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Fe4 grde Mtk F4 NERE it F4 IREE i Fe4 Zige WitsE
above 69 5 dig 1 0 link-to 166 21 pull 5 1
adjacent-to 2799 289 dock-alone-at 4 1 load 9 0 sail-by 20 4
adjoint-with 3 1 dock-at 102 13 manage 35 4 sail-on 922 123
around 3 0 i;}:;iﬁjzs; 148 20 moor-at 3414 383 separate 31 1
belong-to 913 112 ||drive-at-the-same-lane 144 17 move-away-from 8 0 serve 1737 174
block 2 1 drive-on 4931 538 park-alone-at 14 3 slow-down 241 34
border 72 9 emit 1 0 park-next-to 30544 3389 supplement 334 50
close-to 24992 2657 enter 6 0 parked-at 15432 1735 supply 179 26
command 3 0 equipped-with 66 8 pass-under 3 0 support 79 7
connect 186 15 exit-from 5 1 pile-up-at 660 83 szggiﬁ;ﬁ;ﬁ; ¢ 82 9
contain 106 14 hoist 93 10 placed-on 29 2 taxi-on 226 22
converge 14 1 inside 7558 854 power 139 9 tow 10 3
cooperate-with 430 47 is-parallel-to 3516 402 prepared-for 81 14 transport 48 6
Cross 1224 130 is-symmetric-with 4 1 provide-access-to 10584 1247 ventilate 44 2
cultivate 0 0 lie-under 13 p || provide-shuttle- 1
service-to
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FEPE, 37 52 ma B2 1 22 ) AR ARz Ak e 7.
AP, EHIRRI RS, IZEILE H590
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F 4 MZREE M4 Fe 4 MZREE M4 4 WNZRER MR Fe 4 WZRER MR
above 73 7 dock-alone-at 5 0 manage 29 5 sail-by 22 3
adjacent-to 2575 297 dock-at 80 7 moor-at 3224 344 sail-on 636 78
.. . drive-at-the- . . .
adjoint-with 4 0 different-lane 112 15 move-away-from 5 0 separate 39 4
drive-at-the-
around 4 2 154 18 park-alone-at 10 0 serve 1655 186
same-lane
belong-to 768 66 drive-on 4819 545 park-next-to 29857 3249 slow-down 245 34
block 1 0 enter 8 0 parked-at 15308 1729 supplement 321 37
border 52 7 equipped-with 59 9 pass-under 3 0 supply 207 16
close-to 23942 2713 exit-from 5 0 pile-up-at 590 76 support 61 [
command 2 0 hoist 115 7 placed-on 25 0 support-'the- 11 1
construction-of
connect 169 16 inside 7556 860 power 99 9 taxi-on 155 13
contain 111 7 is-parallel-to 3088 345 prepared-for 64 11 tow 7 0
converge 9 2 is-symmetric-with 2 0 provide-access-to 9989 1136 transport 28 2
cooperate-with 384 39 lie-under 14 4 provide-shuttle-service-to 5 0 ventilate 30 2
Cross 1151 118 link-to 168 14 pull 2 1

3 FE T RAE 55 1 B X R
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TE SUN—/N T 2 RS BN 7 51 e e v . ALY
TEBNCAL S B AR B A D 2 A B I & 18 2 R
REWIGEIRAS G, TR bRt Hbr e AL
5= e . LS T CityNav 54 4,
GHIRE L NP MRE SIS E. JRET R
32 637 N TRVEPE, B IKFIL B XL
HARE 5 R, 78 56 0 [ 1A A BF i 99 e ek i
294.65 km [ S X8, OBIARLTE S 2 T A B
BRI AL T =F & BRI B . A

