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Abstract Maritime environment represents a challeng-
ing scenario for automatic video surveillance, due to the
complexity of the observed scene: waves on the water

surface, boat wakes, and weather issues contribute to
generate a highly dynamic background. Moreover, an
appropriate background model has to deal with gradual

and sudden illumination changes, camera jitter, shad-
ows, and reflections that can provoke false detections.
Using a predefined distribution (e.g., Gaussian) for gen-

erating the background model can result ineffective, due
to the need of modeling non-regular patterns. In this
paper, a method for creating a “discretization” of an

unknown distribution that can model highly dynamic
background such as water is described. A quantitative
evaluation carried out on two publicly available data

sets of videos and images, containing data recorded
in different maritime scenarios, with varying light and
weather conditions, demonstrates the effectiveness of

the approach.
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1 Introduction

Background subtraction (BS) is a common approach for
detecting moving objects in video sequences captured
by fixed cameras. Its aim is to operate on the raw video

data, identifying the moving regions (the foreground,
FG) by comparing the current frame with a model of
the scene background (BG). The possibility of achiev-

ing real-time performance made BS appealing for being
the initial step for a number of higher-level tasks, such
as visual tracking, object recognition, and detection of

abnormal behaviors [7].

Generally, BS includes two stages:

1. Background initialization, where the first model of

the background is generated;
2. Model updating, where the information in the BG

model is updated to take into account the changes

in the observed scene.

Since BS is highly dependent on the creation of the BG
model to be effective, building an accurate model is the
key issue. A series of variable aspects, depending also

on the kind of environment considered, such as illumi-
nation changes (gradual and sudden) [21], shadows [8],
camera jitter (due to winds) [12], movement of back-

ground elements (e.g., trees swaying in the breeze) [33],
and modifications in the background geometry (e.g.,
parked cars) [30], makes it an hard problem to solve.

Maritime domain represents one of the most chal-
lenging scenarios for BS due to the complexity of the

monitored scene: waves on the water surface, boat wakes,
and weather issues (such as bright sun, fog, heavy rain)
contribute to generate a highly dynamic background

(see Fig. 1).

In this paper, we describe a BS method called Inde-

pendent Multimodal Background Subtraction (IMBS)



2 Domenico D. Bloisi et al.

Fig. 1 Challenges in the maritime scenario. Sun reflections,
waves on the water surface, and boat wakes contribute to
generate a highly dynamic background. In this figure, the
same scene is observed from three different points of view
[19].

that has been specifically designed for dealing with wa-
ter background, but can be successfully applied to every

scenario [3]. The algorithm is currently in use within a
real 24/7 video surveillance system for the control of
naval traffic in Venice [4].

The main contributions of the proposed method are:

– An on-line clustering algorithm to capture the mul-
timodal nature of the background without maintain-
ing a buffer with the previous frames;

– A model update mechanism that can detect changes
in the background geometry;

– A noise removal module to help in filtering out false

detections due to reflections and boat wakes.

IMBS has been quantitatively evaluated by using a

large data set of videos [19] coming from a real system
[4] that contains data recorded in different scenarios,
with varying light and weather conditions. In addition,

a second publicly available data set [5] containing se-
quences with water background has been used to fur-
ther validate the method. The results of the comparison

with several state-of-the-art algorithms implemented in
the widely used OpenCV library [23] demonstrate the
effectiveness of the approach and its real-time perfor-

mance.

IMBS is released as an open source code1 and all the
data used for the evaluation, as well as additional com-

parisons, can be downloaded from the publicly available
MAR - Maritime Activity Recognition data set [19].

The remainder of the paper is organized as follows.
Related work is analysed in the next Section 2, while
our method is presented in Section 3. Section 4 de-

scribes the noise suppression module, designed to fil-
ter out false positives generated by shadows, reflections,
and boat wakes. Both qualitative and quantitative eval-

uation results are reported in Section 5. Section 6 pro-
vides the conclusions.

1 http://www.dis.uniroma1.it/~bloisi/software/imbs.

html Also available in OpenCV in a few time.

