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Abstract001

Earth Observation (EO) provides critical plane-002
tary data for environmental monitoring, disaster003
management, climate science, and other scien-004
tific domains. In this work we ask: Are AI sys-005
tems ready for reliable Earth Observation? To006
answer this, we introduce UnivEARTH, a cod-007
ing benchmark of 408 yes/no questions from008
NASA Earth Observatory articles across 7 vari-009
ous topics and over 15 satellite instruments and010
sources. Using Google Earth Engine API as a011
tool in a zero-shot setup, LLM agents achieve012
an accuracy of 40.0% where the code fails to013
run over 44% of the time. To better understand014
LLM agent behavior, we also analyze the im-015
pact of using the JavaScript API versus Python016
and the effect of providing documentation. Fur-017
thermore, we find that using a reflexion (Shinn018
et al., 2023) framework significantly reduces er-019
rors: Claude-4.5-Sonnet, Gemini-2.5-Pro, and020
GPT-5 accuracies rise to around 60%. However,021
these results remain only marginally above ran-022
dom chance. Taken together, our findings iden-023
tify significant challenges to be solved before024
AI agents can automate earth observation, and025
suggest paths forward.026

1 Introduction027

In a range of academic disciplines from plant sci-028

ence to anthropology, scientists routinely find the029

need to analyze planetary data: data about land use,030

earth surface reflectance, chlorophyll content, and031

so on. This planetary data is collated and processed032

from a multitude of "Earth Observation" satellites,033

and the scientific process involves carefully choos-034

ing the right sensor, product, location, and time.035

Automating this analysis would thus significantly036

accelerate the scientific process.037

Our goal in this paper is to explore AI systems038

that can automate the task of earth observation in039

these scientific workflows and thus accelerate the040

scientific process. While specialized automatic sys-041

tems for specific earth observation tasks have been042

deployed for years (Watch, 2002; Giglio et al., 043

2016; Wu et al., 2018), they lack the flexibility 044

needed for general-purpose, customized queries. 045

Recent efforts to combine agentic frameworks 046

with remote sensing have largely relied on pre- 047

trained models and predefined toolsets (Liu et al., 048

2024; Xu et al., 2024; Shabbir et al., 2025; Feng 049

et al., 2025). While these approaches simplify 050

benchmarking, they often fall short of capturing 051

"in-the-wild" complexities. Real-world analysis in- 052

troduces significant challenges, including the ambi- 053

guity of diverse data sources (e.g., Terra vs. Aqua, 054

Landsat-8 vs. 9), sensor-specific spectral bands, 055

and constraints such as revisit rates and cloud cover. 056

By relying on curated environments, prior studies 057

often fail to test applicability in more real-world, 058

dynamic settings. We therefore ask: Are AI sys- 059

tems ready for reliable Earth Observation? 060

With these desiderata in mind, we begin by intro- 061

ducing UnivEARTH : a question-answering (QA) 062

benchmark designed to evaluate LLMs for earth 063

observation. There are two challenges in build- 064

ing such a benchmark: (1) we need to know the 065

kind of questions that one might ask about earth 066

observation data and the corresponding answers, 067

and (2) we need to ensure that the evidence or 068

data needed to support the answer exists and is 069

available. Unlike existing benchmarks, such data 070

of questions, answers, and supporting evidence is 071

not freely available. We address this challenge 072

by leveraging a unique public resource: articles 073

from the NASA Earth Observatory (NASA). Each 074

article walks through conclusions derived from ob- 075

servations from satellite imagery. We rigorously 076

curate question-answer pairs from these articles by: 077

(1) leveraging LLMs alongside manually curated 078

QA examples, (2) verifying question answerability 079

through Google Earth Engine (GEE), and (3) care- 080

ful independent review of each example. The re- 081

sulting dataset, UnivEARTH, comprises 408 high- 082

quality yes/no questions spanning 7 diverse topics 083
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Did tropospheric NO2 
levels over New York 
City appear higher at 
2-3 pm than at 5-6 pm 
on Aug 9, 2023?

Does the chlorophyll level 
in the Gulf of Mexico off 
southwestern Florida 
increase in Nov 21, 2004 
compared to Oct 30, 2004?

Did MODIS Aqua observations 
show fire detections in the 
Pantanal on June 11, 2024 
exceeded those of any June 
from 2000–2023?

Does the urban area 
extent in Naivasha, 
Kenya increase from 
1986 to 2000?

Does the vegetation 
browning in Denmark 
increase in July 2018 
compared to July 2017?

