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Abstract

This paper proposes a reliable method for detecting
small targetsin noisy and/or low-contrast videos. Examples
of thiskind are night-time videos in low-lighting conditions.
Traditional background subtraction methods which rely on
the difference between the image and the background model
suffer from sensitivity to a set of difference thresholds which
resultin either a highrate of falsealarmsor high rate of tar-
get miss detection. Our method tracks objects in the scene
and models their persistence over time using a probabilis-
tic model called a Persistence Filter. An adaptive detection
threshold is selected for each object based on the global
noise level of the scene as well as properties of that object
including area, contrast and speed. Experimental results
show the effectiveness of this algorithm especially in low-
contrast and noisy situations where classical background

subtraction methods fail .

1. Introduction

One of the primary stages in an intelligent visual tracking
system is background subtraction. In this stage, the cdlore

or gray-level image of the current frame acquired by the

are selected as foreground regions. The background model
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consequently is adapted to address the gradual changes ino6s

the scene. Most of the approaches use a set of probabilis-
tic cues such as the pixel value mean, standard deviation
and distribution to model the background and correspond-
ing thresholds are deployed to determine which pixels or
regions in the scene are part of the foreground and which
ones are not. Here the challenge is to determine suitable
thresholds so that all desired targets are detected arftkall t
noise objects are filtered. This becomes harder as the noise
level of the scene increases or the contrast of the targets
(i.e. the distance of the color or gray level pixel values to
the background) is comparable to the noise level. In such
scenarios, selecting small values for the thresholds teesul
in a large number of noises so called false alarms being de-
tected as targets. In contrast, large thresholds prevent th
desired targets of low-contrast to be detected. This papers
addresses this problem by retaining a map which stores the
history of presence of each object over time. The underlying
idea is that real targets move smoothly over time therefore
they preserve their presence in a local neighborhood in a
small temporal window of frames. In contrast appearance
of noises in random positions shows incoherency of their

motions. On the other hand, real targets show more persis-

camera is compared against a background model and the

regions which show significant difference with the model

tency than the noise objects. In the proposed approach, the
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detection of the targets is based on filtering the persistenc  In order to model the background, several different im-
map using a set of adaptive thresholds which are functionsage features could be employed. While in most of the al-
of the global noise level of the scene as well as the prop-gorithms, the intensity of individual pixels are used, some
erties of individual objects. These properties include the others use other features such as gradightrhotion [7]
area and contrast which can be deployed as cues to distinand texture4]. In a recent paper, Parayal. [8], employed
guish noise and targets. The presented approach is robust ia boosting algorithm to select the most useful features and
multiple senses. The shortage in any of the expected objectliscriminate foreground objects from the background.
properties does not result in failure of the algorithm, lRita  Almost all the the background subtraction algorithms de-
explained in the paper, it just makes the detection processpend on a set of global or local thresholds. Therefore, one of
lengthier as higher level of persistency from the targetis r - the main challenges is to determine these thresholds to min-
quired. Also, temporary miss detection of targets in the pre imize the rate of false alarms and miss detections. &ao
liminary background subtraction step does not cause losingal. in [3] discussed the error analysis for mixture of gaussian
the track for a long time. In fact, the persistence filter can model by trade off of false alarm and miss detection. Con-
retrieve the track as soon as the target reappears. sidering this trade-off, the problem arises when the noise

level increases and becomes comparable to the signal level.
2. Related Work This usually happens in dark scenes where signal (pixel)

values decrease and the noise level increases simultane-

Background subtraction is a well studied area as it is

ously. In such a scenario, trying to reduce one of these two
a fundamental need for many vision system. Variety of

parameters, increases the other one significantly.
methods with the goal of optimizing speed, memory and

