
A Point-Line Features Fusion Method for Fast and Robust
Monocular Visual-Inertial Initialization

Guoqiang Xie1, Jie Chen1, Tianhang Tang1, Zeyu Chen1, Ling Lei1 and Yiguang Liu1∗

Abstract— Fast and robust initialization is essential for highly
accurate monocular visual-inertial odometer (VIO), but at
present majority of initialization methods rely only on point
features, unstable in low texture and blurring situations. There-
fore, we propose a novel point-line features fusion method for
monocular visual-inertial initialization, as line features are more
stable and provide richer geometric information than point
features: 1) a closed-form line features initialization method
is presented, and combined with point features to obtain a
more integrated and robust linear system; 2) a monocular
depth network is adopted to provide learned affine-invariant
depth map, requiring only one prior depth map for the first
frame, which can improve performance under low-parallax
scenarios; 3) we can easily use RANSAC to reject outliers in
solving linear system based on our formulation. Moreover, line
feature re-projection residual is added to visual-inertial bundle
adjustment (VI-BA) to obtain more accurate initial parameters.
The proposed method is more accurate and robust than state-
of-the-art methods due to the line features, especially under
extreme low-parallax scenarios, and extensive experiments on
popular datasets have confirmed, 0.5s initialization window on
EuRoC MAV, 0.3s initialization window on TUM-VI, while the
standard method normally waits for a window of 2s.

I. INTRODUCTION

Visual-inertial odometer utilizes images and IMU mea-
surements to estimate camera motion in an unknown en-
vironment [1]. Simple integration of high-frequency IMU
measurements is often corrupted by noise and bias, leading
to drifts that make long-time estimation unreliable. The
camera can constrain the integration results of the IMU by
providing rich feature information about the environment,
IMU compensates for the camera’s instability at high speeds
of motion, making them a naturally complementary pair of
sensors. Lightweight, compact, and low-cost cameras and
IMUs can be easily and quickly equipped on various devices,
enabling the extensive use of VIO in emerging technologies
such as AR/VR and autonomous driving [2], [3].

Optimization-based [4], [5] and filter-based [6], [7] are
the two mainstream approaches for the VIO estimation.
Importantly, a fast and robust initialization algorithm is
indispensable for both approaches. The initialization task
is to use the measurements to estimate the observable
parameters (e.g. gravity, velocity, biases) as quickly and
accurately as possible. Bad initialization may result in VIO
non-convergence, adversely affecting the performance of lo-
calization accuracy. Many initialization methods assume that
the initial motion is stationary, then calculate the parameters
with IMU measurements [8], [9]. However, although these
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Fig. 1. Overview of the proposed point-line features fusion monocular
visual-inertial initialization method. Our method performs point feature and
line feature tracking and utilizes a monocular depth network to generate an
affine-invariant depth map for the first image, which is then combined with
IMU preintegration to build a robust linear system. Outliers are rejected
during the solution process using RANSAC, and the results are fed to VI-
BA with line feature re-projection residual for further refinement.

methods are simple, it is only effective when the system is
in a strictly static state. In dynamic scenarios, the general
approach is to build a linear system from measurements
to solve for the initial parameters. However, it may fail,
especially under low-parallax and low-excitation situations.

To address the initialization problem under low-excitation
scenes, a recent method [10] utilizes learned monocular
depth to provide additional constraints for point features,
incorporating these into VI-BA to aid in monocular inertial
initialization. This method requires computing a depth map
for each keyframe. Another method [11] reduces the num-
ber of parameters by utilizing constraints between frames
and employs the RANSAC to reject outliers. However, the
performance of the method is prone to failure in cases where
point features appear discontinuously (e.g. motion blur). In
our work, as shown in Fig. 1, we first perform point and
line feature tracking, and then combine the affine-invariant
depth map of the first image output from the monocular depth
network and the IMU preintegration to build a more robust
point-line linear system with RANSAC. In the nonlinear
optimization process, the line feature re-projection residual
is added to the VI-BA to obtain more accurate results. Our
main contributions are:

• We propose a novel closed-form method of line features,
which can be conveniently integrated with the linear
system based on point features.

