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popular [8]. Keyframe-based SLAM includes key-featurebased SLAM and direct SLAM. Direct SLAM considers
the whole image or some pixels with larger gradients and
is more robust in poorly-textured environments. But its
running speed is affected greatly by the photometric error
optimizations. The initial value range is reasonable and then
the optimization can be convergent to an accurate value
faster. Key-feature-based SLAM extracts key corners or
edges and then makes matching to compute maps and camera
poses by using multiple view geometry (MVG) theory [9]
including epipolar geometry, triangulation, structure from
motion, bundle adjustment etc. If the extracted key features
and their matching are reliable, SLAM will have higher
accuracy. Therefore, key-feature-based SLAM and direct
SLAM have their own advantages. Moreover, multiple view
geometry has the rigourous theory for 3D computer vision.
However, most of the existing SLAM systems are either
fast or accurate. There are seldom methods considering both
speed and accuracy at the same time. In this paper we would
like to fuse all these advantages of MVG, key-feature-based
SLAM, and direct SLAM to give a practical SLAM system
with both higher accuracy and faster speed.
SVO [10],[11], which is called semi-direct visual odometry, combines key features and direct formulation. It can run
at more than 300 frames per second on a consumer computer.
SVO uses the depth filter [12] to estimate depth. The depth
filter may not converge to true depth for its noisy initialization that will affect later localization accuracy. ORBSLAM
[13],[14], a feature-based typical system using MVG, detects
FAST corners [15] and extracts ORB descriptors [16] on each
frame. It is more accurate than SVO. But it runs at about 20
frames per second on a consumer computer. Recently, direct
sparse odometry (DSO) fuses bundle adjustment and sparse
pixels with larger gradients achieving high accuracy [17]. Its
speed on a consumer computer is similar with ORBSLAM.
Inspired by these excellent VO/SLAM systems, we fuse
their advantages to give a practical stereo SLAM system
taking into account both accuracy and speed. We propose
a novel framework. At the front-end, speed is considered.
Our system performs the photometric error minimization
and constant motion model to predict initial pose, reprojects
local map to find 3D-2D correspondence and finally refines
poses by the reprojection error minimization. At the backend, accuracy is considered. A global map is kept by bundle
adjustment in our system. The global map can not only greatly improve the localization accuracy but also can be used as

Abstract— We propose a novel stereo visual SLAM framework considering both accuracy and speed at the same time.
The framework makes full use of the advantages of key-featurebased multiple view geometry (MVG) and direct-based formulation. At the front-end, our system performs direct formulation
and constant motion model to predict a robust initial pose,
reprojects local map to find 3D-2D correspondence and finally
refines pose by the reprojection error minimization. This frontend process makes our system faster. At the back-end, MVG
is used to estimate 3D structure. When a new keyframe is
inserted, new mappoints are generated by triangulating. In
order to improve the accuracy of the proposed system, bad
mappoints are removed and a global map is kept by bundle
adjustment. Especially, the stereo constraint is performed to
optimize the map. This back-end process makes our system
more accurate. Experimental evaluation on EuRoC dataset
shows that the proposed algorithm can run at more than 100
frames per second on a consumer computer while achieving
highly competitive accuracy.

I. INTRODUCTION
In recent years, visual odometry(VO) [1] and simultaneous
localization and mapping(SLAM) [2] have been more and
more popular because of their wide applications in augmented reality(AR), unmanned aerial vehicles(UAVs), unmanned
ground vehicles(UGVs) and robot visual navigation. There
are many different sensor types for VO and SLAM, such
as monocular cameras [3], stereo cameras [4] and RGBD cameras [5]. Generally, stereo VO/SLAM can directly
estimate the global scale by using the length of the baseline
between left camera and right camera. However, monocular
visual odometry can not directly estimate the global scale
and has to rely on other sensors, such as IMU [6], to
estimate the global scale. Although RGB-D visual odometry
can directly estimate the global scale, depth capture from
RGB-D cameras is limited within a certain range. In this
paper, we focus our attention on stereo visual SLAM, which
is widely used in the field of robotics.
At present, two kinds of studies on SLAM, geometric
SLAM and learning SLAM, are very active [7]. Due to
the wide successful use of deep learning, learning SLAM
has attracted many interests. It depends on lots of labeled
datasets and cannot be applied well in a strange environment. In geometric SLAM, keyframe-based SLAM gains in
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an off-line map for visual navigation. Especially, to further
improve the accuracy of the proposed system, the stereo
constraint is used to optimize the global map. Experimental
results on EuRoC dataset show that our algorithm achieves
highly competitive accuracy while running at more than 100
frames per second on a consumer computer, proving that
our algorithm is suitable well to indoor complex cluttered
environments and short-baseline stereo cameras.
The remainder of this paper is organized as follows. In
Section II, we review the related work. An overview of the
proposed framework is given in Section III. In Section IV, we
describe the tracking part in detail. The mapping procedure
will be introduced in Section V. We provide the experimental
comparison with some state-of-the-art algorithms in Section
VI. Finally, in Section VII, we describe conclusions and
future work.

