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Abstract In today’s rapid growth of volume of multimedia data, security is important yet
challenging problem in multimedia applications. Image, which covers the highest percent-
age of the multimedia data, it is very important for multimedia security. Image segmentation
is utilized as a fundamental preprocessing of various multimedia applications such as
surveillance for security by breaking a given image into multiple salient regions. In this
paper, we present a new image segmentation approach based on frequency-domain filtering
for images with stripe texture, and generalize it to lattice fence images. Our method signifi-
cantly reduces the impact of stripes on segmentation performance. The approach proposed
in this paper consists of three phases. Given the images, we weaken the effect of stripe tex-
ture by filtering in the frequency domain automatically. Then, structure-preserving image
smoothing is employed to remove texture details and extract the main image structures.
Last, we use an effective threshold method to produce segmentation results. Our method
achieves very promising results for the test image dataset and could benefit a number of
new multimedia applications such as public security.
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1 Introduction

With recent progress in computing technologies, the volume of high-resolution high-quality
multimedia data such as images, video clips, animations, graphics, and audio have been
growing exponentially over the past several years. Various multimedia modeling methods
are proposed to process multimedia data in different area such as image categorization [25,
31, 32]. In [28], authors propose a feature selection algorithm to filter out the low effi-
ciency features towards fast speech emotion recognition. Wang et al. propose a collaborative
sparse coding framework that optimizes the classifiers and dictionary collaboratively for
action recognition [20]. Zhang et al. develop a new semantically aware photo retargeting
that shrinks a photo according to region semantics, with a mechanism transferring seman-
tics of noisy image labels into different image regions [26]. Weakly supervised fixations
prediction which leverages image labels to improve accuracy of human fixations prediction
is proposed in [27], which can facilitate many multimedia applications, e.g., image retrieval,
action recognition, and photo retargeting.

Image segmentation is a fundamental and widely studied problem which plays an impor-
tant role in various multimedia applications, such as image annotation [15] and retrieval
[6], object recognition [1] and matching [8], scene analysis [10], visual tracking [11] and
social media mining [18], and security screening [7]. It is also very important due to its
great benefit in multimedia security.

Under different motivations, various image segmentation algorithms have been devel-
oped, which have achieved very promising performance. Vese and Chan proposed a new
multiphase level set framework for image segmentation using theMumford and Shah model,
for piecewise constant and piecewise smooth optimal approximations [19]. Comaniciu and
Meer’s Mean Shift seeks the modes of a non-parametric probability distribution in a fea-
ture space, and appears to well respect object details though it tends to split an object into
pieces [5]. Shi and Malik’s Normalized Cuts (Ncut) treats image segmentation as a graph
partitioning problem and for segmenting the graph, propose the normalized cut criterion
which measures both the total dissimilarity between the different groups as well as the
total similarity within the groups [17]. Boykov and Jolly proposed an algorithm for general
purpose interactive segmentation of N-dimensional images [3]. In [30], graphlets are intro-
duced to represent a photo’s aesthetic features, a probabilistic model is proposed to transfer
aesthetic features from the training photo onto the cropped photo. Zhang et al. present a
weakly supervised image segmentation algorithm by learning the distribution of spatially
structured superpixel sets from image-level labels [29]. A weakly supervised image seg-
mentation model, focusing on learning the semantic associations between superpixel sets,
is proposed in [33].

However, for images with stripe texture as shown in Fig. 1 or lattice fence pattern which
are captured for security as shown in Fig. 7, existing methods cannot achieve satisfied results
because the stripe texture are more salient than the object edges, which makes these methods
difficult to differentiate main structure from texture details.

To address the striped-texture image segmentation, we propose a novel framework con-
sisting of three steps: (1)using frequency based band rejection filter to weaken stripes, since
stripes in spatial domain correspond to an elongated pattern in frequency domain [13];
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(a) (b)

(c) (d)

Fig. 1 a Input image; (b) result obtained by image smoothing and threshold segmentation; (c) result obtained
by quick selection tool in Photoshop manually for half an hour; (d) result produced by our novel segmentation
approach

(2)taking advantage of structure-preserving image smoothing [22] to remove the noise and
highlight the main structures; (3)making use of an effective threshold method to classify pix-
els as foreground or background. As demonstrated in Fig. 1, the proposed method achieves
a high-precision segmentation result. High quality image segmentation greatly improves the
results of many applications. We present several fields that our method could benefit in the
experiments part.

