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Article Info Abstract
Arti . . In this article, we consider the problems of the abnormal beh:i
rticle History: . . . . S
Reced®#hegasel detection in a higltrowded environment. One of the main issue:
Re v ilsdeav e rat0erl the abnormal behavior detection is the complexity of the struc
Acceptad uxalrzy? patterns between the frames. In this work, the sooiakfand optica
DOND. 2/2j0aPdn2.2 . 110 flow patterns are used in order to prepare the system for trainin
K complexity of the structural patterns. The cycle genere
eywords: . - d
SurveilVMde®est e adversarial net (cycle GAN) system is used to train the beha\
Abnor EveelDe t e c Datc patterns. The two models of normal andi@imal behavioral pattern
Augment @rtavase hav are used in order to evaluate the accuracy of the system detect
Anal ysQys,| &@ener e the case of the abnormal patterns used for training, due to the

Adver sNet watl ks
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this type of behavioral pattern, which is another challenge
detecting the abnorméalehaviors, the geometric techniques are
to augment the patterns. If the normal behavioral patterns are us
training, there is no need to augment the patterns since the n
patterns are sufficient. Then using the cycle GANs, the normal
abnamal behavior trainings are considered separately. This sy
produces the social force and optical flow pattern for the norma
abnormal behaviors on the first and second sides. We use the
GAN system both to train the behavioral patterns andstess the
accuracy of the abnormal behavior detection. In the testing phe
the normal behavioral patterns are used for training, the cycle
system should not be able to reconstruct the abnormal beha
patterns with a high accuracy. In additiéf the abnormal behavior:
patterns are used for training, the cycle GAN system should be
to reconstruct the abnormal behavioral patterns with a high acct
In each one of the above cases, it follows that the cycle GAN sy
could detect the awrmal behaviors with a high accuracy. In 1
experimenal section, the results from the normal and abnc
behavior trainings are compared with the other methods.
experimental results obtained from the databases are related
abnormal behavior,h®wing that the method used has better res
than the other similar methods in this field. When the syste
trained for the normal behaviors, the accuracy obtained is 98.¢
the framelevel in the database pedl, 95.4% in the database ped:
75.8%in the pixellevel in the database pedl. In addition, when
system is trained for the abnormal behaviors, the accuracy obtai
98.4% in the framéevel in the database pedl, 94.2% in the datal
ped2, and 73.9% in the pixkdvel in the database g

1. Introduction al ways been one of t he
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detection of reguh hdbgehasugmeni on due to the suf
accuracy. Therefore, fp@ant t edesec tSitheebihos mah t baha
phenoméreamans' wor kf orceuandthoenasualf i ct beadw oronal
intervention wil/ not beelrdviicri alrhtep a@ainaea hasu,b e ma v i
detection i s necessary awlyene ntsddda cpnldegr 6 mena c hni c
occun hreecentt hyeeasreahather sve wi | | traicre tamae o@diiala
presented some modelhse ammodd edlhgeon 6t hmes.tTehdd r fprua peos e
abnor mal behavior sttavectpirom.utchi®me@siealmodelr ce and
resoltvheedbnor mal behavi omodadled eiced i mdtrieeetrwa rrkass nb angge
chall enges such as t het elmpgdriaclul ftegat atfrheemmp bve x ik d ie ¢
traifdli ng ndi vi dud24s"' | moncd xuissigh hbee havi or s .
resolution of the video]l nand emgfdodldibmg hpo psud cactni do n
behal[2j ovari ous movementsi sisnueshbpgpewiud as i an udciee s [
[5, 9], problems related t oabtnhoer reagar seh gpwiparl adiedect i
[7], and s howitsaweel [8ffe althierreesycl e GAN system will be
a e t wo maj or chaltilrengesectiimeatdeitlectofngt het peropos
abnor mal behaviors thatabimaowremal e dore hwixlilenbéeedieg ¢ ik
researchedeciemt, aypydartsheshe fourth stage, the res
hall enges have not yet thheed iffulhl wtrageol Yvdad. cBhrcts
he | ack of sufficient data has caused probl ems f
et wor k t t diarbinmg ma In b e 1 RelatedoWorks