2 Related Work

Different classifications of BS methods have been pro-
posed in literature. Cristani et al. in [7] divide BS algo-

rithms in four classes:

(i) Per-pixel. The class of per-pixel approaches (e.g.,
[8,27]) consider each pixel signal as an independent

process. This class of methods requires the mini-
mum computational effort and can achieve real-time
performance.

(ii) Per-region. Region-based algorithms (e.g., [16,20])
usually divide the frames into blocks and calculate
block-specific features to obtain the foreground. In

such a way, a more robust description of the visual
appearance of the observed scene can be achieved.
Indeed, information coming from a set of pixels can

be used to model parts of the background scene
which are locally oscillating or moving slightly, like
leafs or flags. Moreover, by considering a region of

the image instead of a single pixel permits to com-
pute histograms and to extract edges that can be
useful for filtering out false positives.

(iii) Per-frame. Global changes in the scene can be de-
tected only by reasoning at frame-level (e.g., [22,
28]). Particular situations that involve the entire

frame, like switching the lights on and off in an in-
door scene, cannot be managed without considering
all the pixels in the image.

(iv) Multi-stage.Multi-stage methods (e.g., [34,31]) com-
bine the above approaches in a serial process. Mul-
tiple steps are performed at different levels, in order

to refine the final result.

Cheung and Kamat in [6] identify two classes of BS
methods, namely recursive and non-recursive.

(i) Recursive algorithms (e.g., [27]) make use of a single

BG model based that is recursively updated on each
new input frame. As a result, input frames from dis-
tant past could have an effect on the current back-
ground model [12].

(ii) Non-recursive approaches (e.g., [8,22]) maintain a
buffer of previous frames and estimate the BGmodel
based on a statistical analysis of the frames in the

buffer.

A third classification has been proposed by Mittal and
Paragios in [20]. BS methods are divided into predictive
and non-predictive ones.

(i) Predictive algorithms (e.g., [10]) model the scene as

a time series and develop a dynamical model to re-
cover the current input based on past observations.

(ii) Non-predictive techniques (e.g., [27,11]) neglect the

order of the input observations and build a proba-
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bilistic representation of the observations at a par-

ticular pixel.

Two approaches specially related to the detection

of reflective surfaces have been proposed by Rankin et
al. in [25] and by He and Chu in [15]. Both solutions
are based on the analysis of the HSV color space of
the images. Indeed, the single components H (hue), S

(saturation), and V (value or brightness) have specific
behaviors that allow to detect in which part of the im-
age the reflective surface is.

While there are many general approaches to back-
ground modeling in dynamic environments, only a few
of them have been tested on water background, thus a

real-time, complete, and effective solution for maritime
scenes does not yet exist. In particular, water back-
ground is more difficult than other kinds of dynamic

background since waves on the water surface do not
belong to the foreground even though they involve mo-
tion. In addition, sun reflections do not have the same

behavior of a reflective surface.
As suggested by Ablavsky in [1], for dealing with

water background it is fundamental to integrate a pixel-

wise statistical model with a global model of the move-
ment of the scene. Indeed, the BG model has to be sen-
sitive enough to detect the moving objects and to be

adaptive to long-term lighting and structural changes
(e.g., objects entering the scene and becoming station-
ary).

The spatial dependencies between a pixel and its
neighboring pixels in dynamic background has been
studied by Zhang et al. in [36–39]. A local dependency

descriptor called LDH (Local Dependency Histogram)
can capture spatial dependencies between pixels from
consecutive frames. Labeling the pixel as foreground or

background is done by comparing the new LDH com-
puted in the current frame against its model LDHs.
Therefore, for each pixel in an image, an adaptive sam-

ple consisting of pixels observed in previous frames is
maintained. The pixel is considered a background point
if one of the estimated probabilities is larger than a fixed

threshold.
Per-pixel approaches (e.g., [27]) typically fail be-

cause the inherent rich and dynamic textures of water

background cause large changes at an individual pixel
level [9]. A non-parametric approach (e.g., [11]) is not
able to learn all the changes, since in the water surface

the changes do not present any regular patterns [29].
More complex approaches (e.g., [26,43,42]), can obtain
better results at the cost of increasing the computa-

tional load of the process.
In the next section our method, called IMBS, is pre-

sented. It is a multi-stage (per-pixel, per-frame), non-

recursive, non-predictive, and real-time BS algorithm.

