segmentation, road detection, graph
cuts, CNN, CRF

1. INTRODUCTION

With the rapid progress in machine learning techniques, re-
searchers are now looking towards autonomous navigation of
a vehicle in all kinds of road and environmental conditions.
While, many of the problems in autonomous driving look
easy in sanitised city or highway environments of developed
countries, the same problems become extremely hard in clut-
tered and chaotic scenarios particularly in developing coun-
tries. Road segmentation is one such problem, where many
techniques work successfully when the roads are well main-
tained and boundaries are clearly marked. In many parts of
the world, such as rural and undeveloped areas, the assump-
tion is not valid, which leads to failure of these techniques.
The focus of this paper is on road segmentation for such dif-
ficult cases where the roads are not maintained (potholes or
different textured patches) and the road boundaries are not
marked.

Fig. 1: The focus of this paper is on segmentation of unmaintained
roads without markings. We propose color lines model [7], in con-
junction with a CNN model in a CRF based framework. The color
lines model helps CNN adapt better to varying illumination and road
conditions. The proposed model outperforms state of the art on the
benchmark as well as the dataset captured by us on the targeted road
conditions.

Road segmentation is a challenging problem given the ob-
served variability with different times of the day, changing
lighting conditions, weather, and variable road conditions etc.
Presence of potholes, and even the filled potholes, which lead
to variability in the road texture further complicate the prob-
lem. Road markings often act as a secondary cue, but may
not be available in all situations. In the last decade, com-
puter vision researchers have proposed broadly two styles of
techniques to detect the roads from images as well as videos.
Feature based techniques like [1, 2] use lane markings and
road boundaries, whereas model based techniques [3] use im-
age or structure based priors and geometrical assumptions for
detecting roads. Learning methods like [4, 5, 6] try to learn
features based on image information like image histograms.

Despite tremendous progress in deep learning based
techniques for semantic image segmentation, detecting road
boundary remains a challenging problem due to the wide vari-
ability of roads and marking conditions in different countries.
It has been observed that the network trained on a particular
kind of dataset, often do not perform well in different road
conditions [9, 10].

We note that modern machine learning based techniques
do not exploit physics based color model which can help pre-



dicting wide variations in appearance of road under different
illumination conditions. In a different setting, Omer and Wer-
man [7] has showed that the effect of an illuminant on the
color of an object can be approximately modelled as additive.
This implies that the color of the object approximately follows
a linear curve under different illumination conditions. We use
their model, hereinafter referred to as color lines model, to
model the visual appearance of a road. We use the model
as prior in conjunction with likelihood from a standard CNN
model (SegNet) within a CRF framework. The novelty of the
proposed model is that it allows the deep network to adapt
to roads with varying texture and appearance. We validate
our model on standard benchmarks as well as on datasets of
unmarked roads captured by us.

2. RELATED WORK

Alvarez et al. [11] assume that roads appear in the lower part
of the images to model road appearance in the whole image.
Low-level cues such as color [12, 13, 14, 15], or a combina-
tion of color and texture [16] have also been used for road seg-
mentation. However, the assumptions fail often. For example,
color based models can not model large intra-class variability
usually observed among pixels of the road. Also, the bot-
tom part of the image often include back part of a vehicle
in the front. Shadows on the road pose additional challenge
in identifying the road regions. Alvarez et al. [12] propose
a training-based illumination-invariant color space to handle
shadows. Sturgess et al. [17] use semantic labeling of pixels,
where a pixel classifier is learnt from motion based features
and smoothness is encouraged by modeling the image with
a Conditional Random Field (CRF). In [18], a model of the
road is learnt from training data which is then refined from
unsupervised images. Other notable techniques use temporal
consistency and use detection results in previous images as
training data for the current frame [13, 15]. Zuo et al. [19]
has proposed a combination of model and feature based ideas
to adapt to various road conditions. Deep neural networks
with fully convolutional model has been proposed by Long et
al. [20] for the problem. Researchers have observed that the
deep networks trained on a particular dataset fail to adapt to
a different domain restricting the wider applicability of these
models [9, 10]. Alvarez et al. suggest non-parametric models
to circumvent such problems [21]. Fritsch et al. [22] have
recently proposed a dataset to compare various road detection
techniques. Other larger and more general datasets such as
CamVid [9], KITTI[8] and Cityscapes [23] have road as one
of the labels.