) TO BE CONTINUED.
accuracy have been proposéi]. [ A naive method com-
pares the image with a background image captured in the ]
. 3. Noise vs. Target

past and thresholds the difference. A better approach com-
putes the background image by computing the average or There are two basic types of noise appearing in images.
median of a sequence of imagey. [ Statistical methods  The first type so called as camera/illumination based in-
model the distribution of the pixel values using a running clude noises appear due to either inherent properties of the
gaussian averagéf] or mixture of gaussiansifl, 10]. To camera as the acquisition device or the type of illumina-
relax the assumption of gaussian pixel intensity distidsyt ~ tion of the scene. The former source of noise includes
non-parametric methods are deployed.Zlkernel density ~ Automatic Gain Control (AGC) and CCD defects, and the
estimation technique is utilized to model the background latter one includes sudden illumination change and low-
distribution. Also, in p], background model is constructed illumination effect. (THIS PART MIGHT NEED SOME

by clustering color and intensity values in terms of a set of CORRECTION!)

codewords. The second type of noise is due to the presence of unde-
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sired targets in the scene. For example, waving leaves, foot
prints on the ground, reflections in the glasses, and shad-
ows are of this type. The common characteristic of all these

objects is that they have a behavior similar to the desired

targets. Therefore they cannot be eliminated without any | | =
recognition-base approach. Therefore, dealing with tis ¢

egory of noises is beyond the scope of this paper. On the

other hand, our goal is to eliminate the noises of the first cat

egory while retaining the desired targets as the foreground

. . . Figure 1. Noise vs. Target: Top-Left: A sample input image. Top-
objects. Nevertheless, detecting some of the objects of therijght: The foreground mask using low threshold. Bottom-Left:

The foreground mask using high threshold. Bottom-Right: The
foreground mask of the next time instant using high threshold.

paper, we simply refer to the noises of the second type as

second category as targets is inevitable. For the rest®f thi

noise objects. a noise in a way that if we create multiple fore-
To be able to filter noises while retaining the real targets, ground maps using multiple thresholds, the number of
we need to focus on the differences in property and behav- ~ Nhoise objects changes significantly between the maps

ior of these two categories of objects. The three common  Whereas targets are more likely to be present in several

differences between a noise and a real target follow: maps. This will be discussed in detail in section.

1. Area: Due to the inherent source of the noises, they are  Figure1 depicts the three differences of noise and target
distributed mostly homogenously throughout the entire by showing the foreground mask generated using a classical
image. As aresult, they are less likely to aggregate andbackground subtraction method at two consecutive time in-
create a large connected component therefore they arestants and two different thresholds. The single real target
usually smaller in size than the real targets. the scene is easily detectable using its relatively large. si

Meanwhile, the difference between the number of noise ob-
2. Speed: A real target is coherent in motion in the sense

jects in the the foreground masks of different thresholds
that its positions in consecutive frames have small spa-

shows that most of the noise objects have low contrast there-
tial distance whereas noise objects appear in random

fore are filtered in the high threshold foreground mask. And
places. In fact, for a sample noise pixel at timehe

finally, comparing the position of the noises in the fore-
location of the closest noise pixel at time- 1 is likely

ground mask of two consecutive frames (bottom row) shows
to be more than a few pixels away. On the other hand,

the motion incoherency of the noises whereas the motion of
if we assume that these two pixels are associated with

the target seems to be coherdrg. (insignificant motion in
a single moving target, it would be a fast speed one.

