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ABSTRACT

Aquaculture plays an increasingly important role in global food systems, and
its rapid expansion, particularly in biodiverse regions such as the Amazon River
basin, requires reliable and scalable spatial monitoring to ensure environmentally
sustainable management. However, satellite-based monitoring of inland aquacul-
ture systems has traditionally been constrained by the difficulty of detecting small
and irregularly shaped aquaculture ponds whose spectral similarity to surround-
ing land uses and variable optical conditions complicate their identification in
heterogeneous landscapes. Consequently, conventional classification approaches
(e.g., Random Forest and CNNs) often fail to capture this spatial and contex-
tual complexity. Here, we present a novel agentic framework, AISciVision-Aqua,
which integrates Retrieval-Augmented Generation (RAG), large multimodal mod-
els (LMMs), and agentic interactive tools (e.g., zooming, panning, and predic-
tive tools) to explicitly emulate human expert workflows and detect aquaculture
ponds from satellite imagery. Our results demonstrate that AISciVision-Aqua
consistently outperforms baseline classification methods, such as convolutional
neural networks, achieving higher precision and recall while providing transpar-
ent reasoning transcripts that detail the model’s decision-making process. The
AlSciVision-Aqua’s interactive capabilities enable ecologists to validate, interro-
gate (in different languages), and iteratively refine predictions in real-time, fos-
tering trust and adaptability in Artificial Intelligence (Al)-assisted environmen-
tal monitoring. Collectively, these findings demonstrate how LMM-driven, agen-
tic reasoning can advance fine-scale environmental feature extraction from satel-
lite imagery, offering a scalable and interpretable approach for mapping inland
aquaculture. AlSciVision-Aqua thus exemplifies next-generation remote sensing
workflows that tightly integrate human expertise and agentic multimodal Al for
scalable environmental monitoring and informed decision making.

1 INTRODUCTION

Inland aquaculture now accounts for more than half of global farmed fish production, and much of
its recent expansion is occurring in tropical regions undergoing rapid land-use change, widespread
biodiversity loss, and accelerating climate impacts, while these same regions often lack the high-
quality data needed for effective monitoring. At the same time, in these regions, aquaculture holds
significant potential to support sustainable food production, economic development, and food secu-
rity while imposing comparatively lower environmental costs (FAO, 2024} |(Osmundsen et al., 2020).
In the Amazon, aquaculture has expanded over the past four decades, but production remains con-
sistently underreported, and reliable information on the location and extent of aquaculture ponds is
still limited (Pacheco et al., |2025; McGrath et al.| 2020). Yet, understanding the spatial distribution
of aquaculture ponds is essential for assessing the environmental impacts of this activity, includ-
ing greenhouse gas emissions, land-use changes, and potential impacts on biodiversity, as well as
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evaluating its contribution to food production in the region. Improving spatial data on aquaculture
is therefore a prerequisite for guiding sustainable development strategies in rapidly transforming
landscapes, such as the Amazon.

Although mapping surface water from satellite imagery is a well-established remote sensing appli-
cation, mapping aquaculture ponds presents a distinct challenge because their detection depends not
only on spectral signatures but also on spatial and contextual features such as shape, arrangement,
and proximity to infrastructure or other land uses. Therefore, conventional approaches, such as Ran-
dom Forest classifiers and spectral-based algorithms, often struggle to distinguish aquaculture ponds
from visually similar natural water bodies. This detection problem remains among the most chal-
lenging tasks in aquatic land-cover mapping. Globally, several efforts have addressed the challenge
of aquaculture pond detection, including in regions such as Southeast Asia and parts of Brazil (Silva
et al., 2024} Luo et al} [2022). Yet the Amazonian landscape further complicates these challenges
due to its highly heterogeneous land cover and the wide variation in pond size, shape, and structure.
For example, ponds are frequently built in river channels and consequently follow the natural river
network, which makes them difficult to distinguish from rivers and floodplain channels in satellite
imagery (Freitas et al, 2022)). Given these complexities and the limited resolution of most freely
available satellite data, accurate pond identification often requires extensive manual interpretation
and validation, which are labor-intensive, expensive, and difficult to scale over large regions. These
constraints underscore the need for approaches that integrate both spectral and spatial context fea-
tures to enable accurate, scalable, and interpretable detection of aquaculture systems in the Amazon
and similarly complex regions.

Recent advancements in artificial intelligence (Al), particularly in large multimodal models (LMM:s)
and agentic Al systems, have opened new avenues for domain-specific applications in environmental
science and remote sensing (Gomes et al.,|2019). LMMs are designed to process and integrate het-
erogeneous data modalities, such as imagery, text, and metadata, which enables joint representations
that capture spatial and contextual relationships often missed by conventional spectral-based classi-
fiers. In parallel, agentic Al systems operate at a higher level of abstraction by orchestrating tools,
models, and iterative reasoning steps, thereby emulating expert analytical workflows such as spatial
pattern recognition, cross-scale contextual reasoning, and hypothesis refinement. When combined
with retrieval-augmented generation (RAG) to incorporate external knowledge and prior informa-
tion, these components form a foundation for Agentic Multimodal Models (AMMs) that have the
potential to deliver accurate, interpretable, and context-aware predictions for complex environmental
features such as aquaculture ponds. However, despite growing recognition of the promise of LMMs
and agentic systems for remote sensing , no operational frameworks or end-to-end workflows have,
to our knowledge, been proposed that systematically integrate multimodal learning, agentic rea-
soning, retrieval mechanisms, and interpretability to address the core challenges of environmental
feature extraction requiring the joint use of spectral, spatial, and contextual information.

Here, we introduce AlSciVision-Aqua, a novel agentic framework that detects aquaculture ponds
using high-resolution satellite imagery and Al agents. Our work pursues three complementary aims:
(1) to demonstrate the efficacy of Al-enhanced remote sensing in detecting aquaculture systems in
this region through autonomous, agentic reasoning and action selection, (2) to provide a transparent
and interpretable decision-making process for ecological monitoring that enables human oversight,
validation, and iterative refinement of model predictions, and (3) to explore the implications of this
technology for sustainable aquaculture development and for advancing both remote sensing and Al
toward reliable, real-world deployment in environmental science. This study lays the foundation
for developing transparent, accurate, and transferable AI approaches for environmental monitoring,
advancing the integration of expert knowledge and Al in remote sensing applications.

Study Sites. This study focuses on aquaculture in Rondo6nia, Brazil, a state located in the heart
of the Amazon’s “arc of deforestation” (Figure [I)), which has experienced rapid development in
aquaculture since the early 2000s. Rondonia is characterized by a mosaic of natural forests, de-
graded pastures, and agricultural lands. Aquaculture ponds in Ronddnia are often located near river
networks or low-lying areas, making them distinguishable in high-resolution imagery. The inter-
play between aquaculture expansion and land-use dynamics makes this region a compelling case for
applying advanced remote sensing techniques for detecting aquaculture ponds.

