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Abstract
This paper presents a visual recognition method to identify types of corridor segments such as T-junctions, L-junctions, and dead ends using vanishing point-based visual features and a two-layer recognition
framework. This approach is useful for efﬁcient robot navigation in the sense that a mobile robot is able
to recognize the corridor segment type before reaching it, allowing the robot to make navigation decisions in advance. Furthermore, owing to our novel visual features made by using nonvertical vanishing
points satisfying Manhattan world assumption, it is more probable for a mobile robot to recognize corridor segment types under partial occlusion by human. Experimental results have also been provided to
demonstrate the validity of the proposed approach in real world environments.
Ó 2012 Taylor & Francis and The Robotics Society of Japan
Keywords
space recognition, corridor segment recognition, vanishing point, HMM, Manhattan world

1. Introduction
Most corridors contain few distinct features which would allow mobile robots to
build their own maps, and because of this reason, the map constructed might not
include sufﬁcient information for the robot to correctly determine its own location. Various types of corridor segments, including T-junctions, L-junctions, and
dead ends, allow the robot to localize itself more easily using information about
the structure of its environment. In this paper, six types of ﬁne-level corridor
segments and two types of coarse-level corridor segments are deﬁned, providing
alternative landmarks for mobile robots.
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There are a lot of researches to extract and recognize a landmark in indoor
environment [1–7]. However, recognition of corridor segment types has been
addressed by few studies to date [8–11]. Beranger et al. [10] considered a grayscale 360° panoramic view at the center of an intersection and used multilayered
neural networks to recognize three-branch intersections. Using this method, a
mobile robot identiﬁes an intersection type only at the center of the intersection
as the captured panoramic view is used as input to the neural network. In practice, it is important not only to recognize the corridor segment type, but also to
do recognition before the robot reaches the structural landmark to enable the
robot to plan its navigation in advance. Boada et al. [8] developed recognition of
distinctive features such as corridors, halls, narrowings and corridors with open
doors in indoor environments using measurements from a laser scanner and hidden Markov models. Aycard et al. [9] deﬁned ﬁve distinctive locations, including
corridors, T-intersections, start of corridors, etc., and used ultrasonic sensors and
second order hidden Markov models (HMMs) for recognition. However, data
from ranged sensors such as laser range ﬁnders or ultrasonic sensors can pick up
noise and other erroneous readings in real environments, especially as corridor
segments are frequently occluded by people. Hui Liu et al. [11] developed a
method to classify straight corridor segments and junctions based on image
brightness values and a genetic algorithm. The experiments conducted within this
study were performed in well-controlled environments, in which no human
occlusion occurred.
In this study, a recognition system was developed using a two-layer stochastic
framework and visual features instead of the range data used in previous works
[8,9]. As a result, a mobile robot is able to recognize types of corridor segments,
performing this recognition not only on arrival, but also during its approach. Furthermore, it is more probable for a mobile robot to recognize corridor segments
under partial occlusion due to human. Speciﬁcally, the system exploits vanishing
points to characterize the types of corridor segments we deﬁned. Analysis of
vanishing points provides strong cues for inferring information about the structure of an indoor scene [12–16].
In robotics, stochastic models are useful for solving decision-making problems
such as action selection, simultaneous localization and mapping, sensor estimation, and place recognition [17–20]. This study considers the recognition of several types of corridor segments as a pattern classiﬁcation problem [21], in which
the coarse-level corridor segment type is determined using a simple Bayes classiﬁer [22] and the ﬁne-level corridor segment type is modeled using HMMs
[23,8,25,26]. Within this proposed two-layer recognition framework, the identiﬁcation of the coarse-level corridor types facilitates the ﬁne-level corridor type
recognition.
Main contributions of this work are three. Firstly, we recognize types of
corridor segments by analyzing orientation of edges on the basis of vanishing
points. Secondly, we propose three-dimensional feature vector which effectively

Y.-B. Park and I.H. Suh / Advanced Robotics 26 (2012) 1915–1937

1917

characterize corridor types. Lastly, we develop hierarchical probabilistic inference
algorithm to deal with data including incorrectly classiﬁed edges.
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2. Feature Extraction
This section will introduce the visual feature extraction process, which is based
on the detection of vanishing points. The analysis of vanishing points provides
strong cues, from which information about the three-dimensional structure of an
indoor scene can be inferred. Coughlan and Yuille [12] proposed the existence of
three mutually orthogonal vanishing directions in any given scene; this is known
as the Manhattan world assumption. This approach to vanishing point detection
was used in this study, since the Manhattan world assumption is reasonable in
most man-made indoor environments, particularly in corridors.
2.1. Types of Corridor Segments and Three Cameras for a Mobile Robot
As shown in Fig. 1, the types of corridor segment are hierarchically categorized.
The two coarse-level corridor segment types are I-corridor (IC) and nonI-corridor
(NIC). Within the NIC category, there are six ﬁne-level corridor segment types.
These are: T-junction ahead (FT), left-facing T-junction (LT), right-facing T-junction (RT), left-facing L-junction (LL), right-facing L-junction (RL), and dead end
(DE).