Fig. 2 RGB and HSV values of a pixel (white dot) from
frame 7120 to frame 7170 of Jug sequence [17]. The x-axis
represents the color component values, while on the y-axis the
number of occurrences are reported. HSV values are scaled to
fit to [0, 255].

Fig. 3 RGB and HSV values of a pixel (white dot) from
frame 50 to frame 150 of sequence 1 from the MAR data set
[19]. The x-axis represents the color component values, while
on the y-axis the number of occurrences are reported. HSV
values are scaled to fit to [0, 255].

3 Independent Multimodal Background
Subtraction

The analysis of pixel color values from water back-
ground highlights the presence of non-regular patterns.

As an example, Fig. 2 shows the RGB and HSV color
histograms of a pixel over 50 frames from the Jug se-
quence [17]. The RGB values (see the three histograms

on the top of Fig. 2) are distributed over a large part
of the spectrum [0, 255], e.g, the red values range from
105 to 155. Also the HSV values (shown in the three

histograms on the bottom of Fig. 2) cover a large part
of the spectrum, in particular the hue values are char-
acterized by a strong division in several bins.

A more marked distribution over the whole spec-
trum of values can be observed analyzing a pixel from
a background region affected by reflections (see Fig. 3).

In such a case, the red values range from 85 to 245.

The two presented examples support the hypothesis

that using a predefined fixed distribution is not a suit-
able solution for modeling the strongly varying behavior
of water background. To further validate this hypoth-

esis, the Anderson-Darling test [40] has been applied
to the color values reported in Fig. 2 and Fig. 3, find-
ing that in all the cases the hypothesis of normality is

rejected.
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Algorithm 1: IMBS

Input: I, P,N,D,A, α, β, τS , τH , ω, θ

Data Structure: B

Output: F

Initialize: n = 0, ts = 0, ∀i, j B(i,j) (ts) = ⊘

foreach I(t) do
if (t− ts) > P then

B(t)←
BGInitialization(I(t), D,A, n,B(t− 1));
ts = t;
n = n+ 1;
if n = N then

n = 0;

fgmask(t)← FGComputation(I(t),B(t), A);
Ffiltered(t)←
NoiseSuppression(fgmask(t), α, β, τS , τH , ω, θ);
{F (t),B(t+ 1)} ←
ModelUpdate(Ffiltered(t),B(t));

In order to cope with water background, a possi-
ble solution is to create a discretization of an unknown

distribution by using an on-line clustering mechanism.
Each pixel of the background is modeled as a set of bins
of variable size, without any a priori assumption about

the observed distribution.

The details of the proposed method are reported
in Alg. 1. I(t) is the current image at time t, B is
the BG model, and ts is the time-stamp of the last

processed scene sample. The input parameters are the
sampling period P , the number of scene samples to be
analyzed N , the association threshold A, and the di-

mension threshold D that regulates the dimensions of
the bins. Moreover, it is possible to use the parame-
ters α, β, τS , and τH for filtering out shadows pixels and

ω, θ for managing reflections. A diagram illustrating the
IMBS algorithm is reported in Fig. 4.

3.1 Background Creation

The procedure BG − Initialization (see Alg. 2) is re-
sponsible of the creation of the BG model, while FG−
Computation (see Alg. 3) generates the binary FG im-

age fgmask.

The BG model is computed through a per-pixel, on-
line statistical analysis of N frames, in order to achieve
a high computational speed. Every P milliseconds, the

current frame I is considered to be a scene sample Sk,
where 1 ≤ k ≤ N .

Let I(t) be the W ×H input frame at time t, and
fgmask(t) the corresponding foreground binary image.
The BG modelB is a matrix ofH rows andW columns.

Each element B(i, j) of the matrix is a set of couples

Fig. 4 The modular architecture of the proposed approach.

