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ABSTRACT

Real-time analysis and prediction of meteorological anomalies protect human lives
and infrastructure. Traditional methods rely on numerical threshold setting and
manual interpretation of weather heatmaps with Geographic Information Systems
(GIS), which can be slow and error-prone. Our research redefines Meteorological
Anomalies Analysis(MAA) by framing it as a Visual Question Answering (VQA)
problem, thereby introducing a more precise and automated solution. Leveraging
Vision-Language Models (VLM) to simultaneously process visual and textual data,
we offer an effective aid to enhance the analysis process of weather heatmaps. Our
initial assessment of general-purpose VLMs (e.g., GPT-4-Vision) on MAA revealed
poor performance, characterized by low accuracy and frequent hallucinations due
to inadequate color differentiation and insufficient meteorological knowledge. To
address these challenges, we introduce ClimatelQA, the first meteorological
VQA dataset, which includes 8,760 wind gust heatmaps and 254,040 question-
answer pairs covering four question types, both generated from the latest climate
reanalysis data. We also propose Sparse Position and Outline Tracking (SPOT),
an innovative technique that leverages OpenCV and K-Means clustering to capture
and depict color contours in heatmaps, providing ClimateIQA with more accurate
color spatial location information. Finally, we present Climate-Zoo, the first
meteorological VLM collection, which adapts VLMs to meteorological applications
using the ClimateIQA dataset. Experiment results demonstrate that models from
Climate-Zoo substantially outperform state-of-the-art general VLMs, achieving an
accuracy increase from 0% to over 90% in MAA verification.

1 INTRODUCTION

Meteorology is essential for disaster preparedness, agricultural planning, and climate resilience,
as it encompasses the study of weather patterns, climate change, and severe weather events. One
important task in meteorology is Meteorological Anomalies Analysis (MAA), which includes both
anomalies detection and interpretation. MAA has become increasingly urgent due to the rise in
these events driven by global warming. Traditionally, MAA relies on numerical threshold setting
and manual analysis of weather anomaly heatmaps, which visualize data such as temperature, wind
speed, and precipitation (Wunsch et al., 2022). Nonetheless, traditional methods using Geographic
Information Systems (GIS) to analyze these heatmaps often require manual work, making the process
time-consuming and error-prone.

In recent years, Al has advanced in processing large datasets and accelerating meteorological tasks.
Machine learning models, such as Convolutional Neural Networks (CNNs), have been used for
weather prediction and anomalies detection. Yet they mostly use numeric data and often yield
low accuracy (Fang et al.,[2021)). Large Language Models (LLMs), such as ChatClimate (Vaghefi
et al}2023), ClimateGPT (Thulke et al.| [2024), and ClimSight (Koldunov & Jung| 2024), excel at
generating textual weather reports but struggle with interpreting visual data, which are an essential
part in MAA.

Although General Vision-Language Models (VLMs) such as GPT-4-Vision (Achiam et al.,[2023)),
Qwen-VL (Bai et al., 2023), and LLaVA 1.6 (Liu et al., |2024a) have broad abilities in visual
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Figure 1: Comparative Analysis of Visual Chat and Reasoning Abilities in Meteorological Anomalies
Analysis. Regions marked in yellow indicate strong breezes, red indicates hurricanes, and green
indicates moderate breezes. In the conversation, hallucinations are marked in blue, refusal-to-answer
responses are marked in red, and accurate responses are marked in green.

question answering, they struggle with MAA. Our case study (Fighre 1) and initial assessment
(Figure[2) demonstrate that these models often make mistakes when interpreting meteorological
heatmaps. Three common issues observed are color misidenti cation, incorrect and irrelevant
responses (hallucinations), and incomplete answers. A potential solution to these issues is to ne-tune
VLMs using specialized meteorological data. However, prior meteorological datasets, for example,
Extremeweathel (Racah et al., 2017) and ClimS$im (Yu &t al.,|2024), primarily focus on numeric
analysis of anomalies detection. The lack of relevant guidelines and prior work leaves researchers
with little guidance on creating effective images and Question-Answering pairs for MAA. To this
end, our research uses a novel approach to identify issues underlying the poor performance of VLMs
on MAA and propose potential solutions. The contributions of this work are:

1. We identify a set of issues and corresponding solutions for improving VLMs performance in heat
map-based MAA. These ndings can serve as a baseline framework for future efforts in this eld.