Our main contributions

– a framework of image segmentation for images with periodic stripe or lattice fence
pattern, which benefit multimedia applications

– taking use of structure-preserving image smoothing technique for image segmentation.

2 Related work

As far as we know, it is the first work to combine image de-striping by frequency based
filtering and structure-preserving image smoothing for striped-texture image segmentation.
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De-striping and structure-preserving image smoothing are basic tools for remote sensing
imagery(SRI) processing and image enhancement respectively. They have been addressed
by a variety of works.

2.1 Image de-striping

Stripe noise in remote sensing images not only sharply degrades the image quality in the
visual effect, but also risks their suitability for subsequent processing [2]. To remove the
stripe and improve image quality, the de-striping methods have been proposed. From the
viewpoints of methodology, existing stripe removal methods can be classified into three
categories. The filtering-based methods are widely used. Pande-Chhetri et al. develop an
image de-striping method based on wavelet analysis with fast and impressive de-striping
results [13]. Münch et al. use the combination of wavelet and Fourier analysis to remove
horizontal or vertical stripes [12]. Chen et al. propose to use a power finite-impulse response
filter to remove the striping-induced frequency components [4].

For the second category method, the main idea is to rectify the distribution of the stripes
to a reference distribution. Wegener proposes to calculate the histograms of stripe lines,
and then match them to the reference [21]. Rakwatin et al. combine histogram matching
with facet filter to reduce stripe noise in Moderate Resolution Imaging Spectroradiometer
(MODIS) data [14].

The variational destriping methods regard the stripe removal problem as an ill-posed
inverse problem. Shen et al. propose the Huber-Markov variational model to remove the
stripes with spatial local adaptive edge-preserving ability [16]. Chang et al. treat the
image and stripe component equally, and convert the image de-striping task as an image
decomposition problem [23].

These works are either time-consuming or non-automatic. In this paper, we propose a
filtering-based methods method that is automatic, effective and able to handle stripes in any
direction.

2.2 Structure-preserving image smoothing

Structure-preserving image smoothing aims to extract main structures of images while
removing texture details. There are two types of method.

One contains the optimization based filters. Xu et al. develop a robust method on new
local variation measures to separate structure from texture [22]. Karacan et al. use region
covariance matrices to capture local structure and texture information [9].

Another kind of edge-preserving smoothing techniques is weighted average based
smoothing, which smooths an input image via weighted average affinities between neigh-
boring pixel pairs. Zhang et al. introduce a scale-aware filter called as rolling guidance filter
(RGF) [34]. RGF iteratively performs Gaussian filtering to remove small structures and joint
bilateral filtering to recover edges. Zhang et al. design a new edge-aware structure, named
segment graph, to represent the image and further develop a novel double weighted average
image filter (SGF) based on the segment graph [24].

However, these methods mentioned above cannot handle images with stripes or lattice
fence pattern because they take stripes and lattice fences as structures instead of texture.

Our approach combining de-striping with structure-preserving image smoothing
achieves promising results on the test image dataset.
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3 Approach

Our method has three distinct but interrelated stages- 1)Weakening stripes by frequency
based filtering 2)Removing texture detail and extracting main structures 3)Producing
segmentation results. Figure 2 demonstrates the procedure.

3.1 Frequency based filtering

Fourier transform is an important tool for image processing. For an image I(x,y) of size
M × N , its 2D discrete Fourier transform is defined as

F(u, v) =
M∑

x=0

N∑

y=0

I (x, y)e−j2π( ux
M

+ vy
N

) (1)

(a) (b)

(c) (d)

Fig. 2 The procedure of our novel segmentation approach is shown step by step through an example. a Input
image. b Image with weakened stripes. c The smoothed image. d Our finally segmentation result. In each
top left part of (a) and (b), image medium scale details have been boosted, and the stripes are significantly
weakened
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According to [13], the striping patterns in the original image will be captured in the
frequency domain as an elongated pattern in the direction perpendicular to the stripes.
For example, horizontal stripes (Fig. 1a) are presented as a vertical central narrow band
in Fourier domain (and contrarily, vertical ones as horizontal narrow band). Therefore, to
weaken stripe texture, we apply a band rejection filter on the image spectrum.