• We build an integrated linear system with RANSAC of
point-line features for monocular visual-inertial initial-
ization, where the first frame of affine-invariant depth
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map is used as a priori information.
• Experiments on the EuRoC MAV and TUM-VI datasets

report performance under 0.5s and 0.3s windows with 5
keyframes, demonstrating fast and robust initialization
capabilities.

II. RELATED WORK

There has been considerable work on VIO initializa-
tion, generally divided into two different solutions: loosely-
coupled methods [4], [12], [13], and tightly-coupled meth-
ods [14], [15], [16].

A. Loosely-coupled Methods

The loosely-coupled methods obtain the up-to-scale trajec-
tory by solving the Structure from Motion (SfM) problem
using visual measurements. The relative motion is then
obtained by integrating the IMU measurements, and the
initial parameters can be solved by aligning the trajectories.
This method is based on the accurate solving of the SfM
problem. It was first proposed by Mur-Artal and Tardós [12]
where the initial parameters are processed stepwise, and the
initialization problem is divided into several sub-problems.
However, this method requires 10-15 seconds for conver-
gence, which is unacceptable in certain urgent situations. Qin
et al. [4], [17] proposed a similar approach that ignores the
accelerometer bias and greatly reduces the convergence time.
The vast majority of advanced VIOs that rely on point-line
features, such as EPLF-VINS [18] and PL-VINS [13], also
use this point-only initialization method. The fatal drawback
of the loosely-coupled methods is their reliance on a very
significant parallax, which is challenging to achieve on an
extremely short window.

B. Tightly-coupled Methods

The tightly-coupled approaches build a linear system by
combining visual and IMU measurements. This approach
avoids solving the SfM problem and the inconsistencies
caused by the step-by-step solution. Martinelli et al. [14]
proposed an impressive method to estimate the initial param-
eters by combining point features and measurements from
the accelerometer. This method assumes that the gyroscope
is unbiased, which is clearly an unreasonable assumption. Liu
et al. [15] proposed an initialization method that combines
point and line features. An integrated linear system is first
built from point and line features, and then the parameters
are further refined using nonlinear optimization.

Benefiting from research on monocular depth estimation
based on deep learning, Zhou et al. [10] proposed using
learned measurements as high-level outputs to improve per-
formance under low-parallax scenes. This method requires
computing a depth map for each keyframe, which is compu-
tationally intensive. Merrill and Geneva et al. [11] reduced
computational overhead by transferring the initial parameters
to the inertial coordinate of the first frame, requiring the
computation of the depth map for only the first image. It is
worth noting that the vast majority of initialization methods
rely solely on point features. However, in the case of poor

lighting or drastic changes in viewing angle, point features
may be unstable. Based on the method [11], we added line
features to build a linear system combining point and line
features, and added the line feature re-projection residual to
the nonlinear optimization process to obtain more accurate
and robust results.

III. METHODOLOGY

According to [19], in the absence of any the prior infor-
mation, the parameters desired to be recovered include:

x = [I0p⊤
f1 · · · I0p⊤

fM
I0v⊤

I0
I0g⊤]⊤ (1)

where {I0} represents the first IMU frame, I0pfi is the 3DoF
feature point position with respect to {I0}, I0vI0 and I0g are
the velocity of the system and local gravity in the {I0} frame,
respectively. However, when given an affine-invariant depth
map, D, in the frame {I0}, we can reduce the number of
initial parameters. We assume that the metric depth scalar zi
of a feature point C0pfi can be expressed as zi = adi + b,
where di = D(ui,0, vi,0), a and b are the scale and shift
parameters, and are constant for the whole depth map. The
transformation between the camera and IMU is known. In
this way, we can reduce the parameters to be estimated as:

x′ = [a b I0v⊤
I0

I0g⊤]⊤ (2)

This is an 8×1 vector where all point features depth values in
the frame {I0} are expressed as a linear function of the depth
map. Using learned depth priors as a high-level input can
improve performance under low-parallax scenarios. Next, we
will introduce the inertial model and then detail the linear
system built from point features and line features.

