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Instance Segmentation Algorithm Based on Semantic Alignment and
Graph Node Interaction

Zhang Min, Deng Yangyang, Li Yajun, Zhang Miaohui’
School of Artificial Intelligence, Henan University, Zhengzhou 450046, Henan, China

Abstract In order to address the issues of missing and leaking instance masks caused by redundant semantic information
in mainstream single-stage instance segmentation algorithms, this paper proposes an instance segmentation algorithm
based on semantic alignment and graph node interaction. In the global mask generation stage, a semantic alignment
module was designed to evaluate the influence of semantic information on global and local semantic integrity through global
mapping and Gaussian mapping, thereby suppressing redundant semantic information. In addition, a graph node
interaction module was designed in the instance mask assembly stage that extracts spatial features of the topological graph
by transforming the feature map into graph-structured data and interacting with graph node information, supplementing the
mask assembly information and further improving the accuracy of the instance masks. The experimental results

demonstrate that the proposed algorithm achieves a mean average accuracy (mAP) of 38. 3% on the MS COCO dataset,

exhibiting strong competitiveness against other state-of-the-art algorithms.
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Fig.2 Semantic alignment module
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Fig.4 Algorithm visualization result
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Table 2 Module validity ablation experiment unit: %

Baseline SAM GNIM AP AP, AP, APs APy AP,

v 36.2 57.3 38.5 17.0 39.6 51.4
v v 36.5 57.6 38.9 17.5 40.0 51.6
v v 36.4 57.3 38.7 17.5 40.1 51.4
v v v 36.7 57.7 39.2 17.9 40.5 52.4
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Table 3 Semantic alignment module branch ablation experiment
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Table 5 Depth ablation experiment of graph node

unit: %

Baseline Global Local AP AP, AP, APy APy, AP_
v 36.2 57.3 38.5 17.0 39.6 51.4

v v 36.4 57.2 38.8 17.4 39.8 51.6

v v 36.1 56.9 38.5 17.4 39.6 51.2

v v v 36.5 57.6 38.9 17.5 40.0 51.6

interaction module unit: %
Depth AP AP, AP APy APy AP,
1 36.4 57.3 38.7 17.5 40.1 51.4
2 36.3 57.1 38.5 17.6 39.8 51.5
3 36. 1 57.1 38.5 17.0 39.7 51.7
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Table 4 Node aggregation ratio ablation experiment of graph

node interaction module unit: %
Ratio FLOPs/10° AP AP, AP, APy AP, AP,
4X 880 36.4 57.3 38.7 17.3 40.0 51.6
8X 101 36.4 57.3 38.7 17.5 40.1 51.4
16 X 46 36.3 57.0 38.7 17.6 40.0 51.3
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