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TOM TAT

Theo vét d6i tuong trong video la mot bai toan quan trong cdt yéu trong linh vuc thi giac
may tinh. Theo vét chuyén dong cua ddi tugng co thé sir dung trong cac hé thdng an ninh,
quan st tr dong, tich hop vao robot, cac thiét bj bay khong ngudi lai ciia quan doi,... Bai bao
nay trinh bay huéng tiép cin mo ta bai toan dudi dang loc moét qua trinh ngiu nhién Markov
an, sir dung particle filter dé loc qua trinh ngau nhién va két hop giita viéc tinh toan diém tu
tin tir gentle adaboost. Nhom tac gia dé xudt thuat toan InfoPart cho phép theo vét dbi twong
bang phuong phap theo vét phin chira nhiéu thong tin dbi twong hon (phan diu, than) 1 phan
it thay ddi theo thoi gian va bo qua phan chra it thong tin (phan chan) 1a phan dao dong nhiéu.
Két qua thuc nghiém cho thay do chinh xac trung binh cuia thuat toan InfoPart 16n hon so véi
thuat toan GradNet.

Tir khéa: Boostrap, mé hinh Markov 4n, gentle adaboost, particle filter, Haar like.

1. TONG QUAN

Bai toan theo vét ddi tuong trong video dugc 4p dung trong nhidu linh vyc khac nhau,
dugc stir dung nhu mot bai toan doc 1ap hay 1a mét bai toan thanh phé‘m cua bai toan 16n hon.
Vi du, trong linh vuc thé thao, viéc theo ddi tu dong cau thu chuyén dong 1a mot van dé quan
trong nham thuan tién cho viéc phan tich chién thuat. Bai toan ¢ day bao gom viéc phat hién
cau tha rdi sau d6 theo vét chuyén dong ctia cau thu nay. Mot ung dung cu thé khac cua bai
toan la ing dung trong hé thong xe 1ai tu dong; Viéc quan sat va theo vét cac xe phia trudc 1a
mot phan khong thé thiéu dé dam bao an toan. Vi vy, bai toan theo vét néu két hop thém voi
cac hé théng nhén dién, nhan dang s€ tao ra mot hé théng 6 thé giai quyét nhiéu van dé trong
cudc song.

Huéng tiép can bo loc twong quan 14 cong cu manh mé trong xir 1y tin hiéu sd. Lép thuat
toan nay xoay quanh viéc khai thac cac tinh chat cia bién d6i Fourier, tiéu biéu 1a tinh cht
bién phép tich chép trong mién khong gian thanh phép nhén ham sO trong mién Fourier [1-4].
Y tudng ban dau cuia bd loc twong quan dung dé giai quyét bai toan dinh vi mot vat trong anh.
Nghia la, néu vat dugc quan tim c6 xuat hién trong anh thi xac dinh vi tri cia né. Cong cu giai
quyét bai toan nay 1a Average of synthetic exact filters (ASEF) [1]. Bo loc twong quan tiép
theo 1a Minimun Output Sum of Squared Error (MOSSE) dugc nghién ctru boi David S. Bolme
va cac cong su [4]. Phuong phap theo vét nay rat manh mé, c6 thé d01 pho véi cac tinh hudng
thay d6i anh sang, thay dbi kich c&, hinh dang cta vat. Hon thé nita, toc do thuc thi caa phuong
phap nay rét 4n twong khoang 669 fps.
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Hué6ng tiép cin dua trén phan loai nén va ddi twong sir dung adaboost ¢ cong trinh
nghién ciru ctia Shai Aviden [5] tai Mitsubishi Electric Research Labs xem xét viéc theo vét
doi twong 1a bai toan phan loai nhi phéan gilta cac pixels nén va vit can theo vét. Y tuong
phuong phap 13 huan luyén cac ham phan loai yéu dé phan loai nén va vt rdi sau d6 két hop
lai dé tao thanh m&t phan loai manh dya trén co ché adaboost. Tuy nhién, nhém tac gia nhan
thiy néu vét khong co dang hinh chit nhat thi ¢ nhimg pixels thuc khung hinh chit nhat chtra
vat nhung khong thudc vat s& dugc gan nhén thude vat. Cac pixels nay dugc xem la cac phan
tr ngoai lai, adaboost thi lai nhay cam voi cac phan tir ngoai lai [6]. Ngoai ra, mot s6 han ché
khac cua hudéng tiép can: chua giai quyét duoc tinh huong vét bi che khuit hoan toan trong
thoi gian dai, van phai danh di gitra hién tugng bi tréi ddi tuong va kha ning thich nghi cua
mo hinh theo thoi gian, khong gian dédc trung dugc st dung trong thuat gidi chua tdn dung
dugc thong tin vé khong gian ciia anh.