A. Inertial Model

A typical 6-axis inertial measurement unit (IMU) can
provide local angular velocity Iωm and local acceleration
Iam at high frequencies:

Iωm(t) =I ω(t) + bg(t) + ng(t) (3)
Iam(t) =I a(t) +I

GR(t)Gg + ba(t) + na(t) (4)

where Iω and Ia are the true rotational velocity
and translational acceleration in the IMU local frame
{I},Gg ≃ [0, 0, 9.81]T denotes the gravitational acceleration
expressed in the global reference frame {G}, ng , naare white
Gaussian noise, and I

GR is the rotation matrix from global
to IMU local frame. We assume that bg and ba are known.
According to the continuous time IMU kinematics [20], by
denoting ∆T = tk+1 − tk, we have the following equations:

Ik+1

G R =
Ik+1

Ik
∆R

Ik
G R (5)

GpIk+1 =
GpIk +GvIk∆T− 1

2
Gg∆T 2+

Ik
G R⊤IkαIk+1 (6)

GvIk+1 =GvIk −Gg∆T +
Ik
G R⊤IkβIk+1

(7)

where we define the preintegrated IMU measurements:

IkαIk+1 =

∫ tk+1

tk

∫ s

tk

k
u∆R(Iam(u)− ba(u)− na(u))duds

IkβIk+1
=

∫ tk+1

tk

k
u∆R(Iam(u)− ba(u)− na(u))du
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We remove the global frame by integrating relative to the
first frame I0

GR [21]:

Ik
I0
R ≜Ik

I0
∆R (8)

I0pIk ≜I0 vI0∆Tk −
1

2
I0g∆T 2

k + I0αIk (9)
I0vIk ≜I0 vI0 −I0g∆Tk + I0βIk

(10)

Note that the time offset ∆Tk is now equal to tk − t0. Now
that all parameters are transformed to the frame {I0}, after
solving the velocity and gravity under the first frame, the
initial parameters in the frame {G} can be recovered by
aligning the first frame with the global gravity.

B. Point Features

For a feature point, we consider the following relation:

zi,k =

[
ui,k

vi,k

]
+ nk

= Λ(Ckpfi) + nk (11)
Ckpfi =

C
I R Ik

I0
R(I0pfi −I0pIk) +

CpI (12)

where Λ[x y z]⊤ = [x/z y/z]⊤, and zi,k is the normalized
feature bearing. Here we assume that the extrinsic transform
between the camera and the IMU, {CIR,CpI}, is sufficiently
accurate. After obtaining the depth map D by inference
through a monocular depth network, we can express the
I0pfi as:

I0pfi =
I
CR C0pfi +

IpC

= zi
I0ΞC0→fi +

IpC

= (adi + b)I0ΞC0→fi +
IpC (13)

where I0ΞC0→fi =
I
CR[ui,0 vi,0 1]⊤ is the bearing vector

of the feature point rotated into the IMU frame. The normal-
ized 2D coordinates of the feature point in the first camera
frame can be obtained by the points tracking process. Eq.
(11) can be re-written as:[

1 0 −ui,k

0 1 −vi,k

]
Ckpfi ≜ Γi,k

Ckpfi = 02 (14)

This illustrates that ideally the normalized feature observa-
tion and projected feature differences should be zero. We use
this constraint to build the point features linear system. We
can substitute Eq. (12) and Eq. (13) to Eq. (14) to get:

Γi,k(
C
IR

Ik
I0
R([(adi + b)I0ΞC0→fi +

IpC ]−I0pIk ) +
CpI) = 02

(15)

