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Detecting Moving Shadows:
Algorithms and Evaluation

Andrea Prati!2, lvana Mikic?, Mohan M. Trived?, Rita Cucchiara

Abstract—Moving shadows need careful consideration in other object). The difficulties associated with shadow
the development of robust dynamic scene analysis systemsdetection arise since shadows and objects share two

Moving shadow detection is critical for accurate object de- ;13 tant visual features. First, shadow points are de-
tection in video streams, since shadow points are often mis-

classified as object points causing errors in segmentation and t€Ctable as foreground points since they typically dif-
tracking. Many algorithms have been proposed in the litera- fer significantly from the background; second, shad-
ture that deal with shadows. However, a comparative evalu- ows have the same motion as the objects casting
ation of the existing approaphes is still Iackmg_. Inthis paper, them. For this reason, the shadow identification is
we present a comprehensive survey of moving shadow de-_ ... s .

tection approaches. We organize contributions reported in Cr!tlcal both for still images and.for Image sequences
the literature in four classes, two of them are statistical and (vVide0) and has become an active research area espe-
two are deterministic. We also present a comparative em- cially in the recent past. It should be noted that while
pirical evaluation of representative algorithms selected from the main concepts utilized for shadow analysis in still
these four classes. Novel quantitative (detection and discrim- : : . .

ination rate) and qualitative metrics (scene and object inde- and.VIdeo Images are .Slm!lar’ typically the purpose
pendence, flexibility to shadow situations and robustness to P€hind shadow extraction is somewhat different. In
noise) are proposed to evaluate these classes of algorithms othe case of still images, shadows are often analyzed
a benchmark suite of indoor and outdoor video sequences. and exploited to infer geometric properties of the ob-
These video sequences a.nd associated “ground-truth datajectS causing the shadow (“shape from shadow” ap-
are made available athttp://cvrr.ucsd.edu/aton/shadow al- . o
low for others in the community to experiment with new al- proaches) as well as to enhance O_bJeCt Iocallzatlo_n
gorithms and metrics. and measurements. Examples of this can be found in

Keywords— Shadow detection, performance evaluation, aerialimage analysis for recognizing buildings [1][2],
object detection, tracking, segmentation, traffic scene anal- for obtaining 3-D reconstruction of the scene [3] or

ysis, visual surveillance even for detecting clouds and their shadows [4]. An-
other important application domain for shadow detec-

|. INTRODUCTION tion in still images is for the 3-D analysis of objects

to extract surface orientations [5] and light source di-

ETECTION and tracking of moving objects is aj
the core of many applications dealing with im-

age sequences. One of the main challenges in thesghadow analysis, considered in the context of
applications is identifying shadows which objectgideo data, is typically performed for enhancing

cast and which move along with them in the scengie quality of segmentation results instead of de-
Shadows cause serious problems while segmentiigcing some imaging or object parameters. In
and extracting moving objects, due to the misclage literature shadow detection algorithms are nor-
sification of shadow points as foreground. Shadowsally associated with techniques for moving ob-

can cause object merging, object shape distortion gagt segmentation. In this paper we present a com-
even object losses (due to the shadow cast over prehensive survey of moving shadow detection ap-

. . proaches. We organize contributions reported in
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gualitative metrics (scene and object independentay complex and time consuming compared to the
flexibility to shadow situations and robustness twon-model based Moreover, the number and the

noise) are proposed to evaluate these classes ofcalmplexity of the models increase rapidly if the aim
gorithms on a benchmark suite of indoor and ous to deal with complex and cluttered environments
door video sequences. These video sequences waitt different lighting conditions, object classes and
associated “ground-truth” data are made availalperspective views.