T B AR T AR HEAT 1 18T 1) i 38 3 R S AR
S EM, FERE T AR RS S5 .
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SR, DA E e ST IS LR
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TR E AT TR, RS 7 o U i B
HArfrE . 54 Hdd <|ref| > <|/ref| > B AR iR
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e IES s Wik I NG NsE Bk RS ik ES 1B Pl SRS
above 195 48 dig 32 7 link-to 78 24 pull 1 0
adjacent-to 7960 2014 dock-alone-at 22 5 load 70 21 sail-by 95 11
adjoint-with 20 4 dock-at 172 34 manage 108 20 sail-on 4750 890
around 10 5 irflf‘e’feiﬁ;‘ﬁe 210 48 moor-at 10740 2751 separate 14 4
belong-to 3957 1108 ||drive-at-the-same-lane 42 18 move-away-from 35 3 serve 2623 681
block 11 0 drive-on 9148 2119 park-alone-at 41 8 slow-down 417 103
border 319 97 emit 12 4 park-next-to 71926 17232 supplement 475 124
close-to 40840 9980 enter 30 4 parked-at 35623 8641 supply 403 115
command 34 9 equipped-with 89 21 pass-under 28 8 support 94 38
connect 618 170 exit-from 6 0 pile-up-at 2070 514 c:)ig,)tr; zl;_lt:;:) ¢ 61 9
contain 441 25 hoist 266 66 placed-on 139 20 taxi-on 1175 320
converge 17 5 inside 12566 3607 power 212 47 tow 48 10
cooperate-with 998 230 is-parallel-to 9428 2578 prepared-for 139 31 transport 195 42
Cross 1534 364 is-symmetric-with 4 4 provide-access-to 12362 3009 ventilate 83 25
cultivate 97 28 lie-under 42 g ||provideshuttle-—, 5
service-to

4 55 W EZAE 55 9 X R
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A B R4 . Hd, DOTABIEENSEH L F
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#11 800 000 H krsf5]. DIOREHE SN {1423 463
ik G FI192 472 B bRsEBl, @204 HARK
A, % K4E H Google Earth, #¥[8] 5 ## %6 H N
0.5~30 m. XXM EHE S5 E 55 2 P W,
A [F] G A A« KSR L BA R ZE 1 REAIE 2 57

BAEZREME., RE LREUREPRME T SmEME
Frlr B 520 hnE, (HE AR G SONRIAT 55 i
BZ X EBANERRERES R, ik, A
BT 7 RTS8 o
3.5.2 EHKRE

TEEALFEIBAT S, AL (104 N D Bl 28 Jak P
BR—%AREFTES, 182 B R RITE AR i
RIS FRHR AL H bR S AL E . i, fEEI5RT
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REG T B ARSI N E . B N
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PROLE PR SRR E, SCHAE NS SR
ARG
3.5.3 BBEFIERTE

EBHRERIEL R, X1 B AR B 4
MEG, ERREGRE R EARERS, 5
ANEHWEGFEA . B, 2T R4 B A ibs
RGBSR AR G E . BE)S, TEIRFF
JRAHAR R A BRI T, ASChRREE G E
T—HE R ENTNGEA. BARTNE, BT
FFIREHE R RO A T an b s =, IR0
NLLaVA-1.515 v+ & H$E 7R 1A, 7Y Ge 6% A= pl
AR, AN AR BAE SR SO R . R
B ARERI AT EEME, RSO K T H 3 A G 55
WERG . RGUEA T H A BRSUA 5 IR 4 Aot
I SCAS (PG SCRABLBE SR VA R o s A AU
B ZMWMZER, ¥ HEshfih g M ERRE, *HERitr
BIEFFEBER, PRUEARE I HERE S — 8.
Ab, RICGEB TR B RG], @i bt
A A IR 5 R 2 1] 280 B B — Bk, H
SR A ] IEH DL EE G R B I, AmiE—25
RTINS EHR = SRR . AME T A
HIEEDIOR-GCHMDOTA-GC. Hr, DIOR-GC
FUNZREELL 3812 MMREELL 540%%, 1122 921
AR DOTA-GCHEEF LT 61754
11 249%%, A48 8662 FEA.
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Abstract:

Objective  The rapid advancement of Remote Sensing (RS) technology has reshaped Earth observation
research, shifting the field from static image analysis to intelligent, goal-oriented cognitive decision-making.
Modern RS systems are expected to perceive complex scenes, reason over heterogeneous information, decompose
high-level objectives into executable subtasks, and make decisions under uncertainty. These requirements
motivate the development of RS agents, which extend perception models to include reasoning, planning, and
interaction functions. However, existing RS datasets remain task-centric and fragmented, as they are usually
designed for single-purpose supervised learning such as object detection or land-cover classification. They
seldom support multimodal reasoning, instruction following, or multi-step decision-making, all of which are
essential for agentic workflows. Current RS vision-language datasets also have limited scale, constrained
modality coverage, and simplified text annotations, with insufficient use of non-optical data such as Synthetic
Aperture Radar (SAR) and infrared imagery. They further lack instruction-driven interactions that reflect real
human-agent collaboration. This study constructs a large-scale multimodal image-text instruction dataset
tailored for RS agents. The objective is to establish a unified data foundation that supports perception,
reasoning, planning, and decision-making. By training models on structured instructions across diverse
modalities and task categories, the dataset supports the development and evaluation of next-generation RS
foundation models with agentic capability.

Methods The dataset is built through a systematic and extensible framework that integrates multi-source RS
imagery with instruction-oriented textual supervision. A unified input-output paradigm is defined to ensure
compatibility across heterogeneous tasks and model architectures. This paradigm formalizes interactions
between visual inputs and language instructions, allowing models to process image pixels, text descriptions,

spatial coordinates, region references, and action-oriented outputs. A standardized instruction schema encodes
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task objectives, constraints, and expected responses in a consistent format. The construction process includes
three stages. (1) Data collection and integration: multimodal RS imagery is aggregated from authoritative
sources, covering optical, SAR, and infrared modalities with different spatial resolutions, scene types, and
geographic distributions. (2) Instruction generation: a hybrid strategy combines rule-based templates with
refinement by Large Language Models (LLMs). Template-based generation ensures task completeness and
structural consistency, whereas LLM rewriting improves linguistic diversity and instruction complexity. (3)
Task categorization and organization: the dataset is organized into nine core task categories and 21 sub-
datasets that span low-level perception, mid-level reasoning, and high-level decision-making. A validation
pipeline performs automated syntax and format checks, cross-modal consistency verification, and manual review
of representative samples to ensure semantic alignment between images and instructions.

Results and Discussions  The dataset contains more than 2 million multimodal instruction samples, making it
one of the largest and most comprehensive instruction resources in the RS domain. The inclusion of optical,
SAR, and infrared imagery supports cross-modal learning and reasoning across heterogeneous sensing
mechanisms. Compared with existing RS datasets, this dataset emphasizes instruction diversity, task
compositionality, and agent-oriented interaction rather than isolated perception tasks. Baseline experiments
conducted using state-of-the-art multimodal LLMs and RS foundation models show that the dataset supports
evaluation across the full spectrum of agentic capabilities, from visual grounding and reasoning to high-level
decision-making. The experiments also highlight challenges inherent to RS data, including extreme scale
variation, dense object distributions, and long-range spatial dependencies. These challenges indicate important
research directions for improving multimodal reasoning and planning in complex RS environments.

Conclusions  This work presents a large-scale multimodal image-text instruction dataset designed for RS
agents. By organizing data across nine task categories and 21 sub-datasets, it provides a unified and extensible
benchmark for agent-centric RS research. The contributions include: (1) a unified multimodal instruction
paradigm for RS agents; (2) a 2-million-sample dataset covering optical, SAR, and infrared modalities;
(3) empirical validation demonstrating support for end-to-end agentic workflows from perception to decision-
making; and (4) a comprehensive evaluation benchmark based on baseline experiments. Future work will extend
the dataset to temporal and video-based RS scenarios, integrate dynamic decision-making processes, and further
improve reasoning and planning capability in real-world, time-varying environments.

Key words: Remote sensing foundation models; Multimodal instruction datasets; Perception-cognition-decision



