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Moving Object Detection Algorithm Based on Deep Encoder-Decoder Neural Network

HOU Chang, DONG Lan-Fang
(College of Computer Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract: Moving object detection algorithms are widely used in video surveillance and other ﬁeld%v. But due to noise,
illumination changes and other interference, traditional algorithms are often ineffective. To get a.better performance, we
transform the problem into a pixel-wise segmentation problem, and propose a ngvel algorithm based on deep encoder-
decoder neural networks. We train an encoder-decoder network offline to learn the differences between the background
and the video frame. We firstly use the Gaussian Mixture Model (GMM) to generate a background, and then feed video
frames and the background into the encoder-decoder network to get detection results. This method utilizes the advantages
of deep convolution network in anti-noise and feature learning, and performs well without complicated parameter tuning.
We experiment on the CDnet2014 détaset, and results show that the algorithm we propose performs much better than the
original GMM algotithm, and even outperforms some top algorithms in some scenes. Due to the simple network
architecture, our algorithm is capable of almost real-time processing using a GPU, which shows its great practicality.

Key words: moving object detection; deep learning; convolutional neural network; Gaussian Mixture Model
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THERERA T RS RAME I EEF B, Hik |
2R R A IE R Z B, SubNet WA K 45 %
2, UL SubNet-4 Jyfiil, HEARTT LLEE—A 8 B4
B, HAt HE IR EAE O(8xMxNxmxn),

© HEBEERIR I

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20184F #5274 5 11

http://www.c-s-a.org.cn

i H AR G N A

M. Ny me n PRERZE B UL LS RL D,

&5 AT DAAF R BRAT L Th BRI ) B HR 4 i
F 2%, SR 1T BT SubNet EAERZ, M5 MM 171
i DCNN #4732 3l H ARl i S5 b, A — 52 (3%
FEARHA.
223 HEEHUE

BAE R CDnet2014 4 4 R 34T 1 25 KM,
ZHAREREE T 10 NRAII R IEY) 140 000 B
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(RIBE B 3R 1543 59 AAS IR FEABL M A S L2, e 7
Fis.

1) KA 0: #1153 .
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4) KEAH 170: BPRERMAME Rl CBH LIS
B E bRt 2%, 15 142 B ORI S8EE 20).

5) IKPEMH 255: BG4
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FATHIBE A PN, 23 B2 RS 7 5t
&, B 5 EHE 5 2 SRR 3L (R A — 25 1 2k
ol Horp s REGOR TAVE A A iR AR (i

A BB BN HO) S, 3 SEMUSCN 100 B PR

Mahalanobis #2558 [ 12 9 16) WAL AR, B
AAEASSE 6 T FH 280 A1k A S I A T S 6 o
I8 L 15 . 2

WAL, T RN R 2% N, BT i AR 4
{f (Nearest Neighbor Interpolation) AT . 1 5 K&
BRI 48— 47803 360%480 R/

3 SIS

9T AT R S A R, B S o v
5 b I 2 BUB VI ZRERAT 9 SubNet B IR, %f
He T S IR 1 P £ AR fr 22 0, O L5 R GMM. 5
VDA T LGB e ) S AT R L, 2 R A —
S ()3 55 P WA HEAT T 3k — 25 R R R

3.1 iHMEERS TR A EEN

flir & — Nz s B ARSI R i & AR by A

1) EPHE (True Positive, TP): 45 i (AT 5215 %
RN ER A

2) thBHYE (False Positive, FP): 45 R HIAT 1 R
FIFAERT SRR A

3) E M (True Negative, TN): 45 P )15 518 R
RN B E A

4) PR (False Negative, FN): Z%%EP B SER
FIFEE AR A

K8 sz

8 R Im g R m BB, Hrh B R ]
SRR, ISR TAE 2 LSS R, BlH ABCD YA NE T
DX P B BRI 4353 TP FN< TN FN R 5

YK T 7T 3k — 25 73 1 BT e AR

1) # il % (Recall, Re):

Recall = TP/(TP + FN)

- 2) FE 5 FE (Specificity, SPC):
SPC = TN/(FP+ TN) = 1 - FPR

3) #HEHAIE (Accuracy, ACC):

ACC = (TP + TN)/(P + N)
4) F $F4) (F Measure, FM):
FM=2xACC x Re/(ACC + Re)
5) tABHYE# (False Positive Rate, FPR), X FR4H %
PR, & FE (False Alarm Rate, FAR):
FPR = FPIN = FP/(FP + TN)
6) tABHTE®R (False Negative Rate, FNR):
FNR = FN/TP + FN)

X BEIRATRERI UE T F ¥4, AN F WE IR A
KAMEE L RELGEHE T 2 MR, A1
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AL, B R ST, AT & R EERNEE,
KR WA NS Fah5.

