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Monocular Vision-Based SLAM in Indoor
Environment Using Corner, Lamp, and Door Features

From Upward-Looking Camera
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Abstract—We examine monocular vision-based simultaneous
localization and mapping (SLAM) of a mobile robot using an
upward-looking camera. Although a monocular camera looking
up toward the ceiling can provide a low-cost solution to indoor
SLAM, this approach is often unable to achieve dependable nav-
igation due to a lack of reliable visual features on the ceiling.
We propose a novel approach to monocular SLAM using cor-
ner, lamp, and door features simultaneously to achieve stable
navigation in various environments. We use the corner features
and the circular-shaped brightest parts of the ceiling image for
detection of lamp features. Furthermore, vertical and horizontal
lines are combined to robustly detect line-based door features to
reduce the problem that line features can be easily misidentified
due to nearby edges. The use of these three types of features as
landmarks increases our ability to observe the features in various
environments and maintains the stability of the SLAM process.
A series of experiments in indoor environments showed that the
proposed scheme resulted in dependable navigation.

Index Terms—Ceiling, mobile robot, monocular camera, simul-
taneous localization and mapping (SLAM).

I. INTRODUCTION

S IMULTANEOUS LOCALIZATION AND MAPPING
(SLAM) is one of the most challenging issues in mobile

robotics. Since a mobile robot in an unknown environment
has insufficient information at the initial state of navigation,
localization and mapping should be conducted simultaneously.
Navigation sensors, including range and vision sensors, per-
form an important role in building a map of the environment
and localizing the robot relative to the map. Range sensors (e.g.,
laser scanners and infrared scanners) provide range information
directly and accurately, but they are usually too expensive to
be used in practical robots. Vision sensors are not able to
directly measure the distance to an object, but they can provide
various types of features in their images. A monocular camera is
applicable to a small robot (e.g., a cleaning robot) due to its low
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cost and small size, but it has no ability to measure the distance
to an object, which is important in estimating the landmark
position during SLAM. Instead, monocular vision requires mul-
tiple observations from multiple poses to measure the distance
since it can only provide bearing information. In recent years,
several SLAM approaches have adopted a monocular camera as
a main sensor and demonstrated successful performance.

SLAM and localization approaches using a monocular cam-
era can be classified according to the direction of the camera.
A forward-looking camera-based approach undergoes a large
variation in the scale of features between successive images
since the distance between the robot and the features varies
as the robot moves. Therefore, this approach usually adopts
scale-invariant feature transform (SIFT) keypoints [1], [2]. A
side-looking camera-based approach uses cornerlike features
since a two-wheel differential drive robot following the wall
causes a small variation in the scale of features [3]. Some
monocular SLAM approaches use a handheld camera [4]–[6].
They use corner and line features together to maintain a stable
SLAM process. One of the advantages of these approaches is
that natural features are used without artificial features (e.g.,
radio frequency identification tags [7]) attached to the envi-
ronment. Some recent approaches use a ceiling image taken
by an upward-looking monocular camera mounted on a mobile
robot [8], [9]. Features from the ceiling image result in a small
change in the scale of features and affine parameters because the
distance between the robot and the ceiling is fixed. Moreover,
this approach is not affected by dynamic obstacles such as
moving people, unlike the forward- and side-looking schemes.
However, this approach is limited by a lack of features since the
view of a ceiling in most home environments does not contain
a wide variety of features compared to other views. Also, it is
mainly for domestic use and hence the algorithm should work
in low-cost systems.

