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ABSTRACT texture analysis17], the Gabor filters have significant computation
i . PSR : e complexity. There are some recent efforts to address this draw-
Vanishing point estimation is a crucial task in vision-based road d:FaCk [11,12,14-16]. In [12], a fast algorithm involving interpolation
[

tection. This paper presents a new texture-based voting sche ! ! - S .
which enhances both accuracy and speed of vanishing point es 'om just four Gabor filters is proposed for texture estimation. This

mation. In the proposed method, color tensors analysis is adopteaé)pro.aCh 1S enh_ance_d i, which employs response thresholdlng
to calculate local orientations and color edges. The search spacealgd tr_lgonometnc adJ_ustment._ In another a_p_proachi the Gaborfllters
reduced by optimizing the set of vanishing point candidates and vo :ank in [L1] is approximated .W'th a composition of binary Hagr-llke
ers. A new strategy based on Bayesian classifier is proposed to sel |J:tters to rec_iuce the complexny. In some studies, the Gabor filters are
a suitable voting function. The proposed method is evaluated on %eplaced with other S(.)IUt.'OHS’ €.g. gLoG and coIort_ensors]{B].
benchmark dataset of 4000 images of pedestrian lanes with annp- To select the vanlshln_g_ point frgm a set of candidates, te>§ture-
tated vanishing points. The experimental results show that it offenr-g_‘ased methods usually utilize a voting scheme. For examplé),in [

an improved accuracy and significantly faster processing time co |Fn 2c:nr(i|diitr$s f?r:ev\l/golt?ndU(sj::eo?gsthaereplgslcsuml}g?e%o%?oer;cfrr\]et: u?f;;
pared with other state-of-the-art methods. 9 gion. 9 p

(voters) located below each candidate. This voting scheme is com-

Index Terms— vanishing point, pixel-wise voting, Bayesian putationally intensive because of the large search space. It also fa-
classifier. vors the candidates located in the upper region of the image. There

are a number of efforts in improving the VP voting scheme. In the
1. INTRODUCTION Local Adaptive Soft Voting (LASV) algorithm proposed ii|{ only
pixels in the half-disk region located below the candidate are consid-

A vanishing point (VP) is considered as a useful image feature irgred as voters. To reduce the bias, the voting score in this algorithm
many applications, such as road detectiindamera calibratiord], takes into account the spatial distance between the VP candidate and
and 3D reconstructior8]. In road detection,4-6], vanishing point  voter. In more recent studie$, [L5], the VP voters include only color
estimation (VPE) is employed to provide contextual cues about thedge pixels located below the candidate. However, in these texture-
scene. However, the task of estimating the vanishing point from &ased methods, the search space still involves a large number of VP
single road image is challenging, due to the unconstrained nature 6andidates. This hinders the use of texture-based approach despite
the road scenes and the real-time requirement of practical applicéfs accuracy for various types of road scenes.
tions. A VPE method in road scenes has to offer fast running time as  This paper aims to enhance the voting scheme of the texture-
well as robustness to various imaging factors, including road typeased approach in both speed and accuracy. The main contributions
lighting conditions, and weathers. are twofold. First, we present a new strategy for defining the set of

Generally, state-of-the-art VPE methods can be grouped intyP candidates and VP voters, thereby reducing the search space sig-
two categories: edge-based and texture-based. Edge-based methaiisantly. Second, we introduce a new approach for calculating the
[4,7,8] first locate dominant straight lines, which often correspondVP voting score, which combines different weighting functions and
to road borders and lane markings. Algorithms such as the Hougthe Bayesian decision rule. The remaining of the paper is structured
transform P] or Line Segments Detectio (] have been applied to as follows. The proposed VPE method is presented in Se2tion
extract lines from edge features of the image. Next, the intersectiorfsxperiments and results are given in Secand the conclusion is
of these lines are considered as the VP candidates, from which thgovided in Sectiod.
VP is selected via a voting scheme. Because usually the number of
lines/intersections is small, the voting scheme in edge-based meth- 2. PROPOSED VPE METHOD
ods is simple and involves a small search spdcg 8]. Overall, the
edge-based methods offer fast execution time and they have reasorhe VPE method proposed in this paper involves three main stages:
able accuracy for structured scenes. However, these methods are f)oéxtracting local texture orientation and color edge map from the
so effective for unstructured scenes. input image; ii) identifying vanishing point candidates and voters;

