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Abstract. Background initialization is the task of computing a back-
ground model by processing a set of preliminary frames in a video scene.
The initial background estimation serves as bootstrap model for video
segmentation of foreground objects, although the background estima-
tion could be refined and updated in steady state operation of video
processing systems. In this paper we approach the background modeling
problem with a weightless neural network called WiSARDrp. The pro-
posed approach is straightforward, since the computation is pixel–based
and it exploits a dedicated neural network to model the pixel background
by using the same training rule.

1 Introduction

Background modeling and estimation in video sequences is a challenging problem
in computer vision since it is a required task in several research and commercial
applications domains, such as video surveillance, segmentation, understanding,
and compression, just to mention a few. Background estimation is the task of
distinguishing foreground objects from background areas in video frames. Eval-
uation and comparison surveys of existing techniques can be found in literature
[4,12,13].

Background modeling approaches can be classified into the following main
categories: pixel–based [12], region–based [15] and object–based [8]. The first
one mainly based on individually pixel changes. The second one based on the
analysis of the single pixel with its neighborhood. The latter based on splitting
the image into regions that are likely to belong to the same object. Another
classification has been proposed by Bouwmans in his survey [4].

Self–organizing neural networks [10], general regression neural networks [5],
self–organizing maps [14,16], and adaptive resonance theory neural networks
[9] are examples of neural network based approaches to background modeling.
Even if the background modeling problem has been approached with different
neural architectures, the totality of them is based on a weighted neuron model.
In this paper we approach the background modeling task with a weightless neu-
ral network (WNN) called WiSARD [1]. The approach is straightforward, since
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the WNN system takes into account single pixel information to accomplish the
background modeling, although, at the same time, it features highly adaptive
and noise–tolerance behavior, due to a never–ending and single–policy learning
phase of the adopted WNN model and its capability to absorb small variations
of the model at runtime.

We apply the WNN–based background modeling method to address an
important although specific topic of background estimation: how to compute
an initial background model based on a set of preliminary frames of a video
scene. The initial background model is a prerequisite for high quality moving
object detection, either if foreground areas are computed at runtime as differ-
ence between the estimated background model and the current frame, or if it
is used as bootstrapping model for successive updates at steady state system
operation when foreground object detection is carried out.

With this target in mind, we did experiments and measured the performance
of our method on the SBI dataset [11]. It is worth noticing that the viability
and performance of WNNs in background detection has already been proved in
[6], although by addressing a slightly but related topic, like change and moving
object detection problem [7].

The paper is so organized: in Section 2 the adopted WNN model is intro-
duced; in Section 3 the WNN–based method for background modeling is pre-
sented; Section 4 reports and discusses the experimental results of the method
applied to videos of the SBI dataset; finally, Section 5 summarizes some con-
cluding remarks.

2 The WiSARDrp Weightless Neural Model

Weightless neural networks are based on networks of Random Access Memory
(RAM) nodes [2]. The WNNs have a basis for their biological plausibility because
of the straightforward analogy between the address decoding in RAMs and the
integration of excitatory and inhibitory signaling performed by the neuron den-
dritic tree. WiSARD systems are a particular type of WNN. While the use of
n–tuple RAM nodes in pattern recognition problems is old, dating about 60

Fig. 1. A WiSARD discriminator (left) and a WiSARD multi–discriminator classifier
(right)
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years, with the availability of integrated circuit memories in the late 70s, the
WiSARD (Wilkes, Stonham and Aleksander Recognition Device) was the first
artificial neural network machine to be patented and produced commercially [1].

The WiSARD model of computation is described in Figure 1. In this neural
model a discriminator consists of a set of RAM–neurons, which store the infor-
mation of occurrence of binary patterns of fixed size during the learning phase.
Any sequence of bits fitting the s–sized pattern, the so–called retina, can be
used to train a discriminator consisting of m RAMs with n–bit addressing, that
is each RAM formed by 2n memory cells, such that s = m × n. In the example
of Figure 1, the binary pattern (the retina) is a 3 × 4 image with pixels whose
color can be 1 (for black) and 0 (for white); each RAM has a 3–bit addressing
mechanism for cells, thus the number of required RAMs to cover the retina is
12/3 = 4. Nevertheless, since any kind of information can be coded in binary
patterns, by means of ad hoc data transformations a WiSARD discriminator can
be enabled to learn then recognize data in both symbolic and numeric domains.