Fire

Atmosphere

Hydrosphere Human Activity

Land Cover

UnivEARTH

        questions 

across     categories 

From         data sources

400+ 
7 

15+ 

Figure 1: We propose UnivEARTH for benchmarking AI agents in Earth Observation.

and 15 main sources.084

We benchmark several state-of-the-art models,085

including Gemini (Team et al., 2023), Claude, GPT,086

DeepSeek (Guo et al., 2025), and Kimi (Team et al.,087

2025). In our setup, simply answering the question088

is not enough: the models must ground their an-089

swers in evidence. We ask models to generate exe-090

cutable code using the Google Earth Engine (Gore-091

lick et al., 2017) API to derive quantitative results092

that support their answers. Our evaluation reveals093

significant limitations in current models. We find094

that agents fail to produce executable code a signif-095

icant portion of the time, resulting in a best-case096

baseline accuracy of only 40.0%. To better un-097

derstand these failures, we analyze performance098

across various dimensions. We find that: (1) the099

choice of API language (Python vs. JavaScript)100

slightly impacts model performance, while logic101

errors persist across both; (2) providing specific102

documentation on sensor information (e.g., Col-103

lection IDs) drastically reduces syntax errors and104

hallucinations; and (3) implementing a reflexion105

mechanism (Shinn et al., 2023), allowing agents to106

debug based on error logs, significantly recovers107

performance, boosting accuracy to over 60%.108

In sum, our work makes three key contributions:109

• We curate UnivEARTH, a novel evaluation110

benchmark for Earth Observation derived111

from authoritative NASA sources with ver-112

ified answers and executable ground truth.113

• We benchmark state-of-the-art LLMs, reveal-114

ing that while they possess general knowledge,115

they struggle with the specific syntax and data 116

retrieval logic required for EO analysis. 117

• We demonstrate that advanced agentic strate- 118

gies, specifically the injection of precise docu- 119

mentation and the use of error-based reflexion, 120

can bridge the gap between generation failures 121

and reliable scientific analysis. 122

2 Related Work 123

LLMs for Scientific Applications. Scientific ques- 124

tion answering has garnered significant attention, 125

demonstrated by the development of benchmarks 126

across various domains. General scientific QA 127

benchmarks assess reasoning across multiple sci- 128

entific disciplines (Saikh et al., 2022; Hendrycks 129

et al., 2020; Wang et al., 2023; Liang et al., 2024; 130

Feng et al., 2024; Wang et al., 2024b), while spe- 131

cialized benchmarks focus on specific areas such 132

as medicine and biology (He et al., 2020; Li et al., 133

2024b), chemistry and material science (Jablonka 134

et al., 2024; Alampara et al., 2024; Chen et al., 135

2025b), and remote sensing (Wang et al., 2024a; 136

Danish et al., 2024; Li et al., 2024a). 137

Many of these prior benchmarks rely on models’ 138

internal knowledge, which may not be sufficiently 139

rigorous in a scientific domain. In contrast, Uni- 140

vEARTH demands grounding answers in evidence 141

derived from satellite imagery and products, requir- 142

ing more interpretable and explicit reasoning. In 143

this vein, our work is similar to prior work on lever- 144

aging existing tools or databases (M. Bran et al., 145

2024; Fossi et al., 2024; Campbell et al., 2025; 146

Laurent et al., 2024), but requires models to navi- 147
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gate a much larger repertoire of data sources (here,148

