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ABSTRALT

A common trait of background subtraction algorithms is that they
have lcarning rates, thresholds, and initial valoes that are hand-tuncd
for a scenano in order to produce the desired subtraction resuli; how-
cwer, the necd o tune these paramcters makes it difficolt to use state-
of-the-art methods, fuse multiple methods, and choose an algonthm
bascd on the carrent application as it requires the cnd-user o boe-
come proficient in tuning a new paramcicr sct. The proposed solu-
tion is to automate this task by osing a Particle Swarm Optioniza-
tion (PHCY) algorithm o maximize a hiness funciion compared o
provided ground-truth images. The fitness function used is the F-
measure, which is the harmonic mean of recall and precision. This
mcthod reduces the total pixel error of the Mixture of Gaogssians
backoround subtraction aloorithm by more than 500% on the diverse
Wallflower data-sct.

L INTROIMICTION

The increasing amount of survcillance camcras in our socicty places
an increasing burden on the secunty professionals who have to mon-
itor them. The hicld of automated surveillance alleviates this bunden
by wsing compuicrs to detoct objects in a scene, track their motion
owver time, identify their type, and recognize high level actions that
they perform. Human activity recognition is the most sought-after of
these tasks; however, it is sencrally bascd on the information oath-
cred in the prior stages which places an upper bound on the relia-
bility of its decisions. (OF these stages, object detection is the start-
ing point, with motion based background subtraction being the most
popular detection method. In backaround subtraction, a statistical
maxdel of the scene’s background is lecamed from an image sequence
which is uscd o label pizels corresponding to foreground objects
not present in the model. Diverse methods of backoround subérac-
tion cxist] 1, 2, 3].

A common traif of backeround subiraction algorithms is that
they have leaming rates, thresholds, and imitial valwes that most be
tunecd in order to produce the desired subiraction result. Despite the
importance of paramcter sclection for cach algorithm, cnd users of-
icn overlook or avold this process. Certain scenanios are more dif-
ficult for the background subtraction aleorthms and accordingly re-
quire more attention during paramcicer tuning: background occlusion
(c.g.. crowded scencs), stopped tarpet objects, cluticr motion (c.z.,
moving trees), and illumination changes. Due to this, uning param-
cters for a scene can improve performance; however, the difticulty in
tuning paramcters and the cxpent knowledoe that it requircs makes
this an cxpensive proposition. Since the kearning paramcicrs are of-
tcn managed globally rather than at a pixel level, aticntion muost be

given to their selection to produce the lowest ermor overall as differ-
cnt regions in a scenc may require different leaming behaviors, The
difticulty in parameter tuning 15 further compounded when papers
dealing with algonithm descniptions omit imitial working valucs that
can be uwsed o fest an implementation. Moreowver, the ideal values
for an algorithm change between scenanios (e.g2., indoor vs. outdoor,
clectro optical vs. infrarcd camcras, aray v, color imagery). Dif-
ferent implementations of the same algonthm can have parameters
on different scalbes making reuse of them more difhicolt (e.g., use of
the vanance as a threshold as opposed to the standard deviation in
an cffort to avoid the square root operation). All of these issucs have
rcal-world implications such as causing cnd uscrs to avoud the staie-
of-the-art methad as they most leam a new paramcter sct. Similarly,
it makes wsing fusion between different methods and choosing aloo-
rithms bascd on the particular application difhicult as well.

A proper solution to this problem should reduce the level of ex-
pertise roquircd when tuning the paramcters of an algorithm, reguoire
bess human fime and intcraction, produce better paramecicrs for a
given scene, and be able to produce paramcters that work well over
a varicty of scenes. A solution to this problem is o automatically
determine the optimal paramcters of alporithm given the pixcl-level
eround-truth images for the sequences o optimize and a fitness func-
tion to gauge the performance of the current paramcters. The binary
ground-truth images depict the objects of intcrest and may be cre-
ated in any paint program wsing the convention of white represcnt-
ing forcoround and black backgoround. The hiness function measurcs
the similanty of resulis obtained from the background subtraction al-
gorithm using the candidate paramcters on the training scquences to
thcir provided ground-truth images. Now that a method of cvaluation
has been cstablished, an algorithm for optimizing the titness through
modification of the parameters can be created. For such a system (o
be uscful, it must use as few of the cxpensive fitness calls as possi-
ble, should reliably retumn similar quality resolts, and it should make
as fiew assumptions about the scarch space as possible.

