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Abstract— Unmanned aerial vehicles (UAVs) are used for a
wide range of tasks, many of which are autonomous. Since
UAVs operate in three-dimensional space, visual data presents
a rich source of input for them. Meanwhile, the rapid de-
velopment of artificial intelligence has given rise to vision-
language models (VLMs). These models not only recognize
objects in a scene, as traditional computer vision techniques do,
but also demonstrate a strong understanding of scene context,
enabled by large language models (LLMs) serving as one of
their core components. However, applications as specialized as
aerial robotics typically require custom-trained models, which
demand significant computational resources, large datasets,
and expensive hardware. Motivated by these limitations, we
investigate whether a state-of-the-art, general-purpose VLM
can be leveraged for UAV-relevant tasks through carefully
designed prompts, without additional training. We evaluate the
VLM’s understanding of aerial scenes through the task of image
captioning, using visual question answering that targets spatial
information within the scene. Furthermore, we utilize VLMs to
automatically generate metadata for aerial datasets, enabling
more complex future tasks. Results show that VLMs can
generate accurate metadata with high agreement with human-
annotated data even without retraining. They also demonstrate
that careful prompt engineering enhances the model’s ability
to reason about and attend to spatial information, highlighting
its potential in aerial robotics applications.

Keywords—aerial imagery, UAVs, spatial awareness,
vision-language models

I. INTRODUCTION

Vision-language models (VLMs) are a rapidly advancing
field in artificial intelligence, combining visual and textual
modalities to enable a deeper understanding of images [1].
While these models have shown promising results in tasks
such as image captioning, object detection, and visual reason-
ing, their potential applications in robotics, particularly aerial
robotics, remain largely unexplored. Aerial robotics presents
unique challenges and opportunities due to complex spatial
dynamics, diverse environmental conditions and the need for
real-time decision making [2].

The richest source of information for unmanned aerial
vehicles is visual data, which could be significantly enhanced
with textual descriptions to improve situational awareness,
navigation, and decision-making. This raises several key
questions about how general-purpose VLMs can be used
in robotics, particularly given that training custom robotics
VLMs is typically resource-intensive, requiring substantial
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Fig. 1. Example outputs of VLMs applied to UAV imagery. The top
image illustrates spatial scene understanding for aerial robotics, while the
bottom shows automatic metadata generation for aerial datasets. These
outputs enable downstream applications such as mission briefing, context-
based module switching (e.g., selecting a different localization system in
foggy conditions), airspace compliance, targeted navigation (e.g., follow
green truck) and flight risk estimation. Best viewed in color.

computational resources, large specialized datasets and ex-
pensive hardware. Consequently, leveraging general-purpose
VLMs through careful prompt engineering, without addi-
tional training, emerges as a compelling approach.

In this paper, we investigate the potential of state-of-the-
art general-purpose VLMs for aerial robotics applications.
Specifically, we examine whether these models can be lever-
aged through careful prompt engineering to interpret aerial
imagery, extract spatial information and generate useful
metadata as illustrated in Fig. 1. The figure demonstrates
how VLMs can process complex aerial scenes to identify key
environmental factors, weather conditions, human presence
and spatial information. Such information is valuable for
more advanced downstream tasks, including pilot briefing,
targeted navigation, and flight risk assessment. Our findings
provide insight into the design of prompts for extracting
spatial information and demonstrate the potential of VLMs
to enrich existing aerial data for more complex tasks. Our
main contributions are:

1) An analysis of the impact of prompt engineering on
the quality of robotics-related outputs, with special
emphasis on extracting spatial information from aerial



imagery.

2) A method for leveraging VLMs to automatically gen-
erate metadata for aerial robotics datasets, including
weather conditions, environment types and the pres-
ence of people.

3) A comparative analysis evaluating the accuracy and
reliability of VLM-generated metadata against human-
labeled ground truth.

II. RELATED WORK

Vision-language models are a class of artificial intelli-
gence models that combine computer vision and natural lan-
guage processing techniques to formulate a comprehensive
understanding of both visual and textual information [3].
These models go beyond traditional computer vision by not
only recognizing objects in images, but also demonstrating
an understanding of contextual relationships, and even the
semantics of visual content, enabled in part by large lan-
guage models being one of their main components. Recent
advances include models such as LLaVA [4], Gemini [5],
Flamingo [6] and Janus-Pro [7] among others. Despite rapid
progress, VLMs continue to face challenges in computational
efficiency, fine-grained understanding and spatial reasoning,
along with concerns related to hallucination, safety and data
scarcity.