sensors and products). These capabilities are a nec-149

essary first step if one seeks to automate discovery150

in the earth sciences, as prior work has sought to151

do for chemistry (Zheng et al., 2025; Chen et al.,152

2025a), biology (Swanson et al., 2024), or material153

science (Strieth-Kalthoff et al., 2024).154

Code Generation and Tool-Using AI. Outside of155

scientific applications, several benchmarks evalu-156

ate code generation capabilities, including SWE-157

bench (Jimenez et al., 2023), SWT-Bench (Mündler158

et al., 2024), LiveCodeBench (Jain et al., 2024),159

and SWE-bench Multimodal (Yang et al., 2024).160

These benchmarks primarily focus on general soft-161

ware engineering tasks rather than domain-specific162

scientific applications. In the context of data analy-163

sis, text-to-SQL benchmarks like Spider (Yu et al.,164

2018), SEDE (Hazoom et al., 2021), BIRD (Li165

et al., 2023), and Spider 2.0 (Lei et al., 2024) eval-166

uate models’ ability to translate natural language167

questions into database queries.168

Earth Observation With AI Agents. Recently,169

there has been a surge in research applying agen-170

tic frameworks to remote sensing and satellite im-171

agery analysis. For instance, Change-Agent (Liu172

et al., 2024) and RS-Agent (Xu et al., 2024)173

integrate LLMs with pre-trained vision models174

to address tasks such as change detection, ob-175

ject detection, and scene classification. Simi-176

larly, ThinkGeo (Shabbir et al., 2025) and EarthA-177

gent (Feng et al., 2025) utilize predefined functions178

and tools to execute tasks and benchmark their per-179

formance. However, these approaches often rely on180

highly curated environments that fail to capture ’in-181

the-wild’ complexities. Real-world scenarios intro-182

duce significant ambiguities, including diverse data183

sources (e.g., Terra/Aqua, Landsat-8/9, or Sentinel-184

2), sensor-specific spectral bands, and availability185

constraints such as revisit rates and cloud cover.186

Previous work simplifies the complexities of real-187

world problems and thus limits its applicability in188

more dynamic, real-world settings. UnivEARTH189

extends this paradigm to a realistic Earth Observa-190

tion domain, designed to handle the complexities191

of accessing and analyzing satellite data.192

3 Benchmark Construction193

3.1 Data Source194

EO science relies heavily on the analysis of re-195

motely sensed data to investigate changes and phe-196

nomena. This characteristic makes it particularly197

Figure 2: Hierarchical distribution of Earth science top-
ics and sub-categories in UnivEARTH . The inner ring
represents the parent domain, while the outer ring de-
tails specific phenomena.

suitable for automation through AI agents that 198

can process and analyze large volumes of imagery 199

data. However, benchmarking such AI capabil- 200

ities requires high-quality question-answer pairs 201

that are both scientifically sound and verifiable 202

through available data sources. To develop our 203

benchmark, we identified NASA’s Earth Observa- 204

tory website (NASA) as an authoritative primary 205

source. Since its inception in May 1998, this plat- 206

form has published articles covering diverse topics 207

including air quality, climate change, human im- 208

pact monitoring, and natural events. These articles, 209

authored by NASA Earth Observatory’s science 210

writers, provide reliable scientific reporting based 211

on imagery analysis and research findings. 212

3.2 Data Collection and Validation 213

The curation pipeline comprises of three stages: 214

annotation, verification, and review. 215

Annotation. We focus on NASA Earth Observa- 216

tory website articles with the cutoff time of Septem- 217

ber 30, 2025. Three annotators generate candidate 218

yes/no question-answer pairs with supporting sen- 219

tences. We chose the yes/no question format be- 220

cause assessing the correctness of free-form an- 221

swers is challenging and less objective in scien- 222

tific domains. During this process, we disregard 223

articles about sensor specifications, general intro- 224

ductions, non-satellite imagery, transient observa- 225

tions (e.g., wind speed, tides), or statements with- 226

out clear sources. Table 2 shows some example 227

questions and supporting sentences. 228
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Table 1: Distribution of the main data sources grouped
by sensing modality and instrument type.

Category – Instrument / Source Count

Multispectral Optical Imaging
Landsat Series (4–9) 162
MODIS System (Terra/Aqua) 140
VIIRS 60
SeaWiFS 3
Sentinel-2 2

