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Abstract. The fusion of monocular visual and inertial cues has become popular
in robotics, unmanned vehicle and augmented reality fields. Recent results have
shown that optimization-based fusion strategies outperform filtering ones. The
visual-inertial ORB-SLAM is optimization-based and has achieved great suc-
cess. However, it takes all measurements into IMU initialization, which contains
outliers, and it lacks of termination criterion. In this paper, we aim to resolve
these issues. First, we present an approach to estimate scale, gravity and
accelerometer bias together, and regard the estimated gravity as an indication for
estimation convergence. Second, we propose a methodology that is able to use
weight w derived from the robust norm for outliers handling, so that the esti-
mated scale can be refined. We test our approaches with the public EuRoC
datasets. Experimental results show that the proposed methods can achieve good
scale estimation and refinement.
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1 Introduction

The combination of vision and inertial sensors has long been a popular research field
for three-dimensional structure, ego-motion estimation and visual odometry. Both
monocular camera and Inertial Measurement Unit (IMU) are cheap, low-cost,
low-weight and complementary. A moving camera can provide us accurate state
estimation and sufficient environment 3D structure up to an unknown metric scale.
While inertial sensors with high frame-rate can help us handle fast camera motion,
scale ambiguity and short-term motion estimation.

Many Visual-inertial fusion strategies have been proposed, which can be divided
into the loosely coupled modality and the tightly coupled one. Loosely coupled strategy
is to estimate 6D pose and position separately. On the contrary, tightly coupled fusion
strategy is to jointly optimize all sensor states. Most recent works concentrate on
tightly-coupled visual-inertial odometry, using keyframe-based non-linear optimization
[1-4] or filtering [5—-8]. Non-linear optimization and tightly coupled methods have
attracted much interest of researchers in recent years due to its good trade-off between
accuracy and computational efficiency. This article follows this trend and focuses on
the monocular unknown scale problem.
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Visual scale estimation is a research hotspot in the monocular SLAM. The early
MonoSLAM [11] initializes from a target of known size, which help to assign a precise
scale to the estimated map. Filter-based methods include ROVIO [12], MSCKEF [5] and
[13, 14], where the scale information is added to the extended Kalman filter as an
additional state variable. The paper [15] proposed a maximum-likelihood estimator for
the scale of the monocular SLAM system. In [16] and visual-inertial ORB-SLAM [9],
the scale is estimated within the process of optimization using methods such as
Gauss-Newton. While promising, taking all visual and inertial measurements for scale
estimation may contain outliers, which lead to declined accuracy of scale estimation.
Besides, the method introduced in [9] is lack of robust termination criterion for IMU
initialization, which results in increased computation and reducing the effect of IMU
information.

In this paper, we devote to solve above problems existed in [9]. The main con-
tribution of our research work is two-fold. Firstly, we present an approach to estimate
scale, gravity and accelerometer bias together, and regard the estimated gravity as an
indication for identifying convergence and termination for scale estimation procedure.
Secondly, we propose a keyframe-based method that uses a weighted term to reduce
the influence of large residuals, which lead to scale estimation refinement.

The remainder of this article is organized as follows. In the main Sect. 2 we explain
the camera model, the IMU noise models, and the kinematics models of IMU, we also
give a brief introduction about IMU pre-integration technique. In Sect. 3, we describe
our approach as a whole, in particular we introduce the method for scale estimation and
refinement. We also propose an automatic termination criterion. Section 4 is dedicated
to show the performance of our approaches and we compare them with the ground
truth. We conclude the paper in Sect. 5.

2 Preliminaries

In this section, we first introduce some notation throughout this paper: the matrix
Tgr = [Rgr  gPr| represents the transformation from reference F to reference E.

Then we will introduce some preliminary knowledge about the coordinate system,
the camera model, inertial sensor model, and IMU pre-integration. Figure 1 shows the
situation of the camera-IMU setup with its corresponding coordinate frames. Multiple
camera-IMU units represent the consecutive states at continuous time, which is con-
venient for understanding the following Equations in Sect. 3.1. The camera provides
the pose and the unscaled position in the camera frame C. We denote the world
reference frame with W and the IMU body frame B. The transformation T¢p =
[Rcg  cPp] between camera and IMU reference systems can be calibrated using
Kalibr [17].

2.1 Camera Model

Here we consider a conventional pinhole-camera model [22], which any 3D point
Xc € R? in the camera reference maps to the image coordinates x € R?, through the
camera projection function 7 : R? — R
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Fig. 1. The relationship between different coordinate frames and multiple states of camera-IMU
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where [f, f,]" is the focal length and [¢, ¢,]" is the principal point.

