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Abstract

The detection of moving objects in a scene is a well
researched but depending on the concrete research
still often a challenging computer vision task. Usu-
ally it is the first step in a whole pipeline and all
following algorithms (tracking, classification etc.) are
dependent on the accuracy of the detection. Hence,
a good pixel-precise segmentation of the objects of
interest is mandatory for many applications. How-
ever, the underwater environment has mostly been
neglected so far and there exists no common dataset
to evaluate different algorithms under the harsh un-
derwater conditions and therefore a comprehensive
evaluation is impossible. In this paper, we present an
underwater change detection dataset consisting of five
videos and hundreds of handsegmented groundtruth
images as well as a survey of different underwater
image enhancement techniques and their impact on
segmentation algorithms.

1. Introduction

The most popular approach to create a pixelwise
foreground-background segregation is change detec-
tion. This is because changes in a static scene (pro-
duced e.g. by a mounted surveillance camera) cor-
respond to moving objects and they are generally
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the interesting parts of the scene. Non-static scenes,
produced by a moving camera, or single images are far
more challenging to handle and usually require object
specific algorithms that have to be trained beforehand,
for example neural networks or hear-like features.
Although they can be used on any scene, the need for
a learning phase for each object limits their usability.

In this paper, we address solely the case of a static
camera. There already exist several datasets for this
case in all kind of in air scenarios which have been
used for evaluation. The most prominent one at the mo-
ment is the changedetection.net dataset [1], [2] which
comprises dozens of videos and tens of thousands
of groundtruth images. Many algorithms have been
tested on this dataset and a comprehensive evaluation
could be made as all kinds of different scenes are
reproduced in the data, e.g. difficult weather situation,
shaky cameras or thermal videos.

Several other datasets exist but none is as com-
prehensive as the changedetection.net dataset. The
Wallflower dataset [3] consist of 7 videos with very dif-
ferent scenarios, for example a swaying tree or rapidly
changing lightning conditions. However, for each video
only one groundtruth frame is given. In [4] Prati et al.
use five videos with several hundreds of groundtruth
images overall but focused on the detection of shadows
in their algorithm and their dataset. An artificial dataset
was created by Brutzer et al. [5]. It consists of nine
videos, each depicting one specific challenge of change
detection. As artificial data was used they could easily
create many perfect groundtruth frames without any
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errors through human perception. However, the artifi-
cial data is far away from a perfect representation of
the reality. Another dataset is available at [6] and was
already used in several papers, e.g. [7], [8]. It consists
of many short videos which are mostly close-up shots
of humans with some moving objects or persons in the
background. Nevertheless, none of these datasets for
change detection contain any underwater video, so the
unique difficulties of this environment have not been
subjected to rigorous testing yet. Therefore, we present
a new dataset tailored for the challenges of underwater
change detection.

2. Underwater Dataset

The dataset includes five videos of different underwa-
ter scenes with fishes as moving foreground objects.
For each video the first 1000 frames are used as a
learning phase and are followed by 100 handsegmented
groundtruth images which are used for the evaluation
of the segmentation algorithms. First we want to de-
scribe some of the challenges which make an underwa-
ter change detection dataset necessary. The five main
difficulties in our experience are the following:

• Blur
Is caused by the forward scattering in water and
makes it impossible to get a sharp image.

• Haze
Small particles in the water cause back scatter.
The effect is similar to a sheer veil in front of the
scene.

• Color Attenuation
Water absorbs light stronger than air. Also, the
absorption effect depends on the wavelength of
the light and this leads to underwater images with
strongly distorted and mitigated colors.

• Caustics
Light reflections on the ground caused by ripples
on the water surface. They are similar to strong,
fast moving shadows which makes them very hard
to differentiate from dark objects.

• Marine Snow
Small floating particles which strongly reflect
light. Mostly they are small enough that they are
filtered out during the segmentation process, how-
ever, they still corrupt the image and complicate
for example the modeling of the static background
for Background Subtraction algorithms.

Furthermore, fishes, especially the species produced
in aquacultures, often have a color similar to the
background to hide from predators and/or swim in big
swarms. Both of these circumstances complicate the

Figure 1. Selected scenes from our dataset. Top: A shadow
of a fish (left) and marine snow (right). Bottom: A fish swarm
(left) and a fish which is barely distinguishable from the back-
ground (right).

precise detection of single fishes enormously. In our
videos we have reproduced most of these difficulties,
some examples can be seen in Figure 1.