Atmospheric Composition
Sentinel-5P (TROPOMI) 16
TOMS 4
OMI-Aura 4
TEMPO 2

Hydrology & Cryosphere
GRACE 11
GPM 8
CHIRPS 7
SMAP 4

Weather Satellites & Models
GEOS Model 17
ERA5 Reanalysis 3

Total 443

Verification. We examined whether questions de-229

rived from NASA articles can be answered us-230

ing the data available in Google Earth Engine231

(GEE) (Gorelick et al., 2017). Background details232

on GEE are presented in Appendix-B. This verifi-233

cation step was critical for ensuring the questions234

in the benchmark are approachable with existing235

data catalog hosted in GEE. This was necessary236

because some articles describe phenomena using237

sensors or products not available in GEE, making238

it impossible for agents to answer them. For exam-239

ple, articles (e.g., on December 2015, June 2016,240

or May 2017) about sulfur dioxide often reference241

the Ozone Monitoring Instrument (OMI) on the242

Aura satellite. While OMI has monitored sulfur243

dioxide and other air pollutants since 2004, its sen-244

sor data is not available on GEE. The alternative245

Sentinel-5P NRTI sulfur dioxide datasets only be-246

gin in 2018, creating a temporal constraint.247

Review. Following verification, we recruited re-248

viewers to evaluate the quality and clarity of the249

questions. These reviewers were asked to: (Q1)250

Provide a yes/no answer to each question based251

on the text and image of the article; (Q2) Assess252

whether the answer was supported by the text in253

the corresponding NASA article; (Q3) Evaluate254

whether the answer was supported by imagery in255

the article; and (Q4) Assess if location informa-256

tion needs verification through external sources.257

The fourth assessment point was included because258

some questions, particularly those manually edited 259

or designed, required geographical review. In these 260

cases, reviewers were permitted to use Google 261

Maps to verify geo-locations. Please refer to Ap- 262

pendix. C for the reviewer instruction document. 263

In the first version of the dataset, composed 264

of 140 questions, four reviewers were recruited, 265

with each reviewer evaluating half of the dataset. 266

The initial review showed inter-reviewer agreement 267

rates of 90.1%, 73.2%, 78.9%, and 81.7% for Q1, 268

Q2, Q3, and Q4, respectively. The agreement rate 269

is computed as an exact match. Following this ini- 270

tial assessment, we iteratively revised ambiguous 271

questions with each reviewer until we reached com- 272

plete agreement on Q1. In the extended version 273

of the dataset, composed of 268 questions, each 274

question is reviewed by two reviewers, and the 275

question-answer pairs are iteratively revised until 276

reviewers and annotators reach consensus. Because 277

the review process focused on verifying the correct- 278

ness of answers with respect to the source NASA 279

articles rather than domain-specific expertise, we 280

recruited seven reviewers who were undergraduate 281

or graduate students in computer science. 282

3.3 Dataset Statistics 283

Figure 2 illustrates the distribution of topics within 284

the dataset. The largest category is hydrosphere 285

(34%), encompassing questions regarding surface 286

water extent, precipitation, water color, snow, and 287

moisture. Other major categories include tem- 288

perature (14%, primarily land surface tempera- 289

ture), land cover (13%, such as vegetation and for- 290

est cover), and atmosphere (13%, including trace 291

gases, aerosols, and clouds). Additional domains 292

cover fire, human activities (e.g., urban expansion), 293

and geology. This broad range of tasks presents 294

a holistic view of Earth Observation, marking a 295

prominent distinction from previous works that pri- 296

marily focus on object detection or scene classi- 297

fication. Complementing this, Table 1 details the 298

major data sources used in our dataset. The major- 299

ity of observations are derived from Landsat and 300

the MODIS system (onboard the Terra and Aqua 301

satellites), and VIIRS. 302

3.4 Relevance to Science and Real-World 303

Impact 304

UnivEARTH captures phenomena with significant 305

real-world relevance and active scientific interest. 306

For instance, our benchmark includes questions 307

about red tides in the Gulf of Mexico derived from 308
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Table 2: Examples of UnivEARTH .

Topic Example Supporting Sentences

Atmosphere Did nitrogen oxide concentrations in
the Northern Hemisphere increase
from 2019 to 2020?

The annual growth rate for 2020 was the highest scientists
had recorded since systematic annual methane measurements
began in 1983—an increase of 15 parts per billion, which
was exceeded again in 2021.

Land Cover Does forest cover decrease in Ar-
gentina’s Salta Province from Decem-
ber 2000 to December 2019?

The images above show deforestation over a span of two
decades around the Salta Province of northern Argentina.
The image from December 18, 2000, shows a mix of cleared
land and greener areas. The image from December 24, 2019,
shows much of the forest replaced by large fields.

Hydrosphere Does Lake Erie have more ice cover-
age compared to the other Great Lakes
in February 14, 2018 afternoon?

On the same date last year, total ice cover was 9.7 percent.
Lake Erie was the iciest of the five lakes, with 93.3 percent
iced over.

