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An indoor navigation system based on stereo camera and inertial sensors with points and lines is proposed to further improve the
accuracy and robustness of the navigation system in complex indoor environments. The point and line features, which are fast
extracted by ORB method and line segment detector (LSD) method, are both employed in this system to improve its ability to
adapt to complex environments. In addition, two different representations of lines are adopted to improve the efficiency of the
system. Besides stereo camera, an inertial measurement unit (IMU) is also used in the system to further improve its accuracy
and robustness. An estimator is designed to integrate the camera and IMU measurements in a tightly coupled approach. The
experimental results show that the performance of the proposed navigation system is better than the point-only VINS and the
vision-only navigation system with points and lines.

1. Introduction

Indoor navigation technique, which has been widely applied
in the field of mobile robot (e.g., home service robot) or
unmanned aerial vehicle (UAV) system [1, 2], has received
considerable attention in the past few years. One major
challenge of the indoor navigation system is the unavailabil-
ity of the global position system (GPS) signal in indoor
environment. Therefore, many other sensors have been
applied in the system such as sonar [3], odometry [4], light
detection and ranging (LiDAR) [2], camera [5], and inertial
measurement unit (IMU) [6]. With the recent development
in vision-based techniques, cameras used as sensors make
the vision-based navigation system more and more attractive
[7]. Direct method and feature-based method are two main
methods for indoor navigation system. While the direct
method estimates the motion by minimizing the photometric
error [8], we deal with feature-based method in this paper.
For conventional feature-based visual navigation system,
feature extraction methods are applied to extract the point
features from images collected by the camera. After
matching these point features between two frames, the

pose of the system can be estimated through ego-motion
estimation methods (e.g., perspective-n-point (PnP)) or
by minimizing the reprojection error [9, 10]. Note that
only point features are used in the conventional feature-
based visual navigation system. However, in some low-
textured scenarios exemplified by man-made or indoor
environments, it is hard to extract enough key points by
suitable point feature extraction method. As a result, the
performance of conventional feature-based method will
decrease, which thus implies that other complementary
features need to be explored for further performance
improvement. In recent years, line feature has received
more and more attention since lines or line segments pro-
vide significantly more information than points in encod-
ing the structure of the surrounding environment [11].
They are usually abundant in human-made scenarios,
which are characterized by regular structures rich in edges
and linear shapes [12]. In addition, recent advances in the
line segment detection method have made it possible to
extract line features fast and accurately. Therefore, in some
low-textured environments, the line features can be used
in the feature-based visual navigation system to improve
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the navigation accuracy [11, 13]. In this paper, we choose
the stereo camera to acquire images of indoor environ-
ments; thereafter, points and lines features are all extracted
from these images. In addition, the scale information of
the features can be estimated by stereo camera because
of the small scale of the indoor environments.

Although the camera can be used efficiently in navigation
system, it is not robust to motion blur induced by rapid
motion [14] and the vision-based navigation system often
fails in rapid motion scenarios. In order to make the system
more robust, a common solution is fusing camera with
inertial sensors, which leads to the visual-inertial navigation
system (VINS) [6, 15]. Inertial sensors usually contain three
orthogonal gyroscopes and accelerometers to measure the
angular velocity and acceleration of the carrier and estimate
the carrier’s motion in high frequency. However, it suffers
from the accumulated error and relatively large measure-
ment uncertainty at slow motion [16]. It can be found that
visual and inertial measurements offer complementary
properties which make them particularly suitable for fusion
[17], since inertial sensors have a relatively low uncertainty
at high velocity, whereas cameras can track features very
accurately at low velocity and less accurately with increas-
ing velocity [16]. Consequently, VINS works better than
vision-only or pure inertial navigation system. Without loss
of generality, the VINS can be classified into two methods,
filtering-based method and optimization-based method.
Although the accuracy of optimization approach is better
than the filtering approach, it is computationally expensive.
Considering the extra computational cost in line feature
extraction, we adopt the filtering approach which usually
uses the extended Kalman filter (EKF) to estimate the pose
of the system.

In this paper, we present a visual-inertial navigation
system with point and line features for indoor environments.
The stereo camera is combined with an inertial sensor in a
tightly coupled filtering approach to overcome the defect in
single sensor. The point and line features are both used in
the proposed system, such that this system can perform well
in low-textured environments such as indoor environments.
In addition, the robustness of this navigation system can be
improved by these two schemes. The performance of this
system is also tested in an experiment which uses visual-
inertial benchmark dataset.

The rest of the paper is organized as follows. The related
work is described simply in Section 2. In Section 3, we pres-
ent the IMU model based on the inertial measurements and
the representations of point and line features. The estimator
and the implementation of the algorithm are described
in Section 4. Experiments are conducted in Section 5 to
demonstrate the performance of the proposed system.
Finally, conclusions are drawn in Section 6.