The videos of this dataset were all taken with a
GoPro Hero 3 consumer camera and have a resolution
of 1920×1080. The corresponding groundtruth images
are labeled by three colors: white for background,
black for foreground and gray for border/unsure where
both labels are correct. The third category is especially
needed in the underwater context as the blurriness
often does not allow for a clear distinction between
object and background at the edges. Also, when a fish
swims into the scene from the background it is not
clear (and quite subjective) when an algorithm should
start detecting it.

In Figure 2 an overview over the different videos is
given, each featuring distinct difficulties.

• Caustics: Scene with a complex, partially moving
background and light effects produced by caus-
tics. The fishes are very similar to the background
and even for humans hard to detect.

• Fish Swarm: Fuzzy greenish river water with a
swarm of fishes constantly present in the scene
and thereby complicating the background model-
ing.

• two Fishes: Basic scene with two fishes in a
fishtank slowly moving.

• Marine Snow: An aquarium with good visual
conditions and many different fishes, however the
permanent presence of marine snow exacerbates
the segmentation task.

• small Aquaculture: An aquaculture used for sci-
entific purposes, easier background and clearer
water than in Fish Swarm but even more fishes.

The videos were taken at the Fraunhofer EMB (fa-
cility for marine- and biotechnology) in Lübeck,
the Ozeaneum in Wismar and the Natur- und



Figure 2. Some examples from the 5 videos of the Dataset.
From top to bottom: two Fishes, Caustics, Fish Swarm, Marine
Snow and small Aquaculture.

Umweltpark in Güstrow (natural- and environmen-
tal park). The whole dataset is available under
underwaterchangedetection.eu and we encourage
other researchers to evaluate their algorithms on it
to get a better overall picture of change detection
underwater. In next section are the results for five
different algorithms already given, which can be used
for comparison.

3. Approach

We evaluated the videos with different background
modeling and subtraction methods as this is the most
prominent approach for segmenting a video taken
with a camera that is static. We used our own GSM
approach as well as three other background subtraction
approaches which have an open and freely available
implementations to ensure a fair comparison. For fur-
ther comparison and to get a broader overview we also
included the approach of Ochs et al. [9] which uses the
optical flow between two consecutive frames to derive

Figure 3. At the top the effect of the marine snow removal
algorithm is shown and at the bottom an example for the
learning-based deblurring is given.

a segmentation and therefore is not dependent on a
background model.

Moreover, we studied the effects of underwater
image enhancement algorithms on the segmentations.
In the following subsections we shortly explain these
methods and their effect on the images.

3.1. Marine Snow Removal

Marine snow is a problem which is present in two
of the presented videos, it is has a strong impact
in the Marine Snow video and is also visible in
the Fish Swarm video but there mainly in regions
without fishes. To remove these unwanted parts of the
image we implemented a method based on [10]. We
use search windows of different sizes over the whole
frame to detect spots which are unusually bright for
their neighborhood and then replace them by median
filtering. The effect on the human observer is a visually
more pleasant image and the pixels where marine
snow was replaced by median filtering are hardly
recognizable (see Figure 3).

3.2. Learning-based Deblurring - LbD

Underwater images suffer from a strong blur of their
features due to forward scatter of light from the object
to the camera. To address this issue, [11] proposed
a dictionary learning algorithm based on sparse repre-
sentation. The advantage of a learning-based algorithm
is that it can extract useful knowledge of the physical
properties from a given dataset although an explicit
model is not available. The sparse representation the-
ory says that by having an overcomplete dictionary
(a matrix of vectorized image patch elements), we
can represent a vectorized patch over this dictionary



Figure 4. Depicted are, from left to right, the original snippet from the Fish Swarm video, the color corrected version with the adaptive
gray world approach and the result of the automatic color equalization.

using only few elements of this dictionary. Using
this together with the dictionary learning algorithm
(KSVD), the relation between a set of degraded train-
ing image patches and corresponding high quality ones
is learned and can then be used for the restoration
of any underwater image. Since blur of underwater
images is a function of distance, they also extracted
a depth map of the single input image to provide an
adaptive deblurring which further improved the results
(see Figure 3).