To address these difficulties, we propose a novel monocu-
lar vision-based SLAM scheme using corner, lamp, and door
features from an upward-looking monocular camera in indoor
environments having ceiling lamps or doors. The originality of
the proposed scheme lies in the use of circular lamps instead
of polygonal lamps, the detection method of door features, and
the method of combining these two types of feature information
with corner features and wheel odometry information in the
SLAM process to achieve stable navigation. Corner features
are detected more frequently than other features. We use the
features from the accelerated segment test (FAST) feature [10]
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as a corner feature to reduce computational burden. Lamp fea-
tures are detected from the brightest part of the image, and only
circular lamps are considered as features. Polygonal lamps are
discarded to minimize the number of landmarks in the feature
map since they already have corner features on their edges.
Door features are detected by a combination of line segments
including line groups from two columns and one horizontal bar.
This combination of line segments provides more robust infor-
mation than each segment used alone. Our proposed scheme en-
ables this type of combination to be found from the door frame
even when the initial position (i.e., depth) is unknown. Reliable
data association is conducted using the combination of line
groups, whereas line features give unstable association results.
The use of these three types of features as landmarks increases
the probability of observing features in various environments,
and maintains the stability of the SLAM process. An extended
Kalman filter (EKF) is used to handle the nonlinearities of the
system and to estimate the robot pose and feature positions.

The remainder of this paper is organized as follows. The
methods of detecting lamp and door features are described in
Sections II and III, respectively. Section IV describes our pro-
cedure for EKF-based monocular SLAM using corner, lamp,
and door features. Section V presents experimental results
from a real environment. Finally, our conclusions are given in
Section VI.

II. LAMP DETECTION

Lamp features are useful for SLAM because they are widely
spaced in the environment and thus can be reliably detected
from the image. In previous research, lamp features were
usually detected based on their high intensity [11]. However,
the position of a lamp could not be accurately estimated when
the lamp was partially occluded at the image boundary. In
this paper, we used only circular lamps as the lamp feature.
Although a polygonal lamp (e.g., a rectangular lamp) can be
detected based on its intensity, this lamp geometry includes
reliable corner and line features that can be detected in other
ways. To detect a circular lamp, the brightest part in the image
is found using a binary image. Then, each brightest part is
grouped, and the edge points are extracted using a Canny edge
detector [12] to determine if the region is circular.

The Hough transform is widely used for circle detection in
image processing by finding a specific shape from the given
partial edge points of objects by a voting procedure [13]. It is
only efficient if a large number of votes fall into the correct
bin so that the bin can be easily detected against the noise.
Although the Hough transform provides reliable results, it takes
considerable time to calculate a large quantity of input data.
Thus, in this paper, a simple method using circle geometry was
adopted to extract the circular lamps in real time. This approach
has been widely used for the small-sized robots such as AIBO
(a dog robot developed by Sony) to recognize the ball [14]
since it only requires small computational burden. From the
edge points acquired by the Canny edge detector, the algorithm
randomly selects three points to obtain two perpendicular bisec-
tors, as shown in Fig. 1(a). Then, by assuming that the unknown
shape is a circle, the intersection point of these bisectors is

Fig. 1. Method for circle detection: (a) calculation of center, and verification
of (b) circular and (c) polygonal lamps.

Fig. 2. Procedure for circular lamp detection: (a) original image, (b) grouped
regions, (c) edge points, and (d) detection of circular lamps.

considered as the center of the circle. The two lines among
points P1(u1, v1), P2(u2, v2), and P3(u3, v3) are defined as
follows:

v = mau + na, v = mbu + nb (1)

where ma and mb are the slopes of the bisectors a and b,
respectively, and na and nb are the V -axis intercepts of the two
bisectors. As a result, the intersection point Pc is given by

Pc =
[
uc

vc

]
=

[
(nb − na)/(ma − mb)

(namb − nbma)/(mb − ma)

]
. (2)

The algorithm repeats this process several times to check
whether the shape is circular. If the shape is circular, the in-
tersection points obtained from several iterations will converge
to a mean point as shown in Fig. 1(b). For polygonal lamps, the
intersection points will be distributed over a large area as shown
in Fig. 1(c). The degree of convergence is evaluated by the
standard deviations σ1 and σ2 of the distribution along the two
major axes. Finally, the circular lamp is concluded if both σ1

and σ2 are smaller than the predefined threshold Kconv, which
means that the 2σ boundary of the intersection points falls into
a circle with a radius of Kconv.

