5510 ) G . L Vol. 49 No.10
2021 4£ 10 H ACTA ELECTRONICA SINICA Oct. 2021

BT ] i AR 25 0 B 5 7 s AT S5 0 R Bk

RO E MR ARAEES R OB, EOPEC RMEE S AR 497
(1. B A5 A8 0 S B BT AL X, YT IRMELT. 2120035 2. i 45 TR R A8 ¥ I ) T R4 B¢, YT IR AT 210007 3. fEILH S AMFE
i, dEAT 1000835 4. M4 44 300E EiEHIX 4305, B 200129)

W OE: YA TR 0 W RIS B AR TR E R BRI R R R IR L S
TCMAE T SR, BRI RRG 5 (A5 28 b T T BEAE 9 OB 1 A 0 R s [ oA, 30 7™ e PR 7 A W SRR e b i
SCWFRE R . o e st g s M B A BT 1) [l A, 1R 3t T — i 5 4% 8 104 ot ) 2 403 AH L G (1) 85 4 S TR 2 S R A
B ) 25 GBRPAIE 25 00 B Ak B BRI B IR A A5 85 3 S L M AR T R AE AN R 23 037 5 W BHE B I T
TS IR R T [ O TRV A R X S S T R 2, AR SCRRLR A S 2 FAELGA 3 08719, 4B T 24 i e s M
IA Wi 538 FeSegNet_v2 (FH R 5 5 25T ) AN () T W78 3301 Semantic BS. A8 UL X QVGA FUAT (320%240)
1) A B S 3k 38 35 /s, ELAT U A SE IS

KB AUEE TR MRIZESVE; RS W

hESFES:  TP391.4 XHkFRIRAD: A iséﬁ%‘: 0372-2112(2021)10-2032-09
HEFFIURL: http://www. ejournal. org. cn DOI: 10. 12263/DZXB. 20200620

Cross-Scene Foreground Segmentation Algorithm Based on
High-Level Feature Differencing Between Frames

ZHANG Jin"?,LI Yang’,REN Chuan-lun’, HUANG Lian*, WANG Shuai-hui’, DUAN Ye-xin'?,
PAN Zhi-song’, XIE Jun®
(1. Zhenjiang Campus, Army Military Transportation University of PLA, Zhenjiang , Jiangsu 212003, China;
2. Command and Control Engineering College , Army Engineering University of PLA, Nanjing, Jiangsu 210007, China;
3. North China Institute of Computer Technology , Beijing 100083, China;
4. Shanghai Military Representative Bureau, Navy Equipment Department of PLA , Shanghai 200129, China)

Abstract: Benefiting from large amounts of ground-truths of to-be-segmented scenarios, deep-learning based and su-
pervised foreground segmentation algorithms generally outperform conventional unsupervised methods. However, pixel-
wise annotation is a tedious task, especially when it comes to the annotation of foreground moving objects. This seriously
limits the deployment of a supervised algorithm in a wide range of scenes without ground-truths. To address the dependence
on supervised information of to-be-segmented unseen scenes, we design an inter-frame high-level feature differencing algo-
rithm with a deep learning architecture via integrating the traditional frame differencing method. The proposed algorithm le-
verages the transfer of cross-scene common knowledge, such as temporal changes, so as to achieve high performance for the
scene in the absence of supervised information of to-be-segmented scenes. We evaluate our method on five challenging
scenes with different patterns. The average F-Measure of our algorithm is 0.8719, which surpasses the current highest-per-
formance (supervised) algorithm (FgSegNet_v2) under the cross-scene learning condition and the best unsupervised algo-
rithm SemanticBS. Our method which can process a QVGA (320 x 240) video at 35 frames per second shows favorable re-
al-time performance.
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R 0.805310.9221(0.8303|0.6901|0.7523 0. 8318
Sp 0.998510.9995(0.9992|0.9998| 0. 9982 | 0. 9958
P 0.9346[0.9593|0. 9809 | 0. 9628 | 0. 9641 | 0. 8060
FPN |0.0015]0.0005|0.0008 |0.0002|0.0018|0.0042
FNR |0.1947]0.0779|0. 1697 |0. 3099 | 0. 2477 | 0. 1682
PWC |0.734410. 1521|0.8725|0.2111| 1. 6880 | 0. 7484

CS-DFS,

CS-DFS, F 10.8719/0.9334|0. 8452 |0.9472| 0. 8879 | 0. 7457
CS-DFS,| F [0.80390.9307|0.7530|0.82020. 7844 |0.7311
CS-DFS, F ]0.8155|0.9514|0. 8183 |0.6660| 0. 8767 | 0. 7651
CS-DFS, F10.6786(0.9005|0.6175|0.4679|0.7218 | 0. 6852

CS-DFS, 45 #H [7] e & T (14 BA 0 BRL T 78 ) 2% (]
2(a)). A TCIEA > i A8 A M R R L AE 5 A
YR FAE AR E] T 0. 6786, 45 Bl & 18 O IR 4k 14
B i s DX 43 BE B B0 PETS 3 5%, B AL T b v
2555 B 52 B 3, 345 1 0. 9005 4 F 18 . 3 2 B i &
T3t T 3 5 T P 0 R B 6% £ it A i/ ST
S 56 AR L BRMT , CS-DFS, A9 A A E CS-DFS, T[4
T 0. 2, BCALIE B T i A Al v RO A M e
FETHIE U

4 kg AR [ B g B3k o T B S A 190 486 149 AR BRG 300
WAy 2 R T 5 1 b BRSO . R T v A i
P B 8 R AR 200, AS SR TR AE X He B 07 38 (A Cs-
DFS,) 25 5y #% AR K Ry 5 5 . SR FH 28 43 % LU i 224 11
CS-DFS, fi % & = HEAT 2 WOGT L 4387, DR i A T e
PR AR .
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= 43 511k 900/
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J | ST S AR Al A R 2 o R G B A

W 5Ca) 7R AEN LRl b G, 55 T D037 B
G JUTEBLT , BRI B R by . 24 G=2 1, []
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B AL PSR . I CS-DFS, B9 F A5 4 0. 6712, 5
A Bt 382 Ak A B 537 (CS-DFS ) 2k

mE s PR, 246, =300 080> G, 255t
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(d) ) LT M, frame, R REICE AFIRE S FIALAT. 71
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B J T, DFS 28535 7T LLid i GPU IR 4735
1 HL 32 A7 8 30 T B Ak . £ F Nvidia Titan
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FeSegNet_v2'°! 0. 8833 0.7313 0.5581 0. 7896 0. 5426 0.7010 38
CS-DFS, (A 3C) 0.9334 0. 8452 0.9472 0. 8879 0.7457 0.8719 35
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