CDnet2014 %4 e 424t 1 Iy IA S0 45 5 DA
KN FES TSR X LLATS  Seit-$8 b, R 25
PR PEAL 7V — RAE VAN, K FVRAE T A 5
I aE R A% B IR 55 38 AT VRAL; R BT AR A14E
H T B A AT VR AL, PEAN &5 R T R R A 207 U 4
T DX, RRE AR AN 22 Z2 5 OK K. 2 JE 2] GMM 158 (1) ¥
375, AL 0 3 5% L3 AT 17 IR LA S, A
PLERAT 8 A B 2 1 77 O VRS FRATT B Bk, I 1]
FE) 7 PP Ad 0 BB
3.2 EATE CDnet2014 EOEHIRE ST GER

FAT/E CDnet2014 F:HfE (baseline) £ s %
highway. office. pedestrians 3% 5t i HLEH |
10% 1 B HE (49 800 4%) 1E Hg VI Bk 5 5
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2% SegNettI W ZRid A2, PB4 8 FHT 22 S0
BRI B 2k bR B, BB MR BE R B4 57 (Stochastic
Gradient Descent, SGD) 7E Caffe HEZE> #4745, 7
P25 SubNet-4 B 2% 2] T8 [ 72 24 0.01, AR LR
PE 2% K L2 K/ (batch size) W E N 105 %k
SubNet-13 BKf 57 =) AR [l %€ 4 0.001, #Hh&E KN KE
N 4. FATIEBIAE K L2515 DA (epoch, FETEAT
B INGEE BT — IR 5 AR A O 4 2
ALK, 97X EEAS R R BE A R SR, A 1 — 28
P AR S BR324 30 AN, 2 Ja7E TS si
AT I P AN AL I o B A A % bR AU AR
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100 — T T T T 3
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10° &
] I
S | e
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102 |
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B E X s 7 R 34T T IR, RS R 5 R GMM
SR VAR A RO B854 (¥ SuBSENSE™ & DeepBS!
FOEIEAT ST, 2Rk 2 fis.

%2 AFAEEE =AY R BRI L

Hi% DeepBS SuBSENSE GMM  SubNet-4  SubNet-13
Re 09702 0.9481 0.6710  0.9552 0.9596
SPC  0.9985 0.9980 0.9930  0.9922 0.9867
FPR  0.0014 0.0020 0.0069  0.0078 0.0132
FNR  0.0297 0.0519 0.3289 6_.044_7 0.0404
FM  0.9718 0.9551 0.7464 0.9108 0.8712
ACC 09735 10.9621 0.8409  0.8704 0.7978

5

Mi— AT SubNet-4 55 SubNet-13 7E HHE KT 4
PR R FIRI, 0% 3. % 4 FiR GLhriy
R4 itiaE s T TP. FN. TN. FN 4558, A2
TR G ER ).

K3 SubNet-4 fERMEHIRE T K75 TR

1758 Highway Office Pedestrian -3
Re 0.9852 0.9337 0.9876 0.9552
SPC 0.9926 0.9888 0.9977 0.9922
FPR 0.0074 0.0111 0.0023 0.0078
FNR 0.0148 0.0662 0.0124 0.0448
FM 0.9370 0.8958 0.8115 0.9109
ACC 0.8932 0.8609 0.8910 0.8704

4 SubNet-13 fERMEHHRA D B A 5 FHIERI

W5 Highway Office Pedestrian P
Re 0.9836 0.9430 0.9775 0.9596
SPC 0.9889 09794 . 0.9964 0.9867
FPR 00110 | 00205 0.0036 0.0133
FNR 0.0163 ©  0:0569 0.0224 0.0404
FM 0.9114 0.8494 0.8362 0.8713
ACC 0.8491 0.7728 0.7305 0.7978

BAVKIAE highway 3 5 h LRI R I, A2
£ office. pedestrian 375t R I 2. 9 T W90 B2
RIMAER R, FATILE T SubNet-4 7E office 17 5
NS S S AT ISR, Wi 10 BTk,

IS5 SRR DUR B, TR R RATT B AR A 2 Jl o 1
% 5 A0 2 1] 1) 22 S M SRR HH i 5% A, 2R 17T EH
T GMM BERLA 5 [R5, office 35 FH AT 5 H bR 1E
s NKEAER G, SE8LGMM B HREFET & &
T office N—NH REBUA KM R, AT T ik
Tk SE A E N R R (K10 F 3 600 M AR
HCH Y 5 EE), 18] SubNet-4 AR AT IR, I 45
Rk s pros.

