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Abstract

As tropical cyclones intensify and track forecasts become
increasingly uncertain, U.S. ports face heightened supply-
chain risk under extreme weather conditions. Port operators
need to rapidly synthesize diverse multimodal forecast prod-
ucts, such as probabilistic wind maps, track cones, and of-
ficial advisories, into clear, actionable guidance as cyclones
approach. Multimodal large language models (MLLMs) of-
fer a powerful means to integrate these heterogeneous data
sources alongside broader contextual knowledge, yet their ac-
curacy and reliability in the specific context of port cyclone
preparedness have not been rigorously evaluated. To fill this
gap, we introduce CyPortQA, the first multimodal benchmark
tailored to port operations under cyclone threat. CyPortQA
assembles 2,917 real-world disruption scenarios from 2015
through 2023, spanning 145 U.S. principal ports and 90
named storms. Each scenario fuses multi-source data (i.e.,
tropical cyclone products, port operational impact records,
and port condition bulletins) and is expanded through an
automated pipeline into 117,178 structured question–answer
pairs. Using this benchmark, we conduct extensive experi-
ments on diverse MLLMs, including both open-source and
proprietary model. MLLMs demonstrate great potential in sit-
uation understanding but still face considerable challenges in
reasoning tasks, including potential impact estimation and de-
cision reasoning.

Code&Dataset —
https://github.com/ChenchenMobility/MLLM-Bench-
CyPortQA

Introduction
Tropical cyclones1 (TCs) are becoming more intense and in-
creasingly threaten U.S. ports, causing closures, infrastruc-
ture damage, and inland transport disruptions that lead to
major economic losses (Li, Zhang, and Wang 2023; Ver-
schuur et al. 2023). Over the past few decades, the number
of cyclones rated Category 4 and Category 5 2 has increased,

*Corresponding authors
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1To be consistent, we use the term tropical cyclones as the offi-
cial designation encompassing hurricanes, typhoons, and cyclones.

2According to the Saffir–Simpson Hurricane Wind Scale, which
classifies cyclones based on sustained wind speeds.

and climate model forecast even stronger storms by the end
of the century (Lipari et al. 2024). Meanwhile, increasing
uncertainty on cyclone paths makes it more difficult for port
operators to adjust operational plans dynamically and imple-
ment timely preparedness to reduce potential infrastructure
damage and economic loss (Feehan et al. 2024).

Existing port-preparedness tools rely on diverse meteo-
rological data sources to estimate storm impacts on opera-
tions and determine port condition bulletins 3, which in turn
regulate vessel movements and facility preparations (USCG
2025). Once a tropical cyclone reaches wind-force thresh-
olds at sea, the National Hurricane Center (NHC) begins is-
suing forecast products at regular intervals, including prob-
abilistic wind-speed maps, twelve-hour wind-forecast ta-
bles, narrative advisories on expected impacts, and graphical
cones of uncertainty depicting possible storm tracks (NOAA
NHC 2025a,b). Based on these products, NOAA (National
Oceanic and Atmospheric Administration) and the USCG
(U.S. Coast Guard) evaluate potential impacts on port op-
erations. The USCG then applies a rule-based framework in
which alerts are triggered when forecast wind speeds exceed
predefined thresholds to determine preliminary operational
decisions. Final port-condition bulletins are issued in con-
sultation with port authorities. While this protocol provides
a structured and actionable approach, it heavily depends on
expert judgment. Additionally, other stakeholders, including
vessel owners, terminal operators, and cargo interests, typi-
cally remain reactive and await official USCG notices before
adjusting their operations (Li, Zhang, and Wang 2023; Bal-
akrishnan, Lim, and Zhang 2022).