Definition of “easy’” and “hard” examples. Satellite imagery-based detection of aquaculture ponds
in the Amazon presents varying difficulty levels (Figure 2). “Easy examples” refer to aquaculture
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Figure 1: Geographic distribution of water body samples used for aqua- Figure 2: Representative examples of
culture pond detection in Rondonia State, Brazil. Symbols represent easy and hard positive (aquaculture
georeferenced examples classified as: easy positive, aquaculture ponds ponds) and negative (non-aquaculture
clearly identifiable (light blue circles); easy negative, natural water bod- ponds) samples in Rondo6nia, Brazil.
ies easily distinguished from aquaculture ponds (pink circles); hard Easy examples show a clear visual dis-
positive, aquaculture ponds with irregular shapes or visually complex tinction between classes, whereas hard
surroundings (dark blue triangles); and hard negative, non-aquaculture examples exhibit subtle or ambiguous
features visually similar to ponds, such as clearings or natural wetlands features that challenge automated clas-
(dark red triangles). sification.

ponds with regular geometric shapes, clearly defined boundaries, and high visual contrast, making
them readily detectable. “Hard examples” feature smaller size, irregular shapes, subtle boundaries,
and low contrast, leading to detection failures. We recognize these levels to design our AISciVision-
Aqua framework, which handles the complexity typical of Amazonian aquaculture systems.

2 METHODOLOGY

This work introduces AlSciVision-Aqua, an agentic Al framework for detecting aquaculture ponds
in satellite imagery from Ronddnia, Brazil. The framework (Figure[3) comprises three stages: initial
Al-assisted water detection (Stage 1), Al-assisted labeled data organization (Stage 2), and Al-driven
waterbody classification (Stage 3). The final stage integrates agentic Al through an LMM with
Visual Retrieval-Augmented Generation (VisSRAG) and domain-specific interactive tools for spatial
interaction and contextual reasoning, enabling autonomous iterative refinement of predictions in a
manner that mirrors expert workflows. See Appendix [A]for implementation details.

3 RESULTS

We evaluate on 3700 easy examples (1900 fish pond, 1800 non-fish pond) and 1000 hard examples
(100 fish pond, 200 non-fish pond). We describe the data collection procedure in Appendix [A] with
“easy” and "hard” dataset breakdown in Table[T]

AlSciVision-Aqua using the best performing LMM (Gemini-2.5-Flash) substantially enhanced
aquaculture pond detection performance compared to traditional baseline methods (Figure [).
The improvement in F1 score was primarily driven by a large increase in recall, indicating that
AlSciVision-Aqua is much better at minimizing missed aquaculture ponds (false negatives).
The AISciVision-Aqua framework supports all LMMs, from GPT-5 to Llama-3.2-90B. Not all per-
form equally in classifying ponds (b)—Gemini-2.5-Flash is the best—but the framework provides a
general performance boost. Furthermore, the full framework configuration (LMM+VisRAG+Tools)
performs better than combination of the parts (c). In Appendix [B] we stratify performance on “easy”
and “hard” examples, and illustrate classification results of the framework.

4 CONCLUSION

AlSciVision-Aqua introduces a powerful, interpretable, and scalable interactive agentic Al frame-
work for aquaculture monitoring in complex tropical landscapes. By combining retrieval-augmented
reasoning, interactive spatial tools, and LMMs, the system effectively mimics human expert work-
flows and significantly improves the accuracy and transparency of aquaculture pond detection. This
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Figure 3: Workflow of the AISciVision-Aqua framework for aquaculture pond classification. Waterbodies
are first identified using a Random Forest model trained on satellite imagery. These candidate sites are then
analyzed by the AlSciVision-Aqua agent, which (1) retrieves visually similar and dissimilar examples using a
retrieval-augmented strategy, and (2) interacts with a set of tools (e.g., zoom, pan, and machine learning-based
predictors) via a large multimodal model (LMM). The agent outputs a binary classification (aquaculture pond
or not) along with a transcript that records the step-by-step reasoning process. See Appendix@ for details.
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Figure 4: Comparative performance of AISciVision-Aqua and model variants across four evaluation metrics us-
ing the full dataset. (a) AISciVision-Aqua consistently outperforms the supervised approach (CLIP+MLP), par-
ticularly in recall. (b) Among various backbone LMM choices for the framework, Gemini-2.5-Flash achieved
the most balanced performance across metrics. (¢) The full framework configuration (LMM+VisRAG+Tools)
delivered the strongest and most consistent performance, underscoring the complementary contributions of
retrieval-augmented reasoning and tool-based interaction.
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approach advances current practices in remote sensing, which have traditionally relied on static
classification models such as Random Forests or CNNs, often limited by their inability to handle
irregular features and explain classification decisions. AISciVision-Aqua not only advances aqua-
culture mapping but also sets the stage for the next generation of interactive agentic remote sensing
tools that integrate human expertise and Al in environmental monitoring and food system planning.
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A DETAILED METHODOLOGY

A.1 WATERBODY DETECTION (STAGE 1)

The first stage of the AISciVision-Aqua framework focuses on identifying all surface waterbod-
ies across the state of Ronddnia to generate the input base for subsequent classification (Figure [3).
The workflow was implemented in the Google Earth Engine (GEE) cloud-computing platform. For
each year (2019-2021), we built annual multi-sensor composites using Sentinel-2 MultiSpectral In-
strument (MSI) optical imagery and Sentinel-1 C-band Synthetic Aperture Radar (SAR) data. For
optical data, we used the Sentinel-2 Level-2A surface reflectance product, which includes atmo-
spheric correction. All available images for each year were filtered for scene cloudiness (< 60%)
and processed using a combined cloud and cloud-shadow masking approach based on the QA60
bitmask (cloud and cirrus flags) and the Scene Classification Layer (SCL), removing cloud, cloud
shadow, and cirrus classes. Reflectance values were scaled to surface reflectance. Annual optical
composites were generated using the median of all valid observations. Three spectral indices were
computed from the median Sentinel-2 composite and added as predictor layers:

* NDVI=Bg8-B4/B8+B4
* NDWI =B3-B8/B3+B8§
* mNDWI =B3-B11/B3+BI11

where NDVI is the Normalized Difference Vegetation Index, NDWI is the Normalized Difference
Water Index, and mNDWTI is the modified Normalized Difference Water Index. B3 (green, 560 nm),
B4 (red, 665 nm), B8 (near-infrared, 842 nm) and B11 (short-wave infrared, 1610 nm) are Sentinel-
2 MSI bands. We used the 10-m NIR band (B8) for NDVI and NDWI, and the SWIR-1 band (B11,
~1.6 pm) for mNDWI.

