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Abstract—In this paper, we develop and open-source, for
the first time, a robust and efficient square-root filter (SRF)-
based visual-inertial navigation system (VINS), termed +/ VINS,
which is ultra-fast, numerically stable, and capable of dynamic
initialization even under extreme conditions (i.e., extremely small
time window). Despite recent advancements in VINS, resource
constraints and numerical instability on embedded (robotic)
systems with limited precision remain critical challenges. A
square-root covariance-based filter offers a promising solution
by providing numerical stability, efficient memory usage, and
guaranteed positive semi-definiteness. However, canonical SRFs
suffer from inefficiencies caused by disruptions in the trian-
gular structure of the covariance matrix during updates. The
proposed method significantly improves VINS efficiency with a
novel Cholesky decomposition (LLT)-based SRF update, by fully
exploiting the system structure and the SRF to preserve the
upper triangular structure of square-root covariance. Moreover,
we design a fast, robust, dynamic initialization method, which
first quickly recovers the minimal states without triangulating
3D features and then efficiently performs iterative SRF update
to refine the full states, enabling seamless VINS operation even
in challenging scenarios. The proposed LLT-based SRF is exten-
sively verified through numerical studies, demonstrating superior
numerical stability under challenging conditions and achieving
robust efficient performance on 32-bit single-precision floats,
operating at twice the speed of state-of-the-art (SOTA) methods.
Qur initialization method, tested on both mobile workstations
and Jetson Nano computers achieving a high success rate of
initialization even within a 100ms window under minimal condi-
tions. Finally, the proposed \/ VINS is extensively validated across
diverse scenarios, demonstrating strong efficiency, robustness,
and reliability. The full open-source implementation is released
to support future research and applications.

v/ VINS: https://github.com/rpng/sqrtVINS

Index Terms—Visual-Inertial Systems, State Estimation,
SLAM, VIO, Motion Tracking, Initialization, Sensor Fusion

I. INTRODUCTION

Visual-inertial navigation systems (VINS), which utilize a
(single) camera and an inertial measurement unit (IMU) for 3D
motion tracking, hold significant potential and are widely used
in autonomous robots and mobile devices (e.g., see [1]-[4]).
Numerous VINS algorithms have been developed in recent
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years [5] and can be broadly categorized into covariance-
based and information-based methods. The former, such as
the multi-state constraint Kalman filter (MSCKF) [6], update
estimates using a dense covariance matrix but can lose positive
definiteness, causing instability and divergence. The latter,
such as the sliding-window optimization [7], exploit the sparse
structure of the information matrix for efficiency, which,
however, may become ill-conditioned. While double-precision
arithmetic could mitigate the numerical error, this problem is
especially pronounced on embedded platforms, where single-
precision floating-point arithmetic is only available on the
computation unit or is required to speed up and achieve real-
time performance.

The square-root filter (SRF), which tracks the square-root
covariance matrix, offers promising benefits such as numerical
stability, guaranteed positive-definiteness, and reduced mem-
ory requirements [8]. However, applying SRF to VINS is
challenging due to inefficiencies in maintaining the triangular
structure of the covariance matrix during updates, particularly
with large measurement sizes. This limitation has prevented
SRF from being widely used in VINS. In the recent work [9],
a novel permuted-QR (P-QR) decomposition of SRF was pro-
posed to efficiently utilize the upper-triangular structure during
matrix factorization, which has enabled seamless integration of
SRF into VINS. In this work, building upon [9], we develop an
enhanced Cholesky decomposition (LLT)-based SRF update
to further improve computational efficiency while maintaining
numerical stability.

Another critical module for VINS is dynamic initialization,
which plays a vital role in recovering the initial states on the fly
to enable seamless and continuous operation. Existing methods
typically construct a linear system using image features and
inertial measurements to obtain a closed-form solution, fol-
lowed by nonlinear optimization to refine the estimated states.
Although the minimal case of dynamic initialization requires
3 frames and 2 features, corresponding to only 100ms with
a 20Hz camera [10], existing methods often require over 1
second to achieve robust initialization [10]—[30]. In this work,
we develop a fast initialization method that, for the first time,
demonstrates the ability to robustly initialize the system, even
in the minimal case.

In particular, the main contributions of this paper are
summarized as follows:

« We propose square-root VINS (v/VINS), achieving ex-
ceptional efficiency and remarkable numerical stability on
32-bit computing platforms, with performance more than
twice as fast as state-of-the-art (SOTA) algorithms for 3D
motion tracking.

¢ Our VVINS introduces a novel Cholesky decomposition
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(LLT)-based SRF update method, which signi cantlyand uses QR-decomposition to incorporate new measurements
outperforms existing approaches by fully leveraging aridto the prior, then invert it to solve for the state update.
pres%rving the upper-triangular structure of the SRF. While this estimator achieves the same accuracy with the
Our * VINS introduces a novel dynamic initialization half of the word length, it still has the concerning numerical
module that, for the rst time, robustly achieves initial-issue with a relatively high condition number £)Oover
ization under the theoretical minimal case (100ms wittime, especially when paired with a high-precision IMU [60],
just 3 keyframes). [61], lead to substantial numerical inaccuracies for long-term
We perform extensive numerical studies to highlight poeperations. This numerical issue was addressed recently in [62]
tential numerical challenggs in VINS and underscore th®y preconditioning with a square root information lter.
advantages of the proposed/INS. Comprehensive real- On the contrary, VINS estimators in the covariance form
world experiments validate the notable ef ciency boost dend to offer better numerical stability. For instance, in the
the proposed method while maintaining high accuracy.EKF-based VINS, the only matrix that typically requires

The rest of the paper is organized as follows: After reviewdversion, the innovation covariance, usually possesses a good
ing the literature focusing on VINS estimation and dynamigondition number [47]. This makes the use of the square-root
initialization in Section 11, we describe the proposed improve:ovariance matrix highly appealing for VINS, as it combines
ment on the $RF ef ciency in Section I11. Section IV present§1® advantages of the covariance form with the bene ts of
the propose(? VINS while Section V details the proposedSquare-root properties. Surprisingly, this idea of SRF remains
ultrafast dynamic initialization. The comprehensive evaluatida'dely unexplored in VINS. Looking into history, the SRF has

of the proposed methods is conducted in Sections VI, VII, atddergone signi cant improvements over the decades. Back in
VIII. Finally, the paper concludes in Section IX. the 1960s, the initial SRF formulation was proposed by Potter

and played a signi cant role in the Apollo project's success

[63], [64], which has been extended to account for propagation
(process) noise [65]. While several update methods have
A. Visual-Inertial State Estimation been developed to enhance SRF ef ciency [66]-[68], these

An accurate, ef cient and reliable state estimation algorithfiéthods are generally less ef cient than cgnveqtional KFs
is the foundation of successful VINS. Erom the perspectiwe to the disruption of the square-root covariance's triangular

of iterative update and relinearization, VINS can be categdl'Ucture during updates. Agee [59] and Carlson [70] proposed
rized into optimization-based method [7], [14], [31]-[33], andnethods that preserve the triangular structure and offer similar

lter-based method [24]-[40]. The former performs iterativé ciency to KF, but these are limited to sequential ypdates.
update and relinearization to solve the non-linear optimizatidjodern systems, however, prefer batch updates with vector
problems in VINS and can achieve potential accuracy gatﬂperatlons that en_ab_le more ef cient level-3 B.LAS opera-
at the cost of more required computation, while the latt&ons [71]. These limitations of the SRF make it unsuitable
only performs one-time linearization and achieves superifﬁ?r VINS appl|cat|0ns that demand quick, real-time estimates
ef ciency, especially desirable for low-end platforms, wher&Om large-size measurements.
computation power is in severe constraint. To address the aforementloned_lssues and fully harness the
From the other perspective, VINS state estimation a|g8_ene ts of the square-root covariance, the recent work [.]
rithms can also be categorized into covariance and infdp_troduced a rjo_vel (P—)QR—pased SRF update and a_pphed
mation forms. In the former such as the extended Kalmétnto_leS’ gaining comp_uta.tlonal ef ciency and ”””.‘er!ca'
lter (EKF) and its variants, the estimator keeps tracking@Pility. In this work, we signi cantly extend [9] by designing
the dense covariance matrix to update the estimate [6], [a#novel LLT-based update method for SRF to achieve even

Il. RELATED WORK

[29], [41]=[44]. In contrast, the information estimators such eater ef ciency and an ultrafast dynamic initialization mod-

extended Information Iters (EIF) [45] or optimization-baseo}J €, as well as perfo_rmlng substantally more comprehensive
methods [7], [14], [15], [31], [46], maintain the information€XPerimental evaluations.
(Hessian) matrix and exploit its sparse structure in solving for ) o
estimates. However, both covariance and information Itefd. Visual-Inertial System Initialization
face challenging numerical issues, in particular on resourcedn addition to the state estimation algorithm, VINS relies
constrained edge platforms [47], [48], when limited wordn accurate initial conditions (e.g., velocity and gravity) for
length (32-bit oat, instead of 64-bit double) is availablea successful operation. Although initial conditions can be
or it is required to achieve real-time performance. In thecovered by assuming static motion, this often involves risky
covariance form, the covariance matrix tends to lose ig&sumptions in practical systems. Dynamic initialization, on
positive de niteness and cause the estimator to diverge. In thee other hand, enables VINS to recover key parameters
information form, as the information matrix can easily becomeghile in motion, eliminating the need for the platform to
ill-conditioned (e.g., condition number larger than®1@7]), remain stationary at startup. This is also crucial for practical
naively inverting it during optimization would lead to largeapplications, as it enables the system to re-initialize after
numerical errors (see Chapter 3.5.1 in [49]). failures and signi cantly enhances robustness

To address this numerical instability, there exist methodsDynamic initialization methods are broadly categorized
that use the square root of the information matrix instead wito tightly coupled and loosely coupled approaches. Tightly
its full matrix and were shown to be effective to some extent itoupled methods (closed-form solutions) recover initial states
VINS [37], [48], [50]-[59]. For example, the method in [48]directly by integrating both visual and inertial measure-
maintains an upper triangular square root of prior informatiaments [10], [22]-[30], [72]. The rst closed-form solution



for gravity direction, velocity, scale, and accelerometer biagindow.
was introduced in [72] and has been extended to include
unknown camera-IMU calibration [23] with the minimal case Ill. IMPROVING SRF COMPUTATIONAL EFFICIENCY

and degenerate motion analysis [10]. In contrast to formulat-The SRF has existed for decades and potentially has better
ing a linear system, [24] formulates a MAP (Maximum Ay,merical stability and ef ciency [76]. Speci cally, unlike a

Posteriori) problem that incorporates sensor noise to furthghndard EKF (and its variants) that estimates the (dense)
improve accuracy. Later on, [25] demonstrated the impact @yariance matrix P, the SRF propagates and updates the

gyro bias on initialization accuracy and proposed its estimatig@ responding upper-triangular square-root matrix U which is
via nonlinear optimization. This was later improved by using gven by [76]:

