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Abstract. In this paper we evaluate our method for Background Mod-
eling Through Dictionary Learning (BMTDL) and sparse coding on the
recently proposed Scene Background Initialization (SBI) dataset. The
BMTDL, originally proposed in [1] for the specific purpose of detect-
ing the foreground of a scene, leverages on the availability of long time
observations, where we can treat foreground objects as noise. The SBI
dataset refers to more general scene modeling problems – as for video
segmentation, compression or editing – where video sequences may be
generally short, and often include foreground objects occupying a large
portion on the image for the majority of the sequence. The experimental
analysis we report is very promising and show how the BMTDL may be
also appropriate for these different and challenging conditions.

1 Introduction

In the last decades, a large body of the literature has addressed the problem of
modeling and maintaining a background of the scene with the purpose of detect-
ing variations at run time. This is a typical requirement of video-surveillance
applications. An account of the related literature is out of the scope of this
paper, we refer in particular to multi-variate background models, able to deal
with complex outdoor scenarios. Recently, dictionary learning has been consid-
ered as an effective and elegant way to incorporate scene variations in multi-
variate background models. Indeed, a video sequence is often obtained from a
fixed camera looking at a slowly changing background. In this setting we can
consider the atoms as denoised versions, or prototypes, of the inputs [8,9]. Over
time, a richer dictionary is expected to arise in order to be able to capture
greater (and permanent) changes in the background. Sparsity, which has been
reported to favor discriminative power in subsequent classification tasks [10–12],
here ensures a model of the background consisting of a linear combination of a
few prototypes. The prototypes actually used in the model provide information
can be usefully employed to reason on the time evolution of the image.

Dictionary learning approaches may be applied to different input data. A
pixel-based modeling of the background, as in standard background modeling
methods [2,3], does not appear to be informative enough for learning a dic-
tionary. Thus most methods learn a dictionary of the entire image [4–7,20]
even if, doing so, the peculiarities of the application domain, where changes
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are often local and with a limited spatial extent, are not exploited. Also, differ-
ent portions of the image may require models of different complexity, or more
frequent updates. Our BMTDL method (Background Modeling Through Dictio-
nary Learning) which we proposed in [1] for the specific application to change
detection, adopts a space-variant patch-based model which allows us to choose
an appropriate scale for the model (related to the patch size) and, in principle,
to exploit prior information by selecting an appropriate size for a given position
on the frame.

The concept behind BMTDL is the fact that in video-surveillance long time
observations are usually available, and thus the background can slowly improve
while the foreground can be soon treated as noise. This idea allowed us to address
very complex illumination and scene changes, in particular periodic ones. In this
work we test the applicability of BMTDL, more in general, to background mod-
eling from a video sequence, with potential application to video segmentation,
compression, and editing. Unlike video-surveillance systems, in this setting we
have shorter observations, possibly including foreground objects which are stable
for a majority of frames. We stressed the use of our method on the recent Scene
Background Initialization (SBI) dataset [21] to test its appropriateness under
general circumstances. The results we obtain are promising and appropriate of
most scenarios: slowly changing foreground objects are easily dealt with, highly
dynamic foreground is cleaned away. Figure 1 shows examples of the most likely
background images.

Fig. 1. Examples of the (normalized) background models we obtained on the SBI
dataset.

In the remainder of the paper we first briefly review the structure of our
method (Sec. 2), to discuss then in detail the analysis we performed on the SBI
dataset (Sec. 3). We conclude the paper with a final discussion (Sec. 4).

2 A Review of the BMTDL Algorithm

In this section we review the BMTDL algorithm, starting with a brief introduc-
tion of the mathematical core of the method, and then summarizing the main
algorithmic steps. We refer the interested reader to [1] for a deeper discussion.

2.1 �1−Dictionary Learning

The goal of sparse dictionary learning (DL) is to build data representations by
decomposing each datum into a linear combination of a few components selected
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from a dictionary of basic elements, called atoms. More technically, given a datum
x ∈ R

n, we can assume the existence of a dictionary of K atoms {d1, . . . ,dK}
such that x ≈ Du for some sparse K-vector u and where dj is the j − th column
of the n × K-matrix D.

Often times, the dictionary is fixed and derived analytically, but to achieve
adaptivity its atoms should be learnt directly from the input data. Actually,
both dictionary atoms and data representations can be learnt from data. Sparse
coding, also known as �1−Dictionary Learning [12], relies on solving the following
functional:

min
D,u

‖x − Du‖22 + λ‖u‖1 subject to ‖dj‖2 ≤ 1, (1)

where the regularizer induces sparsity in the components of the u vector [14].

