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ABSTRACT

Due to fast movement of an autonomous system, motion blur is an
issue for images with long-exposures, especially for those captured
at dim-lighting conditions. In this paper, a simple semi-blind im-
age de-blurring algorithm is designed by using measurements from
an inertial measurement unit (IMU) embedded in the autonomous
system. A prior of the blur kernel is first derived from an elegant
IMU integration model. The image is then de-blurred by using the
prior of the blur kernel with a refinement step to further mitigate
the drift caused by the inaccurate IMU measurements. Experi-
mental results show the improvement of the proposed algorithm
for image de-blurring.

1. INTRODUCTION

Increasing amounts of attention have been received in the autonomous
driving market [1, 2, 3, 4]. Visual information is crucial for the
autonomous systems which require high fidelity visual information
captured and/or reconstructed. However, due to the fast movement,
motion blur caused by long-exposure photography is unavoidable
in the image capturing process [5, 6], especially in low-lighting
conditions. Motion de-blurring becomes an important topic for
the autonomous systems.

The model-based blind de-blurring is a popular topic where
no motion information is available [7, 8, 9]. In these approaches,
maximum a posterior (MAP) and priors are developed to derive
the blur kernel. Iteration steps are then applied to refine the de-
blurring operations. Later, deep learning based approaches are
employed to solve this problem [10, 11]. Non-blind de-blurring
is also developed by utilizing motion information from additional
sensors. The motion information is adopted to derive the cam-
era motion and the corresponding blur kernel and thus restore the
original image. Secondary detector was used in [12] to capture
a sequence of images. The motion of the camera can then be
derived from these fixed intervals during the exposure time. In-
ertial measurement unit (IMU) was adopted in [13] to provide
an accurate measurement of the motion. Drift compensation is
addressed by searching the potential moving direction over the
space with high computational demanded. De-convolution scheme
with embedded deep learning component is also introduced which
can be employed in non-blind motion de-blurring [14]. However,
the measurement of IMU reading may not be accurate enough
to address the blurring process. Further process is necessary to
enhance the visual output.

In this paper, a novel semi-blind image de-blurring algorithm
is proposed for the autonomous systems with IMUs by using model-
based deep learning. A prior on the blur kernel is first derived by
using an elegant IMU integration model [15]. Same as the algo-
rithm in [13], all pixels in the image are assumed to have the same
depth. Our mathematical derivations show that the transformation

matrix between two images is spatially invariant. Subsequently,
the blur kernel is spatially invariant. This is different from the
observation on the blur kernel in [13]. A non-blind algorithm is ob-
tained by combining the algorithm in [14] and the prior on the blur
kernel, and it is applied to initially reduce the motion blur. There
is drift on the blur kernel caused by the IMU noise [16]. Inspired
by the existing blind de-blurring algorithms [7, 8, 9], a quadratic
optimization problem is formulated to refine the blur kernel. It
is much simpler to solve the quadratic optimization problem than
the corresponding problem on drift reduction in [13]. The blurred
image is finally restored by the refined blur kernel. The overall
de-blurring algorithm is a semi-blind one. It is worth noting that
the resultant non-blind and semi-blind de-blurring algorithms are
model-based deep learning methods [17]. Experimental results
show that the prior from the IMU measurement is indeed very use-
ful for the reduction of motion blue, and the semi-blind algorithm
outperforms the non-blind one due to the drift reduction.

The rest of this paper is organized as follows. The prior of blur
kernel is derived in Sec. 2. A semi-blind de-blurring algorithm is
proposed in Sec. 3. Experimental results are presented in Sec. 4.
Finally, conclusion remarks are given in Sec. 5.

2. PRIOR OF THE BLUR KERNEL

In this section, a prior of the blur kernel is derived by using the
IMU motion integration model in [15] under an assumption that
all the pixels in an image have the same depth.

2.1. IMU Integration of 3D Points

An IMU motion integration model is provided for 3D points of
stationary objects in the body frame [15] with the notations in
Table 1. The body frame is the camera frame rather than the IMU
frame. ab and ωb are computed by using the corresponding IMU
measurements and rotation matrix as Rbiai and Rbiωi, respec-
tively. Clearly, both the ab and ωb are also constant between two
successive IMU measurements.