[ot?juon only constraint [73] and adding line constraints [20], U>U=p 0
On the other hand, loosely coupled methods rst perform vi- Because of this sp_ecial structure, the SRF can represent a
sual structure-from-motion (SfM), followed by visual-inertiamuch broader dynamic range of numbers and reduce the con-
alignment to match IMU measurements and recover the initf@fion numbers of the involved matrices (especially, the condi-
states [11]-[21]. For example, Qin et al. [13], [14] leveragBOn number of U as compared to thfat of P).. It als.o implicitly
a simpli ed SfM pipeline to obtain the up-to-scale trajectoryduarantees the symmetry and positive semi-de niteness of the
and then formulate a linear system that recovers scale, gravitgvariance matrix. These numerical advantages of the SRF
and velocity. The IMU uncertainty is further being considere@nsure better numerical stability (over the EKF). Furthermore,
in visual-inertial alignment to improve performance [31]. Ahe SRF can potentially be more efcient in computation
more recent method showed that up-to-scale SfM can BBd memory usage, as it can operate with shorter word
formulated in a maximum-likelihood framework and constrailgngths (e.g., 32-bit oating-point instead of 64-bit) without
gravity magnitude, improving accuracy and avoiding issué9MPromising accuracy. o o
with iterative solutions [17]. However, we have not seen its wide adoption in VINS,
A key challenge for the aforementioned initialization metH2€Cause it is challenging to fully capitalize on these bene ts in

ods is their requirement to solve for 3D feature positior%radice' !n particular, th_e canonical update form in the SRF is
during the initialization process. Given their cubic complexit omputationally expensive. For example, the Potter SRF [63],

with respect to the number of features, this can signi cantl ne earlie_st SRF method, destroys_the_ upper trian_g_ular structure
impact ef ciency. Various approaches have been proposed U during the update, necessitating an additional costly
address this issue. For example, [28] enhances ef ciency trix triangulation step to restore the structure. The Carlson
tightly coupled initialization by marginalizing (projecting) the RF [ _] |mp|roved upon ghe. Potte:jform by prgservmg the
depth of each feature bearing and the redundant 3DoF featufB8€" triangular structure during updates, resulting in signi -

in a reference frame. However, this still requires triangulati n_t speedups. However, both the Pott_er and Carison forms are
the 3D positions of features, which can make the marginaliZ erived for scalar measurements. While they can be extended

tion numerically unstable under low parallax conditions, whef8
some of the features are close to rank de ciency. Recent%!é

vector measurements through sequential scalar updates [67],
], they fail to fully leverage Single Instruction/Multiple

ta (SIMD) in modern computers to accelerate matrix op-
rations. There are SRF update forms that support direct
dates for vector measurements [59], [67], [68]. However,

[30], [74] incorporated learned image depth and levera
af ne-invariant single-image depth to reduce feature param
ters but relies on a depth network. The most related work is ; X o . i
He et al. [19], which employs the LiGT constraint [75], a lineal ey e|the_r fail to maintain upper-trlangular_U or require
constraint that uses known rotation and camera measurem%t@eoret'cally h|g_her .nu.m_ber of oating-point operations
to formulate the linear system without the need to estimate rng updates,. W.h'ch dummsh_ the bene 1 of vectorization. To
features. However, their tightly coupled approach incorporat dress these I|m|tat|.o.ns in existing SRFs, we propose a novel
all visual measurements, resulting in a large measurement s olesky decomposition (LLT)-based SRF update method.

Their loosely coupled method solves the LiGT constraints fdf 'S @PProach overcomes computational bottlenecks by doing
positions up to scale before solving for inertial states witector updates and properly maintaining upper-triangular U

additional velocity parameters, increasing the state size. uring the update, and als_o h"’.‘S a smaller number of operations

In contrast, we introduce a novel linear system formulé{\-/hen.the measurement size Is large. Moreover, we also fully

’ exploit the upper-triangular structure of the SRF and further

tion using inertial and bearing measurements to solve f8pr)timize its computation in both propagation and update.

initial velocity and gravity. We neither recover 3D feature In the following section, we rst brie y introduce the stan-

positions nor retain unnecessary unknown scales, making %'ﬁrrd SRF propagation step for completeness. We then present

solution b‘“h highly e_f q_en} and robust. To'ensure success'f:H r novel update formulation, which is the core contribution
VINS operation after initialization, we also introduce an SR S this work

based re nement that improves state accuracy and ef cient?y
computes the initial covariance. Unlike the Visual-inertial )

Bundle Adjustment (VI-BA)approach, which relies on poten QR-based SRF Propagation

tially unstable matrix inversion, our method directly computes As the SRF propagates and updates the state estimate
the covariance, ensuring robustness for VINS. Given the§eean) in the same way as the EKF [76], we here will focus
bene ts, our initialization method is the rst among all existingon deriving EKF-equivalent propagation and update of square-
approaches to achieving the theoretical minimum conditiorgot covariance matrix U. In particular, given Ry, =
requiring only 3 sequential frames in just 100 ms initializatiorU;1jkl Uyik1  leveraging QR decomposition, we can



Fig. 1. Visualization of the matrix computation and its structure evolution during the proposed LLT-based SRF update.

derive the covariance and its square root propagation as TABLE |

follows: FLOPS OF THE DIFFERENT SRF MEASUREMENT UPDATE FORMS
ASSUMING UNCORRELATED MEASUREMENTS AND CONSIDERING ONLY
THE DOMINANT COMPUTATION TERMS (m MEASUREMENTS, n STATES).

— . >
P kik1 = k1 P kijk1 k1 W k1 . (2) Methods  Potter [63]  Carlson [70] Kaminski [68] [59] P-QR [9] Proposed

= 1 U Eljk 1 Uy 1k 1 ; .+ w k%l ng (3) Flops 6mn2 Imn? 2m2n+5mn 2+ 403 3mn?+ In®  2mn?+ Zn3

h i W 1

= W2 k1 U;ljkl Ukl’klkl > 4)

o h i U : The SRF update proceeds by rst computingglin (9),

= U 0 QF; Qu ki(';l (5) followed by the state update in (10).

—_ >

= Uik Yk ®)  Proof. We now show the proposed LLT-based SRF update is

where 1 is the state transition or system Jacobian matriequivalent to the EKF:

and we have employed the Cholesky decomposition (LL 1
ploy y P LLT( -pkjk =Puk1 P k1 HQ HikPiks Hg +R * HiPua

on the system noise covariance W , i.e., W1 =
>

1
S L . = Ug I U w1 Hi HkUg Uk Hi +R He Uy Uy
W72 W(Z, , as well as the fact that Q is orthonormal. Kt Wi T T B T TR T e T

It is clear from the above derivations that the square root 0 1a
covariance 1 propagates from timeyt to ty via . - g §
ef cient QR decomposition;, = U ki1 i +U w1 H k{E k HiUgga ) U kjk 1

1 >

W, Ry Uk 1 Ci=F i Fu
=Q«1 " _ 1 _
Ukiki k1 0 =U k1 Fe Fo Uk =0 U g Ui
S 1

B. LLT-based SRF Update Puyks Hp HikPuxs Hp +R  ri

As discussed earlier, the update is a computational bot- > > 1 1

- . ! . =Py Hy HgPy Hy +R RkR. T
tleneck if a canonical SRF form is used. Although a recent = Wk "'k TTkTkk1 Tk k K Tk
work [9] introduced the permuted-QR (P-QR)-based squar& (Puki Hi P i Hi HiPir HQ +Ric - HiPiga HORY 1
root update to mitigate this issue, there is still room to furthet ey, P s HZ HiPga Hy +R. Y HPiger HIRY 1y
improve ef ciency with Cholesky decomposition, which leads_ P..H>R r
to our novel LLT-based ef cient SRF update algorithm: KTk Tk Tk )
. :UkijkijkRk rk
Lemma 1. Let the measurement model be given Ry=z
h(x k) + n k, with measurement residual as: O

re =Zx 2 "H kXger +nk (8) In the above derivations, we fully exploit the upper triangu-

> X . ! .
where the measurement noise assumes N(0;R ) and lardSttrrl:gtusrt(rau?:fttljFal .e'illgllijrtieoﬁ Iltlﬁrscﬁllrjatﬁcs)lf? ethrirjc,amr)éggse;at\l/(\)/?;e
H is the measurement Jacobian, the state and square-rdﬁ 9 P :

covariance update of the SRF can be written as: algebraically _equ_|va_lent to the EKF, t_he proposed LLT-based
SRF update is signi cantly more ef cient than other square-

Uik =F ¢ Ui (9) root update methods. It avoids redundant factorizations and
Rige = Riger +U g Uk Hi R ry (10) explicitly leverages the triangular structure for faster and more
_ _ . _ scalable computation. A detailed discussion of these ef ciency
where R is computed via Cholesky decomposition of: gains is provided below.
Ck=1+U 1 HERJI HiUg, CTErRe (1D We stress that ef cient computation of the lower-triangular
- , , ) ) matrix Fy is critical to enable ef cient update of the square-
gﬁtel tfllat da S|m|lar_t.permfuﬁa1t|o_n |sthapplled prr|10( to th‘taroot covariance (9), becausg’F and Uy, are both upper
olesky decomposition, foflowing he approach in 4], @iangular and their product (9) would be trivial and become
ensure that thg resulting .matnxkFls Iower'tnar']gular. Con- upper-triangular by structure. To this end, when computing
sequently, ' is upper triangular, as required in the update.c, (11), we exploit the upper-triangular structure ofylJ and

the symmetry of . When computing W, (9), we utilize the
IThroughout the paper is used to denote the estimate of a rando Y y of G P g ujk ©)

variable x, whilex is the corresponding error state. The subscript ajb deno[t.gtkpper triangular structure _Of ﬂ: and Ukik_l _and ef C'ently_
the estimate at timeat by fusing all the measurements up to time t solve F; Uy = U k1 Via back substitution. To quantify



the computational cost, we calculate the number of arithmetiad feature positions), while the variables that will be kept
operations (i.e., oating point operations or FLOPS) requireith the state vector (such as the current navigation states and
in the update under the common assumptions: (i) measucadibration parameters) are stored in the front. By doing so, we
ments are uncorrelated, and (ii) only the dominant (highesn leverage the triangular structure of the SRF to ef ciently
order of computation is considered. Table | summarizes thesert and delete (marginalize) variables from the state vector
computational complexity of various SRF update methods faithout Bxpensive re-ordering, which will become clear in the
m measurements and n states. As evident, the proposed LERsuing VINS operations (see Sections IV-B and IV-C).
based update method requires fewer operations whengn,>

as compared to the Carlson update [70]. In contrast to the 2-\u Propagation and Integration

QR-based method [9], this new update has a smaller coef cient . . . .

for the term involving mrf while a slightly larger coef cient A standard 6—a>qs IMU provides local linear _accelerat|on
for the term involving . As a result, the proposed method i@nd angular velocity measurements and !'m at time §:

more ef cient when m > 1n, which typically holds true for am(ty) =a(t k) GR(tk)®g+balt)+nalty) (@7)
VINS, where the measurement numbers are signi cantly larger 1 (t,)=1(t )+b o(tk) +n g(tk) (18)

than the state dimensions. Theoretically, when decomposin
matrix to obtain its square root, the Cholesky-based meth K7 v S
requires fewer FLOPs than the QR-based method, albeit Wﬂﬁceleratlon in the IMU Io_cal_frame flgig [.0’0’ 9:8]

slightly reduced numerical stability [49]. However, due to the the known global graV|ta_t|onaI acc_elerathn, ang and
relatively small condition number of C in practical VINS,”a are the zero-mean white Gaussian noise. These IMU