Then the filtering process in frequency domain is showed as equation:

M(u, v) = F(u, v)H(u, v) (2)

in which H(u, v) denotes the frequency filter and M(u, v) is the filtered fourier power
spectrum of the original image.

The de-striping method consists of three steps as shown in Fig. 3.

1. Get the power spectrum of the original image by 2D FFT.
2. Use a band rejection filter on the spectrum to mask frequency components which cause

stripes.
3. Apply inverse 2D FFT to the masked spectrum.

It involves two key components for designing the band rejection filter.

(1) Locate the stripe frequency components We propose an effective method to detect
which frequencies should be suppressed by the band rejection filter. Since stripes in spatial
domain are reflected by narrow bands of high amplitude values in a direction orthogonal to
the stripes [13], we accumulate the intensity values of the image spectrum along the narrow
band direction to get the discrete accumulation curve S. The narrow bands of the most likely
stripe frequencies are detected by finding the highest values of T , especially by looking for
local maxima. We define the bands as stripe-band. The peaks show where the rejection filter
should be applied.

For the image with horizontal stripes in Fig. 1a, its accumulation curve in spectrum
(Fig. 4b) is shown in Fig. 4a. The red points imply three bands of frequencies along vertical
axis to be rejected. Our method is not limited to vertical or horizontal stripes.

(2) Design the band rejection filter Based on the fact that the low frequencies in the
Fourier transform correspond to the smooth areas of an image, we should separate the low
frequencies from the stripe frequencies band detected above so as to preserve the image
information while weakening the stripes. According to [35], we extend stripe-band by width
W and project the values of the new band to the vertical line to get another accumulation
curve T by (3).

T (v) =
W∑

w=1

F(u, v) (3)

Fig. 3 Three steps of de-striping method. H(u, v) denotes the frequency filter
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Fig. 4 a Discrete accumulation curve S. Horizontal axis is in direction of stripes. The three red points
represent three places we apply band rejection filter. b Band rejection filter. The bluish line is the extended
band to get another accumulation curve and the region between two red points is separated from the rejection
band

in which F(u, v) is the fourier power spectrum of the original image, and W represents the
width of narrow bands of high amplitude values in the spectrum.

By finding local extreme values, we look for two points that separate the low frequencies
in the center of the detected frequencies band. Then the region between the two points will
be separated from the rejection band area. We treat each band the same way. In Fig. 4, the
region between two points along central band is separated from the band.

We apply the rejection filter to the spectrum to weaken the stripes, and then restore the
image. An example is shown in Fig. 2a. As we see in the boosted image details, stripes are
significantly weakened.

In the case of lattice fence image, it can be treated as two stripes in different directions.
We apply the method mentioned above to image in both directions to weaken lattice fence
texture.

3.2 Image smoothing

By filtering the images in the frequency domain, we remove the stripe or fence texture. In
this de-striping process, noise is introduced, which makes segmentation more challenging.
Using the images obtained above as input, we apply structure-preserving image smoothing
method on filtered image to smooth image and extract the main structure of the image. In
our paper, we use relative total variation(RTV) model to perform image smoothing [22].

3.2.1 Relative total variation (RTV) model

Relative total variation(RTV) model is proposed to capture the nature of structure and
texture which achieves promising results [22].

RTV model contains a general pixel-wise windowed total variation measure, written as

Dx(p) = ∑
q∈R(p) gp,q · ∣∣(∂xS)q

∣∣
Dy(p) = ∑

q∈R(p) gp,q · ∣∣(∂yS)q
∣∣ (4)

where q belongs to R(p) and R(p) is the rectangular region centered at pixel p. Dx(p) and
Dy(p) are windowed total variations in the x and y directions for pixel p, which count the
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absolute spatial difference within the window R(p). gp,q is a weighting function defined
according to spatial affinity, expressed as

gp,q ∝ exp(− (xp − xq)2 − (yp − yq)2

2σ 2
) (5)

where σ controls the spatial scale of the window.
To help distinguish prominent structures from the texture elements, besides D, RTV

model also contains a windowed inherent variation, expressed as

Lx(p) = | ∑q∈R(p) gp,q · (∂xS)q |
Ly(p) = | ∑q∈R(p) gp,q · (∂yS)q | (6)

L captures the overall spatial variation.
The objective function is finally expressed as

argmin
S

∑

p

(Sp − Ip)2 + λ · (
Dx(p)

Lx(p) + ε
+ Dy(p)

Ly(p) + ε
) (7)

Thanks to the proposed relative total variation measure, the RTV model makes main
structures of images easily distinguished from detail texture and achieves promising results
of structure-preserving image smoothing.