Algorithm 2: BG Initialization

Input: I,D,A, n

foreach color value v of pixel p ∈ I do
if n = 0 then

add couple ⟨v, 1⟩ to B(i, j);
else if n = N − 1 then

foreach couple T := ⟨c, f(c)⟩ ∈ B(i, j) do
if f(c) < D then

delete T ;

else
foreach couple T := ⟨c, f(c)⟩ ∈ B(i, j) do

if |v − c| ≤ A then

c′ ←
⌊
c·f(c)+v

f(c+1)

⌋
;

T ← ⟨c′, f(c+ 1)⟩;
break;

else
add couple ⟨c, 1⟩ to B(i, j);

⟨c, f(c)⟩, where c is a value in a chosen color space (e.g.,

RGB or HSV) and f(c) → [1, N ] is a function returning
the number of pixels in the scene sample Sk(i, j) asso-
ciated with the color component values denoted by c.

It is worth to note that modeling each pixel by bind-
ing all the color channels in a single element has the
advantage of capturing the statistical dependence be-
tween the color channels, instead of considering each

channel independently.

Every pixel from a scene sample Sk is associated
with an element of B according to the threshold A (see
Alg. 2). Once the last sample SN has been processed,

if a couple T has a number f(c) of associated sam-
ples greater than or equal to the threshold D, namely
T := ⟨c, f(c) ≥ D⟩, then its color value c becomes a

significant background value.

IMBS does not need that at the beginning of the
processed sequence the scene is without foreground el-
ements as other methods require. Considering multiple

samples over time allows for obtaining an accurate BG
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Algorithm 3: FG Computation

Input: I,B, A

Initialize: ∀i, j fgmask(i, j) = 1

foreach color value v of pixel p ∈ I do
if |B(i, j)| ̸= ⊘ then

foreach couple T := ⟨c, f(c)⟩ ∈ B(i, j) do
if |v − c| < A then

fgmask(i, j)← 0;
break;

model, even if moving objects are present in the scene.
Indeed, moving objects will appear in different positions

in the samples and will affect different elements of the
BG model. As a consequence, the BG values related to
those objects will be discarded thanks to the threshold

D.
Up to ⌊N/D⌋ couples for each element of B are con-

sidered at the same time, allowing for approximating a

multimodal probability distribution, that can address
the problem of waves, gradual illumination changes,
noise in sensor data, and movement of small background

elements. Furthermore, the adaptive number of couples
for each pixel can model non-regular patterns that can-
not be associated with any predefined distribution (e.g.,

Gaussian). This is a different approximation with re-
spect to the popular Mixture of Gaussians approach
[27], since the “discretization” of the unknown back-

ground distribution is obtained by considering each BG
point as composed by multiple couples ⟨c, f(c)⟩ without
attempting to force the BG values to fit in a predefined

distribution.

3.2 Foreground Computation

The binary FG image fgmask is computed according

to a thresholding mechanism shown in Alg. 3, where
|B(i, j)| denotes the number of couples in B(i, j) with
|B(i, j) = ⊘| = 0. A pixel p in position (i, j) is consid-

ered a foreground point if dist(c,B(i, j)) > A), where
c is the color value of p and B(i, j) is the background
value for the position (i, j).

The use of a set of couples instead of a single BG
value makes IMBS robust with respect to the choice of
the parameter A, since a pixel that presents a variation

in the color values larger than A will be modeled by a
set of contiguous couples.

IMBS requires a time R = NP for creating the first

background model; then a new BG model, independent
from the previous one, is built continuously according to
the same refresh time R. The independence of each BG

model is a key aspect of the algorithm, since it 1) allows

Algorithm 4: Model Update

Input: Sk, fgmask

Output: B, F

foreach color value v of pixel p ∈ Sk do
foreach couple T := ⟨c, f(c)⟩ ∈ B(i, j) do

if fgmask(i, j) = 1 ∧ |v − c| ≤ A then
T is a foreground couple

to adapt to fast changing environments avoiding error
propagation and 2) does not affect the accuracy for slow
changing ones. Thanks to the on-line model creation

mechanism, there is no need to store in memory the N
scene samples, that is the main drawback of the non-
recursive BS techniques [24].

