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Abstract

Recently, the research on few-shot semantic segmentation frameworks has gained significant at-
tention and made notable progress. Previous methods mainly relied on meta-learning frame-
works of classification tasks to achieve generalization, but this training approach often resulted in
biases towards seen classes and failed to achieve ideal class-agnosticism. In the latest research, a
method based on meta-learner was proposed to identify base class objects and effectively diffe-
rentiate background regions. However, this method overlooked the enhancement of foreground
features while emphasizing the recognition of background features. Therefore, we further im-
proved this method. We introduced a self-guided approach that enhanced prototype features by
generating auxiliary prototypes and using them to generate activation feature maps, thus effec-
tively promoting the recognition of foreground features. Experimental results on the PASCAL-5i
dataset showed that our proposed method achieved mloU of 68.01 and 71.12 in 1-shot and 5-shot
scenarios, respectively, demonstrating the effectiveness of the method in improving the accuracy
of few-shot semantic segmentation.
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Figure 1. lllustration of the combination of base learning and meta-learning for few-shot semantic segmentation
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Figure 2. Diagram of the method we proposed
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Figure 3. Diagram of the decoder architecture
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5.1. SEHE4RTS

PR /NFEAR 7 EIETE PASCAL-5 [8150#4E Fadb AT 1. ZEd4E 2% T PASCAL VOC 2012 [30]+ 4
w21, Hrhfgsk E SDS [BL]ARSMERLT R, B 20 ME CEMILLRL, 5450 4 4. BRI 3 4y |
BEAT IR, I LASE SCEAIE 77 SAE TR 1 — 0 AT IR . BATT AN 48 A WLk 1) 0 0 250405 4 Hh B AL R
1,000 /™ Fr Btk AT EA .

A 2 BT INBEASAE S 307 1R[13], FAT TSR 258 I Ee (mloU)E NPt 4E bR, i mloU 5453
BT IR BAS [F] 2 1 A R

NT H5IARITHERAT A HEL, AR T A 18 TP 4% (ResNet50 [26]). FRIE[13]M757%, TR
AR Ll F W AT 7 TR, FEAEDNFEAR D EUES I RS AT AR Sz LRe 77, TRAREERAR
% B S5 [13)4H A . 8] SGD 14k #%, 7E PASCAL-5i |1 Fij 2% >1 % 0.005 #£47 200 4™ epoch (il 2%,
FT A 2B HLE NVIDIA RTX 3090GPU _E1# ] PyTorch HEZEBEAT . oA 1425 718 4 N fold #4714
MR 28 8L, DAk b Firide (1 SCRF - v EMGOR 0t 1 e 1 s

5.2. HEELE

FA TR H AR TR 55 530 1) JUAS INREAS 43 B V047 Ee st . #6342 1 A 7R T 7E ResNet50 ‘BT M 4% T~
PASCAL-5i ##E4E Eiugs . MBI LIAH, 1€ 1-shot F1 5-shot 37 5ok EL 3L 2k I 4% BAM [25], AT
HITT VLI R B8 — B R R IR TF . JCHRAE 1-shot T, 48— ka8 XIE P8R 1 SE 4 (280 .

Table 1. Performance on PASCAL-5i in mloU
%z 1. PASCAL-5i 1% £ mloU f5#rIEEEXTEL

1-shot 5-shot
5° 5 52 53 mean 5° 5 52 5° mean
CANet [13] 5250 65.90 51.30 5190 5540 5550 67.80 51.90 53.20 57.10
PGNet [24] 56.00 66.90 50.60 50.40 56.00 57.70 68.70 52.90 54.60 58.50

Jiik

CRNet [32] - - - - 8570 - - - - 5880
P— PPNet [33] 4858 60.58 5571 4647 52.84 58.85 68.28 66.77 57.98 62.97
ResNet50 PFENet[14] 6170 69.50 5540 56.30 60.80 63.10 70.70 55.80 57.90 61.90

SCL_1[16] 56.80 67.30 53.50 5250 57.50 59.50 6850 54.90 53.70 59.20
SCL_2 [16] 63.00 70.00 56.50 57.70 6180 64.50 70.90 57.30 58.70 62.90
HSNet [23] 64.30 70.70 60.30 60.50 63.90 70.30 73.20 67.40 67.10 69.50

DCP [25] 63.81 70.54 61.16 55.69 6280 67.19 73.15 66.39 64.48 67.80
BAM [12] 68.97 7359 6755 61.13 67.81 7059 7505 70.79 67.20 70.91
Ours 69.22 73.77 67.88 61.79 68.02 71.05 7490 7112 6741 71.12
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Table 2. Comparison results of ablation study on PASCAL-5i
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