Cholesky-based decomposition can be employed here with ﬁasurements are used to drive the inertial navigation system
encountering numerical issues ﬁ] S) whose continuous-time kinematics is given by [78]:

%/ﬁere I(t k) and a(t) are the true angular velocity and linear

1
Q) = 5 () Q) (19)
IV. SQUARE-ROOT VINS
: i °pi®)= Cvi(®) (20)
We now apply the proposed SRF presented in the preceding

section to the VINS problem and design an ultrafast and nu- Gy, (1) = gt) R” a(t) (21)
merically stable visual-in%rtial state estimator, tgrmed Square- bg(®) = N wg(®) (22)
Root VINS (sqgrt-VINS) or VINS. The proposed VINS is
developed within an ef cient sliding-window ltering frame- Ba(t) =N wa(t) (23)
work by fully exploiting the speci ¢ block triangular structure _ blc ! .
of the system to achieve faster-than-ever performance. where () = | > ¢ and here bc is the skew-

First of all, we propose a speci:ﬂ ordering of state vectsymmetric matrix. We have modeled the gyroscope and ac-
to avoid unnecessary computations iVINS. Speci cally, at celerometer biases as random walk, with their time derivatives
time tx, the state vector x consists of the current navigationrepresented as white Gaussian processes, denoted,py n
states ¥, , the calibration stateg, historical IMU pose clones and n,,, respectively. Integration of the above continuous-
Xc, and a set of 3D environmental (SLAM) features,xn time inertial kinematics fromt to ty+; Yields the following

the following order: discrete-time motion model:
Xe= X7 Xnixe ) T=og, )oxgox T (12) ¢TR= MR ¢R (24)
Xy, = |qu> G pl>k le>k b; b; > (13) GpII<+1 - Gplk + lek T+ %Gg-l— 2, |GkR>| “ .. (25
Xeb= ta 9> ©py (14) Gy, =Cv, +C%gT+ gRMx |, (26)
Xc = X3 Xy (15) by, =bg +ng, (27)
x; = Gf7 ::Gf> 7 (16) baw, =bac+na, (28)
wherely is the JPL unit quaternion corresponding to rotatio¥here I = it Ng = o Nug(u) du, and

the1

matrix 5 R that represents the rotation from the global fGg tona, = e Nwa (U) du. Importantly, ,:*1 R is the gyro

the IMU frame flg; We use the JPL convention to maintairpreintegration in [t;tx+1 ], while's 41 and'c 4, are the
consistency with the majority of prior work in Iter-basedpreintegration of acceleration measurements. Due to space lim-
VIO. For a detailed comparison between the JPL and Hamilations, we do not provide full derivations of the preintegration
tonian conventions, we refer readers to [78p,, ©v,, and terms. However, readers can refer to related works on IMU
Gf; are the IMU position, velocity, and i-th feature positiorpreintegration theory (see [79]-[31]). In particular, [31] and its
in fGg; by and b, are the gyroscope and accelerometefssociated technical report offer detailed derivations of these
biases; %, = ['G‘q> G pr.I” is the i-th cloned pose;stand terms:

fq”;°p; g are respectively the time offset and extrinsig,,, Z tes ,
calibration between the camera and IMU, while is thelx R= It )d
camera intrinsic parameters. tkikl Zs
Inspired by [59], the special ordering of the state varidx | =~ = KR@ m() b a(u) n 4(u))duds
ables (12) is discovered based on our computational com- s ti

plexity analysis and follows the principle: The states to bg K
frequently marginalized are placed at the end (i.e., IMU clones '« = uR@ m(u) b a() n a(u)du



With the above model model (24)-(28), we can perform the practice, this is hard to guarantee — for example, when
SRF propagation as described in Section IlI-A. dealing with lost track features, the marginalized state might
not always be at the very end — and QR is still necessary.
B. Stochastic Cloning and Marginalization However, we only need to perform QR on a sub-block of
the square root covariance matrix. In comparison to the

The proposed VINS adopts the sliding-window ltering gq, are-root information Iter [48] that requires processing the
methodology to control the ever-growing computational cogfytire matrix, our approach remains signi cantly more ef cient

over time while (sub-)optimally fusing all the measurement§, o ks to the nature of SRF marginalization.
available in the current window. This is achieved by perform-

ing ef cient stochastic cloning [82] and state marginalization ,
which is akin to that in the multi-state constraint Kalman ItelC: Structure-Aware Ef cient Measurement Update
(MSCKF) [6], [83] but operating on the square-root covariance Assume that at timectwe have established a visual feature
matrix U [see (1)]. track within the current sliding window in which we assume
To that end, we rst partition the state vector (12) into thé features in total being detected and tracked in the time win-
most recent navigation statg xthe state to be marginalizeddow of [tcc ; ;tx]. Afeature f (i=1; ;M) observed
Xxm, and the remaining stategx and their corresponding at time t has the following nonlinear bearing measurement
columns of the square-root covariance matrix are, W,,  model by projecting its 3D position onto the 2D image plane,
and Ug, respectively. As the system propagates forward, wéhich is further linearized for SRF update [see (12)]:
perform stochastic cloning [57] to augment the state and =h,(h,(C f;); )+n ; ) (32)
square-root covariance with those of the most recent or cloned
camera/IMU pose in order to better process its correspondiﬁ'g
measurements at a later time. As the square-root covariance =H x Xxj1  +tHr %tj1 +nj (33)
for each state corresponds to the respective column blocksaiRere Iy and h, are the intrinsic distortion and projection
U [59], [84], we specically copy the cloned poserxand functions, respectively. Note tha fis general and can support
its corresponding column 4, to get the augmented state anény camera model (e.g., radial-tangential and equidistant [85]).
square-root covariance as follows: In a typical visual tracking scenario, M can be large (in the

"H o %51 +Hoep Xepja +Hiy fjr 0y

> x> x2 1 demng s s s s (29) order of thousands) and easily result in prohibitive computa-
oM TR wonin taro oM TR tional cost if processing them without discrimination. As such,
U Um Ugr ! 9 U Ut Unm Ugr (380) we categorize them into the SLAM features that are included

in the state and the MSCKF features that will not be kept,

through the aforementioned process for U and the covarian%@d accordmgly_, partition the measurementlset Into .d'ﬁe.rem
augmentation in the conventional MSCKF. The detailed proSFbsets depending on the observed features’ categories similar
can be found in Section 2.3 of [84]. as [41], [59): e«

To bound the size of the state so as to control computational fzi; 951" = % N {[ZZ $ [% M {[ZZ 4 (34)
cost, we marginalize and remove the unwanted staje x Zeom  Zvio

from (29) and its corresponding blockyJ from (30). At the \yhere Z5 v includes all the measurements available in the
same time, because this marginalization destroys the UpPRghdow related to the SLAM features that either are already
triangular structure of the square-root covariance, we perfofiithe state vector (with respect tos¥ or are to be initialized
QR decomposition to ensure the resulting upper triangular Uinto the state (using &), and Z,10 contains the remaining

This can be proven by demonstrating that U = P

U, U; Uw Ug | marginalization measurements related to the MSCKF features, some of which
are to be processed at the current timg (Zwhile the others
U, Ut Ug R UO (31) are delayed for future update (4. Except Z,, we perform

different update strategies for these measurement subsets to
At this point, we stress the signi cance of the proposednsure ef ciency and accuracy.

special ordering of the state [see (12)]. During marginalization, Without loss of generality (w.l.0.g), we rst consider using

by ordering the state with non-marginalized variables (e.g., xhe measurement setZ[see (34)] to initialize a new SLAM

and xy,) at the top and marginalized variables (e.g., featurefature f; into the state vector (12). Although we can use the

at the bottom, the resulting square-root covariance remaitteslayed initialization to ef ciently estimate the feature position

close to upper-triangular, leading to signi cant computationﬁh;j , its square-root covariance would be more challenging.

savings. Figure 2 illustrates this process: The left side shoWs this end, we rst stack all the linearized measurement

an extreme and most ideal case where the marginalized staisiduals of Z [see (33)] and havé:

Xm Iis at the end of the state vector. After removing its fn = H o +H o e+ 0y (35)

corresponding column |4 from the square-root covariance, ] o .
we directly obtain the upper-triangular square root covarianb¥ote that Zy typically has more than the minimum required

U without further operations. By contrast, the right side dheasurements for feature initialization in order to obtain better
Figure 2 shows a general case where the marginalized s@g€uracy; that is, the initialization is over constrained and
in the middle of the state vector, requiring an additional QR Nt is tall. This implies that over-constrainednZ also

ration to r re th r-triangular str re. N h
operation to restore the upper-triangular structure. Note t aJ[2We here have dropped off the time index for brevity and employed the

although we would like to place the mar_glnallzed Stat_e @ﬁbscript symbol “N” to refer to the association withyZ Note that similar
the very bottom so as to completely avoid QR operationstations are used for the other measurement sets.



Fig. 2. An illustration of the marginalization processpof\/INS with different state ordering. The blue blocks represent the marginalized sfatend its
covariance block U , while the pink blocks represent the other states. The left side shows an extreme case where the marginalized state is at the bottom,
allowing direct extraction of the upper-triangular square-root covarianceTbe right side shows the marginalized state in the middle, requiring an additional

QR operation. Placing marginalized states further toward the bottom improves structure preservation and reduces the QR operation cost.

encompasses information that constrains the existing state x N”ry =N Hyx % +N 7 ny (41)
(n_qt just the new_featureNf), which we seek to optimally ) MO Mk Xt M (42)
utilize too. As evident from (35) that the range space of

. . 2 We have thus far built the linearized measurement residuals
H Nt essentlally po_nstralns the new feature while its nuI_Igpa Ee (37), (39) and (42)] for different measurement sets (34)
constrains the existing state, we perform QR decomposition '

; oD . Vailable in the current sliding window, which are stacked in
Hn: in order to initialize the square-root covariance as we

as extract constraints on,xfrom Zy : corEpacgforr? for the SORF bgécg:pga@ 3
0 M M;x X M
Hue & Q1 Qo I (36) 4 (5S=4 0 094x5+4 5 (43)

h he null fa and h 'S Hsx Hsi 0 Ty s
where Q spans the nullspace o - an .QZ spans the ing (43), we perform the ef ci%nt LLT-based SRF update
range space. It is important to note that during the above Ree (9) and (10)] for the proposedviNG
.dec0nt1p03|t|on:[ we u§et thel P_QRt 'decorlnposmto'n mtrt;du(;: In particular, we take full advantage of the sparse structure
in [9] to permute iy Into a fower trianguiar matrix, Instead ¢y, aasyrement Jacobian matrix in (43) when computing
_of_L_Jpper _trlangular. This is different from the traditional SLAMI e matrix C and its Cholesky decomposition to obtain F [see
initialization [ ] and can better preser\_/e.the. structure ? 1)]. Speci cally, as the Jacobian of (43) has zeros (the third
the SRE tq improve ef ciency. Left multiplication (33) by block column) corresponding to the new SLAM featusg, f
[Q1 QaJ” yields: we group the rst two block columns corresponding tQ x

Q7 [y = Q7 Hye Hyy N 4 Q7 N and % as Hy . In computing C, as U is lower-triangular,
Q3 Q3 ' A Q3 we only need to multiply the non-zero blocks of,H with
) N O NI ¥ L N (37) its corresponding & , which naturally leads to sparse C =
&  Ing ) INx % N Céf (I) , Where G¢ = Uy HLZ R Hy Uy +1. As
where J’\“X = gl Hn.x . Clearly, as the top linear a result, we perform LLT only on @ rather than the full
N;x 2 . . .
system: n = nxX%x + n. depends only on the existingmatr'x' allowing us to ef ciently solve for i and thus sparse

state, it should be utilized as normal measurements lke®Z F = Fx 0

. I
update the state. On the other hand, the bottom linear system: . ) .
& = Jntfu +Jnade + no v N(O: ) is used fo When performing the SRF update [see (9)]; that is, we only

; A ! , need to compute along with its corresponding upper

feg actljrr:% ;mgailrl]ﬁugh: d Sigliﬁ:ae:srt(;(t)é (;(;Vﬁng\:\f: with the nev\friangu_lar mgtrix, a)\l/?oidin_g p_rocessing th_e entire matrix. Note
%l ' that this saving can be signi cant in particular when multiple

U Ul g, Iy 3g) New SLAM features are initialized in the current window
0 %J,\T_f (38) which is often the case in practice.

