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Abstract: Objective Remote sensing image captioning (RSIC) emerges as a pivotal cross-modal task that bridges com-
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including key ground objects, spatial scenes, inter-object relationships, and environmental contexts into human-readable
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textual descriptions. This technology plays an irreplaceable role in a wide range of practical applications: in disaster emer-
gency response, it enables rapid interpretation of affected areas (e. g. , identifying collapsed buildings or flooded regions
from post-disaster remote sensing images) to support real-time decision-making; in agricultural monitoring, it facilitates
automated analysis of crop distribution, growth status, and land use changes; in environmental change analysis, it helps
track deforestation, glacial melting, and coastal erosion over long periods. Unlike single-modal tasks such as image classi-
fication or object detection, RSIC delivers more comprehensive and coherent semantic expression, aligning with human
natural understanding patterns and significantly lowering the threshold for non-professional users to utilize remote sensing
data. However, existing RSIC methods face two critical challenges that hinder their performance and applicability. First,
feature extraction is often incomplete: many approaches either fail to fully capture multi-scale texture features of remote
sensing images (resulting in loss of fine-grained details like surface textures of ground objects) or over-rely on a single type
of semantic feature (limiting the ability to represent complex scene information). Second, cross-modal information align-
ment is insufficient: most models focus more on processing image features but lack effective mechanisms to bridge the
semantic gap between visual features and textual information, leading to inconsistencies between generated captions and
image content. Method To address the aforementioned challenges, this paper proposes a novel RSIC method integrated
with multiple functional modules. In the feature extraction stage, two core modules are designed: the Multi-Scale Feature
Fusion Module (MSFFM) and the Hybrid Semantic Integration Module (HSIM). MSFFM adopts ResNet50 as the back-
bone, extracting shallow details features, middle main features, and deep global features from its last three convolutional
layers. Shallow details features undergoes depthwise separable convolution for fine details and reduced computation plus
spatial attention focusing on key textures to optimize main features. Deep global features is enhanced via dilated convolu-
tion expanded receptive field for global structure and channel attention to strengthen critical global feature transmission.
After weighted fusion, frequency domain enhancement uses FFT and learnable parameters to adaptively select useful
bands, boosting texture and structural representation. The HSIM module enriches image semantic expression by integrating
multi-source features. Specifically, Faster R-CNN is used to extract object-level local features, while the CLIP pre-trained
model advantaged by large-scale image-text pair pre-training is employed to extract global semantic features, which helps
alleviate the problem of scarce remote sensing data. Before fusion, the global features extracted by CLIP are passed through
a fully connected layer to align their dimension with local features and texture features (output from MSFFM). The three
types of features (texture features, local object features, and global semantic features) are concatenated, and self-attention
is utilized to optimize the final visual feature representation—this self-attention mechanism abandons learnable parameters,
instead calculating similarity in spatial and channel dimensions through matrix transposition and multiplication, and gener-
ating attention weights via softmax to highlight key semantic information. In the text generation stage, a Cross-Modal Align-
ment Module (CMAM) is constructed to achieve deep alignment between visual and textual features. First, the hidden
state of the LSTM (containing rich temporal context information) and word embedding vectors are concatenated to form a
comprehensive textual semantic representation, which serves as a guiding signal to enhance the pertinence of image feature
selection. This textual representation is then used to compute feature similarity with visual features through dot product
operation, and the results are fed into a fully connected layer to generate channel-wise attention weights for image features.
Using the textual semantic representation as queries, and channel-enhanced visual features as keys and values, multi-head
attention is applied to achieve precise focus on visual features, ensuring deep alignment between visual content and textual
semantics. To further minimize the semantic gap between image and text features, a cross-modal feature alignment loss is
designed based on temperature-scaled cross-entropy. This loss function calculates the cosine similarity matrix of all image-
text pairs in a batch using image features extracted by the encoder and global text features extracted by an additional Trans-
former encoder. Cross-entropy loss is computed along both image and text dimensions to optimize bidirectional alignment,
and a temperature parameter T is introduced to adjust the probability distribution, controlling the "smoothness" of predic-
tions and improving the stability of model training. Result Experiments are conducted on UCM-Captions, RSICD, and
SAR-Captions datasets, comparing with mainstream models. Evaluation metrics include BLEU1-BLEU4, METEOR,
ROUGE, and CIDEr. The proposed method outperforms all comparative models across datasets. On UCM-Captions,
BLEU4 reaches 0. 7130 and CIDEr 3. 3543, with a 17. 9% BLEU1-BLEU4 attenuation rate (lower than mlat’s 18. 7%)
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indicating superior long-sentence coherence. On RSICD, BLEU4 is 0. 3277 and CIDEr 0. 9223, outperforming HC and
aoa. On SAR-Captions, BLEU4 hits 0. 8570 and CIDEr 4. 2606, verifying adaptability to SAR images and dataset effec-