2. Related Work

Compared to the simultaneous localization and mapping
(SLAM) system, the visual navigation system does not have
loop closures, but in a large part, it follows the SLAM
paradigm (especially the front-end of the SLAM). For

feature-based method, pioneering work has been carried
out in [18]. It presents a monocular camera SLAM system
which uses sparse key points and EKF to estimate the camera
motion. In [19], it points out that the monocular camera
suffers from the “scale drift” problem; however, the stereo
camera can efficiently overcome this issue. In [20], it presents
a stereo visual SLAM system which uses Harris corner
detector to extract point features and EKF to estimate the
pose. More recently, the ORB-SLAM has been proposed in
[21, 22], which supports all monocular, stereo, and RGB-D
cameras. In ORB-SLAM, the ORB point features [23] have
been used for the first time and the accuracy of the system
is very high. However, the systems mentioned above would
reduce their performance in low-textured environment with
insufficient point features. Therefore, massive efforts are
devoted to the line segment detectionmethod and its applica-
tion in visual navigation and SLAM system.

A linear-time line segment detector has been proposed
in [24, 25] with a high detection accuracy. In [13], a line-
based monocular 2D SLAM system has been also pre-
sented, which incorporates vertical and horizontal lines
to estimate the motion with EKF. In addition, another
line-based system has been proposed in [11] to improve
the efficiency of the system by adopting two different rep-
resentations of a line segment. However, the line feature
only lends itself to the structured environment, which
implies that the system performance is likely to be degraded
in complex environment by employing the single line fea-
ture. Taking into account the complementarity between
point and line features, a combination of both features
has beneficial effects on the robustness and accuracy of
the navigation system. Recently, visual navigation systems
with points and line segments have been proposed in many
works [26–28], which reveals superior performance in a
wide variety of real-time scenarios. However, the visual-
only system has its own limitation and the VINS is developed
to overcome it.

The filtering-based VINS is particularly relevant to our
work. A vision-aided inertial navigation system based on
a multistate constraint Kalman filter has been proposed in
[6, 15], presenting a novel system model which does not
contain the feature position in state vector. Therefore, the
computational overhead of the method is low. However,
this system relies on large storage capacity, which makes
it unavailable in some applications. A consistent VINS
based on EKF has been proposed in [29]. In this paper,
the author proposes a new method which improves the
consistency of the system based on analyzing the observ-
ability of the VINS. An autonomous navigation system
combines the stereo camera, and IMU has been proposed
in [30], which improves the positioning accuracy by con-
sidering both the near and the far point features. However,
all these methods mentioned above use point features only.
Line-based VINS has been proposed in [31, 32], which use
straight lines as features. These systems exhibit superior
reconstruction performance against point-based navigation
system in line-rich environment. However, in our work,
we mainly focus on the VINS combining both point and
line features.
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3. IMU Model and Feature Representation

In this section, we will describe the IMU model and the
camera model which contain the point and line features. To
begin with, we define the reference coordinate frames
which would be applied in the rest of the paper.

The navigation coordinate frame {N} (also can be
referred as the world coordinate frame) is chosen as the
East-North-Up (ENU) coordinate frame in this paper (the
origin of this coordinate frame is fixed in the first frame of
the system, and the x-, y-, and z-axes are aligned with the
east, north, and up of the system’s first frame, resp.). The
pose information of the system is all characterized with
respect to in this coordinate frame. In addition, the naviga-
tion coordinate frame is fixed with the first frame of the
system such that the effect of the earth rotation can be
ignored (cf. (1) and (2)).

The IMU coordinate frame {I} and the camera coordi-
nate frame {C} are fixed with the IMU and the stereo camera,
respectively. Their origins are located at the center of the
IMU and the optical center of the camera. The x-, y-, and
z-axes of the IMU coordinate frame are aligned with the
right, front, and up of the IMU, respectively. The z-axis of
camera coordinate frame points aligns with the optical axis.
There are two camera coordinate frames, which are denoted
in terms of left camera coordinate frame CL and the right
camera coordinate frame CR. The transition matrix between
them is obtained though camera calibration, and the CL is
chosen as the reference camera coordinate frame {C}.

In addition, for the sake of simplicity, in Sections 3 and 4,
we assume that the IMU coordinate frame {I} and the camera
coordinate frame {C} (left camera coordinate frame) are
coincident (in practice, the transition matrix between these
two coordinate frames can be extrinsically calibrated fol-
lowing the method proposed in [33]). To avoid confusion,
in Sections 3 and 4, we use the other notation {B} (body
coordinate frame) to represent both coordinate frames
(in practice, one of the {I} and {C} can be selected as
the body coordinate frame).

3.1. IMU Model. The angular velocity ωb
m and the specific

force f bm of the system in the body coordinate frame can be
measured by the IMU. These measurements include the
angular velocity and the acceleration information with
noise [34]:

ωb
m = ωb + εb +wb

g, 1

f bm = Cb
n an − g + ∇b +wb

a , 2

where ωb denotes the true angular velocity in body coordi-
nate frame, an denotes the true acceleration in navigation
coordinate frame, εb and ∇b are the constant drifts of the
gyroscopes and the accelerometers in body coordinate frame,
respectively, wb

g and wb
a are the random noises of the gyro-

scopes and the accelerometers in body coordinate frame,
which can be modeled as uncorrelated zero-mean white

Gaussian noise, Cb
n denotes the rotation matrix from the

navigation coordinate frame to the body coordinate frame,
and g is the gravity vector.