Sentinel-1 Ground Range Detected (GRD) data were used to provide complementary radar informa-
tion. We selected images acquired in Interferometric Wide (IW) swath mode, descending orbit, with
10-m spatial resolution, and extracted the VV and VH polarizations. For each year, median com-
posites of VV and VH backscatter were generated. The final multi-sensor feature stack consisted
of Sentinel-2 spectral bands (B2, B3, B4, B8, B11 and B12; 10-20 m), the three spectral indices
(NDVI, NDWI and mNDWTI), and Sentinel-1 VV and VH backscatter, resampled to a common 10m
grid.

A random forest classifier was trained using manually delineated polygons representing water and
non-water areas. The classifier was applied to the annual multi-sensor composites to produce a
binary surface-water mask. This mask was subsequently used to delineate and extract individual
candidate water objects, providing a comprehensive map of generic surface waterbodies across
Rondonia that served as the foundation for identifying potential aquaculture ponds in later stages
of the framework.

A.2 LABELED DATA ORGANIZATION (STAGE 2)

The second stage focused on organizing
and refining the labeled dataset used to

train and validate the classification model. Split Class Fasy Hard Total
A validated database of aquaculture pond Full dataset ~ Positive 2006~ 208 2214
locations, containing more than 11,000 Negative 1998 792 2790
aquaculture ponds across the state of Total 4004 1000  S004
Rond6nia, was provided by the Brazilian Train split ~ Positive 106 108 214
Agricultural Research Corporation (Em- Negative 198 592 790
brapa). These data were manually verified Total 304 700 1004
by Embrapa experts through visual inspec- Testsplit  Positive 1900 100 2000
tion of high-resolution imagery, ensur- Negative 1800 200 2000
ing high positional accuracy and consis- Total 3700 300 4000

tent labeling across diverse landscape con-
texts. The expert-curated dataset served Table 1: Summary of the labeled dataset for aquaculture pond
as ground truth, distinguishing aquacul- detection in Rondénia, Brazil. Samples are classified into
ture ponds from natural and artificial non- easy and hard cases, with positive (fish pond) and negative
aquaculture ponds such as reservoirs, wet-  (non-fish pond) examples.

lands, and small natural lakes. Generic
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waterbodies identified in Stage 1 were intersected with the Embrapa reference database to assign
aquaculture pond or non-aquaculture pond labels. To construct the final dataset, a sample of 5,004
labeled waterbodies was selected, comprising 2,214 positive (aquaculture pond) and 2,790 negative
(non-aquaculture pond) examples. The dataset was divided into training (1004 samples) and test-
ing (4,000 samples) subsets (Table[I)). High-resolution PlanetScope RGB imagery corresponding to
each waterbody was pre-processed, mosaicked into annual composites, and subdivided into 256 x
256 pixel tiles centered on the labeled centroids. Each tile represented an independent observation
used for model training and evaluation. The combination of multi-sensor water detection (Stage 1)
and expert-validated labeling provided a robust dataset that underpinned the subsequent classifica-
tion experiments.

A.3 WATERBODY CLASSIFICATION (STAGE 3)

The final stage of the AISciVision-Aqua framework integrates advanced reasoning and interactive
capabilities to classify each detected waterbody as an aquaculture pond or non-aquaculture pond
(Figure[3). This stage combines an LMM with two main components, VisRAG and domain-specific
interactive tools, to create an Al agent. First, VisRAG retrieves the most visually similar positive
(aquaculture pond) and negative (non-aquaculture pond) examples from the labeled dataset and adds
them to the model’s prompt, which grounds inference on relevant visual context. The LMM then
interacts with expert-designed tools, such as a supervised prediction module and spatial manipula-
tion tools (e.g., zoom and pan), to iteratively refine its understanding of the test image. Through this
interactive process, the model emulates the analytical workflow of human experts, reasoning about
spatial and contextual cues before issuing a classification. The LMM’s interaction is recorded in a
transparent reasoning transcript, which documents the model’s decision-making steps. This design
enables interpretable, reproducible, auditable predictions and bridges the gap between Al-driven
classification and expert-based visual interpretation in remote-sensing applications.

A.4 LARGE MULTIMODAL MODEL (LMM)

To evaluate the role of reasoning and interpretability in aquaculture pond detection, we tested mul-
tiple LMMs within the AISciVision-Aqua framework. These LMMs served as the decision-making
agents responsible for interpreting image context, using the interactive tools, and generating trans-
parent reasoning transcripts. Each model differed in architecture, deployment requirements, and
multimodal capabilities.

The models included in this study are:

* GPT-5 (OpenAl): The most recent LMM from OpenAl, released in 2025. GPT-5 expands
upon the architecture of GPT-40 with enhanced multimodal integration and broader tool-
use capabilities. It supports reasoning across image, text, and structured data while main-
taining compatibility with retrieval-augmented and interactive workflows used in this study.

* GPT-40 (OpenAl): A state-of-the-art proprietary LMM released in 2023 and updated with
a faster, cost-effective version (GPT-40-mini). GPT-40 supports strong multimodal func-
tionality across image, text, and code, which makes it well-suited for visual reasoning and
tool-based interactions within our framework.

* Gemini 2.5 Flash (Google): A commercially available multimodal model released in Febru-
ary 2024. It features long-context support, rapid image processing, and efficient tool inte-
gration. This model is optimized for practical, low-latency applications involving complex
visual inputs.

e LLaMA 3.2 11B and 90B (Meta): Open-source multimodal models released in July 2023,
available in multiple parameter sizes. The 11B and 90B configurations were employed in
this study to evaluate trade-offs between computational efficiency and reasoning capacity.
Both models support local deployment on NVIDIA GPUs. However, they have limitations
in multimodal alignment and tool responsiveness compared to proprietary models.

e CLIP + MLP Supervised (not an LMM): As a non-generative baseline, we also used a stan-
dard supervised architecture combining a CLIP image encoder (Radford et al., [2021)) with
a multi-layer perceptron (MLP) for binary classification. While training this supervised
model, the MLP was updated with standard gradient descent algorithms, but the image
encoder was not updated. This supervised model does not support reasoning or transcript
generation and was included for performance benchmarking.
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Each LMM was provided with the same visual prompt structure and set of interactive tools. Their
task was to classify each input image and generate a natural-language transcript of their reason-
ing process. The selection of models allows comparison between purely predictive (CLIP + MLP
Supervised) and interpretable approaches (LMMs), as well as open-source and proprietary LMMs.

