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Abstract

To further improve the accuracy and speed of optical flow matching in visual
SLAM, this paper proposes an improved optical flow matching algorithm that
integrates Inertial Measurement Unit (IMU) information to remove motion blur.
The algorithm first employs a point spread function computed from IMU motion
data to eliminate motion blur, thereby enhancing the feature point matching
rate. Subsequently, building upon the LK (Lucas-Kanade) optical flow frame-
work, it incorporates gradient error and utilizes the L1 norm of image gradients
as a regularization term to model sparse noise, constructing a cost function.
Furthermore, IMU-predicted feature point positions are utilized as initial val-
ues for the algorithm, and the BB (Barzilai-Borwein) step size is introduced to
enhance the conventional Gauss-Newton algorithm, thereby improving compu-
tational efficiency. Experimental results demonstrate that, through inter-frame
comparisons, the proposed algorithm achieves superior efficiency and accuracy
compared to the LK optical low method. Moreover, integration of the proposed
algorithm into the VINS-Mono framework and evaluation on the EuRoC dataset
reveals that it enhances the localization accuracy and robustness of the original
framework.
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Abstract: To further improve the accuracy and efficiency of feature point
matching in visual SLAM, this paper proposes a novel feature point match-
ing algorithm that fuses inertial measurement unit (IMU) data to remove mo-
tion blur. The algorithm first utilizes IMU motion information to compute a
point spread function for motion blur removal, thereby improving feature point
matching rates. Building upon the Lucas-Kanade (LK) optical flow method,
we introduce gradient error and employ the L1 norm of image gradients as a
regularization term to model sparse noise, constructing a robust cost function.
IMU-predicted feature point positions serve as initial values for the algorithm,
and the original Gauss-Newton method is enhanced with BB (Barzilar-Borwein)
step sizes to improve computational speed. Experimental results demonstrate
that the proposed algorithm outperforms the LK optical flow method in both
efficiency and accuracy when comparing consecutive frames. Integration into
the VINS-Mono framework and evaluation on the EuRoC dataset shows that
the algorithm improves the localization accuracy and robustness of the original
framework.

Keywords: optical flow; visual odometry; motion blur; multi-sensor fusion

0 Introduction

In recent years, Visual Simultaneous Localization and Mapping (V-SLAM) has
played a crucial role in robotics applications such as logistics distribution, Vir-
tual Reality (VR), and smart home systems. Although monocular cameras
are low-cost and convenient, they cannot estimate environmental scale reliably.
Consequently, researchers increasingly favor multi-sensor fusion techniques to
address this scale unobservability issue in V-SLAM.

Inertial Measurement Units (IMUs) measure angular velocity and acceleration
independently of external environmental conditions, making the metric scale ob-
servable for monocular vision while providing robust and accurate inter-frame
motion estimation. This has led to the rapid development of Visual-Inertial
SLAM (VI-SLAM) technologies. VI-SLAM frameworks primarily consist of
front-end odometry, back-end optimization, loop closure detection, and map-
ping. As the initial step, front-end odometry is particularly critical, requiring
both IMU pre-integration and feature point extraction and matching from cam-
era images to compute robot motion between consecutive frames and construct
local 3D positions of feature points. Mismatches can lead to inaccurate esti-
mations, making feature point extraction and matching a vital component of
front-end odometry.

Feature point extraction and matching methods fall into three categories:
feature-based methods, optical flow methods, and direct methods. Feature-
based methods involve substantial computation for keypoint detection,
descriptor calculation, and matching. Optical flow and direct methods address
these limitations; optical flow methods compute only keypoints without
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descriptors, directly minimizing photometric error through iterative matching
based on the brightness constancy assumption. This paper focuses on optical
flow methods.

Two primary challenges exist in optical flow methods. First, when objects move
rapidly, relative motion between the scene and camera during exposure causes
pixel overlap and image blur, known as motion blur. Optical flow methods
strongly depend on photometric stability and image continuity; when these as-
sumptions are violated, tracking points may be lost or, worse, incorrect features
may be tracked. Second, in the non-linear optimization process for minimizing
photometric error, the optimal solution is highly dependent on initial values.
Without proper initialization, global search becomes necessary, increasing com-
putational cost and mismatch risk. Additionally, traditional Gauss-Newton
methods use fixed step sizes or line search algorithms. Overly large step sizes
converge quickly initially but may overshoot the optimal solution in final stages,
while overly small step sizes slow convergence. This paper addresses both mo-
tion blur removal and the selection of initial values and step sizes for non-linear
optimization.