The dynamics of the lth 3D point (belonging to a stationary
object) in the body frame is represented as [15]

Ṗb,l
V̇b
Ṙ1

Ṙ2

Ṙ3

 = A(ωb)


Pb,l
Vb
R1

R2

R3

+


0
ab
0
0
0

 , (1)



Table 1. Notations used in the IMU integration model.
Vb =

[
Vx Vy Vz

]T linear velocity in body frame
Rbw =

[
R1 R2 R3

]
rotation matrix from world

frame to body frame
ab =

[
ax ay az

]T linear acceleration in body frame
ai linear acceleration in IMU frame

gw =
[

0 0 g
]T gravitational vector

ωb =
[
ωx ωy ωz

]T angular velocity in body frame
ωi angular velocity in IMU frame
Rib rotation matrix from IMU

frame to body frame
Pb,l =

[
Xl Yl Zl

]T coordinate of the lth 3D
point in body frame

ml=
[
ul vl

]T coordinate of the lth 2D
pixel in an image

ς duration of interval between two
successive IMU measurements

where the matrix A(ωb) is given by

A(ωb) = −


ω∧b I 0 0 0
0 ω∧b 0 0 −gI
0 0 ω∧b 0 0
0 0 0 ω∧b 0
0 0 0 0 ω∧b

 , (2)

I is a 3× 3 identity matrix, and ω∧b is defined as

ω∧b =

 0 −ωz ωy
ωz 0 −ωx
−ωy ωx 0

 . (3)

Since both ωb and ab are constant in an interval between any
two successive IMU measurements, the system (1) is a time invari-
ant linear system in the interval. A discrete motion model can be
derived for the lth 3D point as [15]

Pb,l(k + 1) = E(−θb(k))Pb,l(k)− ςE(−θb(k))Vb(k)−
g
2
ς2E(−θb(k))R3(k)−Υ(−θb(k))ab(k)ς2

Vb(k + 1) = E(−θb(k))Vb(k) + gςE(−θb(k))R3(k)
+Jr(−θb(k))ab(k)ς

Rbw(k + 1) = E(−θb(k))Rbw(k)

,

where θb is ωbς . The matrices E(θb), Jr(θb) and Υ(θb) are
E(θb) = I + s

‖θb‖
θ∧b + 1−c

‖θb‖2
(θ∧b )2

Jr(θb) = I + 1−c
‖θb‖2

θ∧b + ‖θb‖−s
‖θb‖3

(θ∧b )2

Υ(θb) = I
2

+ s−‖θb‖c
‖θb‖3

θ∧b +
1−c+ ‖θb‖

2

2
−‖θb‖s

‖θb‖4
(θ∧b )2

, (4)

and c = cos ‖θb‖ and s = sin ‖θb‖.

ωb(k) and ab(k) are usually different from ωb(k + 1) and
ab(k + 1). Therefore, the dynamics of the 3D point is a switched
system between the two time instances [18, 19]. By accumulating
k from i to (j − 1), the discrete motion pre-integration model
between two time instances of k = i and k = j can be derived

for the lth 3D point as
Pb,l(j) = FT (i, j)Pb,l(i) + t(i, j)

Vb(j) = FT (i, j)(Vb(i) + g

j−1∑
k=i

ςR3(i) + µb(i, j))

Rbw(j) = FT (i, j)Rbw(i)

, (5)

where t(i, j) is a translation vector, F (i, j) is a rotation matrix,
they and µb(i, j) are given as

t(i, j) = −FT (i, j)(χb(i, j) + ζb(i, j))

F (i, j) =
∏j−1
k=i E(θb(k))

µb(i, j) =
∑j−1
k=i F (i, k)Jr(θb(k))ab(k)ς

, (6)

F (k, k) = I and µb(k, k) = 0 for all k’s, and the χb(i, j),
ζb(i, j), and Λ(θb) are

χb(i, j) = Vb(i)
∑j−1
k=i ς + g

2
(
∑j−1
k=i ς)

2R3(i)

ζb(i, j) =

j−1∑
k=i

(F (i, k)Λ(θb(k))ab(k)ς2 + µb(i, k)ς)

Λ(θb) = 1
2
I + θb−s

‖θb‖3
θ∧b + 2c−2+‖θb‖2

2‖θb‖4
(θ∧b )2

, (7)

Let ba(i) and bω(i) be the biases of ab and ωb in the in-
terval [iς, jς]. The values of ab(k) and ωb(k) will be replaced
by (ab(k) − ba(i)) and (ωb(k) − bω(i)), respectively [16]. The
transformation matrix from Pb,l(i) to Pb,l(j) is

T (i, j) =

[
FT (i, j) t(i, j)
0 1

]
, (8)

and it is spatially invariant.