In this paper, we proposce to use a Particle Swarm Optimization
(P50 alzgonthm for anptomatically determining the paramcters of the
Mixture of Gaussians (Modi) background sobtraction algorithm]1 ).
We present cxperiments on the poblicly available Wallfiower data-
sct |3 ) consisting of scven diverse video sequences and demonstrate
hiow the proposcd method navigates through the parameter space to
maximize the hitness function. We usc the F-mcasure|4] as our fit-
ncss function, which is the harmonic mean of recall (the percentage
of the truc positives detocted) and precision (the percentape of the
detections that are correct), which allows both to be expressed in
one scalar value with cqual weight 'We show that by tuning the pa-
ramcters of MoG algorithm using P50, we more than halve the total
Mol pixel crmor comparcd to reference results. While the proposed



mcthod s performance in awtomatically twning hackeround subdrac-
tion algorithm’s parameters s being shown on the Mo alporithm,
it should be noted that our approach is not limited whatsoever to this
particular background subtraction algorithm and that its sclection
was motivated by its ubiguity in the automated surveillance ficld.

2. MiM: PARAMETERS

Mixture of (janssians is onc of the most prominent forms of back-
oround subtraction due o its fast performance, ability to handle mulii-
masdal background distributions, and high accuracy|2). The paramc-
ters of intcrest are & (lcaming constant), K (number of Gaossians),
1" {prior backoround probability), oy (initial Ganssian weight), g
(imitial Crawssian standard deviation) and A (standard deviation thresh-
o).

The lcarning constant, ¢, 15 arouably the most important param-
cter over all scene types: it governs how quickly the alaorithm adapts
i chanpes in the scene. In a simple scifing, the learning rate wsed
is fairly small as it allows adaption to illuminstion changes and pre-
vents forearound objects from being learncd into the background:
howewver, in realistic owtdoor scencs where illumination changes hap-
pen quickly, objects in the scene are displaced (e.g..a table chair is
moved, door is opencd), or trecs that are imegulady moving doc to
the wind require a higher lcarning rate, which may cause foreground
oijects to be incorporated into the background. Balancing between
lcarning fast cnough o model the complex background, but slow
cnough to not model foreground objects 15 a difficult task for the end
user and roquires carcful tuning as this paramcter is dependent on
the scenc and the frames per second of the camera used.

The number of Cranssians wsed o model cach pixel, K, is de-
pendent on the maximum number of modes in a pixel™s background
distribution. This places a bower limit on what this valoe should be,
as any value for K less than this will cause ermors in the back ground
maxdel, an intcger value from 3 to 7 is gencrally used. The prior
background prohability 1 specitics the probability of a pixel valuc
belonging to the background. If this valuc is sct too low, scencs with
multi-modal hackground distributions may have only some of their
mades considered background; however, if set too high, it can force
forcground distnibutions to represent the back ground.

The initial weight, wy., and variance, oy, paramcters arc often
overlooked in discussion and when tuning the algorthm’s paramc-
ters, but when the algorithm is used in an environment where it is
imporiant to quickly produce meaningful results, these are as impor-
tant &5 the others. The standard deviation threshold A is commonly
fixed at 2.5, however, our cxperiments sugoest that using this as a
variable can be bencficial as-welll Our implementation of this alpo-
rithm follows directly from the reference paper |1).

3. METHOD TO QPUANTIFY FITNESS

To optimize background subiraction algorithm’™s parameters on an
image scquence, a measure of quality muost be cstablished that can
quantify how similar a resulting subtraction image is to the groound-
truth for a frame in one scalar value. The reason for requiring the
fitncss representation o return a scalar value is that it is necessary to
unambigoously and aptomatically decide if one sct of paramcters is
beticr than another. As shown in Fig. 1, maximization of precision,
the percentage of the detections that are correct, would allow for re-
duction of false positives, bat wouldn't take into account the falsc
ncgatives which will likely result in loss of forcground object arca,
see Fig, 1d). Similarly, maximization of recall, the percentage of the

{a) Original  (h) Weal () Fmeasune (d) Precision

k7

(e} Recall

Fig. 1. Resulis of maximizing the F-measure (c), precigion (d), and
recall (¢) on the B sequence in the Walllower data-sct. This se-
quence has foreground objects present during the background sub-
traction initialization, and as such it tests how guickly a backoround
subtraction algorithm can leam the true hackground and let the false
background become foreground.

truc positives detocted, reduces the nomber of false negatives; how-
ever, it docs not reflect how precise the resulting subtraction image is
about what 15 designated positive, which results in excessive noisc,
see Fig. 1{e). A mcthod that could maximize both of these would
produce superior resulis than maximization of either by itself. This
i% done by taking the F-measure, F', of the background subtraction
results and the ground-truth:

2 . precision - recall
precision + recall

b= (1}
The F-mecasure is the harmonic mean of recall and precision, it
allows both to be cxpressed in one scalar value with cgual weight.
Maximization of this provides better subtraction results as the re-
sulting subtraction images are necessanly close to the ground-truth
image, soc Fig. 1{c). Mote that the recall relics on the existence of
truc positives in the ground-truth, and as such it is necessary for all
ground-truth frames to have foreground objects in them.