3. PROPOSED METHODOLOGY

In the absence of any explicit road markings, color and tex-
ture of the road represent two dominant cues for the road
segmentation. Deep convolutional neural networks have been

shown to be adept at learning various texture patterns for ob-
ject detection and image segmentation problems. However,
the models are typically trained to ignore the color to achieve
invariance against illumination. The color of the road is an
important cue for the segmentation but is useful only if we
can learn the appearance model under various illumination
and weather conditions. We use color lines model [7] to pre-
dict road appearance under varying illumination.

3.1. Learning Road Texture

In this paper we use pre-trained SegNet [25] model which
segments the image into 12 different classes including a label
for the road. We club all the other labels, except for the road,
into a background class. The pre-trained model, as is, does
not perform well on the unmarked road segmentation because
of its inability to exploit road color cues. However, we make
up for this weakness by inserting color lines based appearance
model. It may be noted that we use SegNet because of its abil-
ity to learn road texture efficiently. Other similar techniques
(based on deep learning or without) could have been equiva-
lently used without changing the proposed formulation.

3.2. Learning Road Color Model

We learn frame specific color lines model for road appearance
in each video frame. We use SegNet output to bootstrap and
initialize the road pixels for learning the appearance model.
The entire RGB space is quantized into bins using discrete
concentric spheres centered at origin. The radius increases in
multiples of some constant integer. The volume between two
consecutive spheres is defined as a bin. Bin k contains the set
of RGB values of image points lying in the volume between
kth and the k + 1th concentric spheres.

We use the segmentation from the SegNet to create two
color line models, one for the road and the other for the back-
ground. Here we have made a simplifying assumption of sin-
gle color line for the background as well. Each of the lines
is modelled as the set of representative RGB points falling on
this line. We compute a representative point, each for road
and background, corresponding to every bin. The represen-
tative point for road (background) is computed as the mean
RGB color of the road (background) pixels in that bin. We
also compute the variance of the RGB colors which we use
later to compute the probability of a test color originating
from the color line.

For any pixel with RGB value x, we first compute the
bin it lies in. We then compute the score of it lying on the
road (or background) as the probability of it originating from
a Gaussian distribution with mean as the representative point
of road (background) in that bin and variance computed as
described above. In case there is no representative point in
that bin we use the color lines model to extrapolate the line
to that bin. This helps us in attaining color constancy under
varying illumination



Method Benchmark MaxF AP PRE REC FPR FNR

Segnet

UM ROAD 82.17 % 76.46 % 84.03 % 80.40 % 6.97 % 19.60 %
UMM ROAD 88.59 % 83.54 % 88.35 % 88.84 % 12.88 % 11.16 %
UU ROAD 77.23 % 69.23 % 82.29 % 72.76 % 5.10 % 27.24 %
URBAN ROAD 84.04 % 78.76 % 85.50 % 82.63 % 7.72 % 17.37 %

Ours

UM ROAD 83.50 % 72.28 % 76.37 % 92.09 % 12.98 % 7.91 %
UMM ROAD 90.30 % 83.33 % 86.43 % 94.53 % 16.32 % 5.47 %
UU ROAD 79.89 % 67.48 % 77.01 % 82.99 % 8.07 % 17.01 %
URBAN ROAD 85.73 % 76.89 % 81.02 % 91.01 % 11.74 % 8.99 %