3.2.2 Examples

Figure 5b shows the result of the relative total variation model used directly on a striped
texture image. The reason why the performance is poor is that structure-preserving images
smoothing implicitly assumes that salient edges only come from object contours/boundaries
which is not true for stripe images. In this model, parameter σ represents the size of the
texture elements. When σ is set large, the stripes are considered as large texture elements,
but this will result in more blurred images.

Frequency-domain filtering makes stripes less obvious, the RTV model considers these
not as main structures but as texture details. Comparison results are shown in Fig. 5b and d.
Parameters, e.g. σ , λ(smoothness), of two approaches for each image are set to be the same
values. In Fig. 5b, the stripes are not smoothed, while they are smoothed in Fig. 5d.

Figure 6 shows the comparison of results of our method and method without lattice fence
weakening on a lattice fence pattern image.

3.3 Segmentation

After structure-preserving image smoothing, smoothed images contain a few intensity val-
ues and the main structures are extracted. In the third step, we employ an effective threshold
method for segmentation. In Figs. 5c and e, 6c and e, segmentation results of two approaches
are presented. Our approach achieves superior results.

4 Experimental results

Our Method is applied on a variety of test images, including fence image of prison and
textile dataset which contains images with stripe texture obtained from a textile mill. Very
promising results are achieved.
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(a) (b) (c)

(d) (e)

Fig. 5 Comparison of a striped texture image. a Input images. b Relative total variation model. c Segmenta-
tion results after RTVmodel without stripes weakening. d Smoothed images by our approach. e Segmentation
results obtained by our approach

(a) (b) (c)

(d) (e)

Fig. 6 Comparison of a lattice fence image. a Input images. b Relative total variation model. c Segmen-
tation results after RTV model without lattice fence weakening. d Smoothed images by our approach. e
Segmentation results obtained by our approach
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(a) (b)

Fig. 7 a Input fence image. b Segmentation results

As shown in Fig. 7, we have achieved great performance of image segmentation on
prison image occluded by lattice fence. It is known to all that image segmentation plays
an important role in surveillance security area such as train stations and prisons. But
it remains challenging to detect and segment meaningful objects such as human out of
cluttered background, especially suffering from stripe texture noise and occlusion by lat-
tice fence. Result in Fig. 7 shows that our approach works well in these situations,
which has great value in public security area such as prison surveillance and crime scene
investigation.

Figure 8a shows a textile image with background formed by stripe texture. The structure-
preserving image smoothing algorithms can not smooth the stripes directly because large
gradients of stripes make them mistaken as structures. As we can see, our method separates
the flower pattern completely from the stripes in Fig. 8b. Our approach is valuable in textile
industry. Based on the satisfied segmentation result of stripe jacquard fabric image, we could
combine textile printing with jacquard weave to produce new textile products which are
both colorful and high-grade. First, we get image of jacquard fabric and Segment the flower
pattern. Second, we register the designed color pattern with images of deformed jacquard
fabric. It will promote textile industry.

(a) (b)

Fig. 8 a Input fabric image. b Segmentation results
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(a) (b)

Fig. 9 a An image with characters. b Segmentation results

Our approach could benefit other application. Figure 9a shows an image of characters
embedded on fence. With our method applied to the image, the characters are successfully
extracted as shown in Fig. 9b. The optical character recognition(OCR) in natural scenes of
characters embedded on fence benefits from our new approach.

5 Conclusions and future work

We have presented an image segmentation method for images with stripe or fence texture,
with applications to multimedia security. Our approach consists of three steps: de-striping
by frequency filtering, structure-preserving image smoothing and classifying pixels as fore-
ground and background. Very promising results have been achieved by our method. In future
work, we will focus on image segmentation with repeated patterns not restricted to stripe
patterns, which could benefit more multimedia applications.
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