3.3. Adaptive Gray World - AGW

Color cast is a common problem for underwater images
due to the strong light absorption in this medium. In
[12] a simple but still effective color mapping scheme
was proposed which is based on the gray world hy-
pothesis. They claim that discarding extreme cases in
deep sea where red or even green colors are completely
vanished, the gray world hypothesis is valid. Although
remapping the image directly using this hypothesis
leads to polarized dominant color channel so that
the result will have poor dynamic range. To avoid
this undesired result, they introduced an adaptive gain
factor. Using this gain factor each pixel is sketched
with a different weight. As a result, not only the colors
are sketched based on their wavelength but also the
whole dynamic range is used. An example is given in
Figure 4.

3.4. Automatic Color Equalization - ACE

Automatic Color Equalization is a method introduced
by Gatta et al. [13] which combines the gray world
and the white patch approach as well as lateral inhi-
bition for a fully automatic image enhancement. The
original algorithm is quite slow (O(N4)) and therefore
unusable for an HD-Video. We use the implementation
of [14] which reduces the complexity to O(N2logN)

by using polynomial approximation for the slope func-
tion. An Example can be seen in Figure 4, there the
difference between the fishes and the background is
more distinct than in the original frame.

3.5. Segmentation Methods

To analyse the difficulties of the dataset for segmen-
tation algorithms and afterwards analyse the effect of
the aforementioned image enhancement methods, five
different segmentation algorithms were used by us.
The first method is a background subtraction approach
which uses a mixture of gaussians (MOG 1) [15] to
model the background. Important parameters like the
update rate or the number of Gaussians are determined
by using the Maximum Likelihood estimation which
should make the method very robust. The second
method [16] (MOG 2) also uses a mixture of gaussians
approach but uses two different updating schemes
to improve the important initialization of the model.
Furthermore, a shadow detection is implemented to
avoid the classification of shadows as foreground ob-
jects which is a common problem for segmentation
algorithms.

In the third approach [17] (KNN) a non-parametric
background subtraction is described by using a
k−nearest neighbors on a kernel of variable size. The
last background subtraction approach, the gaussian
switch model from [18] (GSM), is based on the com-
parison of two gaussian models with different updating
schemes to get the optimal background model. To get
a broader view over the field of segmentation we also
included the method from [9] which takes a completely
different approach. There the optical flow is used to
track features over many frames of the video and
then the point-trajectories based on these features are
clustered into static trajectories (background) and mov-
ing trajectories. This method has the advantage that
it inherently differentiates between differently moving



foreground objects but is also slower than a back-
ground subtraction approach since the computation of
the optical flow and the creation and clustering of the
trajectories are computational very expensive.

4. Results

We made a comprehensive evaluation of these seg-
mentation algorithms to compare their performance
on underwater videos and afterwards added the im-
age enhancement methods to see if underwater image
enhancement can actually help with the segmentation
process and if different algorithms profit differently
from them. First we ran all four background subtrac-
tion approaches on the dataset, the results can be seen
in Table 2.

There the four basic numbers for binary classifica-
tion (true negative, true positive, false negative and
false positive) are given and the deduced values F1-
Score and Matthews Correlation Coefficient (MCC)
[19]. The MCC is a value out of the intervall [−1, 1]
and the value 1 would signify a segmentation that is
completly similar to the groundtruth data and 0 would
be equivalent to a segmentation created by random
noise. In the following we will only use the MCC value
to compare the different methods. For the gray/unsure
areas in the groundtruth images both classifications
were correct, so if the pixel is classified as background
by the algorithm it would count as a true negative and
otherwise as a true positive pixel.

The hardest video for the background subtraction
algorithms was the Fish Swarm as it combines a diffi-
cult background, color cast and the constant presence
of many foreground objects. Especially the many fore-
ground objects make the modeling of the background
very difficult which can be seen in Figure 5, the model
is blurred and often a mix between the background and
the color of the fishes passing by.

Also interesting is that the two Fishes video, which
we thought to be the simplest of all five, does not
provide the best results per se. The results are very
stable with regard to the segmentation method but for
example the KNN algorithm provides better results
in the Caustics, Marine Snow and small Aquaculture
videos. Overall the KNN algorithm gives the best
results although it performed comparatively bad in the
two Fishes video. An example of the segmentation of
the KNN and GSM algorithms is depicted in Figure 6.

The segmentation by motion from [9] has to be
treated separately as it did not provide meaningful
results for two of the videos. The reason for this is
that the videos small Aquaculture and two Fishes have
a uniform and featureless background. This, which

Figure 5. A snippet from the Fish Swarm video (top) and the
trained background model (bottom) of the GSM algorithm.