Since each RAM cell is uniquely addressed by an n–tuple of bits, the s–sized
input pattern (the retina) can be partitioned into a set of n–tuples of bits, where
bits forming each n–tuple have no correlation since they are pseudo–randomly
extracted from the retina and associated to one RAM. For example, in Figure
1, the RAM1, is uniquely associated to a triplet (3–tuple) of pixels. Thus, in
the general case, the random mapping statically extract for the binary input
pattern (stored in the retina) a number m of n–tuples of bits, and each n–tuple
represents a binary address with n digits. This address is used to stimulate a
RAM–neuron (by accessing one of its cells) either in writing mode (learning
phase) or reading mode (classification phase).

A WiSARD discriminator, composed by m RAM–neurons, is trained with
representative data of a specific class/category. In order to use the neuron net-
work as a discriminator, one has to set to 0 the content of all cells of RAMs
(initialization), and choose a training set formed by binary patterns of m × n
bits. For each training pattern, a 1 is stored in the memory cells addressed by
this input pattern. Once the training of patterns is completed, RAM contents
will be set to a certain number of 0s and 1s. The information stored in RAM
nodes during the training phase is used to deal with previously unseen patterns.
When one of these is given as input, RAM memory contents addressed by the
input pattern are read and summed by the summing device Σ which computes
the number m∗ of RAMs that output 1. Therefore r = m∗/m, which is called
the discriminator response, provides the percentage of RAMs that outputs 1. It
is easy to see that r = 1 if the input pattern belongs to the training set, r = 0 if
none of its constituent n–tuples occurred in the training set. The closer is r to 1
the more “similar” is the input pattern to those patterns in the training set. The
summing device enables this network of RAM nodes to exhibit – just like other
ANN models based on synaptic weights – generalization and noise tolerance [3].
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In this work we adopted a modified version of the WiSARD, that we call
WiSARDrp, which is depicted in Figure 2(a) and whose main modifications are
the followings:

1. Training phase – RAM contents corresponding to n–tuples of binary inputs
on the retina instead of being set to 1 are incremented by a positive number ρ
(reward) at each access, up to a maximum value called uppermark, namely β.
Thus, during training, RAM contents can store sub patterns frequencies up
to a given saturation value β. At each memory cell access, while its content is
increased by ρ, all other cells are decreased by ψ (punishment), thus lowering
the frequencies of not occurring sub patterns. Punishments are applied to
cells although they can never change their contents to negative values.

2. Classification phase – While in WiSARD, upon a read stimulus, a RAM
always outputs its contents, that can be 0 or 1, in WiSARDrp the output
is 1 if the accessed RAM cell value is greater than a threshold, namely ω
(bleaching), otherwise it is 0. With this modification we put a firing condition
to RAMs, thus making them to contribute to the classification response only
when the stored frequency of the sub patter under test overcomes a certain
threshold ω.

It is easy to prove that WiSARDrp with ρ = 1, ψ = 0, β = +∞, and ω = 0,
behaves exactly as the original WiSARD system in the training and classification
phases. On the other side, different settings of ρ, ψ, β and ω parameters implies
very different behaviors of the training and classification phases. In other words,
the reward & punishment strategy (rp) allows to size the time a sub pattern is
completely unlearned once it does not occur any longer, as well as to size the
time the more frequent sub patterns remain in the learned knowledge of the
network. By changing these two latency times it is possible to tune WiSARDrp

capabilities both in classification and class model construction over a changeable
and long–term training phase.