Several challenges remain in model-driven real-time deci-
sion support for port preparedness, including improving in-
terpretation of multifaceted forecasts, enhancing estimation
of potential impacts, and ensuring reliability in decision-
making (USCG 2025). Addressing these challenges calls for
methods that can understand and reason over diverse and
evolving data. Addressing these challenges requires models
with robust understanding and reasoning abilities to process
diverse, evolving data. Recent advances in MLLMs have
demonstrated unprecedented capabilities in integrating het-

3The USCG issues port condition bulletins such as Whiskey, X-
Ray, Yankee, and Zulu under 33 CFR § 165.781 (U.S. Government
Publishing Office 2025).
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Figure 1: Port Preparedness Framework under Tropical Cyclones and the CyPortQA Benchmark. (a) The time-evolving port
preparedness in response to TC, highlighting dynamic decision and key preparedness tasks. (b) Scenario-based QA construction
pipeline in CyPortQA, sourcing NOAA TC products, operational performance data and port condition bulletins. (c) Represen-
tative CyPortQA examples across three preparedness tasks: S1 – Situation Understanding, S2 – Impact Estimation, and S3 –
Decision Reasoning, each with corresponding multimodal inputs and question formats.

erogeneous inputs, such as images (Jiang et al. 2025), struc-
tured tables (Sui et al. 2024), and world knowledge (Yu
et al. 2023), into coherent contextual outputs. By reason-
ing jointly across multiple modalities, MLLMs can capture
complex relationships, adapt to incomplete or noisy infor-
mation, and generate actionable insights, making them par-
ticularly promising for high-stakes applications in disaster
management. To date, no study has systematically integrated
dynamic tropical cyclone forecasts with ground-truth port
operational impacts and official USCG port-condition bul-
letins. Without this integration, it is impossible to validate
MLLM outputs against real-world outcomes, preventing in-
depth performance assessment and slowing the development
of automated decision-support tools. Hence, this study aims
to address these gaps through the following contributions:

• Developing structured representations of real-world deci-
sion scenarios for port preparedness by integrating mul-
tisource data (e.g., meteorological forecasts, port opera-
tional impact, and USCG operational bulletins).

• Building on these scenarios, we introduce CyPortQA, the
first multimodal benchmark dataset for port preparedness
under cyclones, offering tasks in situational understand-

ing, impact estimation, and decision reasoning.
• Using CyPortQA, we benchmark diverse MLLMs includ-

ing both open-source and proprietary, assessing their per-
formance and uncovering understanding and reasoning
gaps in realistic cyclone-related port preparedness.

Related Work
Models for Cyclone Preparedness
Models used to estimate physical damage and disruption to
ports caused by tropical cyclones are critical for both pre-
event planning and post-event response within the disaster
cycle (Cai et al. 2025). The NOAA facilitates cyclone pre-
paredness by publishing a suite of forecast models that pro-
vide timely and scientifically grounded predictions of storm
tracks and intensities (NOAA 2025a,c; DeMaria et al. 2013;
NOAA 2025b; Boussioux et al. 2022). It is equally criti-
cal to leverage these public forecast models to inform re-
liable cyclone impact estimation and support rapid decision
making. However, most existing studies focus on long-term
planning rather than real-time operational support. For ex-
ample, Dhanak et al. (2021) developed a simulation-based
resilience assessment tool for strategic disaster planning.
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Wang et al. (2025b) integrated causal inferences into autore-
gressive predictions for cyclone intensity forecasting. While
these approaches offer important insights, they are not de-
signed for dynamic decision support during active cyclone
events. In contrast, Li, Zhang, and Wang (2023) introduced
a recommendation algorithm that models cyclones as users
and ports as items, using historical interactions to predict the
most likely impacted ports. However, this method relies on
static hazard indicators such as maximum wind speed and
minimum distance to the port, rather than real-time mete-
orological data, limiting its usefulness for dynamic opera-
tional decision making. In many cases, port authorities and
terminal operators have to rely on manual interpretation of
multimodal weather forecast products rather than integrating
them into automated decision support systems (Verschuur,
Koks, and Hall 2020).

MLLM in Natural Hazards
Recent advances in MLLMs have demonstrated signifi-
cant potential for natural hazard assessment by integrat-
ing heterogeneous data sources, such as textual reports
and imagery, into a unified reasoning framework (Agarwal
et al. 2020). Existing work has been increasingly applied
MLLMs across three interrelated pillars in natural hazard
response: situation understanding (Hughes and Clark 2025;
Sun, Wang, and Peng 2023), impact assessment (Sun, Wang,
and Peng 2023; Li et al. 2025; Zhou et al. 2021), and de-
cision making (Chen et al. 2024; Yin et al. 2024). Previ-
ous studies have focused on leveraging the multimodal rea-
soning and situational awareness capabilities of MLLMs to
address the immediate needs of hazard detection and emer-
gency response under the impact of earthquakes (Ma et al.
2025), hurricanes (Li et al. 2024a; Zhu et al. 2024), and wild-
fires (Ramesh et al. 2025; Chen et al. 2025). In addition, re-
cent efforts have expanded the scope from a single hazard to
multi-hazard environments (Zhou and Liu 2024; Wang et al.
2025a) that support a comprehensive understanding of cas-
cading effects. Despite these capabilities, the use of MLLMs
in supporting port preparedness under the threat of tropical
cyclones remains largely unexplored.