short time interval). We exploit the mentioned differences

3. Contrast: A target usually has higher contrast than to detect the targets and eliminate the noises as explained i
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924 the subsequent sections. 5. Persistence Map 578
325 379
326 380
g;; 4. Overview of the Method To keep track of the presence of targets in the video se- i:;
329 guence, a real-valued map of the same size as the image is 383
330 The target detection algorithm presented in this paperin- i . 384
331 defined. Since the elements of this map show the persis- 55-
332 clude the following steps: _ . _ 386
. tency of objects appearance over time in the neighborhood o
334 _ ) _ of corresponding pixels, we nameHgrsistence Map. The 388
335 1. Since the method relies on the history of presence of 389
336 _ _ structure of this map follows: 390
o targets over time so called persistency, a real-valued o1
338 map of the same size as the image name&eas's- Letus definav(z, y, t) as an n-tuple vector of binary val- 392
339 ] _ ) 393
340 tence Map is created to store a signature of this per- yes associated with the pix@h(zx,y,t) at position(z, y) 394
22; sistency for each individual pixel throughout the time. and time instant: 2:2
343 This map is updated at each time instant as explained 397
344 _ ors 398
in sections.
345 399
346 W(I? yﬂ t) = [wl (I7 y’ t) A w'ﬂ (x? y? t)}T (1) 400
347 . . . . 401
2. As the number of noise objects in the scene increases,
348 where 402
349 target detection becomes more challenging and tar- 403
350 404
351 gets are expected to show more persistency or longer im(z,y,t) i=1 405
352 . . . wi(w,y,t) = @ 406
s history of coherent presence in a local neighborhood. max(w;—1 (2, ¢y, t—1)) i#1 107
354 Therefore to determine how much persistency is re- 408
355 , ] ] ) with (z’,y') € N(z,y) , a neighborhood of the position 409
356 quired, the global noise level of the scene is estimated 410
357 ) . . (xy) for taking into account the motion of the targets. 411
- and a global persistence threshold is selected as dis- o
359 cussed in sectiof. Now, the value of the Persistence map at the position “°
360 414
361 (z,y) and time instant is defined as: 415
362 3. Foreach individual objects in the scene, the basic prop- 416
363 417
364 erties including the area and contrast are estimated as 418
. . . . S _ T
365 explained in sectior.1. This information is used to P(z,y,t) = aw(z,y,t)" c(d) 3) 419
366 420
367 adjust the persistence threshold so that targets of larger . 421
268 ) P 9 9 where the elemenitof the n-tuple decay vecta(d) is de- 15
area and/or higher contrast are detected more easily.,.
369 9 Yfined as: 423
370 However, as mentioned earlier, this does not mean that aza
371 425
372 targets of smaller area or lower contrast cannot be de- cldy=d~  delo1] 1<i<n (4) 426
) ) — —
373 427
374 tected. In fact, they just need to show more tempo- 428
275 ral persistency so they can get distinguished from the and the normalizing factor with the purpose of limiting 429
376 430
377 noises of similar area or contrast. the range of the persistence map value to the range of 0 and 431
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1 is defined as:

1 1-d
Z?:l di—l - 1—dnr

o =

®)

In fact, the valueP(x, y, t) can represent the probability
of presence of a target at position, y) and time instant.

Figure 2 illustrates how the persistence map works b
showing the map in the right column and the correspondir
image in the left column for three consecutive frames. Tt
black cells show where foreground pixels are detected |
a classical background subtraction method. The neighb:
hood N (z, y) for this example is defied as a square of siz

3 centered at the targeted pixel.

As it can be seen from the figure, the pixe(&tl, ¢ + 2)
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Figure 2. Persistence Map

CVPR

#****

486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508

contrast object is observed, it has a higher chance of being a g

gets the largest value as it is associated with a pixel-siz

real target, therefore we can use a lower threshold for eval-

object (marked with white dots) moving coherently in the

uating its persistency. In contrast, if a real target hasallsm

three frames.

510
511
512
513

area and low contrast, it needs to appear in a local region 5,4

Updating the persistence map at each frame, we need a

in the scene for a longer period of time to prove that is not

threshold to select pixels being recognized as foregraunds

in fact a noise object! In conclusion, the persistence thres

The threshold at each pixel determines wether that pixel has

old should be an object-based quantity. Sectidasd7.2

been persistent enough in the past few frames or not. For

discuss how to determine this threshold.

example, let us assume that a unique threshold denoted as

is used for all the pixels in the example of figureuch that

a+ad<71<a+ad+ ad (6)

should be in the range of 0 and 1, indicates how much value

5.1. The Effect of the Decay Factor!

The value of the decay factat, which by definition
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then, the pixel marked with a circle would be the only one we consider for the presence of an object in a local region in 529

to be recognized as foreground.