VLMs in aerial robotics. Aerial imagery represents
unique challenges such as object occlusion, low resolution,
and the scarcity of images with the specific aerial angle
in publicly available datasets [2]. However, the emergence
of large pre-trained foundation models has introduced zero-
shot and prompt-based capabilities [1] that offer broader
generalization across tasks. CLIPSwarm [8] demonstrates
this capability by leveraging the CLIP vision-language model
to autonomously generate unmanned aerial vehicle (UAV)
swarm formations from natural language prompts. Simi-
larly, AirVista [9] fine-tunes LLaVA-1.5 on data synthesized
from other VLM, depth estimator and segmentation model
to enhance 3D spatial reasoning for UAVs. However, the
efficacy of these methods can be constrained by factors
such as the fidelity of synthetic data or the substantial
computational overhead of fine-tuning. In broader robotics
research, notable advances include the Gemini models [10]:
Vision-Language-Action (VLA) model for direct robot con-
trol and Gemini Robotics-Embodied Reasoning (ER) focused
on spatial and temporal understanding. In aerial robotics,
VLMs are primarily applied to navigation and planning tasks,
with their effectiveness dependent on their spatial reasoning
skills. An important work Aerial VLN [11] has recently
published a large-scale benchmark for vision-and-language
navigation tailored to UAVs operating in complex outdoor
environments. Such specialized datasets and benchmarks
are essential for addressing aerial robotics challenges like
3D spatial reasoning and language-guided flight control, as
these capabilities must be tested on data that authentically
represents UAV operational conditions. Another VLM-based
approach for UAV navigation and object detection [12]
utilizes nuisance-invariant feature extraction and transfer

learning, but is evaluated on general-purpose datasets rather
than UAV imagery. In contrast, our approach avoids the cost
of model fine-tuning by emphasizing prompt engineering,
metadata generation and analysis on real-world aerial data.

Spatial reasoning with VLMs. While VLMs generalize
well across tasks, spatial reasoning remains a widely rec-
ognized limitation. Prior research shows that VLMs tend to
focus on recognizing individual entities or general scene un-
derstanding rather than reasoning about spatial relationships
between objects. For instance, [13] found spatial reasoning
to be significantly more difficult for VLMs than identifying
object properties, and [14] report performance worse than
chance in spatial tasks. A growing consensus [15], [16], [17]
positions spatial reasoning as a major bottleneck for current
VLMs. Despite this, interest remains high across domains.
Early efforts such as GQA [18] and synthetic datasets [19]
offer structured spatial annotations, but typically in toy
or indoor settings. More recent work uses scene graphs
or annotated data for evaluation, either for general visual
understanding [13], [20] or in robotics contexts like indoor
navigation and manipulation [21], [22]. These efforts depend
on datasets with dense spatial labels, which are lacking in
real-world aerial scenarios. In aerial robotics, spatial tasks
such as navigation, planning, and object localization have
often been addressed using LLMs [23], [24], rather than
VLMs. To the best of our knowledge, using VLMs to extract
and evaluate spatial information from aerial imagery remains
largely unaddressed. Furthermore, while datasets with known
object positions in both synthetic and real space exist in other
robotics scenarios, there is a notable lack of datasets that
provide ground truth spatial information in realistic scenes
of outdoor aerial scenery that would be relevant for aerial
robotics. This gap motivates our investigation of whether
spatial information can be extracted from real-world aerial
imagery using a general-purpose VLM without fine-tuning,
as detailed in the methodology and results that follow.

III. METHODOLOGY

A. Overview of the Approach

An overview of our approach is shown in Figure 2. We
explore two tasks: (A) image captioning to extract spatial
information and (B) metadata generation to enrich existing
datasets. To this end, our pipeline begins by selecting the
training set from the dataset and processing each image
individually. For every image, the VLM is prompted with
task-specific prompts. The model then generates textual
responses, either as spatially descriptive captions (formulated
as visual question answering) or structured metadata. De-
tailed descriptions of each task are provided in the following
sections.

