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Mask generation dynamically regulates weakly supervised
video instance segmentation

HE Zifen, XU Lin, ZHANG Yinhui', HUANG Ying

(Faculty of Mechanical and Electrical Engineering, Kunming University of Science and Technology,
Kunming 650500, China)
* Corresponding author, E-mail: zyhhzf1998@163. com

Abstract: The training data of fully supervised video instance segmentation networks are highly dependent
on accurate mask annotations under high labor and time costs, owing to which intelligent machines are un-
able to quickly adapt to new scenes. Therefore, a mask generation, dynamically regulated weakly super-
vised video instance segmentation (WSVIS) network was proposed. First, to overcome the loss of in-
stance activation features caused by the sudden dimension drop of the initial mask prediction layer channel,
a multi-level feature fusion module was used to predict the initial instance features through a step-by-step
feature reuse strategy and to generate the initial mask by fusing the relative position information. Second,
a dynamic regulation mechanism was introduced to establish mask feature dependencies in the channel and
spatial dimensions to strengthen the dynamic interaction between the initial predicted mask and instance-
aware information. Finally, the network replaces fine mask labeling with the binary color similarity of im-

ages, and the bounding box consistency loss and supervised video instance segmentation mask were re-
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placed with bounding box labeling only. Experimental results reveal that on the BoxSet and YT-VIS datas-

ets, the WSVIS network achieves similar segmentation accuracy and segmentation effect as the fully super-

vised network and can satisfy real-time reasoning, providing theoretical support and an algorithmic basis

for intelligent machines to quickly adapt to new scenes to realize real-time environmental perception and un-

derstanding.

Key words: intelligent machine; weakly supervised video instance segmentation; multi-level feature fu-

sion; dynamic regulation; binary color similarity
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Tab.2 Comparison of experiment results for different video instance segmentation networks (%)
BoxSet YT-VISY
Methods
AP AP, AP, AR, AR, AP AP, AP, AR, ARy,
Sipmask'"’ 36.2 61.8 34.2 38.5 41.4 32.5 53.0 33.3 33.5 38.9
STMask'® 37.5 61.0 38.6 39.3 42.9 33.5 52.1 36.9 31.1 39.2
CrossVIS™! 39.9 64.1 41.5 41.0 46.7 34.8 54.6 37.9 34.0 39.0
FlowIRN — — — — — 10.5 27.2 6.2 12.3 13.6
FlowSimi — — — — — 29.0 50. 2 29.4 — —
WSVIS 37.5 64.7 40.0 37.8 42.5 30.1 50.5 31.2 31.1 37.0

BT T U 1 20 EORS BE MO . A1 R R
b 1 S 0 A R T, 55 B A S 4 G
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o 23 5] AR MBS B 5 B0 WO R RE AL
WSVIS W 2% 75 55 W B 2= 203 X M it 1 H Al &
JeiF B FlowSimi'™, 2 HORE B A 43 #1850 2 3k
R ol = R 7 e N i S N
A0 HE 5 b T, 5 4 MR T 4% AH B, B0 B T
KRR IR T 2% 25 3 5 59 W B M 45 1 T K
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Fig.7 Video segmented results
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Tab. 3 Effectiveness verification for L, and L (%)

AP AP, AP, AR, AR,

N — 23.7 55.4 20.7 25.6 27.9
— N, 22.5 541 18.7 24.3 26.7
N, N, 32.9  60.3 32.8 356 39.2

4.5.2 MFF #3525

MFF B H I il s s 25 R 4 from . 4
WSVIS W28 AL F FH Ly, FIL 0 P304 2K 3 47 W5
B A SCEE R A B Y A ERS R
32.9% . fin A MFF B35 |, W 2% 57 3 40 E K
BEM 32.9% $&E5136. 3% -

*4 MFFERHARERIE
Tab.4 Effectiveness verification of MFF module( % )

MFF AP AP, AP, AR, AR,,
— 32.9  60.3  32.8 35.6  39.2
N 36.3 64.7 35.1 37.7 42.4

9 T 8 E MFF #8555 2% 5 AiF 38 3 2 9l &
X B T 1 2% 43 HIRG BE B9 A RCPE X MFF B HCR
FHAS 5] J2 93 38 fl 5 5 08 b o 45 BRI 3 25 4
BUWE L1 )2 AT %0 L S5, 25 R R S s . 24
L2 F AR fE 5 B , MFF BB 2 0N 3 9% 5] 5
G BT oy RS BESE I 2. 200 s il 2h 8 4
B CondConv " i} , MFF f5 B |22 2% M\ 3 9% 51 5 4
KRN 2. 0% . CondConvH 52}, MFF fikk
o T 2% 1 ST 34 53 RS B B K.
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Tab.5 Convolution experiment results of different MFF

module levels and different L} layers (%)

ERUZH AP AP, AP, AR, AR,
Conv 3 32.6 59.8 32.5 34.4 39.4
Conv 4 33.7 62.5 36.2 356 39.2
Conv 5 34.8 63.4 36.8 36.0 40.1
CondConv**3  34.3 62.5 33.8 37.5 40.7
CondConv* 4 35.6 69.5 37.1 37.0 41.0
CondConv™ 5 36.3 64.7 35.1 37.7 42.4

4.5.3 HAREHH £
WSVIS W 28 7 Jin A sl 2% P8 #2 HL 1 5 1) 6 F
YRS R N 36. 3% 4R N 37. 5% , K 6 s .
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Tab.6 Effectiveness verification of dynamic regulation
mechanism (%)
FSTENE AP AP, AP, AR, AR,
— 36.3 64.7 35.1 37.7 42.4
v 37.5 64.7 40.0 37.8  42.5
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Fig. 8 Heat map comparison
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Tab.7 Results of cross frame interval comparison experi-

ment (%)

Cross 1 5 10 15 20 25 30 35

— 34.3 34.6 34.9 34.3 34.6 34.6 34.0 34.1
v 35.1 35.4 36.2 36.3 37.5 36.2 36.2 35.8

0 265 38 16 5 1k PR 20 B I 52X, 58 35 o) AN g
ARAF IR R I3 4 o Bl SR A T 8] B 22 K, SRAE 1Y
P T S0 4 I 5 T SCAE B B A
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I REAT SR 5 >4 SR B W 5] B S 20 I, WS VIS 19 2%
ARATF T doe 19 B 38 00 FIURE BEE Ol 37, 506511 4
SR B W 18] B KT 20 B[] — S 4] 7 7 o v ) 37
AN 22 550K, 28 19 81 32 00 BIUORS TE 3Z 7 &
B, DRI 7 T S S T AR A TR SR i
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