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Fig.2 Process of the multi-scale feature extraction
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Table 1 Dataset description
Dataset Categories
PASCAL-5’ Areoplane, Bicycle, Bird, Boat, Bottle

PASCAL-5! Bus, Car, Cat, Chair, Cow

Person, Airplane, Boat, Parking meter, Dog, Elephant, Hat, Backpack, Suitcase, Sports ball, Skateboard, Chair,

Bicycle, Bus, Traffic light, Bench, Horse, Bear, Umbrella, Shoe, Teddy bear, Frisbee, Kite, Surfboard cup,Bowl,

Car, Train, Fire Hydrant, Bird, Sheep, Zebra, Handbag, Skis, Baseball bat, Tennis racket fork,Banana, Brocco-

PASCAL-5° Diningtable, Dog, Horse, Motorbike, Person
PASCAL-5° Potted plant, Sheep, Sofa, Train, TV/Monitor
COCO-20"
Wine glass, Spoon, Sandwich, Hot dog,Dining table, Mouse, Microwave, Scissors
COCO-20"
Orange, Pizza,Couch, Toilet, Remote, Oven, Book
COCO-20°
li, Donut, Potted plant, TV,Keyboard, Sink, Toaster, Clock, Hair drier
COCO-20°

Motorcycle, Truck, Stop Sign, Cat, Cow, Giraffe, Tie, Snowboard, Baseball glove. Bottle Knife, Apple, Carrot.,

Cake,Bed,Laptop,Cell phone,Refrigerator, Vase, Toothbrush
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Bl 6 HAKR
Fig. 6 Example images
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shot fE45 Al LL3RE 73 50. 6% B9 mIoU Hl 69. 2% Ky
FB-1oU, 7E 5-shot 4L 55 . B4R 7E mIoU ¥4 5 b
T AR AR R #h T PANet, H7E FB-ToU 45 F fr
PEHA L PANet #2715 T 0. 84% ;5 24 ResNet-50 1F
h T R, B AR FE 1-shot Ml 5-shot (T 55
ERTRLGA ] 59. 4% A1 60. 1% B mloU LUK 72. 8%

% 2 1-way 1-shot #1 1-way 5-shot £ PASCAL-5 tRISEI%ER

M 73.4% 1) FB-ToU, B AR # W] i ; X4 ResNet-101
15 £ T MR}, 78 1-shot Fll 5-shot 1L % # , R TE
mloU PEANT R AR T Ir 4 Hh A AL I 3fh T GL B AY (B 7R
FB-ToU f845 & . I $2 A B 53 J 7E 1-shot Hl 5-shot
5 d e GL AR T 1. 22% (73.8%—>74. 7%)
A10.94%(74.8% > 75.5%) .

Table 2 Segmentation results for 1-way 1-shot and 1-way 5-shot on PASCAL-5' Unit: %
T T MK 1-shot 5-shot
Methods Backbones p’ p! p? p? mloU  FB-IoU P p! p? p’ mloU  FB-loU
OSLSM! VGG-16 33.6  55.3  40.9  33.5 40.8 61.3 359 581 42,7 39.1  44.0  61.5
SG-One' 40.2 584 48,4 38,4 46,3  63.1 41.9 58.6 48.6  39.4  47.1  65.9
PANet") 42,3 58,0 51.1  41.2  48.2  66.5 51.8 64.6 59.8  46.5 557  70.7
Ours 43.9 56.4 55.8  46.3  50.6  69.2  49.3 59.2  59.7  46.9  53.8  71.3
CANet™#] ResNet-50 52.5 65.9 51.3 51.9 554 67.2 555 67.8 51.9 53.2 57.1  69.6
LTM 546  65.6  56.6 51.3  57.0 56.4  66.6  56.9  56.8  59.2
PGNet™ 56.0  66.9  50.6  50.4  56.0 57.7  68.7  52.9  54.6  58.5
GL!e 54.6  67.8 57.4 52,1 58.0 72,5 548 68.1 59.9 56.2  59.8  73.1
Ours 55.9  69.2  59.4 53,1  59.4 72.8 56.2 69.8 59.9 543  60.1  73.4
FWB ResNet-101  51.3  64.5  56.7  52.2  56.2 54.9  67.4  62.2  55.3  59.9
DANM™ 54.7  68.6  57.8  51.6  58.2 57.9  69.0  60.1  54.9  60.5
GL! 57.5  68.7 58.7 545 59.9 73.8 581 69.8 60.8 58.9 61.9  74.8
Ours 54,3  67.6  61.2 55,1 59.6 74.7 56.9 68.3 62.4 56.0 60.9  75.5

Note:bold fonts represent the optimal results.