a December 2004 article, addressing phenomena309

linked to potential fish mortality and human res-310

piratory irritation. Another question focuses on311

the number of lakes on the Tibetan Plateau based312

on a March 2025 article, directly connecting to313

recent research on accelerated lake formation in314

this critical region (Li et al., 2022; Lei et al., 2023;315

Zhou et al., 2024a,b). The benchmark also covers316

other scientifically relevant topics including chloro-317

phyll concentration and climate patterns in the Pa-318

cific Ocean (Wang et al., 2005), the trend of disap-319

pearing lakes in Siberia (Smith et al., 2005), lake320

surface albedo dynamics (Argaman et al., 2012),321

groundwater depletion in the Indus Basin (Richey322

et al., 2015), increasing global leaf area (Chen et al.,323

2019), and global cropland expansion (Potapov324

et al., 2022). Thus our benchmark provides a325

sampling of questions that scientists may want an-326

swered in the course of their research.327

4 Benchmarking SoTA Agents with328

UnivEARTH329

In this section, we evaluate state-of-the-art LLM330

agents on our benchmark dataset.331

Experimental Setup. We adopt a zero-shot setup332

for evaluation. Given a query, the model is in-333

structed to first reason about the plan for the code334

and then generate a Google Earth Engine (GEE)335

Python script. This script is executed, and the re-336

sulting output, along with the original question and337

code, is processed by Gemini-2.5-Flash to derive338

the final output.339

To address the high frequency of code genera-340

tion failures (discussed subsequently), we employ a341

specific error taxonomy during the evaluation. We342

prompt Gemini-2.5-Flash to classify failures into343

one of the following categories: 344

• Empty Collection (C1): No images found for 345

the specified date or location in one or both 346

comparison points. 347

• No Valid Pixels (C2): Images exist, but no 348

valid pixels remain after preprocessing, such 349

as cloud masking. 350

• Calculation Failure (C3): The result is None, 351

NaN, or otherwise invalid1. 352

• Code/Syntax Error (D): Failures caused by 353

incorrect image/band names, syntax errors, 354

invalid methods, or memory issues. 355

This categorization allows for a detailed diagnosis 356

of model failure modes in real-world scenarios. 357

Our primary metric is correctness, defined 358

as the fraction of questions where the gener- 359

ated answer matches the ground truth. We also 360

measure the wrong answer rate alongside the 361

distribution of error types. We benchmark a 362

suite of LLM agents, including Gemini-2.5-Pro, 363

Gemini-2.5-Flash (Team et al., 2023), Claude- 364

4.5-Sonnet, Claude-4.5-Haiku, GPT-5, DeepSeek- 365

Reasoner (DeepSeek-AI, 2025), DeepSeek-Chat, 366

and Kimi-k2 (Team et al., 2025). 367

4.1 Answering Questions With Google Earth 368

Engine 369

Table 3 presents the average performance across 370

the dataset. The highest overall accuracy achieved 371

was only 40.0% by Claude-4.5-Sonnet, closely 372

followed by Gemini-2.5-Pro (36.9%) and GPT-5 373

1For example, Claude-4.5-Sonnet produced a physically
implausible value of 1723.29◦C by neglecting to apply
the 0.01 scale factor inherent to the NOAA/CDR/OISST/V2_1
dataset.
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Table 3: Performance Comparison of Code LLMs on Earth Engine Tasks. The table reports the distribution of
outcomes across distinct categories. Execution Success indicates the code ran without errors (Correct vs. Wrong
Answer). Failed Execution/Logic indicates specific failure modes: Empty Collection or Images (C1), No Valid
Pixels (C2), Calculation Failure (C3), or Syntax Error (D).

Execution Success (%) Failed Execution / Logic (%)

Model Correct Wrong Ans. Empty (C1) No Pixels (C2) Calc Fail (C3) Syntax (D)

Gemini-2.5-Pro 36.9 9.6 15.8 2.7 1.0 34.0
Gemini-2.5-Flash 10.6 5.9 15.0 4.4 3.2 60.8

Claude-4.5-Sonnet 40.0 15.7 15.0 4.9 2.9 21.4
Claude-4.5-Haiku 16.7 12.8 14.0 4.9 4.9 46.7

GPT-5 33.1 12.0 4.4 4.9 2.7 42.9

DeepSeek-Reasoner 28.5 13.0 15.0 5.2 4.2 34.2
DeepSeek-Chat 27.0 13.0 17.0 7.4 4.9 30.7

Kimi-k2 17.0 8.4 23.1 3.7 1.2 46.7

Table 4: Comparison of hallucinated vs. correct GEE
Collection IDs. Models often struggle with specific
naming conventions (e.g., version numbers, tiers, or
provider prefixes).

Domain Collection ID ( ✗ Hallucinated / ✓ Correct )

Landsat ✗ LANDSAT/LC08/C02/SR

✓ LANDSAT/LC08/C02/T1_L2

VIIRS ✗ NOAA/VIIRS/001/VNP14IMGTDL_NRT

✓ NASA/LANCE/SNPP_VIIRS/C2

TRMM ✗ NASA/TRMM/3B43V7

✓ TRMM/3B43V7

MODIS ✗ MODIS/051/MCD19A2_GRANULAR_AOD

✓ MODIS/061/MCD19A2_GRANULES

JRC ✗ JRC/GHSL/P2023A/GHS_POP

✓ JRC/GHSL/P2023A/GHS_SMOD_POP

(33.1%). DeepSeek-Reasoner and DeepSeek-Chat374

exhibit comparable levels of correctness, whereas375

Kimi-k2, Claude-4.5-Haiku, and Gemini-2.5-Flash376

perform the poorest, with accuracy below 20%.377

A deeper investigation into failure modes reveals378

a persistently high rate of syntax and method errors379

(Category D). Even the strongest model, Claude-380

4.5-Sonnet, suffered a 21.4% error rate in this cate-381

gory, while all others exceeded 30%. This indicates382

that current models lack proficiency in utilizing the383

GEE API. We show some examples of hallucinated384

collection ID or names in Table 4.385

Regarding specific execution failures, the most386

common issue is that there is no available image387

for the queried dataset (C1). In contrast, we ob-388

served a relatively lower frequency of errors re-389

lated to empty pixel sets (C2) or calculation fail-390

ures (C3). Overall, the low accuracy suggests that391

existing LLMs are not yet capable of reliably pro- 392

ducing code for Earth Observation tasks, likely 393

due to the under-representation of this specific do- 394

main in pre-training corpora. Consequently, Uni- 395

vEARTH serves as a practically relevant, out-of- 396

domain benchmark for future research aimed at 397

overcoming these limitations. 398
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Figure 3: Performance in Python against JavaScript.