, . .y 0_ 50 1) Outlier Rejection: Measurement outliers are inevitable
Thls can easily be proved by perfom]”?g)tfu =P "o show practice. Compared with an information-form estimator, we
its equivalence to the SLAM feature initialization in EKF [

lhave covariance available at each update, thus, we employ the
For Zs, as all the measurements relate to SLAM features

XStandard 2 test to reject them by computing the followin
that are already in the state vector, we simply stack all the,na1anobis distancej: y puting g

measurement residuals (33) for batch update:
rs=HgsxXx+H st % +ns (39)

. We also exploit this special structure of F

ul=

dn =1” HUZUH> +R ' r (44)

where r and R generically refer to the measurement residual

In contrast, % correspond to the MSCKF features f ang noise covariance [see (8)]. Thanks to the special structure
which are not in the state but we still want to utilize theipf the measurement Jacobian H in our case [e.g., see (43)]
constraints on the state. To this end, we project the linearizgg are aple to compute the Mahalanobis distance (44) very
measurement residual onto the left nullspace N of the featuggciently. In particular, as the measurement residual of the
Jacobian Hay , effectively eliminating the feature dependency sckF features \ is not related to features [see (43)], the
and improving ef ciency by avoiding the need to keep thesg|iowing most expensive operation is carried out as:
features in the state vector [6]. U. U > U, >

1 2 Mix — 1 Mx

v = H o % +H g fu +0y (40) UH™= %9 us o = o (45)



Clearly, given the upper-triangular structure of U and théater time (along with the other measurements in the current
unique structure of the measurement Jacobigr , we only window). It is clear that the estimation errgx of the time
need to compute Y ., , instead of multiplying the measure-offset contributes to the error of this cloned pose(tk +1 4),
ment Jacobian with the full U. This holds exactly the same farhich should be carefully compensated in its covariance via
the measurement residual of the new SLAM featurgs[see SRF propagation (which is often overlooked in practice). As
(43)]. For the SLAM feature measurement residual (B9), this is not the main contribution of our work, we refer the
the sparsity of the measurement Jacobian which only relatesder to [88] and our open-source implementation for further
to the corresponding camera pose and the observed featudesails.

also allows us to leverage the upper-triangular structure of U

to compute the Mahalanobis distangg 44) very efciently. E. Remarks

Note that the computed UB (45) can also be re-used in the

proposed SRF update to av0|_d rgpeated computation. and its main steps are summarized in Algorithm 1. We here
2) SLAM Feature Propagation: Anchor feature representﬁT hlight a few design choices to take advantage of the

tion, which parameterizes features in a moving anchor fram . .
. fucture of the system so as to improve the ef ciency.
fAg, has demonstrated robust performance in VINS [14], [ ]S _ . .
Special state ordering: The order of the state variables

[83], and thus is also used in this work. The anchor frame : : ,
in principle can be selected as any camera frame within the [S€€ (12)] is especially designed to speed up update and
marginalization process. For example, and x, are

sliding window that observes the feature. When the anchor e AR

frame is moving out of the current sliding window, a new  Prioritized at the top as they would not be marginalized,

anchor frame is selected and the features are transformed While the clones x are ordered from the latest to
oldest for easy marginalization of the oldest one. The

or anchored to this new frame. Though it appears to be , >
straightforward, proper handling of the feature's covariance f€ature state, x, is placed at the end, because: (i) SLAM
features are marginalized frequently, (ii) this ordering

in the new anchor frame is often overlooked. To this end, we ) . !
build the relation between the feature represented in the old "’?!!OWS better qursny when Computlng Cin Eq '(1.1). and
(i) it ensures U is still upper-triangular after initializing

anchor frame fA g, denoted by*:f, and in the new anchor X
frame fA,g, denoted by}2f. This can be derived based on the ~ & NeéW SLAM feature, thereby preserving the structure
and improving ef ciency.

fact that the global position of the static featufd, remains ) ) i ,
unchanged regardless of the choice of anchor frame: Delayed QR and LLT operation: As introduced in previ-
ous sections, QR decomposition is used during propaga-

At this point, we have presented the propospe(sVINS

Cf = QIR 1f+ Cpp, = 2R 2f+ Cp,, (46) tion, state cloning, marginalization, and anchor changes
where x, =f Ei R; ©pa, g (i = 1;2) denotes the orientation when an anchor feature is used. The efciency can be
and the position of the i-th anchor frame in the global frame. further improved by skipping the QR step in propagation
Linearization of the above equations yields: and cloning, with QR being performed only once during

Cf=H A%, +H fAlAlf-: H a,%a, +H fAZAzf- marginalization before u_pdate to ma_intain an upper trian-
Ao 11 A gular square root covariance to facilitate the subsequent
) PEF=H L (He, WP +Haxa, H oaxa,)  (47) update process. Meanwhile, measurements from different

where Ha, denotes the Jacobians with respect to anchor poses feature types (e.g., MSCKF, old SLAM, and new SLAM
and Hy, denotes the Jacobians with respect to anchor feature features) are processed individually and then stacked for
represented in different anchors. Leveraging the Jacobians in @ single, ef cient LLT-based square-root update, as shown
equation above and covariance of the old anchor feature, old in Algorithm 1.

anchor pose and new anchor pose, we perform QR-based Avoiding repeated computation: When performing SRF
covariance propagation introduced in Section Ill-A to obtain  update, the computing of C is needed. As mentioned in

the covariance matrix of the new anchor featfiré. Section IV-C1, the computation of UH during outlier
rejection can be reused to enhance ef ciency and avoid

D. Online Calibration

To make the proposed VINS more robust and easy-to- Algorithm 1 " VINS
use, we also perform online calibration of the camera-IMBropagation:
spatiotemporal parameters and camera intrinsics. To calibrate Propagate the state to x(t + §) by Eq. (7)) (skip QR)
the extrinsic and intrinsic parameters, we include them ffone and Marginalization:

; Cloning the latest IMU pose [Section IV-B] (skip QR)
the state vector and build the measurement model that also Anchor change for SLAM features by Eq. (1) (47) (skip OR)

depends on them (32). With .that, we perform SRF update Marginalize oldest clone and lost tracked SLAM features

of these parameters along with the other states (see [53]). [Eq. (31)] (QR)

However, calibrating the time offsej tbetween the IMU and Measurements Formulation:

camera is not that straightforward and requires more care [ U}s_ing the tracked features to formulate measurements and perform

; ; ; ; ; ; outlier rejection [Section IV-C1] to prepare for updates.
Speci cally, when a new image is available at timg given MSCKF features via nullspace projection [Eq. (42)]

the prior estimate of the time offsdy, we propagate the SLAM feature initialization [Eq. (36),(37),(38)]

IMU/camera pose up to time (t fy) with the IMU readings SLAM features re-observation [Eq. (39)]
and obtain the eripr pose estima&e(t, + fy) [see (12)]. Note SRF update:
that the proposed VINS clones the true pose(ty +t ¢) in Stack meas. [Eqg. (43)] and do SRF update for both the state

order to process the visual measurements of this image at a ad the square-root covariance [Eg. (9),(10)] (LLT).




1) IMU-induced local motion: Leveraging the inertial
preintegration, we integrate the IMU measurements in the time
interval [fp;tk] to compute the relative motion in the local,
instead of the global, frame of reference,dl [see (24), (25)
and (26)]:

R= R (49)
1

opy, = ov T ¢+ §'°9T Zlo (50)

oy, == loy, +logT + 10 |, (51)

where Tg = (tx t o) is the time span for integration,
:g R; ' | and'c | are obtained by IMU preintegra-

Fig. 3.  An illustration of two-view geometry for featureless initialization ;o [81]. These can also be computed by rotating the orienta-
The pink and blue planes represent two epipolar planes formed by the featLﬁes '

f1 and %, and their corresponding camera frames;fCand fC,g. The ton and velocity withy R and computing the relative position
bearing observations are denoted by b, whileand n, represent the normal change'°p;, = 'GO R(®pi,  ®pi,)-
directions of the two epipolar planes.dY indicates the initial reference frame K A ; [ ;
and t is the direction of the relative pose. _2) Camera-induced up-to scgle relgtlve motion: With the
visual measurements available in the time windayytjt], we
ef ciently derive the relative motion direction, without relying

redundant calculations. In certain cases where outii@f 3D features. The result is summarized as follows:

rejection is not performed by? test, we rst stack all proposition 1. Given camera bearing measurements doof
the measurements Jacobians and then fully leverage Hfironmental features with known camera—IMU extrinsics,
sparsity to perform measurement compression [6]. Thige up-to-scale relative translation direction t of the platform

triangular structure and symmetry are then exploited 1§ obtained as the eigenvector corresponding to the smallest
ef ciently compute UH> and C. eigenvalue of

b4
—_ >
V. ROBUST AND FAST DYNAMIC INITIALIZATION M= nin; (52)
i=1
Dynamic initialization is critical to ensure robust andypere n = b'obic'ob), denotes the normal vector of the

smooth VINS operation without discontinuity. Successful inigpinolar plane formed by two camera observations represented
tialization not only requires an initial solution but also ensurgg (st |MU frame fl 00.

stable and continuous motion tracking afterwards. However,
fast initialization with minimal data is challenging due to
limited visual parallax and low signal-to-noise ratios. To a
dress this challenge, we propose a novel dynamic initializati e :
method, tightly integrated with the proposed SRF, providi ach observation pis a 2D'bear|ng measurement from the
robust and ef cient initialization, even in minimal conditions. .'th camera frame to the."th feature. 'Based on the two-
Speci cally, our initialization consists of two main stepszv'ew geometry [59], an epipolar plane is thus formed with