In comparison, texture-based methods first try to find the domand iii) determining the VP using a pixel-wise voting scheme with
inant texture orientation at each image pix&|4, 11-16]. In un-  weight functions. These stages are illustrated in Eig.
structured scenes, orientation features are more suitable than edge
fgatu_res wher_1 yoting for the vanishing poibl.[For orientation es” o1 Extracting local texture orientation and color edge map
timation, traditional methods use a large number of Gabor filters,
e.g. 144 filters (2 phases, 72 orientations)5h pr 180 filters (5 In this stage, color tensor analysis] is applied. For the input RGB
scales, 36 orientations) ii]]. Despite their proven accuracy for image!, with the color channelg, (k = 1,2, 3), the color tensor
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Fig. 1. lllustration of the proposed vanishing point estimation: (a) a color input image with sample pixel orientation imposed; (b) line segment:
detected with Hough transform; (c) VP candidates; (d) VP voters; (e) voting score map and the detected vanishing point (red asterisk). S
electronic color figure.

structure of the image is given by search space for VP candidates is regulated by the trainable thresh-
old 7, and is now significantly reduced.
T = (Tzr Twy) 1) To define VP voters, we initially consider the edge pixels (repre-
Toy Tyy sented by the binary edge m&}) located below each VP candidate.

Based on the observation that the road boundaries consist of pixels

where with similar orientations, a histogram of local orientations for the all
the pixels is calculated. The edge pixels with a small count in this
Tyw = [ DyooD } , e pixels s
ve =8% | DizoDia orientation histogram are removed from the VP voter pool. Further-
Ty =g * [Z Diy o Dm} , ©) more, the pixels having vertical orientations are not co_nmdered as
voters, because they mostly represent the non-lane objects, such as
Tyy = g * [Z Diwo Dk,y} ) trees, lamp posts, and wallls.

In (2), Di,, and Dy, are the derivatives afy along the hori-
zontal and vertical directions respectivelydenotes the 2-D convo-
lution ando denotes the Hadamard produgtis a 2-D Gaussian fil-
ter. Next, we calculate the eigenvectors and eigenvalues of the col
tensors structur@ similarly as in [L8,19]. The texture orientation
mapO is obtained from the eigenvectors as

I N S(c) = ,€). 5
O—Qacta (Tm—Tyy)' ?3) (c) zv:f(vc) (5)

2.3. Pixel-wise voting with weighting method

Gonsider a VP candidae and a VP votew. Let f(v, c) be the
voting score contributed by voterto candidate. The accumulative
voting scoreS(c) is defined as

The gradient energies along the dominant orientations are given byrhe candidate with the highest score is considered as the image van-
1 ishing point. The accuracy of the voting scheme depends on the
A= 5 [Tm + Tyy + \/(Tm —Tyy)? + 4T3y] . (4)  voting scoref(v,c). Generally, this voting score should be high
if the local orientation at votev has a similar direction as the line
The color edge map (binary and the edge strength map (non- Connecting(wc), and if voterv is spatially close to candidate
binary) E are obtained by applying non-maximum suppression and Let O(v) be the local orientation at, and¢(v, c) be the an-
hysteresis thresholding af. We will useO, B andE in the next  gle of the line connectingv, c). The angle differencé\(v,c) is
stage. calculated as

A(v,¢) = 0(v) = ¢(v, ). (6)
2.2. Defining VP candidates and voters . .
If the angle differenceA(v, c) exceeds a threshold] the contri-