2. We propose a novel method, Sparse Position and Outline Tracking (SPOT), to detect anomalies
and obtain spatial information on colored regions in meteorological heatmaps. SPOT uses K-Means
(Krishna & Murty,[ 1999) to obtain color representations (Figyre 3). Experiments show that color
spatial location obtained via SPOT has a 100% accuracy.

3. We release the rst meteorological VQA dataset, ClimatelQA. It consists of 8,760 high-resolution
images and 254k instruction samples. Compiled from ERAS (Hersbach|et all, 2020) reanalysis data,
data processed by SPOT, geography knowledge bases (Prodramme, 2019; Institute, 2018), and the
Beaufort Scale (Monmonigr, 2005), ClimatelQA is designed to train VLMs to identify anomalies, as
well as interpret and describe meteorological heatmaps.

4. We introduce Climate-Zoo, the rst collection of meteorological VLMs built upon state-of-the-art
VLMs (e.g., Qwen-VL-Chat (Bai et al., 2023), Llava 16 (Liu et al., 2024a), and Yi{VL (Young

et all, 2024)). Climate-Zoo substantially outperforms existing models on meteorological heatmap
anomalies interpretation and can effectively localize areas of anomalies, setting a new benchmark for
meteorological Al tools.

2 RELATED WORK

2.1 VISION LANGUAGE MODELS AND VISUAL QUESTION ANSWERING

The integration of visual and textual data has led to the development of advanced VLMs, which
typically build upon the capabilities of text-only LLMs, such as GPT-4 (Achiam et al., 2023),
LLaMA (Touvron et al., 2023), Gemini (Team et al., 2023), and Claude (Anthropic, 2024). Notable
developments in VLMs include GPT-4-vision (Achiam et al., 2023), Qwen-VL (Bai et al., 2023), and
LLaVA (Li et al., 2024), which have substantially enhanced the ef ciency of VQA tasks. These tasks
require models to comprehend and respond to information and questions in both visual and textual
formats.
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Figure 2: Result of the Initial Assessment via Prompt-Tuning GPT-4-Vision. Sentences in red mark
inaccurate responses, sentences in orange and black mean surprising ndings (patches and geography
coordinates), and sentences in green mark accurate answers.

To enhance model performance in VQA, researchers have adopted advanced methods for visual
feature extraction (Zheng et al., 2023), developed robust model architectures (Liu et al., 2024a), and
explored innovative learning paradigms (Chen et al., 2024). Despite these advancements, VQA tasks
continue to face challenges, such as the occurrence of hallucinations (Bai et al., 2024), often stemming
from issues like data quality and visual uncertainty (Leng et al., 2023). Addressing these issues
highlights the critical need for high-quality datasets and effective strategies to mitigate challenges in
VQA tasks.

2.2 Al FOR METEOROLOGY

The integration of Al in meteorology has seen many applications, such as employing Al for long-
term weather prediction (Lam et al., 2022), typhoon trajectory forecasting (Bi et al., 2022), and
weather classi cation (Dalal et al., 2023). Models like Pangu-weather Bi et al. (2023), Fengwu Chen
et al. (2023), and NeuralGCM Kochkov et al. (2024) are outstanding. The advent of LLMs like
ClimSight (Koldunov & Jung, 2024), ChatClimate (Vaghe et al., 2023), Arabic Mini-ClimateGPT
(Mullappilly et al., 2023), and ClimateGPT (Thulke et al., 2024) has broadened the scope of textual
data processing in meteorology. These models have been instrumental in assimilating general
meteorological knowledge related to climates, answering common queries, and offering insights.
However, these models predominantly rely on textual data. This becomes particularly limiting
when addressing complex challenges such as the analysis of anomalies distributions in heatmap,
where textual data alone proves inadequate and prone to inaccuracies, often leading to serious
hallucinations (Bulian et al., 2023). Meteorologists often need to interpret data from satellite images
(Liu et al., 2024b), radar (Guastavino et al., 2022), heatmaps (Lee et al., 2024), and isobaric maps
(Xu et al., 2024) to make accurate assessments. Nonetheless, there remains a lack of VLMs capable
of interpreting such visual meteorological data.