Video: - +ACE +AGW +LbD
Marine Snow 0.7669 0.7842 0.6693 0.8548
Fish Swarm 0.4907 0.5936 0.4883 0.6076

Caustics 0.3810 0.5782 0.4588 0.6974
Table 1. Results of the Motion Segmentation [9] on three of

the videos. Also the effects of three different image
enhancement algorithms are shown. The numbers indicate

Mathews Correlation Coefficient (MCC).

would be considered as an advantage for the back-
ground subtraction methods, is an irresolvable problem
for this approach since the segmentation is based on
the tracking of features and as the background has no
features a distinction between foreground objects and
the background is impossible. An example of this can
be seen in Figure 7.

On the other three videos the method provided
decent results, although in general not as good as the
background subtraction methods. It has to be noted
that this approach is slow but has the advantage that it
inherently differentiates between different foreground
objects and tracks them. The results on our dataset and
the effects of combining it with image enhancement
methods are shown in Table 1. The effect of the
AGW method is ambivalent but ACE and LbD improve
the results consistently through all three videos. The
reason for this is that these methods make features
in the image more distinct and thereby allow the
algorithm to track more features. For example in the
normal Marine Snow video 28197 features could be
tracked but when the video was first deblurred by LdD
this number increased to 80225.



Figure 6. Top: the raw image and the ground truth data.
Bottom: segmentation results of our GSM algorithm (left) and
on the the Background Subtraction of [15] (right).

The impact of the underwater image enhancement
on the background subtraction methods is depicted in
Table 3. Altogether, the results are not as clear as in
the previous example. In some cases the enhancement
significantly improved the segmentations, for example
the MOG 2 algorithm performed better on the Marine
Snow video when ACE was used in a preprocessing
step (0.668 to 0.829). However, more often the seg-
mentations got worse when an enhancing algorithm
was used before segmenting the video so that overall
it does seem questionable investing time and effort into
such an algorithm if background subtraction is used.

The AGW method showed the smallest impact on
the segmentations but also the best as it increased
the overall results of three out of the four algorithms
slightly. ACE showed great improvements for some
videos (e.g.: KNN on Fish Swarm: 0.59 to 0.84) but
overall decreased the performance of all four algo-
rithms. For LbD the results were quite similar although
the impact on the performance was less significant.
Altogether, the usefulness of the image enhancement
was extremely depend on the scene and therefore they
should only be used very carefully.

These poor results, in our opinion, can be explained
by two facts. First of all, enhancement algorithms tend
to enhance the noise in the image as well as the true
signal, so that the positive effect is very limited as
noise is a big problem for background subtraction
approaches. Furthermore, all the tested image enhance-
ment algorithms work on single images and not on
videos. Hence, their effect on the scene will be slightly
different from frame to frame and therefore obstruct
the creation of a consistent background model.

Lastly we want to look at the effect of the marine
snow removal. We only tested it on the video Marine
Snow since only there the impact of marine snow on
the video is significant on the areas where foreground
objects are. The effect was almost the opposite of that

Figure 7. On the left side are segmentation shown from the
algorithm [9] overlayed over the original frame. The right side
displays a close-up of the features which were tracked.

of the other image enhancement techniques, the results
of the motion segmentation of [9] got worse since
the background became more uniform and featureless
(from 0.775 to 0.591). On the other hand, the effect
on background subtraction methods was consistently
positive as the background modeling became easier
without the marine snow. For example GSM improved
from 0.848 to 0.870 or KNN from 0.8316 to 0.8726.

5. Conclusion

In this paper we provided an underwater change
detection dataset to investigate the properties under
the difficult circumstances in water. The need for
this dataset arose since underwater territory is still
uncharted territory. Although many different datasets
already exist with a great variety of videos depicting
different difficulties none of them had any underwater
video included. We tried to depict all important diffi-
culties of the underwater context but focused on fishes
as foreground object. In the future an extension of the
dataset would be desirable to also include other moving
underwater objects, for example divers, jellyfishes or
underwater vehicles.