2.2. Motion Prior from the IMU Integration

In this subsection, a prior of the blur kernel is derived by using the
motion integration model (5). The relationship between the lth 2D
pixelml in an image and the 3D point Pb,l for a look-front camera
is represented as

Xb,l

 ul
vl
1

 =

 fu 0 cu
0 fv cv
0 0 1

 Yb,l
Zb,l
Xb,l

 , (9)

where fu and fv are the focal lengths of the camera in pixels, and
cu and cv are the coordinates of the principle point in pixels.

It can be derived from the equation (8) that Xb,l(j)
Yb,l(j)
Zb,l(j)

 =

 F11 F12 F13

F21 F22 F23

F31 F32 F33

 Xb,l(i)
Yb,l(i)
Zb,l(i)

+

 tx
ty
tz

 .
(10)

From the pin-hole camera model (9), it can be known that

[
ul(k)
vl(k)

]
=

 fu
Yb,l(k)

Xb,l(k)
+ cu

fv
Zb,l(k)

Xb,l(k)
+ cv

 ; k ∈ {i, j}. (11)

It can be derived from the equation (10) that{
Yb,l(j) = F21Xb,l(i) + F22Yb,l(i) + F23Zb,l(i) + ty
Zb,l(j) = F31Xb,l(i) + F32Yb,l(i) + F33Zb,l(i) + tz

.



Defining a matrix F̂ as

F̂ =
Xb,l(i)

Xb,l(j)

[
F22

fuF23
fv

fvF32
fu

F33

]
(12)

and a vector t̂ as

t̂ =

[
cu
cv

]
+
Xb,l(i)

Xb,l(j)
(

[
fuF21

fvF31

]
− F̂

[
cu
cv

]
)

+
1

Xb,l(j)

[
futy
fvtz

]
, (13)

it follows that[
ul(j)
vl(j)

]
= F̂

[
ul(i)
vl(i)

]
+ t̂. (14)

Clearly, both the matrix F̂ and the vector t̂ are independent
of the 3D points if and only if all the 3D points have the same
depth. All the 3D points are assumed to have the same depth
in [13]. Therefore, the transformation matrix between two images
is not spatially varying as indicated in [13] but spatially invariant.
The transformation (14) becomes an affine transformation which is
widely used in visual deepfake [20]. For simplicity, the proposed
algorithm is on top of the same assumption in [13]. Instead of
using the complicated algorithm in [13], the algorithm in [12] is
extended to consider the motion model (14).

Same as the algorithm in [12], the blur kernel is defined as κ:
(u, v) 7→ e with e be the energy level at the position (u, v). The
function κ satisfies ∫ ∫

κ(u, v)dudv = 1, (15)

where the function κ(u, v) is implemented via a pair of path
function f : t 7→ (u, v) and an energy function h: t 7→ e. Here,
f(t) is continuous and at least twice differentiable. It is obtained
by using the spline interpolation on the discrete motion samples
from the equation (14). And the function h(t) is required to satisfy∫ t+δt

t

h(τ)dτ =
δt

te − ts
, ts ≤ t ≤ te − δt, (16)

where [ts, te] is the long-exposure interval.

Similar to the approach in [12], the energy function h: t 7→ e
is derived as the inverse velocity at the position (u, v) at corre-
sponding time t. This is based on the assumption that the higher
velocity measured, the lower energy captured at the corresponding
time interval. This velocity information can be easily derived from
IMU measurement with higher accuracy than the algorithm in [12]
where the position interpolation was used. In the velocity based
approach, the path f(t) is spitted into intervals defined by the IMU
measurement interval (ς). The corresponding energy function h(t)
is estimated by 2D velocity Vu(t) and Vv(t):

h(t) =
1√

V 2
u (t) + V 2

v (t) · ς
. (17)

where 2D velocity can be derived from 3D velocity given as

[
Vu(k)
Vv(k)

]
=

 fu(
Vy(k)

Xb,l(k)
− Yb,l(k)Vx(k)

X2
b,l

(k)
)

fv( Vz(k)
Xb,l(k)

− Zb,l(k)Vx(k)

X2
b,l

(k)
)

 . (18)

This velocity based scheme usually presents higher accuracy
than the position based approach. Smoothing and normalization
are then applied to make sure the energy conservation constraint (16)
is satisfied. The prior on the blur kernel κ can be finally derived
from the estimated functions f(t) and h(t). For simplicity, the
prior is denoted as κ0.

