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Abstract: This paper proposes a multi-scale referring image segmentation method based on dual attention to
solve the problem of insufficient interaction between visual and linguistic modes, as well as different structural
and semantic information required by objects of different sizes. Firstly, the dual attention mechanism is used to
realize the intermodal and intramodal interaction between vision and text, which enhances the ability to align
visual and linguistic features accurately by using different types of information words in the expression. Secondly,
using language features as guidance, useful features are selected from other levels for information exchange to
further enhance feature representation. Then, dual path ConvLSTM is used to fully integrate low-level visual de-
tails and high-level semantics from bottom-up and top-down paths. Finally, multi-scale information is fused by
atrous spatial pyramid pooling, increasing the perception ability of the model for different scales. Experiments on
the UNC, UNC+, GRef, and Referlt reference data sets show that the proposed method oloU improves by 1.81
percentage points on UNC, 1.26 percentage points on UNC+, 0.84 percentage points on GRef, and 0.32 percent-
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age points on Referlt. Extensive ablation studies have also validated the effectiveness of each component of our

approach.

Key words: referring image segmentation; cross-modal interaction; feature enhancement; attention mechanism;

multi-scale feature fusion
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“Background person blue shirt”

“Baby giraffe”

“Bigger broccoli”

“Man in black bent over”

“Top part of table”

“Tennis player in white shirt”

“Adult in white shirt”

“Apple on the bottom to the
right of the orange in middle”
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AME—. “Bowl behind the others can only see part”
(HaeFE 3 —&amEmmmEghEma 2 1
Wi, HASHBERE B AR, ik mieE i 4 # 2k
W, 55 2 TG AR X 5 R S T AL
XELLIX ). “Baby on right that you can see most of”
(FiaeE B EKIN/NG), “Back broccoli”(Ji i Y
PHE4E), “Adult zebra” (W AFBE D)3 TR IEEH, K%
NG 2L . AERE D 5 /NS AR
Wb, X DAERR oL A 3 FE IR iR B AR,
“Arm of the man with backpack”(iF 55 AT
B, ASCOERES BT A E A, HEIFR
AAG K T4 o B R “A lady with a
black swim suit holding a umbrella on the beach” (¥
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“Bowl behind
the others can
only see part”

“Baby on right
that you can
see most of”

“Back broc-
coli”

“Adult zebra”

“Arm of the
man with
backpack”

“a lady with a
black swim
suit holding a
umbrella on
the beach”
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