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ABSTRACT

Noise robustness is crucial when approaching a moving de-
tection problem since image noise is easily mistaken for
movement. In order to deal with the noise, deep denoising
autoencoders are commonly proposed to be applied on image
patches with an inherent disadvantage with respect to the
segmentation resolution. In this work, a fully convolutional
autoencoder-based moving detection model is proposed in
order to deal with noise with no patch extraction required.
Different autoencoder structures and training strategies are
also tested to get insights into the best network design ap-
proach.

Index Terms— Moving Object Detection, Foreground
Segmentation, Autoencoders

1. INTRODUCTION

Foreground segmentation can be referred to as identifying
genuine motion within a sequence. Unlike object detection,
foreground segmentation (also known as background subtrac-
tion) is based on analyzing changes in a video sequence over
time. It does not make sense for a single static image. Motion
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detection methods are therefore usually based on the analy-
sis of the change in image regions, either pixel-level [1], or
patch-level [2]. They can also rely on deep learning-based
object detection and tracking [3, 4]. Still, these methods rely
on detection models with a limited number of classes defined
at training time and are currently unable to adapt to identi-
fying the motion of an object not included in these classes.
Either way, noise robustness is a key feature.

When applying deep learning to foreground segmentation,
a common strategy is to use autoencoders [5]. An autoen-
coder is a non-supervised neural network trained to return as
output its input [6]. An autoencoder includes two modules:
an encoder (the layers to get a coded representation of the
input data) and a decoder (layers to turn the coded represen-
tation into the input data again). An autoencoder can also
be trained to return a denoised version of the input as out-
put, and then they are known as denoising autoencoders. To
train autoencoders in order to use the encoder to get a de-
noised and dramatically smaller version of image patches is a
well-known strategy in foreground segmentation [2, 7]. This
approach needs to divide images into patches with enough
size to contain useful information (e.g. 16 × 16), therefore
the segmentation resolution is minimal. To use a tiling strat-
egy to increase resolution is an approach to deal with that
problem [8, 4] but the computational requirement rises with
the segmentation resolution. The present paper proposes a
foreground segmentation model based on deep convolutional
autoencoders in noisy sequences in order to apply the autoen-
coder strategy with no patch extraction, thus the segmentation
resolution is increased due to avoiding the tiling. A compari-
son between different structures and training strategies is also
included in order to obtain insights about the best autoencoder
definition approach.

The remaining document is divided as follows: a method-
ology section 2 with the new proposal, an experiment sec-
tion 3 with implementation and experimentation details and
results, and finally a conclusions section 4 is included.



2. METHODOLOGY

In this section, we propose a probabilistic model to determine
which pixels of the video frame belong to the background, as
opposed to the foreground. The first step consists on learning
a compressed representation of the incoming video data by a
Deep Convolutional Autoencoder (DA from now on). In what
follows we will assume that tristimulus pixel color values are
employed. The DA takes the whole frame X of size G×H×3
as input, where the G is the number of pixel rows and H is
the number of pixel columns, and returns the reconstructed
frame X̃, also of size G × H × 3 as output. The innermost
layer of the DA is defined by a convolutional block of size
M ×N × L, where M < G, N < H and L is the number of
channels. The operation of the DA is given by:

X̃ = g (f (X)) (1)

f : RG×H×3 → RM×N×L (2)

g : RM×N×L → RG×H×3 (3)

where f is the encoder contained in the autoencoder, and g
is the decoder contained in the autoencoder. The autoencoder
transforms the input of dimension G×H×3 to a disentangled
set of significant features of dimension M ×N ×L, and then
decodes this disentangled data to a reconstructed frame.

For the second step, we have M × N probabilistic mix-
ture models, so that each model is provided with its associated
feature vector v ∈ RL for each input video frame. Each prob-
abilistic mixture model estimates the probability of its associ-
ated frame region to belong to the foreground. Such mixture
models are updated as the video sequence progresses.