4.2 Python versus JavaScript 399

Since Google Earth Engine (GEE) also offers a 400

JavaScript API for rapid prototyping and interac- 401

tive analysis, we benchmark whether model per- 402

formance is language-dependent. As illustrated in 403

Figure 3, models exhibit distinct sensitivities to 404

the choice of programming language. Claude-4.5- 405

Sonnet achieves a slight performance gain, rising 406
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Figure 4: Impact of providing ground-truth Collection IDs (documentation) on performance, stratified by instrument.

from 40.0% in Python to 43.8% in JavaScript. Con-407

versely, performance for Gemini-2.5-Pro and GPT-408

5 degrades by 5.1% and 0.6%, respectively, when409

using JavaScript. Overall, LLM agents do show a410

comparable performance regarding API languages.411

Investigating the cause, we find that the logic-412

based wrong answer rate remains consistent across413

languages. Instead, the divergence stems from ex-414

ecution stability. For Claude, the improvement is415

driven by a better ability to identify valid image416

collections in JavaScript (i.e., reduce in type D er-417

ror). In contrast, the performance drop in Gemini-418

2.5-Pro models is primarily caused by an increase419

in syntax errors, indicating a relative unfamiliar-420

ity with the GEE JavaScript API compared to its421

Python counterpart.422

4.3 Does Providing Collection ID Reduce423

Hallucinations?424

Given the high prevalence of hallucinated dataset425

names observed in Table 4, we investigate whether426

providing specific GEE Collection IDs and meta-427

data in the prompt mitigates these errors. We focus428

our analysis on questions resolvable via Landsat,429

MODIS, and VIIRS modalities. To this end, we430

adopt a two-round dialogue approach. In the first431

round, the agent is asked to select the appropriate432

modality ("Landsat", "MODIS", "VIIRS", or "oth-433

ers") for the query. Based on this selection, the434

associated documentation, including the precise435

Collection ID and band names, is injected into the436

prompt for the second round, where the model gen-437

erates the executable code. If "others" is selected,438

no additional information is provided.439

The stratified results are presented in Figure 4. 440

The provision of documentation yields a clear re- 441

duction in Code/Syntax Errors (Category D) across 442

nearly all configurations. For instance, in the 443

MODIS modality, Claude-4.5-Sonnet reduces its 444

syntax error rate from 29.0% to 15.4%. This effect 445

is most pronounced in the VIIRS modality, where 446

Claude-4.5-Sonnet effectively eliminates syntax er- 447

rors (23.5% to 0%). Consequently, VIIRS accuracy 448

improves significantly from 38.2% to 61.5%. 449

However, we observe that a reduction in syntax 450

errors does not always translate directly to correct- 451

ness. As execution success rates rise, other error 452

categories become more visible. In the VIIRS case, 453

while the code runs successfully, the Wrong An- 454

swer rate increases from 8% to 23.1% for Claude- 455

4.5-Sonnet. In the case of Gemini-2.5-Pro on VI- 456

IRS, the errors change from category C2 (gray) and 457

D (red) to C3 (darker gray). These findings sug- 458

gest that while documentation enables the model to 459

successfully access the data, it does not necessarily 460

ensure the full correctness of the coding. 461

In summary, while documentation successfully 462

lowers the barrier to data access (resolving hal- 463

lucinations), it exposes secondary challenges in 464

logical data processing. Once the syntax hurdles 465

are cleared, models often produce valid code that 466

fails to retrieve data due to incorrect date filtering 467

or cloud masking logic, shifting the failure mode 468

from an immediate crash (Category D) to an empty 469

result (Category C1). 470
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Figure 5: Reflexion improves performance. We observe a consistent increase in correctness across all agents. This
gain is primarily driven by the effective mitigation of code and syntax errors (Category D).