3 INITIAL ASSESSMENT OFGPT-4-VISION

Among various VLMs, GPT-4-Vision (Achiam et al., 2023) has demonstrated exceptional capabilities

in understanding and generating visual and textual content (Singh et al.). We began with an in-depth
evaluation of its ability to identify and localize red regions in heatmap images, indicating areas
like high wind speed, temperatures, or signi cant weather metrics, aiming to pinpoint areas for
enhancement based on its limitations. Four experiments were designed for this assessment (Figure 2):

1. Direct Red Region Identi cation: We tested the VLM's ability to identify red regions directly,
without guidance, to evaluate its color perception and localization capabilities.

2. Two-Step Color Identi cation: After observing potential color confusion in the rst experiment,
the process was altered to rst list all colors in the image, then identify red regions speci cally,
improving the accuracy of color recognition.
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Figure 3: Dataset Creation Process. Images were processed using SPOT to extract color contours
(marked in blue) and representative point coordinates (marked in purple), such as (-40, 65). The
extracted data were integrated into geographic knowledge bases to retrieve location-speci c informa-
tion. These data, including location, coordinates, and wind speed, were then input into prede ned
guestion-and-answer templates, resulting in the generation of 254,040 question-answer pairs. The
nal dataset, ClimatelQA, pairs these QA pairs with 8,760 images, enabling comprehensive climate-
related visual question answering.

3. Grid-Based Color Identi cation: To capture ne-grained details, we implemented a grid-based
method, dividing images into@& 6 grid, each with geographic details. The model identi ed all
colors which are present in the cell and then located the red-colored regions, evaluating the model's
ability to capture local color information and its impact on localization accuracy.

4. Image Segmentation and Combined Analysis: Employing image segmentation via the PIL toolkit
(Umesh, 2012), we divided the input image into sub-images and tasked the VLM with analyzing both
the overall and segmented images. The results were then combined for a comprehensive interpretation,
aiming to improve the completeness and accuracy of the model's responses.

The results varied across experiments. In Experiment 1, GPT-4-Vision struggled with direct identi -
cation of red regions, inaccurately marking locations such as "Across central Asia". Experiment 2
showed improvement with correct identi cations, though responses were incomplete and the recall
rate was just 5%. Experiment 3, the grid-based approach, better-captured details like patches but had
inconsistent performance across different images, with an average accuracy of 7%. Experiment 4
utilized a segmented and combined analysis approach, yielding the most accurate results among our
trials. The model successfully identi ed sub-image colors and provided more detailed interpretations,
including speci ¢ geographic coordinates and thorough annotations. Despite these improvements,
the responses were still incomplete, with an average recall rate of only 12%. Additionally, similar to
Experiment 3, erroneous results occurred when segmented image analysis led to incorrect color judg-
ments. The increased number of generated answers correlated with a higher error rate, highlighting a
critical area for further enhancement.

Overall, these experiments highlight areas for improvement in VLMs, particularly in addressing color
confusion and enhancing geographical knowledge. Despite improvements in image segmentation and
combined analysis, further re nements are necessary for more accurate and reliable performance in
identifying and localizing colored regions in images.

4 CLIMATE IQA DATASET CREATION

As shown in Figure 3, we ensured the reliability of the image sources and developed a new method
for accurately extracting color and position information from the images.
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4,1 DATA COLLECTION AND PRE-PROCESSING

Our meteorological data were derived from the ERAS5 hourly dataset on single levels. ERA5, produced

by the European Centre for Medium-Range Weather Forecasts (ECMWF) (Hersbach et al., 2020),
provides comprehensive global climate and weather records since 1940. This dataset is created using
data assimilation techniques that integrate model outputs with observational data, enhancing accuracy
by reconciling forecasts with new observations every 12 hours. For this study, we selected hourly
wind gust data for 2023. Due to the complexity of wind gust heatmaps, which contains two times
colors than precipitation or temperature heatmaps, wind gust data is especially representative for
identifying anomalies. The method developed with wind gust data can be conveniently extended in
the future to analyze less complex heatmaps, such as heatmaps for heatwaves, droughts, and heavy
precipitation.