(i) Feature-less initialization ef ciently recovers the initial fche two bearings and the relaiive pose t (.g., see; 4Gfy

velocity and gravity without recovering 3D feature positiongclt:'?#;f t?F])é Tn%rsmoglleoffo ;:}heereilag?/aer m|()at:]c;n,isweefng(;gctg|zr
to improve both robustness and efciency; and (i) SR y epip P Perp

re nement optimizes the IMU state, features, and covarian t, which allpws us to formulate an glgenvalue prpblem of
J as de ned in Eqg. 55. Note that in this example; s the
0

2roof. As shown in Figure 3, consider an environmental
ture f observed by two camera frames f@ and fC,g.

through ef cient iterative SRF updates, ensuring smooth a

robust VINS operation. Note that in our initialization, a{) rmal direction of the _epipolar plane @Zfi'Th.e direction

common practice, we assume the IMU biases are reasona Tgorresponds fo the eigenvector assouatgd W.'th the smallest

accurate (e.g., obtained from prior calibration) and the came A_.envalue of M. Speci cally, the normal dlrect|onirpf the )

IMU calibration and time offset are known. epipolar plane 4GC,f; can be computed as (see Figure 3):
ni =b'obic'ob) (53)

where'ob} = |°RRb] is the bearing measurement of the
feature f rotated to the local IMU frame f{g. Note that the

To maximize ef ciency, we rst recover only the minimal extrinsic calibration between the IMU and camera is assumed
states (i.e., without unobservable global position and yawp be known. Geometrically, as the relative translation t is the

A. Feature-less Initialization

including the local velocity'¢v,,) and gravity (°g): intersection of all the epipolar planes with its corresponding
e~ lous  loms > camera frames, all the normals of these epipolar planes are
X= Vi, 9 (48)  perpendicular to t, such that:
where flog is the initial IMU frame of reference. We param- b
eterize the gravity with the minimal two parameters (; ): n“t=0)n injt=0) niny t=0  (54)
log> = jgj cos sin sin sin cos . We now ex- iz}
plain how to formulate the linear system to solve fox. M



which implies that the relative motion t is an eigenvectowhere we have employed the fact thatte= 0.

corresponding to the zero eigenvalue (or null vector) of matrix
nin; and thus matrix M, if noise free [73]. Although the 3 3
matrix M ideally is rank-2 with the null space spanned by t,
given noisy measurements in practice, M would become ful
rank and thus t should be the eigenvector corresponding to tﬁe
smallest eigenvalue. As such, determining the relative trarés%
lation direction becomes an eigenvalue problem. Performi
eigenvalue decomposition of M yields:

VIS (55)
where the diagonal matrix of eigenvalues arranged in gﬁy
ascending order. We thus have computed the up-to-scale trans-
lation (relative motion direction) t, as well as the eigenvectors

e; and e corresponding to the larger eigenvalues and
2- O

tion
. >
t er e Diag( ; 1, 2) t e1 e

For convenience, we de ne e := [ge;], which lies in the
plane orthogonal to t (i.e., t ? €) and will be used in the
subsequent linear system formulation [see (62)].

3) Linear system: By combining the IMU-induced relative
motion (with scale) and the camera-induced direction (without
scale), we can then eliminate the unknown scale and recover
the initial state through a linear system. The result is summa-

O

Interestingly, as the eigenvectors e have already been com-
puted during the eigenvalue decomposition of M (55), we
F_ffectively eliminate the need for redundant computations. It
worth mentioning that the proposed method is naturally
plicable to static motion, as s will be close to zero, the
biguity of translation direction does not negatively impact
e system. Importantly, as compared to traditional initializa-

methods (e.g., [14], [

1), the proposed linear system (61)

does not recover 3D feature positions, offering the following

advantages:

Robust to outliers: Without estimating 3D features, the
in uence of outliers on the solution is minimized.

Robust to small parallax due to low excitation: Since
feature positions are not explicitly recovered, even if
some features are near rank-de cient, it does not lead
to degeneracy.

Better ef ciency: Without including 3D features, the prob-
lem reduces to a 6 6 linear system which is solved in
constant time. The complexity with respect to the number
of keyframes, k, is O(K), but since k is typically small
(e.g., 3-5 frames), this is marginal. The overall complexity
is dominated by the linear dependence on the number

rized below:

Proposition 2. Given IMU preintegration overdtty], camera

bearings with known camera—IMU extrinsics, and the relative

translation direction t (with its orthogonal basis e, such tha
e” t = 0), the initial state '°x can be obtained by solving the
linear system

e Alox=e”b;

of features, O(M). In contrast, methods that recover
3D features have the complexity of O(®), making our
approach signi cantly more ef cient.

tB. SRF Re nement

Due to measurement noise, the linear system solution (62)
— though fast — inevitably would be inaccurate in practice
especially given an extremely small initialization window. We

where A and b are constructed from IMU integration andthus perform iterative updates with SRF to re ne the full (not

extrinsics.

minimal) state and the corresponding covariance, ensuring the
successful operation of subsequent VINS. The full state vector

Proof. Note that in the following, we use the two keyframe§f initialization is de ned as:

fC 10 and fC,g in Figure 3 to illustrate our derivations:
st="opc, 'opc, (56)
="opi, °pi,+ IR (57)

where s is the unknown scale, arep,, and 'op,, are

:fR 'pc

computed by integration with IMU measurements [see (25)3,\:1here % denotes t

1
|0p|1:Gp|0+|OV|OT 1+§|OgT ZI.2+I0 I (58)

1
op, = Cpiy+ v, T o+ §|°9T22+|° 1, (59)
Substituting these into (57), we have:
Iov
st= T, T (T2 71 2 o
T2 1 {%( 2 1)} log
A
+lo o :ZR :ER 'pc (60)
I }
b
) st+A lox=b (61)

To further improve the ef ciency in solving the above lineal
system (61), we remove the dependency of the unkno

e Alox=e”b (62)

Xl = Xg Xz (63)

Xk = X[, X7, g (64)

Xe = Off fa NG
IS

X|, = 'qu> G pfk Gvfk b;;k b;;k (66)

he keyframe states and ¥ the key
features during initialization. In contrast to the commonly
used dynamic initialization pipeline (e.g., [14]), which solves
the VI-BA problem using an optimization solver in the in-
formation form, our approach leverages iterative SRF update
and offers several advantages: (i) seamless integration with
the SRF-based VINS, (ii) improved computational ef ciency
and reduced numerical issues while enabling iterative error
re nement from relinearization, and (iii) direct covariance
computation without the need for matrix inversion.

In particular, we rst use the IMU readings to propagate the
keyframe states and their corresponding square-root covari-
ance (2), and use the obtained pose to triangulate the features,
then use the feature-bearing measurements to iteratively update
the states. For clarity, we use a single key featﬁrf@, as an

scale s by projecting (61) onto the nullspace of t, such tha\%gample. Its measurements are stacked and linearized as [see

2) and (33)]:

z=h(x ¢;%fj)+n (67)



)y r Oy (Kl) xﬂ) +H g) Grj(l) +n (68) TABLE |I
SIMULATION PARAMETERS AND PRIOR STANDARD DEVIATIONS FOR

where Hﬂ) and Hg) are the Jacobians, aneﬂ) and ¢t MEASUREMENT PERTURBATIONS.
are the error states for keyframes and key feature at the-
th iteration. We perform a QR decomposition on the feature __Parameter Value Parameter Value

Jacobian H, followed by a left multiplication of the full  Gyro. White Noise ~ 2.0e-4  Gyro. Rand. Walk  2.0e-5
system, which results in two decoupled systems. This step ig\ccel. White Noise  5.0e-4  Accel. Rand. Walk  4.0e-4
analogous to the process shown in Egs. (36) and (37), where Cﬁm ng?- (Hz) %8 ”\T/lU 'I:(FGC?-F(HZt) 4?80
we apply the same technique. For brevity, we omit the detaile um. ¢Iones racked Feat.

derivation hetg and refey, readers to that earlier discussion. Tax. MSCKF Feat. 40 Max SLAM Feat 50

() 0] I
= H KL X+ He ¢t +n  (89) TABLE Il
r H K:2 0 RMSE VALUES FOR ORIENTATION (DEG.) AND POSITION (M) BASED ON
. 200 RUNS ON UD-ARL WITH DIFFERENT ESTIMATORS.

For each key feature, we construct the linear systems as
described above. Thus, with all the features, we stack its corfgshods EKE SRF (QR) SRF (LLT) SRIF
sponding bottom system (69) and perform the proposed LU, e 0957 /0146 0957 /0.146 0956 /0.146 0957/ 0.146
based SRF update for the key state (i.é(., Y =x f<) +dx f<) oat  0.960/0.146 0.959/0.146 0.958/0.146 1.045/0.174

[see (11)]). Then we can update each key feature estimate with

the top system of (69) as:
Ga(+l) _ Ga() omr o, 0] 0 As a result, by leveraging these advantages, our initialization
f\i B f\l tHe (0 H o dxe) (70) method achieves high robustness and ef ciency.
This process of linearization and update of state estimate is
repeated Until ConVergence, Wh|le we Update the Square-rOOt V| NUMER|CAL STUD|ES OF LLT'BASED SRF
covariance only after being converged.

Note that this iterative SRF re nement allows ug to directl We now present the simulation results of the proposed LLT

obtain the initial covariance for use in the subseque¥tNS. )Gpde_lt_e method _for SRF, showcasmg Its |mprpved numerical
We have chosen to initialize not only the IMU states but al sc;[abmty and ef ciency. To ensure a fair comparison across es-
. L - only the . Sumators, we use OpenVINS [36], which implements an EKF-
retain key features x within the initialization window, along . .
. . . . ; based approach as the baseline (denoted EKF(d)), along with
with their covariance. This ensures smooth, tightly-couple ; "
. S Lo . a, oat version (EKF(f)). Additionally, we evaluate double-
integration into VINS, enhancing its robustness, as discussed - . . )
and oat-precision versions of the square-root information
. lter (SRIFF{,d) and SRIF(f)) and the proposed square-root

in the following.

We rst stress that our initialization consists of two main \
steps, without and with 3D features involved: covariance VINS (SRF(d) and SRF(D)).

1) In the feature-less initialization step, our primary focus
is to estimate the initial velocity and gravity as quickly™ Accuracy and Robustness of SRF
as possible, without recovering 3D feature positions. ~ We rst aim to demonstrate that VINS offers improved

2) Puring SRF re nement step, we seamlessly transition wumerical stability compared to other forms of estimators. To

VINS, by initializing the inertial state with the SLAM evaluate this, we use a 30-minute, 2.4 km UD-ARL trajectory

features and their corresponding covariance. These féaee Figure 4) and generate realistic visual bearing and inertial
tures can be immediately tracked in the subsequent VIN@asurements, as summarized in Table II.
process and used for instant updates, preserving all infor-Table Il reports the average Root Mean Square Error
mation within the initialization window. (RMSE) of different estimators based on 200 Monte Carlo

Note that traditional methods take a completely opposifgnS- In Figure 5, the top two plots show the orientation
approach: they rst recover the initial state using 3D featyr@nd position errors of various estimators with both double
positions and then re ne only the IMU states in a second

step. In contrast, our proposed feature-less linear system offers

robustness to outliers and small parallax, while signi cantly

improving ef ciency. For the re nement step, our approach

retains features from the initialization window, enabling im-

mediate updates when new measurements of the same fea-

tures become available. This ensures that all information is

preserved, tightly coupled, and seamlessly transferred to the

VINS module. Traditional methods, by comparison, solve

only for the 15-DOF IMU state during re nement, which

requires additional time and frames for VINS to initialize new

features and operate effectively. Furthermore, SRF directly

accesses the state covariance without needing to invert the in-

formation matrix—a process commonly required in BA-based

initialization methods—thereby avoiding potential numerical

instability, particularly in challenging initialization scenariosFig. 4. Simulated 2.4km UD-ARL trajectory.