Figure 1. Types of corridor segments. The red circle represents the center of each corridor
segment, with the arrow indicating the orientation of the robot.
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Figure 2. (a) Mobile robot with three front-mounted cameras. (b) Images captured using the three
cameras.

Testing of this recognition method was performed with Pioneer 3-DX by
MobileRobots Inc., which is most commonly used for mobile robot applications.
Three cameras were mounted on the front of the robot, facing left-front, center,
and right-front, respectively, as shown in Fig. 2(a). The heights of three cameras
are 130 cm and relative directions of the front, left-front and right-front cameras
are 0°, 30°, and 30°, respectively. The orientation of the camera was arranged
to capture the appearance of a corridor segment better and earlier than if only
the center camera was used. Figure 2(b) shows the three images captured by the
cameras as the robot approaches an RT. The resolution of camera is 320  240.
2.2. Assigning Sample Pixels to One of Three Vanishing Points
According to the Manhattan world assumption, most captured image edges are
oriented toward one of three vanishing points. Figure 3 shows how each sample
pixel is assigned to either one of three vanishing point groups according to the
orientation of the edge or is otherwise not assigned. In this study, sample pixels
are determined by ﬁrst obtaining the image edges using the Canny edge detector
[27]. From this, sample pixels are selected at regular intervals along the edges.
At most, one sample pixel is selected within each 15  15 region. To detect vanishing points, and assign each sample pixel to one of the three vanishing point
groups simultaneously, a simpliﬁed version of the method used by Schindler and
Dellaert [13] was developed. Schindler and Dellaert use a Bayesian approach
and the expectation maximization (EM) algorithm to group edges and search for
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Figure 3. Each pixel is assigned to either one of three groups corresponding to three vanishing
points, or placed in an ‘unknown’ group.

unknown parameters that inﬂuence the grouping of the edges. Main difference is
that the existence of more than three mutually orthogonal vanishing directions is
prohibited in our method in the sense of Manhattan world assumption and thus
our approach can reduce computational cost.
Given a gradient image G, the system must estimate a set of unknown parameters  that inﬂuence the location of the three vanishing points V . The parameters  ¼ R, where R presents the 3  3 rotation matrix of the 3D orientation of
the cameras. The parameters  and the vanishing points V have a functional
relation V ¼ f ðÞ. Given this, the maximum a posteriori estimate   must then
be obtained for the parameters  by maximizing the posteriori PðjGÞ,
  ¼ argmax PðjGÞ / PðGjf ðÞÞPðÞ


ð1Þ

There are two assumptions in this work. Firstly, the robot should travel along the
center of the corridor. It is because that orientations and positions of the left and
the right cameras are ﬁxed and the left and the right cameras should capture left
and right sides of an intersection simultaneously, where most important features
for discriminating intersection types can be observable. Secondly, one of two
vanishing points associated with the xz-plane (i.e. plane parallel to ﬂoor) should
be located in the center region of the middle image, except a case where the
robot rotates. This assumption is required for calculating z3t (see detail in Section 2.3). The nearest vanishing point from the center of each image is denoted
by vp1, the vanishing point orthogonal to vp1 is denoted by vp2, and the vanishing point at inﬁnity in the vertical direction is depicted by vp3.
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The model at a sample pixel p is denoted as mp . Each sample pixel is either
assigned to one of the three vanishing points in the set V (i.e.
mp 2 fvp1 ; vp2 ; vp3 g) according to the orientation of the edge at each pixel, or
remain unassigned to V (i.e. mp 2 ), in which  denotes a random edge. As
shown in Fig. 3, we denote v1, v2, v3, and U as sets of sample pixels corresponding to vp1 , vp2 , vp3 , , respectively. The posterior PðjGÞ is then deﬁned
as the sum over all possible model conﬁgurations M ,
X
PðGjM ; f ðÞÞPðMÞ
ð2Þ
PðjGÞ ¼ PðÞ
Downloaded by [Hanyang University] at 00:32 29 October 2012