etection. Whenwe-hkainmrd dv,atrtke eéicse nnot yehbnasr mal beha
he detection operationdetsteameitdhrmpes f diramed fweetlkld i o
he test stage. It i s nvaenryy relsalalremgegirisg haoe t hie
ystems that wuse d%lefp metnpods amft |cehaalnlienmgg e s i ncl
he second chaltlheebger maubrddresctt ey ingon ment[AP behe
ehaviors i s tthieetoc amplue ®c t YlsBioofsait or age space and
attlketnwekrfar ames t hat hdlvle tcamperdEld | meatgeise obj e
robl ems i thabdneonrtmafly i meghHhW i oprospul at i on movement (
n other words, when theaheuWwadwkementnoto[lyrpedepl &
rained for t he desirepr opd tdti edrgn ad fl dlhreorimafli or m
ehavior, whi ch may be aotnpJvietxfl Botfheped et @ct i on
peration is mot hpet et nawdhaegeletndtitBee sear cher s have
n twbi& the data augmenttateiearhotdec htndo q wesd| veheesaec
nd the cycllelaGANiurs g@it derthal | enges. It hgheal iftaltli o
0 solve these chall engcersi;t etrhiias Bameet omd &k wwEileldlat b e

rai netdhekobsting behavi omest.hotHe we aeodief harheeameh ho -

rai ntihmpromhl nammalabbehawivarlsuaitred b ¥ htletdatecirdget ietre rai

hese networks could be apeeciomong dirsasnegngae bactnkt y o u h d

hter ai ni ng notrhneat woek av r eornypil mgpini y,ere cnigfainegintsyi t i vi t

I be dobhneo rbnaasl e doeotea v ioplrRs TaAdhews t he evaluati on
h

he shortage of anomal omet datasa. Then in the test
tage, t he system di agniecaracg:t Ihih® «a reictoenrsitrriruf cfiesroennrt
rror of abnor mal behavistrmandalds o$s ham davdt BROC, t AU C
odel wi | t hneorramanl obnelhya vi @ursve Aiss aa per ftohdembhiceulct i
esul t, t his systenme cannaetl asrsecfoncsattrivoecnt cal | ed

bnor mals bielhavher test sT haige ; c utrhveer edfroarves, t he TPR
dentt lasbinmbg mal behavi or amovi h i Be -ciudhreee. i me | ydes

n trah@abmagr mal behawi oa o unfti rasnid, vtehae nxl udes t he
bnor mal behaviors twhel LbEeauhbmerRO€dcust egi on, t|
ata augmentation technifopuldsi.f fTlcad twe swiolfl ct maisn
hebnor mal behavieonr, s ainn sthimeveasy he degree or me as u
esul t, t his sywshteeb mocmak rmietceornisdm uc é ft dirag tao mtohlied

ehaviors in the test smage ; capabiefiore, of deaepaf §
haeb n or ma l behaviors wil Fobeedamel| e, tihneocmal dcbap
n this paper, firsthendridrmaebher mdalat @ahadhe aawnir @
or mal behavior, t here The&EERO c mietear i foor raeptrasen:
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framesacwirtrhect cl agdiifsi ot aosmew atnhdat t hese met hoc
critiescioompduitne t wo pixelsfandcobé6mpimecatedd enhéeyonsme
l evel s. t hpear t i al Ho cdéetb s2afidyusing
Occlusion management (OM): Wh etnhfei x e d the ANN networkand A. E .e@ulnldfu z
and static obj etchmo ve martigraugh bitdizingtlee ©RB and HMM techniques

obj ecttsheamdr as, occllusi lave triedc toueliminate the high occlusion

or depr etvmé mt se deafeadti iotni emurmhmentsand their findings show that these
warnimgr vissui on on t hi s snathofdseae tippropsate dhe sneironments lthat
Based on occl us hoebn,e cst smeeap many acclusibnand somehow suppotiie