Each process of lamp detection is shown in Fig. 2. Even
when the lamp is occluded at the image boundary, the proposed
scheme can detect the center of the circular lamp by ignoring
the edge points lying on the image boundary, as shown in
Fig. 3(b). The image of a circular lamp reflected by the wall
can be also regarded as a lamp placed on the opposite side of
the wall since this reflected lamp is seen as if it were fixed at
this position, as illustrated in Fig. 3(c).
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Fig. 3. Occlusion and reflection: occlusion (a) considering, and (b) not
considering the image boundary, and (c) reflected lamp treated as a real lamp
(top view).

Fig. 4. Door feature and image seen from upward-looking camera image.

III. DOOR DETECTION

Reliable SLAM performance requires a data association
process that tracks the same landmarks between successive im-
ages. When the line features are used individually, association
failure can occur because the features are easily misidentified
from the nearby lines. However, if we use a door feature that
can be represented by a group of three line features (i.e., two
vertical columns and one horizontal bar) as shown in Fig. 4,
then data association performance can be improved.

A. Obtaining Candidates From Vertical and Horizontal

Door candidates composed of vertical and horizontal lines
are generated first. Since this kind of structure can be found
both from doors and other objects such as bookshelves and
walls, the algorithm should choose the most appropriate object
from the candidate set. Since there are many line features in real
images, a process that classifies the lines into vertical and hor-
izontal lines is required to find the door columns and bars. For
line features obtained from an upward-looking camera, the ver-
tical lines perpendicular to the floor are always headed toward
the center of the image, and the directions of the horizontal lines
are only affected by the heading of the robot. The vertical lines
from the door columns can be found in the image by using these
properties. It is necessary to group the neighboring vertical lines
since each column involves several lines, as shown in Fig. 5(a).
Then, each group of vertical lines represents a door column,
and the initial candidates of a door are generated from these
detected door columns as shown in Fig. 5(b). In the case shown
in Fig. 5(b), candidate 1 is generated from groups 1 and 2,
candidate 2 from groups 1 and 3, and candidate 3 from groups 2

Fig. 5. Groups from neighboring vertical lines and all possible candidates:
(a) three groups are found from vertical lines and (b) three candidates are
generated from three vertical line groups.

Fig. 6. Search area of horizontal lines. (a) Geometrical representation of a
search area and a horizontal line in the world frame, and (b) in the image frame,
(c) for the case of no horizontal lines existing in the search area, and (d) for the
case of a horizontal line in the search area.

and 3. The horizontal bars at the top of each door candidate are
represented as rectangles in Fig. 5(b).

The final candidates can be chosen by checking for the
existence of horizontal lines between the vertical line groups.
Suppose that the top of the vertical line groups are (uP1, vP1)
and (uP2, vP2) in the image plane as shown in Fig. 6(b), and
that these endpoints often differ from the actual endpoints of the
columns due to the imperfection of line detection. Therefore, a
search area where the horizontal line can exist is determined,
as illustrated in Fig. 6(b). Note that the candidates cannot
be generated when the robot is located just below the door
since the vertical and horizontal lines lie on the same line,
and no differences can be found between these lines. However,
the horizontal line can be selected if the slope s satisfies the
following steps:

A horizontal line can be represented as

lH = p2t2 − p1t1 (0 ≤ t1 ≤ 1 and 0 ≤ t2 ≤ 1) (3)

where lH , p1, and p2 are the vectors representing the horizontal
line and the top points of the vertical line groups, respectively,
and t1 and t2 are the real numbers. The angle θ of the horizontal
line relative to the U -axis has a minimum value of θ2 when t1 =
0 and t2 = 1, and has a maximum value of θ1 + 180◦ when
t1 = 1 and t2 = 0. If both t1 and t2 are larger than 0 and smaller
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Fig. 7. Concept of verifying open candidates: (a) closed doors and (b) open
doors.

than 1, the range of θ becomes θ2 ≤ θ ≤ θ1 + 180◦. Since each
endpoint of the horizontal line lies on the vectors p1 and p2,
the possible range of the slope of the horizontal line can be
determined by

s = tan−1 θ (θ2 ≤ θ ≤ θ1 + 180◦) (4)

where θ represents the angle of the horizontal line relative to
the U -axis. If the horizontal lines that satisfy (4) are not found
in the search area as shown in Fig. 6(c), the corresponding
candidate is removed from the candidate set. The candidates
with horizontal lines in their search area, as shown in Fig. 6(d),
remain in the candidate set.