Fig. 1.

II. RELATED WORK

The proposed framework: tracking and mapping pipelines.

image intensities both for tracking and mapping. It can runs
in real-time on a CPU and even on a modern smartphone.
DSO [17] is a novel direct sparse visual odometry for realtime tracking and reconstruction by CPU which only uses
sparse pixels in the image.
Semi-direct methods combine key-feature-based methods
and direct methods. SVO [10],[11] extracts features to initialize new 3D points for keyframes and uses feature correspondences as an implicit result of direct motion estimation.

In this section, we describe the related work on SLAM/VO methods. Davison et al [18] first presented a
real-time monocular slam system, which is based on filter
theory. Klein and Murray [19] used MVG to propose realtime Parallel Tracking And Mapping (PTAM), which is
based on keyframes. After a few years, filter-based SLAM
and keyframe-based SLAM were compared by [20]. Later,
keyframe-based SLAM attracts more and more interests. It
includes key-feature-based SLAM, direct SLAM, semi-direct
SLAM.
Key-feature-based methods use MVG to estimate 3D
structure and to optimize on reprojection errors. A lead
method was given in Mouragnon et al [21]. PTAM [19]
uses FAST corners points [15] as features, which is suitable
for small desktop workspace in application. Later, PTAM
was extended to stereo PTAM [22]. Strasdat et al. [23]
presented a filter-based approach for feature initialisation
within keyframe-based SLAM to integrate scales. A double
window optimisation for constant time visual SLAM was
proposed in [24]. Mei et al. [4] developed a relative SLAM
approach for large-scale mapping in constant-time using
stereo. Mur-Artal et al presented ORBSLAM [13] which
uses ORB for correspondences. In the tracking thread, PnP
[25] or frame-to-frame tracking is used to compute the
pose of current frame. And then the pose is refined by
tracking local map to find more 3D-2D correspondence. In
the local mapping thread, a sparse 3D map is constructed by
matching ORB descriptors and triangulating the matching
pairs. ORBSLAM2 [14] is an extension to ORBSLAM,
which includes monocular slam system, stereo slam system,
and RGB-D slam system.
Direct methods use filter of inverse depth parametrization
[26] to estimate 3D structure. The camera pose is estimated
directly by minimizing an photometric error measure that
is based on the image’s pixel-level intensities [27]. DTAM
[28] is a system for real-time tracking and reconstruction by
GPU which uses all pixels in the image. LSD-SLAM [29]
uses part of pixels in the image and directly operates on

III. T HE PROPOSED FRAMEWORK
We give a brief overview of the proposed framework.
The whole system is split into tracking thread and mapping
thread, which is shown in Fig. 1.
In the tracking thread, the camera pose is estimated. The
first step is to get predicted pose of current frame by sparse
model-based image alignment. If sparse model-based image
alignment fails, we use constant motion model to predict
the pose of current frame. The second step is to reproject
local map to current frame and find 3D-2D correspondence.
The third step is to refine the pose of current frame by
reprojection error minimization. The final step is to judge
the current frame whether is a keyframe. If it is a keyframe,
we perform stereo matching to get depth and insert it to the
mapping thread.
In the mapping thread, MVG is used to estimate 3D structure. First, we find the keyframes which are close to current
keyframe. Then we perform feature matching to find 2D-2D
correspondence between keyframes. After that, triangulation
is performed to generate new mappoints. Finally, we optimize
the local map including the mappoints and the poses of
keyframes. After a period of time, we refine the pose and
reconstruction globally by using global bundle adjustment.
IV. TRACKING
Let us denote the intensity image in the k-th frame as
Ik . The camera pose with respect to the world’s reference
coordinate in the k-th timestamp is denote as Tk,w . Ck and
Ck−1 are the camera coordinate systems at two consecutive
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frame is reprojected to the current frame. The intensity
residual δ I is defined by the photometric difference between
pixels observing the same 3D point. It can be computed
by projecting 3D point c X from the previous image Ik−1
and subsequently projecting it into the current image. The
residual is as follows:

