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Fig.1 Schematic illustration of the comparison between existing RSICC methods and the proposed method. (a) Existing methods. (b) Our proposed method
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FCN(Feature Compensation Network)
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DAGM(Difference Awareness Guidance Module)
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Tab.1 Performance comparison of different methods on the LEVIR-CC dataset. Bold values indicate the best results

Method BLEU-4 METEOR ROUGE-L CIDEr-D
DUDA 57.79 37.15 71.04 124.32
MCCFormer-S 56.36 39.60 69.46 120.39
MCCFormer-D 56.38 3991 70.44 124.44
Diffusion-RSCC 60.90 37.80 71.50 125.60
RSICCformer 62.77 39.61 74.12 134.12
PromptCC 63.54 38.82 73.72 136.44
SEN 64.09 39.59 74.57 136.02
Change3D 64.38 40.03 75.12 138.29
Ours 65.72 40.20 76.91 140.13

B 1 AT, ASCJTEEAE LEVIR-CC #RAE M WIHTM e s B3I RS R . AR T RE R 1)
Change3D, A3 J7i%:fE BLEU-4. METEOR. ROUGE-L 1 CIDEr-D b 52T+ T 1.34. 0.17. 1.79 f11.84
ANEG R XKW, PrIRINEAM AR T NVE IR SR SR OB L, IR AR RN B TE e, Rk
B EHARMIR A . JLHSETE ROUGE-L 55 CIDEr-D Filidits LRIFET S NS, B A ST R R )
SV N SR TE TR 5y, A RUE RS S E R RIS L — ST & .
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Tab.2 Performance comparison of different methods on the Dubai-CC dataset. Bold values indicate the best results

Method BLEU-4 METEOR ROUGE-L CIDEr-D
DUDA 25.39 22.05 48.34 62.78
MCCFormer-S 22.57 18.64 43.29 53.81
MCCFormer-D 29.48 25.09 51.27 66.51
RSICCformer 31.28 2541 51.96 66.54
PromptCC 40.32 26.48 55.82 85.44
SEN 31.01 23.67 48.19 65.15
Change3D 36.80 27.06 56.04 86.19
Ours 42.34 28.63 57.69 88.83

7E Dubai-CC F#H4E IS804 RIFRRIGUE T A SCHIEINE 2tk . 03k 2 FiR, R FIEFTA fabx
AR TN . 5 S RTERAL ) PromptCC F1 Change3D i, 43075 #:#E BLEU-4. METEOR . ROUGE-L
A1 CIDEr-D ¥R FFFE % . T Dubai-CC & /N R E 2 2%, R A4 Ridt—S Ui,
AT IR B 3 A A AR B B e e iz AL Re /1. HFERRAT: BIEAMEM & Reis 1
RFIE J2 T 2 A BR 5 AN S B S5 T BRI 3 R M B AR AR, 1T 5 S A 51 S 3 sm Lk A B it — 20
FEE SR, AT EE T HEA L £

2.5 EMSHT

N T EEMMAE AT SRR RE )1, A3 H4E LEVIR-CC A1 Dubai-CC #ii e Lk BUs T A

RRIERIREAREATHS L

GT:A small track appears.

GT:Some trees have disappeared and some roads are built.

y3

RSICCFormer:The scene is the same as before.
MCCFormer-S:There is no difference.
MCCFormer-D:The scene is the same as before.

Our: A road has been built on the bare land.

GT:Part of the woodland becomes the road and the houses
on both sides of the road.

RSICCFormer:The road with houses built along appears in
the desert.

MCCFormer-S:A road with many houses on both sides of the

road.
MCCFormer-D:a road with many houses around appears in
the desert.

Our: A road with houses on both sides replaces some frees .

3 AR LEVIR-CC oS EEmEiicAzitt. HhgeascAint T 5EWARRRIXESEE
Fig.3 Comparison of generated captioning results by different methods on the LEVIR-CC dataset. Key phrases related to changes are highlighted in green

RSICCFormer:A road is built and some houses are built
along the road.

MCCFormer-S:A road is built on the left and a building is
built at the bottom.

MCCFormer-D:A road appears in the bare land.

Our: Some trees have disappeared and some roads are built.

GT:The road at the top has been rebuilt and four houses
appear replacing some trees.

RSICCFormer:Houses and road have been built.
MCCFormer-S:A road is built to replace the woods.

MCCFormer-D:Trees are removed and houses appear.

Our: Four houses appear replacing some trees and the

road at the top has been rebuilt.
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GT:A green area appeared next to the intersection.
RSICCFormer:There is no difference.
MCCFormer-S:A road appeared in the desert.
MCCFormer-D:A road has been constructed.

Our:A small green area appears along the road.

GT:Many buildings and roads were built in the desert.
RSICCFormer:Some roads area appeared in the desert.
MCCFormer-S:A street appeared in the desert.
MCCFormer-D:A road has been realized.

Our:Many houses and roads were built in the desert.

GT:Two roads and a roundabout appear in the desert. GT:A vertical street was built.
RSICCFormer:Some roads have appeared in this area. RSICCFormer:There is no difference.
MCCFormer-S:The area appears the same. MCCFormer-S:A road appeared in the desert .
MCCFormer-D:Some houses are built in the desert. MCCFormer-D:There is no difference.
Our:Two intersecting roads appeared in the desert. Our:A vertical raod appears in the desert.

