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Abstract—This paper discusses motion blur reduction in digital
images as a pre-processing step for automated visual inspec-
tion (AVI) systems. It is described how impulse responses of
prevalent inspection set-ups can be modelled for efficient image
enhancement. Common criteria for deconvolution performance
measurements are listed and the results of a competitive bench-
mark of 13 state-of-the-art non-blind deconvolution algorithms
are presented. Covered topics are illustrated by the example of
a real-world inspection system for automatic quality control in
woven fabrics. To meet real-time requirements, the efficient im-
plementation of two selected algorithms based on GPU hardware
is presented.

I. INTRODUCTION

Automated visual inspection systems (AVI) are employed in
a variety of industrial sectors to ensure the quality of produced
goods. They generally aim at replacing or support slower
and less precise human inspectors. The control targets for
inspection tasks are versatile and may include measurement of
size and shape, detection of visual perceptible flaws, gathering
of product information, product counting or the separation of
investigated items into classes.

When installed on the assembly line and monitoring prod-
ucts on-line during the actual production process, many AVI
systems face the problem of massive image degradation due to
motion blur which may be caused by any kind of movement
like high conveyor speeds, camera transpositions or product
spinning/rotation. Motion blur can be greatly minimized by
optimizing the settings for the optical system (shutter speed,
flash control, aperture, gain), but in difficult environments it
may not be completely avoided. Since machine movements in
industrial settings are generally predictable, the point spread
function (PSF) of the imaging system can be modelled pre-
cisely, allowing an algorithmic based reduction of motion blur
using the concepts of non-blind deconvolution (NBD) theory.

This paper benchmarks 13 state-of-the-art algorithms for
non-blind deconvolution within the scope of efficiently reduc-
ing motion blur in AVI images – in real-time.

Our motivation is threefold: first, we would like to give
the reader the necessary knowledge to understand and model
a custom designed imaging system, so that non-blind (i.e.

PSF of the system is known/can be modelled) deconvolution
can be applied to reduce motion blur. Further, we benchmark
13 established algorithms within a uniform framework: Not
only to give an overview of the most promising methods
in literature, but also to ease the reader’s choice of the
algorithms best fitting to its specific purpose. For this reason,
we review several metrics that help to assess the de-blurring
performance numerically. Finally, we showcase the software
implementation of two selected algorithms, to give the reader
the basic tools for a successful in-field realisation of NBD that
is able to meet real time requirements.

In order to facilitate the understanding of the concepts
proposed in this paper, we back up every section with a real-
world example from our on-loom defect detection system [1],
nevertheless addressing a broad audience in industrial inspec-
tion and keeping all explanations as general as possible.

II. A QUICK BACKGROUND ON BLUR

Generally, three kinds of blur may degrade an image [2]:
1) Out of focus blur, 2) medium-induced blur, and 3) me-
chanical/motion blur. Type 1) and 2) blur can be neglected in
most industrial settings, which leaves the problem of motion
blur. For discrete imaging systems, blur in general can be
understood as the convolution of the original, sharp image
Isharp with a filter matrix (kernel) PSF, which is commonly
known as point spread function. The PSF matrix is the discrete
impulse response function of the optical system and compactly
summarizes how every point of the sharp input image is
widened up to give the final, blurred output image Iblur:

Iblur = Isharp ∗ PSF. (1)

In order to subsequently remove/reduce the blurring effect,
one could think of reversing the convolution operation. This
is not feasible in time domain, but in frequency domain, the
convolution operator transforms into a multiplication which
can be inverted using a division (care needs to be taken when
dividing by zero or small numbers). The transfer function of
the PSF is called Optical Transfer Function (OTF). Using the



Discrete Fourier Transform (DFT) we get:

OTF = DFT (PSF)

Îblur = DFT(Iblur)

= DFT(Isharp ∗ PSF)

= Îsharp ·OTF

→ Îsharp =
Îblur
OTF

(2)

→ Isharp = IDFT (Îsharp) (3)

In practice, this straightforward procedure is not applicable,
since division by zero or small numbers can not be avoided
in Eq. (2), leading to strong frequency amplification at OTF
roots (especially for high frequencies), and hence significant
image noise in the resulting image. This problem motivates the
introduction of modern deconvolution algorithms in the next
section.