The estimates of the attitude information Q̂ (described
in the form of unit quaternion), the velocity v̂n, and the
position p̂n can be updated by the IMU measurements as
follows [34]:

Q̂ =
1
2
M′ ωb

m − εb Q,

v̂
n = Ĉn

b f bm − ∇
b

+ g,

p̂
n
= v̂n,

3

where Ĉn
b denotes the estimated rotation matrix from the

body coordinate frame to the navigation coordinate frame,

εb and ∇
b
are the estimates of the constant drifts of the

gyroscopes and the accelerometers, which can be obtained
by the calibration method [35], and

M′ ω =

0 −ωx −ωy −ωz

ωx 0 ωz −ωy

ωy −ωz 0 ωx

ωz ωy −ωx 0

4

In addition, the unit quaternion Q, the attitudes θ,
and the rotation matrixes Cn

b and Cb
n can be inter-

changeable [34].
In addition, εb and ∇b can be modeled as follows:

εb = 0,

∇b = 0
5

According to the analysis above, the IMU state vector can
be described as follows:

XI = QT vnT pnT εb
T ∇bT

T
6

In practice, the angular velocity ωb
m and the specific force

f bm are sampled by IMU at discrete times, so (3) should be
calculated in a discrete method. Therefore, we assume that
the ωb

m and f bm are constant between the two sampling times;
thereafter, (3) can be discretized in an easy way.

3.2. Feature Representation. The point and line features are
extracted from the images collected by the stereo camera.
In this subsection, we will describe the representations of
the point and line features.

3.2.1. Point Features. Owing to small scale of the indoor
environments, the depth of the most points in images can
be estimated by stereo camera through the baseline between
the left and right cameras, so point features can be coded with
a Cartesian coordinate frame as follows:

Pb
p = X Y Z T , 7
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where Pb
p denotes the position of point features in body

coordinate frame and it can be estimated from the pixel
coordinate value of the point features as follows:

P̂
b
p =

b uL − u0
d

b vL − v0
d

bf
d

T

, 8

where b is the baseline between the left camera and the right
camera, d = uL − uR is the disparity, uL and vL are the pixel
coordinate value of the point features in the left camera
image, u0 and v0 are the pixel coordinate value of the optical
center in the left camera image, and f is the focal length. In
addition, u0, v0, and f are the intrinsic parameters of the
camera which can be obtained by the camera calibration
method [36].

The position of point features in navigation coordinate
frame Pn

p is also important in the proposed system, and the
estimated position can be computed as follows:

P̂
n
p = Ĉn

bP̂
b
p + p̂n 9

This process is only executed when the point feature is
detected in the first time. In this section, for the sake of
simplicity, the rotation matrix between IMU coordinate
frame and camera coordinate frame CC

I , CI
C and the relative

position between these two coordinate frames are ignored,
but in practice, they should be considered.

According to the analysis above, the point feature state
vector can be described as follows:

Xp = Pn
p,1 Pn

p,2 ⋯ Pn
p,M

T , 10

where Pn
p,i denotes the position of the ith point features in

navigation coordinate frame and M is the number of the
point features and this number is a variable because of the
different images collected by the camera.

3.2.2. Line Features. Different from the points represented by
X, Y , Z T in three-dimensional spaces, lines are parameter-
ized in 4 DOFs. In this paper, we introduce two different
representations of lines, the Plücker coordinate frame repre-
sentation and the orthonormal representation [11, 37]. The
Plücker coordinate frame representation is initialized when
the line features are detected in the first time, and the ortho-
normal representation is used in the estimator.

The Plücker coordinate frame representation is deter-
mined by two points on the line. Assuming the homo-
geneous coordinate frames of these two points are
PX1 = x1, y1, z1,w1

T and PX2 = x2, y2, z2,w2
T , the Plücker

matrix L can be determined as follows:

L = PX2P
T
X1 − PX1P

T
X2 11

The Plücker matrix L is a 4× 4 antisymmetric matrix
in which the diagonal elements are zero and there are

six nonzero elements in this matrix. The Plücker coordi-
nate frame is a 6× 1 vector composed by these six nonzero
elements as below:

L =
PX1 × PX2

w1PX2 −w2PX1

=
n

v
, 12

where PX1 and PX2 are the 3× 1 inhomogeneous coordinate
frames of the two points. n is orthogonal to the interpretation
plane containing the line and the origin, and v is the direction
of the line. The relationship between the Plücker matrix L
and the Plücker coordinate frame L is expressed as

L =
n × v

−vT 0
, 13

where ⋅ × denotes the skew-symmetric cross-product
matrix with a vector and the n × is defined as

n × =

0 −n3 n2

n3 0 −n1
−n2 n1 0

14

The transformation of the Plücker coordinate frame in
different reference coordinate frames (e.g., navigation coor-
dinate frame and body coordinate frame) can be described
as follows [38]:

nb

vb
=Hb

n
nn

vn
,

Hb
n =

Cb
n tbn × Cb

n

0 Cb
n

,
15

nn

vn
=Hn

b
nb

vb
,

Hn
b =

Cn
b tnb × Cn

b

0 Cn
b

,

16

where tbn denotes the translation vector from navigation coor-
dinate frame to the body coordinate frame.