not subtend in front o fenvirbriments whaarhighr camplexity T thes vie e sau | t
standard section with obbénshedwngb2ad spanbere pactur
Accor dti mgriogcessing oper atheebner noanl tledavi orl 7ddtnect

item wil|l not run well . [2Aby considering thédemot.i
Background complexity monitoring (BCM): objects and wusing 2thh eb yHMO!
The existence of tiny exdrhbhatgegoljnegssselpaigheed hog
i magdaienappraoipst anee of tfhreeat uamesr d move ment , shape,

fraoamendi vi dual & ,hbed dlegrcd wtht HGNrN a&afSd M net wor k and SVNM
and the presence of si |l houwe2tifthey [ ccoonlddhraetr ii megn piad h e d

as hbeackgcompHdexities. t hoebj ect s t daoeglt iusalngf | ow me
Specificity: Thi s criterion shovsyM td atsheghdielmat y babffresewni or ¢
t hneor mal behavior processhdgtected wit hThheegilul tasc ¢
Sensitivity: Thi s criterion showwttahssheoda pathialti ttyhede met |
t haebnor mal behavior procepprogrtitenesi fronments with
After introducing t he evmpuaxi oy amrdkcteddlags etome

met hods usedahalol agngeevseeitttuesed the technique of ext
years wil|l be evaluat eds hpasd,d abnhdauwtpatMdadned dtoidae n t
critlefpPa.using the [CEN nee¢imentek aff hc and gantdhreanal

t hrough tehsdprad cetaiprog al- strestlutr eshow the high accu
based feat[2Ras, ngnd hen SMMIsP met hod i s not app
met hod and reducing di memsiiamnsn mafni ghwiiothsc | tutsri owng hb
t he PCA tnheetdmronda | behavi osedthldemevi r onment s wi t h a

been deta&hcitgehd awictulreecsy,| t&8@md kgr ound.

Table 1. Evaluation of existing methods in SBBA system according to qualitative criteria.

Environment Operations Method ACC OoM BCM Specificity Sensitivity

[20-22] HIGH MEDIUM HIGH LOW HIGH

[23] HIGH HIGH MEDIUM LowW HIGH
Crowded Detection [17] MEDIUM HIGH MEDIUM Low HIGH

[24-26] HIGH LOwW MEDIUM LOwW HIGH

[27] HIGH LOW HIGH MEDIUM HIGH
| b hreecentt hyeileple st or mance gngg%f)@%g: alevesr:tr ug:gp:uugbreli ! rt:oidc
have beeni nprarpbeseod vie- tl]:e; n%t?g v ent, and strupctu
| engetshabfhor mal behavior dfeert es'%nnq eye_ @are ur
now the two chall entglees da/rféani@enc’tome\eat?(%u n% sa $es s
structur al ptahfarearmess baent ﬁtelge & strudw?eure
|l ack of sufficitehaebnormaééﬁgSId%Lﬁq% P/IZ%A(rlarﬁav lded d tni
behaviors ar e i,mmaﬂrtmanrt)éhca a\lelnene né I% thST'ms modEzI
studies have been proposfeoqrhtacbnsgorlmvei ig h o de,t
For hebnor mal behavi or detrecvtiidoenCl Mma £ Iﬁl Pi{II F o\
crowded environment, fi%d?ng 'thegngetegFgavnhontss%me
structure and movV e ndeunet Igg{ng'ﬁe?g?@ esseerg:tllfe%llc beh
tdhe instability ofheh r%%bgeah%aiv%ﬂoﬁsyﬁ A
recentt hyeeasresa,h afaer &laornieo u .
studies in etthizaJ] tave. uW gr]tftfe‘eﬂhlﬂhaw@sO.IV.ed th|_s €

