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Structured image description network for remote sensing images
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Abstract: To address the limitation of standard attention mechanisms that can only generate coarse-grained attention regions, failing to
capture the geographical relationships between remote sensing objects and underutilize the semantic content of remote sensing images, a
structured image description network named GRSRC ( geo-object relational segmentation for remote sensing image captioning) is
proposed. Firstly, considering the highly structured nature of remote sensing image features, a feature extraction method based on
structured semantic segmentation of remote sensing images is introduced, enhancing the encoder’ s feature extraction capability for more
accurate representation. Simultaneously, an attention mechanism is incorporated to weight the segmented regions, enabling the model to
focus more on crucial semantic information. Secondly, taking advantage of the well-defined spatial relationships among objects in remote
sensing images, geographical spatial relations are integrated into the attention mechanism, ensuring more accurate and spatially
consistent descriptions. Finally, experimental evaluations are conducted on three publicly available remote sensing datasets, RSICD,
UCM, and Sydney. On the UCM dataset, BLEU-1 achieved 84.06, METEOR reached 44.35, and ROUGE _L attained 77.01,
demonstrating improvements of 2.32%, 1.15%, and 1. 88%, respectively, compared to classical models. The experimental results
indicate that the model can better leverage the semantic content of remote sensing images, demonstrating its superior performance in
remote sensing image captioning tasks.
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Table 3 Accuracy based on RSICD dataset ( %)

TR BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE_L
mRNN 45.58  28.25 18.09  12.13 15. 69 31.26
mLSTM 50.57 3242 2319 17.46  17.84 35.02
mGRU 42.56  29.99  22.91 17.98 19.41 37.97

Soft-Attention ~ 67.53  53.08  43.33  36.17  32.55 61.09
Hard-Attention ~ 66.69  51.82  41.64  34.07  32.01 60. 84
DFEN 76.60  63.60 53.80  46.30  37.30 68. 50

SA 70.16  56.14  46.48  39.34  32.91 57.06
GRSRC 79.499  63.67 4419 37.13  35.43 68. 61

4 JB/R T7E UCM B8 iy S B 45 28, ml LA
F i GRSRC R I T8 R4 19 168, £ BLEU-1,
METEOR ,ROUGE _L 545 L MHE TR A ML F W
DFEN #% % %55 2.32%, 1. 15% 1 1. 88%, ifij #£ BLEU-2,
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Table 4 Accuracy based on UCM dataset (%)

F5iy BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE_L

mRNN 60.10  50.70  32.80 20.80  19.30
mLSTM 63.50 53.20 37.50  21.30  20.30

mGRU 4256 29.99  22.91 1798  19.41  37.97

Soft-Attention ~ 74.54  65.45  58.55 5250  38.86  72.37

Hard-Attention ~ 81.57  73.12  67.02  61.82  42.63  76.98

DFEN 85.10  78.40 72.80 67.70  45.90  80.50

SA 85.38  80.35 7572 71.49  46.32  81.4l

GRSRC 87.42  77.63 70.23  63.30 47.05  82.38
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%5 JB/R T 1F Sydney $u¥a4E b0 S5 8 45 5, nl
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BLEU-2 METEOR ,ROUGE_L #§ 5 I A4 F R I R 11
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Table 5 Accuracy based on Sydney dataset ( %)

) BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE_L

mRNN 51.30  37.50  20.40  19.30  18.50

mLSTM 54.60  39.50 22,30  21.20  20.50
mGRU 69.64  60.92  52.39  44.21 3112 59.17
Soft-Attention ~ 73.22  66.74  62.23  58.20  39.42 71.27
Hard-Attention ~ 75.91  66.10  58.89  52.58  38.98 71.89
DFEN 79.80  69.70  61.40  54.20  37.30 72.30
SA 71.95 70.19  63.92  58.61  39.54 72.99
GRSRC 84.06 71.94 61.87 54.32  44.35 71.01

It R FAE AT LA R, AT LR
1) GRSRC BEI7E RSICD ,UCM FlI Sydney 3 />3 K]

GT: There are plenty of free parking
spaces in the parking lot.

GT: Several cars and green trees are
near a church surrounded by several
buildings.

Baseline: Many cars are parked in a
Baseline: Many cars are near a church. parking lot.
Ours: Many cars and trees are near a
church with some buildings in the
northeast.

Ours: There are many cars parked in
the parking lot.

GT: Aplayground with a football field
in it is near several green trees.

Baseline: Many green trees are
around a football field.

Ours: A football field is near some
green trees in the northwest.
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GT: Abridge is on a river with some
green trees in two sides of it.

Baseline: A bridge with some green
trees in two sides of it .