Algorithm 1. BMTDL algorithm described with pseudo-code

1: procedure BMTDL({pt
xy}N

t=0) � State := NORMAL
2: Bootstrap({pt

xy}k
t=0) � Init. the dictionary

3: for t ← k + 1, N do
4: err ← recError()
5: if (err ≤ τerr) then
6: if (CLEAN COND) then � State:=CLEAN
7: dictPruning()
8: end if � State:=NORMAL
9: else � State:=ANOMALY

10: if (TimeAnomCounter > τtemp) then � State:=UPDATE
11: dictLearning()
12: end if � State:=NORMAL
13: end if
14: end for
15: end procedure

Although the joint minimization problem in (D,u) is non-convex and non-
differentiable, it is convex in each variable and it can be solved by iteratively
minimizing first with respect to u (sparse coding step) and then to D (dictionary
update step), assorting to a procedure known as block-coordinate descent [12].

In this work the data are image patches of a fixed size acquired by a still
camera over time. In what follows, each patch will be named pt

xy, meaning that
the area we are considering is centered at the position xy of the time instant t. A
patch evolving in time will participate to form and update a specific dictionary
Dxy. Therefore, our data are a sequence of xi examples, i = 1, . . . – each one
being the patch unfolded in a n-dimensional vector – where the observation
at time t could possibly update the previous solution. In the machine learning
terminology this would correspond to an online learning procedure [13].
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2.2 The Background Modeling Procedure

We now summarize the algorithmic pipeline of the BMTDL method. For the
sake of simplicity, we focus on processing a single image patch.

Algorithm 1 provides a sketch of the procedure. At each time instant, a patch
can be in one among four possible states: states NORMAL and ANOMALY, that
may be persistent for some time, and transient states UPDATE and CLEAN.

On a bootstrap phase, the dictionary Dxy is initialized with the first k patches
normalized in order to constrain the atoms to have unitary norm. After initial-
ization, the patch is in the NORMAL state.

Now a dictionary instance is available, the online procedure may start. Given
a new patch instance pt

xy, the procedure attempts the decomposition with
respect to the current dictionary Dxy. To the purpose, we first estimate the fea-
ture vector u as pt

xy ≈ Dxyu by minimizing Eq. 1 with respect to u only. The,
we compute the reconstruction error as ||pt

xy − Dxyu||2/||pt
xy||2. If the recon-

struction error is lower than a threshold τerr – meaning that the reconstruction
has been successful – the patch remains in a NORMAL status, otherwise there
is a transition to the ANOMALY state. Each time an atom is employed in the
reconstruction of the patch a usage counter is increased, to control later the dic-
tionary size. When the patch is in the NORMAL state, at regular time intervals
it assumes the transient stage CLEAN to undergo a pruning of its dictionary.
The method checks the usage counters associated with the atoms and discards
the ones which have seldom been used (they may be e.g. atoms corresponding
to foreground moving object, erroneously enrolled in the model).

When a patch is in state ANOMALY, it undergoes the decomposition as well.
As far as it succeeds, the patch goes back to the NORMAL state, otherwise a
temporal counter that indicates the persistence of the anomaly state in the patch
is increased. When the counter is large enough (≥ τtemp) it is likely to indicate
a permanent background change: the state of the patch becomes UPDATE and
the dictionary is enriched to accommodate new stable information as follows.
Using the last τtemp frames as training data, we learn a new dictionary Dupdate

xy

of a fixed size Kupdate by minimizing Eq. 1, and add the new estimated atoms to
the main dictionary Dxy = Dxy ∪Dupdate

xy . Then the system returns in the state
NORMAL and begins to process new patches with the updated dictionary.

In summary, we obtain a background model with a memory, able to model
recurring background events that are detected as foreground only for the first
occurence. We can control the capability of the method of adaptation to time
changes, as well as its ability in detecting time-variant dynamic events, by appro-
priately tuning the τtemp parameter. Similar considerations, together with com-
putational issues, should guide the choice of Kupdate.

3 Experimental Results

In this section we discuss the experimental analysis we performed on the recently
published Scene Background Initialization (SBI) dataset [21]. We refer the reader
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to [1] for a deeper evaluation of BMTDL on other benchmarks and for compar-
isons with other approaches. The dataset is a collection of image sequences of
different complexity extracted from publicly available datasets. Together with
the dataset, a set of Matlab scripts has been provided, allowing a common proto-
col of evaluation based on comparing the true background model GT (an image)
with the estimated background model CB.

Notice that the latter is not directly available in our framework, since
BMTDL provides us with a multi-variate patch model which incorporates differ-
ent possible background states (corresponding to stable configurations). There-
fore, to allow the evaluation, we composed an image CB by selecting the atoms
which are closest to the GT image.