To tackle these issues, we propose an improved optical flow matching algorithm
that fuses IMU data to remove motion blur. The algorithm leverages IMU
motion information to compute a point spread function for blur removal and
predicts feature point positions to provide initial values for optical flow tracking,
thereby enhancing feature extraction and matching performance. We integrate
this algorithm into a complete VI-SLAM framework.

Regarding feature extraction and tracking in VI-SLAM frameworks, VINS-Mono
by Tong Qin et al. uses optical flow for keypoint extraction and multi-level
pyramid LK tracking. Although the framework fuses IMU and visual data,
it does not incorporate IMU information into keypoint extraction and track-
ing. Qi Guan et al. proposed the IFPT feature point matching algorithm that
fuses feature-based methods with IMU by predicting next-frame keypoint po-
sitions from IMU data and performing local descriptor search. OKVIS (Open
Keyframe-based Visual-Inertial SLAM) uses IMU-predicted poses to filter vis-
ible feature points in the current frame, removing untrackable points to save
computational time. Both IFPT and OKVIS fuse feature-based methods with
IMU, using pre-integration theory to predict possible positions of features in
new images. The difference lies in that IFPT performs local search after obtain-
ing predicted positions, while OKVIS filters out invisible points before global
brute-force matching.

Our proposed algorithm differs from prior work in several aspects. Algorith-
mically: (a) Previous work directly set translation information, whereas our al-
gorithm fully utilizes IMU data by incorporating accelerometer measurements,
making IMU-predicted feature positions more accurate; (b) Prior work did not
fully exploit velocity information, while our algorithm uses IMU pre-integration
to compute point spread functions, adding motion blur restoration to reduce
matching failures; (c¢) We incorporate BB variable step sizes in the non-linear
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optimization for adaptive step size adjustment. Framework-wise: Previous work
treated bias as part of the state vector for optimization and predicted camera
poses even with inaccurate bias before initialization, causing error propagation
that is difficult to eliminate without loop closure. Our algorithm performs IMU
prediction after system initialization when bias has been estimated, reducing
accumulated error.

1 System Framework

This algorithm builds upon the front-end of the VINS-Mono framework. The
original VINS-Mono front-end uses Shi-Tomasi corner detection and LK optical
flow tracking, which suffers from significant matching errors under large motion
and illumination changes.

To address these issues and improve localization accuracy, we enhance the VINS-
Mono front-end as follows: Before initialization, traditional optical flow extracts
feature points. After initialization, IMU accelerometer and gyroscope biases ob-
tained from pre-integration are used to fuse predicted velocity, position, and
rotation information sent to the front-end. If velocity exceeds a threshold, indi-
cating rapid motion, motion information is used for non-blind image restoration.
If restoration is completed or velocity is below the threshold (indicating small
motion), image restoration is skipped for real-time performance. IMU-predicted
position and rotation are then fused with visual information by projecting re-
stored points onto the next frame, providing initial values for the Gauss-Newton
algorithm in optical flow tracking to determine local search positions. Figure 1
illustrates the integrated algorithm flow.

2 Pre-Integration Model for Predicting Feature Point Po-
sitions

This section defines commonly used notation. Let z denote sensor measure-
ments, R rotation matrices, q quaternion representations of rotation, and T
pose transformation matrices comprising rotation and translation. J represents
the IMU coordinate system, € the camera coordinate system. The first camera
frame serves as the reference coordinate system with rotation as identity matrix
I and zero translation vector. After initialization, the extrinsic rotation Rg, and
translation t2 from camera to IMU coordinates, gyroscope bias b, accelerome-
ter bias b,, and gravity vector g, in the reference frame are known.

2.1 Solving Robot Position, Velocity, and Orientation via Pre-
Integration

Considering only white noise and random walk noise for gyroscope and ac-
celerometer biases, the IMU model is:
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Wy =w; +b,+n,
a, = Ryj(a, — gy) + b, + 1,
b, =,

a = Mpg

where w, is true angular velocity, @, measured angular velocity, a, true acceler-
ation, a, measured acceleration, and n,, n;, are random walk noises following
Gaussian distributions.

In the camera coordinate system, taking time derivatives of robot position, ve-
locity, and orientation at time t yields:

.C e

P’ =v°

.C €y~

v," =R/’a, — g
. 1 e 0
q;° = iqto ® I:&}t]

where pfo is translation from first camera frame to IMU frame at time ¢, vfD

o . e .
velocity in camera coordinates, and q, ° rotation from IMU frame to first camera
frame as quaternion.