' 1°r st , t hbpgatohbtianifnoerdmat i on

173



Karasfi et al/ Journal of Al al Data Mining,Vol. 10, No. 2202

each movememnhintnkerroumdip utl @ptrioanu ¢ daken or mal patterns
densjandcscl abpmatfhissdand behdvVi @i € nats peatitfércn bfedvravi o
using SYM. Clhedl.kaschrave usdd tophevided for the networ
social imetotoa &sol ve t heacicrulrearteelty t he desired be
probl em of hppoopduel laitngon b ermeatvhi wds, | nhtelyeoofmaén bebavi
ot her wot liwsi,d efoi rsscte,ne s dreai di nigdtaebdomalile t kehhavi or s,

intbepati al and temphoer att h weervkehl@d n warsmanly b e hwars or 1
wi n dboans e d theory. Then utsheed dibaasghbedaericdal ofbehavi or s
behavior-ci owded igrmvi r onmdratgheaeitiWlorlke training will
considered wusing a | ocat hmorcmeadl anbertowvomekl. pari ewus:
movements in the ambi anae dc duwuns et htelndete ecsotonips teaxg @ fyer a
oft habnor mal bebaviion tdbeet edcotnie atchpeat dienmng t @ monst |
peri menmn ero.rodseal ve this ¢ hhaglcligeenngeer,at i ve adver-sari a
anal ysit$esmpdt empor al mo i emteficey c | e GAN i mpl i es a m:
patt®r csan[ tihdebmtoir fma | movemeatsp ofettwoor KGAN otvrxhedi ag
and sudden changes. actual i mbbeakef r omes. I n
I n contrast to the intr owcku ovioddéanieg ennoedrsa, t etdh eb ymeat hgoed
presemt etdbirhkas utbhteedmpal Theaytehen analyzed using a
charactenihebccal | Ffhece w@tmat oipst itchad act ual data or
fl owm otrodegenerate its m@ddélakandhild dntdiifsykchrarnmneiansat e
the structuamabndremdlur belwd vinhgegpeace of characteri sti
accurate. wirwke editsvao tmvoidet e8VM i n this met hod any
of tempor al patternwi ltthe osnys tdemedr aa dnv af net aat giehoeuss f
havj ump, , s géhads i sswmen cacseds eration. t homo mpante nhn e tC

accuratet tbeeahanviinogr aolf patpreodsc¢esvhiac hf dnlee cmpatrteesrpron
i s very ahfifgdecctuirvaecyi ndet enet wor k afchneori dien o otfifh@n e n't
Anot her critictaHabalalmlaé&nngpon® ntmu st dti hasgsnuoasle and
behavior+t det ettaisonattracd@untseirgineiifti cpaanttt er ns (pr o
attent hreenc e nmnt yeaagxi sitsentcheesuhndnto the connected ne
ot haeppr opri ate dat a tfhoer whki swbr kp attrtaeirmi nign f dthlree n e x
abnor mal behdwil®2 22d126 e c tcioanprofn e D cannot identify
281 .1n orodceiragtichsaebnor mapr ogr et Bceodnpaos e nt D tchen di
behavitdheisghi mwded envir onanetnu al, ©0 nthhgfeask ef roonne s i n é
nor mal event sl eareTharcefasasEaglr t B8n. al ncyfhlas GANDN
i mpl ement i-nmgs upheer vsiesneid npert chwiddnei dswha ¢ h i mage trair
very effective3RwayHAMDIt 0o 8s ifdetl@eae[rp.eelrn oteherr ewor
al haveroposed -star eatnwo f uwby component s, G and D,

convolutional nebhbwotrkdlenorcdfi t ebeurccomponent s of G
sol ve this probl em. | npraoddichféadgre, i ma gceesnopol heet teth e d
descritphseh@ampesf and movemart swvotr tka to amddy ttlme hcomponen
happen in the scene was ipdreonviiires:de.s a | i mahteake f o 0D ens .
Chareg . €l[havues etdheor mal daha strdct nmwdrhlissesi mi | ar t
traiinn nagtradesol ve theéehehaonegeongesdedff oIFn tIlhweo rtadrats c |
abnor mal data shortage. cTlyhceab ANt rluacst ube e wh awsaend @eub o