2.2 Inertial Sensor Model and IMU Kinematics Model

An IMU generally integrates a 3-axis gyroscope sensor and a 3-axis accelerometer
sensor, and correspondingly, the measurements provide us the angular velocity and the
acceleration of the inertial sensor at high frame-rate with respect to the body frame B.
The IMU measurement model contains two kinds of noise: one is white noise n;, the
other is random walk noise that is a slowly varying sensor bias b, so we have:

0 (1) = po(t) + by (1) + 1 (1) )
5 (1) = Ry (1) (wa(t) — wg) +ba(t) + nal1) 3)

where the pw(f) and pa(z) are the measured values expressed in the body frame, the
real angular velocities gw(7) and the real acceleration wa(z) are what we need. The left
subscript W denotes in the world frame. And the Ry is the rotational part from the
transformation {Rwp wP}, which maps a point from sensor frame B to W. The
dynamics of non-static bias b, are modeled as a random process:

bg = Np, b, = np, (4)
where the n,, and n, are the zero-mean Gaussian White noises. Our goal is to deduce

the motion of system from the output of IMU. For this purpose, we show the following
IMU kinematics model [11]:
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wRws = Rwg g, wv = wa, wp = wv (5)

2.3 IMU Pre-integration

The IMU pre-integration technique incorporated with SLAM framework are proposed
correctly in [18]. Here we give an overview of its theory and usage within monocular
visual-inertial SLAM system. The pose and velocity of IMU at time 7 + At is obtained
by integrating Eq. (5):

RWB(I+ Al) = RWB(t)Exp(Bw(t)At) (6)
w(t+At) = w(t) + wa(t) At (7)
wp(t+At) = wp(t) + wv(t) At + %Wa(t)Atz (8)

which assumes that wa and g maintain a constant in the time interval [r,¢+ Az].
Equations (6)—(8) become function of the IMU measurements using Egs. (2)-(3):

R(1+ Ar) = R(1) Exp((d(1) — by (1) — ng(1)) A1) ©)

v(t+ Ar) = v(r) + gAt + R(2)(a(t) — ba(t) — na())At (10)

p(t+Ar) = p(t) +v(t) At + %gAtz + %R(r)(&(r) — ba(t) — ng(£)A?  (11)

Here the coordinate frame subscripts is dropped for readability. In Eqs. (6)—(11) At
is the sampling interval of the IMU. Assuming that the IMU is synchronized with the
camera, and provides measurements at discrete times k. Integrating all IMU mea-
surements between two consecutive keyframes at times k = i and k = j, then the IMU
pre-integration AR;;, Av; and Ap;; are expressed as:

-1
ARU = RZTR] = HExp((&)k — bgk — I’lgk)At) (12)
k=i

i—1
Avij = RIT(V]' -V — gAl‘ij) = ARik(?lk - bak - nak)At (13)

i

~

~
Il

. 1
Apl] = RIT([JJ —Di — ViAl‘,:j — EgAti)

1

= 1
|:AV,-kAt + EAR[k(&k — by — nak)Al2:|
k=i
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3 Scale Estimation and Refinement with a Weighted Item

In this section, we firstly introduce the process of scale estimation based on
visual-inertial ORB-SLAM [9]. Since some visual-inertial measurements between two
kerframes may not be exact, we propose a weighting method for outliers handling and
scale estimation refinement, inspired by [10]. Next, we present a robust termination
criterion for scale estimation procedure. At last, we describe the scale benchmark,
which can be used to verify the accuracy of our estimated results.

3.1 Scale Estimation

In this section, we introduce the scale estimation method in details, which is able to
estimate scale s, gravity wg, accelerometer bias b, together. The full state vector X is
defined as:

X =[5, wg, ba) € R7*! (15)

In the monocular SLAM system, the camera position and 3D points are all
up-to-scale. It can be solved by integrating IMU data. First we consider the following
equation, which represents that it includes a visual scale s when transforming the
position in the camera frame C to the IMU frame B

wPB = Swpc + Rwc cpa (16)

For two consecutive keyframe i and keyframe i+ 1, the corresponding IMU
position and velocity are obtained using pre-integration Eqs. (13) and (14):

wps ' = wplg + wAtiii +0-5ngt,-2,,-+l + Riyp(Apiis +J4pba) (17)
WV = wvp +w8AL, |+ Ryp(Avii 1 +J4,ba) (18)

where Jacobian J(_) denotes a first-order approximation of the effect of changing
accelerometer bias. Then taking Eq. (16) into Eq. (17), it becomes:

swpe ! = swpe + wvphtii 1 +0.5,8A7 4 Ryp(Apiis 1 +J5,ba) + (Riye
— Ry cps (19)
To solve this linear system, we consider two relations (19) between three con-

secutive keyframes (Fig. 1 shows an example) and exploit the velocity relation in (18),
we can get the following equations:

