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Abstract: Video instance segmentation is critical in multi-target perception and scene understanding in as-
sisted driving. However, as weakly supervised video instance segmentation is often applied to bounding
box annotations for network training, the segmentation accuracies of targets with large-scale dynamic rang-
es in traffic scenes are severely restricted. To address this issue, we propose a scale adaptive generation
regulation weakly supervised video instance segmentation network (SAGRNet). First, a multi-scale fea-
ture mapping contribution dynamic adaptive control module is proposed to replace the original linear
weighting. This enables placing the focus on the local position and global contour of the target by dynami-

cally adjusting the contribution of different scale feature mapping information, which solves the problem of
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large-scale dynamic ranges caused by changes in the imaging distance between vehicles and pedestrians.
Second, a target instance multi-fine-grained spatial information aggregation generation control module is
constructed to regulate the feature maps of each scale using weight parameters, which are obtained by ag-
gregating multi-fine-grained spatial information extracted based on different dilations. This module refines
the instance boundary and improves the representation of cross-channel mask interaction information, effec-
tively compensating for the lack of edge contour segmentation mask continuity caused by limited instance
edge information. Finally, to alleviate the weak supervision derived from bounding box level annotations,
orthogonal and color similarity losses are introduced to reduce the deviation between the model prediction
mask and real bounding box and to address the pixel-wise label attribute classification ambiguity problem.
Experimental results on a traffic scene dataset extracted from Youtube-VIS2019 indicate that the
SAGRNet improves the mean accuracy by 5. 1% to 38.1% compared with the weakly supervised base-
line. These results prove that our method provides an effective theoretical basis for multi-target perception
and instance level scene understanding.

Key words: assisted driving; weakly supervised; video instance segmentation; adaptive generation regu-

lation; fine grain
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Tab.1 Comparison of experimental results with different weights
A Tk AP/ARS0APTS ARl ARIO FPS
%o /% %

Baseline Box-CrossVIS 33.0 61.5 32.3 35.4 39.0 18
Box-CrossVIS+ARM(WBM:a, = 0. 25, a,= 1) 34.4 66.7 32.6 34.9 40.4 18
Box-CrossVIS+ARM(WBM:a, =1, a,= 0. 25) 34.8 64.3 35.4 34.9 39.9 17

Box-CrossVIS+ARM(WBM:a,= a,= 0. 25) 34.6 64.5 36.7 35.1 40.0 18

Box-CrossVIS+ARM(WBM:a, = 0. 50,2,=0.75) 34.5 61.8 37.6 34.9 39.8 18

Constant a;, a,

Box-CrossVIS+ARM(WBM:a,=0.75,2,=0.50) 33.7 0.1 31.7 356 39.8 18
Box-CrossVIS+ARM(WBM:a, = a, = 0. 50) 34.1 62.2 34.8 357 39.9 17
Box-CrossVIS+ARM(WBM:a, = a,= 0. 75) 32.7 59.7 33.4 34.4 38.6 18

Box-CrossVIS+ARM(WBM:a, = a,= 1) 34.1 64.8 34.9 35.3 40.5 18
Box-CrossVIS+ARM(WUM) 33.4 60.2 33.6 35.4 39.6 17

Adaptive a,, a,
Box-CrossVIS+ARM(WNM) 35.6 64.3 36.8 36.7 41.1 18

Pl PN JT (0 B T% , 9 W ASE 8 ) 32 DX I ) G 1 R e
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(b) v 21 (0 g 8 SO R XS B T 4R PP e A S H B
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(a) Original

(b) Box-CrossVIS

(c) Box-CrossVIS+ARM

K6 50 AT RAL R L

Fig. 6 Visual Comparison of heat map
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Tab.2 Comparison of effects of multi-scale fusion strategies on segmentation results

B iy A2 AP/ % AP50/ % AP75/ % AR1 AR10 FPS

Ko Box-CrossVIS 33.0 61.5 32.3 35.4 39.0 18
2 F3+F4 34.9 64.8 33.6 36.7 39.5 18
2 F6+F7 17.6 45.0 10. 3 20. 4 23.8 17
3 F3+F4+F5 35.6 64.3 36.3 36.5 40.5 18
4 F3+F4+F5+F6 34.6 62.2 32.5 36. 2 39.8 17
5 F3+F4+F5+F6+F7 34.2 62.9 34.2 35.3 40.0 17
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(a) Original

(b) Box-CrossVIS (c) Box-CrossVIS+ARM
K7 AR AT AL AL 25
Fig. 7 Visualization of characteristic image
R3 FAREEBHKEERTLE
Tab.3 Comparison of experimental results of different models
W 2% 55 B AP/ % AP50/%  AP75/% AR1 ARI10 FPS

Yolactedge™” 36.0 60. 6 37.28 — 29
STMask' 40.0 62.7 42.9 0.421 0.455 22
CrossVIS™ 40. 6 65.7 42.2 43.2 46. 4 16
Box-CrossVIS N, 33.0 61.5 32.3 35.4 39.0 18
SAGRNet N 38.1 69.2 38.3 37.8 42.7 17

YolactEdge 43 #1K5 B 48 T+ 2. 1% , {H 34 43 1 5
FEREAL T 11IFPS; 52 B M 4% CrossVIS fl ST-
Mask % 28 A6 Lt , 53 B B 43 5 B AR A 2. 506 Al
1.9% , A E 45 48 09 A5 1 B A H AT K B A1
25 LTIl AR UL BRAE 59 WA B A R IR S5
34 Wa B T 28 AH Y 1Y 43 I RBOR B iE 1 AR SRk
9% SAGRNet (4 Mk
3.4.4 SAGRNet i} @k 5% I

SRy 36 IE 5 A A B A A2 3 3 5 BOHE B b g
XFH b B G5 00 AR5 AR SCRL S B Box-
CrossVIS Bk Ry FE e, 43 9 5 N T 48 3C ARM

HTGRM 5 B 1 R[] 0 2 308 47 52 560 X 1L, 52 56 25
BN 4PN

3R 4050, 55 W5 Box-CrossVIS B 71
A3 H)JHERE B R 33.0% . 1 Y, 7E FPN @il & 1%
i A ARM B Bt T 9 45 18 K J2 R AE A
T2, o T 2 ROBE (5 B B3 il & RIOCR AT 1 1)
B, 25 BRI A ARM A5 B S 78 7 1 43 )
FE R R R AR 1945 R, T ¥ 4 B RS B R #
35. 6% ; H ¥k, 78 mask F I 43 2 [ @8 i GRM 4
B, 3 e T R AL A 3 TR [ 23 R SR AR B
Z AR 23 5 B AT 2 ROE RRAE PR 7, LA L

R4 HBMLEER

Tab.4 Result of ablation experiments

Wk ARM GRM AP/Y%  AP50/%  AP75/% AR1 ARI10 FPS
Box-CrossVIS X X 33.0 61.5 32.3 35.4 39.0 18
Ours N X 35.6 64.3 36. 8 36.7 41.1 18
Ours X N 35.6 64.3 36.3 36.5 40.5 18
Ours N N 38.1 69. 2 38.3 37.8 42.7 17
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Fig.8 Visualization of segmentation results
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