Fig. 6. Comparison of update efciency between P-QR and LLT update
methods. The top plot illustrates the update times for the two methods: the blue
line represents the original P-QR-based method, and the green line represents
the proposed LLT-based method. The bottom plot shows the time ratio of
LLT to P-QR update times (LLT/P-QR), indicating that the LLT-based method
becomes increasingly ef cient as the number of tracked features increases.

of C (green line) remains stable, with a magnitude close to
1 and a maximum below 20 demonstrating the improved
numerical stability of the proposed SRF. Intuitively,”F
serves as the transition matrix betweegdd and Uy (the
square-root covariance before and after propagation). As long
as the measurement uncertainty (i.e., camera measurement
noise) is not signi cantly smaller than the state uncertainty
after propagation, we expectF to be close to the identity
matrix and well-conditioned. Consequently, C will share the
same benet, which is almost always the case in practical
VINS applications.
From the gure, we also observe as the condition number of
R grows larger than 2% both orientation and position errors
Fig. 5. Top: Orientation/position errors of different estimators performe®f SRIF(f) start showing a degraded performance compared
on UD-ARL dataset. "d' is for double; °f' is for oat. While most estimatorsto other estimators. This can also be seen in Table I, the
Elear drop In aceuracy over time, Bottom: Conditon nLmbers of the squar®2t SRIF is inaccurate with large RMSE values. This is
root information matrix (purple line) and the Cholesky decomposed matrdikely due to the numerical issue when performing inversion
C (green line, see Eq. (11)), presented in both standard (scientic) angh ill-conditioned R to solve for state update under limited
logarithmic scales. machine precision (see Chapter 3.5.1 in [49]). In contrast,
the covariance-form estimators, both EKF and the proposed

and oat precision. The bottom two plots the standard argRF» N0 matter which update method is used (i.e., P-QR or

logarithmic condition numbers of the square-root informatio'nLT) demonstrated_ cqnss?ent performance regardless of using

matrix (purple) and the C matrix [see Eq. (11)] for the | LT.double or oat. This is evident from the_comparable RMSE

based update over time (green). Given the covariance malYf)‘!ueS in Table 1ll, as well as the consistent error trends in

P, the square-root information matrix R is RR = p 1. Flgures.

Note that this gure only presents the LLT-based SRF results, ]

as the different update methods are expected to exhibit nedty Ef ciency of LLT-based SRF Update

identical accuracy performance, as shown in Table III. In recent work [9], the ef ciency improvement of the P-
Note that the authors have carefully reported the conditi@@R-based SRF compared to other estimators was reported.

numbers of these two matrices to evaluate numerical stabilijere, we aim to thoroughly compare the novel LLT-based

For SRIF, the most challenging step is inverting the squar8RF with P-QR, demonstrating its ef ciency improvements

root information matrix R, so we report its condition numberwith theoretical guarantees, as shown in Table I. To make

For the LLT-based SRF, two numerical challenges arise: our experimental evaluation more comprehensive, we will also

the Cholesky decomposition of C, which requires a positivevaluate and compare all forms of estimators in the following

de nite matrix, and ii) the inversion of F. But F is the squaresections.

root of C, we plot the condition number of C as it also re ects In this numerical study, we x the state size and vary

that of F. From Figure 5, it is clear that the condition numbethe number of tracked features to evaluate performance with



100 (max(s; 1=s) 1), where s represents the scale obtained
from the Sim(3) transformation.

From the gure, it is evident that the initialization errors
decrease as the initialization time increases due to the avail-
ability of more measurements. However, the key advantage
of the proposed initialization method lies in its ability to
successfully initialize within a very short time frame (0.1
s), where DS method fails. The results also highlight the
improved performance achieved with the iterative update in
SRF especially with small window sizes. To further illustrate
this, we compare the gravity and scale errors across different

Fig. 7. The impact of the number of iterations for initialization accuracy imumbers of iterations, as shown in Figure 7. It is evident that
monocular setup with the 0.5-second window in TUM-VI Dataset. the errors consistently decrease with an increasing number
of iterations and eventually converge. Interestingly, we also

different numbers of measurements. All features are treatedoggerve that as the window size increases, the accuracy

MSCKF features and the results are reported in Figure 6 gain from re nement decreases. BecaL_Jse With the increasing
The top gure plots the update time (in ms) for bo'thmouon for inertial measurements and increasing parallax for

methods as the number of features changes, while the bottt\é(')ﬁgl;ael r?gf;”;ﬁ\r?e?gfﬁstggirs]ﬁgfr;&c;;g:aggr ';g&%sdezé;zsggs
gure shows the ratio of the update times (i.e., LLT/P-QR ’

The results clearly demonstrate that the LLT-based meth.SSirable. accuracy without furthe_r re nement. This indicates
is signi cantly more efcient, with the performance gap e.possmm.ty to reduce or gllmlnate lterations f_or further
widening as the number of features increases. Moreover, %femency gains, as discussed in the following section.

time ratio between the two methods (bottom gure) decreasgs Successful Initiation Rate

progressively as the number of measurements becomes more
dominating and, in the end, converges to roughly the theoreti-V& now present the success rates based on our de ned

cal ratio%, which proves the FLOPs analysis as shown in tHgiteria for success under various system initialization setups.
Table |I. Traditionally, the success rate is de ned by dividing each se-
guence into small windows, running initialization at each entry

VIl. EXPERIMENTAL EVALUATION OF SYSTEM point, and calculating the percentage of successful dynamic
INITIALIZATION initializations. It is important to note that we have applied

a stricter criterion for success, given the strong performance
To demonstrate the enhanced performance of the propo%?ao 9 gp

novel dynamic initialization method, we validate it using twog

widely recognized and publicly available visual-inertial (Vl)ooth the accuracy of the initialization window poses and the

datasets: EuRoC MAV [90] and TUM-VI [91]. We Compare'subsequent VIO performance using the initialization results.

our method (Ours) with the state-of-the-art dynamic initializa-l-he criteria are as follows:

tion approach in OpenVINS, a reimplementation of Dongsi's We divide each sequence into 10-second windows, run the
initialization with a different initialization window (from

method [92], referred to as DS in the following sections. We
also evaluate the performance with both monocular and stereo 0.1 to 1) at each entry point. The initial states must be
successfully solved for all runs in the sequences, includ-

cameras. In stereo setup, except for independent KLT tracking
of both cameras, we also perform tracking between each stereo ing ensuring that the linear system can be solved without
issues. Additionally, the initial states must converge after

pair to formulate stereo constraint. The parallax gained from
stereo allows easy feature triangulation even in not fully ex- : .

re nement, and their covariance must be successfully
obtained.

cited motion. To evaluate initialization performance, we divide
each sequence into 10-second windows, run initialization at The position ATE of VIO within the rst 10 seconds must
each entry point, and average the results across all runs. The remain below a prede ned threshold
keyframes are selected based on the average parallax, and_all o '

y ge p ven these criteria, the results for the Euroc MAV dataset
are shown in Table 1V, while Table V reports the results for

the features obtained from tracking are used to formulate t
the TUM VI dataset. In these tests, we vary the initialization

linear system constraints.
o window (from 0.1s to 1.0s) and report the success rates for

A. Initialization Accuracy different thresholds (i.e., 0.1m, 0.3m, and 0.5m). In the tables,

We begin by reporting the accuracy of the initialized scalkuccess rates higher than 95% are highlighted in green, while
and gravity under various setups, as shown in Figure 8. Ttimse below 95% are marked in red. Results are not reported
gure presents the gravity error (top) and the scale errdfrthe de ned success criteria are not met.
(bottom) for different initialization methods, including DS The results clearly demonstrate that the proposed SRF
(red), our method without iterative SRF re nement (blue), anchethod consistently achieves a higher success rate compared
our method (green), evaluated with varying window sizes (ko DS. For instance, with monocular setup initialization win-
second) for both monocular and stereo setups. Speci caljpws of 0.5s, 0.75s, and 1.0s, SRF signi cantly outperforms
a Sim(3) transformation is tted between the estimated aridS for both datasets. Our method also consistently out-
ground truth trajectories. The scale error is computed performs DS, especially in more challenging scenarios. For



Fig. 8. Initialization gravity error and scale error across different window sizes (time) and datasets are evaluated for both monocular and stereo setups. The
results are compared using the DS method, our proposed method, and our method without iterative re nement, denoted as Ours (NR).

Fig. 9. Successful initialization rates for the Euroc MAV dataset (left) and TUM VI dataset (right) with a 0.5m VIO position error threshold. The results
compare the DS method with 0.5s and 1.0s windows to our method with 0.1s, 0.5s, and 1.0s windows, represented in different colors.

TABLE IV
INITIALIZATION SUCCESS RATES ON THE EurRoCc MAV DATASET.

Threshold (m) | DS | Ours
| 0.1s 015s 02s 03s 05s 075s 10#9€1s 015s 02s 03s 05s 075s 10s

0.1 - - - - 19.5 28.3 30.1| 33.6 43.4 48.7 51.3 47.8 51.3 47.8

Mono 0.3 - - - - 54.9 63.7 75.2] 69.9 83.2 82.3 86.7 93.8 86.7 91.2
0.5 - - - - 68.1 76.1 82.3| 79.6 87.6 87.6 92.0  100.0 96.5 98.2

0.1 - - - 451 442 47.8 43.4| 63.7 65.5 68.1 69.0 64.6 62.8 61.1

Stereo 0.3 - - - 841 86.7 82.3 85.8| 94.7 96.5 96.5 96.5 96.5 95.6 94.7
0.5 - - - 90.3 92.0 90.3 93.8

96.5 99.1 99.1 100.0 99.1 98.2 98.2

Note: This table compares the DS method and our proposed method across different initialization window sizes for monocular and stereo setups on
the TUM VI dataset. Rates 95% are shown in green and bold, while rates < 95% are shown in red. Missing entries indicate failure to meet the
de ned success criteria.

TABLE V
INITIALIZATION SUCCESS RATES ON THE TUM VI DATASET.

Threshold (m) | DS ‘ Ours
| 01s 015s 02s 03s 05s 075s 10s01s 015s 02s 03s 05s 075s 10s

0.1 - - - - 77.5 77.5 76.2| 75.0 82.5 91.2 93.8 96.2 100.0 96.2

Mono 0.3 - - - - 90.0 90.0 96.2| 92.5 91.2 96.2 97.5 98.8 100.0 100.0

0.5 - - - - 95.0 93.8 96.2| 96.2 93.8 97.5 100.0 98.8 100.0 100.0
0.1 - - - 91.2 86.2 92.5 98.8| 98.8 100.0 100.0 100.0 100.0 98.8 100.0
Stereo 0.2 - - - 97.5 98.8 100.0 100.Q 100.0 100.0 100.0 100.0 100.0 98.8 100.0
0.3 - - - 975 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 98.8 100.0

Note: This table compares the DS method and our proposed method across different initialization window sizes for monocular and stereo setups on
the TUM VI dataset. Rates 95% are shown in green and bold, while rates < 95% are shown in red. Missing entries indicate failure to meet the
de ned success criteria.