Even though, a unique threshotdmight work well in to the past frames. As shown in the table of figGref
some scenarios, it lacks using the properties of individ- d < 0.5, then all the permutations of the vectox,y,t) fol-
ual objects. As explained in sectidh area, contrast and low the order of the binary numbers where in terms of sig-
speed are valuable information which can be exploited to nificance, each bit dominates all the bits to its right. On the

distinguish noises and targets. For instance, if a largle-hig other hand, if an object appears in a particular pixel positi

the past. The larger the valdes, the more value is given
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d=0.5 d=0.75 d=1 6. Global Persistence Threshold 294

w(x,y,t) P | w(x,yt) P | w(x,yt) P 099

596

0000 0.00/ 0000 0.000 0000 0.00 As explained in previous sections, to distinguish real tar- -,
0001 0.071 0001 0.15/ 0001 0.25

0010 0.13/ 0010 0.21/ 0010 0.25 gets from noises in the scene, we rely on persistence of the o8

0011 0.20 0100 0.27 0100 0.25 , , 299

0100 027 0011 036/ 1000 0.25 objects on local neighborhoods throughout the sequence. 600

601

0101 0331000 037 0011 0.0 The more persistent the objects are, the higher chance they
0110 040 0101 043/ 0101 0.50

0111 047/ 0110 048/ 0110 0.50 have of being detected as real targets. Therefore a theeshol  ©%°

1000 053/ 1001 052/ 1000 0.50 o _ , _ ooa

1001 060/ 1010 057/ 1010 050 is defined to determine when enough evidence is collected 282

1010 067/ 0111 063 1100 0.50 to approve an object as a real target. However, as the noise 4,
1011 0.73)/ 1100 064 0111 0.75

1100 0.80[{ 1011 0.73] 1011 0.75 level of the scene increases, the chance of observing $evera 608

1101 087/ 1101 079/ 1101 0.75 , o _ , 609

1110 093] 1110 085 1110 0.75 noise objects in a small vicinity of the image increases. As 610

611

1111 100/ 1111 100[ 1111 1.00 a result, we need more evidence (i.e. longer history) of ob- .,

permutations of the vectav(x,y,t) 614

a higher threshold. On the other hand, the target detection 615

616

threshold is a function of the noise level of the scene. Inthe

following, a method to estimate the global noise level of the 212

scene as well as a way to determine the global persistence 620

) . 621

at timet, the persistence value of that pixel would be higher threshold is explained. 622

623

than the value of another pixel which shows the presence ] S 624

6.1. Global Noise Level Estimation

of an object in infinite time instants in the past. Obviously, 625

) . 626

such a value assignment scheme is not desired. In another !N many of the video sequences especially those of out- ,;

. . . . . 628

extreme case can get the valug, which assigns equal sig- door scenes, different regions might show different noise oo

nificance to all the time instants including the current time '8Vels. However, most of this inconsistency is due to the 630

) ) 631

instant and all the previous ones. Such a case is also noPrésence of the noises of the second category as explained g,

. . . . . . 633

desirable as there should be some kind of priority for the IN S€ction3. Since this type of noise is the one we do not 62

recent time instants. In conclusion, the optimum values is intend to deal with, we prefer to assign a global noise level 635

. . ) 636

somewhere betwedn5 and1, where the significance of ob- to the entire region of the image, therefore we take the fol- .,

; At 638

ject presence decays gradually from the present to the past®Wing steps to make a robust estimation: .

Such an optimum value can be estimated by using a set of N _ _ 640

1. Divide the image to a set of blocks of equal size. 641

training videos as shown in secti@n Figure3 shows the 642

643

order of the permutations for the decay factor values of 0.5, 2. At each block in the image, count the number of ob- .,

0.75 and 1. Observe how the order of permutations changes  jects with the area smaller than a threshdleba2:5¢. 645