In gencral, the sround-truth frames should be distnboted wni-
formly through the scquence and contain foreground objects. The
number of ground-truth frames @0 be wsed for a @iven sequence is
proportional o the difficulty of the scquence for the background sub-
traction algorithm and to a lesser extent, the number of frames in it
The number of frames in the sequence determines how well the pa-
ramecters produced perform over longer perinds of time and as such
it is recommended to have at least a fow minotes of data to allow for
the paramciers to be optimized for more than just the initialization
phase. Inour cxperiments on challenging data-sets, one ground-truth
frame for every 20 frames in 2 sequence proved to be sufficient.
Multiple sequences can be used to redoce the effect of over-tuning
to a particular video. Depending on the goal of the paramcter tuning,
one particular camera’s video can be used o find optimal paramcters
for that scene, or scveral diverse videos can be uscd to create more
resilicnt, but less specialized parameters. Results will be gathered
from both parameter tuning techniques to allow for companson be-
tween them.

There are instances where a pixcl can rightly be either fore-
ground or backoround; this makes the task of ground-truthing the
optimal subtraction images more difficult. An example of this is a
reficction under a target foreground object, in an idealized case, it
should be ahsent from the foreground; however, many algorithms
arc not mcant o handle this problem directly, and as such shouldn™t
be penalized for any decision they make. To solve this problem,
a pixcl may be ignored by the fitncss, thus if a region can not be
Clearly judged as foreground or hackground it will be marked with a
gray valuc between pure whiic and pore black in the, now grayscale,
ground-truth image. Pixcls that are ignored will not have any cffect
on the F-measure, which allows it to e more meaningful and repre-
sentative of the true quality of the subtraction. When computing the
2-class confusion matrix between the subtraction image and its cor-
responding ground-truth, if a gray value is cncountered, it is simply



disrcgarded. This has been used to ignore shadows for alaonithms
that don’t handle shadow removal on a background subiraction level,
imprinted surveillance information, and active television scroens.

4. FITNESS SPACE NAVIGATION

It 15 now possible, given a fitness function, to antomatically cxplore
the space in an attempt to locate the background subtraction alpo-
rithm’s paramcters that maximize the fitness. Randomly scarching
the fitness space is a way of coarscly finding arcas of high fitness
by randomly sclecting a parameter vector, however, this requincs a
large nmumber of samples to produce wscful resalts when many pa-
ramcicrs are being tuncd. Uniform zampling can be wsed to fully
cxplore the space provided that the granolarity for cach parameter
15 known ahcad of time, yet it is very time-consuming. Morcover,
whin the granulanity of the paramcters is small, the bounds of scarch
arc large, or number of dimensions is large, this method requincs a
prohibitively large number of samples; however, uniform sampling
i5 uscful for understanding the strocture of the fitness space of an
algorithm, which can provide insight that lcads to morne intclligent
optimization. The fitness plots in Fig. 2 were created by uniform
sampling hetween the parameters ce and 1 of the Mo(s algorithm.
Ciiven the backaround subtraction parameters, a closed form ex-
pression for the fitness docsn’t exist; therefore, it is cxceedingly dif-
hicult to calculate the sradient and step-size required by gradient de-
scent. A reasonable compromise is o use a low number of random
samples and attempt to improve their fitness by updating them over
a serics of time-steps directed towands arcas where higher fitness has
been found in an attempt (o both cxplore the space and optimize the
fitness of local arcas. Thercfore, in this paper we propose to nsc
an cvolutionary method, similar to the previously described process,
called Particle Swarm Optimization (P50, which s discussed nexi.