B. Candidate Evaluation

1) Estimation of Candidate Position: A set of door candi-
dates can be obtained from either an actual door or objects
such as a wall or a bookshelf. The candidates from other
objects can cause data association failure when they are used
as the landmarks since they can be easily misidentified from
the nearby objects that have similar structure. However, since
open doors are widely spaced in the environment, they can be
reliably detected and associated using a monocular camera.

Incorrect candidates (e.g., closed doors) can be removed by
observing the inside area of the candidate in the image, as
illustrated in Fig. 7. If the candidate is closed, then the same
view will be observed as the robot moves. If the candidate is
open, a different view will be observed since the background
(ceiling) image varies as the viewpoint changes. To distinguish
these two cases, an assumption is made at the initial stage of
verification: The candidate is closed and all observed objects
from the image exist on the vertical plane of the candidate.
Then, the positions and shapes of the objects in the image are
predicted in the image at the next pose. If the prediction is
matched to the actual observation as shown in Fig. 7(a), the
closed door assumption is true and the candidate is removed
from the set. If there are discrepancies between the prediction
and the observation as shown in Fig. 7(b), the candidate is
registered as a landmark in the feature map.

To verify the assumption, the position of a door candidate
is required to define the vertical plane that corresponds to the
closed candidate. In this paper, a particle filter [15] was adopted
to estimate the position of the door candidate. Since a door
candidate is stationary, its motion model need not be considered
and only the update by the sensor model is useful. The fan-

Fig. 8. Particle filter for estimating candidate position. Top views of sensor
models for (a) columns, and (b) horizontal bars; (c) side view of a sensor model
for columns; (d) importance factors; and (e) 3-D view of sample distribution.

Fig. 9. Estimation procedures for candidate position.

shaped areas shown in Fig. 8(a)–(c) represent the uncertainties
of the observations, their centerlines represent the directions
of the observed columns, and θerror, αerror, and βerror denote
the maximum errors of each measurement. The samples are
weighted by importance factors wθ, wα, and wβ which are
affected by angle errors θ, α, and β, respectively. The weighted
samples are reflected in the next step (i.e., resampling) to make
samples converge near the actual position of a candidate. A
Gaussian distribution was adopted for the sensor model.

The position of one candidate is estimated by 200 random
samples that are drawn in three-dimensional (3-D) space as
shown in Fig. 8(e). As the robot moves, the initially distributed
samples converge according to the probabilities of samples
updated by the sensor model as shown in Fig. 9. The samples
converge to one position if the observations are sufficient. Then,
the positions of two columns are determined from the mean
points of the converged samples.

2) Assumption Verification: After estimating the column
positions of a candidate, the vertical plane is defined to verify
the assumption described in the previous section. According
to this assumption, the objects that are observed in the image
at the initial state should be projected onto the vertical plane.
The positions of the two columns (xD1, yD1) and (xD2, yD2),
shown in Fig. 10, can define the equation of the plane, since the
plane is perpendicular to the floor. A normal vector n can be
determined by

n =

⎡
⎣xn

yn

zn

⎤
⎦ =

⎡
⎣ cos(π/2) sin(π/2) 0
− sin(π/2) cos(π/2) 0

0 0 1

⎤
⎦

⎡
⎣xD1 − xD2

yD1 − yD2

0

⎤
⎦ .

(5)
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Fig. 10. Geometrical relationships between image plane and vertical plane.