δ I(T, x) = Ik (π (T ∗ c X)) − Ik−1 (x) x ∈ Ω,

where T is short for Tk,k−1 . x, which is correspondence to
c X, is the location of the feature point (Fast Corners) in the
previous frame. Ω is the set of image points for which the
space points are known at time k − 1. We use 4 ∗ 4 patches to
describe the feature point. Because of small frame-to-frame
motions and small patch-sizes, we do not warp the pathes.
The 4 ∗ 4 patches around the feature point is denoted as the
vector I(xi ). Minimizing the photometric error of all patches
is performed to obtain the relative camera pose Tk,k−1 :

Fig. 2. Sparse model-based image alignment is performed to find the
relative camera pose Tk,k−1 that minimizes the photometric difference
between image patches corresponding to the same 3D point(blue squares).
This figure is adapted from [10].

Tk,k−1 = arg min
Tk,k−1

(5)

where ξ is mapped to SE(3) by the exponential map [31]:
T(ξ ) = exp(ξ ).

frames, which are related by the relative pose transformation
in the special Euclidean group Tk,k−1 (ξ ) ∈ SE(3). ξ ∈ se(3)
is the 6-vector of coordinates in the Lie algebra se(3). We
denote the feature point in the image as x, its space point in
the camera coordinate as c X and its space point in the world
coordinate as w X. The camera reprojection model is denote
as π :
(1)
c X = Tk,w ∗ w X,

(7)

During the above process, if sparse model-based image
alignment fails, we use constant motion model to estimate
the initial pose of current frame:
Tk,w = Tk−1,w ∗ T−1
k−2,w ∗ Tk−1,w .

(8)

B. Reprojection
In Section A, by only using the information from the
previous frame and the current frame, we obtain initial pose
which is not accurate. And the accuracy of current pose can
be improved. To reduce the drift, information from map is
used to refine the pose of current frame.
First, we find keyframes which are close to current frame.
Then, all space points of close keyframes which are visible
from their estimated camera poses are projected into the
current image. As it is depicted in Fig. 3, we get an estimate
′
of the corresponding 2D feature positions xi . Similar to the
last step, the patch is used to describe 2D feature. We use
8 ∗ 8 patch to describe 2D feature, which is different from
the last step. What’s more, because the distance between the
current frame and the close keyframes are typically farther
away than the distance between the current frame and the
previous frame, a larger patch is used. An affine warping
Ai is applied to the reference patch in keyframes. Finally,

(2)

where x is 2D position of feature point.
A. Initial Pose
In order to get initial pose of current frame, the relative
camera pose between two consecutive frames, Tk,k−1 (ξ ), is
estimated by sparse model-based image alignment, which is
similar to [10]. Then the initial pose of current frame can be
computed with
Tk,w = Tk,k−1 ∗ Tk−1,w .

1
∑ ∥δ I(Tk,k−1 , xi )∥2 ,
2 i∈Ω

which is depicted in Fig. 2. We solve it in an iterative GaussNewton method and Tk,k−1 is parameterized with the 6 ∗
1 vector ξ ∈ se(3). In order to accurate the computation,
we perform the inverse compositional formulation [30] of
intensity residual, where the jacobian matrix is computed
only once. Similar to [30], the update step is performed as
follows.
Tk,k−1 = Tk,k−1 ∗ T(ξ )−1 ,
(6)

Fig. 3. Reprojection : because of inaccuracies in the 3D point and camera
pose estimation, the 2D position of each point is optimized individually to
minimize the photometric error in its patch. This figure is adapted from
[10].

x = π (c X),

(4)

(3)