In the second part of the paper we run five different
segmentation algorithms on this dataset to assess their
performance in this environment and to give a first
set of results with which new algorithms can be
compared. Furthermore, the effect of four different
image enhancement methods was investigated as these
methods are commonly used in the underwater context.
The effect, especially for the background subtraction
algorithms, was not as straight forward as we hoped. It
is strongly depended on the scene and although great
improvements could be achieved for some scenes the
overall results got worse. It is very hard to estimate the
effect of a combination of these algorithms beforehand,
for example the GSM did only gain something from



Algorithm True Negatives True Positives False Negatives False Positives F1-Score MCC
two Fishes Video:

GSM [18] 180,375,360 17,611,623 3,144,660 6,228,357 0.7898 0.7669
MOG 1 [15] 180,197,503 17,876,878 3,203,631 6,081,988 0.7938 0.7708
MOG 2 [16] 186,601,671 12,668,199 7,377,859 712,271 0.7579 0.7555

KNN [17] 171,035,889 19,855,054 1,233,689 15,235,368 0.7068 0.6930

Caustics Video:
GSM [18] 199,856,886 2,845,746 399,016 4,258,352 0.5499 0.5841

MOG 1 [15] 202,367,357 2,922,016 396,985 1,673,642 0.7383 0.7435
MOG 2 [16] 204,526,698 1,441,280 1,260,559 131,463 0.6743 0.6964

KNN [17] 202,611,023 2,869,860 21,439,644 1,492,743 0.7533 0.7571

Fish Swarm Video:
GSM [18] 170,096,604 14,821,201 21,153,182 1,289,013 0.5691 0.5721

MOG 1 [15] 171,894,004 6,339,948 29,026,034 100,014 0.3033 0.3874
MOG 2 [16] 172,338,391 1,025,615 33,988,415 7,579 0.0569 0.1556

KNN [17] 171,228,069 14,420,954 21,439,644 271,333 0.5705 0.5904

Marine Snow Video:
GSM [18] 189,927,339 14,378,161 3,209,105 1,918,995 0.8361 0.8487

MOG 1 [15] 189,109,247 14,516,541 3,070,725 2,737,087 0.8182 0.8333
MOG 2 [16] 192,618,186 7,074,827 7,251,284 415,703 0.6480 0.6682

KNN [17] 190,710,197 13,326,863 4,260,403 1,136,137 0.8224 0.8316

small Aquaculture Video:
GSM [18] 152,343,809 34,692,315 16,803,395 3,520,481 0.7734 0.7255

MOG 1 [15] 154,091,301 34,900,057 17,237,378 1,131,264 0.7383 0.7435
MOG 2 [16] 156,568,143 13,975,078 36,795,641 21,138 0.4315 0.4715

KNN [17] 152,381,919 43,446,320 9,336,148 2,195,613 0.8828 0.8504

whole Dataset:
GSM [18] 892,599,998 84,349,046 44,709,358 17,215,198 0.7314 0.7048

MOG 1 [15] 897,659,412 76,555,440 52,934,753 11,723,995 0.7030 0.6850
MOG 2 [16] 912,653,089 36,184,999 86,673,758 1,288,154 0.4513 0.5075

KNN [17] 887,967,097 93,919,051 36,656,258 20,331,194 0.7672 0.7318
Table 2. All four different background subtraction methods evaluated on the underwater change detection dataset.

the marine snow removal but nothing from the color
correction algorithms probably because a color space
conversion is used at the beginning. In general a
scene with color cast seems to be ideal for these
combinations as almost all showed improvements on
the Fish Swarm video.
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[5] S. Brutzer, B. Höferlin, and G. Heidemann, “Evaluation
of background subtraction techniques for video surveil-
lance,” in Computer Vision and Pattern Recognition
(CVPR). IEEE, 2011, pp. 1937–1944.

[6] “Database of monocular sequences labelled
into foreground and background layer,”
http://research.microsoft.com/vision/cambridge/i2i/
DSWeb.htm, accessed: 2016-06-16.



two Fishes Caustics
Algorithm - +ACE +AGW +LbD - +ACE +AGW +LbD

GSM [18] 0.7669 0.5278 0.7594 0.7164 0.5841 0.3325 0.5786 0.4001
MOG 1 [15] 0.7708 0.7297 0.7969 0.7633 0.7435 0.5520 0.7466 0.6618
MOG 2 [16] 0.7555 0.7056 0.7990 0.7549 0.6964 0.7419 0.6964 0.6711