A.5 VISUAL RETRIEVAL-AUGMENTED GENERATION (VISRAG)

To adapt a general-purpose LMM for scientific image classification during inference, we enrich the
LMM’s prompt with images that are relevant to the given test image. We call this the VisSRAG com-
ponent. First, all training images are encoded into a shared embedding space. Let D = {z;, y; }}¥;
represent a binary-labeled training set of size N, where 2; € R”*"W>C i5 an image (of height H,
width W, and C number of channels) and y; € {—1,1} is its corresponding label (y; = 1 if the
image contains an aquaculture pond and —1 otherwise). Each image x; is mapped to an embedding
e; = ¢(x;) € R? using an embedding model ¢ : X + R?. This embedding model could be a pre-
trained image encoder, such as CLIP (Radford et al.|[2021)), which ensures that images with visually
similar content are mapped to similar embeddings.

The embeddings are then partitioned into two sets, which are used to enrich the LMM’s prompt:

Et ={e; |y =1} (positive examples)
E™ ={e;|yi=—-1} (negative examples)

During inference, an input test image ' is embedded as ey = P(Z(es). The most similar positive
and negative embeddings are retrieved by computing the cosine similarity between the test image
embedding e,y and all embeddings in £ and E~, respectively. The most similar positive ;" and

sim
negative e embeddings are defined as:

+ _ . - —_ .
Cim = AIE.. cp+ COS(erest, €5)  and ey = arg, o p- cos(Cest; €4)

where cosine similarity is computed as:
Erest * €4

COS Crest, €i) = o
( testy 1) ||€test||||ei||

The images x;’m and g, , corresponding to the embeddings e;i*m and e ), are subsequently added
to the LMM’s prompt. This VisRAG component enables the LMM to leverage examples relevant
to the current domain-specific classification task that it may not have encountered during general
pre-training. This grounds the LMM’s reasoning and predictions within the context of domain-
specific classification tasks. By incorporating both positive and negative examples, the VisSRAG
approach enhances the model’s accuracy and context-aware inference capabilities while preserving

the classification task’s inherent structure.
A.6 INTERACTIVE TOOLS FOR ENHANCED MODEL PREDICTIONS

We leverage interactive tools specifically tailored to detect aquaculture ponds, enabling the LMM
to refine its predictions by using these tools. These tools mimic how domain experts analyze, in-
spect, and interpret satellite imagery to classify aquaculture ponds. By interacting with these tools,
the AISciVision-Aqua framework operates as an interactive Al agent, making informed decisions
specific to aquaculture monitoring.

In this framework, a tool T is defined as a function that operates on images X, with outputs either
as modified images X or as a real-valued scalar in R. Specifically, T'(x) can either modify an input
image = € X into an enhanced image 7'(x) € X or return a numeric result 7'(z) € R. For example,
the PredictAquaculturePondTool utilizes a deep learning model that predicts the probability of
an aquaculture pond being present in the input image: Ty (z) = Pr[z; 6], where 6 represents the
parameters of the model.

Additionally, tools such as ZoomInTool, ZoomOQOutTool, and PanDownTool allow spatial manipu-
lation of images to enhance the model’s understanding of specific regions. For example, PanDown-
Tool shifts the view downward relative to the current position, allowing the model to explore adjacent
areas incrementally, and ZoomInTool narrows the focus on the center of the current view, improving
the detection of fine features.
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For aquaculture pond detection, a set of tools T" = {T1,..., Tk} was defined, with descriptions
provided in natural language as prompts to the LMM. During inference, the model can request the
output of any tool T; € T'. The AlSciVision-Aqua framework interprets this request and provides
the tool’s output, either as a transformed image or a numeric result described in text to the model.
The LMM can interpret such visual and textual tool outputs to contextualize the input image with
the tool. Importantly, the model can interact with multiple tools for each input test image.

This iterative use of interactive tools enables the LMM within the AISciVision-Aqua framework
to refine predictions in a context-aware manner. Such a strategy not only improves classification
accuracy, but also generates a transcript of the agent’s reasoning. The transcript enhances trans-
parency and interpretability of the AlISciVision-Aqua framework. This iterative process emulates
the approach of human experts analyzing complex satellite imagery.

A.7 INTERPRETATION KEYS

The set of interpretation keys reflects the criteria currently used by experts from Embrapa to manu-
ally identify aquaculture ponds in high-resolution satellite imagery (Table[2)). These visual cues and
contextual elements are part of their routine analytical workflow and were formally systematized to
guide both expert annotation and Al model validation in this study. The keys were used to define the
visual and contextual criteria for distinguishing aquaculture ponds from other land and water fea-
tures in complex Amazonian landscapes. These criteria informed the design of AISciVision-Aqua’s
reasoning and decision structure by specifying the attributes, spatial cues, and contextual relation-
ships that the model was instructed to consider when interpreting imagery, thereby operationalizing
expert knowledge within the system.

Key Description

Shape Water surfaces arranged in characteristic forms—typically rectangular, square, or circular.

Texture  Smooth appearance resembling water blades; may appear wavy depending on pond use.

Color In false-color compositions: black, brown, or various shades of green and gray.

Pattern  Repetition of geometrically similar ponds or aligned structures.

Context  Presence of aquaculture-specific elements such as water supply streams, feed sheds, flat areas,
hapas, and aerators.

Table 2: Interpretation keys used by aquaculture experts from Embrapa Fisheries and Aquaculture to identify
fish ponds in high-resolution satellite imagery. These keys, based on shape, texture, color, pattern, and contex-
tual elements, summarize the visual cues that guided expert annotation and informed the reasoning and decision
process of the AlSciVision-Aqua framework.

B ADDITIONAL RESULTS

B.1 CLASSIFICATION RESULTS FOR “EASY” AND “HARD” EXAMPLES

AlSciVision-Aqua outperformed the baseline model (i.e., CLIP+MLP) across both easy and hard
aquaculture pond detection tasks, exhibiting substantial improvements in almost all evaluated met-
rics (Table [3). For easy examples, overall accuracy increased from 0.78 to 0.92, while the F1-score
rose from 0.74 to 0.92. These improvements were primarily driven by a marked increase in recall,
from 0.60 to 0.89, indicating a higher proportion of correctly identified ponds, with only a modest
decrease in precision from 0.97 to 0.95. In the case of hard examples, AISciVision-Aqua achieved
even more pronounced gains. The F1-score increased from 0.49 to 0.77, and recall more than dou-
bled, rising from 0.35 to 0.81, reflecting the model’s enhanced sensitivity in complex detection
scenarios. Although precision declined from 0.81 to 0.74, the trade-off resulted in a significantly
higher detection rate of true ponds. Accuracy also improved from 0.76 to 0.84, underscoring the
model’s capacity to generalize effectively across heterogeneous landscape contexts. These results
demonstrate the robustness of AISciVision-Aqua in detecting aquaculture ponds under varying lev-
els of visual complexity.

