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Abstract

We describe a system for localizing and deblurring
motion-blurred 2D barcodes. Previous work on barcode de-
tection and deblurring has mainly focused on 1D barcodes,
and has employed traditional image acquisition which is not
robust to motion blur. Our solution is based on coded ex-
posure imaging which, as we show, enables well-posed de-
convolution and decoding over a wider range of velocities.
To serve this solution, we developed a simple and effective
approach for 2D barcode localization under motion blur, a
metric for evaluating the quality of the deblurred 2D bar-
codes, and an approach for motion direction estimation in
coded exposure images. We tested our system on real cam-
era images of three popular 2D barcode symbologies: Data
Matrix, PDF417 and Aztec Code.

1. Introduction
Barcodes are ubiquitous in product packaging and other

commercial applications. Due to the limited capacity of 1D
barcodes, 2D symbologies have been increasingly adopted
in recent years. Whereas 1D barcodes are traditionally
scanned with rotating laser illumination and linear sensor
arrays, 2D barcode symbologies require imaging sensors
for scanning. Image-based 2D barcode scanning presents
additional challenges, notably that of projecting sufficient
illumination over the area of the target. Lacking active il-
lumination, passive 2D barcode scanners often acquire im-
ages with blur due to relative motion between the barcode
and the camera.

We have developed a system for high quality capture of
2D barcode images based on coded exposure [12]. The
objective of coded exposure imaging is to capture images
where the removal of motion blur by de-convolution is well-
posed. In order to recover the sharply-focused barcode from
a coded exposure image, blur parameters must be estimated
before applying de-convolution. We assume that motion
blur arises from linear, constant-velocity motion, in which
case we need only recover the direction and extent of an ob-

ject’s movement during capture. After barcode localization
in a larger image, we estimate the direction of motion based
on a local autocorrelation histogram. Once rectified to a ref-
erence motion direction, we estimate the extent of motion
blur by applying several de-convolutions, and choosing the
one which produces an image with a bi-modal intensity his-
togram that serves as a prior for sharply-focused barcodes.
We present the details of our algorithm, and experiments
which demonstrate its utility on real camera images. In
addition, we demonstrate that a traditional imaging setup
(i.e., without coded exposure) does not necessarily produce
a useful barcode image, even when de-blurred using an ac-
curate blur estimate.

2. Related Work
There have been a number of methods proposed in the

literature for barcode imaging. Zhang et al. [14] improve
the efficiency of 1D barcode localization from sharply-
focused images by jointly estimating texture and shape. Lu
et al. [9] proposed a robust 1D barcode localization ap-
proach against an uncertain 3D background using hierar-
chical feature classification and processing. Hu et al. [4]
extracted the 2D barcode region from a sharply-focused im-
age using texture direction analysis. Parikh and Jancke [11]
develop an approach to localize Microsoft’s High Capacity
Color Barcode (HCCB), but don’t address localization of
black-and-white 2D barcode symbologies. None of these
localization approaches consider significant motion blur,
the effects of which mute high-frequency image features
upon which they rely.

Motion de-blurring is a well-studied topic, and a blurred
image B is generally modeled as the convolution of a blur
kernel K with a latent (sharp) image L plus noise:

B = K ⊗ L+N (1)

where ⊗ denotes convolution, K is the blur kernel (also
called the Point Spread Function (PSF) of the blur) caused
by relative motion between the target and the camera and
N denotes sensor noise at each pixel. When K is unknown,
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estimation of L is known as blind de-blurring.
Yahyanejad and Strom [13] propose a blind de-blurring

algorithm for 1D barcodes, assuming linear motion, by us-
ing an image intensity prior of clean, blur-free 1D bar-
codes. Unlike our method, they do not address barcode
localization, and capture images using a traditional shut-
ter. This second difference is crucial because, even when
K is known, estimation of L by non-blind de-blurring is
ill-posed if blur arises from linear, constant velocity mo-
tion captured through a traditional shutter. In such cases,
K is a rectangle filter and de-convolution is ill-posed at a
number of spatial frequencies at which the Fourier trans-
form of K (also known as the Modulation Transfer Func-
tion (MTF)) goes to zero. Though there are various de-
blurring techniques that produce visually pleasing results
despite lost spatial frequencies (e.g. [5]), barcode informa-
tion at these frequencies may be crucial to decoding and
cannot be recovered post-hoc. To overcome this deficiency
in general imaging, Raskar et al. [12] proposed a modifica-
tion of the capture process using a fluttering shutter to make
subsequent image de-convolution well-posed. The compu-
tation of de-convolution also becomes much faster due to
flutter shutter since the problem is now well-posed and can
be solved via direct matrix inverse.