tiveness. Ablation experiments show that the cross-modal alignment module boosts BLEU4 and CIDEr significantly;

MSFFM+HSIM improves all metrics; the full model (integrating all modules) achieves optimal performance, confirming

multi-module synergy. Conclusion This paper proposes a novel RSIC method integrated with multi-scale feature fusion,

hybrid semantic integration, and cross-modal alignment modules, along with a dedicated SAR image captioning dataset.

The MSFFM and HSIM modules effectively address the problem of incomplete feature extraction by integrating multi-scale

texture features, local object features, and global semantic features. The CMAM module optimize the alignment of cross-

modal information, reducing the semantic gap between images and texts.

Key words: Remote sensing image captioning; multi-scale; hybrid semantics; attention mechanism; feature extraction;

cross-modal alignment
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Fig. 1  Overall network architecture
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Fig. 2 Multi-scale feature fusion module
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Fig. 3 Frequency domain enhancement module

ZiE SURFIE Al A A Eedin A RZ 1 JEHE A ResNet
Fentd T W4, R 2 RO il G Ao BUR E1 745
JEERIE R, 15 B SCHERIE Q1 e REM, N 5 Se iR i
FRAEZ PR a0 AR AL . 7F L Rb S BRRAE 2 |, Faster
RCNN H B A5 0 1 28 425 41 47 A4 24 1) Ao 8 4 DX Il
fiE | T A5 SRy B AR N 2%, 15 31 ) R AE Q2 e R 72,
CLIP El& gt as N2 Rl e A SRS LI S
s w02 R e, B IR RO IR IS SCRRAE
Q3 e R”, 5 R EBARAFIE i BoAb , 448 3 5 i &2 R i
S, A7 5 2 EUR B A e A7 2 2%

FATE JS B CLIP $E A 4 R RAE 284 42 i 42
2 AR GE BE 5 Ry TR SRR X 55, P
AT R A R REE RS2 ) 15 8] Q37 e R X7,
NG SCERAE SRR e A4 Jey R AE 9042, 5 42
1o 2 [B) -3 18 R TS oAb A T -
T3 5E T T 2R ) SH R B R AR AR
5T DHE R W RRIE A T B AR Y | 5 R E i
HHTRe , M 20 S0 8 55 () R0 308 3 198 4 2 38 b 4 A (L

THEE AR 45 AL A ARURE X5 AN ) 46 B2 £ 4T softmax 40 B
A T IR

Q = Concat(Q1,02,03") (11)
Q:=1n(Q"®Q)®Q (12)
Q;=r(Q ®Q)® Q (13)

0,=0+0.+0Q, (14)

Hov, Q1 Q3 Bl 2 Zead A T 7 0 45 31 #1418 16 11
23 [ LA BTR  3 SCRFAE SR P

REEXRHERS

K4 SRS LRGSR

Fig. 4 Hybrid semantic integration module
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Fig. 5 Cross-modal attention module
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Fig. 6 Cross-modal alignment loss
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Table 1 Quantitative results of comparative experiments on the UCM-Caption dataset

T BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
Soft—Attention 0.8103 0.7428 0.6856 0.6341 0.4123 0.7524 3.0057
Hard—-Attention 0.8008 0.7453 0.6931 0.6410 0.4066 0.7459 2.8809
FC-Au 0.8174 0.7537 0.7027 0.6571 0.4123 0.7626 29118
SM-Att 0.8152 0.7552 0.7000 0.6472 0.4181 0.7522 2.9431
AoANet 0.8237 0.7564 0.7028 0.6571 0.4428 0.7841 2.9483
MLA 0.8320 0.7702 0.7146 0.6625 0.4338 0.7889 3.0450
MLAT 0.8578 0.8015 0.7494 0.6974 0.4377 0.7942 3.1580
HC-Net 0.8449 0.7849 0.7362 0.6946 0.4379 0.7916 3.1264
ours 0.8691 0.8133 0.7611 0.7130 0.4604 0.8196 3.3543
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Table 2 Quantitative results of comparative experiments on the RSICD dataset

FHEE BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
Soft—Attention 0.6210 0.4576 0.3589 0.2927 0.2521 0.4704 0.7999
Hard—-Attention 0.6061 0.4499 0.3536 0.2877 0.2409 0.4677 0.7495
FC-Att 0.5898 0.4404 0.3462 0.2829 0.2357 0.4636 0.7460
SM-Att 0.6015 0.4445 0.3486 0.2826 0.2394 0.4643 0.7547
AoANet 0.6467 0.4820 0.3797 0.3082 0.2610 0.4845 0.8528
MLA 0.6253 0.4676 0.3715 0.3068 0.2537 0.4809 0.8134
MLAT 0.6386 0.4649 0.3611 0.2933 0.2573 0.4752 0.8277
HC-Net 0.6326 0.4792 0.3815 0.3140 0.2586 0.4862 0.8605
Ours 0.6645 0.5028 0.3988 0.3277 0.2724 0.5081 0.9223

TE BRSS9 e LA 2R

%3 7ESAR-Captions £ IE&E FHIX L XREEL R

Table 3 Quantitative results of comparative experiments on the SAR-Captions dataset

e BLEU1 BLEU2 BLEU3 BLEU4 METEOR ROUGE CIDEr
Soft—Attention 0.8734 0.7993 0.7420 0.6965 0.4768 0.8157 3.3563
Hard—-Attention 0.8741 0.8032 0.7475 0.7036 0.4807 0.8197 3.3699
FC-Au 0.8672 0.7989 0.7445 0.7015 0.4879 0.8200 3.1273
SM-Att 0.8873 0.8188 0.7637 0.7206 0.4872 0.8285 3.4733
AoANet 0.8847 0.8241 0.7749 0.7346 0.5072 0.8474 3.4778
MLA 0.9007 0.8472 0.8018 0.7653 0.5230 0.8617 3.5877
MLAT 0.9337 0.8960 0.8626 0.8361 0.5636 0.9007 4.1293
HC—Net 0.9263 0.8888 0.8548 0.8276 0.5626 0.8953 4.1250
MG-Transformer 0.9000 0.8447 0.7997 0.7641 0.5081 0.8595 3.9302
ours 0.9299 0.9014 0.8766 0.8570 0.5936 0.9128 4.2606

TE R TR R S e LA R

%4 TESAR-Captions#IEE FHIERILIEES DT

Table 4 Quantitative analysis of ablation experiments on the SAR-Captions dataset

Fre: BLEU1 BLEU2 BLEU3 BLEU4 ~ METEOR  ROUGE  CIDEr
Base 0.8814 0.8227 0.7778 0.7426 0.5079 0.8366 3.3030
CMAM 0.8878 0.8355 0.7931 0.7612 0.5188 0.8598 37133
MSFFM+HSIM 0.8991 0.8596 0.8301 0.8072 0.5570 0.8831 4.0180
CMAM+HSIM 0.9152 0.8726 0.8364 0.8078 0.5579 0.8832 4.0569
CMAM+MSFFM 0.9210 0.8779 0.8446 0.8185 0.5653 0.8946 4.1374
CMAM+MSFFM(TEAT 1 55 ) 0.9083 0.8600 0.8193 0.7848 0.5391 0.8759 3.6897
ours 0.9299 0.9014 0.8766 0.8570 0.5936 0.9128 4.2606