B.2 INTERACTIVE INFERENCE AND REASONING LOGS

A distinguishing feature of the AISciVision-Aqua framework is its ability to generate step-by-step
reasoning logs, also referred to as transcripts, that document the model’s full decision-making pro-
cess during classification tasks. These transcripts were created in real time as the model evaluated
satellite imagery, capturing not only the final classification (e.g., presence or absence of aquaculture
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Supervised AlISciVision-Aqua

Full test dataset 4000 images  Accuracy 0.78 0.91
Fl1 0.73 0.91
Precision 0.96 0.94
Recall 0.58 0.89
Easy 3700 images Accuracy 0.78 0.92
Fl1 0.74 0.92
Precision 0.97 0.95
Recall 0.60 0.89
Hard 300 images Accuracy 0.76 0.84
Fl1 0.49 0.77
Precision 0.81 0.74
Recall 0.35 0.81

Table 3: Performance comparison of the CLIP+MLP supervised and AISciVision-Aqua models on easy and
hard image subsets, evaluated across accuracy, F1-score, precision, and recall.

ponds) but also the intermediate reasoning steps, tool usage, and visual justifications. Each tran-
script begins with the model assuming the role of an expert, using interpretation keys aligned with
expert protocols (Section [A.7). It then proceeds through a sequence of tool interactions, such as
zooming, panning, or invoking a predictive probability model, describing observations and updating
its confidence after each step. For example, the model may initially have low confidence due to an
irregular water shape, but then increase its likelihood estimate upon detecting geometric patterns
or aquaculture-related infrastructure during subsequent zoom or pan operations. The final output
includes a binary decision, offering a transparent audit trail of the model’s internal logic. These
transcripts are particularly valuable for expert validation and stakeholder trust, as they reveal why
a prediction was made, rather than simply what was predicted. This contrasts sharply with tradi-
tional black-box models, which lack such interpretability. The transcripts also allow researchers and
practitioners to identify failure modes, edge cases, and reasoning biases, helping guide future model
refinement and targeted data collection. Representative transcripts are provided as Appendix [C] il-
lustrating a range of classification scenarios, including both correct and incorrect predictions, across
varying levels of image complexity and ambiguity.

B.3 MODEL AGREEMENT AND DISAGREEMENT ACROSS LABELED PONDS

The comparison between AlSciVision-Aqua and the CLIP+MLP supervised baseline model reveals
distinct patterns of agreement and disagreement across aquaculture and non-aquaculture ponds (Fig-
ure [3). For labeled aquaculture ponds (a), AISciVision-Aqua generally shows stronger agreement
with ground-truth labels, with a higher number of correct predictions. Importantly, AISciVision-
Aqua correctly classifies several challenging cases (Figure [} triangles) that the supervised model
misclassified, underscoring its ability to generalize better to ambiguous ponds such as those with ir-
regular shapes or partial vegetation cover. For labeled non-aquaculture ponds (b), both models show
broadly similar performance, with most predictions aligning with the true negative class. How-
ever, some hard examples reveal that AISciVision-Aqua is less prone to misclassifications than the
supervised model, which occasionally assigns high pond-likelihood scores to non-aquaculture fea-
tures. Overall, the AISciVision-Aqua improves robustness in aquaculture pond detection by out-
performing the supervised baseline in difficult cases, while maintaining comparable reliability for
non-aquaculture ponds.

B.4 REPRESENTATIVE EXAMPLES OF CORRECT AND INCORRECT CLASSIFICATIONS

Representative examples across Rondonia highlight the contexts in which AISciVision-Aqua im-
proves upon a supervised baseline and where both approaches face limitations (Figure[6). For pos-
itive cases, both models were generally correct at classifying easy aquaculture pond examples with
clear geometric layouts, but AISciVision-Aqua was superior at identifying hard examples missed
by the CLIP+MLP supervised model. For negative cases, both models consistently rejected promi-
nent non-aquaculture features, such as reservoirs and natural lakes, while AISciVision-Aqua further
reduced misclassification in areas where artificial water bodies mimic pond-like structures. The ex-
amples also illustrate the types of errors that remain challenging to address. False negatives were of-
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Figure 5: Comparison of AlSciVision-Aqua and a supervised model (CLIP+MLP) in classifying aquaculture
ponds (a, blue) and non-aquaculture ponds (b, red). The x-axis represents the AISciVision-Aqua predicted
class (aquaculture pond vs. non-aquaculture pond), and the y-axis indicates the supervised model prediction
score (%). The plot is divided into quadrants based on prediction to show agreement and disagreement between
the models. Circles and triangles denote “easy” and “hard” examples, respectively. Violin plots indicate the
distribution of supervised model probabilities for each AISciVision-Aqua classification, highlighting where the
models converge or diverge. AlSciVision-Aqua correctly identifies many instances where the supervised model
underestimates pond likelihood, particularly for hard examples. For non-aquaculture ponds (right), both models
show broadly similar performance.

ten associated with small or fragmented aquaculture ponds embedded in heterogeneous landscapes,
while false positives arose in environments where natural hydrological features resembled managed
ponds. These patterns suggest that although AISciVision-Aqua is more robust than supervised meth-
ods, persistent ambiguities in complex landscapes underscore the need for continued refinement of
interpretation keys and training data.

AlSciVision-Aqua with Seconds per  Cost in $ per 100
different LMM waterbody waterbodies
Gemini-2.5-Flash 54 $4.16
GPT-40-mini 69 $2.95
GPT-5 173 $7.63
Llama-3.2-11B 125 4 H100 GPUs
Llama-3.2-90B 497 4 H100 GPUs
Supervised model (CLIP+MLP) < 1 sec 1 H100 GPU

Table 4: Computational performance and cost of the AISciVision-Aqua framework using different Large Multi-
modal Models (LMMs). The table reports the average inference time per waterbody and the estimated cost per
100 processed waterbodies. Costs and processing times vary across models according to their size, architecture,
and hardware requirements.

