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Abstract: Objective Referring remote sensing image segmentation (RRSIS) identifies and segments the ground object
described by a natural-language expression. The target category and spatial extent are jointly determined by the image and

text, requiring fine-grained alignment among language semantics, object appearance, spatial relations, and pixel boundar-
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ies. Large scale variations, dense objects of the same category, complex backgrounds, and weak boundaries make this
alignment difficult in remote sensing scenes. Although the Segment Anything Model 2 (SAM2) provides strong generic
visual representations and mask decoding, its direct adaptation to RRSIS has three limitations: language guidance may
weaken across hierarchical visual stages, the final decoder query may underuse complementary intermediate states, and
region-overlap losses do not explicitly constrain boundaries. This study develops a semantic dynamic boundary enhance-
ment framework , termed SDM-SAM2, to address these limitations in a unified architecture. Method The framework is built
on a SAM2-based RRSIS baseline and contains three complementary components. The image and expression are jointly
encoded by Bidirectional Encoder representation fromImage Transformers 3 (BEiT-3) , which produces a global
classification-token representation, token-level text features, visual tokens, and a coarse mask-related representation. The
Hiera backbone extracts hierarchical image features, while language information is introduced repeatedly into the visual
hierarchy. The visual tokens and mask-related representation generate a coarse mask prompt, which the prompt encoder
converts into dense and sparse embeddings. The global multimodal representation supplies sentence-level semantic guid-
ance, whereas the token-level text sequence preserves word and relational information. The mask decoder receives the final
image embedding, high-resolution image features, prompt embeddings, and text features, and progressively updates its
output-token queries through text-image interaction. Thus, the global classification token is a semantic prompt, the token-
level text features are language context, and the decoder queries are learnable states updated to predict the mask ; these ten-
sors cooperate but are not interchangeable. The first component is stage-aware text memory. At each Hiera stage, it retains
the full token-level text state and its mask-aware pooled summary. The pooled current text, historical text summaries, and
visual context determine the relevance of each historical state, and softmax produces normalized memory weights. These
weights are applied to the complete historical text sequences, preserving word-level structure. A learned gate, estimated
from the pooled current state, retrieved memory, and visual context, then combines the retrieved and current text
sequences. lts scalar value is broadcast over token and channel dimensions, enabling stage-dependent retention of histori-
cal language information. The second component is task-adaptive multi-layer query fusion. The initial output-token state
and intermediate query states from successive decoder layers form a query set. A lightweight network maps each state to a
scalar score, and normalized scores weight the initial and intermediate states to produce the final query. The weights are
learned globally with the segmentation objective and represent task-level contributions of decoder depths, rather than
sample-specific attention values. Thus, early prompt and localization information can complement the semantic and con-
tour cues in deeper queries. The third component is a text-weighted Sobel boundary loss. Horizontal and vertical Sobel
operators extract differentiable gradient-magnitude maps from the predicted probability and ground-truth mask. The
sentence-level representation is projected to a sample-level boundary weight and spatially repeated to the mask resolution.
This weight modulates the mean squared error between the two gradient maps, relating boundary supervision to the referring
expression while constraining boundary discontinuity and contour displacement. The total objective combines cross-
entropy, Dice, and boundary losses. Accordingly, text memory maintains encoder guidance, query fusion integrates
decoder states, and Sobel supervision constrains the final boundary. Experiments use RefSegRS and RRSIS-D, two public
datasets with different sample sizes, resolutions, category compositions, and expression distributions. RefSegRS contains
4,420 image-expression-mask triplets covering 14 categories at 512 X 512 pixels, whereas RRSIS-D contains 17,402 trip-
lets covering 20 categories at 800 x 800 pixels. Metrics include mean intersection over union (mloU) , overall intersection
over union (oloU), and the proportion of samples whose intersection over union exceeds threshold K (Pr@K). Ablations
evaluate all individual and combined components, while an operator comparison examines Sobel, Laplacian, and Prewitt
boundaries under the same setting. Result On the RefSegRS test set, SDM-SAM2 obtains an mloU of 78. 05% and an oloU
of 84.16%. Compared with the SAM2-based RS2-SAM2 baseline, it improves mloU by 4. 15 percentage points and oloU
by 3. 29 percentage points. The improvements at the stricter Pr@0. 7, Pr@0. 8, and Pr@0. 9 thresholds are 6. 05, 9. 08,
and 15. 85 percentage points, respectively, indicating that the proposed method increases not only average overlap butalso
the number of high-quality predictions. On the RRSIS-D test set, the proposed model reaches an mloU of 68. 49% and an
oloU of 78.59%. Relative to RS2-SAM2, mloU increases by 1. 77 percentage points, while Pr@0. 5, Pr@0. 6, and Pr@
0.7 increase by 2.39, 2.26, and 2. 10 percentage points, respectively. The oloU and Pr@0. 9 values are slightly lower
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than those of the baseline, showing that the benefit is not uniform across every metric but is concentrated in mean region
quality and the low-to-high intersection-over-union threshold range. The ablations confirm different component roles.
Among single-module variants, stage-aware text memory gives the highest mloU on both datasets: 67. 89% on RRSIS-D
and 78. 47% on RefSegRS. The complete configuration is most balanced on RRSIS-D, whereas RefSegRS combinations are
not strictly additive, indicating dataset-dependent marginal and joint effects. With the same boundary-loss setting, Sobel
reaches 67.72% mloU on RRSIS-D, exceeding Laplacian at 66. 83% and Prewitt at 67. 49%. Qualitative results show
fewer incomplete regions, disconnected boundaries, and spatial deviations. The full model has 961. 05 million param-
eters, 26.24 million or approximately 2. 8% more than the 934. 81-million-parameter baseline. Conclusion SDM-SAM?2
maintains stage-dependent language guidance, exploits complementary decoder queries, and introduces expression-
conditioned boundary supervision. Results on both datasets show consistent mloU gains and improvements in most
threshold-based measures with a limited parameter increase. Cross-dataset ablations further reveal that module combina-
tions can have different marginal effects under different data distributions. Overall, the framework improves semantic local-
ization and boundary delineation while retaining the general SAM2 mask-decoding structure. The codes are available at:
https : //github. com/3038794185-cloud/SDM-SAM2.

