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Taxonomy, and Emerging Systems

1. RS Datasets Across Applications
In this section, we cover representative remote sensing (RS)
datasets that ground the application taxonomy in the main
paper. In Table 1, we group benchmarks across scene clas-
sification, semantic segmentation, object detection, change
detection, building and road extraction, disaster and haz-
ard mapping, text–image grounding, and earth observation
(EO) foundation pretraining. The table lists each dataset’s
sensor modality, spatial resolution, and benchmark task.
It groups together aerial RGB scene datasets [5, 29, 32],
sentinel-based LULC collections [8, 10], disaster-focused
resources such as xBD, FloodNet, and Sen1Floods11 [2, 9,
19], and large EO pretraining corpora including SSL4EO-
S12 and EarthView [26, 28]. Collectively, these datasets
offer a practical catalog for connecting specific RS tasks
with suitable sensors and benchmarks when developing and
evaluating new methods.

2. Datasets and Benchmarks for Agentic RS
In this section, we cover datasets and evaluation suites that
explicitly target LLM-driven agentic methods in geospa-
tial and RS. In Table 2, we summarize benchmarks for
geospatial tool use and multi-step reasoning, including
GeoBenchX [12] and GTChain-IT / CTChain-Eval [33],
multi-turn multi-modal dialogue over SAR and infrared im-
agery in RS-VL3M [11], and realistic tool-augmented task
suites in ThinkGeo and RescueADI [15, 20]. The table
further includes ShapefileGPT for Shapefile-based spatial
analysis [14] and generic tool-use evaluation frameworks
like CORE [36]. Taken together, these benchmarks provide
a focused basis for assessing agentic behavior in RS and
for comparing emerging systems under consistent evalua-
tion protocols.
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Dataset Sensor / Modality Resolution / Scale Dataset Application

Scene / LULC classification
UC Merced Land Use [32] Aerial RGB ∼0.3 m, 256×256 patches land-use scene classification (21 classes)

AID [29] Aerial RGB 600×600 pixel patches Aerial scene image classification (30 classes)
NWPU-RESISC45 [5] Aerial RGB 256×256 pixel patches Scene classification (45 classes)

EuroSAT [10] Sentinel-2 multispectral 64× 64 pixel patches Land Use and Land Cover (LULC) classification
(10 classes)

Million-AID [16] Aerial RGB Variable (0.5m to 153m) Aerial scene classification (51 classes)
MLRSNet [18] Optical Satellite/ Aerial RGB 256×256 pixel patches Multi-label semantic scene understanding (46

scene categories, 60 labels)

Semantic segmentation (urban, LULC)
Inria Aerial Image Labeling [17] Aerial RGB 5000×5000 px, 0.3 m/pixel Semantic segmentation

DeepGlobe Land Cover [8] Satellite RGB 2448×2448 px, 0.5 m/pixel Rural land cover semantic segmentation
LoveDA [27] Spaceborne RGB satellite 1024×1024 px, 0.3 m/pixel Land-cover segmentation under domain shift

(rural/urban)
DynamicEarthNet [25] Planet multi-spectral satellite 1024×1024 px, 3 m GSD LULC semantic and change segmentation.

Dynamic World [3] Sentinel-2 multi-spectral
images

Global 10 m/pixel Near real-time LULC mapping

Object detection / instance segmentation
DOTA [30] Optical aerial/satellite imagery

(RGB/gray)
High-resolution, variable up

to 20k
Oriented object detection in aerial images

xView [13] WorldView-3 satellite imagery 0.3 m GSD, 1 km2 chips Overhead multi-class object detection
FAIR1M [24] High-res optical satellite 0.3–0.8 m GSD, 1k–10k pixel Fine-grained oriented object detection,

classification

Change detection (bi-/multi-temporal)
LEVIR-CD [4] Google Earth VHR RGB 1024×1024 pixel, 0.5 m/pixel Bitemporal building change segmentation
SYSU-CD [23] 0.5 m RGB aerial imagery 256×256 pixel, 0.5 m GSD Bitemporal high-resolution change detection
S2Looking [21] Side-looking RGB optical

satellite imagery
1024×1024, 0.5–0.8 m GSD Bitemporal building change detection

OSCD (Onera)[6] Sentinel-2 multispectral
optical imagery

600×600 at 10m resolution Urban binary change detection.

Building / road extraction
DeepGlobe [8] Satellite Optical RGB 2448×2448 pixel, 0.5 m/pixel Rural land cover segmentation.

DeepGlobe Road [7] Satellite RGB 1024×1024 px tiles, 0.5
m/pixel

Road and street network extraction

CrowdAI [1] RGB satellite imagery 300×300 pixel tiles, 0.3 m
GSD

Building footprint detection / segmentation

Disaster, damage, hazard mapping
xBD [9] Multispectral satellite imagery ≤ 0.8 m GSD Building damage assessment, change detection

FloodNet [19] UAV RGB 4000×3000 pixel, 1.5 cm
GSD

Post-flood damage segmentation and VQA

Sen1Floods11 [2] Sentinel-1 SAR imagery 512×512 chips, 120406 km2

global
Flood and permanent water segmentation

UrbanSARFloods [34] Sentinel-1 SAR 512×512 chips, 807500 km2 Urban and open-area flood segmentation
FireRisk [22] NAIP aerial RGB 270×270 px tiles, 1 m Wildfire risk level classification

Text–image, captioning, VQA
RSICD [31] Aerial / satellite RGB Patch-level RS image captioning and text–image alignment

RSIVQA [35] Multi-source aerial / satellite
RGB imagery

Variable, 0.1-8 m GSD VQA for RS scene understanding

FloodNet-VQA [19] UAV RGB aerial 4000×3000 px, 1.5 cm GSD Post-flood scene understanding, segmentation,
VQA

Pretraining corpora / EO foundation
SSL4EO-S12 [28] Sentinel-1 SAR, Sentinel-2

multispectral
264× 264 pixel, 2640×2640

m
Self-supervised EO pretraining, downstream tasks

Elib DLR +1
EarthView [26] Multisource optical RS Mixed 1-30 m GSD, global Self-supervised pretraining for EO

Table 1. Representative benchmarks and datasets for remote sensing, grouped by application category (shown as section headers). The
table highlights typical sensors, spatial scale, and primary benchmark tasks to support method selection and evaluation design.



Dataset /
Benchmark Applications Systems and Technologies

GeoBenchX [12]
Dataset and
evaluation
framework

Multi-step GIS reasoning LangGraph ReAct agent, Python geospatial stack, and an LLM as
Judge

GTChain-IT /
CTChain-Eval

[33]

Dataset and
evaluation
framework

Benchmarking LLMs on geospatial tool use
tasks Simulated tool-use environment and fixed GIS tool APIs

RS-VL3M [11] Benchmark Benchmark for multi turn dialogue over
SAR/IR with joint perception

Infrared RS images with scene labels, combined with SAR-CLA and
optical benchmarks in multi modality

ThinkGeo [20] Benchmark
Benchmark to evaluate tool-augmented
LLM agents on realistic remote sensing

tasks
ReAct tool-calling with AgentLego tools, RGB/SAR imagery

RescueADI [15] Benchmarks Adaptive disaster interpretation PSPNet, GroundingDINO, counting and area tools

Shapefile [14] Benchmark Benchmarking on 42 Shapefile spatial
analysis tasks 27-function Shapefile GIS tool library

CORE [36] Eval frameworks Evaluation framework for tool-using agents Simulated tool APIs with CORE path metrics

Table 2. Overview of datasets and evaluation benchmarks for LLM-driven agentic methods in geospatial and remote sensing.
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