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Video object segmentation algorithm based on consistent features

Zheng Yu', Chen Yadang', Hao Chuanyan’
1. School of Computer and Sofiware, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. School of Education Science and Technology, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract: Objective Video object segmentation is an important topic in the field of computer vision. However, the existing
segmentation methods are unable to address some issues, such as irregular objects, noise optical flows, and fast move-
ments. To this end, this paper proposes an effective and efficient algorithm that solves these issues based on feature consis-
tency. Method The proposed segmentation algorithm framework is based on the graph theory method of Markov random field
(MRF) . First, the Gaussian mixture model (GMM) is applied to model the color features of pre-specified marked areas,
and the segmented data items are obtained. Second, a spatiotemporal smoothing term is established by combining various
characteristics, such as color and optical flow direction. The algorithm then adds energy constraints based on feature consis-
tency to enhance the appearance consistency of the segmentation results. The added energy belongs to a higher-order energy
constraint, thereby significantly increasing the computational complexity of energy optimization. The energy optimization

problem is solved by adding auxiliary nodes to improve the speed of the algorithm. The higher-order constraint term comes

rFE B H9:2019-11-19 ; & [@ H 7 :2020-03-10 ; 1 EN A H #§ :2020-03-17
EWE : HRKAARAILETIH (61702278 ,61802197) s VLI A L H-2#A1T- 5 W H (PDPA)
Supported by : National Natural Science Foundation of China (61702278, 61802197)
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from the idea of text classification, which is used in this paper to model the higher-order term of the segmentation equation.
Each super-pixel point corresponds to a text, and the scale-invariant feature transform ( STFT) feature point in the super-
pixel point is used as a word in the text. The higher-order term is modeled afterward via extraction and clustering. Given
the running speed of the algorithm, auxiliary nodes are added to optimize the high-order term. The high-order term is
approximated to the data and smoothing items, and then the graph cutting algorithm is used to complete the segmentation.
Result The test data were taken from the DAVIS_2016 ( densely annotated video segmentation) dataset, which contains 50
sets of data, of which 30 and 20 are sets of training and verification data, respectively. This dataset has a resolution of
854 x 480 pixels. Given that many methods are based on MRF expansion, « = 0.3 and 8 = 0.2 are empirically set in the
proposed algorithm to maintain a capability balance among the data, smoothing, and feature consistency items. Similar to
extant methods, the number of submodels used to establish the Gaussian mixture model for the front/background is set to 5,
o, = o, = 0.1. This paper focuses on the verification and evaluation of the proposed feature consistency constraint terms
and sets 8 = 0 and 8 = 0.2 to divide the videos under the constraint condition. The experimental results show that the IoU
score with higher-order constraints is 10. 2% higher than that without higher-order constraints. To demonstrate its effective-
ness, the proposed method is compared with some other classical video segmentation algorithms based on graph theory. The
experimental results highlight the competitive segmentation effect of the proposed algorithm. Meanwhile, the average loU
score reported in this paper is slightly lower than that of the video segmenfation via object flow ( OFL) algorithm because
the latter continuously iteratively optimizes the optical flow calculation results to achieve a relatively high segmentation accu-
racy. The proposed algorithm takes nearly 10 seconds on average to segment each frame, which is shorter than the running
time of other algorithms. For instance, although the OFL algorithm reports a slightly higher accuracy, its average processing
time for each frame is approximately 1 minute, which is 6 times longer than that of the proposed algorithm. In sum, the
proposed algorithm can achieve the same segmentation effect with a much lower computational complexity than the OFL
algorithm. However, the accuracy of its segmentation results is 1. 6% lower than that of the results obtained by the OFL
algorithm. Nevertheless, in terms of running speed, the proposed algorithm is ahead of other methods and is approximately
6 times faster than the OFL algorithm. Conclusion Experimental results show that when the current/background color is not
clear enough, the foreground object and the background are often confused, thereby resulting in incorrect segmentation.
However, when the global feature consistency constraint is added, the proposed algorithm can optimize the segmentation
result of each frame by the feature statistics of the entire video. By using global information to optimize local information,
the proposed segmentation method shows strong robustness to random noise, irregular motions, blurry backgrounds, and
other problems in the video. According to the experimental results, the proposed algorithm spends most of its time in calcu-
lating the optical flow and can be replaced by a more efficient motion estimation algorithm in the future. However, com-
pared with other segmentation algorithms, the proposed method shows great advantages in its performance. Based on the
MRF framework, the proposed segmentation algorithm integrates the constraints of feature consistency and improves both
segmentation accuracy and operation speed without increasing computational complexity. However, this method has several
shortcomings. First, given that the proposed algorithm segments a video based on super pixels, the segmentation results
depend on the segmentation accuracy of these super pixels. Second, the proposed high-order feature energy constraint has
no obvious effect on feature-free regions because the SIFT feature points detected in similar regions will be greatly reduced,
thereby creating super-pixel blocks that are unable to detect a sufficient number of feature points, which subsequently influ-
ences the global statistics of front/background features and prevents the proposed method from optimizing the segmentation
results of feature-free regions. Similar to traditional methods, the optical flow creates a bottleneck in the performance of the
proposed method. Therefore, additional efforts should be devoted in finding a highly efficient replacement strategy. As men-
tioned before, the method based on graph theory (including the proposed method) still lags behind the current end-to-end
video segmentation methods based on convolutional neural network (CNN) in terms of segmentation accuracy. Future works
should then attempt to combine these two approaches to benefit from their respective advantages.