Ding et al. [1] recently proposed a blind deconvolution
method for flutter shutter images based on image statis-
tics and knowledge of the shutter sequence used to capture
the image. Though that algorithm produces reasonable de-
blurring results in several cases, others fail due to the failure
of a critical assumption: 2D barcode images do not follow
the well-known statistical behaviors of natural images. In
particular, whereas natural images are generally modeled as
having isotropic power spectra, 2D barcode image statistics
are generally skewed by the presence of high-contrast edges
in orthogonal directions. We will use these features, along
with spatial statistics of 2D barcodes, in our barcode local-
ization and de-blurring algorithm.

3. System Design and Development
Our 2D barcode localization and de-blurring algorithm

is intended for a checkout scenario, in which a stationary
camera captures images of an object moving in the camera’s
field of view. Because the camera in this scenario is station-
ary, a reference background image can be used to perform a
coarse segmentation of an image into foreground and back-
ground components. We assume that the 2D barcode has
uniform blur, and that its blur arises from linear, constant-
velocity motion. Note that our experiments were performed
with objects scanned by hand through the camera’s field of
view, and that real-world deviations from this assumption
were handled gracefully.

Figure 1 shows an overview of the key steps of our bar-
code localization and de-blurring algorithm. We first locate

Figure 1. System overview.

the barcode region using corner features, as described in
Sec. 3.1. Then, blur direction is estimated from the local-
ized barcode region using a local autocorrelation histogram,
as described in Sec. 3.2. We then rotate the input image to
produce a rectified one in which motion is horizontal. Next,
after the barcode region is re-localized in the rectified im-
age, we compute several de-blurred versions of the barcode
region, using the code provided by Raskar et al. [12], with
different estimates of the blur extent. We then choose the
de-blurred image that best matches an intensity histogram
prior, as described in Sec. 3.3. Optionally, the full image
may be deblurred using the chosen blur size, and the image
may be rotated back to its original orientation for display.

3.1. 2D barcode localization

The steps of our 2D barcode localization procedure are
shown in Figure 2. The first step is gamma correction, in
which image intensities are linearized. We then apply a sim-
ple background subtraction, removing those pixels whose
intensity is close to the background (with threshold τ1),
and those over-/under- saturated areas (with thresholds τ2
and τ3). Then, corner detection is applied to the gamma-
corrected image, producing both a corner location map and
a corresponding corner strength map. Based on these two
maps, 2D tensor voting is performed in the local neighbor-
hood of each corner location to generate a dense corner den-
sity map, which is then thresholded to find corner concen-
trations. This thresholded density map is then cleaned up
by hole filling and image morphology operations, followed
by connected components computation to generate candi-
date barcode regions. Finally, the barcode location is cho-
sen from these candidate regions based on a measure con-
sidering both intensity and gradient characteristics of 2D
barcodes. Among these steps, the corner detection step and
the barcode region selection step have application-specific
designs and are described in detail as follows.



Figure 2. Procedure of 2D barcode localization. See text for details.

3.1.1 Corner features for 2D barcode localization

We employed corners as low-level features for localizing
2D barcode. A 2D barcode is a patten comprised of small,
rectangular black patches on a white background. As a re-
sult, its gradient orientation histogram has two strong peaks
at orthogonal orientations. Corner features, whose own lo-
calization is determined by orthogonality in local gradient
orientation distribution, provides a natural tool for us to lo-
calize barcode area from this gradient prior.