Eq. (9) is then substituted and rewritten to get the following
linear system:

Ai,kx
′ = bi,k (16)

Ai,k = Υi,k[Bi −∆Tk
1

2
∆T2

k] (17)

bi,k = Υi,k
I0αIk −Υi,k

IpC − Γi,k
CpI (18)

Bi = [di
I0ΞC0→fi

I0ΞC0→fi ] (19)

Fig. 2. The projection process of the 3D line. The 3D line Li observed
from both the {C0} and {Ck} frame are shown. The projection point of
the 3D line Li should be on the line formed by the points si,k and ei,k .

where ∆Tk = ∆TkI3 and Υi,k = Γi,k
C
IR

Ik
I0
R. We stack

the observations of all point features to obtain a more robust
linear system:

Ax′ = b (20)

Suppose that M point features are tracked stably from N
keyframes, A ∈ R2MN×8 and b ∈ R2MN . In this way, the
state size remains constant regardless of the change in the
number of features.

C. Line Features

Line features can provide richer geometric information
about the environment than point features. How to use the
line features to build a linear system with a similar structure
to the equations of the point features is the key to consistency.
In our work, we build linear systems based on the re-
projection of points on the 3D line to the normalized plane
still on the observation of the 3D line. As shown in Fig. 2,
Li denotes a 3D line, CkLsi and CkLei are the start and
end points of the 3D line in the {Ck} frame (Note that
the straight lines are infinite, in this case it is the 3D point
that corresponds to the start and end points of the line in
the normalized plane), and si,k and ei,k denote the starting
and ending measurements of the line feature in the {Ck}
frame. After a point on the 3D line Li is projected onto
the normalization plane, the projected point should be on
the straight line joined by si,k and ei,k. Therefore, the line
projection relation can be obtained:

Φi,k
CkLsi = 0 (21)

Φi,k ≜ [eyi,k − syi,k, sxi,k − exi,k,

exi,ksyi,k − sxi,keyi,k]
(22)

where (sxi,k, syi,k) and (exi,k, eyi,k) are the starting and
ending coordinates of the observations of the 3D line Li in
the {Ck} frame. Eq. (21) shows that the projected point is
on the observation line. CkLsi is the 3D point corresponding
to the line feature observation point, but is still a point with
similar properties to Ckpfi . Then CkLsi also yields a similar
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Algorithm 1 Linear System with RANSAC
Input: Give M point features and Q line features from

N keyframes for i ∈ {1, · · · ,M},j ∈ {1, · · · , Q},
k ∈ {1, · · · , N},minimal problem size Mminp,Nminp,
Mminl,Nminl, maximum number of iterations K,
thresholds dp, dl, γp, γl

Output: Robust solution x′
best

1: ebest ←∞
2: for i ∈ {1, · · · ,K} do
3: Sp ← Rand. sample Nminp meas. from Mminp point

feats.
4: Sl ← Rand. sample Nminl meas. from Mminl line

feats.
5: C′

s,d
′
s ← Stack blocks i, k ∈ Sp and j, k ∈ Sl

6: a, b,I0 vI0 ,
I0 g← solve(C ′

s, d
′
s)

7: for i, k not in Sp do
8: r← Aik[a b I0v⊤

I0
I0g⊤]⊤ − bik

9: if ||r|| < γp then
10: Sp ← Sp ∪ (i, k)
11: end if
12: end for
13: for j, k not in Sl do
14: r←Mjk[a b I0v⊤

I0
I0g⊤]⊤ − njk

15: if ||r|| < γl then
16: Sl ← Sl ∪ (j, k)
17: end if
18: end for
19: if |Sp| ≥ dp and |Sl| ≥ dl then
20: C′,d′ ← Stack blocks i, k ∈ Sp and j, k ∈ Sl
21: a, b,I0 vI0 ,

