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Abstract. The visual SLAM is less dependent on hardware, so it at-
tracts growing interests. However, the visual SLAM, especially the Ex-
tend Kalman Filter-based monocular SLAM is computational expensive,
and is hard to fulfill real-time process. In this paper, we propose an al-
gorithm, which uses the binary robust independent elementary Features
descriptor to describe the features from accelerated segment test feature
aiming at improving feature points extraction and matching, and com-
bines with the 1-point random sample consensus strategy to speedup
the EKF-based visual SLAM. The proposed algorithm can improve the
robustness of the EKF-based visual SLAM and make it operate in real-
time. Experimental results validate the proposed algorithm.

1 Introduction

The simultaneous localization and mapping (SLAM) is a problem that if it is
possible, for a robot or autonomous vehicle to be placed at an unknown environ-
ment, to build a map of the environment and at the same time use this map to
determine its location [1–3]. According the type of sensors, the SLAM techniques
in literatures can be roughly categorized into laser-based, sonar-based, Global
Positioning System (GPS)-based and vision-based techniques. In comparison
with other sensors, the visual sensors are passive, which have high resolution,
long range and low dependence on hardware, and can provide both depth and
appearance information of the environment with one (image) measurement. So
there is a growing interest in vision-based (or visual) SLAM.

Generally, there are two types of vision-based SLAM systems: the monocular
SLAM and the binocular SLAM. In comparison with the latter, the former has
less dependence on the hardware and more flexibility. Then the monocular SLAM
is the focus of the research community. For simplicity, objects in the scene are
usually assumed to be static. The monocular SLAM is performed by obtaining
the depth information as follows. The camera captured images of features in
the scene during its moving. Then with the knowledge of computer vision, the
depth information of each feature observed in both current and last frame can be
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computed. With the reconstructed 3D information of features, the environment
map consisting of sparse features is building, and the localization information of
the camera is also obtained.

Currently, most of the monocular SLAM algorithms are based on image point
features. One representative work is the Parallel Tracking and Mapping (PTAM)
algorithm proposed by G.Klein and D.Murray [4]. The PTAM algorithm splits
the SLAM into two separate tasks: tracking and mapping. These tasks are pro-
cessed in parallel threads: one thread deals with the task of robustly tracking
camera motion, while the other produces a 3D map of feature points from previ-
ously observed images. With robust and sparse feature points, the tracking can
robustly retrieve the camera trajectory and the asynchronously mapping can
provide a dense map. This algorithm has a high precision. However its compu-
tational cost dramatically increases with the increase of the number of feature
points. So it is limited to the indoor scene and applications with little movement
in a small region, and not suitable for general applications. The other represen-
tative work is due to Davison et al. [1], which performs a recursive updating of
scene structure and camera motion estimates using an Extended Kalman Filter
(EKF). It has better environment adaptability and can fulfill task in large areas
such as several street blocks, one city and so on [5]. However, the high compu-
tational cost is the bottleneck of the EKF-based SLAM. The main reason for its
high computational cost comes from that most image point feature extraction
methods used in the EKF-based SLAM cannot trade off the speed of extraction
and the reliability of matching.

In this paper, we propose to use the Binary Robust Independent Elementary
Features(BRIEF) descriptor to describe the Features from Accelerated Segment
Test (FAST) aiming at improving feature points extraction and matching, and
combine it with the 1-point RANdom Sample Consensus (RANSAC) strategy
to improve the EKF-based visual SLAM. The BRIEF descriptor uses a binary
sequence to describe the extracted feature point in the extraction process. Then
in the matching process, the Hamming distance is calculated to perform features
matching, which is just the XOR calculation of two sequences in bitwise. It
can better trade off the speed of feature extraction and the reliability of feature
matching. The 1-point RANSAC can reduce the number of the correction in the
updating step of the EKF, i.e. reduce the dimension of the state, to improve the
calculation speed. By incorporating the BRIEF and 1-point RANSAC strategy
into the EKF-SLAM, we improve the robustness of the EKF-based SLAM, which
is also satisfying real-time demands. Experimental results validate the proposed
algorithms.