3 The BGWiS Approach to Background Modeling

The proposed method for background modeling in video sequences is called
BGWiS and it exploits the WiSARDrp neural network model in its core logic.
The pseudocode of BGWiS is sketched in Algorithm 1 and it is based on the
following assumptions:

1. Color encoding – The pixel color (in any color space among RGB, HSV,
and Lab) is represented by three non–negative numbers, namely color chan-
nels, in the range 0–255. In order to use the WiSARDrp as the core of our
background modeling system a binarisation of pixel colors is required. As
illustrated in Figure 2(a), the three channels are scaled and discretized in
the range 0, 1, . . . , nt − 1, thus representing a color with a binary pattern of
size 3 × nt. This black and white image is fed as input to the WiSARDrp

system for training and classification.
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Algorithm 1. BGWiS method pseudocode

1 foreach frame in video sequence do
2 transform frame in the chosen color space;
3 foreach pixel in frame do
4 get response on input color from pixel discriminator (with firing threshold ω) ;
5 classify pixel as bg (if response > σ), otherwise as fg;

6 use color to train pixel discriminator (reward & punishment rule {ρ, ψ, β}) ;
7 use pixel discriminator contents to update background model;

(a)

(b)

Fig. 2. Training phase (a) and background modeling phase (b) of BGWiS

2. Background model – In WiSARDrp a pattern class is represented by the
snapshot of RAM contents during time. As already mentioned, each RAM
records the number of occurrences of sub patterns inside the binary input.
In other words, a RAM content can be seen as the histogram of occurrences
of all binary sub patterns occurred during training. In our case study, we
assume that the background model of a pixel is formed by combining the
most frequent sub patterns contained in RAMs. As illustrated in Figure 2(b),
the background model of a pixel is computed by considering in each RAM
the sub pattern addressing the cell with the greatest value.

3. Processing loop – In video processing learning and classification are over-
lapped and execute continuously. In the algorithm 1 the role of WiSARDrp

is twofold:
(a) Foreground detection – On the basis of the learned knowledge of pixel

color history which is stored in RAM cells and managed by means of the
reward & punishment mechanism, the system is able to provide a classi-
fication response for the current pixel, that is a measure of its similarity
to the color knowledge acquired by the WiSARDrp by means of a contin-
uous training. This response is then compared to the threshold σ to state
whether the pixel in the current frame is detected as belonging either
to the background or to the foreground. Afterwards, the WiSARDrp is
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trained on the current pixel color regardless of the classification result
(see line 4–6 of Algorithm 1).

(b) Background modeling – The learned knowledge of pixel color history
contained in the discriminator neurons is used (see line 7 of Algorithm
1) to update the pixel background model, according to the logic already
described (see point 2.). BGWiS system outputs a colored image repre-
senting the computed background model during the timeline.

The change–detection method proposed in the previous work [6] is based
on WiSARD while the current method exploits WiSARDrp. In particular, the
change–detection method has no punishment (ψ = 0) and a fixed reward (ρ = 1)
with both no firing threshold (ω = 0) and saturation constraint (β = ∞).
Another difference is the logic of the background modeling algorithm. The CDnet
dataset target was foreground object detection rather than background model-
ing which is the target of SBI dataset. In fact, in the former challenge a set
of video frames was allowed to be used only for training, while the remaining
video frames were used for classification (foreground detection). In the change–
detection method only pixel colors detected as background are used to further
update (enrich) the background model for those pixels (i.e. in Algorithm 1 lines
6–7 are executed under the condition of line 5), unless a history buffer storing
more recent foreground pixels is full and it is time to use it to reinitialize the
background model. This policy, which was adopted to deal with moving/stopping
objects in the scene, jointly with the aforementioned (and static) setting for ρ, ψ,
β and ω, was experimentally proved to be a high performance (in the average)
method in the CDnet competition. SBI videos are very different with respect
to the percentage of background occlusion occurring both in space (frame area)
and time (video duration). For this reason, BGWiS was designed to be flexible
and reconfigurable in the parameters driving background modeling, as well as
no comparison between the change–detection method of [6] and BGWiS could
be carried out within the scope of SBI experiments.