The 3D lines represented by Plücker coordinate frames in
body coordinate frame can also be projected onto the image
plane as follows:

lb =Knb,

K =

f v 0 0

0 f u 0

−f vcu f ucv f u f v

,
17

where lb is the 2D line in the image plane represented by pixel
coordinate frame. It can be found that only nb is used in this
projection process.
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According to the analysis above, six elements are used in
the Plücker coordinate frame representation while the line’s
DOFs are four. If using this representation in estimator,
superfluous elements will cost more computation. In addi-
tion, the orthogonal constraint between the n and v, that is,
nTv = 0, will decrease the numerical stability, and thus, we
need to use another representation method in the estimator.

The orthonormal representation uses minimum 4
parameters to represent a line, and this representation
can be derived from the Plücker coordinate frame repre-
sentation [37].

We define a matrix S = n ∣ v and decompose this matrix
by QR decomposition as

QR S =U

w1 0

0 w2

0 0

18

and set

W =
w1 −w2

w2 w1

19

The 3D line can be represented by U,W where
U ∈ SO 3 ,W ∈ SO 2 . This means the U and W are
three- and two-dimensional rotation matrices, respectively.
Thus, the matrix U can be updated accordingly by a vec-
tor containing 3 parameters such as Euler angles θl =
θl,1 θl,2 θl,3

T and W can be updated by a scalar
parameter θl ∈ 0, π/2 as follows:

U∗ =UR θl ,

R θl = Rx θl,1 ,Ry θl,2 , Rz θl,3 ,

W∗ =
cos θl −sin θl

sin θl cos θl
W,

20

where Rx θ1 , Ry θ2 , and Rz θ3 denote the three-
dimensional rotation matrices.

We can define a 4× 1 increment vector σ = θTl , θl
T

which can be used in the estimator presented in the next
section to represent the error of line features. The detailed
discussions will be provided in Section 4.

In addition, the Plücker coordinate frame can be
transferred from the orthonormal representation as follows:

L =
w1u1

w2u2
, 21

where ui denotes the ith column of U.

4. Estimator Establishment and
Algorithm Implementation

In this section, an EKF estimator is presented. The IMUmea-
surements along with the point and line features mentioned

in Section 3 are combined based on this estimator in a tightly
coupled approach. In addition, we will elaborate the feature
detection methods, the feature initialization, and some other
processing steps.

4.1. Error-State Equation. In our work, the EKF estimator
uses the error model, which is defined as follows:

XT = δXT
I δXT

p σTl , 22

where δXT
I , δXT

p , and σTl are the error-state vectors of IMU,
point features, and line features, respectively.

The IMU error-state vector can be defined as

δXT
I = δθTI δvnT δpnT δεb

T δ∇bT , 23

where δvn, δpn, δεb, and δ∇b are the velocity error, the
position error, the error of gyroscope constant drift, and
the error of accelerometer constant drift, respectively.
The aforementioned error is formulated as δx = x − x̂
where x is the true value and x̂ is the estimated value. δθI is
the attitude error computed from the error quaternion δQ
which is defined as

δQ ≈ 1
θTI
1

T

24

The relationship between the true quaternion Q and
the estimated quaternion Q̂ is defined as Q = Q̂ ⊗ δQ,
where ⊗ is the quaternion multiplication [34].

Similarly, the error-state vector of point features can be
defined as

δXT
p = δPn

p,1 δPn
p,2 ⋯ δPn

p,M , 25

where δPn
p,i is the position error of the ith point features in

navigation coordinate frame which is defined as δPn
p,i =

Pn
p,i − P̂

n
p,i. In addition, δXp = 0.

The error-state vector of the line features can be defined
as follows:

σTl = σn1T σn2T ⋯ σnNT , 26

where σnj denotes the error vector of the jth line features in
navigation coordinate frame and N is the number of the
line features. It is worth to mention that N is a variable
because of the different images collected by the camera.
In addition, σl = 0
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According to the analysis above, the error-state equation
can be established as follows:

δXI

δXP

σl

= F

δXI

δXP

σl

+w,

F =

FI 015×3M 015×4N
03M×15 03M×3M 03M×4N

04N×15 04N×3M 04N×4N

,

w =

wI

03M×4N

03M×4N

,

27

where wI is the process noise assumed to be uncorrelated
white zero-mean Gaussian noise the covariance matrix of
which is Qw and

FI =

− ωb
m − εb × 03×3 03×3 −I3 03×3

−Cn
b f bm − ∇b × 03×3 03×3 03×3 −Cn

b

03×3 I3 03×3 03×3 03×3
06×3 06×3 06×3 06×3 06×3

28

Owing to the estimator is executed in the discrete time,
and the differential equation needs to be transformed into
the discrete equation as follows:

Xk =Φk,k−1Xk−1 +wk−1,

Φk,k−1 ≈ I + FT,
29

where T is the sampling period and k denotes the
kth frame.

In addition, in any environment, the stereo camera is
used to capture a series of fixed images. According to
the point and line feature extraction methods, for a
series of fixed images, the extracted points and lines
are also fixed and we assume that the matched features
are all true positive, and thus, there is no random noise
for these features. Actually, they only contain the mea-
surement noise the differential of which equal to zero.
Therefore, in (27), there is no noise of point and line
features.