© PEREE ST

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20184F 55274 55 131

http://www.c-s-a.org.cn

i H AR G N A

AL R IGAE 7 RATHIR AR, B RIA TR
B T

AR ARG T FARERT DL AN R 535 2 1]
PEREXTELSE RN 6. K 7 P,

10 Office %545 600~ 1200+ 1800 M (11 45 5 41
T (k) R (Fh) SRMSE R (F)

&

#£5 AFEEHRT SubNet-4 7F office 5t R

Eizzp AT R EONSES
Re 0.9337 0.9967
SPC 0.9888 0.9960
FPR 0.0111 0.0040
FNR 0.0662 0.0033
FM 0.8958 0.9718
ACC 0.8609 0.9482

K6 A BRI SHER (B AL ms)

g SubNet-4 . | | SubNet-13
TS 5 - " 5
© 59 94

L ALEa

LA IRA L GTX 1080 GPU R 5 1 AN
Pudh AT 7, 5 [FFEE A GPU N 1) 1) DeepBS &
XL, FRATER 55 A 26 1 T SubNet-13 HUfF |
5 DeepBS [AIZ5MERE, 17 SubNet-4 [ 14 B8 ¥ 4, i5 5]
T 15FPS, U430 52

RT AFREEATEREXT L

Sk DeepBS SuBSENSE GMM SubNet-4 SubNet-13

CPU Intel E5-3.5 GHz Intel i5-3.3 GHz Intel i7-3.4 GHz Intel i7-3.4 GHz Intel i7-3.4 GHz

GPU GTX Titan X TG " GTX 1080 GTX 1080
TR 1R 5% — i i G

FPS 10 30 21 15 10

RAGEIZI B S 25 S nT AR A

1) AT EEER GMM BVEH AN T

2) AT FIE R D O & LU T 24 R A TR
Bk, X — S RIE R AR WA — PR S
SRS 25 SR LRSI (B DeepBS 15 3R HUE:

D285 SR I AT P A ) r B JBe 0 4 R 1 k20 R A

), RPBATEFEARETE S ), ARA AL ).
3) %Lt SubNet-4 T SubNet-13, 4 )2 fif i /X 45 ()
RIC LG LU, 5 W 0 2% 1 B I T 5 B0k 7
LA, B T AL RE 7, 55— 7T, e S A
S, BRATTERE SR R A AN T R FH I TR ) 9 4.
3.3 7£ CDnet HBE LB — I MR
N T B AE R 2 A g 71, FATTE CDnet
Ko A ) Fofh 7 55 BHEAT T SRR R B8 2T
[F) R 2 il A DX 6 10 %) bl & SR, FRATT IX B A fdE A
SubNet-4 AT 7 AR T2 5.
3.3.0 i I SEHERCALAE Foft 37 5 B AT I
TSR FHAE O I ZR15 21 SubNet-4

7£ CDnet2014 #4545 ' badWeather 2571 #8737
B RRET T 5, HE RN 8 fin). |

%8  SubNet-d AT L

Wi . Blizzard * Skating Snowfall
Re 0.7051 0.9384 0.8313
SPC 0.9994 0.9953 0.9990
FPR 0.0006 0.0047 0.0009
FNR 0.2949 0.0616 0.1686
FM 0.8015 0.9252 0.8539
ACC 0.9287 0.9124 0.8776

S5 LR I VELE skating i R IR, HE S
— ey S RWAE, FRETEL R TP HNR
FEM TS T, 2T S-MAOGS L 135 A — 52 Re
REVR AT IS R, BATH G — DR RGEAT RO A
3.3.2 AN EG S EAE AR Y IR

TR P A 20 X 28 15 G 45 IR 5 PR B g DA R R AIE 22 2]
877, PRI FRATT 2230 F B 37 5 R 24 % SubNet-4
B AT 0.