Hudng tiép can dua trén loc qua trinh ngiu nhién da dugc nghién ctru trong thoi gian dai
trong linh vuc thong ké toan hoc va da c6 rat nhiéu két qua 4n tuong duge kham phé [7-9]. Pa
s6 cac thuat toan theo hudng tiép can nay déu dua trén 10i giai t6i wu Bayes cho bai toan loc
qua trinh Markov an [10-12]. Nghia 14 xdy dung mé hinh Markov an déng vai tro then chét,
mo hinh cang chinh xéac véi thuc té thi 10i giai Bayes cang udc luong duge chinh xéac trang
thai cua ddi twong. Cong trinh [11] ¢6 str dung dic trung v& histogram mau sic dé xdy dung
mot particle filter dé theo vét vat. Cong trinh [13] str dung gentle adaboost dé xdy dung mo
hinh quan sat cép nhat theo thoi gian.

Phan con lai cta bai viét dugc t6 chirc nhu sau. Phan 2 trinh bay mot s cong viée lién
quan dén viéc sir dung Markov dé loc qua trinh, phuong phap ldy mau, gentle adaboost cung
cap diém tu tin dé phan loai va m6 hinh thyc nghiém particle filter. Phan 3 xay dung thuc
nghiém gom néu bai toan, dé xuét y tuong va ma gia theo vét d6i twong vai viée sir dung phan
chtra nhiéu thong tin cho qua trinh theo vét. Két qua thir nghiém dugc trinh bay trong phan 4.
Két ludn va hudng phat trién duoc trinh bay trong phan 5.

2. COSO LY THUYET
2.1. Loc qu4 trinh ngiu nhién Markov

Néu trang thai thir n ciia qua trinh ngau nhién rdi rac chi phu thudc vao trang thai thir n-1,
v6i moi n thi ta ¢6 thé moé hinh hoa duéi dang qua trinh ngiu nhién Markov.

Vi du vé thoi tiét & Salzbury: Céc du khéich nguoi Y rat thich thanh phé Salzbury xinh
dep, noi dwoc ménh danh la “Rome cua phia bdc”. Khi dén Salzbury ho nhanh chong nhan ra
thoi tlet ¢ day khéng on dinh nhw & mién nam. O day khong bao gio co 2 ngay lién tlep ma
thoi tiét quang dang. Néu mot ngay quang dang, ngay tlep theo sé muwa hodc sé co tuyet roi
Véi xdc sudt nhuw nhau. Mot ngay muwa hodc ngay c6 tuyet sé duoc theo sau boi mot ngay c6
cung kiéu thoi tlet hodc thay doi kleu thoi tiét voi xdc sudt chia doi; trong trieong hop thoi tiét
thay doi, xdc sudt giita 2 logi thoi tiét dé xdy ra suw thay déi la nhuw nhau.

Vi mé hinh trén, du khach c6 thé dat ra mot sd cau hoi nhu: Hom nay c6 mua. Xac sut
de 1 tuan nira troi nang dep 1a bao nhiéu? Ky vong cua so ngay mua trong thang tiép theo la
bao nhiéu?

Trong trudng hop khong thé quan sat duoc trang thai thyuc su ciia qua trinh ngau nhién

ma chi quan sat théng qua cac bién quan sat thi mo hinh dudi dang Markov an Hinh 1 s& la
giai phép t6t.
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Hinh 1. M6 hinh Markov 4n

Mo hinh Markov 4n gém 2 mé hinh:
M5 hinh chuyén trang thai: p(xy |Xx_1)-
MO hinh quan sat: p(y |xx)-
Duya vao Markov an gdbm 2 mo hinh trén s& tinh xac sudt p(x,|y,) xuét hién cta trang
thai x;, voi bién quan sat yy,.