I0 g← solve(C′,d′)
22: r← C′[a b I0v⊤

I0
I0g⊤]⊤ − d′

23: if ||r|| < ebest then
24: ebest ← ||r||
25: x′

best ← [a b I0v⊤
I0

I0g⊤]⊤

26: end if
27: end if
28: end for

relationship to Eq. (12), which we combine with Eq. (13) and
Eq. (21) to get:

Mi,kx
′ = ni,k (23)

Mi,k = Ψi,k[Bi −∆Tk
1

2
∆T2

k] (24)

ni,k = Ψi,k
I0αIk −Ψi,k

IpC −Φi,k
CpI (25)

where Ψi,k = Φi,k
C
IR

Ik
I0
R. Similarly, a similar equation

can be obtained for the end points, and the two equations
stacked together form an equation for a single observation of
a line feature. We can obtain the linear system consisting of
line features by stacking all observations of all line features
together:

Mx′ = n (26)

Suppose that Q line features are tracked stably from N
keyframes, M ∈ R2QN×8 and n ∈ R2QN .

The linear system composed of line features is similar in
spirit to the linear system of point features described above.

We combine Eq. (20) and Eq. (26), which have the same
unknowns, to obtain the complete linear system. We solve
the linear system following the solution method of [21] in
order to utilize our prior knowledge of the magnitude of
gravity.

D. Outlier Rejection in Point-Line Linear System

Because the linear system is built from a stack of obser-
vations of features, we can pick observations with smaller
errors in each feature to build the linear system, which
makes the method well suited to use RANSAC to improve
robustness.

An overview of our RANSAC approach can be seen in
Algo. 1. We build the minimum problem solving initial
parameters by randomly selecting the observations of point
features and line features, and then build the interior set
by using the solved parameters to compute the re-projection
error in the set of point features and the set of line features,
respectively. We choose the interior set solution with the
minimum error as the best result. The minimum problem
solution for the RANSAC problem requires 2 features and 3
views [11], in practice we use 4 features (2 point features,
2 line features) and 3 views to improve the solution perfor-
mance.

E. Nonlinear Optimization

With nonlinear optimization, we further refine the initial
parameters. We recover the 3D positions of the point features
via Eq. (13), and solve the parameters in the {G} frame by
aligning the first frame of reference with that of gravity. In
our work, We use two parameterizations to represent the 3D
line, where Plücker line coordinates are used for transfor-
mations and projections, and a four-parameter orthonormal
representation is used for optimization. The 3D spatial line L
in the Plücker coordinates is denoted as L = (n⊤,d⊤)⊤ ∈
R6, with n⊤d = 0, where n is the normal vector of the
plane determined by the line and the coordinate origin, and
d is the direction vector of the line. The Plücker coordinates
can be determined from the two endpoints of the line:[

Ckni

Ckdi

]
=

[⌊
CkLsi×

⌋Ck Lei

CkLei −Ck Lsi

]
(27)

where Ckni and Ckdi denote the Pluck coordinates of the 3D
line Li in the {Ck} frame, ⌊×⌋ is skew-symmetric matrix
operator. We can obtain the Plücker coordinates of the 3D
line by using Eq. (12), Eq. (13) and Eq. (27). Furthermore,
the geometric transformation of the Plücker coordinates can
be defined as:[

Gni

Gdi

]
=

[
G
Ck

R
⌊
GpCk

×
⌋
G
Ck

R

0 G
Ck

R

][
Ckni

Ckdi

]
(28)

The Plücker coordinates have implicit constraints that make it
difficult to apply them in optimization. We follow [22] to use
the orthonormal representation of the line O = [ψ,ϕ]⊤ ∈ R4

in VI-BA, where ψ and ϕ contain information about the
rotation angle and distance, respectively. The re-projection
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TABLE I
INITIALIZATION WINDOW ATE (DEG/M) ON EUROC MAV (0.5S, 5KFS)

Algorithm V101 V102 V103 V201 V202 V203 Average
Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos.