Integrating these equations gives position, velocity, and orientation at time t:
G, G, G 1 60~ no 1 5
Piins =P¢° + Vv " At + §Rt a,At? — §g0At
VteJSAt = Vteo + Rteo a,At — gy At
qffAt =q,°® [@tOAt}

Using midpoint integration for acceleration a, and angular velocity ©,:

1 . ~ J
a; = i(at +agar) — Re g0
Wy = §@t + ‘DHAt)

During pose optimization, velocities and rotation matrices change, requiring re-
integration and significant computation. Pre-integration is therefore introduced:
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where ® denotes quaternion multiplication. Substituting into the acceleration
update yields the discrete kinematic model with pre-integration:
= A 1R a.At? L At?
Pji1 = Pp; VAt + o Ra;At" — Sgoat

Vi = v, + R;a;At — gy At
B 0
qj+1 - qj 029 &}jAt

2.2 Predicting Pose and Feature Point Positions

Using results from Section 2.1, we compute the transformation matrix between
frames 7 and j in camera coordinates:

e. .
T = |Re) te;
i 0 1
where the rotation matrix and translation vector are:
¢ _npeplipling
Re'i =R; RE'O RGO Re
e, 7. 7, e,
tel = Rg(tez —te )+ t5 — Reztg
Mapping normalized coordinates p; from frame ¢ to frame j yields:
. e. e.
p; = Re)p; +te,

where p, is the homogeneous coordinate vector of the feature point, and p; is
the IMU-predicted normalized coordinate in frame j.

3 Motion Blur Removal and Improved Optical Flow

The motion blur restoration model describes a sharp image f(z,y) degraded by
a blur function plus noise:

g(z,y) = f(z,y) xh(z,y) + n(z,y)
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where h(z,y) is the blur operator or point spread function, * denotes convolu-
tion, and n(z,y) is additive noise. Restoration methods are classified as blind
or non-blind based on prior motion knowledge. Since IMU provides acceleration
and angular velocity to determine motion, we focus on non-blind restoration.

3.1 Non-Blind Motion Blur Restoration with IMU Prior

Given known timestamps and time interval At;; between frames, robot velocity
is obtained from Eq. (7), and normalized coordinates p;, p; from Eq. (11).
Motion blur direction angle 6 and length L are:

v —v;
6 = arctan
u; — u;

L =|v| x At

where v is robot velocity. The point spread function dimensions are:

b;, = L x cosf
b, =1L xsinf

The point spread function h(z,y) is defined implicitly as:

1
h(x’y): m fOrOgl’gbw*:LOSygbh*l
0 otherwise

The blur restoration model is:

f,y) = argmin |g(z,y) — f(z, y) « h(z,y)[?

where the fidelity term ensures consistency between the sharp image convolved
with the point spread function and the blurred image. This can be solved
efficiently via Fast Fourier Transform.

3.2 Improved Optical Flow Optimization for Feature Matching

Building upon the LK optical flow’ s brightness constancy assumption, we first
introduce gradient constancy:

VI, (z,y) = VI (z + Az,y + Ay)

where I (z,y) and I,(z,y) are grayscale values in reference and current frames,
and V denotes image gradient. To prevent overfitting, we use the L1 norm of the
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second frame’ s gradient to model sparse noise, constructing the regularization
term. The final model is:

arg min |1, (2, ) — Tp(z + Az, y + Ay)|?

+ | VI, (z,y) — VIy(z 4+ Az,y + Ay)|
+ BIVIy(z + Az, y + Ay) |,

where o and § are weighting coefficients for gradient and sparse noise terms.

The IMU-predicted feature position from Section 2.2 serves as the initial value
for Gauss-Newton optimization. We enhance the fixed-step Gauss-Newton
method with BB variable step sizes. Taylor expanding the non-linear function
F(X) to second order:

1
F(X) ~ F(X}) + VF(X)(X = X},) + §(X — X)) TH(X,) (X~ X))
The optimization direction is:

d, = -H '(X,)VF(X,)

For a general quadratic optimization problem F(X) = %XTAX + bTX, the

gradient at step k is g;, = AX, +b. The BB step size is derived from the secant
equation:

Sp1 =Xy — X4, Y = VF(X) - VF(X, )
The step size at iteration k is:

61@ _ S%ﬂlek—l
Yo

This yields the update direction:
X1 = X, — 6, H (X)) VF (X))
The BB step size depends only on the difference between consecutive variable

states and gradient information, enabling adaptive adjustment based on the loss
function.
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4 Experimental Results and Analysis

All experiments were conducted on a uniform platform: AMD Ryzen 5 3500U
with Radeon Vega Gfx quad-core processor, 12GB RAM, 2.10GHz base fre-
quency, Ubuntu 18.04 OS.