Then, the equation of the vertical plane is given by

xn(x − xD1) + yn(y − yD1) + znz = 0. (6)

In this paper, the edge points acquired from the Canny edge
detector were used to describe the shapes of the objects to
be observed. From the geometrical relationships illustrated in
Fig. 10, the edge point (ue, ve) is continuously projected onto
the vertical plane using a direction vector d given by

d =

⎡
⎣xd

yd

zd

⎤
⎦ =

⎡
⎣ ve cos θr − ue sin θr

ve sin θr + ue cos θr

fcam

⎤
⎦ (7)

The projected point (xe, ye, ze) on the vertical plane is located
at the endpoint of the vector t · d from the position of the
robot, where t is a real number. Then, the point (xe, ye, ze) is
calculated using⎡
⎣xe

ye

ze

⎤
⎦= t ·

⎡
⎣ xd

yd

zd

⎤
⎦+

⎡
⎣ xR

yR

0

⎤
⎦

t= −{xn(xR−xD1)+yn(yR−yD1)} /(xnxd+ynyd).

(8)

The projected edge points on the vertical plane are re-projected
to the image plane for the prediction as the robot moves.
They are compared to the newly observed edge points, and the
similarity between the two edge point sets is measured. If a
large discrepancy is found, the assumption is false and the open
candidate is registered to the feature map.

To measure the similarity between the predicted and newly
observed edge point sets, a Hausdorff distance (HD) and modi-
fied Hausdorff distance (MHD) was adopted. HD is compatible
for edge point matching in the image processing field [16]. Let
A = a1, . . . , aNa denote the predicted edge points, and B =
b1, . . . , bNb denote the newly observed edge points in the image
plane. Then, the HD between A and B, H(A,B), is defined by

H(A,B) = max (hmod(A,B), hmod(B,A))

hmod(A,B) =
1

Na

∑
a∈A

min
b∈B

‖a − b‖ (9)

where hmod(A,B) is the MHD of the sets A and B. The
resultant value from H(A,B) is large if there is a large

Fig. 11. Verification of assumption: (a) closed and (b) open door candidates.

Fig. 12. Basic concept of monocular vision-based SLAM.

discrepancy. The existence of the discrepancy is determined
by a predefined threshold. The results for the closed and open
door candidates are shown in Fig. 11.

IV. EKF-BASED SLAM

A monocular camera can provide only the bearing infor-
mation of the landmark, so the distance can be estimated by
collecting several bearing measurements from different posi-
tions as shown in Fig. 12. We used an EKF to deal with the
relationship between the robot pose and the landmark positions
and to handle nonlinearities involved in robot motion and sensor
measurements [17], [18]. The corner, lamp, and door features
detected from the upward-looking camera were used as the
landmarks. The state vector is defined as

X = [XR,XC1, . . . , XCn,XL1, . . . , XLm,XD1, . . . , XDl]T

(10)

where

XR =[xR, yR, θR], XCi =[xCi, yCi, zCi],
XLj =[xLj , yLj , zLj ], XDk =[xD1k, yD1k, xD2k, yD2k] (11)

where XR is the robot pose, and XCi, XLj , and XDk are the
positions of corner i, lamp j, and door k, respectively, as shown
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Fig. 13. Observation models of (a) corner and lamp, and (b) door.

in Fig. 13. The corner and lamp features were represented as
3-D points (xC , yC , zC) and (xL, yL, zL) in the global co-
ordinate frame, and their projected points were denoted as
2-D points (rC , θC) and (rL, θL) in the image plane. The door
feature is represented as (xD1, yD1) and (xD2, yD2), which are
the locations of the door columns in the global frame, and are
denoted as θD1 and θD2 in the image plane. The procedure of
the EKF consists of the prediction and update steps, and further
details are given in Section IV-A and B.

A. Prediction

In the prediction step, the estimated state vector X̂t and its
covariance matrix Pt at time t are predicted from the estimated
state vector and covariance matrix at time t − 1 as follows:

X̂−
t = f(X̂t−1, ut) (12)

P−
t =∇FxPt−1∇FT

x + ∇FuQ∇FT
u (13)

where f is a function of the odometric position update for
differential drive robots, the input ut = (Δsr,t,Δsl,t) denotes
the distances traveled by the right and left wheels between time
t − 1 and t,Q is the covariance matrix of the process noise, and
∇Fx = ∂f/∂X and ∇Fu = ∂f/∂u are the Jacobian matrices
of the nonlinear function f with respect to the state and input,
respectively. The superscript “−” indicates the predicted state
before the update step is performed.