Table 1. Quality indexes of our background model with PS=10 and τtemp=50

Sequence AGE EPs pEPs CEPs pCEPS MSSSIM PSNR Atoms

Hall&Monitor 10.15 480 0.0057 0 0. 0.99 27.59 2.13
HighwayI 20.65 36414 0.4741 12254 0.1596 0.87 21.23 5.48
HighwayII 17.04 6872 0.0895 243 0.0032 0.98 23.30 3.56
CaVignal 13.50 942 0.0362 160 0.0062 0.94 24.95 2.21
Foliage 3.84 141 0.0050 11 0.0004 0.99 34.34 5.94
People&Foliage 4.46 2276 0.0296 212 0.0028 0.94 30.46 8.94
Snellen 12.25 3307 0.1687 1050 0.0536 0.86 22.86 5.37

Avg. 11.698 7204.571 0.116 1990.000 0.032 0.937 26.391
± std.dev ±6.177 ±13083.813 ±0.168 ±4540.045 ±0.059 ±0.054 ±4.687

Once we formed our best CB, we evaluated it by means of the scripts provided
with the dataset. These scripts compute a set of metrics:

– AGE: average of the gray-level absolute difference between GT and CB
images (the lower the better).

– EPs: number of pixels in CB whose value differs from the value of the corre-
sponding pixel in GT by more than a threshold th, fixed to 20 as suggested
(the lower the better).

– pEPs: percentage of EPs with respect to the total number of pixels in the
image (the lower the better).

– CEPs: number of pixels whose 4-connected neighbors are also error pixels
(the lower the better).

– pCEPs: percentage of CEPs with respect to the total number of pixels in
the image (the lower the better).

– PSNR: amounts to 10log10
(L−1)2

MSE where L is the maximum number of grey
levels and MSE is the Mean Squared Error between GT and CB images. It
assumes values in decibels (the higher the better).

– (MS-SSIM) [19]: estimate of the perceived visual distortion (the higher the
better).
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There is a last quality index in the evaluation that we did not consider, being
referred to color images.

Table 1 reports the output of the Matlab scripts for a fixed configuration of
our method corresponding to a square patch 10×10 pixels and τtemp to 50 frames.
The table also reports the dictionary size K, averaged over the image, (last
column) which is an indication of the scene complexity. It can be noticed how
the reported performances are very good on average. Observe how the average
grey levels (AGE), which influence all the other metrics, are well below the
threshold th. An exception is the sequence HighwayI, where shadows and highly
dynamic foreground objects cause occasionally larger differences.

For a further analysis, we compare the effects of changing the size of the patch
side (10, 20, 130 or 40 pixels) and the value of τtemp (25, 50 or 100 frames).

(a) Hall&Monitor (b) HighwayI (c) HighwayII

(d) CaVignal (e) Foliage (f) People&Foliage

(g) Snellen

Fig. 2. Performances of the method in terms of the percentages pEPs and pCEPs (on
the y-axis) as the patch side increases (on the x-axis) and for different choices of τtemp

(Solid line: pEPs; dotted line: pCEPs. red xs: τtemp = 25; green squares: τtemp = 50;
blue circles: τtemp = 100.)

The results of the comparison are reported in Fig. 2, for pEPs and pCEPs
indexes. Here some observations are in order. First, we can easily observe how the
performances on the first, and easiest, sequence Hall&Monitor, is independent on
the specific values of the parameters. Conversely, for the last sequence Snellen,
an appropriate choice of the parameters is crucial (better using small patches,
regardless of the update frequency).
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The first of the Highway sequences can be more appropriately handled with
a slow rate of update coupled with small image patches. This is caused by the
relevant velocity and size of the foreground objects (cars), that might be enrolled
in the model when updating more frequently. Different properties characterize
the second Highway sequence (spatially smaller moving objects), for which a
higher update rate is convenient with small patches, while it is beneficial to
update less when image patches have higher size.

In the case of CaVignal, where a subject stands still for more than the half
of the frames before moving, a less frequent update, in general, does not allow
the enrollment of the correct background atoms.

Finally, Foliage and People&Foliage sequences differ in the background
dynamic, which is still in the first and moving in the second. For Foliage a small
image patch is not an appropriate choice. The case of People&Foliage is somehow
peculiar in that all the plots show a similar behavior, with the presence of peaks.
This testifies the need for an appropriate synchronization of the model parameters.

We may conclude with a general consideration on the performances of our
method on the SBI dataset, observing that the use of small side patches is often
the best option to improve the quality of the obtained CB image.

4 Discussion

In this paper we discussed the applicability of our method for background
modeling, BMTDL, to the Scene Background Initialization dataset. BMTDL
is based on the use of dictionary learning and sparse coding to build dictio-
naries at a patch level to gather background information evolving over time.
Our method was first proposed as a solution for foreground segmentation in
video-surveillance, where the availability of long time observations favors the
refinement of background models (dictionaries).

The SBI dataset provided for our method a challenging scenario, considering
more general video analysis problems where modeling the scene background is an
issue, and often characterized by a lower amount of video frames. The presence
of foreground objects covering large portions of the image plane for significant
temporal extents further increases the level of complexity.

We discussed how to use our method to obtain an explicit background image,
which was not directly available in our approach (background models are dic-
tionaries, collection of atoms). Then, we evaluated the obtained images with
the scripts provided with the SBI dataset in order to quantify the goodness of
our estimated images. We obtained very promising results, showing the capabil-
ity of our method to appropriately model the scene background under general
circumstances and, possibly, with an appropriate tuning of the parameters.
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