For covariance recovery, which is part of the re nement
stage, DS only includes recovery of the 15-DoF IMU state,
while we also allow for recovery of covariance of SLAM
features. The results clearly show that the proposed method
with a 0.1s initialization window is the most ef cient. For
a 0.5s initialization window, ours demonstrates signi cantly
improved ef ciency compared to DS. Notably, when running
in Jetson Nano, DS's method can not be initialized before
the next camera measurement comes (for a 20 Hz camera,
dynamic initialization is required to nish within 50 ms to
guarantee real-time), while our system can still achieve real-
Fig. 10. Visual-inertial tracking successful rate over different position err(ﬂme .pe_rformance. .
threshold using dynamic initialization in EurocMAV Dataset with 0.5-second 1his improvement stems from several key factors. First, the
initialization Win_dow and monocular setup with and without initialization ofproposed method avoids the need to solve for feature positions
SLAM features in the state. in the linear system, signi cantly reducing the computational
time required for generating the initial guess. Second, the
example, for the Euroc MAV dataset (shown in Table IV)‘?f cient_iteratiye upgiate mechan_ism eﬁeqtively minimizes er-
our method successfully initializes VIO with a 33% succed8'S While maintaining computational ef ciency. Furthermore,
rate for a 0.1m position error threshold and a 79.6% succd8§ Proposed method provides direct access to the covariance
rate for a 0.5m position error threshold using a 0.1s windoatrix without requiring the inversion of the information
In contrast, the DS method fails to guarantee successfifilfix—a process that is computationally expensive and nu-
initialization in such a short time period. These results demofiterically unstable, often necessitating in ation of the initial
strate that the proposed method is well-constrained, robustc@yariance to stabilize the system. These advantages make ours
changes in window size, and signi cantly more ef cient andnethod not only accurate and robust bu'g also highly ef cient.
reliable compared to DS. To further illustrate this, Figure 9 Ve further discuss the 0.1-second window (3 keyframes)
shows the success rates for both the DS method and 8f 0-5-second window (5 keyframes) reported in Figure 11

proposed method under 0.5s and 1.0s initialization window/§r our method to provide a deeper understanding. The key
Additionally, we include results for our method with a 0.1difference lies in the number of keyframes and the total num-
window. From this plot, it is evident that, given the sam@er of measurements. As discussed in Section V. at the initial

initialization window, our method consistently outperforms DEU€SS stage, the computational complexity of our method is
(e.g., Ours (0.5s) achieves a higher success rate compareﬂ%drat'c with respect to the number of keyframes and linear
DS (0.5s)). Impressively, Ours (0.1s) not only outperforms p&ith respect to the number of tracked fegtures per .frame.
(0.5s) but also achieves comparable performance to DS (1.gdjerefore, using only three keyframes requires approximately
demonstrating that our method is ultrafast and highly effectivi@ll the computation time compared to ve keyframes. In the
even with minimal initialization windows. ré nement stage, the measurement size has a greater impact

We also investigate the inclusion of SLAM features anfan the state size, as the Iattt_ar remains relafcively_small. Since
their impact on initialization, as shown in Figure 10. IncorPUr "€ nement method has linear complexity with respect
porating SLAM features signi cantly increases the succed@ Mmeasurements, the computation time for S keyframes in-
rate. As discussed in Section V-B, keeping SLAM featurdd€ases linearly compared to 3 keyframes. As mentioned in
allows more information to be preserved after initialization>€ction VII-A, our method provides a good initial guess for
effectively enhancing the robustness and improving the pdff9€ initialization windows. When computational resources
formance of VIO. Notably, despite the inclusion of additiong'€ limited, it is possible to skip iterative re nement and
states (i.e., SLAM features), the proposed method achieves/&€ @ conservative initial covariance, allowing the system to
markable ef ciency, enabled by our streamlined linear systefitialize in 0.6 ms on a laptop and 2.8 ms on a low-end
formulation and SRF update methods, as demonstrated in #iBoedded system.
following section. p

VIII. EXPERIMENTAL EVALUATION OF = VINS

In this section, we demonstrate the capabilities NS in
) L comparison with state-of-the-art VINS. The system is tested

We report the runtime of our initialization method acrosgin poth double-precision' (VINS (d)) and oat-precision
various window sizes on both a laptop and a Jetson Nar( VINS () versions. For comparison, we use Open-
compared with the DS method, as shown in Figure® 11yNs [36] in its original double-precision (OpenVINS(d)) and
Res_ul_t; for _the D_S initialization method are not re_port?ﬁ{nplement the oat-precision version (OpenVINS(f)), which
for initialization Wl_n_dows shorter than 0.5s because it fa"r%quired tuning to avoid divergence due to negative covariance
under these conditions. We should note that our re ”emeGi'agonals. Additionally, we compare with RVIO2 [53], a
time also includes the time used for feature triangulatiogyyare-root inverse Iter VIO with a robocentric state formu-
But in DS's method this is calculated in initial guess SteRation, and VINS-Mono [14], an optimization-based sliding-

3Computational results were performed in a single thread on Laptop wi‘t’KquW VIO.
an Intel(R) Core(TM) i7-11800H @ 2.30GHz and Jetson Nano with ARM SiNce RVIOZ2 uses only MSCKF features by default, result-
Cortex-A57 4 Core @ 1.5GHz. ing in a smaller state size, we also test in a similar con gu-

C. Initialization Timing Analysis




Fig. 11. Initialization runtime on the TUM VI dataset evaluated on a laptop (top) and Jetson Nano (bottom) for different system con gurations, comparing
our method with the DS method.

TABLE VI
AVERAGE ABSOLUTE TRAJECTORY ERROR (ATE) IN DEGREES/METERS.

V101 V102 V103 V201 V202 V203 MHO1 MHO02 MHO3 MHO04 MHO05
2.88/0.07 095/0.10 1.38/0.06 1.28/0.14 1.74/010 091/0.17 1.14/012 095/0.25 1.03/0.41
0.94/0.10 1.40/006 1.25/014 176/0.10 0.91/0.17 1.18/0.13 0.94/025 1.04/0.41
190/0.11 0.77/0.14 1.06/0.12 1.02/023 1.14/0.35
0.99/0.25 1.13/0.35

Algo.
OpenVINS(d) 0.70/0.06 1.67/0.06
%oenVINS(f) 0.71/0.06 1.66/0.06 2.87/0.06

VINS(d) 054/0.06 1.60/0.06 294/005 109/0.10 141/0.06 1.36/0.12
054/0.06 165/0.05 268/006 109/010 148/0.06 1.17/0.11 1.97/0.10 0.74/0.14 0.88/0.11

P VINS(M) 0.63/0.07 1.73/008 1.76/0.07 0.80/0.07 139/0.09 148/0.14 218/0.16 057/0.15 159/0.23 0.59/0.14 0.49/0.30

VINS(L) 0.73/0.05 1.83/0.10 275/0.06 0.71/006 1.22/0.07 153/0.15 1.32/013 0.73/0.15 157/0.23 0.86/0.21 0.74/0.40

RVIO2 0.88/0.09 2.27/010 202/010 219/013 190/011 150/015 260/017 1.00/0.15 1.08/019 1.10/0.24 0.95/0.32

EqVIO 066/0.05 264/014 337/019 131/010 1.67/018 1.71/020 214/014 0.89/0.15 1.11/0.09 209/035 1.29/0.23
VINS-Mono  0.82/0.07 2.74/0.10 5.15/0.15 213/0.09 257/ 0.l3n 343/029 0.78/020 0.86/0.18 1.82/023 251/041 0.94/0.29

Note: “d' anq)‘f' indicate the use of double and oat precision, respectively, INS(M)uses oat precision and MSCKF features for comparison
with RVIO2.© VINS(L)is a lightweight con guration optimized for ultra-ef ciency.

VINS(H)

TABLE VII
ESTIMATOR RUNTIME (MS) EXCLUDING FEATURE TRACKING ON
EUROCMAV (LAPTOP).

OpenVINS ' VINS " VINS(M) | VINSL) RVIO2 EQVIO VINS-Mono
0.9 224

Double 4.2 2.4 - - -
Float 3.0 17 0.7 0.4 1.8

Note: Estimator runtime (ms) excluding feature tracking on EuRocMAV
(Laptop). The efciency of EqVIO primarily stems from its relatively
compact state size compared to other methods. However, further speed
improvements may be achieved by reformulating the system in SRF form.

ratipn (15 clones, 200.tracked features_’ all MSC&), denm%%. 12. Estimator runtime (ms) excluding feature tracking on EuURocMAV
as  VINS(M), for a fair comparison. Finally, VINS(L) is  (Jetson Nano).

a lightweight setup that features ultra-ef ciency, which tracks

150 features, keeps a maximum of 4 clones, and 15 SLAM

features, and uses a maximum of 20 MSCKF features in teeirRoC MAV dataset [

update. We also compared another state-of-the-art EKF-bagedaset [93].
system EqVIO [38], [39]that features equivariant formulation 1) EurRoC MAV Dataset: To evaluate this dataset, we use

and impressive computational ef ciency. In the following, wehe default con guration of OpenVINS. This setup extracts
report the performance of the above mentioned systems on 20® sparse features, keep 11 clones, and tracks up to 50

] and the Aria Everyday Activities



TABLE VI
RESULTS ON THE ARIA EVERYDAY ACTIVITIES DATASET.