B. Update

In the update step, the predicted state vector and its covari-
ance matrix are corrected from the observations. The relation-
ship between the sensor frame and the global frame is defined
from the following observation model h based on the predicted
system state

Ẑt = h
(
X̂−

t

)
(14)

where Ẑt are the predicted positions of the landmarks in the
sensor frame at time t from the predicted state vector. The ob-
servation models for the corners, lamps, and doors are defined
as follows:

Z =[hC1, . . . , hL1, . . . , hD1, . . .]T (15)

hC =
[

rC

θC

]
=

[ √
(xC − xR)2 + (yC − yR)2 × fcam

zC

tan−1
(

yC−yR

xC−xR

)
− θR

]
(16)

hD =
[

θD1

θD2

]
=

⎡
⎣ tan−1

(
yD1−yR

xD1−xR

)
− θR

tan−1
(

yD2−yR

xD2−xR

)
− θR

⎤
⎦ (17)

where fcam is the focal length of the camera which can be
obtained by the calibration process, [rC , θC ]T and [θD1, θD2]T

represent the polar coordinates of the corner features and the
angles of door columns in the image, respectively, as shown
in Fig. 13. Note that the lamp and corner features have the
identical observation model. By using the observation models,
the state vector and its covariance matrix at time t are updated
as follows:

X̂t = X̂−
t + Kt(Zt − Ẑt) (18)

Pt = (I − KtHt)P−
t (19)

Kt =P−
t HT

t

(
HtP

−
t HT

t + Rt

)−1
(20)

where K represents the Kalman gain, H = ∂h/∂X is the
Jacobian matrix of the observation model with respect to the
state vector, and R is the covariance of the sensor noise.

V. EXPERIMENTAL RESULTS

A series of experiments in various environments was con-
ducted using a Pioneer 3-DX (MobileRobots) mobile robot
equipped with an upward-looking camera (Firefly MV, Point
Grey Research) with a field of view of 110◦. A notebook com-
puter which has 2.4-GHz CPU was used to run the proposed
algorithm. The line features for door detection were extracted
using OpenCV. The corner features were detected by the FAST
detector, and the lamp and door features were detected by the
proposed methods. The initial uncertainty in the height of each
feature was set from 0 to 5 m since the experiments were
conducted in indoor environments. Unstable features, which
were rarely observed, were removed from the EKF during
navigation. The average speed of the robot was 30 cm/s and the
computational time of the algorithm was 159 ms for each cycle.
Therefore, the whole SLAM process worked in real time.

Fig. 14 shows the experimental environments, which are rep-
resentative of the indoor spaces having ceiling lamps and doors.
Environment A contains corner and circular lamp features, and
environment B includes corner and door features. The indoor
environment usually contains several objects which look alike
(e.g., cross-striped ceilings, reflectors) as shown in Fig. 15.
These visually similar objects, which make data association
difficult, often lead to the localization failure when only corner
features were used.

The SLAM results in environment A is shown in Fig. 16.
The ellipsoids represent the uncertainty (covariance) of the
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Fig. 14. Experimental environments and configuration of mobile platform.

Fig. 15. Examples of (a) a cross-striped ceiling, (b) a reflector, and
(c) detected visually similar FAST corners from the reflector.

Fig. 16. SLAM result for environment A: (a) initial uncertainties of new
landmarks at frame 1, (b) uncertainties of frequently observed landmarks are
converged, (c) rarely observed landmarks are deleted, (d) final result, and
(e) resultant path at last frame.