To classify wind speeds, we employed the Beaufort Scale (Monmonier, 2005), a widely recognized
system that quanti es wind speed by observing its impact at sea or on land. The Beaufort Scale
categorizes wind speeds from 0 to 12, with each level associated with a speci ¢ wind speed range
and descriptive physical conditions. In our analysis, each wind force level is represented by a
unique color gradient, starting from white for the lowest wind speeds and progressing through light
cyan, aquamarine, light green, light lime green, light lemon yellow, light yellow, peach, light coral,
salmon, deep pink, and dark magenta, culminating at dark purple for the highest wind speeds. In
meteorological research, Beaufort scale level 8 (20.8 m/s) is commonly used to demarcate extreme
weather conditions Radindvi& Curic (2014); Weaver et al. (2021). Therefore, we marked colors
after "peach" as anomalies in the heatmaps. To facilitate the geographical localization of anomalies,
we superimposed a world map onto each heatmap.

To extract and compile color information from meteorological heatmap images, we developed a
method called "SPOT" (Sparse Position and Outline Tracking). Here are the process:

1. Color Segmentation: Initially, our SPOT method extracts contours from heatmaps based on
four primary colors: red, yellow, white, and green, using OpenCYV as the color lter (Culjak et al.,
2012). We obtain the contour coordinates of each color region to address the issue of irregular shapes
often encountered in heatmaps. This process is iterated twice to ensure accuracy, selecting the best
segmentation result to mitigate errors.

2. Representative Point SelectionGiven the large volume of contour coordinate data, we represent
each color region's geographical location and distribution shape using a minimal set of points. We
start by determining the number of points needed based on the area of each color region within the
image. To tackle the challenge of representing irregularly shaped color regions with a few coordinates,
we applied the K-Means clustering algorithm to compute the centroid coordinates for each region.
We set the random state to 0 to ensure reproducibility and eliminate randomness. The number of
clusters (k) is determined by the area of the color regions: Less than 1% of the total area: 1 point.
1%-5% of the total area: 3 points. 5%-10% of the total area: 5 points. More than 10% of the total
area: 10 points.

3. Filtering Outliers: We implemented a rule-based function to ensure all points fall within their
respective color regions. Any points found outside these regions are automatically excluded and
replaced with new points from the nearest valid contour. In a processed heatmap containing 5,448
points, approximately 122 points may fall outside the contour, resulting in an ef ciency rate of about
97.7%. Our method reroutes these outlier points to maintain the robustness and accuracy of the model.
As shown in Figure 3 of our paper, each purple dot precisely represents the spatial location and shape
of the corresponding color region.

As illustrated in Figure 3, each purple dot represents the position and shape of its corresponding color
region. With the help of the SPOT method, we can correctly identify the spatial location of different
color regions with 100% accuracy. The pseudo-code of SPOT is in Appendix 1.

4.2 CREATING INSTRUCTION-TUNING DATA

After identifying the representative points for each color block using SPOT, we indexed the corre-
sponding geographical names of these points coordinates using two geographic databases: the IHO
Sea Areas (Institute, 2018) and the World Bank-approved Administrative Boundaries (Programme,
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Figure 4: Distribution of red and yellow point coordinate data collected by SPOT (left) and the nal
ClimatelQA dataset (right).

2019). The IHO Sea Areas database delineates the boundaries of the world's major oceans and seas,
while the World Bank-approved administrative boundaries database includes international borders,
disputed areas, coastlines, lakes, and a usage guide.

We then designed templates (Table 6) for question and answer generation, ensuring that each question
and answer pair would be generated based on the templates and could be substantiated by the data.
We lled in the blanks of templates with essential information such as speci ¢ locations, coordinates

to systematically generate the corresponding question and answer pairs, forming the instruction-
tuning data. As shwon in Table 6, we divided all the instruction-tuning data into four different
types: (1) Veri cation questions that determine whether a location in the heatmap has anomalies ; (2)
Enumeration questions that list all the places that have anomalies in the whole heatmap; (3) Geo-
Indexing questions that provide the coordinates of a anomalies in the heatmap; and (4) Description
guestions that provide a detailed interpretation of anomalies for the given image.