646

with d. This threshold is the maximum predicted area of each 647
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212 noise object. An object of a larger area is accounted as
650 a real target.
651
652 .
o 3. Compute the sum of object counts at each block over a
654 certain time windowr'.
655
656 ) ) o
657 4. Find the median of all the sums, multiply it to the num- 21507 2141113 1141016
2?2 ber of blocks in the image and divide it by the window 1(4|3|1||2|3|3|2||1|3]6]2
660 sizeT. 02|24 03|25 o114
661 :
662 time t-2 time t-1 time t
663 The above algorithm gives us an estimate of the number ] |
+

gz: of small objects (noise candidates) in the scene. Note that
666 this number might include some small targets as well, but 51131 1 |16 x No. of + No. of
667 Median Blocks Frames
668 since the ratio of the number of targets to the number of 4(10(12| 5| =—p 55 =—p 66 =P
gig noise objects is usually negligible, this would not have sig 0|6|5]|13
671 nificant impact on our estimation. Figudeshows how the ) ] o _ 725
672 Figure 4. Noise Level Estimation: Top row: A sample image di- ;g
673 above steps work using some sample values. vided into 12 equal blocks. Middle row: Some sample values for .,
674 the number of noise objects at each blockTor= 3 consecutive 798
- frames. Bottom row: The noise level estimation process. -
. 6.2. Selecting the Global Persistence Threshold .
677 . 731
o The next step is turning the global noise level into a number of frames to be detected as target. For values be s
679 global persistence threshold which impacts all objecetias tween these two extremes, the sigmoid function determines 733
680 , ) 734
681 thresholds to be determined later. In fact, all the real tar- the global threshold. It is worth noting that the values be- 735
682 i in bi 736
. gets of any area, contrast or level of motion coherency neediweenl0...0 and11...1 will not be in binary order but they .
684 to show a longer persistency in a scene of high noise IeveIfOHOW a pattern defined by the decay factbas discussed 738
685 , ) 739
686 than one with a lower noise level. The transformation of " Sections. 1. 740
687 741
688 the scene noise level to a global threshold is through a non- 749
689 : . . . T1.0Object-based Analysis 3

linear function such as hyperbolic tangent or sigmoid. Fig- 2
690 744
691 ure 5 shows an example sigmoid function used for the ex-  Even though the global noise level is a major parameter 745
692 746
693 periments of this paper. As shown in the figure, if the noise in determining the persistence threshold for the targets,y -,
694 level is smaller than a certain value, the global threshold this threshold should vary from object to object. This is due /*®
695 749
696 would bel0...0 meaning that the object needs to be presentto the fact that there are several parameters including the 750
697 751
698 just at the current frame to be detected as target. In con-area and contrast of objects which can be relied on in the .,
699 trast, 11...1 means that if the noise level is higher than a process of distinguishing target from noise. As a resuits, t 753
700 754
701 maximum value, it should have been present for at I¢ast object-based persistence threshold can change as a functio 755
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;:3 } } considering that the region extracted from any of these maps :i)
| |
758 e A is not necessarily a subset of the real target region as some 812
759 2 | 813
760 % | noise objects might join the target region. In fact, due®oth 5,
c I
/61 E | small size of noise objects, this exapnsion in size is neglig 815
762 5 | ~ sigmoid(| 816
763 7 } ble. 817
764 & ! _ _ 818
765 g | To measure the area and contrast of the objects in the g
o |
;23 10..0 i T scene, we first assign a number to each one of the fore- :2(1)
| |
768 T Nose Level YRS —— ground binary maps starting with 1 for the lowest threshold = 822
769 Global Noise Level . ) . . 823
770 and then take the following steps for each object in the first 5,
771 Figure 5. Converting global noise level to global persistence map so called reference map: 825
772 threshold. 826
773 827
774 of the area and contrast of each connected component. In 1. Measure the area of the object by counting the 8- 528
775 _ ) . 829
776 this section we discuss first how to collect this information connected pixels making the object. 830
777 ) 831
278 for each object and then how to select the threshold based 2. Find the map of the highest index with at least one 832
779 o i 833
780 on this information. pixel in common with the reference map. Assign the g5,
781 : : 835
. 7.1. Object Property Measurement index of that map to the contrast of the object. .
783 837
784 Area and contrast of the objects are the two properties The process explained above creates some level of dis- 833
785 839
786 we need to measure in order to determine the object-basedinction between noise objects and real targets by asgignin
87 threshold. To do this measurement, we first create a set othe two values of area and contrast. If fact, this approach &%
788 842
789 binary foreground images by digitizing the output of a stan- detects a good portion of the target region by considering 843
790 , , 844
791 dard background subtraction method using different thresh the map with the lowest threshold and assigns smaller val- .,
92 olds. Each one of these binary maps would include someues to the contrast of the noise objects which are likely to 46
793 847
794 portion of the area of real targets along with a set of noise be missing in maps of higher thresholds. This distinction is 848
795 , ) ) ) 849
796 objects. As shown in figur&, the detected region of the improved by adding the persistency measure as explained ..
797 real target shrinks as the threshold increases (compare thén section5. 8ol
798 852
799 images of upper-right corner and lower-left corner). Mean- It is worth noting that, instead of creating a set of bi- 853
800 854
801 while the number of noise objects would also reduce. This nary foreground maps using discrete thresholds, we can use ...
802 observation shows two things: First, the noise objects usu-a single multi-valued map where the higher value shows &°°
803 857
804 ally have low contrast which this complies with the com- higher contrast (i.e. larger foreground/background diffe 858
805 859
806 mon normal distribution usually used for noise modelling. ence); however since in many of the background subtraction .,
807 Second, the region of the real targets in low-threshold mapsmethods, the selection of a pixel as a foreground object is g6l
808 862
809 are more complete and close to the reality. This is true eventhrough combining the output of several parallel functions 863
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Global
Threshold