Key words: video object segmentation ; feature consistency; Markov random field (MRF) ; auxiliary node; energy optimi-

zation
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1R E P& i SIFT (scale-invariant feature trans-
form ) FEAE fAE 3% SCART o il — N3], B DL, 4
A x thAT 0 AN TR BTG, & S B
ARHEAT SIFT AR 23 42 0, 48 0 A RF A A3 58 28
| D | 2 CGHEFEORE SIFT HFAE 53R 28 100 38, 525655
B Y2 R B b /N 2 X B 28 18 43 45 R
A XA T AR D | BT,
E(S) EXN

E(S) == S p(is) 9 == S]]

(8)
Pl = B/ H, AR T X
Fg 2R 4 P 0750 T S 54 710
BePE.

25 EE 1) BERTRE /M L 1T LB (5

a - JEE H: (Boykov Fll Kolmogorov 2004 ) X} Ho k4T
EAMAL. BT E(S) 7 MRF AL & T —Fh
AR R, AL BT RE T R, &
KRR BEAR S 2 19 e RE. W ok, {5 B Yang 55 A
(2016 ) JEAEL, 38 o 45 ol B 245 1) T XOR e ke ko
(D) WAL, & Lol FRTERBIRR s T RF-AE
RSB T kR CILE 1) o R (8) HFp(1(s) [s) AT
PLEE e
| D |

CUCIDER (T ! (9)
R, 2 (8)

| D| J
E(S) =Y W[ (pi)" =
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T B 1 R a3 2R | D) = 4 30450
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Fig. 1 Example illustrating how the auxiliary nodes and

<

edges are added to the original MRF graph
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P Al B 2 e RO R8s 9 RO O, B BB s 1 ke
(MR [1(s) # 1(k) ] - ol s

i BRI, A SO R E e s e B 3 oAl
AR HE R BRI 575 (Boykov Al Kolmogorov , 2004 ) X
HoorEle i FUIm 7 A4 B S a3, 7E 20 HI AR Le 5
A1 SIFT JFAEAEMSR R , FEAE A 5 By B —2

3 ZWERSHM

KA MATLAB T HA G AR %, Hoh—LE40
Mz ek BOWA C/C ++ 928, REPFEREE &AL T—
5 IURZE 3. 40 GHz CPU A A HL iR, I8 1%
DAVIS_2016 ( densely annotated video segmentation )
(Perazzi 55 ,2016) ¥diade, HrpIbgs0 418,
FRAD G 30 N800 AN 20 LHIGAE RS, Har R
%1 854 x 480 R, MIMAKKE o« =0.3,8 =
0.2 , DAORFFECE I - I LL S RRAE — 30X =
Z R RE RV, AN, MIRZEOTERLLHT
NI/ R TR A A A A TR B Bl
5,0, =0, =0.1,

X ToU (intersection over union ) 38 5 i 2=
AU FI A5 R HER R . AT LARIR R : ToU =
(CNG)/(CUG) H CHRIGHHZAR, GH
HSH,

3.1 BEEIEHIITM

B TR - 0T R 22 B AL A v AR
o, BN 20008, B SO0 AS SCRT 4 S A R AE
— BRI AT B R S VAL . N (2)
JIRBE B =0 B =0.2 ,XAEn] LAl fEA Toix
AR AT XA T 73 8o Ao BN
TCRIE— S 29 )1 3 45 R T 20 4155 3E AL
A P28 ToU 45973, 45 N1 2 Bios , A E,(S)
LRGBS R TC E(S) 2R 53 H 45 R
$i T 10.2% 1 ToU 1553, i WL 1% 24 AREIUAfG 55 KK
P T I R HERA R