4.1. Particle Swarm Optimization

Particle Swarm Optimization is an algorithm that can be used to find
cxtrema in a higher dimensional scarch space by utilizing swarm in-
tclligence [5]. The swarm consists of many particles, cach of which
has a position in the paramcicr space, xe, and a velocity, o, that
allows them to move through the space ower a serics of time-sicps,
which arc referred o as generations. Inour case, the particle’s po-
sition is 4 sct of paramcters for the background subtraction alpo-
rithm and its velocity represcnts the change n the parameicers boe-
tween gencrations. Each particle has a history of its highest fitness
value and the paramecicr vector, p;, that produced it over all of its
previous gencrations, and similarly the swarm as a whole 15 awarc
of its highcst fitness valuc that any of the particles have scen and the
parameicr vector, g, that prodduced it. The velocity of cach panticle
i5 directed towards its best parameters by a factor referred to as its
coonitive componcent, 5, and the swarm’s best paramecters which is
its gocial componcnt, ¢z[6]. In an effont o redoce the effect of miow-
ing in constant velocity stcps and to better explore the scarch space,
both velocity contributions are multiplicd by a random factor, & To
prevent premature convergence and (o maintain a reasonable veloo-
ity, a constant, K | referred to as a constriction factor| 7). s used as
an overall weiohit gm‘m‘mng the change in velocity between gencra-
bons: K = |2 " ~...-'ri'= -u-l where ¢ = ¢y + ez, > 4. Finally,

the velocity .'Em-l:] paramcter vca:tm for cach particle at cach gencra-
tion, ¢, after the first is computed as:

=K +em(p —zo )+ arslpy — 1)), (2)
Ty = Tp—1 + - (3)

The cognitive and social components of the velocity can be modified
to achicve a varicty of hehaviors that betier suit the siven scarch
space; however, work has been done io come up with a suitable set
of paramcters and implementation decisions that are cffective across
many difficult optimization landscapes that can be used as a starting
point for a PSSO algorithm implementation |3, 9). Unless otherwisc
specified, we use the canonical PECY alporithm which implies & =
2.8 and e = 1.3, but with 10} gencrations and a population sizc of
200

The background subtraction algorithm imposes limits on what
values its paramcters may be; conscquently, cach dimension of the
particle’s paramcter vootor must reflect this by not allowing its valoe
to cxceed the prescribed limits. 'When updating the parnticle’s pa-
ramcter vector, if a dimension’s comesponding velocity would canse
it to exceed these limits, the velocity in that dimension would be
sct o zero to allow the panticle to be pulled back at a natural raic.
Dwring initialization, cach parnticle’™s paramcter voctor is randomly
distributed in the specificd bounds and its velocity vector is zeroed.
Every gencration, the backeround subtraction algorithm is man on
the paramcter vector that the pariicle’s position represents. For cach
frame run that has a corresponding ground-truth frame, the F-measure
iz computed. To produce the particle’s fitness on a sequence, the
mican F-measure for all ground-truth frames in the scquence is used.

It 5 gencrally recommended that more than one scquence be
uscd to avodd "overfitting” the parameters to a particalar sequence.
The todal fitness for a particlke when using multiple scquences is the
sum of cach scquence's fitness; this gives cguoal weight o all se-
quences and ground-truth images. The result of this process over
several sencrations is that the fitness of cach particle will risc as the
selected paramcicrs continue to ot beticr, and then sradually level
off when the swarm can no longer find a better combination of pa-
ramcters (Fig. 2 shows this process in action). For final paramcter
selection, the best performing global parameters are used; however,
a scparate validation step may be used for final sclection on cach
particle’s best paramcters. The described process has been used to
successfully tune both real and integer valued paramcticrs; howrever,
as the paramcter vectors are real valoed (due to how the velocity s
computed in Eqn. 2), carc must be taken when osing inicger val-
ued parameters to avold loss of possible values doe to conflicts be-
tween the rounding method wsed and the location of the paramcter’s
bownds.

5. EXPERIMENTAL RESULTS

The Mixture of Cranssians algorithm is uscd for all experiments, and
Fig. 2 shows graphically how PSO) navigates the fitness landscape of
its fwo most significant paramcters, o and 17, with the others fixed at
values previously optimized by this method (for display purposes).
The Wallflower data-sct is used for all cxperiments| 3 ). This data-sct
includes 7 canonical scenes which cover many of the difticult sce-
narios for backeround subtraction alporithms: displaced backorownd
object (MO} (omittcd as no algonthm had an cmor on /), orad-
ual global illumination change (TOLDY), instant global illemination
change (LS), clutter motion (WT), low foreground o backorownd
contrast (C), forcground objects present in the sequence during ini-
tialization (B), and slow moving foreground objoct present in scenc
during initialization (FA). For comparison, the cvaloation mcthod
for PEOY is the same as in [3]: only one sct of parameicrs for cach