To enable real-time deployment on a UAV, we assume
the use of 5G connectivity for offloading all VLM-related
computation to a remote server, ensuring that no re-
source-intensive processing occurs on board the UAV.
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Fig. 2. Pipeline used for Visual Question Answering (Image Captioning) task: LLaVA is prompted for each (prompt, image) pair. The generated response
is processed by counting spatial expressions from a predefined set (dictionary in the diagram) and calculating the spatial word frequency by dividing the
count of found spatial expressions with the total number of words in the response. Pipeline for Metadata Generation task: LLaVA is prompted five times
for each (prompt, image) pair. The five generated responses are then averaged, and the score is treated as confidence.

B. Image Captioning with VOA

Visual question answering (VQA) is a downstream task
of correctly answering a question, given a visual input
[25]. Unlike the usual classification task that would include
choosing the most suitable answer from multiple options, in
this case the model is asked for a free-form response, more
similar to image captioning, but guided by a textual prompt.
Since robots operate in three dimensional space, spatial
information is of great importance to them. Hence, we
decided to test the ability of vision-language models to
spatially understand the scene. Three prompts request general
information, testing the general focus of VLMs on spatial
relations, while three remaining prompts targeted spatial
information by giving direct cues to the VLM. Table I
presents the prompts, which differ in focus, scope and length.
Providing contextual information about the image content
improves the performance of the model in understanding
the scene [26]. To that end, prompts 1, 2, 3 and 6 provide
contextual information emphasizing that the image was cap-
tured by an unmanned aerial vehicle, thereby encouraging
the model to provide responses that are contextually relevant
for UAV-based scene interpretation.

As mentioned earlier, for each of the images from the
train set, a single response was generated. The response was
then processed by counting the occurrences of spatial phrases
from a predefined dictionary. The pipeline is outlined in
Figure 2.

C. Metadata Generation

A single prompt was developed for the metadata gen-
eration task, aimed at extracting information relevant to
unmanned aerial vehicle pilots. The prompt asked the vision-
language model to label each image across three categories:

TABLE I
LIST OF PROMPTS USED FOR IMAGE CAPTIONING: GENERAL PROMPTS
(1-3) AND SPATIAL PROMPTS (4-6)

Prompt # Prompt Text

This image is an aerial photo taken by a UAV.
1 Please provide detailed information about the im-
age contents.

Describe the photo that shows an aerial view seen
2 by a UAV, highlighting information that could be
useful for the UAV.

Analyze the image from an aerial perspective
3 captured by a UAV. Identify any areas of interest,
including potential challenges for UAV navigation.

Describe the layout and spatial arrangement of the
objects in the image.

Describe the image with a focus on the arrange-
5 ment of objects, such as their relative positions
and orientations.

You are an expert in mapping and navigation
6 with UAVs. Describe spatial relations in the given
image taken by a UAV.

o environment, to help evaluate terrain and potential
hazards,

o weather, a critical factor for flight safety and mission
planning,

o and human presence, important both for operational
safety and privacy concerns.

Unlike the previous task of image -captioning, the
model was prompted with each image and the sin-
gle prompt five times, resulting in five generated re-
sponses, as shown in Figure 2. Consistent outputs
across multiple prompt runs, even with sampling en-
abled, emerged as a notable strength of the model.
Rather than variability, the model often converged on the



same response, signaling a high degree of certainty and
stability in its predictions. This is the prompt presented to
the model:

You are a UAV expert. You want to create metadata
about the photo you’re given. Your response should
have the following format:

« environment: desert / forest / city / rural / sea
/ mountains
o weather: rain / snow / foggy / clear / overcast
/ nighttime
e humans: yes / no
Each of the attributes should have one of the labels
assigned to it. Make sure to provide a label for each
of the attributes.

The prompt is deliberately precisely structured to specify
both the expected format and the predefined labels for each
category. It underscores the need to assign a label to every
category, thereby reducing the likelihood of post-processing
issues related to formatting errors or missing data.