Ours: A bridge is on a river with some
green trees in two sides of it .
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Fig.9 Captioning results of the GRSRC method on the RSICD dataset

3 & it

-l

B A e SRR P AR R A SR B 1) v
X3, TR AR BGE O G 2 8] A LB G &R AN RE 784 Al
FHIZ B EMGE LNZE R A, 51 GORSA B 321
D 245 X6 S5 KA PR A ) B BURE T, 2 T T AR A X b B 25 (]
X4 R PR . @ 5d 7E RSICD . UCM ., Sydney 3 %4
£ 1A 45 X H Ak 5 % W, GRSRC % 7Y 78 BLEU
ROUGE-L 1 METEOR - #6545 LA — & #& 7, Bl a4
UCM %#li4E |, BLEU-1 iK% T 84. 06 ,METEOR 5 %] |

44.35 ROUGE_L iK% T 77.01, 1P GRSRC AR

BOMERG HRERS ™ 18 R X R DL RS 8] e R, —E

FERE b fif e 1 38 SO 4 25 0] 5 2R RS 5800 2 SR PRI 1R

VB SCPAV A AN R B TR, ok — 20 0 i 1 3 R P 5 A

TR Sl T A B Sl A S T T S

&% ik

[ 1] ORIOL V, ALEXANDER T, SAMY B, et al. Show and
tell; A neural image caption generator [ C]. 2015 IEEE
Conference on Computer Vision and Pattern Recognition,
2014 3156-3164.

[ 2] CHEN X, ZITNICK C L. Learning a recurrent visual



- 156 -

LSRR R e o

38 &

[3]

[4]

(5]

(6]

(7]

[8]

(9]

[10]

[11]

[12]

representation for image caption generation [ J]. arxiv
preprint arxiv;1411. 5654, 2014.
LI 'Y, CHEN R, ZHANG Y, et al. Multi-label remote sensing

image scene classification by combining a convolutional neural

network and a graph neural network[J]. Remote Sensing,
2020, 12(23) . 4003.

Wiae it e 22 5. T I BOR R FIOR AT 1
JTRMS I I Ry (1] R SRR
#2, 2023, 37(1) :116-122.

CHEN Y, YANG Y, YANG CH L, et al. Remote
sensing image scene classification via stage-based focal
loss and parallel data augmentation strategy [ J]. Journal
of Electronic Measurement and Instrumentation, 2023,
37(1) :116-122.

YE J, HE J J, PENG X J, et al. Attention-driven
network for multi-label

ECCV
UK,

dynamic graph convolutional
image recognition [ C]. Computer Vision -
2020: 16th European Conference,
Glasgow, 2020 649-665.

YE Y, REN X, ZHU B, et al. An adaptive attention

Springer,

fusion mechanism convolutional network for object
detection in remote sensing images[J]. Remote Sensing,
2022, 14(3) . 516.

QIAN X, LIN S, CHENG G, et al. Object detection in
remote sensing images based on improved bounding box
regression and multi-level features fusion [ J]. Remote
Sensing, 2020, 12(1) . 143.

MOU L C, ZHU X X. RiFCN: Recurrent network in
fully convolutional network for semantic segmentation of
high resolution remote sensing images [ EB/OL]. [2018-
05-05]. http://arxiv. org/abs/ 1805. 02091.

PAN X, GAO L, MARINONI A,

labeling of high resolution aerial imagery and LiDAR data

et al. Semantic
with fine segmentation network [ J]. Remote Sensing,
2018, 10(5) ; 743.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft
coco: Common objects in context[ C]. Computer Vision-
ECCV 2014. Zurich,
Switzerland, September 6-12, 2014, Proceedings, Part
V 13. Springer International Publishing, 2014 . 740-755.
XU K, JIMMY B, RYAN K, et al. Show, attend and tell ;

13th  European Conference,

Neural Image caption generation with visual attention [ C].
International Conference on Machine Learning, 2015,
2048-2057.

ANDREJ K, LI F F. Deep visual-semantic alignments for

generating image descriptions [ J]. IEEE Transactions on

(13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

[23]

Pattern Analysis and Machine Intelligence, 2014, 39.
664-676.

QU B, LI X L, TAO D CH, et al. Deep semantic
understanding of high resolution remote sensing image [ C].
2016 International Conference on Computer, Information
and Telecommunication Systems ( CITS), IEEE, 2016.
1-5.

LU X Q, WANG B Q, ZHENG X T, et al. Exploring
models and data for remote sensing image caption
generation [ J]. IEEE Transactions on Geoscience and
Remote Sensing, 2017, 56. 2183-2195.

