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Abstract: Few-shot image semantic segmentation is a very challenging task that attempts to segment
objects of new classes using only a few labeled samples. The mainstream methods often have problems of low
discriminative feature and prototype deviation. To alleviate these problems, a new few-shot image semantic

segmentation method based on a bi-aggregation and self-merging network is proposed, which can fully
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mine the similarity of features and reduce prototype bias. Firstly, we propose a feature-mask bi-aggregation
module to provide global semantic information for the feature aggregation and mask aggregation by
constructing a dense similarity relation between the support features and the query features covering all
spatial locations. Specifically, an enhanced feature and an initial mask with guiding information can be
obtained for the query image by performing feature and mask bi-aggregation on the similarity matrices.
Then, a self-merging decoder is proposed, which reduces the prototype bias by adding the initial mask-based
self-prototype with the known support prototypes, and conveys rich category semantic information to the
decoder by fusing the merged prototype with the enhancement feature. Finally, the prediction results
obtained by the decoder are further optimized by the prediction results of the base classes. The mloU
values of our method on the dataset PASCAL-5" achieve 68.3% and 71.5% in the 1-shot and 5-shot
cases, respectively, and on the dataset COCO-20" achieve 46.5% and 51.4% in the 1-shot and 5-shot
cases, respectively, which is superior to the segmentation performance of the mainstream methods, and
can segment the target region of the new class more accurately.
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Fig.1 Structure of bi-aggregation and self-merging network for few-shot image semantic segmentation
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Fig.2 Structure of feature-mask bi-aggregation module
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Fig.3 Structure of self-merging decoder
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Baseline FA MA RF  mloU/%  Params/M
N 65. 4 4.9
N N 65.9 5.0
N/ J J 66. 2 5.1
N, N / 68.3 5.1

HFAMEREFER A MARERIEI R A, REAAERBIE.
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¥\ ) )
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4 2 [y BORET AT AL AL 45 2R

Fig.4 Visualization results of each stage mask
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Tl A . A RT LI Y, 5500 0 A5 Bl S 5 4
AR LG, BT G B8 i AL T 2 09 H AR X 8.
PRI, D265 47 i b 3 B A o) i 7 T HL A R 3R
PR, X 5 R 2L A5 R — B, W ] A
B LA AT LU Y, RIS N 2 AR R K Y
TR, A SCASE IR Al AT LR A5 o i 110 0 1 4 O
4.4 SERJ/AFEILE

AR B 4R 0 7 i AR BdE R PASCAL-S

MCOCO-20' b 5 EWm B EH#HT T, BT £
T PEANY 48 bR mIoU 4, 36 % 40 Xt F 45 A% FBIoU
AT 22 ) SRR AT T XTI

R 58N T #E 1-shot f1 5-shot 1§ & T , A [R] 7
7 mloU \FBIoU Ml Al 2% 2] S IEAN FE bR T 1Y

ERLER . MRS IANL, 5 F W 5 % PFENet
SSP#HI DCAMA A H , A% 3C 7 ¥ 78 W5 A % 4
£ LEERR L TRARMNHE . HYS &k
BAM A H , AR SCO 5 10 o B RE A A — 2 AR
P, FLUR ML, 7E B0 45 PASCAL-S b, A SCH5 3%
A 3= TP 38 Bk mIoU 7E 1-shot 1 5-shot & it
43R 68.3% A1 71.5% , 5 BAMAH L, 43 Bl 42 T+
T0.5% FM0.6%. EHHE COCO-20' &, A H
21 E AR 48 A8 mIoU 1E 1-shot Fl 5-shot 1% i
T4y 91k 46.5% A1 51.4% , 5 BAM A 1, 43 51
PRFAT0.3% MO0.2%. HA, 5EWITLEAML,
A 2 3] SR R B R AR, 5 BAM AH L H 3
T 0. 2M, fE W $2 2 N

K5 ANFAESERAENEEERILE

Tab.5 Quantitative results of proposed method compared with the mainstream methods

1-shot 5-shot
WIRZS #I.earnable params/M
mloU/% FBIoU/% mloU/% FBIoU/%
Dataset PASCAL-5
OSLSM™ 40.8 — 43.9 — 272.6
SG-one'” 46.3 63.1 47.1 65.9 19.0
CANet'® 55.4 66. 2 57.1 69.6 19. 1
CRNet"! 55.7 66.8 58.8 71.5 —
PFENet'"” 60.8 73.3 61.9 73.9 10.8
SspH? 60.9 — 68.8 — 8.7
DCAMA™! 64.6 75.7 68.5 79.5 —
BAM" 67.8 79.7 70.9 82.2 4.9
AR5 68.3 79.9 71.5 82.5 5.1
Dataset COCO-20’
FWB" 21.2 — 23.7 — —
PFENet'"! 32.4 — 37.4 — 10.8
Ssp' 37.4 — 44.1 — 8.7
DCAMA™! 43.3 69.5 48. 3 71.7 —
BAM™ 46.2 — 51.2 — 4.9
ARSCTT Ik 46.5 71.2 51.4 72.3 5.1

bR T M A, /S BN T TE BUE 4
PASCAL-5F COCO-20" I iy — 26 5 1 43 E 25 3
W IE 5 R 1P AT R AL A A R 0 SRR R
A AR, 5 347 40 2 B2 . BAM FIA SOy
0 AT R A A A AR L N2 G 2 S A/ (N 2 )
R CRAL AN R AE ) By oy B4R AT AR

53R BAM 2 B 45 S AH H A SO L RE
T 5 H AR R AT E B . OF B X T AN 2
SRR B 2% EHS T (4n COCO-20"/Y 1T H 51 )
RIS EI T 20 B b Xk, @ w L E
PEBY 3T B IE T A SO B T 0o, 88 T
e ek 7K
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Fig. 5 Qualitative comparison results on two benchmark datasets

53R M) HA HE RS 1 RE 0 o H 3, I H0 46 #E  2K H
RS 5 O 2 © 0 S8y B R DA S B D 2 3
Mo SR LI T —A BRI AR 75 5 6

% #

o

T B R R AR M P R R AR A, AR ST
P TR T XE R AR A A I W AR
Bt Loy 7k . B e, Bt T — DR -HE S
XUEE 3R 5 A P 0 S A A IR R AR SR AT RO G
FR AL, I a5 A A0 1 3R 5 ok S8 URRAIE B 1

i A0 I IR A 3L R /R F AR 265 B ICIE T,
AE f0% A% 1 o3 0 1R 2R X R o AR SCHE P A
G 4E PASCAL-5#1 COCO-20' LT T T &
fO 5 58, B T B B L O ik B9 A e, B R
TrEM AR SR B E R PEREIS B T el .
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