Fig. 17. SLAM results in environment B: (a) initial state, (b) particle filter
for first open door candidate, (c) registration of door feature, (d) closed door
candidate, (e) second open door candidate was found, and (f) final results.

landmarks. At the initial state of the SLAM process shown
in Fig. 16(a), the uncertainty ellipsoids were set along their
directions of view. As the robot moved, the uncertainty was
reduced and the unstable landmarks were removed from the
EKF by deleting the corresponding elements from the state
vector and covariance matrix. As a result, the robot successfully
estimated its pose with an error of ±10 cm, as shown in
Fig. 16(e).

The SLAM result from environment B is shown in Fig. 17.
A grid map with cells of 10 cm × 10 cm was built by a
laser scanner based on the robot pose estimated through the
proposed scheme to verify the localization error. The robot
started to perform the SLAM process with corner features as
shown in Fig. 17(a). A door candidate was detected as shown
in Fig. 17(b), and the samples were drawn by the particle filter.
Then, the estimated position of the candidate was determined
as shown in Fig. 17(c). If inappropriate candidates were de-
tected from the wall or furniture, the algorithm autonomously
removed these candidates from the set. The second door was
detected and registered to the EKF as shown in Fig. 17(e). As
a result, the grid map was successfully built without distortion
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Fig. 18. Robot pose errors over iterations: SLAM results using (a) only corner
features and (b) proposed method.

TABLE I
COMPUTATION TIME FOR EACH STEP

by the proposed SLAM method since the localization error was
effectively corrected as shown in Fig. 17(f).

The comparison of pose errors between the conventional
method using only corner features and the proposed method
during 550 iterations is shown in Fig. 18. In both cases, the
pose error and its 2σ boundary increased when feature obser-
vations were insufficient. From the experiments based on the
corner features alone, the error remained large, as shown in
Fig. 18(a), because only a few of them were observed in several
places. In this case, the maximum position error was about
±0.2 m in the y-direction. Region A in Fig. 18(a) shows that
the position error in y reaches the expected error boundary.
If this situation lasts for a long time, localization can fail.
However, the proposed method based on corners, lamps, and
doors increased the chances to observe the features. The lamp
and door features were detected when the corner features were
not detected sufficiently. Therefore, the overall position error
was reduced to less than ±0.1 m in the x- and y-directions,
and the error boundary was kept small as shown in Fig. 18(b).
As a result, the experiments show that the proposed method
can provide more accurate and stable SLAM results than the
conventional method. The computation time for each step of
the proposed scheme is listed in Table I.

Although the proposed scheme enabled the stable SLAM in
indoor environments, it has several limits: The circular lamps
cannot be extracted under weak illumination, and the door
features cannot be extracted if the ceiling has no textures.

VI. CONCLUSION

In this paper, corner, lamp, and door features were detected
by an upward-looking monocular camera. The circular lamps
were used to reduce the number of landmarks, and the door
features were reliably detected from the combination of two
vertical lines and one horizontal line. The EKF integrated
odometric and visual information to estimate the robot pose
and feature positions. The proposed SLAM algorithm based on
the lamp and door detection scheme was validated by several
experiments, and the following conclusions were drawn.

1) The circular lamp features were reliably detected and
tracked since they were sparsely distributed on the ceil-
ing. The detection scheme using three random points
provided the actual center point of the circular lamp
feature even if the lamp was partially observed at the
image boundary.

2) The door features were useful since most environments
include doors between areas. By removing inappropriate
candidates such as walls and bookshelves, the proposed
detection scheme worked robustly in real environments
even though many vertical and horizontal lines were
detected from the image.

3) The proposed SLAM algorithm enabled stable navigation
in real environments using different types of landmarks
simultaneously. Therefore, the proposed algorithm can
work more robustly in various environments than pre-
vious SLAM methods which use only corner and line
features.

The future work related to this paper is to develop a new
feature detection method for arbitrary-shaped objects in the
ceiling because the current approaches have difficulty detecting
other useful features such as fire suppression sprinklers, vents,
and speakers (usually in the offices and classrooms). The new
detection method would be beneficial to the monocular vision-
based SLAM in various environments where the corner, line,
and lamp features do not exist.
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