ai[lhttp;/ / cvr;.ucs_d.eﬁu/aton/ sha_ldow _ 0 tis also important to recognize the types of “fea-
allowfor others in the community to experiment WIth s utilized for shadow detection. Basically, these
new algorithms and metrics. This availability fOITeatures are extracted from three domaisgectral

lows thg ideal‘lc()f dﬁta-sharingfembodied in Call f%r atialandtemporal Approaches can exploit differ-
Comparison, like the project of European COST 2 tly spectral features, i.e. using gray level or color

Group (see A information. Some approaches improve results by us-
http://www.|ya.cs.tut.f|/COST211/ for ing spatial information working at a region level or at
further details). _ a frame level, instead of pixel level. This is a classifi-
In the next Section we develop a two layer t@xsation similar to that used in [15] for the background
onomy for surveying various algorithms presented {faintenance algorithms. Finally, some methods ex-

the literature. Each approach class is detailed and cﬂﬁiit temporal redundancy to integrate and improve
cussed to emphasize its strengths and its limitatioRse|ts.

In Section Ill, we develop a set of evaluation metrics - ) _

to compare the shadow detection algorithms. This is/n Table I we have classified 21 papers dealing with
followed by Section IV where we present a results §fiadow detection in four classes. We highlight spec-
empirical evaluation of four selected algorithms on%@! Spatial and temporal features used by these algo-

set of five video sequences. The final Section presef{{f@ms. In this paper, we focus our attention on four
concluding remarks. algorithms (reported in bold in Table I) representative

of three of the above-mentioned classes. For the sta-
tistical parametric class we choose the algorithm pro-
posed in [8] since this utilizes features from all three
domains. The approach reported in [11] can be con-
Most of the proposed approaches take into accowidered to be a very good representative of the statisti-
the shadow model described in [7] . To account faal non-parametric class and is also cited and used in
their differences, we have organized the various §1-7]. Within the deterministic non-model based class
gorithms in a two-layer taxonomy. The first layewe choose to compare the algorithm described in [13]
classification considers whether the decision procdsscause is the only one that uses HSV color space
introduces and exploits uncertaintyDeterministic for shadow detection. Finally, algorithm reported in
approacheause an on/off decision process, where#g] has been selected for its unique capability to cope
statistical approachesise probabilistic functions towith penumbra. The deterministic model-based class
describe the class membership. Introducing uncéas not been considered due to its complexity and due
tainty to the class membership assignment can te-its reliance on very specific task domain assump-
duce noise sensitivity. In the statistical methods (#ens. For instance, the approach used in [14] models
[8][9][10][11][12]) the parameter selection is a critishadows using a simple illumination model: assum-
cal issue. Thus, we further divide the statistical apig parallel incoming light, they compute the projec-
proaches iparametricandnon-parametrianethods. tion of the 3D object model onto the ground, exploit-
The study reported in [8] is an example of the paraig two parameters for the illumination direction set
metric approach, whereas [10][11] are examples aff-line and assumed to be constant during the entire
the non-parametric approach. The deterministic classquence. However, as stated in the previous Sec-
(see [6][7][13][14]) can be further subdivided. Subtion, in outdoor scene the projection of the shadow is
classification can be based on whether the on/off deilikely to be perspective, since the light source can
cision can be supported by model based knowledgenmt be assumed to be a point light source. Therefore,
not. Choosing anodel base@pproach achieves unthe need for object models and illumination position’s
doubtedly the best results, but is, most of the timesanual setting make this approach difficult to be im-

[I. TAXONOMY OF SHADOW DETECTION
ALGORITHMS
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Statistical parametric Statistical non-parametric

Paper | Spectral[ Spatial| Temporal || Paper | Spectral[ Spatial [ Temporal

Friedman and Russell 1997 [12] C L D Horprasert et al. 1999 [11] C L S

Miki ¢ et al. 2000 [8]9] C R D Tao et al* 2000 [16] C F D
McKenna et al. 2000 [17] C L S