Methodology
This section presents the construction process of CyPortQA.
As shown in Figure 1(a), the port-preparedness workflow re-
acts to real-time multimodal meteorological releases to as-
sess the evolving situation and reason about potential im-
pacts and regulation strategies. Based on this, We sam-
ple scenarios at key decision time points, pairing each
with its corresponding weather data and operational ob-
servations. All inputs are encoded into a structured JSON
formate, after which QA templates automatically generate
question–answer pairs. This pipeline produces a consistent,
scalable benchmark for evaluating multimodal understand-
ing and reasoning in time-critical, high-stake port prepared-
ness contexts.

Data Sources
NOAA Tropical Cyclone Products NOAA tropical cy-
clone products provide updates every three hours as tropical

Figure 2: Demonstration of NOAA released tropical cyclone
weather products, example data from 2017 Harvey. The data
is organized every 12 hours for port operation analysis.

cyclones move, with time-evolving cyclone information as
well as meteorological conditions. As demonstrated in Fig-
ure 2, the data is organized in a time sequence following
USCG evaluation time and is updated every 12 hours. At
each data update interval, we extract four types of forecast
products: 1) 5-day Track-Forecast Cone with watch/warning
region, a map showing the projected storm path and coastal
alert zones; 2) Tropical-Storm-Force Wind-Speed Probabili-
ties Map, showing the spatial likelihood of damaging winds;
3) Plain-text Tropical Cyclone Public Advisory, summariz-
ing position, intensity, motion, cyclone watches and warn-
ings; and 4) Wind Speed Forecast Probabilities Table, a
fixed-width table listing the forecast wind-speed probabili-
ties at selected locations and time bins.

Together, these maps, tables, and advisories represent the
core information sources that port operators rely on for real-
time situational awareness and decision-making.

Port Operational Performance CyPort collects 2,197
tropical-cyclone exposures affecting U.S. principal ports
from 2015 to 2023 (Kuai et al. 2025). The port operational
performance is represented by the commercial-vessel AIS
(Automatic Identification System) data captured by onboard
navigation-safety devices. For each port’s exposure to a trop-
ical cyclone, CyPort documents commercial-vessel activity
and impact metrics, including the total reduction in vessel
throughput, the onset date of disruption, and the recovery
date when normal operations resume. This record offers a
fine-grained view of how ports react to tropical cyclones,
providing ground-truth data for potential impact estimation
tasks.

Port Condition Bulletins As tropical cyclone approaches,
U.S. Coast Guard (USCG) districts issue different lev-
els of Port-Condition bulletins, WHISKEY, X-RAY, YAN-
KEE, or ZULU that prescribe vessel and facility opera-
tions. We crawled these bulletins from official USCG X (for-
merly Twitter) channels (e.g., @USCG, @USCGNortheast,
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@USCGSoutheast), parsing for each alert the affected
port(s), assigned port condition, release time, and the at-
tached files detailing operational regulations. This informa-
tion captures the regulatory actions faced by ports during
tropical cyclones, serving as a reference for decision reason-
ing tasks. These data record the regulatory actions taken at
time as tropical cyclone approaches.

Together, these three data sources describe real-time port
operation scenarios as tropical cyclone approaching by com-
bining real-time forecasts, observed port performance, and
regulatory actions. They supply real-world test cases, com-
plete with input meteorological data and verified outputs
from ports to rigorously evaluate MLLMs.

Data curation and Scenario Encoding
Tropical cyclone information and port operational perfor-
mances are sampled every twelve hours, starting 108 hours
before the NHC’s declared landfall time and ending at
landfall (Tc). Each sampling step collects NOAA tropical
cyclone products and port condition bulletins, as well as
port operational performance (i.e., CyPort dataset). CyPort
dataset collects 1,927 cyclone–port exposures from 2015 to
2023. The port impact data is highly imbalanced: only about
21% of these exposures lead to port disruption where freight
throughput falls below the historical tenth percentile, and
6% are accompanied by USCG Condition bulletins. To bal-
ance the classes, we retain all 410 exposures with impact on
ports and select an equal number of exposures from ports
within the defined impact buffer that exhibit no significant
disruption to balance the classes (Kuai et al. 2025).