EESRTT LU, A< SCH 4 Hh A R7E 29 S 5
BARRE T OHIAIR A MERR . BAORTE, 1A i
FHIZ LRI, MY 23 F 25 RALAE SR i 2R
A8 F- 18 0BT 148, JCH: S i/ R B A o BT,
Hisw B A RS2 W HORE , R 7 R
o AL A 4 SR B RRAE — BOrE 20RO, SR g

0300 1 0 DUBTRE AR HEAT R AR SE 7T, SR AL AL B — Wt iy
OrEIEER . Il T RN 2R (R B SR T
TR BT 3 AR AR S0 BT o6 T e B
BEHLE R G IZ 2 R\ 75 35 A 0 B 45 TR AR A
BRI EAEIE . AL T A — S8R TR R R B AT
S RIRTT I, AR SO A2 RAREINA R Bl 2
0 AP B e = 9P A S 8 M 3
i LTSI 2 A 2 A WS 114 4 T 24 L, BRIV 57 A0 S5t
PR IEAAH ] . B, ISR U S 2 55
AR 2 18 T 2 B T il ik S MR 5 G0 AL ) 1 3R B
oy FCARTR] 545, PHAR 25 5 7 AR i s IR R
FNH 5, 100 S SRR o B ST B A T
E,(S) B4R, B0 AT LAMAUTURE (A R4 7 23 A, 18
HA WL AT S AR AE 1R R BRLEA DR 7 54
AE AR B 0 Ik, AT 2k S A 2073 #1528 3T {0
DXy H Y

(c) AL

() HSHEE (o) SRR
B2 R scmser
Fig.2 Some experimental results( (a) ground truth;

(b) without feature consistency constraint;

(¢) with feature consistency constraint )
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T — S 22 L %) T [ B AR 0 R B0 TR AT FL AR
41 HVS( Grundmann %,2010) , NLC ( Faktor ] Irani,
2014) ,BVS( Miirki %4,2016) , OFL ( Tsai £¢,2016)
gyl TR A E 25 R ToU 1570 (E LR, X
RN TN ES e 0 2 (PP s b1\ 0 53 )
TAEER R 45 T DAVIS_2016 %44 rh 20 2 55 ik
RG> B ARG, e, R 1 H g X 20 H
AR ARG Ho AL

®1 SHA—LEZ2BETERHTENLLR

Table 1 Accuracy comparison with other methods

EER7S

J¥4)

A3  HVS NLC BVS  OFL
blackswanBVS 92.5 91.6 87.5 943 94.7
bmx-Trees 38.7 17.9 2.2 38.2 14.9
breakdance 77.3 550 67.3 50.0 52.2
camel 56.0 87.6 76.8 66.9 86.7
car-roundabout 79.5  77.7 50.9 85.1 90.3
car-shadow 822 69.9 645 57.8 84.5
cows 47.9 779 83.3 89.5 911
dance-twirl 84.6 31.8 34.7 49.2 53.9
dog 44.4 722 80.9 723 89.7
drift-chicane 75.5 331 324 3.3 10.4
drift-straight 58.9 29.5 47.3 40.2 33.8
Goat 57.4 580 1.0 66.1 86.5
horsejump-high 7.2 76.5 83.4 80.1 86.3
kite-Surf 74.1 40.5 453 425 70.3
libby 66.1 553 63.5 71.6 55.3
motocross-jump 76.6 9.9 251 341 60.7

paragliding-launch ~ 74.8  53.7 62.8 64.0 63.7

parkour 72.1 240 90.1 75.6 85.9
scooter-black 76.4 62.4 16.2 33.7 80.7
soapbox 90.0 68.4 63.4 78.9 68.7
-1y 66.4 54.6 551 60.0 68.0

T L T AR BT R LSS

ARICAE N BB B — € Se 4 1, A —
AR 91, AR SCH A 3 di e 119 208K
Ho ARAEF-H ToU #5357 LMK T OFL(Tsai 4%,
2016) , J5U P OFL X 358 0 0 31 3 5 i i 8
PSR T IR A AL, AT AR A LU 114 73