Merrill [11] 1.111 0.019 1.065 0.018 2.234 0.030 0.882 0.011 1.442 0.015 1.778 0.040 1.419 0.022
Baseline 1.250 0.031 1.170 0.025 1.037 0.016 1.470 0.025 1.337 0.036 1.620 0.034 1.314 0.028

Ours 1.088 0.018 0.895 0.022 1.162 0.024 0.959 0.014 0.823 0.011 1.375 0.033 1.050 0.020

error of a linear measurement is defined as the distance from
the endpoint to the projected line.

In our optimization process, the state vector is defined as:

xmle = [x⊤
I0 , · · · ,x

⊤
IN ,Gp⊤

f1 , · · · ,
Gp⊤

fM ,
GO⊤

1 , · · · ,GO⊤
Q]

⊤ (29)

xIk = [IkG q, Gp⊤
Ik
, Gv⊤

Ik
, b⊤

g,k, b
⊤
a,k]

⊤ (30)

Instead of optimizing the parameters a and b we directly
optimize the recovered spatial position, which can more ac-
curately help recover the coordinate values for each feature.

We define the following optimization problem:

argmin
xmle

CI + CC + CL + CP (31)

where includes inertial CI , camera CC , line CL, and prior
CP cost terms. The inertial cost term is defined as fol-
lows [20]:

CI ≜
∑
k

||xIk+1
⊟ f(xIk ,

I amk
,I ωmk

)||2Zk
(32)

where Zk is the linearized measurement noise covariance.
The point re-projection cost is defined as [7]:

CC ≜
∑
i,k

||zi,k − h(xmle)||2Ri
(33)

where h(·) includes the intrinsic distortion, projection, and
extrinsic transformation, and Ri is the image pixel noise
covariance. The line re-projection cost is defined as [22]:

CL ≜
∑
j,k

||d(Lj,k, r(xmle))||2Θi
(34)

where r(·) is the projection function of the line, d(·) is
the distance function from the point to the line, and Θi

is the line feature noise covariance. In the prior cost, in
addition to the unobservable initial global position and yaw
rotation, since the gyroscope and especially accelerometer
biases can nearly be unobservable under short windows, we
also provide reasonable prior information for the gyroscope
and accelerometer biases. The prior cost defined as [21]:

CP ≜ ||xmle ⊟ x̆mle||2Ω−1
P

(35)

where x̆mle is a fixed linearization point and ΩP is the prior
information matrix.

TABLE II
RESULTS OF ABLATION STUDY ON EUROC MAV (0.5S, 5KFS)

point-only line-only point-line

V101
Vel. 0.063 0.180 0.082

Grav. 3.180 3.282 2.890
Scal. 9.561 164.870 7.671

V102
Vel. 0.080 0.130 0.071

Grav. 1.091 0.978 0.847
Scal. 11.390 24.560 8.021

V103
Vel. 0.120 0.081 0.080

Grav. 1.453 1.555 1.132
Scal. 13.850 11.270 11.620

V201
Vel. 0.062 0.050 0.038

Grav. 1.113 0.907 0.979
Scal. 16.501 16.920 12.200

V202
Vel. 0.091 0.084 0.040

Grav. 1.310 1.030 0.902
Scal. 12.312 12.550 4.278

V203
Vel. 0.050 0.120 0.080

Grav. 1.082 1.717 1.349
Scal. 7.691 15.870 8.270

Average
Vel. 0.078 0.108 0.065

Grav. 1.538 1.578 1.350
Scal. 11.884 41.007 8.677

IV. EXPERIMENTS

We conduct experiments on two popular datasets EuRoC
MAV and TUM-VI to validate our proposed VIO initializa-
tion method. Because we focus on monocular visual-inertial
initialization, only the left camera image is used for both
datasets.