encoeddeecroder net wor Kk and,beihmvi by tdheet ewdy oaf I n t
reonst it thedn mal data was demematdor | of t hde dfiakd n e
test stage, rebuil dt hg tshoecidadt af drscheeoqest e aldtf Do r
abnor mal behdvimg ae¢eciltéehe®@ANecond net wor k, and
systéfp,t hemor mal patterngeneanat obre undert akdsakehe
considered. I n thiss sysotpetni,cat wd ItGheed gelgat ednl t 6r a

have been nesead.orTlhod gehet her §treet wet wor k.
produlwepst i cal fl ow, and the generator of the
second network produces 3. BroposalMathoé d f r a me . I n the
test tdhdelargaer, ma l behavior [detiegitd oslewtiildnbethe det ai
done based on the patterarple¢d@idd LeieiFodnlyr ei n the
I n twhoir k i n ctcoont t At oducsetdage of systtener &ir @i mg nd a
met hoteyugment at i owe rteeecch np daleiSded. Due t ¢ hrechremasiuf f

174



Abnormal behavior detection over normal data and abnofangmented data in crowded scenes

patterns, t heateypdiscaldo preheedarftdire structure of the
augment athaclomo romd | pattertnheeos mal | da nlde abnor mal dat ¢
augmented. Then we will Threeparne tthhee tseoscti adt & pa,cet
and opticalttlickomwstpartctt erdnpfroefppraased wi th nor malg patt e
Af ter t his sttalger aa md n g r tahzg@tbdn,onrgma | patterns. I n t
t heycl e GAN i st hmeoednal o adhrdeaadtner the errtcebmwmdr malco
abnor mal dat a,t hmodmaul | t apnahtttedryns, t he more accur at
abnormal training model Twilhle bceo notbrtaariyne dt h & ihmeaylslt \e
in the test stage, accoadnogmalo tphlad ttemr aisn i twligé Imo

of t he —endathvwear knor matlheor abanborommanha lplt s eernperi ment ,
detection accuracy of otfhe e cyisdamuocrvmmahlp paet erns
consi.der ed the systemowiel acavacy.
In the foll owingscsessednBowfirst, i1t is d

to reconstr ucheebaodmalugmeaines.

Generate social force
and optical flow
between frames

Normal temporal Normal training
Normal frames  ——— calieens E— Cycle GAN — g

model

Generate training
model

Reverse augmentation
Train stage Apply augmentation Generate social force
techniques and optical flow Generate training

Horizontal direction & o
between frames model

change augmentation

R x e Abnormal temporal Cycle GAN Abnormal training
Abnormal frames » Abnormal frames — patterns — yeie AT — model

No

> Detect normal behavior with low
y

] score

Did the model Yes T
Normal patterns — train based on — Detect normal behavior with high

score
the normal pattern? oo

Test stage $ Detect abnormal behavior with low
»

score

Did the model Yes

Abnormal patterns — train based on — Detect abnormal behavior with high

the abnormal pattern? score

Figure 1. Diagram of proposed method.

Augmenting abnormal images 3 The augmentation app
These behaviorsishotwdeér be ttrraanisnfeodr mat i ons
detteltmdbonor mal behaviors t o4 dlihsec raiungi nmeanttéaligiehmimse & p p Ic ia
type of behneovrinoarl fbrechmavi or. t@mensdfor mati ons.