III. CONSTRUCTING A BLUR MODEL FOR AVI SYSTEMS

To understand the principle of motion blur, a simplistic
one-pixel camera model is considered, the surface under
investigation is discretized in space (3 pixels) and the camera
is able to slide on a linear axis in discrete, pixel wide steps
so that at each moment in time t, the camera field of view
rests exactly on only one pixel of the surface. If the camera
stays still at the center pixel for the exposure time T , only
that very pixel contributes to the final image. However, when
the camera moves continuously and looks on every pixel for
the time period T

3 , all three pixels contribute equally to the
final image, while the total exposure time remains unchanged
– motion blur occurs.

For uniform motion (as in the example above), the PSF
can be modelled in a straightforward fashion: the impulse
response takes the form of a moving average FIR filter with n
taps, whereas n corresponds to the number of pixels bypassed
by the system during the exposure time T . However, the
task of modelling the PSF becomes more challenging when
dealing with more complex movements. Common motion
schemes in industrial applications are circular motions with
constant angular velocity/acceleration which are covered by
Slepian et al. [3] and motions with constant acceleration which
are investigated by Som et al. [4]. The latter also covers a
discussion of a general model of the PSF for motions that can
be expressed as a function of time. Kopeika et al. investigate
the behaviour of sinusoidal motions as induced by machine
vibrations and propose a method to numerically determine
their PSF in real-time [5]–[7]. If the movement cannot be
modelled by a function, the PSF can be estimated using blind
estimation approaches on reference images. These trained PSF
models can then be used as input to non-blind deconvolution
methods during on-line processing.

To model the PSF of our on-loom flaw detection system, we
first analysed all motions that may degrade the image. The sys-
tem consists of a moving matrix camera that slides on a fixed
axis across the fabric (y-direction) at a nearly constant velocity

of vcam = 1 m s−1. The produced fabric has a constant feed
motion (x-direction) of vfabric = 15× 10−3 m s−1. In z-
direction, motions induced by the reed beat-up and the weft
shooting must be considered. Additional periodic machine
vibrations may have impact on the image quality in all 3
directions (x,y & z). The camera is set up to have a spatial
resolution of r = 1000 px inch−1 = 1/25.4× 10−6px m−1.
The underlying back light is flashed for a time interval
T = 650× 10−6 s which is the technical lower limit for
this flash. The flash is synchronized to the camera exposure
time. We use a prime lens with 23mm and set the f-stops to
F ∼ 1/12.

Using a laser Doppler vibrometer, we measured the relative
z-direction displacements between camera and fabric during
one machine period to find an optimal trigger moment for
the camera. This analysis allowed us to cancel out the out-of-
focus blur in z-direction caused by the reed beat-up and the
weft shooting. To handle the impact of the machine vibrations,
a vibration absorber for the camera has been designed [8]
that successfully inhibits the distortions caused by the running
machine. To get a feeling of the impact of motion blur in x-
and y-direction, the following calculations have been done:

blurx = vfabric · T · r [px]

= 15× 10−3 m
s
· 650× 10−6 s · 1/25.4× 10−6 px

m
= 0.38 px (4)

blury = vcam · T · r [px]

= 1
m
s
· 650× 10−6 s · 1/25.4× 10−6 px

m
= 25.6 px (5)

As can be seen, the image degradation in x-direction may be
neglected since it is below one pixel. In y-direction, however,
the motion blur is considerable. We hence model the system’s
PSF using a 26-tap moving average FIR filter to handle the
motion blur in y-direction.

IV. STATE OF THE ART IN NON-BLIND DECONVOLUTION

For this work, 13 algorithms for non-blind deconvolution
have been investigated using Matlab. As we cannot discuss
the theory behind each algorithm in detail here, a reference
is given for each method in the list:

For all listed algorithms, Matlab implementations/interfaces
are publicly available. Some authors provide complete source
code, others publish only executable binaries. For the methods
SADCT, BM3D and LPA, the authors provided us with up-to-
date 64 bit binaries upon request.

