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Few-shot Segmentation Based on Multi-scale Prototype Hierarchical Matching

SUN Kaiwei, LIU Hu, RAN Xue and GUO Hao

Key Laboratory of Data Engineering and Visual Computing,Chongqing University of Posts and Telecommunications,Chongqging 400065 ,China
Abstract Traditional semantic segmentation tasks usually need a lot of labeled data for training,and it is difficult to generalize to
new categories. Few-shot segmentation aims to segment new categories of target objects from query images using a small number
of annotated supporting images. Due to the limited supporting image data, how to extract representative guidance information
from limited support images is an important challenge for few-shot segmentation task. In order to solve this problem,a few-shot
segmentation method based on multi-scale prototype hierarchical matching is proposed in this paper. Firstly,the middle-level and
high-level features of the query image and the support image are obtained through the residual network ResNet. In order to fur-
ther extract the rich context feature information of the target object,the extracted middle-level features are fed into the pyramid
pooling module for multi-scale feature extraction. Based on the idea of prototype learning,middle-level features and high-level fea-
tures are layered to generate prototypes and matched to obtain the final predicted segmentation mask. Experiments are carried out
on the PASCAL-5' dataset and experimental results show that the mIoU of the proposed method achieves 66. 7% in 1-way 5-shot
setting, which is 11% and 4. 8% higher than the current mainstream PANet and PFENet models, respectively,demonstrating the

effectiveness and advanced nature of the method.

Keywords Few-shot segmentation, Muti-scale, Semantic segmentation,Prototype learning, ResNet
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Sl B2 v U T ALK 7 B0 4% R AT R 5
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4.4 TIHER

7R SCORE S5 25 5L TR B R A ST 98 S0 25 SR R AT X L
MF 3 LLE L TE 1-way 5-shot (K% & T, A SCH2 i 7
PR T T T I e A S I 2 R ke SO 2% R B B O
R EAF A0 . A FIR 1-shot Ml 5-shot 22 {1 , 22 {4 K Ui B 1
IS Ry R G BRI RS e . A SO ] ResNet101 /E8 T
% 25 (1) /9 4% 45 ¥ 7E 1-way 1-shot [ i% & F mloU ik 3| T
57.9% , M1 Lt PANet #2755 11. 5% , A1t CANet $2755 2. 5%, It
F IR0 T ¥ PFENet UK 2. 206 7E 45 =y ML & b
mloU ik #] 58. 5%, fE T H Ah it 45 Jr k. i | ResNetl01 {E
N T WL 0 4 G5 R TE 1-way 5-shot (I E T . A X ¥

1 mloU iK% T 66. 7% 3L T 2 b i i) 0y ik, o e 2 3
AR T7 5 # PFENet 4. 8% , 3 H 78 & — 3 M 45 #R AR 1
MR T IR AR ROR . BRI Z A, AR SC T VR TE LA ResNet50
1 ResNetl01 HFET MWL T, )\ 1-shot 31 ZE 5-shot B}, mI-
oU T T 8. 2% F1 8. 8%« W i AL T o 5 vk , itk — 2BE W T
AR SCHR T 1 BB A 0 43 (o F U 1 JUAS SCRFAR FEAS 194 3K
5B TR N SRR EMG S RE S RIE R TR . AER 4 AR
WA FB-ToU 5246 45 5 W) 5 A A9 32 5 A8 15 7 %t L, 78 5-
shot W2 T FB-IoU K& T 76. 6% . [RIREBUAS T 5 4 19 43 54
JfH A 1-shot ¥ & 5-shot i, FB-IoU #2 7+ T 7. 0%, $& 7+
AR [E) A ]

%3 AR E A 1-way 1-shot fll 1-way 5-shot % E T mloU K L&
Table 3 Comparison of mloU of different segmentation methods under 1-way 1-shot and 1-way 5-shot settings
Methods Ioshot 5shot A
0 1 2 3 mean 0 1 2 3 mean
0sLsM7 33.6  55.3  40.9  33.5  40.8  35.9  58.1  42.7  39.1  43.9 3.1
co-FCNI2) 36.7  50.6  44.9 32,4  41.1  37.5  50.0  44.1  33.9  41.4 0.3
SG-Onel?! 40.2  58.4  48.4  38.4  46.3  41.9  58.6  48.6  39.4  47.1 0.8
PANet! 1! 42.3  58.0  51.1  41.2  48.1  51.8  64.6  59.8  46.5  55.7 7.6
PGNet 6] 56.0  66.9  50.6  50.4  56.0  57.7  68.7  52.9  54.6  58.5 2.5
PFENett?" 61.7 69.5 55.4  56.3  60.8  63.1 70.7 55.8 57.9 61.9 1.1
CANet! ¥ 52.5  65.9  51.3 5.9  55.4 555  67.8 51.9  53.2  57.1 1.7
PMMs!2% 55.2  66.9  52.6  50.7  56.3  56.3  67.3 545  51.0  57.3 1.0
FWBL27) 51.3 64.5 56.7  52.2 56. 2 54.8 67.4  62.2 55.3 59.9 3.7
DANL28! 54.7  68.6  57.8  51.6  58.2  57.9  69.0  60.1  54.9  60.5 2.3
Ours(ResNet50) 53.8  66.9  56.9  50.4  57.0  63.5  70.5  67.7  59.2  65.2 8.2
Ours(ResNet101) 57.8 65.4 58.5 50.0 57.9 63.9 73.6 68.6 60.7 66.7 8.8
£ 4 KRErEIJTETE 1-way 1-shot fil 1-way 5-shot & E T %5 AEUMALEHELE 1-way 1-shot Fll 1-way 5-shot I E F