Key words: referring remote sensing image segmentation; Segment Anything Model 2 (SAM2) ; vision-language fusion;

stage-aware text memory; query fusion; boundary loss
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Table 1 Comparison with other models on the RefSegRS dataset

Method Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 mloU oloU

Val Test Val Test Val Test Val Test Val Test Val Test Val Test
BRINet 36.86 20.72 3553 1426 19.93 9:87 10.66 2.98 2.84 1.14  38.73 31.51 61.59 58.22
LSCM  56.82 31.54 4124 2041 21.85 9.51 12.11 5.29 2.51 0.84 40.59 3554 62.82 61.27
CMPC  46.09 3236 2645 14.14 12.76 6.55 7.42 1.76 1.39 022 42.08 40.63 63.55 55.39
CMSA 3924 28.07 3844 2025 2039 1271 11.79 5.61 1.52 0.83 43.62 4147 65.84 64.53
RRN 5543 30.26 4298 23.01 23.11 1487 13.72 7.17 2.64 098 50.81 41.88 69.24 65.06
EVF-
SAM 57.77 3517 37.59 2234 16.24 9.36 4.87 2.86 1.86 0.39 - 4698 36.64 59.61 5551
CMPC
. 56.84 49.19 3759 2831 2042 1531 10.67 8.12 2.78 255 47.13 43.65 70.62 66.53
CARIS 6845 4540 47.10 27.19 2552 15.08 14.62 8.87 3.71 1.98 5430 42.66 7579 69.74
CRIS 53.13 3577 36.19 2411 2436 1436 11.83 6.38 2.55 1.21  53.74 4326 72.14 65.87
LAVT 8097 51.84 5870 30.27 31.09 17.34 15.55 9.52 4.64 2.09 6153 4740 78.50 71.86
RIS-
DMMI 86.17 63.89 7471 4430 38.05 19.81 18.10 6.49 3.25 1.00 - 65.72 52.15 74.02 68.58
LGCE  90.72  73.75. 86.31 61.14 7193 3946 3295 16.02 10.21 545 7251 5996 83.56. 76.81
RMSIN 9397 79.20 8933 6599 7425 4298 29.70 16.51 7.89 325 73.84 6258 8241 75.72
FIANet - 84.19 - 77.05 - 61.86 - 33.41 - 7.10 - 68.67 - 78.32
RS2~
SAM? 9536 8431 9490 7942 9258 70.89 83.76 55.70 36.66 21.19 8521 73.90 88.03 80.87

(I
Method Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 mloU oloU
Val Test Val Test Val Test Val Test Val Test Val Test Val Test