The paper is organized as follows: In Section 2 the computational framework
of the EKF-based visual SLAM is briefly discussed. Then we show how to in-
corporate the improved FAST features and 1-point RANSAC strategy into the
EKF-SLAM in Section 3 and 4 respectively. In Section 5 some experimental
results are presented. Finally the paper is concluded in Section 6.
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2 The EKF-Based Visual SLAM

The EKF is the extension of Kalman filter. It can be used to handle the non-
linearity in transfer matrix and measurement function, and the nonlinear noise
in the linear system. It is suitable to describe most of physical systems. The
mathematical model of the EKF-based SLAM can be summarized as follows [2].

2.1 The State Description of the Visual SLAM System

In EKF-based monocular SLAM, the state vector of a camera, xv, has 13 ele-
ments, which consists of a metric 3D position vector pW , orientation quaternion
qCW , velocity vector vW , and angular velocity vector ωC relative to a fixed
world frame W and camera frame C.

xv =

⎡
⎢⎢⎣
pW

qCW

vW

ωC

⎤
⎥⎥⎦ (1)

The state of the visual SLAM system can be described by a state vector x̂ and
its covariance matrix P . State vector x̂ comprises the stacked state estimates
of the camera x̂v and feature points ŷi.Covariance matrix P is a square matrix
which can be partitioned into submatrix elements as follows.

x̂ =

⎡
⎢⎢⎢⎣

x̂v

ŷ1

ŷ2

...

⎤
⎥⎥⎥⎦ P =

⎡
⎢⎢⎢⎣

Pxx Pxy1 Pxy1 · · ·
Py1x Py1y1 Py1y2 · · ·
Py2x Py2y1 Py2y2 · · ·
...

...
...

⎤
⎥⎥⎥⎦ (2)

2.2 The Motion Model of Camera

The “constant velocity, constant angular velocity model” is used to describe the
motion of camera [2]. It is assumed that in each time step acceleration aW and
angular acceleration αW observe the zero mean and Gaussian distribution. Then
the velocity and angular velocity follow

n =

[
VW

ΩC

]
=

[
aWΔt
ΩCΔt

]
(3)

Assuming that the covariance matrix of the vector n is diagonal, the state update
procedure is

fv =

⎡
⎢⎢⎣

pW + (VW + vW )Δt
qWC×q((VW + vW )Δt)

vW +VW

ωW +ΩW

⎤
⎥⎥⎦ (4)

where q((VW +vW )Δt) the quaternion corresponding to the angle-axis rotation
vector (VW + vW )Δt.
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In the EKF, the state uncertainty (covariance matrix) Qv of the new state
estimate fv(xv,u) for the camera can be computed via the Jacobian matrix:

Qv =
∂fv
∂n

pn
∂fv
∂n

T

(5)

where pn is the covariance matrix of vector n.

2.3 The Measurement Model of Camera

The measurement model uses the observed feature points in the scene and posi-
tion of camera to predict the image position of each feature point before deciding
which is to be measured. Then actively measure selected feature points to update
the EKF. It firstly transforms feature point from the world coordinate system
to the camera coordinate system

hC
i =

⎡
⎣
xC
i

yC
i

zCi

⎤
⎦ = RCW (yW

i − pW ) (6)

Then the image coordinates can be found using the standard pinhole camera
model [6]

hi =

[
u
v

]
=

[
u0 − fuhx/hz

v0 − fvhx/hz

]
(7)

where fu, fv is the focal length along u and v axis respectively, (u0, v0) is the
principal point.

Finally, the predicted image coordinates of the feature can be determined with
the distortion parameter K1⎧

⎨
⎩

ud = u0 +
u−u0√

1+2K1[(u−u0)2+(v−v0)2]

vd = v0 +
v−v0√

1+2K1[(u−u0)2+(v−v0)2]

. (8)

2.4 The Iteration Process of the EKF

The iteration process of the EKF can be divided into two steps: prediction and
updating [2]. In the prediction step, system can predict the state of the next
step. Then in the updating step, the predicted parameters can be rectified with
current measurements. The processes can be express as follows

x̂new = x̂old +W (zi − hi) (9)

p̂new = p̂old −WSWT (10)

where zi and hi denotes the measured and predicted value of the feature point
respectively, W denotes the Kalman gain,

W = p
∂hi

∂x

T

S−1 = S−1

⎡
⎢⎢⎢⎣

pxx
py1x
py2x
...