Deterministic model based Deterministic non-model based

Paper | Spectral| Spatial | Temporal || Paper | Spectral] Spatial | Temporal

Irvin and McKeown JF 1989 [1] G L S Scanlan et at.1990 [18] G L S

Wang et al. 1991 [4] G R S Jiang and Warti1992 [6] G F S

Kilger 1992 [19] G R S Charkari and Mori 1993 [20] G R S

Koller et al. 1993 [14] G L S Sexton and Zhang 1993 [21] G L S

Onogucht 1998 [22] G L S Funka-Lea and Bajc$y1995 [23] G F D
Sonoda and Ogata 1998 [24] G F S
Tzomakas and von Seelen 1998 [25] G F S
Amamoto and Fuijii 1999 [26] G N/A3 D
Stauder et al. 1999 [7] G F D
Cucchiara et al. 2001 [13] C L S

TABLE |
CLASSIFICATION OF THE LITERATURE ON SHADOW DETECTION ( G=GREY-LEVEL, C=COLOR, L=LOCAL/PIXEL-LEVEL
R=REGION-LEVEL F=FRAME-LEVEL, S=STATIC, D=DYNAMIC).

plemented in a general-purpose framework. a pixel in four categories:

In the next subsections we describe briefly the se- .
lected approaches. For more details, refer to the cor- For.: CDi>71cp or Qi <Tay, else
responding papers or see the detailed description tm;) _ Back. : X < Tal and &; > Ta, else
we reported in [27] Shad. : a; <0, else

Highl. : otherwise
_ _ ®
The rationale used is that shadows have simi-
As an example of statistical non-parametrioi@p lar chromaticity but lower brightness than the back-
approach we choose the one described in [28] agipund model. A statistical learning procedure
detailed in [11]. This work considers tlwlor con- is used to automatically determine the appropriate
stancyability of human eyes and exploits the Lambethresholds.
tian hypothesis to consider color as a product of irra- o .
diance and reflectance. The distortion of the brigt: Statistical parametricgp) approach
nessc; and the distortion of the chrominancéD; The algorithm described in [8] for traffic scene
of the difference between expected color of a pixehadow detection is an example of statistical paramet-
and its value in the current image are computed arid (Sp) approach. This algorithm claims to use two
normalized w.r.t. their root mean square of pixel sources of informationiocal (based on the appear-
The valuesy; andC'D; obtained are used to classifyance of the pixel) andpatial (based on the assump-
tion that the objects and the shadows are compact re-
;Tﬂis paper considers onlly stiiljimages ol A gions). The a-posteriori probabilities of belonging
This paper is not properly a deterministic model approach. It u
an innovative approach basedioxerse perspective mappimgwhich sﬁ§ b<_acl_<ground, fOI’eg.l‘Ol_,Ind and__s.hadow C|§.SS€S are
the assumption is that the shadow and the object that casts it are o@8Ximized. The a-priori probabilities of a pixel be-
lapped if projected on the ground plane. Since a model of the scenpdﬁging to shadow are computed by assuming that
necessary, we classify this paper in this class. T is th | f th ixel had
3This paper has the unique characteristic to use the DCT to remoVe — [Rv G, B] _'S the value 0_ the plx_e not shaa-
shadow. For this reason, we can say that this paper workeguency- owed and by using an approximated linear transfor-
level The rationale used by the authors is that a shadow has, in : - A :
frequency domain, a large DC component, whereas the moving obj}(ﬁ?tlonv o D,V (whe_reD o dlag((_lR’ dG’ dB) IS a_
has a large AC component. diagonal matrix obtained by experimental evaluation)
“Since this paper uses a fuzzy neural network to classify points @ estimate the color of the point covered by a shadow.
belonging or not to a shadow, it can be considered astatlstlcalapproafﬂ.e D matrix is assumed approximately constant

However, how much the parameter setting is automated is not clear'i X
this paper. over flat surfaces. If the background is not flat over