Our experiments show that all investigated algorithms per-
form well of reducing motion-blur degradation in images,
even though the general visual impression of the output
image varies considerably in between methods. To select an
appropriate algorithm, quality criteria are needed to assess
each algorithm’s performance with respect of the users re-
quirements.



Algorithm Abbrev. Ref.
1 Wiener Deconvolution W [2]
2 Constrained Least Squares Filter CLSQ [9]
3 Richardson-Lucy RL [10]
4 ForWaRD Method FWRD [11]
5 Sparse Deconvolution SD [12]
6 Sparse Deconvolution(in frequency domain) SDF [13]
7 Sparse Deconvolution(in time domain) SDT [13]

Total Variation based Methods
8 1) mx Total Variation MXTV [14]
9 2) irn Total Variation IRNTV [15]

10 3) reg Total Variation REGTV [16]
11 Local Polynomial Approximation LPA [17]
12 Shape Adaptive Discrete Cosine Transform. SADCT [18]
13 Block matching with 3D-filtering BM3D [19]
14 No Deconvolution applied NOOP

TABLE I
LIST OF 13 STATE-OF-THE-ART ALGORITHMS FOR NON-BLIND

DECONVOLUTION WITH GIVEN REFERENCES.

V. CRITERIA FOR DE-BLURRING ASSESSMENT

In this section, we introduce four assessment criteria to
evaluate the performance of de-blurring algorithms, given the
de-blurred input image Ideblur (target) and a non-blurred ref-
erence Isharp. Two additional quality criteria are introduced,
that only apply to the problem imposed by our fabric defect
detection system. Our intention is to make the reader more
sensitive to the fact, that the selection of a algorithm strongly
depends on the needs of the system (human observer, image
processing pipeline, etc.) that follows the deconvolution step.

To begin with, we quote the definition of the Mean Squared
Error (MSE). It will be used in subsequent definitions:

MSE(Isharp, Ideblur) :=

1

MN

M∑
m=1

N∑
n=1

(Isharp(m,n) − Ideblur(m,n))2,

where M denotes the height and N the width of the image.
The MSE will be zero for identical images and will take
larger values when the difference between the target and the
reference image increases.

1) Peak Signal-to-noise-ratio (PSNR):

PSNR(Isharp, Ideblur) := 10log10

(
max2i

MSE(Isharp, Ideblur)

)
,

where maxi denotes the maximum possible image value in
the image (i.e 255 for 8 bit images). Higher values indicate
better de-blurring results, the PSNR is not defined for MSE = 0.

2) Structural Similariy (SSIM) [20]: SSIM compensates
for the weaknesses of MSE based metrics, that - with certain
forms of image degradation - give quality assessments which
do not correlate with the visual impression of humans. SSIM
rates the intensity, contrast and structure similarity of two
images. It is hence a better criterion to evaluate how humans
would rate the image. The criterion splits the image into
sub-images, calculates the SSIM on each block and returns
the median of the set. The value range goes from 0 (poor) to
1 (high resemblance).

3) Edge Stability Binary Difference (ESBD) [21]: Avcibas et
al. state that the consistency of edges between two compared
images is an essential indicator of degradations that might
be present in one of the images. ESBD uses a Canny edge
detector on both images and determines the sum of the

distances between the edges. Lower values indicate good
performance, higher values stand for poor de-blurring results.

4) Spectral Phase & Magnitude Distortion (SPMD) [21]:
Distortions in frequency and phase can be used to assess the
similarity of a reference image and its degraded and restored
counterpart. For this reason, SPMD transforms the target and
reference image into frequency domain using the DFT and
determines the magnitude images Msharp,Mdeblur such as
the phase images Φsharp,Φdeblur. The Spectral Magnitude
Distortion (SMD) and the Spectral Phase Distortion (SPD)
criteria are then defined by:

SMD = MSE(Msharp,Mdeblur)

SPD = MSE(Φsharp,Φdeblur)

The weighted sum of SMD and SPD can then be used as
quality criterion.

5) Timing (TIME): The algorithms computational needs
are a crucial criterion when real-time requirements must be
met and should be considered during the evaluation phase.