FB-ToU 1y L 4%
Table 4 Comparison of FB-IoU of different segmentation methods

under 1-way 1-shot and 1-way 5-shot settings

Methods 1-shot 5-shot A
OSLM 61.3 61.5 0.2
co-FCN 60. 9 60. 2 0.5
SG-One 63.1 65.9 2.8
CANet 66. 2 69.6 3.4
PANet 66.5 70.7 4.2
PFENet 73.3 73.9 0.6

Ours 69.6 76.6 7.0

4.5 3ttb;IG

R T A O REAE AT 22 ROBE AR B, AR SO 4 I A
bR b A A% KN SR AT TR L S . TR A A BR L AR S
FEX 6 B A HEAT T I, gk 5 AL M 3 A Ak
K AR A 1X1,2X2,3X 3 %% 3X 3 Wik 728 K 6 X6
J& 5-shot F mloU FMT 1.2% . 2 X2 BHly 6 X6 J7 5-
shot T mloU TFFR&ET 2.6% . % 1 X1 &l 6 X6 J5 5-shot F
mloU FFET 3. 4%, 0] LIg 2545 H 8 /N it b i i 3 /9 1
TRV RTZ M2 RER. #— P WRER WA A O
SEER AR, W] LUE Y A R B 4 A ORI AT
3A WAL B 2X2,3X3,6X6,12X12 HAEME T 1X1,
2X2,3X3,6X6 &1 5-shot & T mloU FHET 1.9%,
i STTE G R E N R R A 3 (I N S GRS 2 S N
SCHEFE 1X1,2X2,3X 3,6 X6 1E R 4B H b 1 b fb i

HE,

mloU W e #%
Table 5 Comparison of mIoU with different pooling kernel

combinations under 1-way 1-shot and 1-way 5-shot settings

size 1-shot 5-shot
1X1,2X2,3X3 56.4 62.8
1X1,2X2,6X6 56.7 61.6
1X1,3X3,6X6 56.9 60. 2
2X2,3X3,6X6 56.9 59.4
2X2,3X3,6X6,12X12 56. 8 63.3
1X1,2X2,3X3,6X6 57.0 65. 2

FT M oA R Y Z AR M E BT, B 321 1 45 R

AIE (il B D5 =X AR 4% 0 I 4% 1 BB KR B R T, AR SCLL Res-

Net50 24 3 F 45 o A7 52 56, % S50 48 TE 0 5 RO SE g8 b 47 T

XPH . WER 6 A, AN S i SR AR AR A i A 3 R O R

AU AL, 78 1-shot #l 5-shot ¥ & T ,mloU 43 B Jy 52. 3% F

58.5% o 1EXF = R RHEHEATE E )G mloU $2 T+ & , 1-shot

5-shot P& FArBIHRE 7 4. 9% Al 6. 7% AE W 1 XAk ik 47
43 J2 VG it - i DA A& I B8 0% BOAS T 40 52 9 P
F 6 HIRREEIEN RSB AR

Table 6 Ablation experimental results(mloU) of fixed

high-level feature

convh fixed 1-shot 5-shot
J 52.3 58.5
N 57.0 65.2

4.6 WMALER
27T HH T ARXAE PASCAL-5 4 | 1-way 1-shot I & T
BB 43032288 91 A AT A Ak 5 R 3 2 ) S AR T I R A
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Table 7 Visual results of some test categories under 1-way

1-way 1-shot %

1-shot setting

Support
Mask

Support Query Prediction

TRAE 2 R A 43 TR B 4838 BB KO B SR AE AE
ARGy o3 HROR AR 22 W B R L AR SO X H R WO R AT T 4y
Br. g 8 Brail. T 2 i B R b B AR 2 50 AT 5 X 00 B 4
8 IF B SR R A AR T TR . S BB T —Z md L&
MG RAPMMOREE . KW/ DEEA I FUE S5 4 5 052
4 T RIVPE R R R A o Y 5 BT AR o0 R e

8 HB 43O AR 22 WA i) 1 TR A 2 2R
Table 8 Visual results of some test categories with poor segmentation

effects

Support
Mask

Query

Mask Prediction

Support Query

BERIE BEXE SRR R A W AR AT AR O U — A
8RR AR 32 BOAS 58 42 01035 B AiE - U R 43 0K B e ) it
ASCAR I T — i 22 R U 23 JR VE TS /N REAS 23 1 P 455 . 3 o
Xk 32T ) 2% e J2 R0 AIE B RS 188 1E DA RO TR 2 AR AE B 2 RO Ab
B RORBT SR EMEREEEN ETIUFER R 4R
JERIIFVCBC A Jr 3R 2 R TR A . 7E PASCAL-
SRS LS IR AR LA R AT AL R R IE ] T AR SO A
Rtk . R TARRE 7R U 4y U B 45 & 2 SRR g — 2P 4R
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