3. SEMI-BLIND IMAGE DE-BLURRING

The common image blurring model is given by

y = κ⊗ x+ η, (19)

where y is the the blurred image which is assumed to be the
convolution of a clear image x with a blur kernel κ, and η is the
Gaussian noise.

When the blur kernel κ is available, the classical solution to
restore the clear image is derived by the Wiener filter [21]

x̂ = F−1

(
F(κ� y)

|F(κ)|2 + n/S

)
, (20)

whereF is the two-dimensional discrete Fourier transform, S and
n are the corresponding image and noise’s expected power spectra,
and � is the entry-wise product.

With the derived prior on the blur kernel κ0 in the previous
section, the non-blind image de-blurring can be adopted to re-
store the blurred image. Most of existing non-blind de-blurring
algorithms from Richardson-Lucy deconvolution [22, 23] to fast
Fourier transform (FFT) based approach failed to address image
boundary handling, even with an “edgetaper” operation [24] to ap-
ply additional circular convolution to the boundary region. In [14],
a convolutional neural network (CNN) is incorporated into the
FFT based solution with a novel boundary adjustment method to
alleviate the problematic circular convolution assumption. This
approach introduces a specialized CNN based term φCNNt (xt) for
every step of iteration and simultaneously utilizes the efficiency of
FFT-based approach. This derivation is given as

xt+1 = F−1

(
F(κ0 � y + 1

ωt(λ)
φCNNt (xt))

|F(κ0)|2 + 1
ωt(λ)

∑
i |F(fit)|2

)
, (21)

where ωt(λ) is a learned scalar function. A non-blind de-blurring
algorithm is available by combining the equation (21) and the de-
rived blur kernel in the section 2.2.

The blur kernel is assumed to be accurate by the non-blind im-
age de-blurring algorithm (21). However, there exists a deviation
between the actual IMU measurements and the groundtruth [13].
This deviation of the computed motion from the true motion makes
the kernel estimation inaccurate for the subsequent de-blurring op-
eration. A compensation approach is adopted in [13] to search in a
small local neighborhood around the initially computed end point
via an energy minimization framework. Different from [13], the
proposed semi-blind de-blurring algorithm adopts a simple refine-
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Fig. 1. Illustration of blur kernels. Top: groundtruth; Bottom: Priors from IMU measurements.

ment step on the blur kernel κ as

min
κ
{‖∇x̂⊗ κ−∇y‖22 + γ‖κ− κ0‖22}, (22)

where∇ is the gradient operation.
Our refinement is inspired by the blind de-blurring algorithm [7].

The kernel refinement is a least square problem which can be solved
efficiently using the FFT. After computing the κ, necessary non-
negative and normalization operations are applied to get the refined
κ so as to satisfy the requirement (15). With the refinement step,
possible deviation of the IMU measurement from the ground-truth
can be mitigated. The de-blurring operation can be conducted
again with the refined κ to improve the performance. Due to the
CNN based term φCNNt (xt) in the equation (21), the non-blind
and semi-blind de-blurring algorithms in this section are model-
based deep learning methods [17].

4. EXPERIMENTAL RESULTS

Prior of the blur kernel in the section 2.2 is verified by comparing
the non-blind and semi-blind de-blurring algorithms in the section
3 with the blind de-blurring approach on top of the dark channel
prior (DCP) [8]. Two popular datasets are tested, one is from [25]
which includes four low quality images and the other from [26]
where images are from five groups including manmade, natural,
people, saturated, and text.