A new strategy is proposed to optimize the number of VP candidatesution of the voter is nullified. Letl(v,c) be the Euclidean dis-
and VP voters. To define VP voters, we observe that the VP is Iotance betweer andc. To improve consistency, we use the normal-
cated near of the intersections of the dominant straight lines in thgzed distancel = d(v, ¢)/L, and the normalized angle difference
image. Hence, the Hough transfor@] [s first applied on the edge A = A(v,c)/6.

strength map¥ to detect the straight lines in the input image. The The voting function is formed by combining two weight func-
edge strength mafy (instead of the binary map) is employed to  iqns:

take into account weak edges, which often present in unstructured - o
scenes. The intersections of the detected lines are calculated in the f(v,c) = wi(d) x w2(A) A< '17
Hough space and projected into the image plane. Next, centered on 0 otherwise,
each intersection, a square patch of size T x L is constructed, _ 7
where L is the image diagonal and is the search threshold. The wherew: (d) depends on the normalized distance, andA) de-
union of all the square patches is selected as the VP candidate poBENds on the normalized angle difference.

The square shape is chosen for better computational efficiency. The As mentioned abovey: (d) andws(A) should be decreasing

@)
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functions. We propose the following weighting functiéns the normalized Euclidean distances between the detected vanishing
points and the ground-truth vanishing points. The second metric is

wi(d) = exp (—d), the standard deviatiostd of these normalized distances. The third
A) — 1 (8) metric is the average timeto process an image. For comparison

w2(A) = 1+ A" purpose, all the images were resized to the same hei ix-

+
. . . o els. All experiments were conducted in MATLAB on a PC with a
Hence, the first choice for the voting function is given as 3.4 GHz CPU and 8 GB of RAM.
op(-d A <1,
filv,e) = {0 ! otherTNise © 3.2. Analysis of algorithm parameters

Several experiments were conducted to select a suitable voting func-

The second choice for the voting function is given as tion. First, we evaluated different versions of the weight functions

1 w1 (d) andwz(A) in (7) on 200 training images. The results, shown
fa(v,c) = 1A (10)  in Table1, indicate thatv; (d) = exp (—d) andws(A) = 1/(1+A)
give higher accuracy than the other weight functions.
We find that for some imagef (v, c) is a better voting func- Second, we evaluated the voting functign(v, ¢) in (9) and

tion than f2(v, c), and for other imageg:(v, c) is a better voting  other common voting functions. The results, shown in Tabte

function thanf: (v, c). To adaptively selecf: (v, c) or f2(v,c),we 200 training images, show th#{ (v, c) performs better than three
propose to adopt the Bayesian decision rule for minimum @®t[  other voting functions.

For each input image, two features are computed. sLleg the
longest line segment detected in the previous stage. The first feature

is the the length of, normalized against the image diagodal Table 1. Comparison of different weight functions on 200 training
I=|s|/L. (11) images of the PLVP dataset.

The second feature is the angle betweemd the vertical axis, nor- Weight{unction e std

malized by the angle threshodd i 0.0568 | 0.0768
y=Zs/é. (12) wd | gggif 33?3?

exp (—d?) 0.0540 | 0.0711
L 0.0658 | 0.0907

Using a training set of input images and labeled vanishing

points, we estimate the class-conditional probability density func- 44
tionsps ({,~) andpz (1, ~) that f1 (v, c) or f2(v, c) performs better wa(A) TIAZ. 0.0663 | 0.0917
than the other, respectively. For a new test image with featuard exp (—92) 0.0664 | 0.0916
~, the voting functionf; (v, c) is used if exp (—A®) 0.0664 | 0.0916
nlby) (13)
p2(l,7)

wherea is a threshold. The class-conditional pdfs can be estimate
in many ways, e.g. se€(). In this paper, we use a 2-D histogram
approach with a total aV? bins.

q‘able 2. Comparison of different VP voting functions on 200 train-
ing images of the PLVP dataset.

Votingfunction e std
3. EXPERIMENTS AND ANALYSIS exi(gd) 0.0534 | 0.0706
In this section, the image dataset and experiment methods are de- 11 (5] 0.0651 | 0.0898
scribed (SubsectioB.1). Then, the effects of different parameters of 1+dxA [}1] 0.0591 | 0.0820
the proposed method are analyzed (Subse&ign Finally, the pro- exp (—d x A)[14] | 0.0578 | 0.0806

posed VPE method is compared with other state-of-the-art methods
(Subsectior8.3).