The photometric error is used to estimate the relative camera
pose Tk,k−1 in sparse model-based image alignment. This is
depicted in Fig. 2. First, we find space points observed by
the previous frame. Then, the space points from the previous
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right image which are rectified. In our system, monocular
keypoints are defined by two coordinates xm = (uL , vL ), which
is on the left image and the right image. Stereo keypoints are
defined by three coordinates xs = (uL , vL , uR ), where (uL , vL )
is on the left image and uR is the horizontal coordinate on
the right image.
Stereo matching between monocular keypoints on the left
image and keypoints on the right image is performed to
generate stereo keypoints. If a monocular keypoint (uL , vL )
on the left image is matched with monocular keypoint (uR ,
vR ) on the right image, the depth can be computed as:
d=

Fig. 4. Tracking points in EuRoC [32]. Green points have a depth less
than 40 times the stereo baseline, while blue points are further away. In
other words, green points are from stereo keypoints and blue points are
from monocular keypoints.

fx ∗ b
,
uL − uR

(11)

where fx is the horizontal focal length and b is the length
of baseline between left camera and right camera. If the
computed depth is less than 40 times the length of stereo
baseline, the monocular keypoint (uL , vL ) on the left image
is considered as the stereo keypoint (uL , vL , uR ). Once there
are stereo keypoints with depth, we use the stereo keypoints
to create new mappoints.
The remaining keypoints which are monocular keypoints
on the left image are matched between two keyframes. Triangulating from multiple views is performed to generate new
mappoints, which is detailed in Section V. In summary, close
space points are generated by stereo matching to compute
the depth. Far space points are generated by triangulating
from multiple views. In other words, close space points
are corresponding to stereo keypoints. Far space points are
corresponding to monocular keypoints. It is depicted in Fig.
4.

according to corresponding patches, the 2D location of each
feature is refined individually by minimizing the photometric
error between the patch in the current frame and the patch
in the reference keyframe r:
′
′
1
(9)
xi = arg min ∥Ik (xi ) − Ai ∗ Ir (xi )∥.
2
′
x
i

Also, we solve it in an iterative Gauss-Newton method
and perform the inverse compositional formulation [30] of
intensity residual to accurate optimization.
C. Pose Optimization
In Section B, we refine 2D positions of feature points
which are corresponding to space points in the world coordinate. However, these 3D-2D correspondences violate the
epipolar constraints. Therefore, minimizing reprojection error
is performed to refine the pose of current frame:
1
(10)
Tk,w = arg min ∑ ∥xi − π (Tk,w ∗ w X)∥2 .
Tk,w 2 i

V. MAPPING
In this section, when a new keyframe is inserted, the
mapping thread is performed.
A. Inserting New Keyframe

The pose of current frame is only optimized, which is known
as motion-only BA [20]. It can be solved iteratively with
Gauss-Newton method or Levenberg-Marquardt method.

When current frame is considered as a new keyframe in the
tracking thread, it is inserted into the mapping thread. In the
new keyframe, although there are 3D-2D correspondences
which are from the tracking thread, there are not descriptors
for some 2D features. We extract ORB for the 2D features,
which will help in the data association for relocalizaiton.
Finally, the new keyframe is added into the map.

D. New Keyframe Decision
In this step, we decide whether the current frame is
considered as a new keyframe. To decide the current frame
as a new keyframe, all the following conditions must be
satisfied:
1). There are more than 50 inlier points tracked in the
current frame.
2). The mapping thread must be idle.
3). A minimum visual change is met. The parallax angle
between current frame and last keyframe is more than two
degrees.
Compared with ORBSLAM [13], our strategies of selecting keyframes are faster and more effective.
Once the new keyframe is selected, we construct the new
keyframe. We extract ORB features on the left image and

B. Finding Overlap Keyframes
In order to generate far space points, finding overlap
keyframes with a new keyframe is very important. Here,
to find overlap keyframes with a new keyframe fast and
effectively, pose graph is not generated in the map. We just
calculate the distance between a new keyframe and other
keyframes to decide which keyframe is overlapping with the
new keyframe. The closest ten keyframes are considered as
overlap keyframes with the current keyframe.
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C. Triangulating
In this step, because most of the time the depth filter does
not converge with true depths for its noisy initialization and
fast motion, which has a bad effect on localization accuracy,
we do not use a depth filter to estimate depths. In our
system, triangulating is performed to estimate depths and
generate new mappoints. We match ORB features between a
current keyframe and overlap keyframes. At this stage, some
outliers are rejected by epipolar constraint, non-maximum
suppression and cross check. After matching, the matching
pairs are triangulated to generate new space points. Depth
positivity in both cameras, parallax and reprojection errors
are checked to discard outliers.