We employ the EuRoC micro aerial vehicle (MAV) Dataset
to compute the blur kernel. The IMU measurements are collected
using an MAV in different places with different conditions in flight
dynamics [27]. We choose the IMU information from “Dataset
Vicon room 1 difficult”. In this dataset, the IMU measurements
were sampled at 200Hz and a Leica Nova MS503 laser tracker
was used to provide the measurement for groundtruth reference.
As such, there are two measurements at the same time, one from
groundtruth and one from IMU reading. The corresponding blur
kernels are then derived from these two measurements. In the
simulation, 5 sets of blur kernels are generated and illustrated in
Fig. 1, where the tops are from the groundtruth and the bottoms
are from IMU measurements. For kernel sets A and B, the IMU
measurements are close to those of the groundtruth. For kernel sets
C, D and E, the IMU measurements deviate from the groundtruth.

The blurred images are generated by the groundtruth kernels

with the standard deviation of Gaussian noise at 1% of the dynamic
range. The comparison results of PSNR are presented in Table 2.
Obviously, the non-blind and semi-blind de-bluring approaches in
the section 3 significantly outperform the DCP which is a blind de-
blurring method. This implies that the prior from the IMU motion
integration is indeed very useful for the image de-blurring.

When the estimated kernel is close to the ground-truth, there
is a limited space for improvement by the semi-blind de-blurring.
For the kernel sets A and B, the resultant semi-blind approach can
achieve a PSNR improvement at 0.01dB in average. Some exam-
ples are illustrated in Fig. 2. It is also very difficult to perceive the
difference between the non-blind and semi-blind deblurred images
in the top two rows of Fig. 2. Therefore, the refinement can be
omitted if the prior of motion blur kernel is accurate.

When the kernel deviates from the ground-truth, there are more
space for the improvements. For the kernel sets C, D and E,
average PSNR improvements of 0.185dB, 0.098dB, and 0.079dB
are observed respectively. It can be shown from the bottom three
rows that the delburred images by the semi-blind algorithm are
sharper than the deblurred images by the non-blind algorithm on
top of inaccurate blur kernels. Thus, the refinement is necessary if
the prior of motion blur kernel is inaccurate.

The comparison results of structural similarity index measure
(SSIM) are also presented in the same table. It also shows that the
improvement is consistent by the semi-blind algorithm with re-
spect to the non-blind algorithm due to the refinement step. These
experimental results imply that it is important to derive the prior on
the blur kernel as accurately as possible. As such, the refinement
can be omitted and the complexity can be reduced significantly.

It is also found from Fig. 2 that, even with the “edgetaper”
operation, the DCP approach cannot handle the image boundary
well while the non-blind and semi-blind algorithms in the section
3 handle image boundary well due to the algorithm in [14]. On
the other hand, since the algorithm in [14] is on top of the CNN,
fine details could be lost in the de-blurred image when the blur
kernel type from the real scenario is not covered by the training
data, especially when the blur kernel is inaccurate. Some improve-
ment in details can be observed from the semi-blind algorithm over
the non-blind de-blurring approach. Further improvement can be
achieved via a conventional detail enhancement algorithm [28].



(a) (b) (c) (d) (e)

Fig. 2. Comparison of different de-blurring algorithms. (a) groundtruth images, and (b) blurred images, as well as de-blurred images by
(c) DCP, (d) proposed non-blind one, and (e) proposed semi-blind one.

Table 2. Comparison of PSNR and SSIM

kernel
PSNR (dB) SSIM

DCP non- semi- DCP non- semi-
blind blind blind blind

A 29.512 31.489 31.502 0.335 0.737 0.740
B 29.396 31.007 31.018 0.303 0.553 0.557
C 29.268 30.208 30.392 0.250 0.546 0.587
D 29.528 30.570 30.667 0.296 0.518 0.543
E 29.372 30.783 30.861 0.282 0.626 0.634

5. CONCLUSION REMARKS

A simple semi-blind image de-blurring has been provided in this
paper by using an elegant IMU motion integration model to derive

a prior on the blur kernel. The blurred image is restored by using
the prior of the blur kernel with the consideration of drift in the
IMU measurement. The proposed motion de-blurring approach
presents a better result with the fusion of IMU information and a
refinement step.

One important application of the proposed algorithm is to re-
duce motion blue for differently exposed stereo-imaging. Unlike
the conventional stereo imaging [29], each pair of images has two
different exposures [5, 6] which can synthesize 3D high dynamic
range images without ghosting artifacts [30] for augmented reality
and Metaverse. This proposed algorithm can be applied to reduce
the motion blur of the long-exposed image. This problem will be
studied in our future research.
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