SDM-SAM2 96.06 87.95 9559 83.05 9420 7694 9188 6478 7517 37.04 89.17 78.05 9124 84.16
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Full 275 [R] B By BUB AN SCAR B2 AT 55 A 38 5
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15.67. 89% i mloU , % Base & /& 1. 174N [ 43 5, Pr@
0. 5825 2. 301~ A 43 a5, 22 W76 05 R fiF 597 2o 7
RSO B B AR B 2 TR A G O R A SR
F R A BT SORSE @ BAR R S E A RE
HARE| A Sobel #1551 5 , mloU H 66. 72% 5 &
67. 72%, Pr@0. 5. Pr@0. 6 £ Pr@0. 7 Y74 FIr 2 7t , i3
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2 7ERRSIS-D##E& F S HMREBALE
Table 2 Comparison with other models on the RRSIS-D dataset
Method Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9 mloU oloU
Val Test Val Test Val Test Val Test Val Test Val Test Val Test
RRN 51.09 51.07 4247 42.11 33.04 32,77 20.80 21.57 6.14 6.37 46.06 45.64 66.53 66.43
CMSA 55.68 5532 48.04 46.45 38.27 3743 26.55 25.39 9.02 8.15 48.85 48.54 69.68 69.39
LSCM  57.12 56.02 48.04 4625 37.87 37.70 26.37 2528 7.93 827 5036 4992 69.28 69.05
CMPC 5793 5583 48.85 4740 38,50 36.94 2528 2545 9.31 9.19 5041 49.24 70.15 69.22
BRINet 58.79 56.90 49.54 48.77 39.65 39.12 2821 27.03 9.19 8.73 51.14 49.65 70.73 69.88
CMPC
. 59.19 57.65  49.36 47.51 38.67 36.97 2591 24.33 8.16 7.78 5141 5024 70.14 68.64
LGCE 86.10 67.65 60.52 61.53 5224 5145 4224 39.62 23.85 2333 60.16 59.37 76.68 76.34
RIS-
DMMI 70.40 68.74 63.05 6096 54.14 5033 41.95 3838 2385 21.63 60.72 60.12 77.01 76.20
LAVT  69.54 69.52 63.51 63.63 53.16 5329 4397 41.60 2425 2494 6146 61.04 77.59 77.19
EVF-
<M 73.51 72.16 67.87 66.50 5833 56.59 46.15 4392 2592 2548 64.03 62.75 7632 76.77
76.91
FIANet - 74.46 - 66.96 - 56.31 - 42.83 - 24.13 - 64.01 -
RMSIN 74.66 7426 68.22 67.25 57.41 55.93 4529 4255 2443 2453 65.10 6420 78.27 77.79
RS2-
SAM2 79.25 77.56 74.08 72.34  63.85 61.76 50.57 47.92 3040 29.73 68.81 66.72 80.16 78.99
DM- 4.54
:AMZ 8040 7995 75.00 74.60 64.5 63.86 5149 48.66 30.75 29.39 69.24 6849 79.47 78.59
GT
(L IHERY) .
o .
=y -
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A tennis court on the right

The red ground track field
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Fig. 4 Visualization results on the RRSIS-D dataset. (lefttoright: small-target localization, similar-target interference, and attribute-

guided discrimination )
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Fig. 5 Visualization results on the RefSegRS dataset. (left to right: multiple small targets, similar buildings, and elongated low-

contrast boundaries )
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%3 SDM-SAM2 7t RRSIS-D Uit 55 _E 49l R SR 16
Table 3 Ablation experiments of SDM—-SAMZ2 on the RRSIS-D test set

Method Sobel OF ™ Pr@0.5 - Pr@0.6  Pr@0.7 Pr@0.8  Pr@0.9  mloU oloU
Base 77.56 72.34 61.76 47.92 29.73 66.72 78.99
Sobel N 78.91 73.54 62.60 47.97 29.10 67.72 78.47
QF N 77.85 72.54 61.74 47.46 28.44 66.92 77.40
™ N 79.86 73.37 62.74 47.74 28.56 67.89 77.54
Sobel+QF N N 78.43 73.25 61.76 47.80 28.64 67.11 77.76
Sobel+TM N N 79.32 74.26 62.94 48.72 28.90 67.94 79.10
QF+TM N N 79.92 74.43 63.26 48.98 29.50 68.40 77.99
Full N N N 79.95 74.60 63.86 48.66 29.39 68.49 78.59
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Table 4 Ablation experiments of SDM—-SAM?2 on the RefSegRS test set

Method Sobel OF ™ Pr@0.5 Pr@0.6 Pr@0.7  Pr@08 = Pr@0.9  mloU oloU
Base 84.31 79.42 70.89 55.70 21.19 73.90 80.87
Sobel N 87.67 83.10 75.62 63.90 37.64 77.91 84.30
OF N 88.72 83.27 76.44 63.46 36.49 77.78 83.79
™ N 88.55 83.60 76.28 64.23 37.53 78.47 84.34
Sobel+QF N N 87.89 82.83 76.77 64.45 38.36 78.17 84.23
Sobel+TM N N 86.41 81.73 73.64 60.32 33.08 75.98 83.79
QF+TM N N 87.73 83.05 76.28 64.28 37.04 78.17 84.22
Full N N N 87.95 83.05 76.94 64.78 37.04 78.05 84.16
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%5 SDM-SAM27ERRSIS-D it & PR EHE FHIK
E30)a
Table 5 Comparison of the effects of different operators
for SDM—-SAM?2 on the RRSIS-D test set

Pr@e Pr@ Pr@ Pr@ Pr@
Method = s 06 07 08 o9 ™eU elU

Sobel 78.91 73.54 62.60 47.97 29.10 67.72 78.47
Laplacian 78.14 7291 61.82 47.29 28.90 66.83 76.87
7891 7297 62.31 47.66 28.56 67.49 77.43
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Table 6 Comparison of parameter complexity between
RS2-SAM2 and SDM-SAM2

Method RS2-SAM2 SDM-SAM2
Params(M) 934.81 961.05
EP (M) - +26.24
RP 1.00x 1.028x
ATP(M) - +26.24
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