B.5 PERFORMANCE-COST TRADEOFFS ACROSS LMM CONFIGURATIONS

The computational performance and cost of AISciVision-Aqua across LMMs reveal clear tradeoffs
between model complexity, inference speed, and operational scalability (Table[). While larger mod-
els such as GPT-5 and Llama-3.2-90B demonstrate advanced reasoning, they require substantially
longer inference times and higher computational resources, limiting their practicality for large-scale
or near-real-time applications. In contrast, smaller models such as GPT-40-mini and Gemini-2.5-
Flash achieve a practical balance between accuracy, efficiency, and cost, processing one waterbody
in under 70 seconds at less than $5 per 100 samples. Conventional supervised models remain or-
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Figure 6: Representative examples of aquaculture (positive) and non-aquaculture (negative) ponds illustrating
correct and incorrect classifications by AiSciVision-Aqua and the CLIP+MLP supervised baseline model, high-
lighting both the strengths and remaining challenges in distinguishing aquaculture ponds from visually similar
features. Top left: aquaculture ponds correctly identified by both models (circles) and correctly identified only
by AiSciVision-Aqua (squares). Top right: non-aquaculture water bodies correctly classified by both models
(circles) and only by AiSciVision-Aqua (squares). Bottom left: false negatives where both models failed to
detect aquaculture ponds (crosses). Bottom right: false positives where both models incorrectly classified non-
aquaculture features as ponds (crosses).

ders of magnitude faster and cheaper (< 1s per instance), but lack transparency and contextual
reasoning, and perform poorly on complex classification tasks. However, the cost and performance
of LMM-based systems are evolving rapidly, and the accelerating pace of model optimization and
hardware efficiency suggests that these approaches will become increasingly accessible and feasible
for large-scale environmental monitoring in the near future.
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Image ID: 62818
True Class: 0, LMM Prediction: 0 (Probability: 0.05), Supervised Prediction: 0 (Probability: 12.39)

System:

You are an expert in satellite imagery analysis specializing in aquaculture pond detection. Your task is to determine whether a satellite
image contains aquaculture ponds or not. Aquaculture ponds in satellite imagery typically appear as regular, geometric shapes with
distinct water surfaces. They are often arranged in clusters or grids in coastal areas or inland water bodies. Key characteristics to look
for include: 1. Geometric Patterns: Aquaculture ponds are usually rectangular or square in shape, forming distinct geometric patterns.
2. Water Color: The water in aquaculture ponds often has a different color or tone compared to natural water bodies, due to the high
density of organisms and potential algae growth. 3. Surrounding Features: Look for access roads, feeding platforms, or other
infrastructure associated with aquaculture operations. 4. Location: Aquaculture ponds are commonly found in coastal areas, estuaries,
or near rivers and lakes. 5. Size and Scale: The size of aquaculture ponds can vary, but they are typically uniform within a single farm
and arranged in an organized manner. 6. Texture: The water surface of aquaculture ponds often appears smoother than natural water
bodies. Use your knowledge and the tools provided to make an accurate classification of whether aquaculture ponds are present in the
given satellite image.

User:

This is an example of a PlanetScope satellite image with an aquaculture pond. Describe what you see, noting the characteristics that
identify it as an aquaculture pond.

Assistant:

Based on the provided PlanetScope satellite image, | can identify the presence of an aquaculture pond. Here's a description of what |
see and the characteristics that lead to this identification:

Geometric Pattern: The most prominent feature is an elongated, somewhat rectangular body of water located in the upper-middle
to left side of the image. While not perfectly square or rectangular, its edges are distinctly straight and angular, particularly the
longer sides, indicating a man-made, engineered structure rather than a natural water body like a meandering river or an irregularly
shaped lake. There's also a smaller, similarly colored, more triangular/trapezoidal shape adjacent to it, suggesting another
constructed basin.

Water Color/Tone: The water in the pond has a distinct light blue-green hue. This color is often characteristic of aquaculture
ponds, where water quality is managed, and there might be a high density of algae or specific treatments, causing it to appear
different from natural, deeper water bodies (which are typically darker blue) or muddy rivers (which are often brown).



Surrounding Features: The pond is situated within a landscape dominated by green fields, indicative of agricultural or rural land
use. The clear, defined boundaries of the pond against the surrounding land suggest excavation or construction. While not explicitly
visible, the overall context of managed land supports the idea of a cultivated water body.

Texture: The water surface of the pond appears relatively smooth and uniform compared to the more textured surrounding land,
which is typical for calm, contained water bodies.

In summary, the distinct, engineered geometric shape, the specific light blue-green water color, and its placement within an agricultural
landscape are strong indicators that the feature in the image is an aquaculture pond.

User:

This is an example of a PlanetScope satellite image without an aquaculture pond. Describe what you see, noting the absence of
aquaculture ponds and any other relevant features.

Assistant:

This PlanetScope satellite image does not contain any aquaculture ponds. Here's a description of what | observe and the reasons for
this classification:

Absence of Aquaculture Ponds:

+ No Geometric Water Bodies: | do not see any distinct, regularly shaped (rectangular, square, or uniform) bodies of water that
would indicate man-made ponds. The key characteristic of engineered geometric patterns for water features is entirely absent.

« No Distinct Water Color/Texture: There are no areas with the characteristic light blue-green or managed water color often seen in
aquaculture ponds. While there are some darker patches, they do not exhibit the smooth, reflective texture of water.

« No Associated Infrastructure: There are no visible access roads leading directly to pond complexes, feeding platforms, or other
infrastructure typically associated with large-scale aquaculture operations.

Other Relevant Features Observed:

1. Agricultural Landscape: The image is predominantly covered by varying shades of green and brown, indicating an agricultural or
rural landscape. There are numerous fields, some with clear boundaries, suggesting cultivation or pastureland.

2. Cultivated Fields/Land Parcels: In the mid-right and upper-right portions of the image, there are several very dark, distinct
rectangular and square patches. These appear to be cultivated fields or land parcels, possibly with dark soil or a specific type of
dense, dark crop. Their solid, dark appearance and lack of water texture clearly differentiate them from water bodies.

3. Roads/Tracks: Several faint, linear features crisscross the landscape, likely unpaved roads or dirt tracks connecting different
areas.



4. Scattered Structures/Buildings: Throughout the image, particularly in the central area, there are small, bright white specks.
These are likely individual buildings, possibly farmhouses or outbuildings, often clustered together.

5. Natural Vegetation/Trees: There are some darker green, more irregular patches, particularly in the lower-left, which appear to be
natural tree cover or denser vegetation.

6. Irregular Water/Wetland (Bottom-Left): In the bottom-left corner, there's a dark, somewhat irregular-shaped patch that could be a
small, natural pond or a wetland area. However, its irregular shape and lack of distinct, engineered boundaries rule it out as an
aquaculture pond.

In conclusion, the image displays a typical rural or agricultural landscape with fields, roads, and scattered buildings, but lacks any of
the defining characteristics of aquaculture ponds.

User:

Here is the PlanetScope satellite image we need to classify as having an aquaculture pond or not. There might be several water
bodies in the image, but we want to classify the one in the center (with a red mark). Describe what you see and compare and contrast
it with the previous two known examples. Explain your thought process for classifying this image.

Assistant:

Based on the provided PlanetScope satellite image and focusing on the water body marked with the red square in the center, | classify
this image as not containing an aquaculture pond.