M

where the prior PðM Þ is assumed not to depend on . The summation over all
model conﬁgurations M is intractable for all but small images. However, if conditional independence between gp (the gradient measurement at the sample pixel
p) given a model at the sample pixel mp and the set of vanishing points V , Equation (2) becomes somewhat more tractable:
YX
PðjGÞ ¼ PðÞ
Pðgp jmp ; f ðÞÞPðmp Þ
ð3Þ
p

mp

To determine the parameters, EM is used, allowing efﬁcient nonlinear optimization to be performed over  .
An EM formulation leads to an algorithm where the following two steps are
iterated until convergence:
• In the E-step, the current estimate  old for the parameters is ﬁxed and a conditional posterior PðM jG;  old Þ is calculated over the model conﬁguration M :
PðM jG;  old Þ /

Y

Pðgp jmp ; f ð old ÞÞPðmp Þ

ð4Þ

p

A set of weights wpm can then be obtained for each sample pixel p in the E-step:


wpm ¼ Pðmp jgp ;  old Þ

ð5Þ

• In the M-step, the expected log-posterior Qð;  old Þ is maximized with
respect to  to obtain a new parameter  new. The reestimated parameters
 new are calculated by minimizing the weighted least-squares error
obtained by summing only over the cases mp ¼ fvp1 ; vp2 ; vp3 g. It is important to note mp ¼ R does not depend on , since there is no predicted
orientation in this case:
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Qð;  old Þ ¼

X X
p

wpm logðPðgp jmp ; f ðÞÞÞ þ logðÞ

ð6Þ

mp 2V

 new ¼ argmax Qð;  old Þ
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ð7Þ

The likelihood model PðGjM ; f ðÞÞ is shared between the E-step and the Mstep. Here, gradient measurements M are decomposed into gradient magnitude E
and gradient orientation /. Using this, the following likelihood model is
obtained:
Y
Pðep jmp ÞPð/p jmp ; f ðÞÞ;
ð8Þ
PðGjM ; f ðÞÞ ¼
p

where ep is the gradient magnitude and /p denotes the gradient orientation. The
likelihood of the gradient orientation Pð/p jmp ; f ðÞÞ models the distribution
over orientation given the edge model m and the set of vanishing points V , and
is deﬁned as

N ð/p  hðvpi ; lp Þ; rÞ if mp ¼ vp1 ; vp2 ; vp3
1=2p
mp ¼ 

where lp ¼ ½u; v; 1T is the location of the sample pixel p in homogeneous coordinates. The predicted edge orientation hðvpi ; lp Þ is computed by taking the cross
product.
vpi  up ¼ ½x; y; 1T

From this, h is computed as arctanðy=xÞ. A zero-mean Gaussian is performed on
the difference between the measured and predicted edge orientations (/  h),
with no exploitation of the likelihood of gradient magnitude. The right term of
Equation 6 can then be rewritten as:
X X
p

wpm ð/p  hðvpi ; lp ÞÞ2 þ logðÞ

ð9Þ

mp 2V

The algorithmic detail of detection of the three vanishing points and allocation of
sample pixels to each vanishing point is described by Schindler and Dellaert [13].
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2.3. Construction of the 3D Feature Vector Using Groups of Assigned Sample
Pixels
When the robot moves through an IC, most of the sample pixels are assigned to
v1 . When the robot approaches an NIC, the number of pixels assigned to v2
increase. The pixels in v3 are not used to identify the type of corridor segment.
We deﬁne three-dimensional feature vector at time t for the quantitative evaluation of structural characteristics.
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Zt ¼ fz1t ; z2t ; z3t g