⎤
⎥⎥⎥⎦
∂hi

∂xv

T

+ S−1

⎡
⎢⎢⎢⎣

pxyi
py1yi
py2yi
...

⎤
⎥⎥⎥⎦
∂hi

∂xv

T

(11)
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where S denotes the uncertainty of features, the uncertainty of each feature can
be expressed as

Si =
∂udi

∂xv
pxx

∂udi

∂xv

T

+
∂udi

∂xv
pxyi

∂udi

∂xyi

T

+
∂udi

∂xyi
pyix

∂udi

∂xv

T

+
∂udi

∂xyi
pyiyi

∂udi

∂xyi

T

(12)

where R is the noise matrix.

3 The Extraction and Matching of Point Feature

Most of the visual SLAM is based on point features, which takes image points
corresponding to features in the scene as the landmark to construct 3D map
and perform localization. So the quality of extraction and matching of feature
points in images has great impact on the visual SLAM. Currently, the most
popular feature point is the Scale-Invariant Feature Transform (SIFT) point
[2]. The SIFT feature uses a vector with 128 elements to describe a feature
point [8]. It is invariant to location, scale and rotation, and partially invariant
to illumination changes. However the computational cost is too large to satisfy
the real-time demands. The FAST [9] with BRIEF description [10] are used to
perform feature extraction and matching.

3.1 Feature Extraction

The FAST point [9] is extracted from the scene to fasten the feature extraction.
In real applications, each image is partitioned into several blocks and feature
extraction is performed in each block. Firstly, randomly select one image coor-
dinates. Take a 20 × 30 rectangular region whose center is the selected image
coordinates. Then determine whether a feature point has been selected from this
region. If there is no FAST point, perform FAST feature extraction and select
the point with the highest precision as the FAST point of this region. Other-
wise, re-select the image coordinates and repeat the former step until it reaches
the threshold of the feature point number or the maximum iteration times. This
method can reduce the computational cost and avoid selecting too dense features
in some regions.

Once FAST points are extracted, the BRIEF descriptor [10] is used describe
these feature points, which is a binary sequence. BRIEF is based on comparisons.
Take a patch with a FAST point locating at the center of the patch. Then choose
one point other than the center in this patch. Compare intensities of the
selected point and the center. If the intensity of the selected point is larger than
that of the center, assign the value ’1’, else ’0’. Do that for each point in the patch
except the center and end up with a string of boolean values. To improve the ro-
bustness, the image patch can be filtered by the Gaussian filter before comparison.

3.2 Feature Matching

Feature matching is performed by calculating the Hamming distance between
BRIEF descriptors of two extracted FAST points. These two feature points come
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form the current image and the next image respectively. The Hamming distance
is determined by bit-wise XOR operation. Only the two feature points whose
computed Hamming distance is less than the threshold, are considered as the
corresponding point. Due to the existence of regions with similarity texture, false
matches inevitably occur. Since the motion of camera is continuous, positions
of the corresponding feature point in current and next image should not be far
away from each other. A 20 × 20 square region is used to narrow the match
region. If two matching feature points are covered by a 20 × 20 square, the
match is considered as a correct one, otherwise it is regarded as a false match
and deleted.

3.3 Feature Fusion

After feature matching, the EKF can be updated by exploiting coordinates of
the predicted feature points and coordinates of matched feature points. Do not
delete those feature points without matches in the next image immediately.
This is because in the real application, due to the influence of light changes or
motion blur, some feature points would not be extracted in some images, however
would appear again in later images. So in this case, these feature points are first
marked, and cannot be used to update the EKF. The predicted values instead
of coordinates of matched feature points are used to update the EKF. Once one
feature does not find correct match in continuous five frames, the feature point
is considered as lost and deleted.