1110..0

1100...0

1000...0

ploysaiyL eduslsisiad paseq-19alqo

Max. Noise Area
Object Area

Min. Target Area

Figure 6. Object-base Threshold.

such as the mean and standard deviation of the difference,

providing such a map might not be feasible.

7.2. Object-based Threshold Selection

Estimating the contrast and area of each object and also
the global noise level of the scene, the persistence thresh-
old for each object can be selected based on a non-linear
function. Figure6 shows a set of inverted sigmoid func-
tions to be selected from based on the contrast of the ob-
ject. As shown in the figure, the object-based persistence
threshold is decreased by increasing the size of the object.
However, the decrease factor depends on the contrast of the

object. The values on the limit can change from the sug-

gested values in the figure. Similar factor/a the global

threshold function need to be determined by experiments to

adjust the speed of threshold increase from the highestvalu

(i.e. global threshold) to the lowest ones.

8. Robustness of the Algorithm

The target detection algorithm presented in this paper
shows a good level of robustness against different issues

which usually cause problem for classical target detection

methods especially in noisy and low contrast videos. These

issues and the proposed solutions to them follow:

1. Missing small and low-contrast objects: In night-time

videos or in poor-illuminated regions in the scene, ob-
jects are usually low-contrast. Also, objects with sig-

nificant distance to the camera are very small in size.

In these cases, the appearance of the targets become

close to the noise objects. As shown in this paper, per-
sistence filter can still detect this type of targets as it
does not rely simply on foreground/background differ-

ence thresholdiong.

. Temporary Miss detections: In some frames in the

scene due to the low-contrast, poor illumination, oc-
clusion or particular color and texture of the back-
ground, some of the targets might not be detected
in the preliminary background subtraction step. In
such frames, the detection process fails; however our
method is robust to these miss detections in a way that
as soon as the targets reappear, it can recover their
tracks. This is due to the fact that having some zeros
in the vectow(x, y, t) is tolerable as long aB(x, y, t)
defined in equatiol receives a higher value than the

corresponding object-based threshold.

3. Sensitivity to the Parameters: There are several pa-

rameters to be determined in an object detection algo-
rithm including the one proposed in this paper. Select-

ing suitable values for these parameters is a challeng-
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training videos might not necessary work as well for
a new video sequence captured at different illumina-

tion and noise level conditions. However, as it will be
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