An Illumination Controller manages the sudden il-
lumination changes: N and P values are reduced if the
percentage of foreground pixels in fgmask is above a

certain threshold (e.g., 50 %), in order to speed up the
creation of a new BG model. To further increase the
speed of the algorithm, the foreground extraction can

be paralleled, dividing the images in multiple horizontal
slices.

From the analysis of several sequences, we found ex-

perimentally that good values for the IMBS parameters
are: A = 5, N = 30, D = 2, and P = 500 ms. Using
these parameters, it is possible to have a new BG model

every 15 seconds, in which only color values observed
at least twice are considered as BG values.

3.3 Model Update

Elgammal et al. in [11] proposed two alternative strate-

gies to update the background. In selective update, only
pixels classified as belonging to the background are up-
dated, while in blind update every pixel in the back-

ground model is updated. The selective (or conditional)
update improves the detection of the targets since fore-
ground information are not added to the BG model,

thus solving the problem of ghost observations [8]. How-
ever, when using selective updating any incorrect pixel
classification produces a persistent error, since the BG

model will never adapt to it.
Blind update does not suffer from this problem since

no update decisions are taken, but it has the disadvan-

tage that values not belonging to the background are
added to the model.

We propose a different solution, aiming at solving

the problems of both selective and blind update. As
shown in Alg. 4, given a scene sample Sk and the cur-
rent foreground mask fgmask, if fgmask(i, j) = 1 and

Sk(i, j) is associated to a couple T in the BG model
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Fig. 5 Model update. (a) A vaporetto enters the monitored
scene and remains in the same position over several frames.
(b) A blind update obtained by using the algorithm from [13]
implemented in OpenCV. The model includes incorrectly the
vaporetto as part of the scene background. (c) IMBS model
update. The vaporetto is identified as a potential foreground
region (grey pixels).

under development, then T is labeled as a “foreground
couple”. When computing the foreground, if I(i, j) is
associated with a foreground couple, then it is classi-

fied as a potential foreground point.

Such a solution allows for identifying regions of the

scene representing not moving foreground objects, as in
Fig. 5, where a target that remains in the same posi-
tion over several frames is detected as a potential fore-

ground. The decision about including or not the po-
tential foreground points as part of the background is
taken on the basis of a persistence map. If a pixel is clas-

sified as potential foreground consecutively for a period
of time longer than a predefined value (e.g., R/2), then
it becomes part of the BG model.

Furthermore, the labeling process can provide addi-

tional information to higher level modules (e.g., a vi-
sual tracking module) helping in reducing ghost obser-
vations.

4 Noise Suppression

When BS is adopted to compute the foreground mask,

the moving pixels representing shadows can be detected
as foreground. In order to deal with the erroneously
classified foreground pixels, that can deform the de-

tected object shape, a noise suppression module is re-
quired. In the maritime domain, along with the noise
generated boats’ shadows (Fig. 6), also reflections on

the water surface can affect the foreground image pro-
ducing false positive detections (Fig. 7). In the follow-
ing, two possible solutions for dealing with shadows and

reflections are described.

Fig. 6 Shadow suppression example. Original frame (left),
foreground extraction without shadow removal (center), and
with shadow suppression (right). The shadows in the red box
are correctly removed.

Fig. 7 Reflection suppression example. Original frame (left),
foreground extraction without reflection removal (center),
and with reflection suppression (right).

4.1 Shadows

To detect and suppress shadows, IMBS adopts a strat-
egy that is a slight modification of the method proposed

by Cucchiara et al. in [8].

Let Ic(i, j), c = {H,S, V } be the HSV color values
for the pixel (i, j) of the input frame and Bc

T (i, j) the

HSV values for the couple T ∈ B(i, j). The shadow
mask M value for each foreground point is:

M(i, j) =


1 if ∃ T : α ≤ IV (i,j)

BV
T (i,j)

≤ β ∧
|IS(i, j)−BS

T (i, j)| ≤ τS ∧
|IH(i, j)−BH

T (i, j)| ≤ τH
0 otherwise

The parameters α, β, τS , τH are user defined and can
be found experimentally. We analyzed the sequences
from the ATON database [2], in order to find the com-

bination of parameters minimizing the error caused by
shadows (see Fig. 6). In our implementation the HSV
values are normalized to [0, 255] and we set α = 0.65,

β = 1.15, τH = 10, and τS = 20. A value for β slightly
greater than 1 allows to filter out light reflections.