2.2. M6 hinh particle filter
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Hinh 2. Minh hoa co ché hoat dong cua particle filter

Dua vao co ché hoat dong cua particle filter & Hinh 2, trinh bay viéc xap xi ham mat do
hau nghiém p(x|y;.,) cho mau particle & mdi thoi diém k. Sau khi tim dwoc ham mat d6 héu
nghiém cho cac mau particle, sr dung boostrap dé loai bo va lya chon lai cac mau particle cho
lan lap thir k+1.

p(yklxk) * p(xk|y1:k_1)
P klY1:k-1)
Nhan xét dai lugng p(yic|y1:x-1) chi 1a mot hing s6 khi ta xét ham p(x,|y;.«) theo bién
Xy, do do ta co cong thurc xap xi:
P ly1) < pielxi) * p (x| y1:0-1) 1)
Ta c6 du doén tién nghiém:
PClyin-1) = [ pCrlo—1) * (-1 [yrk-Ddxe—1  (2)
Tiép tuc thay thé p(xx|yy.x—1) theo cong thirc (1) ta thu dugc:
P Cielyia) < il * [ p(elx—1) * p Qg1 1y1:k-1) dxpe—1 3)

p(xklyix) =

78



Theo vét dbi tuong trong video duwa trén do loi thong tin

Muc tiéu 1a x4p Xi cac ham mat do xac suit p (xy|y;.,) Voi k € N.
~ Gid sir biét ham mat d¢ xéc sudt khoi dau p(x;) 1a phan phoi déu. Ta s trinh bay mot co
ché quy nap @é tir mét xap xi cho p(xx_1|y1.x—1) 6 thé tinh tiép mot xap xi cho p (x| y1.x)-
Gia st {wk_q, x4 Y1 12 mot xap xi cho p(xj_1|¥1.k—1)- Theo Monte-Carlo ta co:
%:1 w;c—15x,l(_1 ~ p(X-1|y1:k-1) (4)
Pugc viét dudi dang twong dwong:
Vg € DIR™), [ g(x—1) * P(p-1ly1:k-1)dXp—1 = Loy @1 * 9(Xp1)  (5)
Ta chon g(xx_1) = p(xy|xk—1) (bién xj_4, cb dinh x;,) thi ta thu duoc:
J Pl xi—1) * D Ctgem[Y1k-1) dXpm1 = Bfeq (@h—q * P(xk|x;lc—1)) (6)
Két hop lai cong thie (3) va (6) ta thu duge cong thic (7):
Pl yra) < p(iclxie) * ZlL=1(w§(—1 * p(xklxllc—l)) = 21L=1(w§c—1 *
Pl * p(xiclxk—1)) (7

Cu01 cung, vi cac mo hinh quan sat p(y;|xy), Chuyen trang thai p(xy|x;—-,) do HMM
cung Cap ngay tir dau, nén dén day ta da co mot ham xap xi cho hau nghiém p (x| ;. k) Nhung
dé tiép tuc str dung cho budc sau (ding dé tiép tuc tinh p(xxiqlViks)) ta ldy miu tir
p(xk|y1.x). Ta co cong thic sau:

1
p(xklyix) = Z 1L=1(‘U%<—1 * DV lxi) *p(xklxllc—l)) (8)
Lay tich phan theo dxy hai vé va [ p(xx|y;.)dxx = 1 ta co cong thirc sau:
zZ= lef=1(wllc—1 * p(Vielxk) *p(xklxllc—l))dxk ©)

Nhan xét rang % Yk (@h_q * p(Vielxe) * p(xk |x,l€_1)) la mot dang tron cua ham mat do,
y tudng ¢ day 1a khong ap dung IS trén toan bd ham trén, nhung ap dung cho tirng ham thanh
phan. Tc 1a ta 1dy miu cho timg ham mat do zl * p(Yielxi) * p(x |x,l<_1), véi Z; 1a nhan tir
l
sao cho ham trén 1a ham mat do, cu thé Z; = 1) p(xk |x,lc_1)dxk.