4.2. Measurement Equation. The features’ reprojection
errors in the image plane are selected as the measure-
ment. For the sake of illustration, we present the repro-
jection errors by considering the case where a single
point feature and a single line feature are present.

We first define Pn
p,i = Xi Yi Zi

T as the ith point fea-
ture which can be observed by the camera in the kth frame.

The reprojection error of the point feature zp,i can be defined
as follows:

P̂
b
p,i = Ĉb

n Pn
p,i − p̂nk = Xb

i Yb
i Zb

i
T ,

P̂p,i′ =
ûi

v̂i
=

f u
Xb
i

Zb
i

+ u0

f v
Yb
i

Zb
i

+ v0

,

zp,i = Pp,i′ − P̂p,i′ =
ui − ûi

vi − v̂i
,

30

where p̂nk is the system’s position in the kth frame, P̂
b
p,i is the

point feature’s estimated position in the body coordinate
frame, P̂p,i′ is the point feature’s reprojection position in the

image plane, and ûi, v̂i is its pixel value. Pp,i′ is the point
feature’s observation value in the image plane, and ui, vi
is its pixel value.

We define Ln
j = nnj

Tvnj
T

T
as the jth line feature

which can be observed by the camera in the kth frame.
The reprojection error of the line feature zl,j can be
defined as follows:

L̂
b
j =

n̂bj

v̂bj
=

Ĉb
n t̂bn × Ĉb

n

0 Ĉb
n

Ln
j , 31

l̂
b
j =

f v 0 0

0 f u 0

−f vcu f ucv f u f v

n̂bj =

l̂
b
j,1

l̂
b
j,2

l̂
b
j,3

, 32

zl,j =
xTj,s ⋅ l̂

b
j

l̂
b
j,1

2
+ l̂

b
j,2

2

xTj,e ⋅ l̂
b
j

l̂
b
j,1

2
+ l̂

b
j,2

2

T

, 33

where L̂
b
j is the line feature’s estimated position in the

body coordinate frame, l̂
b
j is the point feature’s reprojec-

tion position in the image plane. In addition, when the
line feature is observed by the camera, we can obtain
the pixel value of the start-point and end-point of the
line feature. In (33), xTj,s and xTj,e denote the start-point
and end-point of the line feature’s observation value in
the image plane. Note that xTj,s and xTj,e are represented
by the homogeneous coordinate frames which are 3 × 1
vectors (the first two elements are the pixel value, and
the third element is 1).
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According to the analysis above, the measurement vector
can be selected as follows:

ZT = zp,1, zp,2,… , zp,M , zl,1, zl,2,… , zl,N 34

The error-state equation can be established as follows:

Z =HX + η, 35

where η is the measurement noise assumed to be uncorre-
lated white zero-mean Gaussian process the covariance
matrix of which is Rη and H is the measurement Jacobian
matrix formulated as:

H = HT
p,1 ⋯ HT

p,M HT
l,1 ⋯ HT

l,N
T
, 36

where the individualmatrixesHp,i andHl,j canbe computed as

where ej,1 = xTj,sl
b
j , ej,2 = xTj,el

b
j , ln = lbj,1

2 + lbj,2
2
, xTj,s =

uj,1 vj,1 1 , and xTj,e = uj,2 vj,2 1 .
The measurement equation can also be written as the

discrete form:

Zk =HkXk + ηk 38

4.3. Estimator and Algorithm Implementation. According to
the analysis in the previous section, it can be found that the
error-state equation and the measurement equation are
nonlinear. In order to deal with the linearization error, we
use the EKF estimator to fuse the inertial measurement
and the images observed by the stereo camera. As presented
in the previous section, these nonlinear functions have
been linearized.

Based on the linearized error-state and measurement
equations, the EKF estimator can be executed with the
following two steps:

(i) Predict

Xk+1,k =Φk+1,kXk,

Pk+1,k =Φk+1,kPkΦ
T
k+1,k +Qw,k,

39

where Pk is the covariance matrix of the state vector.

(ii) Update

Kk = Pk+1,kHT
k HkPk+1,kHT

k + Rη,k
−1,

Xk+1,k+1 =Xk+1,k +Kk Zk −HkXk+1,k ,

Pk+1,k+1 = I −KkHk Pk+1,k,

40

where Kk is the Kalman gain matrix.

The covariance matrices Pk, Qw, and Rη in the above
equations are empirically initialized based on the characteris-
tics of the sensors. Specifically, Qw and Rη are initialized,
respectively, associated with the random noise of the inertial

Hp,i = Jz,i Cb
n Pn

p,i − pn × 03×3 −Cb
n 03×6 ⋯ Cb

n ⋯ ,

Hl,j = Jξ,j
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nv

n ×
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03×6
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i
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0
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−f vY
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i

Zb
i

2

,

Jδ,j =Hb
n

− wj,1uj,1 × −wj,2uj,1

− wj,2uj,2 × −wj,1uj,2

,

Jξ,j =
1
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1
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1

K03×3 ,
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sensors and the scales of the feature space. Pk is initialized
concerning the constant drifts of the inertial sensors and
the scales of the feature space.