Third, we compared different histogram sizes for the Bayesian
3.1. Image dataset and experimental methods classifier described inl@). Note that a higher histogram size pro-

We utilized the Pedestrian Lane Detection and Vanishing Point Esti\-/IdeS a finer pdf estimation, but requires more storage and training

. . . . samples. In this experiment, 3500 training images were used to con-
mation (PLVP) datasetl[, which currently consists of 4.000 Images trucF; 4 different Ba?yesian classifiers wiiiag2 6429 1282, and2562
of unmarked pedestrian lanes, taken under various imaging con ins. Table3 shows the VPE errors on the 3’500 irainin’g images. For
tions. The ground-truth vanishing point for each image has beeg : )

. . : omparison purpose, the VPE error obtained when using only VP
marked manually by volunteers. The first 500 images in the datas%ting function i (v, c) (i.e. no Bayesian classifier) is also shown.

were dedicated for testing, and the remaining 3500 images were uti- The results in Tabl8 indicate that the Bayesian classifier needs

lized for training. at least64? bins to improve VPE accuracy compared with usin
The performance of the VPE methods on the dataset was evalﬁa . . P Y p ng
e voting functionfi (v, c) alone. In addition, the best result is

ated based on three metrics. The first metric is the mean vadde achieved with th@562 histogram bins. Therefore, in the subsequent
1A justification for these weighting functions is given in Sect®g experiments, a histogram size2i¥6? bins was used.
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Fig. 2. Visual results of vanishing point estimation methods. Ground-truth vanishing point: red asterisk. Proposed method: white squart
Edge-based]: yellow cross. Konget. al [6]: blue triangle. Moghadaret. al [12]: cyan triangle. Phungt. al [1]: green circle. See
electronic color image.

Table 3. VPE error performance on 3500 training images for differ- Table 4. Performance of vanishing point estimation methods on 500

ent histogram sizes of of the Bayesian classifier. test images of the PLVRataset.
| Method | e | std | t(s) |

| Configuration | e [ std | Edge-based]] 0.1211 | 0.1771 | 0.0249
327 binsclassifier 0.0539 | 0.0713 Konget. al[6 0.0811 0.1039 2.9982
642 binsclassifier 0.0528 | 0.0706 Moghadarret. al[12] 0.2009 | 0.1032 | 0.5942
1287 binsclassifier 0.0517 | 0.0656 Phunget. al[1] 0.0710 | 0.0949 | 0.5739
2562 binsclassifier 0.0504 | 0.0639 Proposednethod 0.0503 | 0.0638 | 0.1315
No classifier,f1(v,c) only | 0.0538 | 0.0712

the testimages. In most cases, compared with the other methods, the
3.3. Comparison with other methods vanishing points detected with the proposed method (white squares)

are closer to the ground-truth vanishing points (red asterisks).
The proposed vanishing point estimation method was compared with
the edge-based method (Waatg al [4]) and three texture-based
methods (Konget. al [6], Moghadamet. al [12], and Phunget. al
[1]).The evaluation was performed on 500 test images of the PLVP
dataset.

Table4 presents the performance of the above VPE methods on
the test set. The proposed methed= 0.0503, std = 0.0638)  An enhanced voting scheme is proposed for texture-based vanishing
provides the best accuracy and stability. In terms of execution timegpoint estimation in unstructured road scenes. The method employs a
the proposed method & 0.1315 s) is significantly faster than three new strategy to reduce the search space and computation time. The
evaluated texture-based methods. The edge-based method has W voting score includes new weight functions, which are selected
shortest computation timé.0253 s), but it has the highestand  adaptively using a Bayesian classifier. Overall, the proposed VPE
std. method yields significant improvements in computation time and ac-

Figure 2 provides some visual results of the VPE methods oncuracy over several state-of-the-art approaches.

4. CONCLUSION
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