Fig. 5. Visualization of the implementation of our system on MH 01 easy.
The left top image is the left image and the left bottom image is the right
image. The green points on the left image and right image are 2D inlier
points which are corresponding to 3D points. In the right, the green curve
is the camera trajectory and the blue points are space points. As it is shown,
a global map is kept.

D. Bundle Adjustment
We perform local bundle adjustment to optimize a local
window of keyframes and space points from the local window of keyframes. In order to keep the algorithm efficient,
10 keyframes are fixed to perform local bundle adjustment.
After a period of time, global bundle adjustment is performed
to optimize all keyframes and all mappoints so that a global
map is kept. Especially, stereo constraint is performed to
improve the system. The projection function π m for far space
points corresponding to monocular keypoints and π s for near
space points corresponding to stereo keypoints are defined as
follows:


[
]
X(1)
c X(1)
+ cx
fx ∗ cc X(3)
,
(12)
πm ( c X(2) ) =
fy ∗ cc X(2)
X(3) + cy
c X(3)




+ cx
fx ∗ cc X(1)
X(3)
X(1)
c


c X(2)

πs ( c X(2) ) = 
(13)
 fy ∗ c X(3) + cy  ,
X(1)−b
X(3)
c
c
f ∗
+c
x

c X(3)

x

E(i,

E(i, j) = ∥xsi − πs (T j ∗ w Xi )∥2 ,

(c) V1 01 easy

(d) V2 01 easy

VI. EXPERIMENTS
We evaluate our system on public dataset EuRoC [32].
Accuracy of our system is evaluated by using the benchmark
tool [34]. The used setup is an Intel Xeon(R) E5-1620(eight
cores @ 3.50GHz) and 16 GB RAM. Since our method is
semi-direct and uses MVG, we compare our method with
these two state-of-the-art methods : a semi-direct method
SVO [10],[11] and a key-feature-based method ORBSLAM
[13],[14]. In terms of accuracy and speed, the results of
comparison prove our method is fast and accurate.
On EuRoC dataset, there are eleven sequences provided
in total. There were collected on-board a Micro Aerial
Vehicle (MAV) flying around two different rooms and a large
industrial environment. The stereo camera has a baseline
whose length is about 11cm and captures images at 20 Hz.
The sequences are classified as easy, medium and difficult
depending on MAV’s speed, illumination and scene texture.
The dataset contains millimeter accurate position ground
truth from a laser tracking system. We test our system on

j∈Kl i∈Pl

i
− πm (T j ∗ w Xi )∥2 ,
j) = ∥xm

(b) MH 05 difficult

Fig. 6. Estimated trajectory (black) and ground truth (red) on EuRoC
MH 03 medium, MH 05 difficult, V1 01 easy and V2 01 easy.

where (fx , fy ) is the focal length, (cx , cy ) is the principal
point, and b is the length of the baseline.
In terms of local bundle adjustment, the optimization
problem is represented as follows:
}
{ i
w X , T j |i ∈ Pl , j ∈ Kl = arg min ∑ ∑ ρ (E(i, j)), (14)
i
w X ,T j

(a) MH 03 medium

(15)
(16)

where Kl is the local window of keyframes and Pl is all
the space points observed in the local window of keyframes.
E(i, j) is reprojection error, which is calculated by two ways.
We use (15) to calculate reprojection error for monocular
keypoints and (16) to calculate reprojection error for stereo
keypoints.
The process of global bundle adjustment is similar to local
bundle adjustment, except the first keyframe whose pose
is fixed in the optimization. We use Levenberg-Marquardt
method, which is implemented in ceres [33], to perform local
bundle adjustment and global bundle adjustment. After the
optimization, outliers are removed to keep an accurate map.
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TABLE I
FRAMES LOCALIZATION ERROR COMPARISON BY THE
BENCHMARK TOOL [34] ON EUROC DATASET, WHERE THE
ERROR IS ABSOLUTE TRAJECTORY ERROR (RMSE:
CENTIMETER)