4 T[E5SELE Dubai-CC HuEEE P4 REHEASCAIIL. BPREARE T SEMAERNXEEHE
Fig.4 Comparison of generated captioning results by different methods on the Dubai-CC dataset. Key phrases related to changes are highlighted in green
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Fig5. Visualization results of FCN compensation
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Tab.3 Ablation study results on the LEVIR-CC dataset

FCN DAGM BLEU-4 METEOR ROUGE-L CIDEr-D
x x 64.06 38.15 74.24 135.02
Y 65.04 39.57 7591 139.67

\ 65.31 39.44 75.84 139.71
Y \ 65.72 40.20 76.91 140.13
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Table 4. Ablation study results on the Dubai-CC dataset

FCN DAGM BLEU-4 METEOR ROUGE-L CIDEr-D
x x 38.93 26.14 55.62 86.90
V x 40.68 26.86 57.20 87.86
x V 41.51 27.66 57.11 87.65
Y \ 42.34 28.63 57.69 88.83
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Table 5. Comparison of ablation study results for the three change extraction approaches of the DAB module on the LEVIR-CC dataset.

Bold indicates the best results

JRAGARAE, BHETGIS BHETS BLEU-4 METEOR ROUGE-L CIDEr-D
J 65.23 39.70 76.03 139.69
N, N, 65.61 39.95 76.79 140.05
J v 65.55 39.88 76.88 139.97
J N v 65.72 40.20 76.91 140.13
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Tab.5 Complexity comparison of different change captioning methods. The input image size is unified to 256x256, and the

inference time is measured in milliseconds per sample (ms/sample)

Methods Params(M) FLOPs(G) Inference(ms/sample)
DUDA 52.78 20.28 14.0
MCCFormer-S 135.01 25.09 15.0
MCCFormer-D 135.01 25.09 15.0
RSICCformer 145.26 27.10 10.0
PromptCC 196.28 19.88 13.0
SEN 39.90 10.09 8.0
Change3D 5.05 2.39 7.0
Ours 71.84 16.72 11.0
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Multi-scale Feature Compensation and Change Enhancement for Remote
Sensing Image Change Captioning

LI Hao, XIE Minghong

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming Yunnan 650500, China)

Abstract: Remote Sensing Image Change Captioning (RSICC) aims to generate natural language descriptions that
reflect land-surface alterations using multi-temporal images, holding substantial value in domains such as
land-resource monitoring and disaster assessment. However, in practical deployment, bi-temporal images are
frequently vulnerable to complex non-semantic interference, such as seasonal successions and sudden illumination
fluctuations, which easily induces "semantic hallucinations" in deep networks. Moreover, the ubiquitous simple
differencing mechanisms adopted by existing methods struggle to effectively suppress these confounding factors
and lack sufficient sensitivity to highly localized change signals, thereby yielding imprecise descriptive captions
with poor contextual alignment. To tackle these multi-faceted challenges, this paper proposes a robust remote
sensing image change captioning framework grounded on multi-scale feature compensation and change
enhancement. To effectively alleviate the severe interference stemming from pseudo-change factors like lighting
variations and environmental dynamics, a novel Feature Compensation Network (FCN) is designed. Leveraging a
bidirectional guided compensation mechanism via cross-temporal attention, the FCN adaptively modulates
bi-temporal features to enforce strict semantic and stylistic consistency across non-change background regions,
thereby achieving the explicit suppression of illumination and shadow pseudo-changes. Concurrently, to overcome
the perceptual deficiency regarding subtle change signals, a Discriminative Change-Aware Guided Module
(DAGM) and a multi-scale fusion strategy are introduced. By synchronously reinforcing highly discriminative
representations across both spatial and channel dimensions, this module substantially elevates the framework's
operational sensitivity to the minor and intricate evolution of complex ground objects. Comprehensive quantitative
comparison experiments conducted on the challenging LEVIR-CC and Dubai-CC benchmark datasets demonstrate
that the proposed method consistently and significantly outperforms mainstream state-of-the-art algorithms across
multiple core evaluation metrics, such as BLEU-4 and CIDEr, validating its distinct superiority in generating
accurate and grammatically coherent text descriptions. Furthermore, qualitative analysis and comprehensive
visualization results provide intuitive, empirical evidence supporting the robust cross-temporal interpretability of
the model. Meanwhile, rigorous ablation studies systematically verify the theoretical necessity and practical
effectiveness of each key proposed component. Ultimately, both experimental and theoretical investigations
indicate that the proposed Feature Compensation Network (FCN) successfully achieves bidirectional interactive
alignment and explicit interference suppression within non-change regions. Meanwhile, the seamlessly integrated
Change-Aware Guided Module (DAGM) and multi-scale feature fusion strategy can effectively mine, preserve,
and reinforce fine-grained details within genuine change regions, offering a highly promising and generalizable
solution for high-precision earth observation and semantic change interpretation tasks.

Highlights:

1.A novel Feature Compensation Network (FCN) is proposed to adaptively modulate multi-scale bi-temporal
features, enforcing background consistency and achieving explicit suppression of illumination and shadow
pseudo-changes.

2.A Difference Awareness Guidance Module (DAGM) and a multi-scale fusion strategy are introduced to
synchronously mine spatial and channel discriminative information, significantly enhancing sensitivity to genuine
change regions and addressing the issues of feature insensitivity and missing textual details.

3.Extensive experiments conducted on the LEVIR-CC and Dubai-CC datasets demonstrate that the proposed
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framework achieves superior performance across all core evaluation metrics, including BLEU, ROUGE-L,

METEOR, and CIDEr.
Key words: remote sensing image change captioning; feature compensation; multi-scale difference enhancement;

pseudo-change suppression; deep learning