Table 1: Segmentation Results on the KITTI [8] dataset. MaxF: Maximum F1-measure, AP: Average precision as used in PASCAL VOC
[24] challenges, PRE: Precision, REC: Recall, FPR: False Positive Rate, FNR: False Negative Rate (the four latter measures are evaluated at
the working point MaxF). This is as mentioned in the KITTI Benchamrk Suite [8]

Method PRE REC F val
Segnet 93.07 % 94.86 % 93.95 %
Ours 93.31 % 94.99 % 94.14 %

Table 2: Segmentation Results on Camvid [9] Testing dataset

3.3. CRF Formulation

We use the scores for the road and the background to create a
conditional random field based graphical model [26, 27]. For
the CRF formulation, the problem is modeled as a 2 label, cor-
responding to road and background, labeling problem. The
CRF formulation creates a graph corresponding to the prob-
lem with nodes corresponding to each pixel, along with two
special nodes s and t referred to as source and sink respec-
tively [26, 27]. There are edges between pixel nodes (called
inter-pixel edges) and between source/sink and pixel nodes
(called terminal edges). The terminal edge capacities corre-
spond to the data term of the energy minimization problem as
in [26, 27] and the inter-pixel edge capacities correspond to
the smoothing cost.

We set the capacity of the terminal edge from each node
to the source as the score for that pixel originating from road
computed (as described in Section 3.2). Similarly, we set the
capacity of the terminal edge from each node to the sink as the
score for that pixel originating from the background. We also
multiply these capacities by the confidence of the pixel being
on road that we get in the form of the probability of a label by
SegNet. We compute the capacity of inter-pixel edge between
pixel x and y as: Vxy = Pr(x|i)∗Pr(y|j)+Pb(x|i)∗Pb(y|j).
Here we assume x and y belongs to bin i and j respectively.
Pr(x|i) and Pb(x|i) represent the score of pixel x for originat-
ing from road and background respectively. We infer the best
labeling having the maximum posterior probability by finding
the minimum cut in this specially created graph.

4. RESULTS

We evaluate our method on images from different datasets.
For urban roads we use images from the KITTI [8] and

CamVid [9] datasets. For rural roads, we use the dataset
captured by us on the Indian road conditions. We present
quantitative as well as qualitative results. We use a SegNet
network which was trained on an ensemble of 3433 images
[25]. The choice of SegNet was made owing to its state of art
performance and availability of the pretrained model.

Table 1 shows a comparison of our method with SegNet
on the KITTI [8] dataset obtained via submission on their on-
line interface. As seen from the results, we get improvement
of several points over the SegNet model. A few qualitative
results showing significant visual improvement are shown in
Fig 2.

We also evaluate our method on CamVid [9] dataset, a
publicly available dataset for semantic segmentation. Since
we are only interested in the detection of roads, we use preci-
sion and recall for the road as a metric. The results are shown
in Table 2. As the performance of SegNet is already quite
good and saturated on this dataset, we only achieve small im-
provement on this dataset.

For rural road conditions, we present some qualitative re-
sults on the images captured by us. Fig. 3 shows some results.
Fig. 4 shows results on some unmarked road images down-
loaded from the internet. We observe significant improvement
in such images.

5. CONCLUSION

In this paper we have proposed a novel algorithm for road
detection under varying illumination using a monocular cam-
era. The proposed alorithm uses SegNet for modelling road
texture and color lines model for learning appearance of un-
marked and un-maintained roads commonly found in devel-
oping countries as well as rural areas in the developed world.
Experiments show superiority of the proposed approach over
state of the art.
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Fig. 2: Each column depicts results on a different image taken from the KITTI dataset [8]. The first row for each column denotes the output
after running Segnet [25] and second row shows the results by our method.

Fig. 3: Each column depicts results on a different image taken by us on Indian roads. The first row for each column denotes the output after
running Segnet [25] and second row shows the results by our method.

Fig. 4: Each column depicts results on a different image taken from the internet. The first row for each column denotes the output after
running Segnet [25] and second row shows the results by our method.
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