3.3.2 COCO-20'
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3.3.3 2-way 1-shot #= 2-way 5-shot
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5 BHE 4R I, r 4R IR BE AU AE 1-shot £ 55 b al LLik %]
48.3%.55. 1% A1 56. 8% i) mIoU, M b PANet % /b
£+ 10. 9% ; 78 5-shot 1T 45 L o] LUk F| 50. 6% .
57. 1% M1 58. 3% Hy mloU, 788 HAT #k ik Ay CO-
CO-20" FdlsfE I, Fr & i BE AU TR 5-shot {L %5 L] A
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Table 3 Segmentation results for 1-way 1-shot and 1-way 5-shot on COCO-20’ Unit: %
G5k FFR% 1-shot 5-shot
Methods Backbones I ¢! c ¢*  mlU FBlU ! c? ¢*  mloU FBloU
PANet™® VGG-16 20.9  59.2 29.7  63.5
FFNet 2 34.4 37.0 36.9 34.7 35,7 60.1 36.8 37.8  38. 36. 37.6  64.0
Ours 33.6 37.4 36.2 359 358 61.6 369 381 37 36. 37.3  63.5
PANet™ Resnet-50 31.5 22,6 21.5 16.2  23.0 45.9  29.2  30. 29. 33.8
PMMs 2% 29.3  34.8  27.1  27.3  29.6 33.0  44.5  30. 33. 34.3
FFNet %] 36.7  40.4 42,3  36.4  39.0 63.0 38.9  41.5  44. 39. 41.0  65.1
Ours 36.1  38.2 40.6 39.5 38.6 64.2 39.2  41.3  43. 40. 41.3  66.8
DAN!? Resnet-101 24.4 29.6
FwB* 19.9  18.0  21.0  28.9  21.2 19.1  21.5 23 30. 23.7
PRNet ! 41,1 26.3  24.7 21.9 285 6l.4 50.4  32.8  3I1. 29. 36.0  64.6
Ours 39.6  27.4  26.1 21.3  28.8 62.1 46.2  36.7  34.¢ 30. 36.9  64.8
Note:bold fonts represent the optimal results.
% 4 2-way 1-shot # 2-way 5-shot &£ PASCAL-5' 1 COCO-20' EHI S 2% R
Table 4 Segmentation results for 2-way 1-shot and 1-way 5-shot on COCO-20’ Unit: %
el 4 W ik mloU FBloU
Datasets Setting Methods VGG-16 ResNet-50 ResNet-101 VGG-16 ResNet-50 ResNet-101
PASCAL-5' 1-shot PANet 41.3 47.2 51.2 64.3 66.8 69. 2
Ours 48.3 55.1 56.8 67.9 70.2 71.5
5-shot PANet 47.2 49.5 53.1 66. 4 67.8 71.1
Ours 50. 6 57.1 58.3 70.0 71.4 73.6
COCO-20° 1-shot PANet 21.8 29.2 29.7 59. 2 60. 0 61.8
Ours 32.4 34.2 28.1 60.2 63.1 63.6
5-shot PANet 29.4 33.6 30.1 61.9 64. 2 62.7
Ours 36.8 37.9 32.9 62.1 64.7 63.0

Note:bold fonts represent the optimal results.

3.3.4 TAMLR

oy RV B0 . AR FETT S B 4 A5 250 mT LA v 1 b s

7 IR TR RN PANe BB BRI AL M RBIL A R AT AR A 2 M A T P R R
. MIE 7 ATRUAE Y, B4R PANet ] DIMER 4R B RIROCR B4, nT AL S5 R it — P 0k T BT 2 4

B 230 F AR A0 AR 23 B2 0 0 A0 1 iR

Query image
PANet

Ours

Fig. 7 Segmentation visualization results
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3.4 HEZ®

T T R AR Y B 2 L BT B R SR
HWEWEERAE ETHME PR ERYE, TR
FEURIE AT 73 B 45 B B AR PR BE ORI L 7E 1-way 1-
shot 1145 A H PASCAL-5" fil COCO-20" #¥a 4k .

x5 REWUSEEREMIR

Table 5 Ablation experiments of the deep separable convolution

K F ResNet-50 1F A T MG HA LK, 25
5N 5 Pion R TR EE ] 43 B 6 U B bn v
R B B AR X mIoU Ml FB-ToU ¥4 48 A1 1Y 42
TERCR A B 5 (F 2 R 05 A K b s /0 A58 8 S 80 i, A
117 A5 250 M A R R 750 S 8 A2 3o T 0 5 i i) T

PASCAL-5' COCO-20
1\/%?1 S 4/ MB S 4/ MB
ue Number of mloU/ % FB-IoU/ % Number of mloU/% FB-IoU/ %
parameters/ MB parameters/ MB
Convolution 481 58.9 72.5 481 38.4 64.1
Deep separable convolution 126 59.4 72.8 126 38.6 64.2

Note:bold fonts represent the optimal results.