Shadow suppression is essential for increasing the
accuracy of the algorithm. The HSV analysis can ef-

fectively remove the errors introduced by a dynamic
background, since it is a more stable color space with
respect to RGB [41].

After the removal of shadow pixels, a Ffiltered bi-
nary image is obtained (see the scheme in Fig. 4). It can
be further refined by exploiting the opening and clos-

ing morphological operators. The former is particularly
useful for filtering out the noise left by the shadow sup-
pression process, the latter is used to fill internal holes

and small gaps.
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4.2 Reflections

In order to characterize reflections, a second analysis

based on the HSV color space can be carried out, this
time at a region level (see Fig. 7).

As reported in [15] and [25], the H, S, and V com-
ponents in a reflective surface assume specific values
through which it is possible to model, detect, and de-

scribe these particular surfaces. Hue specifies the base
color, while the other two values, namely saturation and
brightness, specify intensity and lightness of the color.

For a reflective surface, the hue component assumes
similar values of subtractive colors (e.g., cyan, yellow,

and magenta), that are more likely to reflect sun lights
than dark primary colors (e.g., red, green, and blue).
Instead, saturation and brightness respectively assume

low and high values in the range [0, 1].

However, by using the above information it is impos-

sible to characterize the behavior of a single reflection.
Indeed, the saturation does not assume low values, but
it has the same behavior of the brightness. Therefore,

the analysis can be limited to the brightness compo-
nent. Starting from the RGB values of the video se-
quence in input, an HSV conversion is carried out to

overcome the information loss due to the image com-
pression. The conversion is computed according to [13]:

h =



60×
(

g − b

iMax− iMin

)
mod 360 if iMax = r

60×
(
2 +

b− r

iMax− iMin

)
mod 360 if iMax = g

60×
(
4 +

r − b

iMax− iMin

)
mod 360 if iMax = b

s =


iMax− iMin

iMax+ iMin
l < 0.5

iMax− iMin

2− iMax− iMin
l ≥ 0.5

v =
iMax− iMin

2

where:

iMax = max(r, g, b), iMin = min(r, g, b), 0 ≤ r, g, b ≤ 1.

IMBS makes a region-level analysis of the image

parts detected as foreground considering each FG blob
as a region. Every blob is analyzed and a percentage
based on the evaluation of the brightness of each of its

points is calculated, in order to establish if the blob has
been generated by a false detection due to reflections:

brightness(i) > θ.

If the majority of the points of the blob under analysis

has a level of brightness greater than ω, then the region
is classified as an area with reflections:

region brightness percentage > ω.

Fig. 8 IMBS output for frames 1516 and 1545 of the water
surface sequence [35].

Fig. 9 IMBS results on the jug sequence [17]. a) Frame num-
ber 36. b) Foreground mask obtained by using the approach
presented in [43]. c) Results obtained in [9]. d) IMBS results.

The parameters θ and ω are defined by the user. In our

experiments we set θ = 0.7 and ω = 60%.

5 Experimental Results

In this paper, we focused on the maritime domain, thus

the experimental results reported in this section are
entirely related to water background. IMBS has been
tested also with general background scenarios: a de-

tailed analysis of IMBS results on publicly available in-
door and outdoor scenes not involving water can be
found in [3].

Qualitative results obtained by IMBS on two well-
known publicly available sequences involving water back-

ground, namely

(i) Water surface [35]: A person walks in front of a
water surface with moving waves (Fig. 8).

(ii) Jug [17]: A foreground jug floats through the back-

ground rippling water (Fig. 9).

demonstrate the capacity of IMBS to correctly model
the background in both the situations, extracting the
foreground masks with great accuracy.

To quantitatively test IMBS on water scenarios, we
used both benchmark data from changedetection.net [5]

and real data coming from a video surveillance system
for the control of naval traffic in Venice [4]. The real
data are available from the MAR - Maritime Activity

Recognition data set [19].
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It is worth noting that IMBS parameters have been

set to the same values reported in Section 3 and Section
4 for all the experiments presented in this paper.