ð10Þ

In the above equation, z1t is deﬁned as nðvl2t Þ=ðnðvl1t Þ þ nðvl2t ÞÞ, where n denotes
the number of pixels in each group, the subscript t indicates the time t, and the
superscript l denotes the left image. For example, nðvl1t Þ indicates the number of
pixels in group v1 of the left image at time t. Similarly, z2t is identical to z1t but
z2t extracted from the right image. Finally, z3t indicates the normalized distance
between the robot and the wall in front of the robot. We do not directly measure
this distance instead, we measure distance from the vanishing point in the center
region of the middle image and nearest horizontal line under the vanishing point.
Here, we assume the line to be the boundary between the ﬂoor and the wall. We
consider this measure as the distance from the robot and the wall in front of the
robot. We refer the measure as “normalized distance” because we choose the longest distance in experiments as denominator. z3t is formally deﬁned as
ðpv  pl Þ=dmax , in which pv is y position of vanishing point, pl denotes y position
of the horizontal line, and dmax is the longest distance. As Fig. 4(a) and (b)
show, when the robot is far from the wall, the distance between the vanishing
point and the horizontal line is short, but when the robot is near the wall, the
distance between the vanishing point and the horizontal line is relatively long.
This distance increases as the robot approaches the wall.
Figure 5 shows four sequences of three-dimensional vectors as the robot
moves from IC to FT, DE, LT, and LL. The x-axis indicates the index of the
frame and the y-axis shows values from 0 to 1. In the case of FT, the values of
z1 and z2 increase from 0 to 1. As the robot moves through IC, the majority of
sample pixels from the right and left images are assigned to v1 . As the robot
approaches FT, the number of sample pixels assigned to v2 increases, and the z3
values increase from near 0 to near 1. This is because the distance between the
robot and the wall is very far while the robot is in IC, which decrease as
the robot reaches the end of FT. In the case of DE, the sequence of threedimensional vectors is similar to the sequence found in FT, except the maximum
values of z1 and z2 are smaller than the maximum values in FT case. The values
of z1 during the LT and LL cases are similar, increasing to over .8. Conversely,
the maximum values of z2 and z3 during the LT case are smaller than those
found during an LL. This is because the structural appearance of the left sides
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Figure 4. Normalized distance between the robot and the wall it is facing is calculated by
considering the distance between the vanishing point in the center region of the middle image and
the nearest horizontal line beneath.

Figure 5. Four sequences of three-dimensional feature vectors as the robot moves from IC to FT,
DE, LT, and LL.

view of an LT and LR are similar, whereas the structural appearance of the right
and front sides differ.
3. Recognition of Types of Corridor Segment
IC and NIC, deﬁned as two types of coarse-level corridor segments, are classiﬁed using a simple Bayes classiﬁer. The identiﬁcation of corridor type at a
coarse-level facilitates the recognition of six ﬁne-level corridor types, by trigger-
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ing the following ﬁne-level stochastic procedure. Here, the characteristics of a
type of corridor segment at ﬁne-level are modeled using a HMM.
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3.1. Observation
As described in the previous section, the extracted feature vector from the three
images at time t is a value in three-dimensional continuous space. This vector
cannot be used directly as the observation for HMM or Bayes classiﬁer methods
due to its huge possible feature space. To achieve a better estimation for the
observation likelihood functions, 10 sequences of feature vectors are collected
for each corridor segment during the training phase. For each sequence, range of
the number of frames is from 220 to 390 and traveling distance is in the range
15–30 m. The feature vectors are then all clustered using the k-means algorithm.
k is the number of clusters and it should be determined before performing
k-means clustering. k is determined based on experimental evaluation. Speciﬁcally, the value of k is increased from 1 to a sufﬁciently large value k and k
maximizing the recognition performance is then chosen. We set k = 13. The
cluster indices are exploited as observations. The observation likelihoods for the
two coarse-level and six ﬁne-level corridor types are obtained by performing this
k-means clustering on the three-dimensional feature vector during the learning
phase. Figure 6 shows the example of the observation likelihoods of IC and
NIC, where k is 13. During the recognition phase, an observation at time t is
formally deﬁned as follows:
ot ¼ argmin dðli ; Zt Þ;

ð11Þ

i¼1;:::;k

where li is the mean of the i  th cluster, d denotes the Euclidean distance function, and k is the number of clusters.
3.2. Overview
To better understand the two-layer recognition procedure, the learning and recognition algorithms are described in the following subsections.
3.2.1. Learning Algorithm
Before the recognition phase is executed, it is necessary for the system to learn
the characteristics of each type of corridor segment in terms of the model parameters such as initial distribution, state transition probability distribution, and
observation probability distribution. The learning phase consists of ﬁve steps
summarized as follows:
• 1. Select a type of a corridor segment to learn and navigate the segment.
• 2. Detect three vanishing points from each of the three cameras.
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Figure 6. Observation likelihoods for IC and NIC cases, the x-axis shows the observation symbol
index and y-axis represents the probability of each observation occurring.