4.4 Does Reflection Help?471

To assess the potential for improvement beyond472

the zero-shot baseline, we leverage the reflexion473

framework (Shinn et al., 2023). In our experi-474

mental setup, the reflection mechanism is triggered475

specifically when the model fails to produce a valid476

execution result (i.e., encountering syntax errors,477

timeouts, or empty returns), rather than on logi-478

cal correctness alone. During the reflection phase,479

the agent is presented with the original query, its480

previous code attempt, and the resulting execution481

traceback or error log. It is then instructed to debug482

and regenerate the script. We allow for a maximum483

of two rounds of such reflection.484

As illustrated in Figure 5, the reflexion scheme485

show substantial performance gains across all eval-486

uated models. Claude-4.5-Sonnet demonstrates the487

highest overall efficacy, improving its correctness488

from 40.0% in the zero-shot setting to 64.5% after489

two rounds of reflection. GPT-5 also exhibits a dra-490

matic recovery, jumping from a baseline of 33.1%491

to 59.3%, a 79 percentage point increase.492

The breakdown of error categories reveals the493

mechanics of this improvement. The feedback loop494

is particularly effective at mitigating Code/Syntax495

Errors (Category D). We also observe a notable496

reduction in Empty Images (C1) errors, suggesting497

that the error logs effectively guide the models to498

correct invalid date filters or choose the correct499

modalities that have the data for the specific time.500

However, it is worth noting that as syntax and501

execution errors decrease, the rate of wrong an-502

swers increases simultaneously and proportionally 503

(e.g., rising from 15.7% to 26.0% for Claude-4.5- 504

Sonnet). This indicates that while self-reflection 505

allows the code to run to completion, it does not 506

guarantee that the code logic is correct. Never- 507

theless, the ability to convert fatal errors into exe- 508

cutable code significantly boosts the overall ceiling 509

for autonomous Earth Observation analysis. 510

5 Conclusion 511

We introduce UnivEARTH to investigate how re- 512

liable are AI agents in solving Earth observation 513

questions. When asked to produce evidence in the 514

form of Google Earth Engine (GEE) code, the best 515

zero-shot accuracy is 40.0% primarily because of 516

models’ inability to correctly navigate the many 517

data sources. Our detailed analysis identifies clear 518

pathways for improvement. We show that the pri- 519

mary bottleneck is not a lack of coding capability, 520

but a lack of domain-specific grounding. By in- 521

jecting precise documentation regarding Collection 522

IDs, we significantly reduce hallucinations, though 523

this unmasks deeper challenges in downstream logi- 524

cal reasoning. Furthermore, we find that employing 525

iterative self-correction (reflexion) can recover a 526

substantial portion of these failures, boosting per- 527

formance to 64.5%. By curating UnivEARTH , we 528

hope to expose the gap between general-purpose 529

reasoning and domain-specific execution, paving 530

the way for future research into agents that can 531

reason scientifically about the Earth. 532
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Limitations533

We acknowledge several limitations of Uni-534

vEARTH . First, the current benchmark does not535

include unanswerable questions (Rajpurkar et al.,536

2018; Kim et al., 2022), where the ground-truth537

answer is “inconclusive.” Second, OpenEARTH538

is limited to a yes–no question format; future ver-539

sions could be extended to include multiple-choice540

scenarios. Finally, most questions are mined from541

NASA websites; future iterations could broaden542

coverage by sourcing questions from scientific pa-543

pers.544
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A More Dataset Description 871

Our dataset also comprises a large variety (∼ 17) 872

of satellite sensors. MODIS (Moderate Resolution 873

Imaging Spectroradiometer) observations are most 874

numerous due to its daily temporal resolution and 875

complementary morning and afternoon observa- 876

tions from MODIS Terra and MODIS Aqua satel- 877

lites. The second highest is Landsat (Land Remote- 878

Sensing Satellite), which has provided historical 879

coverage dating to 1972, making it valuable for 880

decade-long comparisons and analyses, though its 881

16-day revisit time limits temporal resolution. VI- 882

IRS (Visible Infrared Imaging Radiometer Suite), 883

launched in 2012, offers daily observations with 884

specialized capabilities for nighttime light intensity 885

measurements. Note that in Earth observation, we 886

refer to the instrument as a sensor and its data prod- 887

ucts as products; for Google Earth Engine (GEE), 888

these are organized as imagery collections. 889

Other important sensors, though less frequently 890

mentioned in the posts, include: TRMM (Tropi- 891

cal Rainfall Measuring Mission) for precipitation 892

monitoring; GRACE (Gravity Recovery and Cli- 893

mate Experiment) for gravity field measurements; 894

TOMS (Total Ozone Mapping Spectrometer) for 895

atmospheric ozone monitoring; SMAP (Soil Mois- 896

ture Active Passive) for global soil moisture map- 897

ping; GLDAS (Global Land Data Assimilation Sys- 898

tem) for land surface modeling. These sensors, 899

while appearing less frequently in our dataset, play 900

crucial roles in long-term Earth observation and 901

environmental monitoring. 902

B Introduction to Google Earth Engine 903

Google Earth Engine (GEE) (Gorelick et al., 2017) 904

is a cloud-based platform that enables users to 905

perform geospatial analysis at a planetary scale 906

using Google’s computational infrastructure. It 907

houses over 90 petabytes of analysis-ready satel- 908

lite imagery and more than 1,000 curated geospa- 909

tial datasets spanning 50+ years of historical data, 910

including imagery from satellites such as Land- 911

sat, MODIS, and Sentinel, as well as climate and 912

weather datasets, geophysical data, terrain informa- 913

tion, and land cover data. Researchers harness this 914

technology for various Earth Observation and appli- 915

cations such as forest mapping (Chen et al., 2017), 916

drought monitoring (Sazib et al., 2018), crop yield 917

estimation (Jaafar and Mourad, 2021), land use 918

and land cover (Nasiri et al., 2022), evapotranspira- 919

tion (Senay et al., 2022), shoreline analysis (Santra 920
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et al., 2024), and water detection (Yue et al., 2023),921

