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Dual-feature guided hypercorrelation few-shot segmentation network

HE Kun, WU Ying, and YU Yong’
(School of Software, Yunnan University, Kunming 650504, China)

Abstract: Few-shot semantic segmentation aims to learn to segment target objects from query images of a
given category when only a few samples support image annotation. Recently, matching-based methods establish
correlation matching of dense features by applying 4D convolution and introducing background correlation.
However, multiple matching relationships bring more inter-class noise and intra-class noise, and the sparse weights
to alleviate the computational pressure of high-dimensional convolution also led to the loss of fine-grained
matching accuracy of feature correlation. To alleviate the above problems, a dual-feature guided hypercorrelation
few-shot segmentation network (DFGHNet) is proposed. DFGHNet uses a more efficient 4D convolution kernel to
reduce the loss of feature fine-grained matching accuracy caused by weight sparsification. At the same time,
DFGHNet introduces a dual feature mask strategy and adopts a non-local mean feature mapping module without
learnable parameters to guide the correlation in the learned matching pattern. In the standard few-shot segmentation
benchmarks of PASCAL-5 and COCO-20" datasets, the performance of the proposed method achieves the
maximum accuracy improvement of 4.8% and 6.5% respectively, verifying the effectiveness of this method.
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FHI R S5 D (7T 22 ] S 40

%= 3 ResNet50 A HTMERMHEESHILEER

MIoU/%

vk 1-shot 5-shot TFASHRM
PFENet 60.8 61.9 10.8
HSNet 64.0 67.1 2.6
FECANet 67.4 70.0 35
DFGHNet 68.2 72.9 2.5

T 68.2%, W] T DFGHNet 155k i 2t .
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REI 254 0.8%.

% 4 DFGHNet RSN EE R

4 HELSEIR

AT TR T, DAV SRR b A R
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MBS (Mul-4D) &, FRY AP Re ik 3
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\ \ - - 65.1
\ \ \ 66.3
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5 HRiB

BT B 1D REAR 5 8 J5 16 4 22 R E
M) 2 P 7 7 AN DA K G AR
HIORE R I8, ASCEEH T — FOSUFE S| S
HH O 2 BE A 7y # R 4% (DFGHNet) , I 7E
PASCAL-5'. COCO-20" ##f % L 36E T Z 7 L1
PRARPE R R RIS HEAT Ty ae, E T AR
SCHEH IS AR R, IR I S
Bl 7 B R RE



454 TR KR 554

£ E Xk

HE K, ZHANG X, REN S, et al. Deep residual learning for
image recognition[C]//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway:
IEEE Computer Society, 2016: 770-778.

[2] HUANG G, LIU Z, VAN D, et al. Densely connected
convolutional networks[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE Computer Society, 2017: 4700-4708.

[3] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks[J]. Communications of the ACM, 2017, 60(6):
84-90.

[4] SUNG F, YANG Y, ZHANG L, et al. Learning to compare:
Relation network for few-shot learning[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2018:
1199-1208.

[5] SUN Q, LIU Y, CHUA T S, et al. Meta-transfer learning
for few-shot learning[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE Computer Society, 2019: 403-412.

[6] HOSPEDALES T, ANTONIOU A, MICAELLI P, et al.
Meta-learning in neural networks: A survey[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2021, 44(9): 5149-5169.

[7] FINN C, ABBEEL P, LEVINE S. Model-agnostic meta-
learning for fast adaptation of deep networks[C]//
International Conference on Machine Learning. New York:
PMLR, 2017: 1126-1135.

[8] LONG J, SHELHAMER E, DARRELL T. Fully

convolutional networks for semantic segmentation[C]//

Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition. Piscataway: IEEE Computer

Society, 2015: 3431-3440.

RONNEBERGER O, FISCHER P, BROX T. U-net:

Convolutional networks for biomedical image segmentation

[C]//Medical Image Computing and Computer-Assisted

Intervention. Munich: Springer, 2015: 234-241.

[10] SHABAN A, BANSAL S, LIU Z, et al. One-shot learning
for semantic segmentation[C]//British Machine Vision
Conference. London: British Machine Vision Association,
2017: 72.