Finally, we summarize the whole algorithm. In this
system, static base alignment is achieved for obtaining
the initial attitude angle by following the method in [30].
Subsequently, analogous to the inertial navigation system
[34], the IMU measurement is used to update the pose
and the velocity of the system by solving (3).

On the other hand, the images are collected by the stereo
camera; after performing the feature detection and initial-
ization which will be discussed in the next subsection, the
error-state and measurement equations can be established
by (22), (23), (24), (25), (26), (27), (28), (29), (30), (31),
(32), (33), (34), (35), (36), (37), and (38) with the IMU
measurement and the update result of the inertial naviga-
tion. In the last step, the EKF estimator is executed by
(39) and (40). In addition, the covariance matrix of the
EKF should be augmented when new point or line features
are observed.

4.4. Feature Detection and Initialization. In terms of the fea-
ture detection, the ORB method [23] is used to extract point
features from the images. This method deals with the orien-
tation problem of the FAST method and generates a very fast
binary descriptor based on BRIEF to describe the detected
point features. Therefore, this method can detect and
describe the point features in a fast, efficient, and accurate
manner. In [21, 22], the ORB method was used in the visual
SLAM system, which resulted in an excellent performance.

On the other hand, the LSD method [24, 25] is used to
extract the line features from the images. Its mechanism is
to merge pixels with the similar gradient direction. This
method can extract the lines with subpixel accuracy in linear
time. In addition, the detected lines are described by a binary
descriptor, line band descriptor (LBD) [39], which allows
accurate matching between two frames or two cameras (left
and right).

The nearest-neighbor method is used to match the
features between the two frames based on the descriptor of
features. In order to reduce the false matches, the random
sample consensus (RANSAC) method is used to filter out
the outliers for both point features and line features.

Once a new feature is detected and described, we next
perform binocular matching. For a point feature in the left
image, its counterpart in the right image can be acquired
along the parallel epipolar line in the right image. The
Hamming distance is used to measure the similarity of point
features with a predefined threshold. For the line feature, we
exploit the matching method proposed in [40].

The unsuccessfully matched features will be discarded.
After matching the point and line features between the
two images, the positions of the point features and the
two endpoints of the line features can be obtained by
(8). The representations of line features in the 3D space
can be computed by (12). The point features and lines
in the navigation coordinate frame can be computed by
(9) and (16). With the above-mentioned feature initializa-
tion, the initial positions of the features in the navigation

system are obtained and are thus used to compute the
reprojection error in the measurement equation. In addi-
tion, after executing one filtering process, the error of the
features’ positions in the navigation coordinate frame can
be estimated after feature filtering. Therefore, these posi-
tions can be updated in the filtering processes and become
progressively accurate.

5. Experiments and Results

In this section, experiments are conducted to test the
effectiveness of the proposed indoor navigation system. We
assume our system is tailored for any structured indoor
environment where the geometric scale information can be
calculated by the stereo camera and the object textures can
be characterized by either point or line features. We use
EuRoC dataset [41] for evaluating our approach and use
root-mean-square error (RMSE) for performance measure.
In the comparative study, we compare the proposed naviga-
tion system (PL-VINS), with the StVO-PL [26] and the sys-
tem based on multistate constraint Kalman filter (MSCKF)
[15]. The StVO-PL is a state-of-the-art visual navigation
system using stereo camera with points and lines, while the
MSCKF is an EKF-based visual-inertial navigation system
with high accuracy. In implementation, we directly use the
publicly available source code for both StVO-PL and MSCKF
methods. For the sake of consistency, we repeat all the
competing approaches ten times on all the sequences and
the final experimental results are obtained by averaging
the accuracy scores.

5.1. Experiment Description. The EuRoC dataset contains 11
sequences which are categorized into two types both
recorded in three indoor environments. The first type of the
dataset contains the first five sequences which are recorded
in a machine hall (MH). The second type of the dataset
contains the remaining six sequences recorded in Vicon
room 1 (V1) and Vicon room 2 (V2) with an approximate
size of 8m× 8.4m× 4m. All eleven sequences include the
stereo images and the IMU measurements containing the
gyroscopes, accelerometers data along with the ground truth.
More specifically, the stereo images are recorded by a stereo
camera, MT9V034 with 2× 20Hz while the IMU measure-
ments are recorded by a MEMS inertial sensor, ADIS16448
with 200Hz. Besides, the ground truths are provided by Leica
MS50 and VICON. All these equipment are mounted on a
micro air vehicle (MAV) which flies in the indoor environ-
ment to record the data. More details about the EuRoC
dataset can be found in [41]. In addition, these 11 sequences
provide varying challenges relevant to the speed of the MAV,
illumination, texture, and so forth. In some sequences, espe-
cially for the sequence Vicon room 2 03, the environment is
low-textured with few visual contents.

According to the description of the EuRoC dataset, it can
be found that these sequences are suitable for testing the
proposed indoor navigation system because of the visual-
inertial data and the low-textured indoor environments. In
addition, to the best of our knowledge, this dataset is the only
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dataset which provides visual-inertial data and ground truth
in indoor environments.