KNN [17] 0.6930 0.5887 0.7391 0.6806 0.7571 0.4516 0.7557 0.6278

Fish Swarm small Aquaculture
Algorithm - +ACE +AGW +LbD - +ACE +AGW +LbD

GSM [18] 0.5721 0.5014 0.5673 0.5199 0.7255 0.6462 0.7232 0.6583
MOG 1 [15] 0.3874 0.7350 0.3946 0.4500 0.7435 0.4377 0.7624 0.7374
MOG 2 [16] 0.1556 0.3362 0.1694 0.2423 0.4715 0.3197 0.4720 0.4719

KNN [17] 0.5904 0.8402 0.5503 0.6160 0.8504 0.4210 0.8517 0.8157

Marine Snow Overall
Algorithm - +ACE +AGW +LbD - +ACE +AGW +LbD

GSM [18] 0.8487 0.6316 0.8096 0.6850 0.7048 0.5525 0.6945 0.6196
MOG 1 [15] 0.8333 0.8214 0.8537 0.7923 0.6850 0.6407 0.6979 0.6790
MOG 2 [16] 0.6682 0.8290 0.7190 0.6507 0.5075 0.4962 0.5266 0.5143

KNN [17] 0.8316 0.7975 0.8625 0.8115 0.7318 0.6253 0.7474 0.7244
Table 3. Evaluation of the impact of different image enhancement methods on the background subtraction methods. Given is the

MCC value.

[7] A. Criminisi, G. Cross, A. Blake, and V. Kolmogorov,
“Bilayer segmentation of live video,” in 2006 IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition (CVPR’06), vol. 1, June 2006, pp.
53–60.

[8] P. Yin, A. Criminisi, J. Winn, and I. Essa, “Tree-
based classifiers for bilayer video segmentation,” in
2007 IEEE Conference on Computer Vision and Pattern
Recognition, June 2007, pp. 1–8.

[9] P. Ochs, J. Malik, and T. Brox, “Segmentation of
moving objects by long term video analysis,” IEEE
Transactions on Pattern Analysis and Machine Intel-
ligence, vol. 36, no. 6, pp. 1187–1200, June 2014.

[10] S. Banerjee, G. Sanyal, S. Ghosh, R. Ray, and
S. N. Shome, “Elimination of marine snow effect
from underwater image - an adaptive probabilistic
approach,” in Electrical, Electronics and Computer
Science (SCEECS), 2014 IEEE Students’ Conference
on, March 2014, pp. 1–4.

[11] F. Farhadifard and M. Radolko, “Adaptive UW Image
Deblurring via Sparse Representation,” in EG 2016 -
Short Papers, T. Bashford-Rogers and L. P. Santos, Eds.
The Eurographics Association, 2016.

[12] F. Farhadifard, Z. Zhou, and U. F. von Lukas,
“Learning-based underwater image enhancement with
adaptive color mapping,” in 2015 9th International
Symposium on Image and Signal Processing and Anal-
ysis (ISPA), 2015, pp. 48–53.

[13] C. Gatta, A. Rizzi, and D. Marini, “Ace: An automatic
color equalization algorithm,” in Proceedings of the
First European Conference on color in Grpahics Image
and Vision (CGIV02), 2002, pp. 266–277.

[14] P. Getreuer, “Automatic Color Enhancement (ACE) and
its Fast Implementation,” Image Processing On Line,
vol. 2, pp. 266–277, 2012.

[15] Z. Zivkovic, “Improved adaptive gaussian mixture
model for background subtraction,” in Proceedings of
the Pattern Recognition, 17th International Conference
on (ICPR’04), Volume 2 - Volume 02, ser. ICPR ’04.
IEEE Computer Society, 2004, pp. 28–31.

[16] P. KaewTraKulPong and R. Bowden, “An improved
adaptive background mixture model for real-time track-
ing with shadow detection,” in Video-based surveillance
systems. Springer, 2002, pp. 135–144.

[17] Z. Zivkovic and F. Heijden, “Efficient adaptive density
estimation per image pixel for the task of background
subtraction,” Pattern Recogn. Lett., vol. 27, no. 7, pp.
773–780, May 2006.

[18] M. Radolko and E. Gutzeit, “Video segmentation via
a gaussian switch background-model and higher order
markov random fields,” to appear in VISAPP 2015 -
Proceedings of the 10th International Conference on
Computer Vision Theory and Applications.

[19] B. Matthews, “Comparison of the predicted and ob-
served secondary structure of t4 phage lysozyme,”
Biochimica et Biophysica Acta (BBA) - Protein Struc-
ture, vol. 405, no. 2, pp. 442 – 451, 1975.