HARCR U, FRATHEALER 7 L1 LA 3% 5003 5
G (A5 10% FIEE, 24545 2000 %
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K ) XF SubNet-4 BEAT 7 #E— 5 MIIZRGIOM, FAE
S5 729 30 R IARH S B SUS fE X B b st gk AT T
DL D9 7 B FEROR AR AL R s e, FAT T 1R I T sk
WG IR RLE CDnet2014 baseline 285 #F highway .
office. pedestrians 375 T (1P I, WAL R a0 9.
%10 fiim.

x9S SubNet-4 fEARFG R LRI

75 Blizzard Skating SnowFall Baseline
Re 0.9795 0.9859 0.9941 0.9143
SPC 0.9990 0.9982 0.9985 0.9970
FPR 0.0010 0.0018 0.0015 0.0030
FNR 0.0205 0.0141 0.0059 0.0857
FM 0.9484 0.9761 0.9133 0.9284
ACC 0.9191 0.9666 0.8446 0.9429

£ 10  ANFEFELE badWeather #7735 31 12 2= I

Bk DeepBS SuBSENSE GMM SubNet-4
Re 0.7776 0.8233 ,0.7857 0.9855
SPC 0.9998 0.9991 ¢ 0.9989 0.9987
FPR 0.0001 " 0.0008 0.0010 0.0013
FNR 02224 °© 0.1767 0.2443 0.0145
FM 0.8692 0.8766 0.8267 0.9516
ACC 0.9853 0.9372 0.9126 0.9200

T I 4 AN H AR S AR A R AR Y TE B )
sHERIA 7RIS, 7€ badWeather 5% F 1)
P RME RS TIA RN EE Kb —MRA
(14 32 A i PR e AR 2 4 B R A P
T (F vE2r M 0.9109 427131 0.9284), 3% W13 hn £ 45
BEH YT ISR S
333 5JE GMM BRI EMEX L

PATBERCT MR R 5 I GMM BT T
XEG, g5 R 11 Fos.

A L IRATH FERR GMM B R

T, It BLAEA R e 1 e it B I i XM 42 =
T 4 N
3.4 iTig Y

I 22 A SIG 1 45 B AT AP 3RATT ) BEVR AE SR
GMM HiE B TR KIEETE, R 2 50 5E 5l
WA S, BFIER R E 2 T A ) — TR
5, W T IRATT TR H A B A R

SEEG 2 A FIRE UL T IR B AR R AR Y
215z AR 70, FEAE R E M 5 1 Bl #EAT RO S g
FRTFRCR, HIE AR T S 7%, 5 5% GMM
Y B Sy 1) S5 W), AR TT A A  — S A B B T i SR
B U AR T, HACR Redt— P R Tt

18 %t ZEik Special Issue

BT TR A He, ME BT 40 B R LS
GMM 1345 3 5 AT Sk 45 5
4 gk

IS5 BRI, 14 S S ) B AR
SRR A, N T IR T EUR, AR T —
TRl ) T 5 AL L) D) 4 P02 B0 A I B0, A%
ARG 2= S Lo E| ), 256 GMM S5IRFEH
ZE I 2%, TC 7 BEAT 5 2% 10 2 B0 A B0 RTS8
2 H ARRI. I BB AR W, 7R GPU 1
L R 8 1L F- SN M BEA7 R, S PEAR B 5340 R
RIS 55 AL B A P R G AR ) 19 2% S B,
LA B RO, R IR Sy i
A5 k20 (SR TR R AR K P A 22 1)

LR S SR T

1) KBS H BRI i R Ak A A48 o
H, 8 GMM 45 4 35 T 2 2 LB G AR L) 190 2% 75 250
YT GMM B [y 23 2% 1] .

2) E B T I o VR P S A 2% AT R SR 4
B, JE TN AR TS SR U L S B e e
R AFHLEATIE S H AR R,

3) AL EET R AT GMM, 76 K X 4 B 4y
H AT AT T 2B PR AL B 0L R D A T AR A fr 45 B,
RHZHEAR B 1, 15 IR K H st 23 ),

4) FRATT BRI 43 i B, £E 45 GPU i A 155
BN I T S s SEIUZ E) FARKI, 1R S

T 45 BB 96 A — 7 T 1] LA 22 i A o 4
M 2% (Recurrent Neural Network, RNN) %5 i& & Ab P i
5 H5CH £ 000 2% 55 0 e et 5 S T vk, TR T AR
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