Phan tiép theo trinh bay viéc 1y mau duya trén IS trén timg ham thanh phan va chimg
minh by mau d6 c6 thé dai dién cho ham tong ban dau.

Ap dung IS véi (%) = 7 * POklxi) * (Xl xie=1), q(xr) = p(xpelxie—1)-
Lay x,l€~p(xk |x,lc_1) thi (xk,z—lp(yk |xk)) dai dién cho m(x;) (truong hop nay thi N = 1).

1

, : 1 . n
Ta chang minh {x,l(,Ew,l(_l*p(ny,l()}lL:l dai dién cho L (wh g =

pilxic) * P (el xk—1))
That vay diéu ndy tuong dwong:

1 1
}wllc—1 *p(Viclck) * 5x,l( 7 Yio1(@k—1 * POicloi) * 0 (x| 0—1)) (10)
L4y ham g(x;) € D(R™), thuc hién bién doi nhur sau:

L
1
[ 9610 45 Y @hes POl *p (el
=1

L
— l l l d
=7 i1 * | g(x) p(yklxk)p(xklxk—l) Xk
=1
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1 : l 1 !
E Z Wi—1 *ZlfZ_g(xk)p(yklxk)p(xklxk—l)dxk
1=1 l
1 L
= 7 Z VAR _p(yk|xk)g(xk)

| =

=7 2, vk POxg ()

Vay ta di tao dugc mot mau cé trong s6 dai dién cho ham mat do hau nghi€m ¢ thoi diém
thir k:

{2 @hy * POl Hor ~ Pl yra) (11)
2.3. Gentle adaboost

La mot thuat toan phan loai dong thoi cung cap thém diém tyr tin ciia phan loai [10]. Y
tudng chinh ctia gentle adaboost nhu sau:
Cho mét bd huin luyén gdm n vectors Xy, X5, ..., X, mdi vector c6 m chidu, mdi vector
duoc gan nhan y; = +1. Ta ti€n hanh huan luyén mot phan loai yéu c6 dang:
fG)=axs(x® >0)+b
v6i x 1a vector input va x ) 13 thanh phan tht k cua x; § 1a ham Kronecker; 6 1a ngudng;
a, b 1a cac h¢ so hoi quy sao cho ham 16i dat gid tri nho nhat.

J = o= FaD)’
i=1
v6i w; 14 trong s6 dwoc cap nhat sau mdi 1an phan loai yéu cho phan loai phén tir x; diing
hay sai.
Diéu nay dong nghia véi viéc tim bo bon s6 (a, k, 8, b) sao cho J dat gia tri nho nhat.
Lip lai qué trinh trén s 14n, ta thu duoc s phan loai yéu tré thanh phan loai manh theo
cong thic:

N
FOO) = fi(0)
i=1
Dua vao cong thire trén cho phép ta phan loai mot phan tir dua trén dau cua F (x) va diém
tu tin cta phan loai dua trén |F(x)].

Qué trinh huén luyén gentle adaboost chinh 14 tim (a, k, 8, b) sao cho J dat gi4 tri nho nhAt.

(a,k,0,b) = argminz w; v, — ad(x® > 9) — b)?
i=1

Dé tim gia tri nho nhat caa J, ta ¢ dinh k, 6 trudc, sau d6 giai hé gdm hai phuong trinh:

9] .9
% =0va % =0
Ta thu dugc cong thirc tudong minh cta a, b la:
3 =1 wjyjé‘(xj(k) <0) Z] 1 w]yjd(x(k) > 9)
— @ vaa= @)
1 wjé‘(xj <60 w](S(x > 0)
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Thay déi k = 1,2, ..., m v6i mdi k thay ddi 6 = xik) xék), e, X (k) rdi tinh a, b theo cong
thc trén, lép bo 4 sb vao ham 16i J, ghi nhan 11 va cudi cung chon bQ 4 ¢6 16 thap nhét.