Here's a detailed description of what | see, a comparison with the previous examples, and my thought process:
Description of the Central Water Body (with red mark):

The feature highlighted by the red mark is a body of water. * Shape: Its most striking characteristic is its highly irregular and organic
shape. It has no straight edges, no clear rectangular or square form, and its boundaries appear natural and meandering. There are
several "fingers" or inlets extending from the main body. * Color: The water has a greenish-blue hue, similar to the color seen in the
known aquaculture pond example. This color can be indicative of water with some algal content or specific mineral composition. *
Surroundings: It is situated within a landscape that appears to be a mix of open fields (possibly pasture or fallow land) and scattered
patches of darker vegetation (trees or dense bushes). There are no clear, organized access roads or specific infrastructure directly
associated with this water body that would suggest intensive management for aquaculture.

Comparison and Contrast with Previous Examples:
Comparison with "Aquaculture Pond Present" Example:

« Similarities: Both images show a water body with a greenish-blue color, and both are set in a rural/agricultural landscape.



« Differences: This is where the crucial distinction lies. The known aquaculture pond example clearly displayed geometric,
engineered shapes (rectangular/trapezoidal) with distinct, straight boundaries. The central water body in the current image,
however, is highly irregular and lacks any geometric pattern. This is the primary differentiating factor. The previous
aquaculture pond also appeared more isolated and purposefully constructed within its immediate surroundings, whereas this
one blends more organically with the natural terrain.

Comparison with "Aquaculture Pond Absent" Example:

« Similarities: Both images depict a rural/agricultural landscape with fields, roads, and scattered vegetation. Neither image
shows the large-scale, organized grid patterns of multiple aquaculture ponds. The "absent" example also had a small, irregular
water body in its bottom-left corner, which shares the characteristic of irregularity with the central water body in the current
image.

« Differences: The "absent" example did not have a prominent water body in its center. The current image does, but its
characteristics (irregular shape) align more with natural water features than with man-made aquaculture ponds.

Thought Process for Classification:
My classification process relies heavily on the key characteristics of aquaculture ponds:

Geometric Patterns (Primary Criterion): Aquaculture ponds are almost invariably constructed with distinct, regular geometric
shapes (rectangles, squares, or sometimes circles/ovals if specifically designed, but always with clear, engineered boundaries).
The central water body in this image is decidedly irregular and non-geometric. This is the strongest evidence against it being an
aquaculture pond. It looks like a natural pond, a small lake, or an irregularly shaped reservoir.

Arrangement and Scale: Aquaculture operations often involve multiple ponds arranged in an organized manner. While a single
aquaculture pond can exist, it would still exhibit clear geometric construction. This image shows only one prominent water body of
this type, and its shape does not suggest it's part of a larger, organized aquaculture farm.

Associated Infrastructure: While not perfectly clear at this resolution, there are no obvious dikes, feeding platforms, or dedicated
access roads leading directly to the pond in a way that suggests intensive aquaculture management.

Water Color: While the greenish-blue color is similar to the known aquaculture pond, this characteristic alone is not sufficient for
classification. Many natural ponds, especially those with high algal content or specific mineral compositions, can exhibit similar
colors. The shape is a much more reliable indicator.

Conclusion:

The overwhelming evidence, primarily the highly irregular and non-geometric shape of the central water body, leads me to
conclude that it is not an aquaculture pond. It appears to be a natural water body or a general-purpose, irregularly shaped reservoir,
rather than a pond specifically constructed and managed for aquaculture.

User:

For reference, here's a higher resolution Google Earth image of the same area. The Google Earth image could be from a different
date, that might not represent the pond state of the PlanetScope satellite image. Only use this as supplementary information. The
objective is to classify the center water body of the Planetscope image.



Assistant:

My classification of the central water body (marked with the red square) in the PlanetScope image remains not an aquaculture pond.
Here's a re-evaluation, incorporating the supplementary Google Earth imagery as a hint:
Re-evaluation of the Central Water Body in the PlanetScope Image:

« Shape: As observed previously, the water body highlighted by the red mark in the PlanetScope image has a highly irregular,
meandering, and organic shape. It lacks any straight edges or distinct geometric forms (like rectangles or squares) that are
characteristic of constructed aquaculture ponds.

« Water Color: The greenish-blue color is present, similar to the known aquaculture pond example. However, as noted, this color
alone is not a definitive indicator, as natural water bodies can also exhibit such hues due to algae or sediment.

« Surrounding Features: The immediate surroundings in the PlanetScope image do not clearly show organized infrastructure (like
dikes, access roads, or multiple uniform ponds) directly associated with this specific water body that would suggest an aquaculture
operation.

Using the Google Earth Image as Supplementary Information:

The higher-resolution Google Earth image provides valuable context and confirms details that are less clear in the lower-resolution
PlanetScope image.

Confirmation of Central Water Body's Shape: The Google Earth image clearly shows that the water body at the location of the
red mark is indeed highly irregular and appears to be a natural stream or river segment, possibly widened in places to form
small, natural ponds. Its banks are lined with natural vegetation, and its flow path is organic, not engineered. This strongly
reinforces my initial assessment from the PlanetScope image that this specific feature is not an aquaculture pond.

Identification of Other Water Bodies (Contextual Hint): The Google Earth image also reveals other water bodies in the broader

vicinity:

« To the right of the central irregular water body, there is a larger, somewhat contained pond with a similar greenish-blue color.
While its shape is not perfectly rectangular, it appears more defined than the central one.

« Crucially, further to the bottom right of the Google Earth image, there are two very clear, distinctively rectangular water
bodies. These features perfectly match the characteristics of aquaculture ponds: geometric shape, uniform size, and likely part
of a managed system.

Thought Process for Final Classification:

My objective is to classify the specific water body in the center (with a red mark) of the PlanetScope image.



1. Primary Criterion (Geometric Shape): The most critical characteristic for identifying aquaculture ponds is their geometric,
engineered shape. The water body marked in the center of the PlanetScope image unequivocally lacks this characteristic. It is
irregular and appears natural.

2. Supplementary Confirmation: The higher-resolution Google Earth image serves to confirm this observation. It shows the marked
water body as part of a natural, meandering watercourse, reinforcing its non-aquaculture nature.

3. Distinguishing from Other Features: While the Google Earth image reveals other water bodies in the scene that are highly likely
to be aquaculture ponds (the rectangular ones in the bottom right), the question specifically directs me to classify the central,
marked water body in the PlanetScope image. It's important not to let the presence of other aquaculture ponds in the broader
scene (revealed by higher resolution) override the classification of the specific feature in question based on its own characteristics
in the target image.

Therefore, despite the presence of other potential aquaculture ponds elsewhere in the broader area (as seen in the Google Earth
image), the specific water body marked in the center of the PlanetScope image does not exhibit the defining geometric
characteristics of an aquaculture pond. It appears to be a natural water feature.

Final Classification: The PlanetScope satellite image, focusing on the water body in the center (with a red mark), does not contain
an aquaculture pond.