To assess ports’ real-time preparedness responses, we ex-
pand each of the 820 exposures across every 12-hour sam-
pling point with available multimodal weather data, yielding
2,917 scenarios. Each scenario captures a specific cyclone
and port at a certain time before landfall, along with weather
forecasts, port condition bulletins, and port operational im-
pact.

We convert each scenario’s data, including the meteoro-
logical data, API-crawled port bulletins, and CyPort data
records, into a unified JSON format using ChatGPT o3. Do-
main experts then independently cross-checked a random
10% sample of scenarios and found strong alignment with
the automated outputs, verifying the accuracy and reliabil-
ity of the structured representations. Port performance im-
pacts are taken directly from the structured CyPort dataset.
Each JSON record specifies a cyclone identifier, a port iden-
tifier, and the number of hours before landfall, forming the
metadata for our QA pipeline, Appendix 1 lists all scenario
encoding prompts and JOSN template.

Automatic QA Generation
The automatic QA generation process is grounded in a gen-
eralized template framework. For each scenario, we em-
ploy a curated set of 48 QA templates, into which sce-
nario metadata can be systematically inserted to generate
precise QA pairs. Each template is designed to ensure that
the answer can be directly validated from the scenario en-
coding, thereby preserving label accuracy while evaluating
the MLLM’s ability to understand and reason over one or

more input modalities. The resulting QA pairs collectively
span a wide range of tasks aligned with key stages of pre-
paredness: situation understanding (S1), impact estimation
(S2), and decision reasoning (S3).

QA generation runs only when a template’s required fields
are present in a scenario’s encoded JSON. Whenever the cri-
teria are met, the system instantiates the QA pair and adds
it to CyPortQA. Because port-condition bulletins are not
issued in most scenario, S3-type decision reasoning ques-
tions receive sparser coverage. In Table 1, CyPortQA ulti-
mately contains 117,178 QA pairs spanning all stages of the
cyclone-preparedness workflow. To mitigate potential tem-
plate bias, each question was paraphrased into several se-
mantically equivalent variants for consistency testing. QA
templates and paraphrasing details are provided in Appendix
2, and the design criteria for each stage are presented below.

Situation Understanding (S1) Understanding-oriented
QA templates are designed around four key dimensions es-
sential to accurate disaster resilience insights: spatial aware-
ness, temporal understanding, exposure interpretation, and
uncertainty quantification. These dimensions align with
core components of situational awareness during disaster
preparedness and response (Lei et al. 2025).

Spatial awareness items test whether an MLLM can rea-
son about geographic relationships from meteorological
products, such as whether a port lies within a cyclone’s fore-
cast cone or inside a specified wind-probability zone. Be-
cause preparedness is time-critical, the QA templates also
probe temporal understanding (e.g., hours remaining until
landfall). Exposure interpretation templates assess how well
the model gauges a port’s level and seriousness of exposure.
Finally, uncertainty quantification QAs evaluate the model’s
ability to work with probabilistic information, such as esti-
mating the likelihood that a port will be affected.

Impact Estimation (S2) Impact estimation QA templates
are categorized into three distinct subtasks, time of impact,
recovery duration, and impact severity, that examine an
MLLM to fuse evolving weather data with port attributes
and forecast when freight operations will be disrupted, how
long recovery will take, and how intense the disruption will
be. These ground-truth labels are derived from vessel AIS
records within the CyPort dataset, which capture disruptions
in freight activity during tropical cyclones. Potential im-
pact estimation in the benchmark verifies whether MLLMs
can translate evolving weather into freight impact predic-
tions, which helps commercial vessels reroute proactively
and minimize economic loss (Li, Zhang, and Wang 2023).