Before deciding on the use of corner features for local-
ization, and considering Zhang’s use of Hough transform-
based line detection for barcode boundaries [14], we tested
and compared corners and line segments on their effective-
ness for 2D barcode localization under motion blur. Fig-
ure 3 shows a typical example of how these features be-
have under motion blur. Figure 3(a) and 3(b) show that
when moderate or severe motion blur acts upon a 2D bar-
code, line segment-based barcode localization becomes un-
reliable. 1D motion blur usually changes the edge structure
on a barcode by generating false line segments along the
motion direction and by breaking line segments orthogo-
nal to the direction into smaller pieces, reducing the utility
of edges for localization. One the other hand, as shown in
Figure 3(c), the local density of corner features persists un-
der motion blur. The exact locations of the corners shift,
however, preventing us from directly locating a barcode’s
boundary corners as in [11]. Based on these observations,
we use corner density to localize a 2D barcode region. We
use Perter Kovesi’s implementation [7] of the Harris corner
detector for corner detection.

3.1.2 Choosing the barcode region

Given our computed corner density map, we estimate the
barcode region from potentially several regions of dense
corners. This cannot be done with a simple threshold, as
there may be multiple regions in the image with compara-
ble corner densities (e.g., regions of text). Thus we need a
method to find the true barcode region from several candi-
date regions, and use three properties. First, since a barcode
has strong black/white contrast, its appearance under mo-

(a) Hough trans-
form

(b) Kernel-based
hough transform

(c) Harris corners

Figure 3. Detection of line segments and corners on a moderately
motion blurred image. (a) First 150 line segments located by MAT-
LAB’s hough transform routine, (b) First 20 lines located by the
kernel-based hough transform (KHT) [3], (c) output of the Harris
corner detector.

tion blur will still have relatively high variance. We measure
a score S1 as:

S1 = V ar(P ) (2)

where V ar is the variance. Second, a barcode region must
be a concentration of corners, thus we define S2 as:

S2 =
∑

(x,y)∈C(P )

M(x, y) (3)

where C(P ) is the set of all detected corners in the patch P ,
M(x, y) is the corner strength (magnitude) map.

Third, the barcode region must reside in the foreground
area. Considering that our initial background subtraction
provides only a rough result, we treat it accordingly and
define a score S3 as:

S3 =

{
RF (P ), if RF (P ) ≥ τF
0, if RF (P ) < τF

(4)

where RF (P ) is ratio of foreground pixels in P and τF is
a threshold. The final score is a combination of S1, S2 and
S3

S = S1S2S3 (5)

and the region with the maximum S score is designated as
the barcode region.



3.2. Blur direction estimation

As stated above, we assume that the motion blur is uni-
form across the barcode region, and that it arises from 1D,
constant-velocity motion, but the direction of that motion
and its extent are unknown. Here we propose an approach to
detecting direction of motion in a flutter shutter image with-
out assuming natural image statistics. Existing frequency
domain blur estimation techniques make assumptions about
the image’s statistics [1] or about the effects of blur [6] that
do not hold on barcode images (which have non-natural im-
age statistics) with flutter shutter motion blur (which lack
telltale spatial frequencies with no contrast). Considering
this, we pursue blur estimation in the spatial domain in-
stead. We use local autocorrelation histogram to estimate
the motion direction for flutter shutter images. Local auto-
correlation measures the similarity of a signal to itself in a
local spatial neighborhood. Given a shift (∆x,∆y) from a
point (x, y) on an image I , the auto-correlation function is
defined as [8]:

f(x, y) =
∑

(xi,yi)∈W

[I(xi, yi)−I(xi+∆x, yi+∆y)]2 (6)

where W is a local window centered at (x, y). Using the
first-order Taylor expansion to approximate the shifted im-
age I(xi + ∆x, yi + ∆y),

I(xi+∆x, yi+∆y) ≈ I(xi, yi)+
[
Ix(xi, yi) Iy(xi, yi)

] [∆x

∆y

]
(7)

where Ix(xi, yi) and Iy(xi, yi) denote the partial deriva-
tives of i in x and y directions respectively, f(x, y) can be
represented as:

f(x, y) ≈
∑
W

[[
Ix(xi, yi) Iy(xi, yi)

] [∆x
∆y

]]2
=

[
∆x ∆y

]
C(x, y)

[
∆x
∆y

]
(8)

where

C(x, y) =
∑
W

[
I2x(xi, yi) Ix(xi, yi)Iy(xi, yi)

Ix(xi, yi)Iy(xi, yi) I2y (xi, yi)

]
(9)

Matrix C(x, y) captures the gradient structure of the lo-
cal neighborhood W . Suppose the eigendecomposition of
C(x, y) gives eigenvalues λ1 and λ2 (λ1 > λ2) and corre-
sponding eigenvectors V1 and V2, then V2 shows the major
direction of local gradients. The peak of the orientation his-
togram of V2 and gives an estimation of the local gradient:

θ̂grad = max(hist(θ(V2)) (10)

where θ(V1) is the orientation of V2.
In [8], Liu et al. used a weighted version of this his-

togram to identify motion blur over a region. However,
our experiments show that it only works when the edges
arising from motion blur are stronger than the local lateral
edge structure. For strong patterns like 2D barcodes, this
approach usually locates the direction of one side of the
barcode. Here, we assume this side is orthogonal to the
blur direction and the blur direction is:

θ̂blur = π/2− θ̂grad (11)

3.3. Blur size estimation

After we find the blur direction θblur and use it to rec-
tify the blur direction to the horizontal direction, we must
estimate both the extent of the blur and whether its travel
in the rectified image was from right to left or from left
to right. Because the shutter sequence used to capture the
flutter shutter image is not symmetric, the left/right ambi-
guity needs to be resolved in order to apply the proper de-
blurring. We resolve this ambiguity and determine the ex-
tent of motion blur by producing several de-blurred images
and choosing the one that most resembles a well-focused 2D
barcode. We search over a large range of extents, and use
a sign convention to distinguish left-to-right motion from
right-to-left motion, e.g. a value of 10 represents a blur ex-
tent of 10 pixels of left-to-right motion, and -10 represents
an extent of 10 pixels of right-to-left motion.

We adopt the barcode image quality metric proposed by
Yahyanejad and Strom [13] to evaluate the deblurring result,
and to choose between the various de-blurred image. This
metric was initially designed for 1D barcode deblurring and
was based on the observation that the intensity histogram of
clear 1D barcode line is bi-modal. Here we extended it to
operate on 2D barcode regions. Given an test image I , it is
first segmented into two parts:

I = I1 ∪ I2 where
{
I1 = {I(x)|I(x) > µI}
I2 = {I(x)|I(x) < µI}

(12)

where µI is the mean intensity of I . The quality metric is
then computed as:

Q(I) =
σI1 + σI2

(µI1 − µI2)2
(13)

where µI1/µI2 and σI1/σI2 are mean intensity and vari-
ance of I1/I2 respectively. This metric favors an image in-
tensity histogram with two peaks where intra-peak variance
is small and inter-peak distance is large. Our experiments
show this metric works when the input does not break the



(a) Traditional im-
age

(b) Deblurring of (a) (c) Flutter shutter (d) Deblurring of (c) (e) Still image

Figure 4. Comparisons between flutter shutter and regular image deblurring. Rows are, from top to bottom, barcodes of Data Matrix,
PDF417 and Aztec. Column (a) is a blurred barcode captured using a regular camera and (b) is (a) de-blurred using the Lucy-Richardson
algorithm; (c) is the barcode captured by our flutter shutter camera and (d) is its deblurred version; (e) is a still, blur-free image of the
barcode for comparison.

the bi-model assumption. In practice, the barcode local-
ization scheme described in the previous section guarantees
this pre-condition.

Though other techniques (e.g. coordinate descent [2])
use energy minimization and a greedy search strategy to lo-
cate an optimal solution, we have found that they cannot be
applied in our case due to the non-convexity of the quality
metric S. In order to avoid getting stuck in a local opti-
mum, we instead use an exhaustive search strategy which
guarantees the global optimum solution. Specifically, given
a rectified 2D barcode and a range of the parameters of the
blur kernel, we test every value in this range by using it to
deblur the barcode (using the code provided with [12]). For
each such de-blurred barcode, we measure the quality met-
ric S, and choose the one with the best (lowest) value.

4. Experiments

Our flutter shutter camera is built on a Point Grey
Flea R©2 camera, and uses custom software to capture a
coded exposure image following a pre-designed binary tim-
ing sequence [10]. We used the reference code from [12]
for deconvolving flutter shutter images once they are rotated
into the rectified orientation.

Our first experiment was to determine whether coded ex-
posure images are more useful for barcode recognition than
traditional images. To that end, we collected motion-blurred
images using both techniques, none of which could be di-
rectly decoded. We then de-blurred them using manually

determined blur parameters. Figure 4 shows the compar-
ison on three type of 2D barcodes: Data Matrix, PDF417
and Aztec. We found that, while all of the de-blurred flut-
ter shutter images could be de-coded, only the Aztec could
be de-coded from the de-blurred traditional shutter image.
Note that all decoding was performed using proprietary de-
coding software.