In order to test the algorithms quantitatively, the trans-
formation error matrix between two coordinate frames can
be computed as follows:

δT = T̂−1T,

T =
Cb
n tbn

01×3 1
,

41

where T is the transformation matrix between two coordi-
nate frames provided by the ground truth, T̂ is the estimation
transformation matrix from the navigation system, and δT is
the error matrix. The translation errors and the rotation
errors can be obtained from this error matrix.

The RMSE of translation and rotation can also be
computed for comparison of different systems:

RMSE Transal =
1
m
〠
m

i=1
trans δTi

2
1/2

,

RMSE Rot =
1
m
〠
m

i=1
Rot δTi

2
1/2

,

42

where m is the number of the frames, trans δTi is the 3× 1
translation error vector, and Rot δTi is the 3× 1 rotation
error vector which are represented by the Euler angles.

5.2. Results and Discussion

5.2.1. Translation Errors. Extensive evaluations on 11
sequences are carried out by making use of three different
navigation systems mentioned above. First, we analyze the
translation errors of the dataset. Figures 1 and 2 show the
translation errors of different methods on sequences machine
hall 04 and Vicon room 2 02. Table 1 gives the relative x, y, z,
and whole translation RMSE errors of all 11 sequences. In
Table 1, the “T” column means the whole translation RMSE
errors. “MH,” “V1,” and “V2,” respectively, indicate the
“machine hall,” the “Vicon room 1,” and the “Vicon room
2.” “MH01” implies the sequence 01 in machine hall, and
another four sequences named from “MH02” to “MH05”
are also used in our evaluations. Besides, we also use the
respective three sequences in V1 and V2 in our experiments,
namely, “V1 01,” “V1 02,” “V1 03,” “V2 01,” “V2 02,” and
“V2 03.” In addition, in order to demonstrate the robot
movement in some environment, we give the ground truth
trajectories and the trajectories estimated by the proposed
method as shown in Figure 3.

It can be seen from Figures 1 and 2 and Table 1 that the
proposed navigation system reports higher accuracy than
MSCKF and StVO-PL in terms of translation errors. The
StVO-PL achieves the lowest positioning accuracy with the
largest x, y, z, and whole translation RMSE errors. For most
of the sequences, the translation RMSE errors of the pro-
posed method are better than those of the MSCKF. In
addition, the proposed navigation system is more robust
than the other two systems. The error curves of the

proposed method are smoother than those of the StVO-
PL. On sequence Vicon room 2 03, both the StVO-PL
and MSCKF underperform while the proposed system
exhibits superior performance.

It is observed that in terms of the sequences with substan-
tial point features generated, point-based VINS performs
well such that the line features provide limited performance
improvements. In some cases, particularly, the measurement
noise of the line features and the incorrect matches could lead
to a slight worse performance such as the results in sequence
machine hall 02. It is also shown that our approach outper-
forms MSCKF in the case when the features are insufficient.
Thus, in specific cases, the performance of the proposed
system is likely to be compromised by the measurement
noise and the false matches; however, most of the results
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significantly demonstrate the advantage of our system
against other competing system.

It is also observed from figures that the error of the StVO-
PL increases over time. Since StVO-PL is a vision-based nav-
igation system, serious accumulated error is produced, which
significantly impairs the performance of the system. By con-
trast, the proposed method and the MSCKF are visual-
inertial navigation system, which enables reducing the error
accumulation. Besides, both of them achieve very high posi-
tioning accuracy. Furthermore, compared to the MSCKF,
the proposed method utilizes both the line features and point
features. The line features abundant in indoor or man-made
environments can use edges and linear shapes in environ-
ments. Thus, in some complex low-textured environments
such as sequence Vicon room 2 03, the proposed system
can still extract enough features to estimate the motion, while
other systems such as MSCKF suffer from the lack of point
features, which contributes to better positioning accuracy
and the robustness of the proposed system.

5.2.2. Rotation Errors. In this subsection, we analyze the rota-
tion errors of the EuRoC dataset. Similarly, as for sequences
machine hall 05 and Vicon room 1 03, the rotation errors
of three systems along with time are shown in Figures 4
and 5. The relative x, y, z, and whole rotation RMSE errors
of all 11 sequences are shown in Table 2. In Table 2, the
“R” column denotes the whole rotation RMSE errors.

The results of the rotation is similar to the results of the
translation. It can be seen from the two figures and the table
that the rotation accuracy of the StVO-PL is much worse
than the other two systems with large errors of roll, pitch,
and yaw angles. Despite the smooth motion in some
sequences, the StVO-PL system does not perform well, due
to the accumulated error of the visual navigation system. As
for the other two navigation systems, the proposed naviga-
tion system has the relatively small rotation errors. However,
in some sequences, the rotation errors of these two systems
are very close, probably due to the smooth movement. For
the challenging sequences with sudden angle changes, the

Table 1: Translation errors (RMSE) in meters of the EuRoC dataset.