The development of these four tasks is based on the limitations identi ed during our initial assessment
experiments with VLM in session three. Speci cally, we identi ed that the VLM lacked suf cient
geographic and meteorological knowledge, leading to incorrect answers, inaccurate color localization,
and incomplete responses. To address these issues, we constructed the following four tasks, each
targeting a speci c area of improvement: Veri cation Questions aims to enhance the model's accuracy

in identifying anomalies, which is critical for timely and precise weather forecasting. Geo-Indexing
Questions focuses on improving the model's capability to accurately locate colors within images,
which is essential for correct geographical referencing and the interpretation of meteorological data.
Enumeration Question is designed to enhance the completeness of the model's responses, ensuring that
all relevant aspects of a query are adequately addressed. Description Questions involves generating
comprehensive reports, which are vital for detailed meteorological analysis and communication of
weather-related ndings. Each of these tasks is meticulously crafted to address speci ¢ weaknesses
in VLM, thereby improving its overall performance in anomalies recognition and analysis.

4,3 DATASET STATISTICS

Our approach produced 8,760 high-resolution heatmaps, each measuring 3356 pixels. These
images provide detailed visual representations of global wind patterns. An example of instruction-
tuning data is shown in Figure 6. With geographical names xed (Figure 4), the question type
distribution is as follows: Veri cation Questions (34.5%), List Questions (27.6%), Geo-Indexing
Questions (34.5%), and Description Questions (3.4%). We focused on localizing anomalies, collecting
points in red (wind speeds exceeding 20.8 m/s) and yellow (wind speeds between 10.8-20.7 m/s). Of
the data collected by SPOT, 37% of the points are red, and 63% are yellow.

This process yielded a large-scale instruction-tuning dataset of 254,040 data points. We further split
it into training, validation, and testing sets in a 7:1:2 ratio, with 177,828 instruction samples for
training, 25,404 for validation, and 50,808 for testing. We designate 203k, including both training
and validation data, as ne-tuning dataset.
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Figure 5: Process Supervised Fine-tuning Climate-Zoo.

Meanwhile, as employing a less frequent sampling strategy would mitigate redundancy and enrich
the dataset with more unique information, we also create a ClimatelQA-daily using daily wind gust
data, anchored at 00 UTC. ClimatelQA-daily contains only 365 images and has the same question
type ratio distribution as ClimatelQA.

5 CLIMATE-ZOO: ADAPTING VLM S TO METEOROLOGY

This section details our methods to enhance the performance of VLMs on MAA through prompt-
tuning and supervised ne-tuning with ClimatelQA.

Base models Based on model performance on VLM benchmarks (Goyal et al., 2017; Lu et al.,
2022), we selected three state-of-the-art VLMs as our base models for improvement: Llava-v1.6-
mistral-7b (Liu et al., 2024a), Qwen-VL-Chat (Bai et al., 2023), and Yi-VL-6B (Young et al., 2024).
Llava-v1.6 excels in multimodal understanding, Qwen-VL-Chat in visual dialog tasks, and Yi-VL-6B

in visual reasoning.

Supervised ne-tuning

Supervised ne-tuning involves instructing a pre-trained model to improve its performance on a
speci ¢ task by providing task-speci ¢ information. As depicted in Figure 5, we used 70% of the
data for training, 10% for validation, and 20% for testing. Our strategy included freezing the weights
of the visual encoder and employing a uni ed encoder layer to reduce computational costs and
mitigate over tting risks. This approach is supported by (Khattak et al., 2023), who demonstrated
that pre-trained visual encoders are pro cient at extracting meaningful features. Additionally, the size
of the training dataset signi cantly impacts ne-tuning effectiveness. We conducted experiments with
different dataset sizes (10k, 50k, 100k, and 203Kk) to evaluate the effects on ne-tuning performance
and ultimately selected the best-performing model.

Training details We conducted full-parameter training on three prominent large-scale VLMs: Llava-
v1.6 (7B parameters), Qwen-VL-Chat (7B parameters), and Yi-VL-6B (6B parameters), utilizing the
Swift toolkit for its ef ciency and exibility. In addition to full-parameter tuning, we also ne-tune
these models with Low-Rank Adaptation (LORA) layers to further improve their adaptability. LORA
introduces a low-rank decomposition of the model's weight matrices, allowing ef cient adaptation to
new tasks with minimal additional parameters. By setting the LoRA rank to 8, with an alpha value of
32 and a dropout probability of 0.05, we balance adaptation capacity and computational ef ciency.

To expedite the training process, we employed 8 H100 80G GPUs and utilized Distributed Data
Parallel along with DeepSpeed. The batch size was set to 1, and the learning rate was 0.0001 (1e-4).
The entire experiment was conducted for a single epoch, spanning a total duration of 22 days.
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