etc.922

Terminology. A sensor refers to a device that923

detects and measures physical properties (like re-924

flectance, temperature, etc.), such as optical cam-925

eras, radar, and spectrometers mounted on satellites926

or aircraft. A product is a processed dataset de-927

rived from sensor data, typically preprocessed for928

calibration, quality control, and transformation into929

specific variables. In GEE specifically, an imagery930

collection is a set of related images grouped to-931

gether for analysis.932

API Usage. GEE provides a JavaScript and933

Python API that enables users to access and fil-934

ter the extensive data catalog, apply algorithms for935

image processing and analysis, perform geospatial936

computations across multiple processors in parallel.937

In this paper, the AI agents generate the Python938

code and execute it. The GEE API script calls939

the GEE server for the computation. The results,940

mostly the final statistics, are sent back to the local941

agents for further deduction and answering.942

C Reviewer instructions for UnivEARTH943

Below, we detail the instructions given to the re-944

viewers.945

C.1 Goal946

Given a question and an article about earth science,947

your task is to provide an answer.948

C.2 Evaluation Questions949

1. What is the answer to this question?950

Please answer (A) Yes, (B) No, or (C) I don’t951

know, or data is not conclusive.952

2. Is the answer to the question being sup-953

ported by the text from the article?954

Please copy and paste the relevant texts that955

you use to derive your answer from the article.956

• Strongly Supported: The article explic-957

itly states the answer or provides clear958

evidence.959

• Moderately Supported: The article im-960

plies the answer, but requires some infer-961

ence.962

• Not Supported: The article contradicts963

the answer or provides no relevant infor-964

mation.965

3. Is the answer to the question being sup-966

ported by the image from the article?967

If yes, please explain how the image supports 968

the answer to the question. 969

• Strongly Supported: The article explic- 970

itly states the answer or provides clear 971

evidence. 972

• Moderately Supported: The article im- 973

plies the answer, but requires some infer- 974

ence. 975

• Not Supported: The article contradicts 976

the answer or provides no relevant infor- 977

mation. 978

4. Do you need to use Google Maps to check 979

location information? 980

If yes, please explain why using Google Maps 981

is required. Please answer (A) Yes, (B) No. 982

5. Other comments 983

Below are the three examples provided to the 984

reviewers. 985

Example 1

Question: Does the Tuolumne River Basin
have more snow on April 1, 2017 than on
April 1, 2015?
URL: link
Q1: What is the answer to this question?
You should answer (A) Yes
Q2: Is the answer to the question being
supported by the text from the article?
You should answer Strongly Supported
You should copy the text "New NASA data
show that snowpack in Tuolumne River
Basin—a major source of water for San
Francisco and California’s Central Val-
ley—is currently greater than that of the
four previous years combined." and paste it
to the spreadsheet.
Q3: Is the answer to the question being
supported by the image from the article?
You should answer Strongly Supported
You should explain the reason: "The im-
age shows greater snow water equivalent in
April 1, 2017, compared to April 1, 2015"
Q4: Do you need to use Google Maps to
check location information?
You should answer No.
Q5: Other comments
You don’t have to write anything.

986
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Example 2

Question: Does Cape Lookout National Seashore
show lower turbidity in the region centered at
(34.659539, -76.464976) than the region centered
at (34.607982, -76.338262) on February 18, 2016?
URL: link
Q1: What is the answer to this question?
You should answer (B) No
Q2: Is the answer to the question being supported
by the text from the article?
You should answer Not Supported
You should write "The text does not mention that".
Q3: Is the answer to the question being supported
by the image from the article?
You should answer Strongly Supported
You should explain the reason: "The image shows
that (34.659539, -76.464976) had less turbidity than
another region"
Q4: Do you need to use Google Maps to check
location information?
You should answer Yes
You should explain the reason: "Neither the image
nor the text shows the two geolocations."
Q5: Other comments
You don’t have to write anything.

987

Example 3

Question: Does Cape Lookout National
Seashore show lower turbidity in the re-
gion centered at (34.659539, -76.464976)
than the region centered at (34.607982, -
76.338262) on February 18, 2017?
URL: link
Q1: What is the answer to this question?
You should answer (C) I don’t know, or
data is not conclusive
Q2: Is the answer to the question being
supported by the text from the article?
You should answer Not Supported
You should write "The text talks about
events in 2016, not 2017".
Q3: Is the answer to the question being
supported by the image from the article?
You should answer Not Supported
You should explain the reason: "The time
period is incorrect."
Q4: Do you need to use Google Maps to
check location information?
You should answer Yes
You should explain the reason: "Neither the
image nor the text shows the two geoloca-
tions."
Q5: Other comments
You can write "I think the question is wrong.
Please take a look."

988
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