• 3. Extract three-dimensional visual features based on the detected vanishing
points.
• 4. Transform the feature vector into the cluster index using Equation 11.
• 5-1. Return to Step 2 and repeat until the robot reaches the corridor segment.
• 5-2. When the robot reaches the corridor segment, return to Step 1 and
select another corridor segment of the same type and repeat until sufﬁcient
observations have been obtained to learn the corridor type.
• 5-3a. For ﬁne-level learning, when sufﬁcient observations have been
obtained, estimate the parameters using the Baum–Welch algorithm and
terminate the learning process.
• 5-3b. For coarse-level learning, when sufﬁcient observations have been
obtained, generate the observation likelihood function and terminate the
learning.
This learning procedure must be repeated for all corridor segment types.

1926
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3.2.2. Recognition Algorithm
This procedure consists of six main steps summarized as follows:
• 1. Select a type of corridor segment for the robot to recognize and navigate
the corridor segment.
• 2. Detect three vanishing points from each of the three cameras.
• 3. Extract three-dimensional visual features based on the detected vanishing
points.
• 4. Transform the feature vector into the cluster index using Equation 11.
• 5. Perform recognition of the coarse-level corridor segment type based on
the Bayes decision rule.
• 6-1. If the result of the recognition is IC, return to Step 2.
• 6-2. If the result of the recognition is NIC, perform an HMM-based inference at the ﬁne-level to identify the corridor type at a more detailed level.
3.3. Two Classiﬁcation Methods
A Bayes classiﬁer is a simple probabilistic classiﬁer based on the application of
Bayes’ theorem using naive independence assumptions. HMM is a robust
approach for handling complex temporal signals and is a useful technique for
classiﬁcation based on learned model parameters and a sequence of temporal
observations. Because of these advantages, the Bayes classiﬁer and HMM are
suited to both the simple classiﬁcation task of recognizing coarse-level corridor
types, and the relatively complicated problem of classifying ﬁne-level corridor
types, respectively.
3.3.1. Bayes Classiﬁer for Coarse-Level Recognition
Bayes’ formula shows that by observing the value of o, the prior probability
Pðxj Þ can be converted into a posteriori probability Pðxj joÞ. The posterior represents the probability of the state xj , given an observation value o. In the case of
two-category classiﬁcation, a simple Bayes decision rule can be considered:
Decide

x1

if

Pðx1 joÞ  Pðx2 joÞ

ð12Þ

This form of the decision rule emphasizes the role of posterior probabilities.
Using this rule, the posterior probabilities can instead be expressed in terms of
the likelihood and prior probabilities:
Decide x1

if

Pðojx1 ÞPðx1 Þ  Pðojx2 ÞPðx2 Þ

ð13Þ

Some additional in sight can be obtained by considering a few special cases such
as Pðx1 Þ ¼ Pðx2 Þ. In this case, the decision is based entirely on the likelihood
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Pðojx1 Þ. In this study, PðICÞ and PðNICÞ are assumed to be equal, therefore
coarse-level corridor segments are decided using the likelihood values for each
corridor type. Both observation likelihood functions for IC and NIC are learned
using training data.
To classify the coarse-level corridor type through comparison of likelihood
values, the joint density function for all observations must ﬁrst be speciﬁed. In
this case, each observation was assumed to be conditionally independent of each
other given the observation likelihood function h. Therefore, the joint density
function can be expressed as:
f ðo1 ; :::; ot jhÞ ¼ f ðo1 jhÞ  f ðo2 jhÞ    f ðot jhÞ ¼

t
Y

f ðoi jhÞ:

ð14Þ

i¼1

3.3.2. Six HMMs for Fine-Level Recognition
An HMM is characterized the following variables:
•
•
•
•
•

N: Number of states in the model.
M: Number of observation symbols.
The initial distribution pi
The state transition probability distribution A ¼ faij g
The observation probability distribution
B ¼ fbj ðoÞg

• Observation sequence O ¼ o1 ; o2 ; :::; ot
For each type of coarse-level corridor segment, a HMM is generated, representing a particular characteristic of the place. The chosen model has two states
(N = 2) and three transitions, as shown in Fig. 7. Thirteen observation symbols
(M = 13) are used as mentioned before. xinter indicates the intermediate section, in
which the characteristics of a type of corridor segment begin to appear, and xdist:

Figure 7. HMM model for a corridor segment.
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represents the distinctive section, in which the visual pattern of one type of corridor segment is distinguishable. In the case of a ﬁne-level corridor type, there are
two observation likelihoods for xinter: and xdist: states.
And there are three problems associated with HMM:
• Evaluation: Finding the probability of a set of observations occurring given
a particular HMM. These probabilities can be used to calculate a score via
the forward–backward algorithm to show how applicable the given model
is to the sequence.
• Decoding: The determination of the optimal order of hidden states to generate the observed sequence. The Viterbi algorithm is commonly employed
to solve this problem.
• Learning: The estimation of the model parameters such as pi , A ¼ faij g,
and B ¼ fbj ðoÞg. There exist no particular algorithm to solve this optimally, however most common methodology is to adapt the Baum–Welch.
The coarse-level recognition procedure is carried out using the forward–backward algorithm. As a result, a good recognition result entails ﬁnding the model
with the highest probability given a sequence of observations.
3.4. Two-layer Recognition Framework
Within this study, a two-layer recognition framework was proposed. According
to this framework, the robot is only required to evaluate two coarse-level corridor types in the upper layer by means of a simple Bayes classiﬁer. The upperlayer inference prevents the robot from wasting computational resources at every
measurement otherwise, the proposed system estimates probabilities of all ﬁnelevel corridor type at all frames. The six ﬁne-level corridor types are only considered when the robot strongly believes that an NIC condition is approaching.
In addition, observations relevant to ﬁne-level corridor types can be segmented
in this framework from observations relevant to IC.
The probabilities of a corridor segment being IC or NIC at time t can be
deﬁned as PðCtu ¼ ICÞ  f ðOtn:t jhIC Þ and PðCtu ¼ NICÞ  f ðOtn:t jhNIC Þ,
respectively. Here, the superscript u represents the upper-layer, hIC and hNIC indicate the learned observation likelihood functions, and O represents a sequence of
observations. It is noted that only observations ranging from time t  n to time t
are considered, instead of total observations from time 0, for the following reason: if all observations were used as evidence for the Bayes classiﬁer, travel
through a long IC before reaching an NIC, could cause PðCtu ¼ ICÞ to be higher
than PðCtu ¼ NICÞ due to the accumulation of observations. This would cause
the ﬁne-level recognition to be omitted, as PðCtu ¼ ICÞ PðCtu ¼ NICÞ to trigger HMM-based recognition. Thus, a moving time window is employed to
ensure only recent observations are considered.
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For the same reason as in coarse-level classiﬁcation, the robot does not need
to use all previous observations as inputs for HMM-based estimation. A
sequence of observations must be truncated to use only the signals associated
with the current type of corridor segment. To do this, a sequence of observations
taken after the trigger point are used as inputs for the HMM-based inference.
The probability of the current position being a corridor type li at time t can be
deﬁned as PðC l ¼ l Þ  PðOten :t jh Þ, where h indicates the HMM parameters
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t

i

li

and superscript l represents the lower-layer. Similar to the upper-layer, only
observations ranging from time t  e
n to time t are considered. t  e
n represents
the start time of the moving window, in which e
n indicates the trigger time. The
recognition procedure at ﬁne-level is formally deﬁned as:
Ctl ¼ argmax
li ¼l1 ;:::;l6

PðOten:t jhli Þ;

ð15Þ

where, as mentioned in the previous section, PðOten :t jhli Þ is estimated using the
forward–backward algorithm to solve the evaluation problem. The numbers of
frames used for upper-layer and lower-layer classiﬁcations are different. n is 15
and e
n is 10. The numbers are empirically determined for obtaining best
performance.