FEUR O T ARG U SOOI T 8 A58 B xo A58 250/ fig
M RZ M, 7E 1-way 1-shot f£55 L FIH PASCAL-5" Fl
COCO-20" H#a 4k >R T ResNet-50 fF 2 3= 1 [ 25 i%
THH AR, SR E RNk 6 Frn . S5 REBWILIATE
SCORHRTE 7 1 B U RE 68 0 25 £ TR 14 7 B PR BE L 52
FOE DT ORI B BRI T SCRF IR A Al £
PR 7 22 18] A 5 1 SCOGHK 3 A7 B T 3R 2 J AR A
o7 B S 2 A0 (5 B
Fo EBEXNXBEIBENRREMIE
Table 6 Ablation experiment of the semantic associative atten-

tion Unit: %

75 Ay PASCAL-5' COCO-20

Variation methods

mloU  FB-IoU mloU FB-loU

Baseline model 53.1 66. 3 34.8 61.5

Semantic associative attention

59.4 72.8 38.6 64.2
module

Note:bold fonts represent the optimal results.

5 b T R UE TR BT B 2R IR A
B LBV, #E 1-way 1-shot 4% 55 E#] 1] PAS-
CAL-5" F1 COCO-20" $ 44 , % JH ResNet-50 /£ Wy
F= 9 4% B T T i S R AR R SR T T B 1) )t F
F2 07 0K 24 A FEE IR T RS SR IR A R SR 7
FIT7R o M HESE G A RY f i OG B R T RRAE LA
T Jo 118 S F 4 AIE R A 1) R AE R P 22 4 AF TR 2 kA
B AT R AR b A 76 RHE 4R By R T
10. 4% mloU 1 13.4% FB-IoU (1-shot),18.0%
mloU Hl 8.3% FB-1IoU (5-shot), 4 #| ¥ fig 1]
27t

x7T SHMEIENMERREMIE

Table 7 Ablation experiments of the multi-feature attentional

fusion Unit: %
ik PASCAL-5' COCO-20
Module mloU  FBIoU mloU FBIloU
Baseline model 53.8  64.2  32.7  59.3
Feature fusion module 59.4 72.8 38.6 64.2

Note:bold fonts represent the optimal results.
4 ZEig

BT A RG] T SRR 4 S A A TR A BRI
AT R B, A SCAE TT 2 ) Oy ik W Akl L PR T
—FHT I NREAS 1 Ay E O . % R R B T
3 B 6 B D 1 26 R L R AU T JH X 4 % ) 2
Ko BRAN Z R ILE Y E BT — R OBk
TR PG i A SR RRAE A )RR IE 22 TR
HYARALPE SR 51 A bR SCHE A L DT 4 e 17 A8 250 %6
A1 H bR AR5y B2 AL B HERR . 7E PASCAL-S
F COCO-20" Hl 4 b A7 , 52 50 45 R 3R W T 4
AR LR X L AR AR E SR O W . TEARCR T
v, BT LRI 28 U3 3 7 AL A N7 A 3R S i R AR 5
SR SRR AE 22 18] 14 S I, DT SR Ak H A i i A
FikBETT .
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Few-shot Semantic Segmentation Based on Feature Fusion Atten-
tion Mechanism

LI Yijin', LI Shaolong'”* ,HE Yan®,LIU Wei’

(1. Information Center of Yunnan Power Grid Co. ,Ltd. , Kunming, Yunnan,650200,China;2. Beijing THPower Technology Co.
Ltd. , Beijing, 100085, China; 3. Department of Electrical Engineering and Applied Electronic Technology, Tsinghua University,
Beijing » 100084 . China)

Abstract: Aiming at the problem of insufficient information utilization in query images for small sample se-
mantic segmentation tasks,a few-shot semantic segmentation algorithm based on feature fusion attention is
proposed. Firstly,it utilizes shared backbone networks to obtain deep features of both image and query ima-
ges. Secondly,attention mechanisms are employed to capture strong semantic correlation information between
support features and query features, constructing task attention feature maps. Finally,a multi-feature atten-
tion fusion module is proposed.,which can adaptively fuse multiple features’ deep semantic information and
perform feature decoding,thereby obtaining target object segmentation masks. The proposed model is evalua-
ted on PASCAL-5" and COCO-20" datasets,and experimental results show that the proposed model outper-
forms current mainstream small sample semantic segmentation models in terms of more precise segmentation
in both 1-way 1-shot and 1-way 5-shot tasks. Especially on the more challenging COCO-20" dataset,the pro-
posed model achieves 28. 8% mloU and 62.1% FB-1oU under the setting of 1-shot,and 36.9% mloU and
64. 8% FB-IoU under the setting of 5-shot.

Key words: few-shot semantic segmentation; multi-feature fusion;attention mechanism;deep semantic infor-

mation;segmentation mask

SRS Bl PR L