Decision Reasoning (S3) Decision reasoning is the final
task of the benchmark, encompassing two critical tasks:
determining the appropriate port condition bulletin to is-
sue, and generating port-level operational strategies. These
strategies include restrictions on general vessel traffic,
ocean-going commercial vessels, and port facility operations
as the cyclone approaches. Since ports serve as critical links
in maritime supply chain, post-cyclone decision making re-
quires precise calibration, as both over-reaction and under-
reaction can lead to cascading disasters. Therefore, two ad-
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Task Ability # of QA Input Modality Question Type

S1.1 Spatial Awareness 46507 I / T / X TF / MC / SA
S1.2 Temporal Understanding 40707 I / T / X TF / MC / SA
S1.3 Exposure Interpretation 31885 I / T / X TF / MC / SA
S1.4 Uncertainty Quantification 29066 I / T / X TF / MC / SA

S2.1 Time of Impact 5820 I + T + X SA
S2.2 Recovery Duration 2910 I + T + X SA
S2.3 Impact Severity 8730 I + T + X MC / SA

S3.1 Condition Alert 610 I + T + X MC
S3.2 Operation Planning 822 I + T + X SA

Table 1: Task breakdown in the CyPortQA benchmark. Each task targets a specific understanding or reasoning ability and is
associated with a set of QA pairs grounded in multimodal inputs. Input modalities include I (Image), T (Table), and X (Text).
Question types include TF (True/False), MC (Multiple Choice), and SA (Short Answer). The symbol ‘/‘ denotes alternatives
(or), while ‘+‘ indicates combination (and).

S1.1 S1.2 S1.3 S1.4

Model TF MC SA-Num SA-Desc TF MC SA-Num MC SA-Num SA-Desc TF MC SA-Num SA-Desc

LLaVA1.6 0.52 0.27 0.11 0.24 0.51 0.27 0.26 0.31 0.30 0.26 0.49 0.26 0.30 0.01
LlaMA3.2 0.60 0.30 0.20 0.30 0.65 0.30 0.22 0.37 0.48 0.30 0.48 0.21 0.48 0.05
Gemma3 0.51 0.29 0.33 0.30 0.49 0.28 0.20 0.32 0.31 0.22 0.47 0.21 0.31 0.05
Qwen2.5-VL 0.48 0.54 0.37 0.29 0.56 0.42 0.24 0.60 0.56 0.36 0.66 0.40 0.38 0.06
Mistral Small 0.72 0.49 0.42 0.44 0.74 0.42 0.27 0.52 0.59 0.37 0.75 0.37 0.59 0.06
ChatGPT4o 0.81 0.54 0.53 0.54 0.83 0.54 0.40 0.61 0.63 0.45 0.83 0.55 0.79 0.16
Gemini2.5 0.74 0.57 0.40 0.47 0.78 0.51 0.29 0.60 0.59 0.38 0.82 0.41 0.59 0.15

Table 2: Performance comparison of MLLMs on situation understanding tasks across question-type. True/false and multiple-
choice items are scored by exact accuracy. Short-answer numeric (SA-Num) items use tolerance-based accuracy. Text-
description items (SA-Desc) are graded by an LLM judge on a 0–1 scale (↑).

ditional metrics, over-reaction and under-reaction rates, are
incorporated in this stage of evaluation.

Experiments
We conduct experiments on the proposed CyPortQA bench-
mark to evaluate MLLM performance. Diverse baselines
(five open-source and two proprietary models) are tested to
ensure comprehensive model coverage.

• LLaVA-1.6-7B (Liu et al. 2023)
• Llama-3.2-Vision-11B (Dubey et al. 2024)
• Gemma-3-12B (Team et al. 2025)
• Qwen-2.5-VL-7B (Bai et al. 2025)
• Mistral-Small-3.1-24B (Mistral AI Team 2025)
• ChatGPT-4o (OpenAI 2025)
• Gemini-2.5-Flash-Lite (Comanici et al. 2025)

Questions and Evaluation Metrics

Close-ended questions This question type includes True-
or-False and multiple-choice formats, each with a single cor-
rect answer. Accuracy is used as the evaluation metric, cal-
culated as the proportion of MLLM responses that exactly
match the ground-truth answer.