User:

You have access to the following tools to assist in your analysis: - PredictAquaculturePondTool: Tool Name:
'PredictAquaculturePondTool' Description: Predicts the probability of an aquaculture pond being present in the image using a machine
learning model. This tool is particularly helpful when you need a quantitative assessment of the likelihood of aquaculture pond
presence in the satellite image. The model has been trained on various satellite images of aquaculture ponds and provides a
percentage probability. However, please note that the model can be wrong or inaccurate, especially in complex or ambiguous cases.
It's important to use this tool's output as one piece of evidence among others, and not rely on it exclusively for your final decision. -
PanUpToolRelative: Pans the view upwards relative to the last image seen. - PanDownToolRelative: Pans the view downwards
relative to the last image seen. - PanLeftToolRelative: Pans the view to the left relative to the last image seen. - PanRightToolRelative:
Pans the view to the right relative to the last image seen. - ZoomInToolRelative: Zooms in on the center of the current view relative to
the last image seen. - ZoomOutToolRelative: Zooms out from the current view relative to the last image seen.

You have 4 opportunities to use these tools. You are encouraged to use at least 3 tools to gather sufficient information. While it's good
to conclude early if you're certain about the classification, the most important thing is making the correct prediction. Feel free to use
more tools if you need to increase your confidence.

If you want to use a tool, explain how it will assist your analysis, then respond with the tool name in square brackets, like this:
[ToolName], or if you are finished, respond with "[FINISHED]".

Remember, your goal is to accurately classify whether the image shows aquaculture ponds or not. If you do use a tool, you will see the
result of the tool immediately, and you should briefly, 1-2 sentences describe any new insights from the tool, and your thoughts on the
classification.

After each tool use, end your thought with brackets in the format {Yes:yesPercent,No:noPercent} to indicate your current
confidence/prediction. For example, {Yes:70,No:30} would indicate 70% confidence in the presence of aquaculture ponds and 30%
confidence in their absence. Note that this is not your final prediction.

Then you will be asked again if you want to use a tool or are finished.

Assistant:

| have analyzed the image and the central water body. My current assessment is that it is not an aquaculture pond due to its irregular,
natural shape, as opposed to the geometric shapes typical of aquaculture ponds. | will use the Pr edi ct Aquacul t ur ePondTool to
get a quantitative assessment from the machine learning model, which will provide an additional data point to consider.

[PredictAquaculturePondTool] {Yes:10,No:90}



User:

The probability of an aquaculture pond being present in this image is 12.39%. (Percentage out of 100%) Please note that this model
has been trained on a limited dataset and its predictions can be inaccurate. Use this information as a guideline rather than a definitive
prediction.

You have 3 rounds left. You may now choose another tool or indicate you're finished. Respond with ONLY [ToolName] to use a single
tool, or [Finished] if you're done. Do not include multiple tool names or any other text in brackets. If you want to reference the last tool
you used, simply write its name without brackets. After choosing a tool or indicating you're finished, provide your confidence in the
presence of aquaculture ponds in the format {yes:PercentYes,no:PercentNo}. Then, explain why you are picking this tool or finishing,
and how it relates to your current assessment of the image.

Assistant:

The Pr edi ct Aquacul t ur ePondTool returned a low probability (12.39%) for the presence of an aquaculture pond, which aligns
with my visual assessment based on the irregular shape of the central water body. To further confirm the nature of the water body and
its surroundings, | will try to zoom in to get a closer look at its boundaries and any potential subtle infrastructure that might not be clear
at the current resolution.

[ZoomInToolRelative] {Yes:15,N0:85}

User:
The view has been zoomed in, providing a closer look at the current view. New zoom level: 17

You have 2 rounds left. You may now choose another tool or indicate you're finished. Respond with ONLY [ToolName] to use a single
tool, or [Finished] if you're done. Do not include multiple tool names or any other text in brackets. If you want to reference the last tool
you used, simply write its name without brackets. After choosing a tool or indicating you're finished, provide your confidence in the
presence of aquaculture ponds in the format {yes:PercentYes,no:PercentNo}. Then, explain why you are picking this tool or finishing,
and how it relates to your current assessment of the image.

Assistant:

The Zoom nTool Rel at i ve provided a higher-resolution view (from Google Earth), which strongly confirmed that the central water
body is highly irregular and appears to be a natural stream or river segment, not a geometrically constructed pond. This reinforces my
initial assessment and the low probability from the Pr edi ct Aquacul t ur ePondTool . | am confident in my classification.



[FINISHED] {Yes:5,N0:95}

User:

Based on your analysis and the tools used, please provide your final classification regarding the presence of an aquaculture pond in
the satellite image. Provide a brief explanation for your decision, including key observations and any tool results that influenced your
conclusion. Consider the shape, color, and arrangement of water bodies, as well as any surrounding infrastructure that might indicate
aquaculture activity. At the end of your response, you must provide your classification in the following format:
[Yes:PercentYes,No:PercentNo], where PercentYes is the probability you think it is an aquaculture pond, and PercentNo is the
probability you think it is not an aquaculture pond. These percentages must sum to 100%. To break ties, always assign at least 51% to
one category. For example, [Yes:75,No:25] indicates 75% certainty of an aquaculture pond's presence, while [Yes:49,No:51] indicates
51% certainty of its absence.

Assistant:

Based on my analysis of the PlanetScope satellite image, focusing specifically on the central water body marked with the red square, |
classify this image as not containing an aquaculture pond.

My decision is primarily driven by the following key observations and tool results:

1. Geometric Patterns: The most critical characteristic of aquaculture ponds is their distinct, engineered geometric shapes (typically
rectangular or square). The central water body in the PlanetScope image, and further confirmed by the higher-resolution Google
Earth image (obtained via Zoonl nTool Rel at i ve), exhibits a highly irregular, meandering, and organic shape. It clearly
appears to be a natural stream or river segment, possibly widened in parts, rather than a man-made, geometrically constructed
pond.

2. Water Color: While the water has a greenish-blue hue, similar to the known aquaculture pond example, this characteristic alone is
not sufficient for classification. Many natural water bodies can display similar colors due to algae or sediment. The shape remains
the dominant distinguishing factor.

3. Surrounding Features and Infrastructure: There is no visible evidence of organized infrastructure directly associated with this
specific central water body that would indicate intensive aquaculture operations, such as clear dikes, feeding platforms, or a
systematic arrangement of multiple uniform ponds.

4. PredictAquaculturePondTool Result: The machine learning model, when queried with Pr edi ct Aquacul t ur ePondTool ,
returned a low probability of 12.39% for the presence of an aquaculture pond. This quantitative assessment aligns with and
supports my visual interpretation.

In conclusion, the lack of geometric shape, combined with the supporting evidence from the higher-resolution imagery and the
machine learning model's prediction, leads me to confidently classify the central water body as not being an aquaculture pond.

[Yes:5,N0:95]
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