Algo. Location 1  Location 2  Location 3  Location 4  Location 5 Avg. Runtime

OpenVINS* 1.02/0.05 125/0.05 1.22/0.04 1.30/0.04 1.38/0.07 1.23/0.05 21
VINS 1.13/0.04 095/0.04 1.13/004 142/0.05 115/0.06 1.16/0.05 0.9

Note: Accuracy is reported as Average Absolute Trajectory Error (ATE) in degrees/meters; estimator runtime isbin microseconds.
“Some OpenVINS runs diverged (position error > 1m); only successful runs are reported, which may unfairly f4W8.

in Table VII. Feature tracking is also a crucial components in
VINS, however, as it is not the focus of thig work, we exclude
its runtime in the ef ciency analysis. Clearly, VINS is much
faster than OpenVINS, reducing the ryntime by half. Regard-
less of being in double or oat format, VINS consistently
Brevails over OpenVINS. Remarkably, the double precision
VINS even outperforms the oat OpenVINS. VINS-Mono
runs the slowest as it performs iterative optimization. RVIO2 is
also developed in oat and shows excgllent ef ciency, but with
a similar setup and a fair comparisonVINS(M) still pre-
ils. EQVIO achieves strong ef ciency, oufperforming vanilla
pVINS but remaining less efcient than VINS(L) and
Fig. 13. Successful rate over different position error thresholds with dynal cVINS(M)' Its e-f C|ency stems primarily from the S-LAM_ .
initialization in Aria Everyday Activities (AEA) Dataset. "Based state design: unlike MSCKF-based VINS, which main-
tains multiple clones, EqVIO keeps only a single clone while
tracking a small number of SLAM features, thereby reducing
both state and measurement dimensions, while compromising
accuracy. Importantly, however, EQVIO's key novelty lies in its
use of Lie-group symmetry to improve estimator consistency.
This contribution is orthogonal to our work, implying that a
VIO system can, in principle, combine Lie-group symmetry
with square-root ltering. In EqVIO, the Riccati matrix plays
a role analogous to the covariance in the EKF. Tracking it
in square-root form allows the use of SRF-based propagation
Fig. 14. Example images from the Aria Everyday Activities (AEA) Datasetand update methods, enabling robust operation under lower
oating-point precision, exploiting triangular and symmetric
structures for additional speedups, while simultaneously bene-
SLAM features and 40 MSCKF features. The system perfornfhg from the improvgd consistency offered by the equivariant
online calibration for camera-IMU extrinsics, time offsets, anghrmulation. Finally, VINS(L) achieves the best ef ciency
camera intrinsics. Evaluation is conducted USing Only the |Q,f).]th 0.4 ms in estimator runs, which means it can run over
camera, with initialization performed from a static state. 2 5kHz, especially suitable for running on a computation-
The averaged ATE values are rgported in Jable VI. It igonstrained platform. The ef ciency gain mainly comes from
clear that the estimation accuracy ofVINS(d), = VINS(f), the proposed LLT-based SRF update method, which fully
OpenVINS(d), and OpenVINS(f) are very similar as expectegyplored the problem structure (state order, upper-triangular

They are not exactly the same in the real world due to tWeyvariance, Jacobian structure, avoid redundent computation)

reasons. First, ? test is adopted to reject outliers and robustifgs discussed in Section V.

the estimatorand might introduce randomness. For example, irwe also report the estimator runtime on the Jetson Nano

certain cages, VINS(d) might reject measurements that PSS, chown in FI):igure 12. VINS-Mono fails to meet the real '
test in° VINS(f) because of slight numerical differences ime requirement (50 ms), VINS demonstrates the highest

this will cause different versions to use different measuremel%ﬁsciency among systems with features in the state (e.g., Open-

and have different performance. Second, OpenVINS perfor X .
a “sequential” update, which rst processes MSCKF featur sﬁ\lS and VINS-Mono) and achieves comparﬁble ef ciency

and then SLAM features for the consideration of ef cienc rce) E\rlégzonlw h3|clh nEleS(TE ;nnlgstlivlmsaifr':rufr?awr:ﬁ:s};\i/s”\;ISrgz))st 10
while - VINS performs the update all at once. This also intrOt-irr?es fasterythz;m the default baseline O enVINS, achievin
duces differences in the state Iinearﬂ,zation points. Compar&lttira_ef cienc P ' 9
with RVIO2, EqVIO and VINS-mono, VINS also achieves Y-

superﬂpr performance tp almost all the sequences. Surprisingly2) Aria Everyday Activities Dataset: Aria Everyday Activ-
even VINS(M) and = VINS(L) achieves similar or even ities (AEA) dataset [93] provides an ego-centric perspective
better performance than the other systems. view recorded from Aria AR glasses, as shown in Figure 14.

We then look into the ef ciency of the estimators as reporteld contains 143 daily activity sequences recorded by multiple




users in 5 indoor locations. The Aria glasses have two e robustness and ef ciency cF))fVINS. Notably, our system
Hz cameras and two IMUs. In the evaluation, both camerashieves twice the speed of SOTA methods while maintaining
are used, and only the right 1000 Hz IMU is used in ourigh accuracy, even under challenging conditions such as 32-
evaluation. The challenge for this dataset is that the twint single-precision oat operations, and the real-world results
tracking cameras have limited view overlap so that dodésrther demonstrate its superior performance across diverse
not provide good stereo depth. Also, the dataset is recordemknarios for edge computing platforms. Future work will
mostly within motion at the beginning and requires dynamiocus on extending VINS to support multi-sensor fusion and
initialization. In certain sequences, the cameras face a whitgerate in dynamic environments, further improving scalability
textureless wall or door or have a large portion of dynama&nd robustness. We hope this work—and its open-source re-
objects (e.g. the user carries an object in front of the gladepse—opens new possibilities for fast, reliable, and resource-
further challenges feature tracking and the overall systeshcient state estimation across a wide range of applications.
robustness. D

In our eveluation, OpenVINS and VINS use the same
setup, which tracks 200 features, uses a maximum of 6 clones,
15 SLAM features, and 40 MSCKF features in the update.
Factory calibrations parameters from the dataset are used. Fér K. J. Wu, C. X. Guo, G. Georgiou, and S. |. Roumeliotis, “VINS on
dynamic initialization, both systems use a 0.5-second window Xﬂgﬁéﬁg‘nf’ﬁ;f;g{?"SE_Es'féf-f_”?l“é’Qa' Conference on Robotics and
with 5 keyframes. [2] C. Chen, Y. Yang, P. Geneva, W. Lee, and G. Huang, “Visual-inertial-

We rst report the success rate for this challange dataset, aided online mav system identi cation,” in Proc. of the IEEE/RSJ
reported in Figure 13. In this test, after initialization, the 'J’;tggr‘]at'ggg'zconference on Intelligent Robots and Systems, Kyoto,
subsequent VINS is run for the full trajectory, and the po4z] c. Chen, P. Geneva, Y. Peng, W. Lee, and G. Huang, “Monocular
sition error is evaluated at the end. The gure illustrates the visual-inertial odometry with planar regularities,” in Proc. of the IEEE
percentage of runs that result in VIO achieving a pgsition error Izngezegnatlonal Conference on Robotics and Automation, London, UK.,
below a certain threshold. It is easy to observe th&INS (4] v. Peng, C. Chen, and G. Huang, “Quantized visual-inertial odometry;”
signi cantly outperforms in this challenging AR/VR scenarios, in Proc. International Conference on Robotics and Automation, Yoko-

achieving over 95% success with VIO errors under 0.1m at the, hama. Japan, May 2024. = . S
. o ] G. Huang, “Visual-inertial navigation: A concise review,” in Proc. In-
end, compared to just 70% for OpenVINS. . . ternational Conference on Robotics and Automation, Montreal, Canada,
We also report the VIO accuracy and estimator runtime on May 2019.
the AEA dataset in Table VIII. For OpenVINS 0n|y successful[ﬁ] A. |. Mourikis and S. I. Roumeliotis, “A multi-state constraint Kalman

. " . Iter for vision-aided inertial navigation,” in Proceedings of the |IEEE
runs with position errors unggr 1 meter are included, whereas |nternational Conference on Robotics and Automation, Rome, Italy, Apr.

full results are presented for VINS, as all runs were suc- 10-14, 2007, pp. 3565-3572.

cessful. Degpite this seemingly “unfair' comparison favoring’l S. Leutenegger, S. Lynen, M. Bosse, R. Siegwart, and P. Furgale,
. . Keyframe-based visual-inertial odometry using nonlinear optimiza-
OpenVINS, VINS demonstrates sugerior accuracy. Runtime  tjon» The International Journal of Robotics Research, vol. 34, no. 3,

performance is also highlighted, withVINS taking 0.9 ms pp. 314-334, 2015.

compared to OpenVINS's 2.1 ms. Together with previouésl G. J. Bierman, Factorization methods for discrete sequential estimation.
) ’ Courier Corporation, 2006.

resyllts, this evaluation further con rms the superior ef ciency(g) v, 'peng, C. Chen, and G. Huang, “Ultrafast square-root lter-based
of  VINS. VINS,” in Proc. International Conference on Robotics and Automation,
Yokohama, Japan, May 2024.
[10] A. Martinelli, “Closed-form solution of visual-inertial structure from
IX. CONCLUSIONS AND FUTURE WORK motion,” International Journal of Computer Vision, vol. 106, no. 2, pp.

; 138-152, Jan 2014.
In this paper, Wephave deveIOped a complete, robust and fﬁﬂ L. Kneip, S. Weiss, and R. Siegwart, “Deterministic initialization of

square-root VINS ( VINS) with a faster-than-ever dynamic metric state estimation lters for loosely-coupled monocular vision-
initialization which is able to robustly initialize the system inertial systems,” in IEEE/RSJ International Conference on Intelligent

P : Robots and Systems, Sept 2011, pp. 2235-2241.
even in just 100 ms with 3 keyframes. Our system sets a nﬁ\% R. Mur-Artal and J. D. Tars, “Visual-inertial monocular slam with

V|N$ benCth_lark, offering over twice the speed, improved nuU- " map reuse,” IEEE Robotics and Automation Letters, vol. 2, no. 2, pp.
merical stability, and enhanced robustness compared to SOTA 796-803, 2017.

i i i _ ; ] T. Qin and S. Shen, “Robust initialization of monocular visual-inertial
algorlthms of 3D motion traCkmg' The square-root Cova”anéég estimation on aerial robots,” in IEEE/RSJ International Conference on

lter (SRF) offers substantial benets for VINS, especially ntelligent Robots and Systems (IROS), 2017, pp. 4225-4232.
in embedded systems, thanks to its improved numerical sig# T. Qin, P. Li, and S. Shen, “VINS-Mono: A robust and versatile monoc-

i ; it ular visual-inertial state estimator,” IEEE Transactions on Robotics,
bility and ef ciency. However, exploiting these advantages vol. 34, no. 4, pp. 10041020, 2018,

has. been hin_dered by inef ciencies in th_e .Update Processs) L. von Stumberg, V. Usenko, and D. Cremers, “Direct sparse visual-
particularly with large measurements. Building on a recent inertial odometry using dynamic marginalization,” in IEEE International

work [ ] this work pI’OpOSGd a novel LLT-based SRF Upda*[n Conference on Robotics and Automation (ICRA), 2018, pp. 2510-2517.
L 6]

. C. Campos, J. M. Montiel, and J. D. Tég “Inertial-only optimization
method, which leverages the structure of the VINS proble for visual-inertial initialization,” in IEEE International Conference on

Ep achieve high efciency and operational effectiveness in  Robotics and Automation (ICRA), 2020, pp. 51-57.

VINS. Additionally, the proposed dynamic initialization in[17] D. Zuhiga-Nc&l, F.-A. Moreno, and J. Gonzalez-Jimenez, “An analytical

VINS id and reliable initializati d .. | solution to the imu initialization problem for visual-inertial systems,”
ensures rapid and reliable initialization under minimal  |Egg Robotics and Automation Letters, vol. 6, no. 3, pp. 6116-6122,

conditions, marking a rst in the literature. This capability is  2021.

critical for practical deployments, where quick reinitializatio!8] H. Wei, T. Zhang, and L. Zhang, *A fast analytical two-stage initial-

is oft ired followi t t fail Ext . parameters estimation method for monocular-inertial navigation,” IEEE
IS0 en requ're_ ollowing system rese S_ or failures. EX e_n5|ve Transactions on Instrumentation and Measurement, vol. 71, pp. 1-12,
numerical studies and real-world experiments have validated 2022.
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