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Abstract

The high acquisition cost and high annotation requirements of professional medical images lead
to insufficient available annotated data. Small sample medical image segmentation has become
an important direction to solve this problem. Traditional methods usually learn prototypes from
supporting images and segment query images through nearest neighbor search. Although these
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algorithms show high performance, the partial volume effect leads to blurred tissue boundaries;
grayscale inhomogeneity causes differences in the representation of similar tissues; the foreground
and background share similar visual features, which makes the model prone to mixed mis-segmen-
tation. To this end, this paper proposes a dual-perspective collaborative enhancement network
(DPCENet), which achieves collaborative and precise feature screening through a spatial-channel
dual-perspective attention mechanism. Specifically, spatial attention accurately locates the spatial
distribution of organs; channel attention dynamically enhances related semantic channels and sup-
presses irrelevant noise. Considering that the foreground and background of medical images share
many visual features, the model adopts a dual-path balanced design to process the foreground and
background feature streams in parallel. Experiments on three public medical image datasets show
that the performance of this method is better than that of existing methods, and detailed analysis
also verifies the effectiveness of this module.
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Figure 1. Overview of few-shot medical image segmentation method based on dual-perspective attention
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Figure 2. Dual-perspective collaborative attention module structure
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Figure 3. The visualization results in the ABD-MRI dataset (the left side) and the ABD-CT
dataset (the right side) under setting-2
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Figure 4. The visualization results in the Card-MRI dataset under setting-1
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Table 1. The results of different models on the ABD-MRI and ABD-CT datasets under setting-1
2 1. 7E setting-1 i E T A EIHEEE ABD-MRI #1 ABD-CT #iE&E LHILZER

- ABD-MRI ABD-CT
I
FEE AW AW M | M AW AW B A
PANet 27.73 3041 3496 4737 3511 5572 5042 5652 60.86  57.88
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ADNet 49.74 84.21 62.97 76.79 68.42 41.17 32.86 31.27 77.26 45.67
RPTNet 73.72 86.83 65.58 60.32 71.61 68.48 60.52 84.37 64.51 69.47
SSL-ALPNet 67.78 84.88 79.61 74.32 76.65 70.11 72.62 76.35 67.29 71.59
Q-Net 76.24 8640  72.13 72.47 76.81 56.82 55.63 69.39 68.65 62.63
CAT-Net 70.54 83.00 7530 70.59 74.86 66.98 47.83 69.09 66.24 62.54
GMRD 65.44 89.95 75.97 73.65 76.25 56.48 62.27 79.92 63.06 65.43
DPCENet 73.72 81.50 84.19 71.13 77.64 67.35 76.05 78.79 68.53 72.68

Table 2. The results of different models on the ABD-MRI and ABD-CT datasets under setting-2
2 2. 7E setting-2 i E T A EIHEEE ABD-MRI # ABD-CT #iE&E LHIEZER

. ABD-MRI ABD-CT

e FEE AW AW M | M AW AW I A
PANet 6125 6694  63.17 6937 6568 4373 3469 3758 6171 4442
ADNet 59.44  59.64 5668 77.03  63.19 5097 4841 4052 7063  52.63
RPTNet 7515 60.11 6627 6745 6725  60.12 5384 8228 5424 6262

SSL-ALPNet 55.35 76.38 73.24 68.38 68.34 61.97 59.05 64.18 69.14 63.59

Q-Net 74.71 74.71 64.15 71.52 71.27 37.87 41.75 66.21 64.44 52.57
CAT-Net 60.23 60.23 78.57 77.45 69.12 46.73 46.87 65.01 52.53 52.79
GMRD 73.80 70.25  69.37 74.85 72.07 64.16 55.35 72.46 60.88 63.21
DPCENet 67.82 7497  78.04 72.39 73.30 69.36 64.04 64.94 64.63 65.74

Table 3. The results of different models on the Card-MRI datasets under setting-1
< 3. 7E setting-1 & E T AEMEEE Card-MRI H#EE FRIEER

Card-MRI

JiiE
RV LV-MYO LV-BP ¥
PANet 57.13 44.76 7277 58.20
ADNet0 65.37 82.29 58.86 68.84
RPTNet 76.63 80.15 58.81 71.86
SSL-ALPNet 77.59 63.29 85.36 75.41
Q-Net 67.99 52.09 86.21 68.76
CAT-Net 69.37 48.81 81.33 66.51
GMRD 80.82 73.65 60.83 71.77
DPCENet 76.52 63.69 88.75 76.32

4.2.2. JHRASELE

ALK setting-2 W€ T 1) ABD-CT ##i4E bR A #6114 5 77725 SQCA I DPCE W 4 #EA4T 7 ¥ ik
SEBS, W% 4 FaR. 24 SQCA #RERRIT, BADG AR HIZEN HIZ A RE I FEAK, FECERE T FF; 24 DPCE #%
FolRIT, PEREA TE IR N FE, URIREIAOG B bR AR B 0 AL AE S RIGETT AR K. BRI AR SCHR H A
BT B R e A AN FIRE B (3 Tt
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Table 4. Ablation study experimental results
4. HRASKINEER

SQCA DPCE JFF 1k HE V= JUR I ¥
J v 69.36 64.04 64.94 64.63 65.74
J X 63.56 59.48 63.13 66.61 63.20
X v 58.21 53.94 73.32 70.37 63.96
X X 54.02 61.56 72.02 64.85 63.11
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