5.1 Evaluation on MAR data set

Some of the video sequences available in the MAR data

set have been used to quantitatively compare IMBS
with other BS algorithms implemented in the widely
used OpenCV library [23]: MOG [18], MOG2 [44], GMG

[13]. The scenes used for the comparison present vary-
ing light conditions and different camera heights and
positions and ten frames containing challenging situa-

tions have been selectively chosen as ground truth.

Qualitative results for the compared methods are

reported in Fig. 10, Table 1 reports quantitative results
in terms of false negative (the number of foreground
points detected as background, FN) and false positive

(the number of background points detected as fore-
ground, FP) detections. IMBS has been analyzed both
with (column IMBS*) and without (column IMBS) ac-

tivating the reflection suppression mechanism. The re-
sults show the effectiveness of the IMBS approach, that
performs better than the other methods in terms of to-

tal error.

To further validate our approach, three additional

metrics have been used, namely F-measure, Detection
Rate, and False Alarm Rate.

F-measure is computed as shown in [32]:

F-measure =
1

n

∑n
i=1 2

Preci ×Reci
Preci +Reci

where:

Reci (P ) = TPi/ (TPi + FNi)

Preci (P ) = TPi/ (TPi + FPi)

Reci (N) = TNi/ (TNi + FPi)

Preci (N) = TNi/ (TNi + FNi)

Reci = (1/2) (Reci (P ) +Reci (N))

Preci = (1/2) (Preci (P ) + Preci (N))

Detection Rate (DR) and False Alarm Rate (FAR)

have been computed as follows:

DR =
TP

TP + FN
; FAR =

FP

TP + FP

Tab. 2 shows the results obtained by calculating F-
measure,DR, and FAR for the ten ground truth images

shown in Fig. 10.

Table 5 IMBS computational speed in terms of frame per
seconds with respect to different frame sizes.

Data set Frame Size FPS
Wallflower 160× 120 115
ATON 320× 240 70
MAR 320× 240 38.6
MAR 640× 480 22.4
MAR 1024× 768 12
MAR 1280× 960 9.4

5.2 Evaluation on changedetection.net data set

Changedetection.net [5,14] is a benchmark data set con-
taining several video sequences that can be used to
quantitatively evaluate BS methods. To test our algo-

rithm and to compare it with the methods implemented
in OpenCV, we used five sequences containing water
background in the category “Dynamic Background”.

The results obtained by using two selectively chosen
ground truth images for each sequence are reported
in Fig. 11. As shown in Tab. 3 and Tab. 4, IMBS

and IMBS* have the same performance on the five se-
quences, since no reflections are present in the data.
This is one of the reasons that motivates the creation

of the MAR data set has been created: providing very
challenging scenarios from real systems.

5.3 Computational Speed

The computational speed of the algorithm has been

tested by using different frame sizes for the input im-
ages. The results (see Table 5) show the real-time per-
formance of the proposed approach even for 640× 480

images. The tests have been carried out on a 8x Intel
Core i7-3770 3.40GHz CPU with 16GB RAM by using
a single threaded version of IMBS.

6 Conclusions

In this paper, a fast and robust background subtrac-
tion algorithm has been described. The approach, called
IMBS, is specifically conceived for being effective in

maritime scenarios.
Thanks to an on-line clustering algorithm to cre-

ate the model and a novel conditional update mecha-

nism, IMBS can achieve good accuracy while maintain-
ing real-time performance.

A noise suppression module, that can deal with re-

flections on the water surface, allows to increase the
accuracy of the foreground detection.

The method has been quantitatively compared with

other BS methods implemented in the OpenCV library
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Fig. 10 IMBS qualitative comparison with OpenCV BS algorithms. The first two columns illustrate the analyzed frame and
the ground truth, respectively. The remaining columns show the foreground obtaining by using OpenCV algorithms and IMBS
method (last two columns).

by using publicly available video sequences from the
MAR - Maritime Activity Recognition data set [19] and

from the changedetection.net data set [5]. The results
of the comparison demonstrate the effectiveness of the
proposed approach.
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