D. Ground Truth Data Collection

To evaluate metadata generated by the VLM, three indi-
viduals from diverse professional backgrounds annotated a
randomly selected sample of 200 images from the VisDrone
dataset [27], which served as ground truth. Specifically, for
each of the images from the sample, they were given three
multiple choice questions, in which they were asked to
label images in three categories (environment, weather and
humans) with the same options as was stated in the prompt
the model was provided with. The options were exclusive,
meaning each category could only be assigned one label. The
label that received the majority of responses from the three
annotators was designated as the final answer. In the event
of a draw, the first label provided was selected as the final
answer.

IV. RESULTS
A. Implementation details

Due to the limited accessibility of many commercial
vision-language models, we opted for an open-source state-
of-the-art model to ensure reproducibility. LLaVA (Large
Language-and-Vision Assistant), a multimodal model that
integrates a vision encoder with a large language model,
was selected for its strong performance and open availability
[28]. We used LLaVA-NeXT (LLaVA-1.6), specifically its
llava-vl.6-mistral-7b-hf checkpoint, available on
HuggingFace [4]. As the name suggests, the checkpoint uses
Mistral-7B [29] as its language model. While we acknowl-
edge the value of comparing across multiple VLMs, we
argue that LLaVA-NeXT is representative of modern VLM
capabilities and sufficiently expressive for the studied tasks.
In our setting, the goal is not to benchmark VLMs per se, but
to probe the feasibility of adapting a general-purpose VLM

for specialized aerial tasks through prompt engineering. We
therefore prioritize depth of analysis using a single, well-
supported model over breadth.

Since every checkpoint is trained with a specific prompt
format, depending on the underlying large language model
backbone [30], the corresponding prompt structure was main-
tained during prompting: " [INST] <image>\nWhat
is shown in this image? [/INST]", where the
prompt text is substituted appropriately. We set the maximum
number of output tokens denoted by t,,,,, to 500 and enabled
sampling to ensure response diversity across runs.

B. Dataset

Given the challenges described in Section I, we decided
to test the generalizability of a general-purpose model by
measuring its effectiveness on aerial imagery. For this work,
a publicly available dataset was employed, containing diverse
visual scenarios captured by UAVs, making it suitable for
tasks requiring an understanding of spatial relationships and
scene interpretation, such as UAV navigation, surveillance,
disaster response, and similar.

VisDrone-DET is a dataset collected for Vision Meets
Drone Object Detection in Image Challenge, a challenge held
in conjunction with the International Conference on Com-
puter Vision (ICCV) [27]. VisDrone benchmark dataset con-
sists of over 280 video clips formed by over 260,000 frames
and over 10,000 static high-resolution images, captured by
various cameras mounted to UAVs that varied in their model.
The images were taken in fourteen Chinese cities, capturing
different objects, scenes with density ranging from sparse
to crowded, where the weather and lighting conditions also
varied. It is divided into training (6,471 image), validation
(548 images) and testing (1,580 images) datasets. In this
work, only the training dataset images were used, while the
accompanying annotations were discarded.

C. Evaluation Methods

Two approaches were used to evaluate image captioning:
a qualitative analysis and the quantitative measure of spatial
phrase frequency. To conduct the qualitative analysis, a sub-
set of VLM responses was manually reviewed to assess the
relevance, spatial awareness and contextual grounding. For
quantitative evaluation, we define spatial phrase frequency
(SF) as the proportion of phrases that describe spatial
relationships (e. g., “next to,” “
to the total word count:
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where N, is the number of spatial phrases and V; is the total
number of words in the response.

To evaluate metadata generation, we define accuracy (A)
as a ratio of correctly predicted category labels to the total
number of samples:

A="¢ )



where N, is number of correct labels in a certain category
and N is the total number of images. The generated re-
sponses were filtered so that only those responses which
provide a valid label from the predefined set of category
labels were considered. If provided, additional descriptions
and reasoning of label choice were ignored, and only the
category labels were extracted for further quantitative eval-
uation.

D. Image Captioning Results
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Fig. 3. Part of VLM’s response to Prompt 5 paired with image shown
above, which demonstrates the model’s ability to understand the semantics
of image content (underlined):

”(...) On the far right, there’s a green umbrella, possibly belonging to
a street vendor or an urban decoration. (...)”

Fig. 4. An example response to Prompt 3 paired with image above:
”From an aerial perspective, the image shows a busy urban area with a focus
on a major bridge crossing over a body of water. The bridge is flanked by
streets on either side, and there are various modes of transportation visible,
including cars, buses, and trucks. A ferry is docked alongside the bridge on
the left side, suggesting this might be a transit hub.