4. Experimental results
Experiments were performed in four buildings at the Hanyang University. In
each experiment, the robot moved forward in an IC condition and then
approached one of six corridor types until the wall or end of the corridor type
was reached. This experiment was repeated approximately 15 times for each corridor type. For each sequence, range of the number of frames is from 200 to 400
and traveling distance is in the range 15–30 m. Moving speed of the robot is
25 cm/sec and width of corridors is in the range 250–350 cm. All of the experiments are performed by using the computer with an Intel(R) Core(TM)2 2.0 GHz
CPU and 1.0 GB RAM. dleft , dright , hleft , and hright in Fig. 2(a) are set to 20,
20 cm, 30°, and 30°, respectively.
As mentioned in Section 2, there are two assumptions in this work. First, the
robot should travel along center of the corridor. However, this assumption is not
strongly required to our experiments. Speciﬁcally, we experimentally observed
that the robot could be allowed to travel along near center of the corridor (e.g.
50 cm on the left and right sides from the center), and moreover, larger margin
could be allowed if it happens occasionally through an image sequence. We
believe that such a near center navigation can be easily achieved by employing
usual sonar-based strategy that follows the center of the corridor. Such ﬂexibility
can be arisen owing to two reasons. First, observation symbols used in both
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HMM and simple Bayes classiﬁer are generated by clustering our proposed
visual features. Thus, different visual features having a certain level of variation
can be grouped into same observation symbol. In other words, visual features
obtained at exact middle or near middle of corridor might be considered as same
observations by proposed model. Second, a corridor type is not recognized by a
static image, but a set of sequential images based on temporal probabilistic inference model. Thus, some frames obtained far from the middle of corridor do not
have signiﬁcant effect on classiﬁcation if most frames are captured at near middle of the corridor. Second assumption is that one of two vanishing points associated with the xz-plane (i.e. plane parallel to ﬂoor) should be located in the
center region of the middle image, except a case where the robot rotates. We also
believe that such navigation can be also achieved without practical difﬁculty by
following vanishing point.
The performance of this method was evaluated in two ways. Firstly, the region
of the ground truth for NIC was deﬁned as rectangles as shown in Fig. 8. Following this, the recognition results obtained as the robot traversed from the
beginning to end of the region of the ground truth (approximately 2-frame/sec)
were compared to the ground truth. Secondly, the ground truth region was
extended to the dotted lines shown in Fig. 8. Again, recognition results obtained
as the robot traversed the extended ground truth rectangle were compared with
the extended ground truth. This second experiment was conducted primarily to
evaluate the performance of the predictive recognition characteristic of the system. The position of the dotted line was determined manually through analysis
of the left and right images. When the number of sample pixels assigned to v2 ,
shown in rounded rectangles in Fig. 9, exceed the threshold Tn ¼ 5, the position

Figure 8. The gray rectangle denotes the region of ground truth for NIC. The extended region of
ground truth for NIC expands to the dotted line.
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Figure 9. The location of each dotted line shown in Fig. 8 is determined when the number of
sample pixels assigned to v2 in the left or right image, (as shown within the rounded rectangles
above), exceeds the threshold value Tn.

Table 1.
Ratios of correct and incorrect recognitions for each corridor type
Ground Truth

FT
LT
RT
LL
RL
DE

FT

LT

RT

LL

RL

DE

.9206
–
–
–
–
.0794

–
.9957
–
.0043
–
–

–
–
.9776
–
.0224
–

.0032
.1317
–
.8369
–
.0282

.0096
–
–
–
.9904
–

.0741
–
–
–
–
.9259

of the robot is determined to be the position of the dotted line. These lines were
usually located 2 or 3 m ahead of each original rectangle.
The results of the ﬁrst performance evaluation are shown in Table 1, in which
the ground truths are arranged in columns and the recognition results are shown
in rows. The ratio of correct and incorrect recognitions for each corridor type is
shown in Table 1. It is observable that all corridor types except LL were correctly recognized over 90%. In several LL cases, straight lines were present on
the ﬂoor. These straight lines were oriented in the same direction as the edges of
the pixels in v1 increasing the potential for confusion between LL and LT. Table 2
gives the ratios of correct and incorrect recognitions for IC and NIC.
Tables 3 shows the performance of predictive recognition for ﬁne-level corridor types. The results of predictive recognition were mostly accurate, except for
in the case of FT. These were misidentiﬁed as DE several times since, as shown
in Fig. 10(a) and (b), the extracted features from the dotted line to the start line
of the rectangle in an FT are very similar to those found in an DE (recall
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Table 2.
Ratios of correct and incorrect recognitions for IC and NIC
Ground Truth
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IC
NIC

IC

NIC

.9871
.0129

.1379
.8621

Table 3.
Ratios of correct and incorrect recognitions for corridor type
Ground Truth

FT
LT
RT
LL
RL
DE

FT

LT

RT

LL

RL

DE

.5333
–
–
–
.1373
.3294

–
.9657
–
.0181
.0144
.0018

–
–
.9643
–
.0279
.0077

.0021
.1833
–
.7505
.0172
.0469

.0062
–
.0613
–
.8988
.0337

.0687
–
–
–
–
.9313

Figure 10. (a) An image captured from the dotted line to FT rectangle start line. (b) An image
captured from the dotted line to the DE rectangle start line. (c) An image captured after entering
the FT rectangle start line. (d) An image captured after entering the DE rectangle start line (recall
Fig. 8).