2.4, Pac trung Haar-like

Dic trung Haar-like dugc tinh bang tong cuong do pixels ving tring trir tong cuong do
pixels ving den. Céc hinh chir nhat ¢ Hinh 3 dugc trugt ¢ cac vi tri khac nhau v6i cac kich
thudc khac nhau, thay d6i trén 3 kénh mau trén vung can lay dic trung va ta thu dugc mot

vector dac trung cua vung.
CaEEEny

Hinh 3. Dac trung Haar-like

3. XAY DUNG THU'C NGHIEM

Bai toan: Cho biét vi tri vat can theo vét & toa d6 (x4, ;) va co kich thuée (w4, hy). Loc
trang thai (xy, Yi, wg, hy) cia vat ¢ nhirng khung anh tiép theo.

3.1. Xay dung particle filter

Mo hinh chuyén trang thai an: Néu trang thai cua vat ¢ thoi diém tht k—1 1a
(xk 1 Yk—1, Wg—1, Mg~ 1) thi chung ta hoan toan khong biét vé vi tri va kich thudc vat & thoi
diém k. Vat co thé xudt hién trén, dudi, trai, phai,.. so v&i vi tri cii, vét c6 thé ting giam chiéu
dai chiéu rong so vdi trang thai cii,... Do d6, ham chuyén trang thai phai dam béo nhiing tinh
chat tong quat nay.

Tai thoi diém anh thir 2, tac gia ding particle filter dé udc lugng trang thai méi cua vat
bang cach chon ham mat d6 quan trong tring voi ham chuyén trang thai. Ngoai ra, trong qué
trinh thuc nghiém tac gia nhan thiy néu xem w va h ddc 14p nhau thi qua trinh theo vét khong
6n dinh. Do d6, xem h phu thudc hoan toan vao w, nghia 1a ty 1& h/w luon bao toan va bang ty
16 » = h/w cua khung hinh chit nhat chtra vt & anh ban dau.

Thuat toan 1: Particle filter cho qua trinh ngau nhién (x,,, v, wp, hyy)
Input: B6 mau particles pf (dya vao thuit toan 5), anh tht k (trong d6 k bét dau tir anh
thr 2)
Output: Bo particles mai dai dién cho p((x, y, w, h) | anh k), udc lugng trang thai cia
vat & anh tha k.
Buéc 1: Gan e = 10720
Buéc 2:
for i=1to N, do (Vi (x;, y;, w;, h;) 1a particle thi i)
LAY X ~x; + N(0,52)
Léy Ynew~Yi + N(O, 52)
LAY wpey~w; + N(0,52)
Tinh oy =1 * Wpew
Tinh likelihood = p(anh 2 | (Xnew) Ynewr @new Pnew) theo thuit toan 2
Cap nhat trong s6 cho particle th i: weight; = weight; * likelihood
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endfor

Buéc 3:
Tinh téng sw = Z?’il weight; + €
fori=1to N do

A 7 £ . weight;+e
Chuan hoa trong so6 weight; = #

endfor

Budce 4: Tinh Nsr = !

Budc 5:
if Nesr < N,/2 then
{(x;, y;, w;, hy), weighti}livj1 = RESAMPLE ({(x;, y;, w;, hy), Weighti}évj1 su
dung boostrap
endif
Budc 6: Udc luong trang thai cua vat & anh thi k bang viéc tinh trung binh cua bo

particles mai
Ng

Trang thai wéc lwong = Z weight; * particle[i]

i=1
Thuét toan 2: Tinh likelihood ctia dnh trén gia thuyét vé trang thai ctia vat
Input: Anh quan sat, gia thuyét (x,y, w, h), vector HOG;cua vat & anh thir nhét, phan
loai manh F.

Output: Likelihood p(anh quan sat | gia thuyét (x,y, w, h))
Budc 1: Trich viing anh trong hinh chtt nhat (x, y, w, h) ra, h = crop(anh, (x,y, w, h))
Budc 2: Resize anh h vé kich thudc cua vat ¢ anh dau tién
Buoc 3:
Trich dac trung HOG trén h, HOG, = getHOG (h)
Trich dac trung Haar-like trén h, Haar, = getHaarlike(h)
Budc 4: Tinh diém phan loai conf = F(Haar,) theo thuat toan 3
Budc 5: Tinh likelihood = exp (a * conf — y||HOG; — HOG,||?)
Thuat toan 3: Tinh diém phan loai

Input: Phéan loai manh F 1a ma trdn 4 X s (tim phan loai manh dya vao thuét toan 4),
vector dac trung Haar-like x ctia viing can tinh diém