6) Parts of the image processing pipeline in our on-
loom imaging setup [22] make use of a template matching
algorithm and a filtering operation based on Gabor wavelets.
We hence define two tailor-made quality criteria to select
the best fitting algorithm for our application: The Feature
Point Distance (FPD), which measures the euclidean distance
between matched feature points in the reference and target
image, such as the Gabor Distance (GD), which compares the
gabor filtered reference to the filtered and de-blurred target
image using MSE.

VI. SAMPLE-DRIVEN EVALUATION

In this section, we exemplarily describe how we selected an
algorithm for use in our on-loom flaw detection system [22].

We first created a uniform framework in Matlab, based on a
small database of 48 fabric reference images of four different
types (all types of different weaves and materials, taken with
a still camera) and corresponding motion-blurred images that
were carefully registered to the references.

For each algorithm, we determined its optimum parameters
for a given image type, using gradient descent and PSNR as
cost function. We modelled the PSF as described in Sec. III.

Each reference/target combination in the database has been
deconvolved using the algorithms listed in Table IV. Subse-
quently, the results were benchmarked using PSNR, SSIM,
ESBD, SPMD, FPD, and GD, respectively (c.f. Sec. V).

Table II summarizes the evaluation results by listing the
minimum and maximum value range achieved by each al-
gorithm for a given test criterion. It should be stated that
all algorithms deliver improved images compared to the non-
processed blurred image (NOOP). Run times in Matlab are
also listed for each method, whereupon we entirely used
code provided by the authors without any modifications. For
the Wiener, Richardson-Lucy and Constrained Least Squares
filters, Matlab built-in functions were used.

To compare the results, we first sorted all algorithms
according to their performance on each image in 4 rank



TABLE II
BENCHMARK RESULTS FOR NON-BLIND DECONVOLUTION ALGORITHMS. SHOWN ARE THE MINIMUM AND MAXIMUM SCORES FOR SIX PERFORMANCE
CRITERIA WHEN APPLIED TO A DATABASE OF 48 FABRIC IMAGES (4 FABRIC CLASSES, 12 IMAGES PER CLASS). ARROWS INDICATE IMPROVEMENT FOR

EITHER RAISING OR FALLING VALUES. RUN TIMES ARE AVERAGED AND CALCULATED THROUGH MATLAB (USED ONLY AS INTERFACE TO C LIBRARIES).

PSNR↑ ESBD↓ BSPMD↓ SSIM↑ FPD↓ GD↓ run time [s]
NOOP 18.68 .. 28.41 1.32 .. 2.40 1.62 .. 4.51 0.65 .. 0.81 0.65 .. 10.49 106.55 .. 881.55 0.019

W 22.65 .. 29.57 0.92 .. 2.24 2.11 .. 4.14 0.75 .. 0.81 0.48 .. 2.52 36.99 .. 352.87 0.039
SDF 23.24 .. 31.46 0.94 .. 2.33 1.15 .. 3.57 0.81 .. 0.88 0.35 .. 1.68 36.33 .. 308.68 0.136

CLSQ 22.01 .. 30.03 1.12 .. 2.36 1.38 .. 3.79 0.77 .. 0.85 0.45 .. 2.97 36.30 .. 409.75 0.138
RL 20.93 .. 30.17 1.06 .. 2.22 2.05 .. 3.96 0.75 .. 0.83 0.48 .. 2.56 27.77 .. 525.33 0.454

SDT 24.03 .. 32.03 0.89 .. 2.11 1.21 .. 3.59 0.83 .. 0.88 0.39 .. 1.28 24.27 .. 256.83 0.532
FWRD 23.10 .. 30.94 0.94 .. 2.42 1.26 .. 3.81 0.79 .. 0.87 0.36 .. 1.65 27.36 .. 318.49 1.329
REGTV 23.42 .. 31.20 0.92 .. 2.20 1.62 .. 4.05 0.78 .. 0.86 0.47 .. 2.49 28.97 .. 295.71 1.779