VINS (point and lines) (m) MSCKF (m) StVO-PL (m)
x y z T x y z T x y z T

MH 01 0.105 0.112 0.116 0.193 0.352 0.139 0.071 0.386 0.813 0.271 0.388 0.941

MH 02 0.082 0.168 0.108 0.216 0.134 0.126 0.078 0.201 0.929 0.251 0.202 0.984

MH 03 0.306 0.137 0.172 0.377 0.174 0.491 0.124 0.535 1.669 1.069 0.271 2.001

MH 04 0.323 0.322 0.307 0.551 0.629 0.665 0.114 0.923 0.865 1.365 1.853 2.458

MH 05 0.376 0.335 0.209 0.546 0.569 0.326 0.645 0.920 0.672 2.232 0.677 2.423

V1 01 0.286 0.101 0.109 0.261 0.797 1.004 0.717 0.322 0.797 1.003 0.718 1.468

V1 02 0.081 0.085 0.175 0.211 0.181 0.146 0.055 0.239 0.250 0.379 0.392 0.599

V1 03 0.202 0.247 0.134 0.347 0.291 0.357 0.396 0.608 0.264 1.823 0.453 1.897

V2 01 0.098 0.171 0.045 0.202 0.206 0.214 0.238 0.381 0.971 0.388 0.962 1.421

V2 02 0.096 0.246 0.120 0.289 0.412 0.203 0.264 0.531 1.519 0.968 1.766 2.522

V2 03 0.529 0.649 0.567 1.011 — — — — — — — —
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Figure 3: (a) Ground truth, the trajectories estimated by our algorithm on MH 02 sequence, which is viewed from the gravity direction.
(b) Ground truth, the trajectories estimated by our algorithm on MH 05 sequence, which is viewed from the gravity direction.
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proposed navigation system performs better than the
MSCKF. In addition, the robustness of the proposed naviga-
tion is also better than other two systems. Both StVO-PL and
MSCKF fail for the sequence Vicon room 2 03 which has
many low-textured scenes, but the proposed navigation
system executes successfully. As analogous to the translation
errors, our method reports higher rotation errors than the
MSCKF in some scenario, which can be caused by the
measurement noise and false matches of line features.

Finally, it can be observed from Tables 1 and 2 that our
approach has been evaluated on all the eleven video clips
which provides different challenges, and the experimental
results demonstrate that our method beats the other com-
peting techniques on ten video clips, which considerably
suggests the consistent superiority of our method.

To summarize, the proposed navigation system per-
forms much better than the visual-only navigation system
with points and lines and better than the point-only
VINS. The reason is that the inertial sensors can aid
the visual sensors to improve the performance of the
navigation system. What is more, the datasets used in
our work are all recorded in man-made environments
which contain abundant line features and in some sequences;
these environments contain some low-textured senses which
lack enough point features. Therefore, the application of
line feature can improve the performance of the system
to a certain degree.

5.2.3. Qualitative Evaluations of Both Features in Different
Environment. Figures 6 and 7 qualitatively illustrate the
matched point and line features between two frames in the
dark environment and in the environment with some curves.

It is shown in Figure 6 that it is difficult to extract sub-
stantial point features and line features due to insufficient
visual contents in the dark environment. To be specific, the
point features are distributed intensively while the line
patterns are scattered sparsely. Despite the significant vari-
ance in visual distribution, combining point and line features
sufficiently encode the most image textures, which indicates
the strong correlation between the two features.

It is observed in Figure 7 that line features can be
extracted on the smooth surfaces or bar-shaped objects
except some curves with high curvature. By contrast, the
point features can be extracted on these curves with high
curvature yet fail to be mined on the smooth surfaces or
bar-shaped objects. Based on this observation, we argue that
there exists substantial complementarity between these two
features. Therefore, fusing the point and line features sig-
nificantly contributes to the performance improvements.

In addition, sufficient correct matches are observed from
these two figures, which thus guarantees the estimation
accuracy. Subsequently, the estimated position errors of both
features can be derived and revised accordingly. Therefore,
the accuracy of these positions will be progressively accurate.

6. Conclusions

In this paper, we present an indoor navigation system
combining stereo camera and inertial sensors with point
and line features. The stereo images and the IMU measure-
ments are fused by the EKF estimator for more accurate
and robust pose estimation. Furthermore, the point and line
features are all extracted from the stereo images. This scheme
can further improve the robustness and accuracy of the
system and makes it perform well in complex indoor envi-
ronment such as low-texture or human-made scenes. Exper-
iments based on eleven sequences provided by the EuRoC
dataset are conducted to test the proposed system. The
results show that the proposed navigation system performs
better than the point-only VINS or the vision-only naviga-
tion system with points and lines in indoor environment,
especially in more complex and challenging scenarios. So,
the proposed navigation system can be applied to the com-
plex indoor environment with high accuracy and robustness.
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In addition, the MEMS inertial sensors and the camera are all
the low-cost and passive sensors, so, this system can be used
in most environments and suitable for the low-cost autono-
mous navigation system. On the other hand, this system does
not include the loop closure detection, so, its accuracy may be
no higher than the visual-inertial SLAM system. In addition,
we do not consider the features which cannot obtain the scale
information by stereo camera because of the far distance, so,
the performance in outdoor environment will be worse. In
future work, we will further improve this system in these
two fields.
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