In our experiments, we mainly evaluate the absolute trajec-
tory error ATE. We align the ground truth and the estimated
trajectory of the first frame, the gravity errors and scale
accuracy will directly affect the orientation and position ATE.
In the ablation study, we also calculate the scale accuracy,
gravity error, and velocity error to evaluate the algorithm
performance in detail. Similar to [10] [11], we divide each
sequence into 10s windows run our initialization algorithm
for each entry point, and average the results from each
successful run. After the initial parameters are computed and
the covariance is successfully recovered, it is fed into the
OpenVINS [7] backend to get the VIO tracking accuracy.
Bad initialization results will lead to poor VIO tracking
accuracy. For line features, we adopt the LSD algorithm [23]
available in OPENCV3 [24] to detect line segments and use
LBD [25] to describe for matching. Fisheye distortion should
be considered for experiments on line feature detection on
the TUM-VI dataset. Line lengths shorter than 25 pixels are
rejected and the detection and matching process is run in
another thread.

For the monocular depth network, we directly use the
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TABLE III
VISUAL-INERTIAL ODOMETRY TRACKING ATE (DEG/M) ON TUM-VI (0.3S,5KFS)

Algorithm Room1 Room2 Room3 Room4 Room5 Room6 Average
Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos. Ori. Pos.

Merrill [11] 0.882 0.036 0.825 0.044 1.627 0.072 1.637 0.085 1.533 0.064 0.782 0.050 1.214 0.059
Baseline 1.931 0.081 3.366 0.170 1.508 0.049 1.632 0.115 1.328 0.067 1.887 0.196 1.942 0.113

Ours 0.827 0.032 0.836 0.037 1.371 0.060 0.896 0.029 1.405 0.062 1.030 0.045 1.061 0.044

TABLE IV
INITIALIZATION WINDOW ATE (DEG/M) AND SCALE ERROR(%) ON

TUM-VI (0.3S, 5KFS)

Merrill [11] Baseline Ours

Room1
Ori. 1.375 2.027 1.018
Pos. 0.010 0.013 0.008
Scal. 3.50 9.41 3.71

Room2
Ori. 0.851 1.212 1.031
Pos. 0.007 0.022 0.011
Scal. 1.47 10.40 6.30

Room3
Ori. 1.707 1.100 1.625
Pos. 0.014 0.010 0.017
Scal. 6.95 5.04 15.90

Room4
Ori. 1.430 1.689 0.943
Pos. 0.013 0.026 0.007
Scal. 11.80 37.40 9.25

Room5
Ori. 1.572 2.025 1.270
Pos. 0.010 0.014 0.009
Scal. 6.45 8.50 9.11

Room6
Ori. 0.710 1.598 0.909
Pos. 0.013 0.029 0.010
Scal. 8.68 19.57 10.90

Average
Ori. 1.274 1.609 1.133
Pos. 0.011 0.019 0.010
Scal. 6.475 15.053 9.195

pre-trained model V21 small from the MiDaS [26] family,
which is a lightweight network designed specifically for
mobile small devices. Since it will only be run once during
initialization, we did not design a new thread for it. Note
that this monocular depth network actually outputs affine-
invariant inverse depth maps, which we scaled to [1, 2] using
min-max normalization before use to maintain numerical
stability.

In addition, we use the initialization algorithm in Open-
VINS [7] as baseline, which is an initialization method using
only point features. Unless otherwise stated, 50 point features
and 25 line features are used in our method and 75 point
features are used in the baseline. Since the state-of-the-
art method [11] is not open source, we cite its results for
comparison where applicable and reasonable.

A. EuRoC MAV Dataset

The EuRoC MAV dataset is visual-inertial data collected
from a micro air vehicle (MAV) that provides ground truth
of velocity, trajectory and biases. We selected 5 keyframes
at even intervals from the 0.5s window for initialization.
As shown in Table I, we first report the orientation and
position of the ATE for comparison with the method [11].
Our method achieves optimal performance overall, with a
large improvement in orientation ATE particularly.