In terms of potential challenges for UAV navigation:

1. Airspace Restrictions: The proximity of the bridge and the urban
environment might make flying a UAV in this area subject to airspace
restrictions or regulations, which could limit one’s ability to navigate freely.
2. Dense Traffic: The extensive use of ground-level vehicles

could lead to increased risks related to UAV navigation. Dense
vehicle traffic might also obstruct the line of sight and require careful
planning to avoid collisions.

3. Nearby Waterways: Operating a UAV near water can be
challenging due to the possibility of wind gusts off the water surface,
which could disrupt its flight path, and the fact that water is a significant
obstacle in case of any equipment malfunction or loss of control. (...)”

The qualitative results are illustrated across two figures.
Figure 3 shows an image and a segment of the caption given
as response to prompt 5. Aside from accurately identifying

objects (green umbrella), the model displays a deeper un-
derstanding of the content semantics (underlined), proposing
the object’s likely function.

Another example of a response can be seen in Figure
4, with underlined segments again indicating moments of
contextual and content understanding. Moreover, since this
response was obtained by a prompt directed to spatial infor-
mation, the acquired spatial information are marked in italics.
These examples illustrate the model’s capability to provide
valuable answers in accordance with the prompt, along with
its competence in grasping the image content, as well as
content meaning.

To measure the spatial information contained in the re-
sponses, a set of spatial phrases was defined. This set
included the following phrases: above, below, next to, beside,
in front of, behind, on top of, underneath, near, far from,
adjacent to, between, inside, outside, around, over, across,
within, opposite, towards, away from, along, by, through,
amid, surrounded by, alongside, close to, beneath, overhead,
under, in the vicinity of, bordering, at the edge of, at the
center of, in the middle of, atop, on the side of, across
from, perpendicular to, parallel to, nearby, cornered by, in
proximity to, aligned with, level with, diagonally opposite,
offset from, anchored to, at the base of, right, left, bottom,
top.
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The number of spatial phrases in the VLM’s responses
to each of the six prompts is shown in Figure 5. However,
since some responses are longer than others, raw count may
not accurately reflect the proportion of spatial information.
To address this, Figure 6 presents the frequency of spatial
phrases in the response, taking the length of the response
into account. We observe that prompts specifically designed
to elicit spatial reasoning (prompts 4-6) induced responses
with a substantially higher density of spatial content.

Furthermore, despite not explicitly requesting spatial in-
formation, prompt 1 still yielded a high degree of content
describing spatial layout. This is likely caused by the focus
of the prompt on image content — due to the aerial perspec-
tive, such descriptions naturally involve spatial relationships
among the objects depicted.

Although there are slight differences in spatial phrase
frequency between the spatial prompts, these differences are
not deemed substantial enough to be considered significant.

The top word cloud in Figure 7 illustrates the most
frequent terms found across all collected responses. Knowing
that the dataset images were largely captured in urban
environments, it is not surprising that terms such as building,
road, street, or vehicle appear frequently. In parallel, the bot-
tom word cloud in Figure 7 shows the occurrence distribution
of predefined spatial phrases in the responses. For the sake
of legibility, words by and along, despite being part of the
predefined spatial phrases dictionary, were excluded from the
word cloud, as they can appear in grammatical constructions
that are not related to spatial meaning as well.
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E. Generated Metadata Results

The distribution of labels that were generated by the
model is presented in Table II. As expected for the Vis-
Drone dataset, in the environment category, city is a highly
dominant label, with mountains and sea only just appearing.

Furthermore, most of the images are labeled as clear weather,
then nighttime and overcast, with only a very small part
of the images marked as foggy or rainy weather. Given
that the images from the dataset were taken by UAVs that
have difficulty flying in fog or rain, this also aligns with
expectations.