Our subsequent experiments are to illustrate the barcode
localization and blur estimation system. Figure 5 shows
multiple examples of running our system on real 2D bar-
codes and a comparison to a recently proposed flutter shut-
ter blind deblurring approach [1]. Because of using natural
image statistics, the algorithm of [1] produces acceptable
results in certain cases (e.g. second row of Figure 5(d)),
but fails when sufficient non-barcode texture is lacking. By
contrast, we have found that our system provides consis-
tently high-quality results. More experimental results are
provided in the supplemental material of this paper.

5. Conclusions and Future Work

In this paper we described a 2D barcode localization and
motion deblurring system. The system adopts a flutter shut-
ter camera for its high deblurring quality, and focuses on the
barcode region to exploit the strong intensity patterns of a
2D barcode. We developed a sequence of approaches, from
barcode localization to blur estimation, to realize our sys-
tem. The high deblurring speed of a flutter shutter images
and our processing only the small barcode region make it



(a) Localized barcode (b) Quality scores (c) Our deblurring result (d) Deblurring result of [1]

Figure 5. Deblurring examples of barcodes of Data Matrix, PDF417 and Aztec symbologies. Column (a) is the orientation rectified image
with localized barcode marked in red. (b) Plots deblurring quality scores (eq. 13) during blur estimation. Note the curves are non-convex,
which makes it hard for a greedy search strategy to successfully find the true blur size. (c) and (d) show the outputs of our system and of
[1] respectively.

possible to thoroughly search over a large range of blur pa-
rameters for the true value. The algorithm is also highly
parallelizable, in that each de-blurred image can be com-
puted without regard to the others.

Experiments show that the system works well, including
those where the motion deviates from our assumption of
constant velocity, linear motion. Using a large search range
of 180 different values, our unoptimized MATLAB imple-
mentation of the algorithm takes ≈ 30 seconds to deblur an
800× 600 barcode image on a 3.47GHz desktop computer.
We observe that most of the computing time is spend on
testing large blur sizes. One direction of future work is to
develop an approach to adaptively narrow this search range
according to the input. Another direction is to make the
system more robust by relaxing some of the assumptions on
motion types.
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A. Parameter Settings
There are a few application-specific parameters existing

in our approach, including the density voting radius Rvote,
the density threshold Tden and the blur size search range
σK . In all our experiments, we set Rvote = 50 and σK =
[−100,−10] ∪ [10, 100]. Rvote = 50 is an experimental
setting decided by the minimum image distance between
barcode region and other candidates. σK = [−100,−10] ∪
[10, 100] is also a sufficiently large range in practice.

The only parameter that needs fine tuning is Tden which
is a percentage threshold. In practice we find Tden =
[0.01, 2.0] (which means keeping the top 1%∼20% most
dense votes) is a reasonable range for accurate localization
of the 2D barcode. However, this is still not enough for a
fully automatic system and we have exploited other means
to bypass this manual parameter selection. What we tried
first is the bounding rectangle expanding scheme developed
by Parikh and Jancke for HCCB barcode [11], however, this
scheme does not always work for a regular 2D barcode. We
finally took the following strategy to bypass this parame-
ter turning process at the cost of some localization accu-
racy: We simply used a middle-range threshold by setting
Tden = 0.03, which will produce a localization of the ma-
jority of the barcode, and may also arouse false alarms of
non-barcode regions. We rely on the the score metric de-
scribed in Sec. 3.1.2 of the paper to identify the true barcode
region from competitors (with τF = 0.9).

Other parameters are set as follows: we set γ = 2.2 for
inverse gamma correction of the input image as in [2]. We
set the magnitude threshold τcorner = 200 for the Harris
corner detector. This is a pretty low threshold considering
corner magnitude is attenuated by blur. For foreground sub-
traction, we set τ1 = 30, τ2 = 254 and τ3 = mean(I) ∗ 0.9.
For local autocorrelation histogram computation, we use a
sampling windowW of size 11×11 pixels. All the adopted
image morphology operations (including erosion and dila-
tion) use a square mask of size 10× 10 pixels.