t he <crreaguicrddomdeex sct trainibnghef augmentation appl.i
t hese behaviors i s having besosfscient dat a for

traininghabSioncre | behavi o6 sThear ealuygment ati on per
happen i n t he temevxiirsotninmegnt t raammsf or mati ons
dat abases al so havehe nsuf fTihei eamat g meanttaat ioom hemdds
abnor mal behaviors, we wimalgesencounter
appropriagbe dantdaehow trFRornienxga mphese of the best
behavilmensg&augment ati on tpechHonirgqaes e, twhewei dem p onamgte
hel p to taegmemtpl et e darteaveunsing and di hectdeon
di fferent geometrical memaehpead&E..gulifmapse ametimesdsance
i nclude: related to teovar,aedguygment
1. The augment at i ont haep p B(ibg)ls oagrsh aenxgaensif étesonefs t Bk at e c
pi xel intensity resul ttshéwofi zont al direct
2 The augment lagiidon mblgegagment ati on
horizontally and vertically.
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L

Frame 40 Frame 45 Frame 50 Frame 55 Frame 60 Frame 65

i

Frame 50 Frame 55 Frame 65

(b)

Figure 2. a) An example of abnormal image frames after applying reverse augmentation; b) An example of abnormal image
frames after applying horizontal direction change augmentation.

The iwagesent hdeat g eldatn d and samples used for training in the GAN
weraeugment etdhreosBhgon andetwodf¥Rrr se

techni @we sodashesrF/ g L2f &t) h e Cycle GAN

frames are the rever se Adt ema i o fprtahzet ato if aassich e W en

Fi gu2t bt) hfer ames are i1®0t hesaddtfetamewvwdr kK [LEfoor ptarpaeirni
degr ee r ott hegaii smrf rThum&ach t hreor mal an ¢ e h bsm piommea ig h

one of these frames differs fronthe primary crowded omenscseeri gw3r et hi s

frames. Thus usinghe main frames and the net wor k has t wa haByAdNl er eft avrorr
frames produced by differermugmentationswe patt eorpntsi cofeb],afndo evi a37],f or c e
can have a massive volume aifnormal images andsbheaen used tfhoeor mahi minm

abnobmhhbsv.i or

As

S(Real Social Force)

Ps(Fake Social Force)

Generate Social
Force Model
From Optical

FLow

Po(Fake Optical FLow)

Generate Optical
Flow From Social
Force Model

O(Real Optical Flow)

Ao

Figure 3. Generator of first network (left) generates an optical flow image from social force, and generator of second network
(right) produces a social force image from optical flow.

In the Il eft GAN, there draek et womacgoensp omfent se &eaadd
D. G oktwbr& is responsiGAINe nfearwog &n e rtateirreg are tw
t hoepti cal flow i mages ofDthé& sécohidspapvank it Raf o
correspostahee aJanfdorn c¢ hseed hsesci al force i mages of
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esp doetsi daaln df lisw s e d magTehsunsf oir n2ualn& hfei r s t part
i mages of the firsthpiet wmoemdsaids Dwiitnh otultte h ef 0i i rsse
ork is responbhachtlreali bf usanetdenengted with nc
al f or t auenpnaatttuerranls saonpda.at f or ce

rated by t/aends @dhoerdThedavorsicenari ost halexaondap
bt sedldBack to the seomendvomre&t wolrnk .tolBeecro nwdo rndes ,wc
second network is r é&d®pjo,nsx bile dmroprtoih@aldsefrli mw
e real opti ctaifeatkleo w pp @ tc takdir mrcbe adnhadgTeh e vap i alsl ea

ow generat eadvoglaykgielse af r esonnter ucttehdeel magetf somi
edback to the fir st ngewer Bt ed nby feingde nfesit nesmtm lsni edt
wasonsiaareasdci al force Pbéokai optdi wuasli ngl ow. Compon
t hfer amesadfFandaOheptical Bl e ast thtakee i mages ( x,t hye) an
obtai nelderfarnrmm d,FF Thus weowt plut indicates ththwo pro
have two I)néMwodkshis neiwmagé&s iarensomh@etwardds