For each probabilistic mixture model, the background
modeling is performed by approximating the L-dimensional
probabilistic distribution of v. A Gaussian mixture com-
ponent K models the background, while the foreground is
captured by a uniform mixture component U . It is assumed
that the distribution of each feature vector can be approxi-
mated by this model:

p(v) = πBackp(v|Back) + πForep(v|Fore) (4)

where πBack and πFore are the a priori probabilities of the
background and foreground, respectively. Also:

p(v|Back) = K(v|µ,Σ) (5)

p(v|Fore) = U(v) (6)

The Gaussian and uniform mixture components are given
by:

K(v|µ,Σ) = (2π)−L/2det(Σ)−1/2

exp(−1

2
(v − µ)Σ−1(v − µ))

(7)

U(v) =

{
1/V ol(H) iff v ∈ H

0 iff v ̸∈ H
(8)

where H is the support of the uniform probability density
function.

The L-dimensional volume of H is noted V ol(H). Let
dh and eh, 1 ≤ h ≤ L, be the minimum and maximum values
in the domain of encoding function f , respectively. Then we
have:

H = [d1, e1]× [d2, e2]× ...× [dL, eL] (9)

V ol(H) =

L∏
h=1

(eh − dh) (10)

The mean vector and the vector of standard deviations of
the Gaussian are defined as follows:

µ = E[v|Back] (11)

σ =

(√
E
[
(vj − µj)

2 |Back
])

j=1,...,L

(12)

The covariance matrix of the Gaussian is assumed to be
diagonal:

Σ = E[(v − µ) (v − µ)T |Back] =
σ2
1 0 . . 0
0 σ2

2 . . 0
. . . . .
0 0 . . σ2

L

 (13)

The Robbins-Monro stochastic approximation algorithm
is employed to estimate the mean vector µ and the variance
vector ψ of each component of v:

ψ =
(
σ2
j

)
j=1,...,L

=

(
E
[
(vj − µj)

2 |Back
])

j=1,...,L
(14)

Welford’s online algorithm ([9]) is employed to obtain the
first approximations of µ and ψ for each probabilistic model
during training phase.

The class probabilities given the feature vector vn at time
n are given by the Bayes theorem:

∀i ∈ {Back, Fore}, Rn,i = P (i|vn) =



πip(vn|i)
πBackp(vn|Back) + πForep(vn|Fore)

(15)

So, given α as update step size, to update the background
model µn and ψn for feature vector vn with background
probability Rn,Back the following equations are used:

µn+1 = (1− αRn,Back)µn + αRn,Backvn (16)

ψn+1 = (1− αRn,Back)ψn + αRn,Back[vn − µn]
2 (17)

Also, in order to update the a priori probabilities πn,Back

and πn,Fore given Rn,Back and Rn,Fore the following equa-
tions can be applied:

∀i ∈ {Back, Fore},
πn+1,i = (1− α)πn,i + αRn,i

(18)

It must be noted that Σ is a diagonal matrix with the ele-
ments of the variance vector ψ at the main diagonal. There-
fore:

det(Σ) =

L∏
j=1

σ2
j (19)

(v − µ)TΣ−1(v − µ) =
L∑

j=1

(vj − µj)
2

σ2
j

(20)

In order to keep the model simple, we set all prior proba-
bilities πFore = πBack = 0.5 and we do not update them.

3. EXPERIMENTS

Sequences and evaluation: In order to test our proposal,
video sequences from categories baseline (4 sequences) and
dynamic background (6 sequences) from changedetection.net
[10] are used. Four kinds of noise are added: low Gaussian
noise (µ = 0 and σ = 0.1), medium Gaussian noise (µ = 0
and σ = 0.2), high Gaussian noise (µ = 0 and σ = 0.3)
and Uniform noise from -0.5 to 0.5. Therefore, the final num-
ber of sequences is 40. F-measure metric which provides a
value in the interval [0, 1] has been selected to obtain a fair
comparison.
Autoencoders training: Our proposal can be adapted to
the sequence mainly in two ways: through the probabilis-
tic model and by means of the specialisation of the DA.
Other proposals ([11, 12]) only use a generic DA trained with
generic images to encode the images from all sequences. In
this work, in addition to the strategy of using the generic
DA, two more strategies are tested in which a specific DA is
trained for each sequence:

• Generic: a single DA trained with 400,000 64x64 im-
ages extracted from Imagenet2017 [13] for 20 epochs
adding medium Gaussian noise (µ = 0 and σ = 0.2) to
the input.

• Specific Realistic: a DA for each sequence trained
with 40.000 64x64 images obtained from the altered
changedetection sequence for 20 epochs with no noise
added to the input.