4 BGWiS Experiment Settings and Results

We did experiments of BGWiS running on the SBI dataset of videos. Table 1
reports the system performance by evaluating eight metrics which, as defined on
the SBI dataset website, compare for each sequence the ground truth background

Table 1. BGWiS results on SBI dataset

Sequence AGE EPs pEPs CEPs pCEPS MSSSIM PSNR CQM ρ ψ β n
HallAndMonitor 2.5177 442 0.0052 161 0.0019 0.9773 31.7928 42.2277 1 1 65 4

HighwayI 1.6885 106 0.0014 8 0.0001 0.9916 39.3795 59.4393 2 1 ∞ 16
HighwayII 2.2060 357 0.0046 1 0.0000 0.9948 33.2780 39.8760 2 1 ∞ 16
CaVignal 9.1964 25 0.0009 0 0.0000 0.9933 27.5468 39.7962 1 1 95 8
Foliage 14.7191 3060 0.1062 145 0.0050 0.9465 22.5656 33.7781 2 1 20 16

PeopleAndFoliage 32.2664 25240 0.3286 20514 0.2671 0.6849 13.9668 23.9475 1 3 ∞ 16
Snellen 38.4451 11324 0.5461 9928 0.4788 0.7700 14.5757 38.5964 1 3 ∞ 16
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Fig. 3. BGWiS output on SBI dataset: GT = Ground Truth; CB = Computed Back-
ground; |GT-CB| = absolute difference of GT and CB, EPs = number of CB pixels
different from GT over a given threshold; CEPs = number of EPs in CB with all
4–connected neighbors pixels in EPs

image (GT) with the computed background image (CB) produced by our system
at the end of the video.

In all measures we chose to transform input frames into Lab color space
as a preprocessing step. As reported in Table 1, we used different parameter
settings for videos, although in most cases we used 16–bit addressing for RAMs.
The higher is the bit address the more precise is the color selection for the
background model in bustling video scenes. In HighwayI, HighwayII and Foliage
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videos the pixel color patterns are used to access–then–reward neuron cells twice
(ρ = 2, ψ = 1). Indeed, this setting allows the system to forget patterns more
slowly and it is useful in those videos with object moving (or changing in shape)
in a regular manner. In other cases, like PeopleAndFoliage and Snellen, the
pixel color patterns are used to access–then–reward neuron cells a third than
the punishment required for unseen color patterns (ρ = 1, ψ = 3).

It should be noted that in some video the saturation level of RAMs has been
fixed in order to limit that foreground patterns could outnumber (in frequency)
the background patterns by shortening the foreground patterns decay time. In
the remaining videos the saturation level was disabled (β = ∞). It should be
noted that the neuron threshold σ and bleaching ω only apply to classification
phase without interfering with the background modeling computation. That is
why their settings are not in Table 1. In order to generated the best CB, nt was
set to 256 in all experiments (no loss of information).

Snapshots of BGWiS outputs are shown in Figure 3. By relating the per-
formance measures of Table 1 to the snapshots of Figure 3, we can notice how
the system behaves well in the first four videos. The remaining videos (Foliage,
PeopleAndFoliage and Snellen) are challenging: in both Foliage and Snellen
a waving plant frequently (more than 50% of timeline) occludes almost com-
pletely the target background; in the PeopleAndFoliage case a waving plant
plus stationary–then–moving persons occlude more than half of the target back-
ground for almost the whole timeline. Although these three cases of study are
hard to get a clean and effective background model, it is worth noticing that
our system at least shows quite good results in the Foliage video (both in terms
of the eight metrics and by evaluating at sight the difference from the ground
truth). In the Snellen video, the computed background snapshot is similar to
the ground truth, although the AGE, EPs and CEPs metrics are poor.

5 Conclusions

In this work we presented a background modeling approach for videos based
on a weightless neural system, namely WiSARDrp, with the aim of exploiting
its features of being highly adaptive and noise–tolerance at runtime. Indeed,
the adopted neural model is able to operate in a never–ending and single–policy
learning phase with a reward & punishment mechanism, which allows it to absorb
small variations of the learned model in the steady state of operation. The app-
roach is quite simple, and by tuning a set of parameters that rule the reward
& punishment mechanism of neural training, we have proved how it is possible
to build on it a background modeling system showing very good performance
in common case studies (like camera views of highways and traffic crossings), as
well as good or promising results in more challenging video sequences (like static
views with heavy and waving occlusions in space and time).
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