[a())  BGE) v X =y(D) (20)

where the visual scale s, gravity wg and acceleration bias b, are unknown variables.
Writing keyframes i, i+ 1, i+2 as 1, 2, 3 for readability, we have:
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a(i) = (wpf — wPi) Atz — (WP, — wpl)At1y (21)
B(i) = 0.553.3(A2,Aty; + At33At1) (22)
'y(l) = R%/VBJZpg; Atlz + R:,VBJZVIZAIQAIB — R%)VBJZpletB (23)

W(i) = (Rye — Riye)cppliny — (Riye — Ryye)eppAty — RigpApx At (24)
— R%,VBAvletlel‘B + R‘I,VBApleZ‘B
Stacking all relations between every three consecutive keyframes using Eq. (20),
we can get a linear overdetermined equation groups. Finally, we can solve it via
Singular Value Decomposition (SVD) to get the results of the scale s, gravity wg,
accelerometer bias b,. Note that we can construct 3(N —2) equations with 7
unknowns, where N is the number of keyframes, thus we need at least 5 keyframes.
Every time a new keyframe is inserted by ORB-SLAM, the procedure runs to get
new estimated values of scale, gravity and accelerometer bias. When the termination
criterion is established, the estimation procedure ends up.

3.2 Weighting Method for Scale Estimation Refinement

In the Sect. 3.1, it takes all visual-inertial measurements into the scale estimation
procedure, which may contain outliers, so we utilize the weight w; to handle outliers for
estimation refinement. Simply, we exploit the initial values to weight the residual in a
similar way to the Huber norm [20], and define the residual as the first moment norm:

ri = |CiXest — Dj (25)

where X, is the estimated results from Sect. 3.1, C; and D; are from Eq. (20) for the
i-th consecutive three keyframes, and defined as:

Ci=[a(i) G ()] (26)
D; = [(i)] (27)
The weight is associated with the residual.
1 r; <threshold
w; = { thre;f:old otherise (28)

If the measurement is obviously wrong for our scale estimate, its w; is set to zero.
And in our experiments, we set the threshold to 0.002. With the N keyframes in the
process of scale estimation, we are able to build an overconstrained linear system as:
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wi - C wi - Dy
wy - Cy X = wy - Dy (29)
wy_2-Cn_2 wy_2 - Dn_2

where C; and D; are from Eqgs. (26) and (27) for the i-th consecutive three keyframes.

Once we get the Eq. (29), the procedure runs to estimate an updated vector X by
solving Eq. (29) via SVD.

3.3 Termination Criterion

In this section we propose an automatic criterion to determine when we consider the
scale estimate successful. Because the norm of the nominal gravity is a constant
~9.8 m/s%, we regard it as one convergence indicator. The other is that the difference
of consecutive solutions X in Sect. 3.1 is under a certain threshold for several times.
The visual scale estimation terminates when both conditions above are established.

3.4 Scale Benchmark

In monocular SLAM system, the translation decomposed from essential matrix is
ambiguous up to an unknown scale. To obtain a globally consistent scale factor,
visual-inertial ORB-SLAM system initializes mean depth of all the feature points to
one. In other words, the real visual scale is determined at the start of the system
initialization. Because the first two keyframes selection and the map points generation
is random in the ORB-SLAM system initialization, the initial scale is not fixed. For this
reason, we need to calculate the actual scale according to the ground truth data, which
is extracted by Leica MS50 and motion capture system and provide us the accurate 6D
pose in the IMU body reference frame B.

Once the initialization of ORB-SLAM system completes, it outcomes an initial
translation ¢ between the first two keyframes. Meanwhile, we can calculate the actual
translation ¢, pc, according to their corresponding ground truth states. Then the actual
scale s is computed by the following formula:

B\PB, = RBICZ CPB, +R31C1 apbc, +BPc (3O>
s = cpc/t (31)

where g pp, is the position of B, in the body frame B;, B; and B, are the IMU frames
corresponding to the camera frame C; and C, at the same timestamp (see Fig. 1).
Rp,c, = Rp,p,Rpc is computed from the orientation Rp, g, computed by the ground truth
data and calibration Rpc.
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4 Experimental Results

We conducted several experiments using the sequence V1_01_easy and V2_01_easy
in the EuRoC dataset [21] to analyze the performance of our approach. It provides
synchronized global shutter stereo images at 20 Hz with IMU measurements at 200 Hz
and trajectory ground truth. We conduct the experiments in a virtual machine with
2 GB RAM.