rr
k e
t w
ci
ne
su
e

S+~ SO 0N >0

0
a
e
0
e
e
h
h
I

e

responsi bl e afhooprt i gcearl e rfaltolw dgfee ®tm st age, tihe issy setxepne c
the relevant 25 ddfaanld ftohridsettermdbdo bmhbhpatorer nsa by g
net wor k i s respomsioleli @lsfoocri af)y e/cheem pei ag@ldl 1 | @twher w
forcet Hreedmevant optical whlemweo rAmsalnipgtlabwa s t rtahiened
me n t ieoanrel di eeanaef t hesks nweit wly st e m, it cahheatnorrentaol n s
have two components, G anmdagzsdi ce ; waewhabnor mal
The first component heof patthtiesr na p h eepdedtrhdeesssni gint can
component G, in which hascantglpabadt manveg.& ) and z
(noi seawveictt e t) and t he Aoso hp udceaenri ipn3rtbhaseo c i al force
an image p = G x, ¥7),. ltrheephiecalirétowepaodtler N ar
t he var isaohcliealx flosr(g)ae, iamadg ke (X i+ s8 theewond BwadBwor k
the input p is a reconabnocmeld patager nfsr ohm vteh eb e
corresponding optical feowge haThe ag @tetneerrmat ed b g
the second network. Thi awswais ingblteh,rponidsh kpwe phésec
as a fake social force. consi detrheebnanmal i mage. i
The second component orfecbohssr urcativomr kofi st he i mé
componeantt tDakiehs t wo i magreat wxr, k yh & masbdneo(rentatl e di ma g e s
p), tdedt put indi cates taed pirtodb ariéhdess t wo itkh atthat be e
t wo i mages are si mi.l ar ofroagrrmibm oa tmlad r bvechradvs ,orr eneell |
Thevodomponent s, G and D,t eadrne otrodacikmedv ddMieragdew rady
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Figure 4. Comparison of abnormal behavior detection methods using ROC curve in UCSD database. a) ROC curve in frame-
level b) ROC curve in pixel-level.
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Table 2. Result comparison of method used in this work with results of approaches that have been used in recent years on
UCSD database; results o methods have been taken from article [41]. PM-ATM (Proposed Method-Abnormal Training
Model), PM-NTM (Proposed Method-Normal Training).

Method Ped1 (frame-level) Ped1 (pixel-level) Ped2 (frame-level)
AUC EER AUC EER AUC EER
MP P CAP 59% 40% 20.5% 81% 69.3% 30%
Soci al SBWr ce 67.5% 31% 19.7% 79% 55.6% 42%
SFHFMPPC3B 68.8% 32% 21.3% 71% 61.3% 36%
SH4 B — 19% 45.3% 54% — —
MDT3 B 81.8% 25% 44.1% 58% 82.9% 25%
Det ectlbfOfA P at 91.8% 15% 63.8% 43% — —
Pl agRl ay [£NN 95.7% 8% 64.5% 40.8% 88.4% 18%
AMDN (doub[dg f 921% 16% 67.2% 40.1% 90.8% 17%
GAN1D 97.4% 8% 70.3% 35% 93.5% 14%
PM-ATM 98.4% 7% 73.9% 33% 94.2% 13%
PM-NTM 98.9% 6% 75.8% 32% 95.4% 12%

Table 3. Result comparison of method used in this work with results of approaches that have been used in recent years on
UMN database; results of techniques have been taken from article [40]. PM-ATM (Proposed Method-Abnormal Training
Model), PM-NTM (Proposed Method-Normal Training).

Method AUC

opticaHlow [37] 0.84

SFM[37] 0.96

Sparseeconstructior43] 0.97

Commotion[45] 0.98

PlugandPlay CNN[44] 0.98

Globaloptical flow[46] 0.98

GAN[10] 0.9

AUC maximization[47] 0.9

PM-ATM 0.993

PM-NTM 0.995
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Figure 5. UCSD dataset: comparison of frame-level performance (equal error rate) with different methods. a) Dataset Ped1
b) Dataset Ped2. PM-ATM (Proposed Method-Abnormal Training Model), PM-NTM (Proposed Method-Normal Training).
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Figure 6. Examples of frame, social force, optical flow images, and abnormal behaviors detection.
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