Fig. 8). The differences between the FT and DE cases begin to manifest after the
robot entered the ground truth rectangle, as shown in Fig. 10(c) and (d). However, the system does not misidentify DE as FT as shown in Table 3. This is
because the three-dimensional feature vectors obtained from an FT have a larger
variation than those taken from an DE as shown in Fig. 5. This means the
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number of observation types for an FT is greater than those for an DE. Furthermore, the probabilities of each observation type within the FT observation likelihood function are relatively small compared to those found for DE. Therefore,
when an observation both in FT and DE is given, the system is likely to select
DE.
We note that sequences used in our experiments include frames having partial
occlusion mostly caused by human. Ratio of such frames is about 10% of all
frames. When a corridor is partially occluded, performance of the recognition
depends heavily on the size of the occluded region. For example, if the size of
the occluded region is small, recognition accuracy might be still good and otherwise, recognition accuracy might become bad. The performance evaluation is
thus valuable only when the size of the occluded region is considered. However,
it is extremely hard to evaluate performance according to different size of
occluded region.
Instead, it is worth qualitatively observing why the proposed system has been
relatively a little affected by partial occlusion due to human. First, three-dimensional feature vector is not signiﬁcantly corrupted by such occlusion, because
most edges obtained from human are not assigned to v1 or v2 that contribute to
build up three-dimensional feature vector. In other words, orientations of edges
coming from human are almost random and usually do not correspond to any of
vanishing directions in xz-plane (i.e nonvertical vanishing directions). Second,
proposed method employs HMM, a temporal probabilistic inference model. This
implies that a corridor type is not recognized by a static image but a set of
sequential images. In this case, even though some of the feature vectors obtained
from the sequence are distorted by human occlusion, it is highly probable to
recognize corridor type correctly.
Figure 11 shows both an LT and LL, in which the corridor segments are partially occluded by humans. Several sample pixels were extracted from the edges
of these humans, however most were assigned to U which represents the
unknown set as described previously. Table 4 shows the distribution of pixels in

Figure 11. (a) A human and bag occlude an LT. (b) A human occludes an LL.
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Table 4.
Ratios of the numbers of pixels in v1 , v2 , v3 and U
v1
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.1533

v2

v3

U

.1824

.1561

.508

Figure 12. Left and middle images, which are captured as the robot approaches LL.

v1 , v2 , v3 , and the unknown set U, which contain the pixels extracted from the
occluding objects. This table was obtained by using all experimental images
including human occlusion. It is important to note that the sum of v3 and U is
.6641. In this case, partial occlusion of a corridor segment is not crucial for recognition performance, since the v3 set and the unknown set are not used to
extract the three-dimensional feature vector.
Figure 12 shows limitation of our method. Arbitrary patterns on the ﬂoor can
cause misclassiﬁcation as if the patterns are accidentally oriented toward one of
vanishing directions in xz-plane. For example, edges in blue rectangle are
assigned to v1 . This can cause misidentiﬁcation, i.e. the robot recognizes LL as
LT. Similarly, an open door also can be recognized as a junction in some cases
where edges obtained from the open door are accidentally oriented toward one
of vanishing directions in xz-plane.
5. Conclusions and Future Works
In this paper, a visual recognition method was presented to identify several types
of corridor segments. By detecting vanishing points in three images and extracting three-dimensional features based on the vanishing points, the type of corridor
segment can be recognized by a mobile robot before it reaches the center of the
corridor. This allows efﬁcient robot navigation since the robot is able to make
decisions in advance about its next navigable path. Furthermore, it was shown
by experiments that a mobile robot would recognize the corridor segment types
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under partial occlusion due to human. It is remarked that laser range ﬁnder-based
approaches may suffer from erroneous readings in such occluded situation.
In proposed method, a two-layer recognition framework is used to enable the
recognition to be performed efﬁciently. Here, a simple Bayes classiﬁer identiﬁes
coarse-level corridor types such as IC and NIC, and then use the result of this
recognition to trigger the lower-layer inference procedure. In this ﬁne-level recognition, HMMs-based estimation classiﬁes six types of corridor segments
including T-junctions, L-junctions, and dead end.
Through experimentation, the recognition and predictive recognition results of
the proposed method were compared with ground truth in a real environment.
These results demonstrate the value of this approach.
We assume Manhattan world where there are three mutually orthogonal vanishing directions and restrict the scope of recognition to two upper-layer corridor
segment types and six lower-layer corridor segment types. In future work, we
plan to recognize various structural landmarks such as hall, curving wall, and
cross intersection corridor.
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