4.1 Scale Estimation Results

The scale estimation procedure runs every time a new keyframe is inserted by
ORB-SLAM [19]. Figure 2 shows the estimated scale, gravity and accelerometer bias.
All variables are converged to stable values after 11 s. Figure 2(a) shows that the
converged scale (~2.25972) is quite close to the ground truth scale (2.28132) which is
the scale benchmark computed by the method that we have introduced in Sect. 3.4.
Figure 2(b) indicates that the 3-axis accelerometer biases converge to almost 0. Fig-
ure 2(c) indicates that the components around x and z axes of gravity is converged
quickly, and its y-axis component is converged to 9.256973 m/ s?> (near nominal
gravity value). Hence the gravity direction is closed to y-axis. Figure 2(d) also shows
the process of gravity estimation (depicted in blue), the green one is the nominal
gravity value 9.802m/s?, they also come near after 11 s.

N scale estimation . bias-acc eatimation

ground truth s 3 — X
24 — s y

biasa/(m/s2)

2 4 6 8 10 12 14 4 2 a 6 8 10 12 14
Time/s Time/s

(@) (b)

gravity components estimation . gravity estimation

10 I - X 9=9.802
) ; — g estimation

<

a/(m/s2)
a/(m/s2)

10 12 14 2 1 6 10 12 14

8
Time/s

(© (d)

Fig. 2. The converged procedure of scale, accelerometer biases and gravity in the sequence
V1_01_easy. (Color figure online)
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Once we have estimated a stable and accurate scale. All 3D points in the map and
the position of keyframes are updated according to the estimated scale. Figure 3(b)
shows the final reconstructed sparse map, we also show a processed image in
V1_01_easy.

Fig. 3. A processed image and the reconstruction from sequence V1_01_easy

4.2 The Performance of Weighted Method for Scale Estimation
Refinement

We evaluated the accuracy of proposed scale estimation and refinement by comparing
it with the scale benchmark computed by the method in Sect. 3.4. As can be indicated
in the Tables 1 and 2: for the sequence V1_01_easy and V2_01_easy, we list the
results of five tests. The second column is the scale estimation values scale which is
almost the same as the estimated scale s of [9], and the w_scale is the results of
estimation refinement introduced in Sect. 3.3. We show the scale benchmark in the last
one. The results indicate that our scale estimation refinement method can improve the
accuracy of the estimated scale.

Table 1. The results of scale estimation and refinement, compared with scale benchmark for
V1_01_easy

Test number | s Scale w_scale | Benchmark
1 2.25409 | 2.25972 | 2.26318 | 2.28132
2 2.10896 | 2.12254 | 2.13477 | 2.35991
3 2.22838 | 2.24186 | 2.27997 | 2.27073
4 2.28314 | 2.34132 | 2.31572 | 2.26904
5 2.15126 | 2.16206 | 2.21084  2.26057
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Table 2. The results of scale estimation and refinement, compared with scale benchmark for
V2_01_easy

Test number | s Scale w_scale | Benchmark
1 2.79302 | 2.80926 | 2.83144 | 2.92792
2 2.52695 | 2.52974 | 2.55774 | 2.59554
3 3.02662 | 3.01114 | 3.06962 | 3.11365
4 3.16472 | 3.17584 | 3.20926 | 3.35001
5 3.41774 | 3.41055 | 3.43063 | 3.46943

4.3 The Effect of Termination Criterion

Here we test our automatic criterion to determine when we consider the scale esti-
mation successful. In the sequence V1_01_easy, the norm of recovered gravity yg is
gradually close to the nominal gravity value ~9.8 m/s”, after 11 s the difference is
under the threshold (0.1 m / s2). And the other condition is established after the esti-
mated scales come near for n =5 times. Both conditions are established after the
procedure runs about 11 s as depicted in the Fig. 3(a) and (d), and the scale estimation
achieves convergence at that moment. And the converged speed in the paper [16] is
30 s, but its termination criterion is not mentioned.

5 Conclusions

In this paper, we showed our approaches for visual scale estimation and refinement.
Firstly, we have presented an approach for the estimation of scale, gravity and
accelerometer bias. Secondly, we proposed a weighting method for monocular visual
scale estimation refinement, which utilizes weight w derived from the robust norm for
outliers handling. Thirdly, we proposed an automatic way to identify convergence and
termination for scale estimation procedure. We experimentally showed that the scale
estimation is accurate, and the deduced weighting method further promotes the scale
accuracy for the monocular visual map, and the termination criterion performs well,
tested in the EuRoC dataset [21].
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