A. Statistical non-parametricSNP) approach
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the entire image, differerd matrices must be com-with penumbra in moving cast shadows). The shadow
puted for each flat subregion. The spatial informatiatetection is provided by verifying three criteria: the
is exploited by performing an iterative probabilistipresence of a "darker” uniform region, by assum-
relaxation to propagate neighborhood information. Ing that the ratio between actual value and reference
this statisticalparametricapproach the main draw-value of a pixel is locally constant in presence of
back is the difficult process necessary to select tbast shadows; the presence of a high difference in lu-
parameters. Manual segmentation of a certain numiance w.r.t reference frame; and the presence of
ber of frames has to be done to collect statistics asttic and moving edges. Static edges hint a static
to compute the values of matri®. An expectation background and can be exploited to detect nonmov-
maximization (EM) approach could be used to autaig regions inside the frame difference. Moreover, to
mate this process, as in [12]. detect penumbra the authors propose to compute the
width of each edge in the difference image. Since
C. Deterministic non-model basedDi{M1) ap- penumbra causes a soft luminance step at the con-
proach tour of a shadow, they claim that the edge width is

The system described in [13] is an example of d&e more reliable way to distinguish between objects
terministic non-model based approach (and we callg@ntours and shadows contours (characterized by a
it DNM1). This algorithm works in the HSV colorWidth greater than a threshold).
space. The main reasons are that HSV color spacd his approach is one of the most complete and ro-
corresponds closely to the human perception of colaust proposed in the literature. Nevertheless, in this
[29] and it has revealed more accuracy in distinguisbase the assumptions and the corresponding approxi-
ing shadows. In fact, a shadow cast on a backgroumétions introduced are strong and they could lack in
does not change significantly its hue [30]. Moreovegenerality. Also, the penumbra criterion is not ex-
the authors exploit saturation information since thggicitly exploited toadd penumbra points as shadow
note that shadows often lower the saturation of ti@ints, but it is only used teemovethe points that
points. The resulting decision process is reportedd@ not fit this criterion. Moreover, the proposed algo-
the following equation: rithm uses the previous frame (instead of the back-

ground) as reference frame. This choice exhibits
some limitations in moving region detection since it

1 if a< g}:/((iq;)) <g is influenced by object speed and it is too noise sen-
SPy(z,y) = A(IE(z,y) — B (2,y)) < 7s (2) sitive. Thus, to make the comparison of these ap-
ML (,y) = Bl (. 9)| < proaches as fair as possible, limited to the shadow

0 otherwise detection part of the system, we implemented the

DNM2 approach using a background image as refer-

where I;.(v,y) and By (z,y) are the pixel values ence, as the other three approaches do.

at coordinatez, y) in the input image (frame k) and
in the background model (computed at frame k), re-
spectively. The use gf prevents the identification as

shadows of those points where the background wagn this section, the methodology used to compare
slightly changed by noise, whereastakes into ac- the four approaches is presented. In order to sys-
count the “power” of the shadow, i.e. how strong th@matically evaluate various shadow detectors, it is
light source is w.r.t. the reflectance and irradiance géeful to identify the following two important qual-
the objects. Thus, stronger and higher the sun (in ti¢ measures: good detection(low probability to
outdoor scenes), the lowershould be chosen. misclassify a shadow point) angbod discrimina-
tion (the probability to classify non-shadow points
as shadow should be low, i.e. low false alarm
rate). The first one corresponds to minimizing the
Finally, we compare the approach presented false negatives (FN).e. the shadow points classi-
[7]. This is also a deterministic non-model based afied as background/foreground, while for good dis-
proach, but we have included it because of its cormAmination, thefalse positives (FR)i.e. the fore-
pleteness (is the only work in the literature that deajsound/background points detected as shadows, are

Ill. PERFORMANCE EVALUATION METRICS

D. Deterministic non-model basedDgm2) ap-
proach
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minimized. object over another moving object and their effect is
A reliable and objective way to evaluate this typt decrease the intensity of the moving object cov-

of visual-based detection is still lacking in the litered, probably affecting the object detection, but not

erature. A very good work on how to evaluate olihe shadow detection.