SD 24.83 .. 31.84 0.84 .. 1.86 1.22 .. 3.73 0.84 .. 0.88 0.39 .. 1.22 23.90 .. 213.98 2.900
MXTV 23.63 .. 31.12 0.85 .. 2.11 1.35 .. 3.92 0.81 .. 0.87 0.41 .. 2.42 27.15 .. 281.68 2.977
IRNTV 23.86 .. 31.50 0.99 .. 2.20 1.29 .. 3.83 0.81 .. 0.88 0.48 .. 2.57 30.95 .. 267.64 3.979
BM3D 23.25 .. 31.55 0.97 .. 2.38 1.07 .. 3.53 0.79 .. 0.89 0.42 .. 1.92 37.41 .. 307.33 4.651

SADCT 22.59 .. 31.60 0.96 .. 2.34 1.14 .. 3.60 0.79 .. 0.89 0.42 .. 2.00 33.46 .. 357.96 4.738
LPA 22.58 .. 31.54 0.94 .. 2.36 1.15 .. 3.59 0.79 .. 0.88 0.33 .. 1.99 32.73 .. 359.26 10.588

lists Li,a (i indexing the images, a indexing the assessment
criteria): one list for every assessment criterion, in total 24
lists for 4 database images and 6 criteria. For each image,
its rank lists Li,1−6 were combined to a final rank list Ri

by weighted averaging. We selected the weights λa for each
assessment ranking list by considering its importance for a
good performance of the subsequent image processing steps:
λPSNR = 3.0, λSSIM = 2.0, λESBD = 1.0, λSPMD = 1.0, λFPD =
5.0, and λGD = 2.0. Table III lists the final algorithm ranking
results for all image sets in the database.

ranking set 1 set 2 set 3 set 4
1 LPA SDT SDT SD
2 SDT SD SD SDT
3 SADCT BM3D SDF RL
4 SDF SADCT IRNTV MXTV
5 SD SDF FWRD SDF
6 BM3D LPA BM3D IRNTV
7 FWRD FWRD W REGTV
8 MXTV MXTV MXTV W
9 REGTV REGTV REGTV LPA

10 RL IRNTV LPA BM3D
11 IRNTV RL SADCT FWRD
12 CLSQ W RL CLSQ
13 W CLSQ CLSQ SADCT
14 NOOP NOOP NOOP NOOP

TABLE III
RANKING RESULTS FOR DECONVOLUTION ALGORITHMS ON FOUR

DIFFERENT IMAGE SETS (12 REFERENCE & TARGET IMAGES IN EACH
SET). LOWER RANKS INDICATE BETTER DE-BLURRING PERFORMANCE).

VII. SAMPLE-DRIVEN REAL-TIME IMPLEMENTATION

In Table III it can bee seen, that Sparse Deconvolution
in frequency domain (SDF) has been placed in the upper
ranks for every image set. In addition, it has the lowest
computational needs right after Wiener deconvolution. Hence,
we selected SDF for real-time implementation within our
fabric inspection system. Additionally, the Wiener filter (W)
has been implemented to create a reference for the lower

speed bound that is achievable for deconvolution on modern
hardware.

Both algorithms are based on point-wise multiplications in
frequency domain, which makes them suitable for massively
parallel implementation using general-purpose computing on
graphics processing units GPGPU. Referring to the special
conditions in our on-loom flaw detection system, it is exem-
plarily discussed how to use the NVIDIA CUDA framework
to accelerate algorithms to a level, that makes them suitable
for real-time applications.

A. Reference implementation.

Algorithms SDF and W have been implemented in two
ways: by using the OpenCV library only and by combining
OpenCV with Frigos and Johnsons Fastest Fourier Transfor-
mation in the West (FFTW) [23]. Both implementations serve
as reference to allow a timing comparison to GPU accelerated
code. The FFTW library works as a double-staged process that
greatly accelerates calculations especially when multiple trans-
formations of the same size are processed. Since the Fourier
transform of real input data is hermitian symmetric, FFTW
processes only half of the input data and hence reduces time
and memory needs. Since maximum performance throughput
can only be achieved when image dimensions can be factorised
by small primes, our input images are be padded first from a
size of 2456 × 2058 px to 2500 × 2160 px. As described
in section III, the PSF used in the on-loom system is a real
and even 1-dimensional N-tab mean filter which enables us to
express the discrete Fourier transformation of it as a discrete
Cosine transformation given by

OTF (k) =
1

N

(
1 + 2

N−1∑
n=1

cos

(
π

N − 1
nk

))
. (6)



Fig. 1. Deconvolution results for selected algorithms on a fabric image in the database. Abbreviations are itemised in Table IV.
.