FIRTRE o O3 EL OFL SEyA e MERE )y T R A,
B 0L 3.3 45,

SUHREIO IS M S , 5 T EIe 7 ik (A A 3L
k) 5 HATHEE T CNN F o 21 s 2050 43 F1 5 2%
(Bao &£ ,2018 ; Maninis £%,2019) #H Lt , 7E 23 E| HE
JE Fab R —E 2. (HURFET CNN [ J7 3k i1 fi
FHHTHR 2 5 Bk FH R AR BR 10 B0 2 A7 2 Tl
g5, DRI B I 2RI I Ak 280, FEAR KA
JE ERRE 7Tz AR R SR e, A &
B W Rh 7 125 58 4 A [ () B AR RR RUFD Y T BR B, BT L
BT Bl 2 DT BRI TN
3.3 HXiEfTHHE

WP ER B S B T — 6 7T—UA% Y 2.90 GHz
CPU, NAFZ45 &R 8 GB IS AL o 3T FH 21 1
AT PRI Hy 854 x 480 R 3R o A& R4y
FEDRII A AN3R 2 s . 3R 3 AR ks 47N fa]
X

R2 EXEREBITHRIESH

Table 2 Detailed running times

SRS IBATI AL/ (s/7)
IR E 0.76
N 0.31
HOG ik 0.57
SIFT 44iF 1.13
et 5.78
Ny 0. 89
AR 0. 54
AL H] 9.98

®3 AEEEEITHRIBEXTLL
Table 3 Comparison of running time of

different algorithms

Bk B ATHT AL (/1)
A3 9.98
HVS 10. 65
OFL 59.6

M2 3 3 /LA, A5 100 B A iF
P B 10 s W fE], B0 Al AR R 45 iz
AT TE] o T X 0 38 W v A SCH & 1) OFL
SVE AT A BRI TR 2E 1 min 245, AR ST
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Tk L Z A 6 Af o e n] WA SOk vl
PARMIRAR 2 iz SR 2% BE R 31 5 LRI (9 70 BIRCR
(i X BT FE BRIk i s Ay I Ta], A L Hk B
TR SO 45 i K, Al 0 6 2R PR R 22
WL ABZERAK, WG RIUE NS E) .

TyAN ATy B K A3 i[RI RE SR AR LI B 2
| (Ochs 25,2014 ) XX A1 5 25 AT LTSN
1R AL AE S AT R R AU, x0T ik
5 HAB P EIREA L, FEPERETT A TR H
4 & it

et — b TR AR — B A AL H bR o 5
ko EEMERE LT SR Al REEHLY (MRE) 1
BIET5 5 e e iR S B R, X 1 e 40 5 1Y
EARIC X3 5 A7 U I 1 A, SR AT 20381 1
BRI, U, A B DGR T 10 55 2 FURrIE , i
SEI AR, A SCER ARG R I T TR
—EPERRER 2RI, DA 3 73 0 45 2R 1 S L — 2K
Pho XA RE R ALY 8 T — b = B lE R 2K,
SRR LA AT R R . Dt il TS
TR B2 s 07 3 A A R AE DI AR TR, AT £
FAIATERE . E I %EE DAVIS_2016 il 4
RPN PR 5 I, S 2 Rl R
ST ENEMINE AT O A SO ARG 70 B 45 2R
FEREHELESS 2, L OFL SRR 1 1. 6% (HAER
Az A7 8 5 T, A SCH 3k i 4505 T He A A1) i
Jrik, JUHGE OFL Bk il 6 7. 4R F[W, A
FRAEAS BN A 2R BE R T ER T, 32 1 00
FIRGEE BT TRk mis T

AT IEAA — 2, EEA 1) R TAX
SR R TR B R #7 %, I #1245
A TR R A 70 FIMER L, W SR TUAL BERY BL
RRICHEARUEIE T W) AR B4R B I8 4 )5 Ze 4k B
MR ETHIE SN RIR 220 2) AR SR 0 9 R B R Ak
AE 29O T JCH ik X SSCR AN A S, RO RS 1B
DR BT AGH H F) SIFT Rk s KORsD , 2 320
LR G R PRSI AN B R S AR o X ARSI
A/ H SRR 2 R g, R H BT i E,.(S)
XS TORAIE X S ) 25 R b A7 i fe . 3) ML 4eTs
TR SRR IR IS LT AR BE L i — MRS
PR SR BT B, R BE 0 2 B O il 20 2 B

RS . 4) IEANZ AT 3], 5L T IR 7
I (AFEASO %) 5 H AT T CNN i 31 i 44450
GYENITEAR L, TR FIER B FIb A —E 221
PR B SR — T 19 7 0, R TR 45 5 3 M R 7 12
KA BT B AL, 3 o2 B4 P70 ] S5
A — B EHFFIT 1
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