Sequence

Length
/Duration

OURS

SVO
stereo

MH 01 easy
MH 02 easy
MH 03 medium
MH 04 difficult
MH 05 difficult
V1 01 easy
V1 02 medium
V1 03 difficult
V2 01 easy
V2 02 medium
V2 03 difficult

80.6m/182s
73.5m/150s
130m/132s
91.7m/99s
97.6m/111s
58.6m/144s
75.9m/83.5s
79.0m/105s
36.5m/112s
83.2m/115s
86.1m/115s

3.80
3.76
5.36
9.20
9.30
8.72
20.11
53.28
8.85
7.67
X

8.00
8.00
29.00
267.00
43.00
5.00
9.00
36.00
9.00
52.00
X

ORBSLAM
stereo
without loop
4.03
4.16
4.78
40.49
10.27
8.85
9.75
16.44
6.21
7.96
X

(a)

(b)

(c)

(d)

Fig. 7. (a) and (b) show frame rate of our system on EuRoC MH 01 easy
and MH 04 difficult. (c) and (d) show frame rate of stereo ORBSLAM on
EuRoC MH 01 easy and MH 04 difficult.

all sequences. The visualization of the implementation of our
system around a large industrial environment on MH 01 easy
dataset is shown in Fig. 5. Fig. 6 shows examples of computed trajectories compared with the ground truth. We use the
absolute trajectory error (ATE) as the evaluation to compare
the accuracy of our method with SVO and ORBSLAM. And
the result is shown in TABLE I.

frame is limited within 100. Different from SVO, our system
makes the optimization at the back-end. We extract ORB
features and perform stereo matching only in the keyframes
while each frame is extracted ORB features and performed
stereo matching in stereo ORBSLAM. Our system considers
both accuracy and speed at the same time. It combines
advantages of SVO which is faster and of ORBSLAM which
is more accurate. Therefore, our system is practical which
can meet well some vision tasks in robotics, augmented
reality, virtual reality, and so on.

A. Accuracy
We compare the absolute trajectory errors of our system
with those of SVO and ORBSLAM. The result is shown in
TABLE I. The absolute trajectory errors of SVO are from
[11]. Stereo ORBSLAM without closure loop is performed
in our computer to obtain its absolute trajectory errors. There
are seven sequences where the accuracies of our system are
better than those of stereo SVO. There are two reasons. First,
we perform triangulation to create new mappoints instead of
the depth filter. The depth filter may not converge with large
and rapid motions. Second, in our system, we keep a global
map while in SVO there is a local map with 10 keyframes.
On the other hand, from the table, there are three sequences
where the accuracies of SVO are better than those of our
system. The main reason is that motion priors (IMU) is used
to predict the initial pose in SVO [11] but ours is without
any priors. Compared with stereo ORBSLAM [14] without
closure loop in accuracy, our system has six sequences with
higher accuracies.

VII. CONCLUSIONS AND FUTURE WORK
In this study, we proposed a novel framework for stereo
visual SLAM, which fuses key-feature-based MVG and
direct formulation by making full use of advantages from
SVO [10],[11] and ORBSLAM [13],[14]. At the front-end,
we perform semi-direct method to track the camera pose,
which makes our system faster. At the back-end, MVG is
used to estimate 3D structure. We perform triangulation to
create new points and use stereo constraint to carry out the
optimization, which makes our system more accurate. In our
novel framework, accuracy and speed are taken into account
at the same time, which makes our system more practical.
Because of the efficiency: faster speed, higher accuracy, and
lower consumption, our system is being implemented on
robot platforms for visual navigation.
Despite the great results, some promotions are needed in
the future. We will use feature lines and edges to improve
the robustness of the system. We will add closure loop
detection to deal with large city environments. And using
IMU sensor is also a good choice to assist vision localization.
Furthermore, the framework will be adapted to a monocular
visual SLAM.

B. Runtime Evaluation
As shown in [10],[11], SVO can run at more than 300
frames per second on a consumer computer on EuRoC. We
perform stereo ORBSLAM system on our computer to test
the speed. The results show that stereo ORBSLAM can run at
about 20 frames per second averagely. However, our system
can run at more than 100 frames per second on the same
consumer computer. Fig. 7 shows the speeds of ours and
ORBSLAM. In SVO, number of the tracked points on each
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