By following the equation for Wiener deconvolution [2],
OTFk is further transformed by

OTF (k)W =
|OTF (k)|

|OTF (k)|2 + 1
SNR

. (7)

The final signal OTF (k)W can be calculated on-line by
straight forward look-up operations which allow a fast cal-
culation (speed up of a factor of at least 48 compared to DFT
in our application) of blur OTFs for varying camera speeds.
The signal to noise ratio (SNR) is kept constant for all images
and is estimated off-line from defect free reference images.

B. GPGPU implementation.

Taylor made CUDA kernel functions were implemented
to transfer all calculations from CPU to GPU. For Wiener
Deconvolution, the input image is padded and transformed
to frequency domain using NVIDIAS CuFFT Library which
operates analogue to FFTW. Within the kernel, we deploy a
CUDA grid structure of 2160 blocks, each block containing
417 threads. This way, every block processes one row of the
complex image (2500/2 + 1 = 1251 pixel / row) and each
thread processes 3 pixels that need to be multiplied pixel wise
by OTF (k)W . The resulting image is inverse transformed
using CuFFT to give the final, de-blurred output image.

For Sparse Deconvolution, two filter kernels for y and x



derivatives must be taken into account. The spectral image
is divided into 15 (3 × 5) blocks each block covering an
area of 500 × 720 pixel. For a single block, 500 threads are
activated. Thus, every column is processed by a dedicated
thread. The Fourier transforms of the derivation filter kernels
Gx and Gy become vectors padded to a size of 2160 and 2500
respectively. Each thread copies a small part of Gx and Gy into
shared memory to avoid time consuming memory accesses to
global memory during subsequent process steps. Threads are
halted by a synchronization barrier until all copy actions are
finished. Each thread now point-wise applies Eq. 10

A(u, v) = F ∗(u)F (u) + α(G∗
x(u)Gx(u) +G∗

y(v)Gy(v)) (8)

B(u, v) = F ∗(u) ·DFT (̂Iblur(u, v)) (9)
Isharp(x, y) = IDFT (B(u, v)/A(u, v)) (10)

to the image to calculate the deconvolved image. The term
α is a regularization term and has been fixed for all exper-
iments. Table IV lists the timing results for the reference
implementations and optimized GPGPU implementations in
milliseconds. All measurements were acquired by processing 5
MP grey-scale images (8 bit, 2456×2058 px) using a Pentium
i7-950 processor and a NVIDIA GTX 570 graphics board.
As it can be seen, GPU accelerated computing times of 12
ms for Wiener deconvolution, respectively 27 ms for Sparse
deconvolution allow both algorithms to be applied in real-time
environments when the frame rate of the image acquisition
system is below 83 fps (W) or 37 fps (SDF). Source code for
CUDA implementations can be found on the project website
[24].

VIII. CONCLUSION

The problem of image degradation by motion blur within the
scope of vision based industrial inspection systems has been
addressed in this paper. It has been exemplified how PSFs of
common image acquisition systems can be modelled to allow
efficient usage of image enhancing de-blurring algorithms.
For this purpose, 13 state-of-the-art algorithms for non-blind-
deconvolution have been benchmarked and compared. Based
on the benchmark results, two algorithms were selected for
real-time implementation. We showed that real-time require-
ments can easily be met when optimised parallel code for
GPGPUs is used.

OpenCV FFTW CUDA
W 284 87 12
SDF 748 292 27

TABLE IV
TIMING TABLE [MS] FOR OPENCV, FFTW UND CUDA

IMPLEMENTATIONS OF WIENER DECONVOLUTION (W) AND SPARSE
DECONVOLUTION IN FREQUENCY DOMAIN (SDF).
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