Output: Diém phan loai conf
Budc 1: Gan diém conf = 0
Budc 2:
fori=1tosdo
LAy a, b, 8, k 14 phan loai yéu thir i
Cap nhat conf = conf +a x (x[k] >6)+b
endfor
Thuat toan 4: Gentle Adaboost
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Input: Tap huan luyén (x4, 1), (X2, ¥2), ..., (xn, ¥ ) VOi y; € {1, —1} 12 nhan cua x;
Output: Ham phéan loai manh F
Budc 1: Khoitaohé sé wy = wy = -+ = wy = %cho tap huan luyén
Budc 2:
fort=1to s do
for j=1tomdo
Huan luyén phan loai yéu h;, tirc 1a tinh (a, k, 6, b) theo cong thirc
endfor
Chon phan loai yéu c6 15i thap nhat, dat 1a f;
Cap nhat phan loai manh F(x) = F(x) + f;(x)
Cap nhat trong 6 w; = w; X exp (=y;fe(x;))
endfor

5 pixels

o

/5 pixels

h L
S)Oixels

¥

A W

wy

Hinh 4. Phan gi6i han cho viéc ldy miu am.

Thuat toan 5: Ly mau dé huan luyén gentle adaboost
Input: Anh tai thoi diém ban dau, vi tri va kich thudc vat (x,, Yo, o, Ro)
Output: B6 dit liéu D kich thuée N, + N_, gdm N, mau dwong, N_ mau am.
Budc 1: Khai tao mot ngin xép features dé chira cac vector dic trung.
Budc 2:
Léy dac trung Haarlike cua ving (xg, yo, wg, hy), v = getHaarlike(ving(xy, Yo, 0o, ho))
Pua v vao ngan xép features, features.push(v)
Budéc 3:
fori=1to N+-1do
LAy ngau nhién ving chir nhat S tir anh véi vi tri +5 pixels so véi vat
L4y vector dic trung Haarlike trén ving S, v=getHaarlike(S)
Pua vector v vao ngan xép features, features.push(v)
endfor
Buéc 4:
fori=1to N.-1do
L4y ngau nhién ving chir nhat S thuoc phan mau xanh Hinh 4
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Ly vector dic trung Haarlike trén ving S, v=getHaarlike(S)
Pua vector v vao ngin xép features, features.push(v)
endfor

3.2. Thuit toan theo vét phin chira nhiéu thong tin (InfoPart)

Thay vi phai theo vét ca ddi tuong dua trén mé hinh particle filter, nhom tac gia dé xuat
theo vét mot phan ddi twong chira nhiéu thong tin va it thay ddi dya trén mo hinh particle filter.
Sau d6 dua vao két qua theo vét mot phﬁn dbi tuong ndi suy ra toan bd dbi tuong. Vi du,
truong hop ddi twong 12 ngudi di bo thi 5/8 phan trén (gém phan dau va than) 1a phan it bién

=

d6i theo thoi gian va “ddc” hon phan chan.

Hinh 5. CAu triic u phan hoach d6i twgng gdm S1 1 dau, S; 14 than va Sz 1a chan.
Vung (S1+S;) 1a phan loi thong tin trong doi tuong.

Sor d6 hé théng bai todn theo vét doi twong:

Input:  =— ‘?(r;h thur —_— Udc lugng n b particle trong ving (S1+S2) dua trén n
Video. ;rong bo particle & anh thr (k-1) va dua vao phan loai
video >
: gentleAdaboost trong lan lap thir (k-1).

| I

Cap nhat huén luyén phan Dung n bo particle va cdu tric u theo
loai gentleAdaboost dua | e Hinh 5 noi suy phan con lai cua doi
mau moéi D. tuong theo vét tai anh thir k.

I

Output: Vi tri di twong
theo vét tai anh thi k.