[11] ROCCO 1, ARANDJELOVIC R, SIVIC J. Efficient
neighbourhood consensus networks via submanifold sparse
convolutions[C]//European Conference on Computer
Vision. Glasgow: Springer, 2020: 605-621.

[12] ROCCO I, CIMPOI M, ARANDJELOVIC R, et al.
Neighbourhood consensus networks[J]. Advances in
Neural Information Processing Systems, 2018, 31:
1651-1662.

[13] SNELL J, SWERSKY K, ZEMEL R. Prototypical
networks for few-shot learning[J]. Advances in Neural
Information Processing Systems, 2017, 30: 4077-4087.

[14] MIN J, LEE J, PONCE J, et al. Learning to compose
hypercolumns for visual correspondence[C]//European
Conference on Computer Vision. Glasgow: Springer,
2020: 346-363.

[15] MIN J, KANG D, CHO M. Hypercorrelation squeeze for
few-shot segmentation[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE Computer Society, 2021: 6941-6952.

[16] LIU H, PENG P, CHEN T, et al. Fecanet: Boosting few-

—
—
—

—
O
—

[19]

(23]

[24]

[25]

[26]

shot semantic segmentation with feature-enhanced
context-aware network[J]. IEEE Transactions on
Multimedia, 2023, 25: 8580-8592.

WANG X, GIRSHICK R, GUPTA A, et al. Non-local
neural networks[C]//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway:
IEEE Computer Society, 2018: 7794-7803.

TIAN Z, ZHAO H, SHU M, et al. Prior guided feature
enrichment network for few-shot segmentation[J]. IEEE
Transactions on Pattern Analysis and Machine
Intelligence, 2020, 44(2): 1050-1065.

WU Z, SHI X, LIN G, et al. Learning meta-class memory
for few-shot semantic segmentation[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2021:
517-526.

WU Y, HE K. Group normalization[C]/European
Conference on Computer Vision. Glasgow: Springer,
2018: 3-19.

LIN TY, MAIRE M, BELONGIE S, et al. Microsoft coco:
Common objects in context[C]//European Conference
on Computer Vision. Glasgow: Springer, 2014: 740-755.
LIU J, BAO Y, XIE G S, et al. Dynamic prototype
convolution network for few-shot semantic segmentation
[C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE Computer
Society, 2022: 11553-11562.

BOUDIAF M, KERVADEC H, MASUD Z |, et al. Few-
shot segmentation without meta-learning: A good
transductive inference is all you need? [C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2021:
13979-13988.

LIU B, DING Y, JIAO J, et al. Anti-aliasing semantic
reconstruction for few-shot semantic segmentation[C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Computer
Society, 2021: 9747-9756.

LIU Y, LIU N, CAO Q, et al. Learning non-target
knowledge for few-shot semantic segmentation[C]/
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Computer
Society, 2022: 11573-11582.

KANG D, CHO M. Integrative few-shot learning for
classification and segmentation[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2022:
9979-9990.

XU Q, ZHAO W, LIN G, et al. Self-calibrated cross
attention network for few-shot segmentation[C]/
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE Computer
Society, 2023: 655-665.

CHEN H, DONG Y, LU Z, et al. Dense affinity matching
for few-shot segmentation[J]. Neurocomputing, 2024, 577:
127348.

NGUYEN K, TODOROVIC S. Feature weighting and
boosting for few-shot segmentation[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE Computer Society, 2019:
622-631.

RERE M F


https://doi.org/10.1145/3065386
https://doi.org/10.1109/TMM.2023.3238521
https://doi.org/10.1109/TMM.2023.3238521
https://doi.org/10.1016/j.neucom.2024.127348

	1 网络整体架构
	1.1 少样本分割问题定义
	1.2 网络模型架构
	1.3 双特征掩码策略
	1.4 超相关性构造
	1.5 非局部均值映射模块
	1.6 多级混合池化4D卷积核

	2 实验
	3 结果
	4 消融实验
	5 结束语
	参考文献