4 Incorporating the 1-Point RANSAC into the
EKF-Based SLAM

The computational framework of the EKF is introduced in Section 2. It is obvious
that the computational cost is very high, especially in the updating step whose
computational complexity is O(M ∗N2), where N is the dimension of the EKF
state, M is the number of feature points. This is one important reason that
the existing algorithms do not satisfy the real-time demands. In this section, we
incorporating the 1-Point RANSAC into the EKF-based SLAM to reduce the
computational cost.

The 1-Point RANSAC algorithm is due to Civera et al. [7]. The main contri-
bution is that it greatly reduce computational cost of the updating step of the
EKF. This is obtained by introducing the RANSAC scheme. Then the iteration
number of updating step and the dimension number of the state are greatly
reduced. It has following two steps.

4.1 Inlier Processing

The input of the 1-Point RANSAC algorithm is measured feature points z.
Firstly the probability of measured feature point η(hK(x̂K|K−1), SK) is com-
puted. Those feature points whose probability are equal to or greater than 99%
are considered as inliers. Then make random sample from obtained inliers by
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the RANSAC scheme. In this process, to reduce the computational cost, only
the state vector x̂, rather than the covariance matrix P , is updated. Finally, the
number of iteration in updating step of the EKF is computed with

nhyp =
log(1− p)

log(1− (1− ε)m)
(13)

where p denotes the desired precision, ε is the inlier rate, m = 1.

4.2 Outlier Processing

The extracted feature points also contain the matched feature points with low
precision and mismatched points besides inliers. The matched feature points with
low precision can be divided into two categories: one class are feature points ex-
tracted in the first time whose low precision is due to the first extraction and
limited number of iteration, the other are feature points near the camera. To
improve the precision, we update each matched feature point with low precision
and discard the mismatched feature points. First, use the state vector and co-
variance matrix obtained in inlier processing step to perform updating. Then
validate all outlier. Only those feature points whose correlation rate is greater
than 99% are regarded as inliers and the others are discarded.

(a) one frame of captured video (b) feature points in one frame

(c) one frame with discarded feature point (d) one frame with unmatched feature point

Fig. 1. Sample frames of video captured by the camera and feature points used to
perform the proposed algorithm
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5 Experiments

To validate the proposed algorithm, some experiments have been performed.
One of them is reported here. The data are from the University of Zaragoza [7].
The proposed algorithm is developed with Visual C++ and some functions of
the OpenCV. It runs on a notebook computer with a P4 2.4GHZ CPU.

Figure 1(a) shows the first frame of the video captured by the camera per-
formed the monocular SLAM. Figure 1(b) shows one frame of the video, in which
feature points are extracted and matched and the red ellipse is used to show that
the corresponding feature point is a inlier with high innovation. The size of the
ellipse presents the predicted feature point within this ellipse with a likelihood
of 99%. With the running of the algorithm, the precision of prediction increases.
In figure 1(c), we can see that the size of red ellipse are greatly reduced. In
figure 1(d), there is a magenta ellipse besides red ellipses, which is used to ex-
press the feature point discarded by the 1-Point RANSAC due to large error.
In figure 1(c), there is a blue ellipse which is used to express the mismatched
feature point. In experiments, we do not remove the feature points correspond-
ing to the magenta and blue ellipses immediately. This is because some feature
points would not be extracted in some images due to light changes or motion
blur, however they would appear again in later frames. Figure 2 shows the final
trajectory of the camera. Figure 3 shows the process time of each frame, where
the largest one is about 47.8ms, the least one is about 5.6ms and the average is
about 23.53ms. For real applications with a camera of 30 frames per second, the
proposed algorithm can satisfy the real-time demands.

Fig. 2. Trajectory of the camera obtained by the proposed algorithm
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Fig. 3. Time consuming of the proposed algorithm

6 Conclusions

In this paper, we investigate the real-time monocular SLAM. A new algorithm
is proposed to improve the EKF-based monocular SLAM. It incorporates the
FAST feature detector with the BRIEF descriptor to extract and match image
feature points and the 1-Point RANSAC strategy to improve the EKF-based
SLAM. The proposed algorithm can improve the robustness of the EKF-based
SLAM, which is also satisfying real-time demands. Experimental results validate
the proposed algorithm.
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