jectively the segmentation masks in video sequences

is presented in [31]. The authors proposed a met-1V. EMPIRICAL COMPARATIVE EVALUATION

ric based orspatial accuracyandtemporal stability |, his section, the experimental results and the

that aims at evalu_atlr_lf differently the FPs and l:'\Eﬁlantitative and qualitative comparison of the four
depending on their distance from the borders of the 5 hes are presented. First, a set of sequences
mask, and at taking into account the shifting (instg; test the algorithms was chosen to form a complete
bility) of the mask along the time. In [32], the auy g hon trivial benchmark suite. We select the se-
thors proposed two metrics for moving object deg,ances reported in Table II, where both indoor and
tection evaluation: thé)etectlor_l Rate (DRand the 10 sequences are present, where shadows range
False Alarm Rate (FARAssumingT'P as the nUM- ., gark and small to light and large and where the
ber oftrue positiveqi.e. the shadow points correctlyobject type, size and speed vary considerably. The
identified), these two metrics are defined as fOHOWSHighway land theHighway Il sequences show a traf-
TP FP fic environment (at two different lighting conditions)
DR = TPIFN FAR = TP FP (3) where the shadow suppression is very important to
avoid misclassification and erroneous counting of ve-
The Detection Rate is often calledie positive rate hicles on the road. Th€ampussequence is a noisy
or alsorecall in the classification literature and th&equence from outdoor campus site where cars ap-
FAR corresponds ta — p, wherep is the so called proach to an entrance barrier and students are walk-
precisionin the classification theory. These figurefg around. The two indoor sequences report two lab-
are not selective enough for shadow detection evatatory rooms in two different perspectives and light-
uation, since they do not take into account whethigig conditions. In the_aboratorysequence, besides
a point detected as shadow belongs to a foregroumndiking people, a chair is moved in order to detect its
object or to the background. If shadow detection ghadow.
used to improve moving object detection, only the
first case is problematic, since false positives belong- Quantitative comparison
ing to the background do not affect neither the object
detection nor the object shape.
To account this, we have modified the metrics
equation 3, defining thehadow detection ratg and
theshadow discrimination rat€ as follows:

To compute the evaluation metrics described in
%ection lll, the ground-truth for each frame is nec-
%ssary. We obtained it by segmenting the images
with an accurate manual classification of points in
foreground, background and shadow regions. We
TPq ; TP, @ p_rotlapared ground truth on tens ?fdffrfames for each
= rh T ev o ST o T e video sequence representative of different situations
T'Ps + I'Ns T'Pp+ FNg (dark/light objects, multiple objects or single object,
where the subscript S stays for shadow and F foeclusions or not).
foreground. Thé Pr is the number of ground-truth  All the four approaches but theNm2 have been
points of the foreground objects minus the numbé&ithfully and completely implemented. In the case
of points detected as shadows but belonging to for-DNM2 some simplifications have been introduced:
ground objects. the memory MEM used in [7] to avoid infinite error
In addition to the above quantitative metrics, wpropagation in the change detection masks (CDMs)
also consider the following qualitative measures tmas not been implemented since computationally very
our evaluation: robustness to noiseflexibility to heavy and not necessary (in the sequences considered
shadow strength, width and shapabject indepen- there is no error propagation); some minor tricks (like
dence scene independenceomputational loadde- that of the closure of small edge fragments) have not
tection of indirect cast shadows and penumbdrali- been included due to the lack of details in the paper.
rect cast shadows are the shadows cast by a mouvimgvever, these missing parts of the algorithm do not

n
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Highway | Highway Il Campus Laboratory Intelligent
room
(- s
RS
e |
Sequence type outdoor outdoor outdoor indoor indoor
Sequence 1074 1134 1179 987 900
length
Image size 320x240 320x240 352x288 320x240 320x240
Shadow medium high low very low low
strength
Shadow size | large small very large medium large
Object class | vehicles vehicles vehicle/people people/other | people
Object size large small medium medium medium
Object speed 30-35 8-15 5-10 10-15 2-5
(pixels)
Noise level medium medium high low medium
TABLE II
THE SEQUENCE BENCHMARK USED