• Specific Ideal: a DA for each sequence trained with
40.000 64x64 images obtained from the original changede-
tection for 20 epochs adding the same noise the video
was modified with.

Three DA structures with a different number of layers and
convolutional block depth L are used. DA arquitecture fea-
tures are shown in Table 1. Since 40 different sequences are
tested with different training strategies, the total number of
trained models is 3× (1 + 40 + 40) = 243
Reference Methods: Results of three state-of-the-art meth-
ods have been included as reference: LOBSTER [14],
PAWCS [15] and SuBSENSE [16]. The BGS library ([17]) is
used to apply these methods.
Results: Table 2 shows quantitative results. Contrary to ex-
pectations, the generic training strategy is shown to be the
most effective in 5 of the 8 comparisons, although the other
strategies do not show particularly worse results. It should
not be forgotten that the generic training strategy requires a
single training. In contrast, the other two require sequence-
specific training so that, even with similar performance, it is
much more efficient and requires less computational power to
get a single model. Regarding the structures and size of L,
D2 obtains the best scores in 4 out of 8 comparisons.
Implementation: Python1 and Tensorflow 2 [18] have been
used to implement the proposal.

4. CONCLUSIONS

This work proposes a fully convolutional autoencoder-based
method to identify the pixels belonging to moving objects in
noisy video sequences. Nine versions of the proposal are
tested and compared with three other state-of-the-art meth-
ods considered as references in the field of foreground seg-
mentation. According to the results it seems that the pro-
posed model presents a high resilience to noise. Besides, it
does not depend on the common patch extraction preprocess
related to autoencoder-based foreground segmentation meth-
ods and thus it avoids their segmentation resolution problems.
Three training strategies are proposed and tested in order to
measure the convenience of using generic autoencoders or
scene-specific ones. Contrary to the expected, the generic au-
toencoder seems the best approach. Not only is it based on

1https://www.python.org/



D1
GxHx3 - (G-2)x(H-2)x64 - (G-4)x(H-4)x32 - (G-6)x(H-6)x16 -

(G-8)x(H-8)x8 - (G-6)x(H-6)x16 - (G-4)x(H-4)x32 -
(G-2)x(H-2)x64 - GxHx3

D2
GxHx3 - (G-2)x(H-2)x64 - (G-4)x(H-4)x32 - (G-6)x(H-6)x16 -

(G-8)x(H-8)x8 - (G-10)x(H-10)x4 - (G-8)x(H-8)x8 -
(G-6)x(H-6)x16 - (G-4)x(H-4)x32 - (G-2)x(H-2)x64 - GxHx3

D3
GxHx3 - (G-2)x(H-2)x64 - (G-4)x(H-4)x32 - (G-6)x(H-6)x16 -

(G-8)x(H-8)x8 - (G-10)x(H-10)x4 - (G-12)x(H-12)x2 -
(G-10)x(H-10)x4 - (G-8)x(H-8)x8 - (G-6)x(H-6)x16 -

(G-4)x(H-4)x32 - (G-2)x(H-2)x64 - GxHx3

Table 1: DA structures. Left column represents DA struc-
ture identification. Right column represents DA structure as
a succession of data shapes. Orange represents the input X
shape, blue represents the output after a convolutional layer,
red represents the shape after a deconvolutional layer. Bold
blue represents the innermost layer f(X) and bold red rep-
resents the output g(f(X)) shape. L = 8 for D1, L = 4
for D2 and L = 2 for D3. Al layers use ReLU as activation
function except the bold ones which use sigmoid, filters are
3× 3 and no extra padding is added.

(a) Frame with Uni-
form Noise

(b) Ground truth (c) Dideal
1

(d) Dgeneric
2 (e) LOBSTER (f) PAWCS

Fig. 1: Qualitative examples. (a) shows the frame 959 from
canoe sequence with high Gaussian noise. (b) shows its
ground-truth. (c) shows our segmentation using D1 struc-
ture trained under ideal circumstances specifically for this se-
quence (d) shows our segmentation using D2 structure trained
in a generic way. (e) and (f) shows segmentations created by
LOBSTER [14] and PAWCS [15] method respectively.

the necessity of training an autoencoder only once but also it
achieves better performance. Given the proposal results, the
application of morphological operators could be a future line
to explore in order to increase the segmentation quality.
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