Hinh 6. So d6 hé thong bai toan theo vét d6i twong

Thuit toan 6 theo Vét d6i tuong voi phan nhiéu thong tin dya trén mé hinh particle filter
(InfoPart):
_ Budc 1: Khoi tao n bo particles pfy, pfa, ..., pfn trong ving (S1+S2) hinh 5 cho phép theo
vét phan lgi thong tin trong doi tuong tai anh th 1.
Buwdéc 2:
Ldy mau D cho viing (S1+Sy) tai anh thir 1 theo thuat toan 5.
Huan luyén phan loai manh F = gentleAdaboost(D ) theo thuat toan 3.
Buwdéc 3:
while video chira két thiic do
Beginwhile
Nhan anh thir k quan sat d6i tuong theo vét
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Dung n bo particle wéc lwgng trang thai ving (S1+S;) tai anh thir k theo thuat
toan 1

Dung phan loi thong tin vung (S1+S2) va cAu tric u theo Hinh 5 ndi suy phan
con lai cua ddi tuong theo vét tai anh tha k (Nghia la wéc heong trang thai
Cia doi twong theo vét ¢ anh thiz k diea trén n bé particle).

L4y mau méi D* dua trén phan loi thong tin trong d6i tugng theo vét tai anh
thu k.
Cap nhat phan loai manh F.

endwhile

4. KET QUA THU'C NGHIEM

Moi truong cai dat: Tac gia thyc nghiém trén may tinh sir dung hé diéu hanh Windows
10 Pro ban 64 bit, RAM 8 GB, Chip Intel Core (TM) 5i-3210M CPU @ 2.5GHz. Ngon ngir
lap trinh Matlab phién ban R2016a.

4.1. By dir li¢u

_Ném 2013, nhom tac gia Yi-Wu, Jongwoo Lim, Ming-Hsuan Yang [15] da tong hop
nhiéu nguén video lién quan dén theo vét va da tién hanh tao groungtruth cho cac video nay
dé tao thanh bo dir liéu TB-100.

Vi TB-100 1a bd dit liéu tong hop tir nhidu ngudn nén ngit canh cia cac video ciing rat
khéac nhau va da dang vé thudc tinh nhu: loai vat can theo vét, video mau hodc trang den,
camera tinh hoac dong,...

Cac thur thach trong bo dir 1i€u bao gém:

IV — Do sang cua ddi tuong thay doi dang ké.

SV — Ti 1& cta hinh chir nhat chira vét anh thir nhat véi anh hién tai vuot ra khoi
khoang [1/t5'tS] Jte > 1(ts = 2).

OCC — Dbi tuong bi che khuat mot phan hodc toan phan.

DEF — Déi tugng khong dic bién ddi hinh dang.

MB — Dbi tuong bi nhoe do chuyén dong ctia camera.

FM — Chuyén dong cua groundtruth 16n hon tm pixels (tm = 20).

IPR — Déi tugng xoay trong mién anh.

OPR — Ddi tugng ra khoi mién anh.

OV — Mot phan ctia d6i twong ra khoi mién anh.

BC — Nén gan dbi tugng c6 mau sic hodc duong nét gidng ddi tuong.

LR—S6 lugng pixels trong hinh chit nhat chira vat (xét groundtruth) nho hon tr (tr = 400).

4.2. Phwong thirec danh gia

Nghién ctru cia Yi Wu et al. cung cp céc tidu chuin dé danh gia thuat toan theo vét [15].

Phuong thirc 1 (R1): Dénh gia dya trén khoang cach Euclid (precision plot): Do khoang
cach Euclid d tl“I tdm udc luwong cua thuat toan dén tdm thuc sy cta vat (groundtruth), néu d
nho hon hodc bang mdt ngudng to (to = 20) thi dugc xem la thanh cong (Hinh 7a).
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Phuong thirc 2 (R2): Panh gia dya trén mirc do tring nhau. S diém trang 14p dwoc dinh

nghia § = H trong do: 1, 1a hinh chit nhét bao vat do thuat toan udc luong va 1, 1a hinh
a

chir nhat groundtruth (Hinh 7b).
Tinh ty 18 Ry, R, = s anh thanh cong
g 1,0\ — T

téng s6 anh

d

groundtruth groundtruth

(a) (b)
Hinh 7. (a) Do khoang cach Euclid; (b) do murc do trung nhau
4.3. Két qua danh gia
Két qua theo vét ngudi véi camera khong dao dong nhiéu va bao toan twong ddi cac ty
1€ trén co thé nguoi va nguoi khong qua nho. Tac gia sir dung thuat toan InfoPart so sanh vai

thuat toan GradNet [16].