] I Highway | [ Highway i | Campus | Laboratory | Intelligent Room |

| | % | & [ % | & | o% | & | % [ & | #% | &% |
SNP || 81.59% | 63.76% || 51.20% 78.92%] 80.58% | 69.37% || 84.03%] 92.35% 72.82% | 88.90%
Sp || 59.59% | 84.70% || 46.93%| 91.49%| 72.43% | 74.08% || 64.85% | 95.39%]| 76.27% 90.74%
DNMI || 69.72% | 76.93%|| 54.07% | 78.93% || 82.87% | 86.65% || 76.26% | 89.87% 78.61% | 90.29%
DNM2 || 75.49% | 62.38% || 60.24% | 72.50% || 69.10% | 62.96% || 60.34% | 81.57% 62.00% | 93.89%

TABLE IlI
EXPERIMENTAL RESULTS

influence shadow detection at all. In conclusion, treequencéntelligent Room

comparison has been set up as fair as possible. The S\p algorithm is very effective in most of
Results are reported in Table Ill. To establish the cases, but with very variable performances. It

fair comparison, algorithms do not implement angchieves the best detection performancand high

background updating process (since each testeddascrimination rate in the indoor sequendeabora-

gorithm proposes a different approach). Insteaory, with percentages up to 92%. However, the dis-

we compute the reference image and other paramsamination rate is quite low in thélighway | and

ters from the firstV frames (with N varying with Campussequences. This can be explained by the

the sequence considered). The fitétframes can dark (similar to shadows) appearance of objects in the

be considered as the training set and the remaltighway | sequence and by the strong noise compo-

ing frames as the testing set for our experimenentin theCampussequence.

tal framework. Note that the calculated parame- The S approach achieves good discrimination rate

ters remain constant for the whole sequence. Timemost of the cases. Nevertheless, its detection rate is

visual results on a subset of thetelligent Room relatively poor in all the cases but thaelligent room

and of theHighway | sequences are available aequence. This is mainly due to the approximation

http://cvrr.ucsd.edu/aton/shadow . Fig. of constantD matrix on the entire image. Since the

1 shows an example of visual results from the indobackground can be rarely assumed as flat on the en-
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the other hand, deterministic approaches (in particu-
lar if pixel-based and almost unconstrained asv1)
exhibit a good flexibility to different situations. Dif-
ficult sequences, likélighway II, require, however,

a more specialized and complete approach to achieve
good accuracy. To help evaluating the approaches the
results on theHighway | outdoor sequence and on
the Intelligent roomindoor sequence are available at

3 L\ga‘#'\ http://cvrr.ucsd.edu/aton/shadow
.

(c) Spresult

B. Qualitative comparison

To evaluate the behaviour of the four algorithms
with respect to the qualitative issues presented in Sec-
tion Ill, we vote them ranging from “very low” to

[{3 M ” -‘ M
Fig. 1. Results of in théntelligent roomsequence. Red pixels very high” (see Table V). The BM1 method is

identify foreground points and blue pixels indicate shadolf® most robust to noise, thanks to its pre- and post-
points. processing algorithms [13]. The capacity to deal

with different shadow size and strength is high in

both the $ip and the Dum1. However, the higher
tire image, this approach lacks in generality. Neveffexibility is achieved by the Bm2 algorithm which
theless, good accuracy in the casémélligent room s able to detect even the penumbra in an effective
test shows how this approach can deal with indoor $fay. Nevertheless, this algorithm is very object-
quences where the assumption of consiamatrix dependent, in the sense that, as already stated, the
is valid. assumption on textured objects affects strongly the