Open-ended Questions Open-ended questions require
short answers, which are either numeric values (i.e., spe-
cific numbers, dates, or durations) or descriptive responses
(e.g., operational suggestions). To evaluate the numeric out-
puts, we apply tolerance-based accuracy (Tian et al. 2025),
where a prediction is considered correct if it falls within a
predefined acceptable range based on domain understanding
(e.g., Recovery duration is considered correct when it falls
within ± 1 day of the ground truth). For descriptive answers,
we adopt Multi-LLMs-as-Judge approach, where four top-
ranked LLM judges (Li et al. 2024b) were used: GPT-o3,
Gemini-2.5-Pro, Claude-Sonnet-4, and GPT-o4-mini. The
final evaluation score of the Multi-LLM judge is computed
as the average across all four models. For S3.2 task, the
judges are also required to classify responses to one of
the following three categories: under-reaction, proportion-
ate reaction, or over-reaction. The final classification is de-
termined by majority vote. Implementation details for LLM
judges are provided in Appendix 3.

Evaluation of situation understanding (S1)
The results across all situation understanding dimensions are
presented in Table 2. Top-performing MLLMs demonstrate
high accuracy, with spatial awareness, temporal understand-
ing, and uncertainty quantification all exceeding 80% ac-
curacy for True/False questions. This highlights the poten-
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S2 S3

Model S2.1 S2.2 S2.3 (MC) S2.3 (SA-Num) S3.1 S3.2

LLaVA1.6 0.11 0.09 0.26 0.16 0.22 (0.43/0.27) 0.36 (0.63/0.11)
LlaMA3.2 0.30 0.27 0.26 0.24 0.29 (0.61/0.05) 0.41 (0.43/0.17)
Gemma3 0.41 0.28 0.29 0.31 0.10 (0.37/0.10) 0.27 (0.68/0.12)
Qwen2.5-VL 0.17 0.43 0.46 0.44 0.21 (0.62/0.17) 0.40 (0.65/0.11)
Mistral Small 0.12 0.12 0.24 0.28 0.12 (0.09/0.07) 0.05 (0.70/0.10)
ChatGPT4o 0.55 0.70 0.44 0.34 0.35 (0.37/0.27) 0.53 (0.62/0.02)
Gemini2.5 0.69 0.72 0.48 0.44 0.22 (0.58/0.22) 0.41 (0.67/0.08)

Table 3: Performance comparison of MLLMs on reasoning tasks across question-type. Columns S3.1–S3.2 as decision reason-
ing questions results are demonstrated as Acc (UR/OR), where Acc is mean accuracy or score, UR is the under-reaction rate
(MLLM recommends a less stringent regulation than required), and OR is the over-reaction rate (MLLM recommends a more
stringent regulation than required).

Figure 3: Spatial Awareness & Exposure Interpretation
Gaps. A tick indicates a ’yes’ response (the port lies within
the cyclone’s uncertainty cone), while a cross indicates a
’no’ response (the port lies outside).

tial ability of MLLMs in understanding the Tropical Cy-
clone scenarios and extracting key port preparedness infor-
mation. Descriptive uncertainty questions score poorly, re-
vealing that the models struggle to convert multimodal in-
puts into precise probabilistic risk statements.

Overall, proprietary models outperform open-source
counterparts. ChatGPT-4o achieves the highest accuracy
across tasks involving all abilities. Gemini 2.5 Flash-Lite
shows competitive performance on spatial understanding
multiple-choice questions and performs comparably well.
Among open-source MLLMs, Mistral-Small and Qwen-2.5-

VL demonstrate stronger performance compared to LLaVA-
1.6, LLaMA-3.2, and Gemma-3, particularly in exposure in-
terpretation and uncertainty quantification tasks.

Error Analysis for situation understanding Figure 3
shows that the MLLMs correctly identify Port Author, which
is located well within the uncertainty cone, demonstrat-
ing their ability to perform coarse-grained spatial localiza-
tion. However, performance degrades when ports are located
on or near the edge of the uncertainty cone. For instance,
only Gemma-3 correctly classifies Port of Texas City, un-
derscoring how boundary ports confound other models. Al-
though geographically distant from the cone, Calhoun Port
are incorrectly labeled ’within’ by three models. Smaller
ports may have less geographical knowledge in MLLMs,
and spatial-awareness questions involving them are more of-
ten misinterpreted. Taken together, these errors indicate that
MLLMs still lack the fine-grained spatial understanding in
port operations.