We first evaluate the standalone algorithm performance by comparing match-
ing time and accuracy between consecutive frames against LK optical flow and
ORB feature detection in VINS-Mono. To further verify accuracy and system
stability, we integrate the algorithm into VINS-Mono and compare localiza-
tion performance against VINS-Mono, PL-VIO, VINS-Fusion monocular-IMU
(Mono-IMU), and VINS-Fusion stereo-IMU (Stereo-IMU).

The dataset used is the EuRoC MAV (Micro Aerial Vehicle) visual-inertial
dataset collected at ETH Zurich, featuring a machine hall and two ordinary
rooms. To validate effectiveness across scenarios, we use nine sequences of vary-
ing difficulty: MH_ 02 easy, MH_ 03 medium, MH_ 04 difficult, V1_01_ easy,
V1_ 02 medium, V1_03_ difficult, V201 easy, V2_ 02_medium, V2_03_ difficult.

4.1 Inter-Frame Algorithm Runtime Comparison

As our algorithm belongs to the optical flow family, we control for fea-
ture extraction using identical Shi-Tomasi corner detection (OpenCV’ s
cv::goodFeaturesToTrack with parameters: max corners 500, quality level
0.01, min distance 30). Averaged over 1000 iterations, our algorithm runs in
1.361 ms compared to 2.892 ms for OpenCV LK optical flow, representing a
52.939% speed improvement (Figure 2).

When comparing with feature-based methods, descriptor computation time
must be included. Averaged over 1000 iterations, our algorithm requires
8.382 ms total, while OpenCV ORB extraction and matching takes 35.110 ms,
achieving a 76.125% speed improvement (Figure 3).

4.2 Inter-Frame Matching Accuracy Evaluation

For correctly matched feature points p; and p; between frames, the epipolar
constraint should satisfy p]TFp,» = 0. Due to measurement errors, we evaluate
the least-squares solution and define a matching score:

1
N
1+ 5 X, IS Fpil3,

score =

where smaller reprojection error yields higher scores. As shown in Table 1, our
algorithm improves accuracy by 53.295% over LK optical flow, validating the
improved optimization model (Eq. 17) that introduces gradient error and sparse
noise regularization. Compared to ORB, accuracy decreases by 13.554% but
runtime improves by 76.125%, an acceptable trade-off for real-time applications.
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Figures 4-6 show matching results on MH__02_ easy sequence. Without initial
values (defaulting to identity rotation and zero translation), high motion blur
causes significant mismatches (Figure 4). With IMU-predicted initial values
enabling local search, mismatches are largely eliminated. OpenCV LK still ex-
hibits errors (e.g., points #2, 11, 20, 21, 22, 27, 33, 39, 49), while our algorithm
achieves robust matching (Figures 5-6).

4.3 System Localization Accuracy Evaluation

Integrating our algorithm into VINS-Mono front-end, we compare against state-
of-the-art methods using the EVO evaluation tool. Following prior work, we use
Absolute Trajectory Error (ATE) RMSE and mean error as metrics, averaging
over 20 runs (Table 2). Our algorithm outperforms PL-VIO and matches VINS-
Fusion performance, though VINS-Fusion occasionally diverges significantly on
V2_03_difficult. Notably, MH_03_medium and V2_01_easy show degraded
performance due to larger average IMU bias errors that violate our algorithm’
s assumption of precise initialization. Without good initial values, the opti-
mizer degrades to standard Gauss-Newton, increasing search time and reducing
accuracy.

On other sequences, performance improves, most notably on V2_03_ difficult
(fast motion, severe blur) where RMSE decreases by 18.066% and mean error by
28.902%. Figures 7-10 demonstrate superior robustness during camera shake,
with our algorithm maintaining tighter trajectory consistency and lower error
statistics compared to VINS-Mono.

5 Conclusion

This paper proposes a novel algorithm that fuses visual and IMU data for mo-
tion blur removal and improved optical flow feature matching. The algorithm
fully exploits IMU motion information to restore blurred images and provide ini-
tial values for iterative matching, reducing mismatch probability. As a generic
module, it can be transplanted to other VI-SLAM frameworks.

Validation across three difficulty levels demonstrates superior efficiency and ac-
curacy over OpenCV’ s optical flow implementation. Integration into the state-
of-the-art VINS-Mono framework improves pose estimation accuracy. Future
work will investigate advanced deblurring with regularization terms to remove
artifacts and further enhance matching precision.
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