ZHANG X, LI Y, WANG X,

et al. Multi-source

interactive stair attention for remote

captioning[ J ]. Remote Sensing, 2023, 15(3): 579.
HITESH K, SUDIPAN S, BIPLAB B, et al. Exploring

sensing image

transformer and multilabel classification for remote
sensing image captioning [ J]. IEEE Geoscience and
Remote Sensing Letters, 2022, 19. 1-5.

REN Z, GOU S, GUO Z,

transformer network with topic token for remote sensing

2022,

A mask-guided

et al.

captioning [ J ]. Remote Sensing,
14(12) : 2939.

LIU CH Y, ZHAO R, SHI ZH X. Remote-sensing image

image

captioning based on multilayer aggregated transformer [J].
IEEE Geoscience and Remote Sensing Letters, 2022,
19 1-5.

RITH , TR, TR S gy > i 18 B R
FRTTE: [J]. e, 2021, 41(22) :206-214.
NONG Y J, WANG J J. Remote sensing image caption
method based on attention and reinforcement learning [ J].
Acta Optica Sinica, 2021, 41(22) :206-214.

ZHAO R, SHI ZH W, ZOU ZH X. High-resolution
remote sensing image captioning based on structured
attention [ J ]. IEEE Transactions on Geoscience and
Remote Sensing, 2021, 60 1-14.

CHEN J, HAN Y R, WAN L, et al. Geospatial relation
captioning for high-spatial-resolution images by using an
attention-based neural network [ J]. International Journal
of Remote Sensing, 2019, 40, 6482-6498.

HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition [ C ]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
2016 770-778.

CHEN L C, PAPANDREOU G, SCHROFF F, et al.
Rethinking semantic

atrous convolution for

[T 1.

image

segmentation arXiv preprint arXiv:



55 3

T i) 188 R P A5 ) S5 A e P PR Ao 1 2% - 157 -

1706. 05587, 2017.

[24] ZHAO W H, YANG W ZH, CHEN D, et al. DFEN;
Dual feature enhancement network for remote sensing
image caption [ J]. Electronics, 2023, 12(7): 1547.

[25] XIAGS, HUJ W, HU F, et al. AID: A benchmark
data set for performance evaluation of aerial scene
classification [ J]. IEEE Transactions on Geoscience and
Remote Sensing, 2017, 55(7) : 3965-3981.

[26] YANG Y, NEWSAM S. Bag-of-visual-words and spatial
extensions for land-use classification[ C]. Proceedings of
the 18th SIGSPATIAL International Conference on
Advances in Geographic Information Systems, 2010. 270-
279.

[27] ZHANG F, DU B, ZHANG L P.

unsupervised feature learning for scene classification [ J].

Saliency-guided

IEEE Transactions on Geoscience and Remote Sensing,

2014, 53(4) ; 2175-2184.
fEE BT

ZE[E #2006 4F T LT ARG
2037, 2009 AF T AL Toll K 3R AR -2
A7,2013 4F T 46 Tolk K 2= 3RAF -1 26
IR R R R B LA e, 32
2 W7 I ALEALIE | T — RS HAR
E-mail ; ligy@ tcu. edu. cn

Li Guoyan received her B. Sc. degree from Hebei Normal
University in 2006, her M. Sc. degree from Hebei University of
Technology in 2009 and her Ph. D. degree from Hebei University
of Technology in 2013. She is currently an associate professor
M. Sc. supervisor at Tianjin Chengjian University. Her main
research interests include machine vision and next-generation

network technologies.

HBAIX, 2021 4F F KA KA A
St BN KSR R LS 5 B
TAREBE WA, R 5 1] 18
KGR A
I E-mail ; 1210062788@ qq. com

Tian Mingda received his B. Sc. degree
from Tianjin Urban Construction University in 2021. He is
currently a M. Sc. candidate in the School of Computer and
Information Engineering at Tianjin Urban Construction University.
His main research interest includes remote sensing image
description.

EFE,2009 T KA K2R
27, B R O R DO,
FLIT1E R GIS G AE B HT
E-mail: dch@ tcu. edu. cn

Dong Chunhua received her M. Sc.
degree from Tianjin Urban Construction
University in 2009. She is currently a lecturer at Tianjin Urban
Construction University. Her main research interests include GIS
and remote sensing information analysis.

B (G 5 1E ) , 2002 4FF R HHA
AL AR 2 B 3R 57 27 47, 2010 4FF K
R AR 27, B R HE I R o
Jile, SEBERIFFE T 1] A R A7 B A B
E-mail: hzpqina@ 163. com

Hao Zhipeng ( Corresponding author )
received his B. Sc. degree from Tianjin Vocational and Technical
Normal University in 2002 and his M. Sc. degree from Tianjin
University in 2010. He is currently a lecturer at Tianjin Urban

Construction University. His main research interests include

brainwave information analysis and processing.