The Dnm 1 algorithm is the one with the most staresults. Also, the two frame difference approach pro-

ble performance, even with totally different video sgposed in [7] is weak as soon as the object speeds in-
guences. It achieves good accuracy in almost all tbeease. The hypothesis of a planar background makes
sequences. It outperforms the other algorithms in tttee DNM2 and especially the FSapproaches more
Campusand in thelntelligent roomsequences. scene-dependent than the other two. Although we can

The DNM2 algorithm suffers mainly due to thenotclaimto have implemented these algorithms in the
assumption of planar background. This assumptifipst efficient way, the BmM2 seems the more time
fails in the case of theé.aboratory sequence whereconsuming, due to the amount of processing neces-
the shadows are cast both on the floor and on the c88ty- On the other hand, theiBis very fast.
inet. The low detection performance in tBampus  Finally, we evaluated the behaviour of the algo-
sequence is mainly due to noise and this algorithiithms in the presence of indirect cast shadows (see
has proven low robustness to strong noise. Finalfyection Ill). The D\m2 approach is able to detect
this algorithm achieves the worst discrimination réoth the penumbra and the indirect cast shadow in a
sultin all the cases but tHatelligent roomsequence. very effective way. The Sand the Dum1 methods
This is due to its assumption of textured objects: filed in detecting indirect cast shadows. The pixel-
the object appearance is not textured (or seems Rased decision can not distinguish correctly between
textured due to the distance and the quality of tfiis type of moving shadows and those shadows cast
acquisition system), the probability that parts of th@n the background. However, the &pproach is able
object are classified as shadow arises. In fact, in tifedetect relatively narrow penumbra.

Intelligent roomsequence the clothes of the person in
the scene are textured and the discrimination rate is V. CONCLUDING REMARKS

higher. This approach OUtperformS the others in theDevek)pment of practica| dynamic scene ana|y_
more difficult sequenceHighway II). sis systems for real-world applications needs careful

The statistical approaches perform robustly konsideration of the moving shadows. Research com-
noisy data, due to statistical modeling of noise. Qnunity has recognized this and serious, substantive

(d) DNM1 result (e) DNM2 result
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Robustness| Flexibility Object Scene Computational Indirect shadow
to noise | to shadow | independence| independence load & penumbra detection
SNP high high high high very low high
Sp high medium high low low low
DNnm1 | very high high high high low very low
DNm2 low very high low medium high very high
TABLE IV

QUALITATIVE EVALUATION .

efforts in this area are being reported. The main mquire feedback of specific task/scene domain knowl-
tivator for this paper is to provide a general framedge.
work to discuss such contributions in the field and A very interesting future direction has been sug-
also to provide a systematic empirical evaluation ofgeested by an unknown reviewer. He/she suggested to
selected representative class of shadow detectioncansider thephysically importantindependent vari-
gorithms. Papers dealing with shadows are classifigles to evaluate the algorithms. If we can con-
in a two-layer taxonomy and four representative adider as parameters of the scene for example the type
gorithms are described in detail. A set of novel quaof illumination for indoor scene or the surface type
titative and qualitative metrics has been adopted upon which the shadows are cast in outdoor environ-
evaluate the approaches. ments, we can build up a benchmark on which test-
ing the different approaches. Results on accuracy on
Main conclusion of the empirical study can be dehis benchmark would be more useful to future re-
scribed as follows. For a general-purpose shad@@racher/developer of shadow detection (and motion

detection system, with minimal assumptions, d@etection) algorithm since mogghysically linkedto
pixel based deterministic non-model based approagle considered scene.

(DNM1) assures best results. On the other hand, to
detect shadows efficientlin one specific environ-
ment more assumptions yield better results aled

terministic model-based approashould be applied.
In this situation, ifthe object classes are humerou
to allow modeling of every class, eomplete de-
terministic approachlike the DNm2, should be se-
lected. Ifthe environment is indogrthe statistical
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