T L PR ER R 5 B R A2 2R
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Table 5 Quantitative analysis of ablation experiments on the RSICD dataset

Fre: BLEU1 BLEU2 BLEU3 BLEU4  METEOR  ROUGE  CIDEr
Base 0.6072 0.4443 0.3485 0.2841 0.2418 0.4634 0.7581
CMAM 0.6314 0.4686 0.3672 0.2986 0.2572 0.4796 0.8260
MSFFM+HSIM 0.6561 0.4919 0.3864 0.3137 0.2667 0.4979 0.8936
CMAM+HSIM 0.6530 0.4859 0.3804 0.3082 0.2647 0.4912 0.8607
CMAM+MSFFM 0.6359 0.4819 0.3843 0.3170 0.2597 0.4914 0.8554
CMAM+MSFFM(TEAT 1 5 ) 0.6417 0.4766 0.3755 0.3080 0.2599 0.4813 0.8644
ours 0.6645 0.5028 0.3988 0.3277 0.2724 0.5081 0.9223
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SAR-Ship-Caption

(a)
Base: there are many ships on the sea
Qurs: there are many ships parked in the
ports along the coastline
GT: There are many ships parked in the
ports along the coastline

(b)

Base: there is only one ship in the target
area

Qurs: the ship is parallel to the coastline
GT1: The ship is parallel to the coastline.
GTZ2: There is one ship in the target area
on the sea.

(d)

Base: There are many buildings
scattered on the land

Qurs: The ships parked in the port are
different in size to the other

GT: The ships parked in the port are
different in size to the other

Base: there are many ships on the sea
Qurs: ships are docked on both sides of
the land

GT: Ships are docked on both sides of
the land.

(o4
Base: There are several ships in the port
Qurs: There are many ships in the port
and one ship on the sea.
GT: There are many ships in the port
and one ship on the sea.

Base: there are many ships on the sea
Qurs: There are several ships on the
river between the land.

GT: There are several ships on the river
between the land.

F17  SAR-Caption Zalafe i il o G B T AL SR (Base F R IEAAEAY , GT 2 R bR A . ARZLF/R NSO T JR Lk

Fig. 7

EA)

Visualization results of some images in the SAR-Caption dataset (Base denotes the baseline model and GT stands for ground

truth sentences; content highlighted in red indicates that the proposed model outperforms the baseline model )
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RSICD

(a)

Base: many buildings and green trees
are around a playground

Qurs: a baseball field is surrounded by
many green trees and several buildings
GT: many green trees and building are
around two baseball fields and three
tennis courts

(b)

Base: many green trees are around a
white building

Ours: many green trees are around a
circle center building

GT: many green trees are around a
white oval building

(c)
Base: Is on a river with some
buildings and green trees in two sides of
it
Ours: several boats are in a port near
some green trees and meadows
GT: some boats are In a port near green
plants

(d)

Base: many buildings are in

Qurs: many bulldings and green trees
are in two sides of a road in a

GT. many buildings and green trees are
in a dense residential area

Base: many buildings are around a

swimming pool and many green trees

Qurs: some buildings with swimming
pools and green trees are in a resort
GT: many green trees and several
swimming pools are in a resort

(f)

Base: some huildings and green trees
are around an

Ours: some buildings and green trees
are in two sides of a river with a bridge
over it

GT. many houses were built on both
sides of the river

K8 RSICD %l 4 i o MR i AL S5 2R (Base F/R FELMR , GT R/RARIETE M o WRZL 3R SRR {IE T LR slipR

T PR R AR s R N A AAT)

Fig. 8 Visualization results of some images in the RSICD dataset (Base denotes the baseline model, GT stands for ground truth sen-

tences; content highlighted in red indicates that the proposed model outperforms the baseline model or the ground truth, and content

highlighted in yellow indicates inconsistency with the ground truth or the image content).
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