Bdng 1. Két qua thuat toan GradNet va InfoPart

Video Thuoe tinh GradNet % InfoPart %

R1 R2 R1 R2
Crossing SV, DEF, FM, OPR, BC 100 100 100 | 98,33
Dancer SV, DEF, IPR, OPR 92,44 | 98,22 | 9511 | 88,89
Dancer?2 DEF 100 100 77,33 59,01
David3 OCC, DEF, OPR, BC 100 100 | 73,02 | 81,35
Human8 IV, SV, DEF 8,59 7,03 100 | 89,06
Walking SV, OCC, DEF 100 | 99,27 100 | 98,54
Walking?2 SV, OCC, LR 100 100 100 100
85,86 | 86,36 | 92,21 | 87,88

5. KET LUAN VA HUONG PHAT TRIEN

Thuét toan InfoPart liy phan c6 lgi thong tin 5/8 d("')iv tuong nguoi (gém dau va than) can
theo vét cho két qua tot hon thuét toan GradNet. Cu the, cho thay d0 chinh xac trung binh
cua thuat toan InfoPart (R1 = 92,21%, R2 = 87,88%) 16n hon so v&i thuat toan GradNet
(R1 =85,86%, R2 = 86,36%).

Ngoai ra, theo vét phan c6 nhiéu thong tin ‘r(A)i noi suy phan con lai s€ giam thoi gian tinh
toan so voi thudt todn co sé particle filter ban dau theo vét trén toan bo doi tuong.

Dbi voi 16p video theo vét ngudi, camera tuong db6i 6n dinh va phép quay goc bao toan
tuong dbi ty 1& co thé nguoi, tac gia theo vét phin c6 nhiéu thong tin nhit rdi suy ra ca co thé.

Két qug thyc nghiém C}la cag: thuat toan peu trén cho ting Vlgleo l1a chénh 1éch nhau rat lgn,
cao nhat 12 100% va thap nhat 1a 59%. Két qua nay ciing d& hiéu vi bo dit liéu TB-100 1a tong
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hop cua rat nhiéu bd dir liéu khac, rat da dang va nhidu thir thach. Nhin chung, két qua dat &
muc tbt.

Hudng phat trién 14 thay d6i md hinh quan sat. Nhom tac gia nhan thdy qué trinh huan
luyén gentle adaboost rat ton thoi gian va khién cho hé thdng chua thé hoat dong theo thoi
gian thyc dugc. Cac thuat toan sir dung 1op bo loc tuong quan lai cé vu diém 1a toc do xur ly
rat nhanh va chinh xéc, néu tich hop duogc 16p bd loc twong quan niy vao mé hinh quan sat thi
s& rit ngan dang ké thoi gian thuc thi.

Loi cam on: Nghién ctru n:ély do’Tmc‘mg Pai hoc Cong nghiép Thuc phérn TP.HCM bao tr¢
va cap kinh phi theo Hop dong so SO/HP-DCT ngay 03 thang 9 nam 2019.
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ABSTRACT

TRACKING MOVING OBJECTS IN VIDEO BASED ON BENEFIT PART

Ngo Duong Ha, Tran Nhu Y, Le Huu Ha,
Nguyen Phuong Hac, Nguyen Van Tung*

Ho Chi Minh City University of Food Industry
*Email: tungnv@hufi.edu.vn

Tracking object in video is important problem of computer vision. Tracking the
movement of objects that can be used in security systems, automatic observation, integrated
into robots unmanned aerial vehicles of the military, etc. This paper presents an approach that
describes the problem in terms of filtering a hidden Markov model using particle filters to filter
the random process and combining the computation of confidence scores from gentle
adaboost. We suggest tracking the more informative parts (head, body) and omitting the foot
part which is the more oscillating part. An InfoPart algorithm is proposes to track the benefit
part (head, body) without leg that is more oscillatory. Experimental results show that the
average accuracy of InfoPart algorithm is greater than GradNet algorithm.

Keywords: Hidden Markov model, gentle adaboost, particle filter, Haar like.
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