Temporal understanding (Figure 4) reveals another gap.
Across the selected lead times (12h, 24h, 48h, and 72h to
landfall), prediction accuracy tends to improve as the time
approaches landfall due to the reduced forecast uncertainty
in later stages. However, the smallest deviation from ground
truth is reached at 24 h rather than 12h for most models (e.g.,
ChatGPT-4o, Gemini-2.5, and LLaVA-1.6). These MLLMs
tend to predict a time close to a full day (i.e. 24h). This is
revealed by earlier findings that MLLMs exhibit a prior dis-
tribution or bias which favors certain outputs or decisions
(McCoy et al. 2024). This imprecision or “preference” can
lead to inaccurate judgments in port preparedness decisions.

Evaluation of reasoning tasks (S2&S3)
Results for reasoning tasks are shown in Table 3. The eval-
uated MLLMs show clear differences in impact estima-
tion tasks (S2), with Gemini outperforming all other mod-
els in multiple-choice accuracy. Furthermore, Qwen2.5-VL
demonstrates better performance than ChatGPT-4o and all
other open-source models. For S3 tasks, ChatGPT-4o shows
a much higher likelihood of issuing the correct bulletin at the
appropriate time, whereas its correctly issued bulletin still
remains insufficient for real-world operational deployment.
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Figure 4: Temporal-understanding gaps. Performance aggre-
gated at 72, 48, 24, and 12 h before landfall. Left panel:
tolerance-based accuracy; right panel: mean deviation from
ground truth with 95 % confidence intervals.

In addition, most models tend to underestimate the sever-
ity of situations, frequently assigning lower level bulletins
when confronted with potential threats. This pattern is par-
ticularly evident in Gemini-2.5, LLaMA-3.2, and Qwen-2.5-
VL. In practical applications, such under-reactions can lead
to delayed or insufficient preparation, potentially exposing
vessels, ports, and key infrastructure to unexpected damage.

Error Analysis for decision reasoning Figure 5 presents
a scenario that reveals reasoning gaps in MLLM-generated
operational responses. In this case, none of the base-
line models correctly address the regulatory requirements
needed for coordinated port and facility preparedness. In
particular, all models fail to mention “securing waterfront
facility” that form a key part of port readiness protocols.

The missing portions of the responses reveal insufficient
knowledge of waterfront facility regulations, core guidance
for port operations. Domain knowledge thus becomes a key
bottleneck preventing MLLMs from effectively identifying
the specific procedures and interdependent actions. This de-
ficiency further results in vague, high-level responses that
generalize or oversimplify operational requirements, mak-
ing the operations underestimating the urgency of real-world
decisions. These results highlight the importance of ground-
ing model outputs in accurate situational understanding and
domain-specific knowledge. Effective decision support re-
quires MLLMs that integrate domain expertise to translate
weather observations into precise, actionable guidance.

Conclusion
We present CyPortQA, a multimodal benchmark for cy-
clone preparedness in port operations. Constructed from

Figure 5: Responses from MLLMs for decision reasoning
tasks (port and facility operation instructions) under a sin-
gle scenario. Evaluation results from the LLM-as-a-judge
include a numerical score and classify each response as ei-
ther an under-reaction, normal reaction, or over-reaction.

nine years of real-world disruption scenarios across 145 ma-
jor U.S. ports and 90 named cyclones, it integrates veri-
fied data from NOAA tropical cyclone products, port oper-
ational impact records, and USCG port-condition bulletins.
Using CyPortQA, we evaluate seven MLLMs (both open-
source and proprietary) on three escalating tasks: situation
understanding, impact estimation, and decision reasoning.
Our experiments indicate that proprietary MLLMs outper-
form open-source models on both understanding and rea-
soning tasks. While these models demonstrate strong poten-
tial in situation awareness to support port preparedness, they
reveal notable limitations in advanced reasoning tasks such
as precise impact estimation and actionable decision sup-
port. We release CyPortQA to inspire further research on re-
liable, LLM-assisted emergency decision-support tools that
enhance critical infrastructure resilience and operational ef-
fectiveness, especially under natural disasters.

Limitations and Future Works: Although CyPortQA
provides a comprehensive benchmark, it is constructed from
U.S.-based tropical cyclone cases. As a result, its applica-
bility to regions with different cyclone patterns and port op-
erations has yet to be tested. Future work should focus on
expanding the dataset to include global ports and diverse
hazard events, enabling cross-regional evaluation.
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