To evaluate the proposed method in more detail, we also
performed ablation study on the EuRoC MAV. We build

TABLE V
PERCENT OF SUCCESSFUL INITIALIZATIONS ON TUM-VI (AVERAGED

OVER ALL ROOMS) WITH 5KFS AND 0.3S WINDOW

Algorithm 60 45 30 15
Merrill [11] 100.00 98.75 97.50 55.00

Baseline 73.97 68.49 64.38 17.80
Ours 100.00 98.63 98.63 84.93

linear system with RANSAC using only point features and
only line features according to Eq. ( 20) and Eq. ( 26),
respectively, and then evaluated the velocity error (m/s),
gravity error (deg), and scale error (%) after VI-BA. We are
still selecting 5 keyframes at even intervals from the 0.5s
window. To ensure consistency, the same number of features
are used, 45 points for point-only, 45 lines for line-only, and
30 points and 15 lines for point-line fusion. As shown in
Table II, the point-only method is slightly better than the line-
only method, but both are surpassed by the point-line fusion
method. We show that the initialization performance of pure
point features can be improved by adding line features.

B. TUM-VI Dataset

The TUM-VI dataset is a comprehensive, multimodal
dataset that is well suited for conducting research related
to visual-inertial odometry. Without any additional training,
the pre-trained MidaS [26] V21 small model still produces
reasonable output on the TUM-VI dataset. The fisheye im-
age needs to be undistorted before performing line feature
detection on it.

To better validate our method, we designed a more
challenging extreme low-parallax configuration, selecting 5
keyframes at evenly spaced intervals over a 0.3s initialization
window. Table IV reports the ATE and scale error within the
initialization window, where our method is overall superior
in terms of orientation and position ATE, although slightly
worse in terms of scale error.

Furthermore, in order to more intuitively see the impact
of initialization on tracking performance, we input the initial
parameters after VI-BA to the backend to get the VIO track-
ing accuracy. Table III reports the VIO tracking accuracy
after initialization. Our approach achieves the best perfor-
mance, showing that this initialization method is significantly
improved for downstream applications. Note that we count
the results of a successful initialization, which is considered
successful if all steps are completed and the covariance
can be recovered from VI-BA. 73 sequences were obtained
by dividing the dataset, our method successfully initialized
73 times and the baseline method successfully initialized
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62 times, our method is better in terms of robustness and
accuracy.

To verify the robustness of our method, we try to reduce
the number of point features and line features used in
the initialization process. Keeping the extreme low-parallax
configuration constant and fixing the ratio of the number of
points to the number of lines, we counted the success rate of
initialization using 60 (40 points and 20 lines for ours), 45
(30 points and 15 lines for ours), 30 (20 points and 10 lines
for ours), and 15 (10 points and 5 lines for ours) features.
As shown in Table V, our method not only has an extremely
high success rate when the number of features is sufficient,
but also still guarantees the initialization success rate when
the amount of features is only 15, demonstrating robustness
to severe reductions in the number of features.

V. CONCLUSIONS

In this paper, we have presented a state-of-the-art method
for monocular visual-inertial initialization with the help of
line features and learned depth map. Based on the solution of
point features, a new closed-form solution of line features is
proposed, which can be easily combined together to build
a more robust linear system with RANSAC. The affine-
invariant depth map is provided through a monocular depth
network, where we express the feature depth as a linear
function of the prior depth map, greatly reducing the number
of initial parameters to be estimated. Experiments under ex-
treme low-parallax scenarios (0.5s window on EuRoC MAV,
0.3s window on TUM-VI) are performed and our method
can initialize more frequently, robustly, and accurately in
different challenging scenarios. Extensive experiments have
shown that using both point features and line features in
the initialization can effectively improve the accuracy and
robustness of the initialization. However, our method does
not work under zero excitation, which is our future work.
We also hope to further improve the accuracy and robustness
by adding plane feature as additional constraints.
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