TABLE I
DISTRIBUTION OF LABEL PERCENTAGES ACROSS CATEGORIES

Environment

City 95.54% | Rural 2.67%
Forest 091% | Desert 0.75%
Sea 0.09% | Mountains 0.04%

Weather
Clear 76.66% | Overcast 5.94%
Nighttime | 17.13% | Foggy 0.18%
Rain 0.09%

Humans
Yes | 7728% [ No | 2272%

Consistent with the methodology employed in processing
human annotated metadata, from the five responses generated
by LLaVA, the label that was selected in most responses was
taken as the final answer. Ambiguous answers that contained
multiple or invalid labels for a category were ignored. Draws
were handled by selecting the first provided answer as final.
The category environment has proven most successful, with
an accuracy of 93%. The category weather follows second at
87.5%, while the category humans was lowest with 69.5%, as
shown in Table III. To conclude, the categories environment
and weather both showed high accuracy, while we believe
that ambiguities in determining human presence in the scene
caused the lower accuracy in determining human presence.

TABLE III
ACCURACY OF DIFFERENT CATEGORIES COMPARED TO HUMAN
ANNOTATED IMAGES

Category Accuracy (%)
Environment 93
Weather 87.5
Humans 69.5

For instance, the leftmost image in Figure 8 is an example
when annotators and the model disagreed on the label hu-
mans. In four out of five responses, the model said there are
humans present. Furthermore, in two responses, it offered an
explanation for this choice — there have to be humans driv-

ing the moving cars: (...) humans: yes (vehicles
driving on the freeway) and (...) humans:
yes (there are vehicles visible). All human

annotators labeled this image as no human presence. This
demonstrates that the VLM understands that even though
people are not visible, they are in the cars in motion.
We interpret these disagreements as application-dependent
semantic differences: while in applications such as traffic
monitoring or emergency response, moving vehicles may



Environment:
city 100%
Weather:

nighttime 100%

Human presence:
no 100%

Environment:
city 100%
Weather:

sunny 100%
Human presence:
yes 67%

Environment:
city 100%
Weather:

sunny 100%
Human presence:
no 67%

; Environment: . .
Environment: X N Environment:
ity 100% city 100% city 100%

Weather: Weather:
Weather: o o
o clear 33% clear 40%
" el _ overcast 67% nighttime 60%
umarenspggos/ence. Human presence: [l p;gf/ence.
y ° no 100% = °

Fig. 8. Examples of metadata disagreement between the model and human annotators. Purple boxes (left) represent generated metadata categories that

the model provided; blue boxes (right) show human annotators’ choice.

reasonably imply human presence, tasks such as pedestrian
detection or privacy-sensitive analysis may require only
directly visible humans to be considered. Importantly, the
behavior of VLMs in such ambiguous scenarios can be
guided through prompt design or explicit label definitions,
enabling adaptation to different operational requirements.
The given example therefore helps clarify what could be
the cause of lower accuracy observed in determining human
presence compared to the other two categories.

In the initial metadata generation configuration, the
weather category had sunny as a label option as well.
However, after the labeling process, some annotators reported
difficulty distinguishing between labels clear and sunny, so
these two labels were merged to clear, and the model prompt
that was used for the whole VisDrone dataset only offered
this option.

Examples of images where the labels provided by the
model and the annotators differed are shown in Figure 8.
These examples illustrate that disagreements often come
from ambiguity in the image content, where more than one
label could be considered valid.

F. Discussion and Interpretation of Findings

Results have proven the capability of the model to under-
stand the scene context, elevating pure object detection to
reasoning about the function of the object in a scene. The
model generated responses that were relevant in the vast
majority of cases, but irrelevant information does appear.
Calculating spatial phrase frequency proved the positive
influence prompt engineering can have on spatial content
in responses. Even though label ambiguity affected how
certain categories were assigned, the model still achieved
high accuracy in generating metadata compared to human
annotations. On top of that, the model exhibited human-
analogous performance, being conflicted between labels sim-
ilar to human annotators.

V. CONCLUSION AND FUTURE WORK

This work has demonstrated that, even without domain-
specific adaptation, the chosen general-purpose VLM,
LLaVA-1.6, can produce valuable textual descriptions of
aerial imagery. The responses illustrated the reasoning capa-
bilities of the VLM, showing understanding of meaning and
purpose of recognized objects. Furthermore, the quantitative
analysis of image captioning conducted through a visual
question answering task has demonstrated the favor of the
model to increase the quantity of the spatial information
in a response, when prompted accordingly. However, due
to the lack of ground truth information and the complexity
of evaluating the accuracy of such content, the measure
of spatial phrase frequency that was used did not account
for the accuracy of the provided spatial information. To
address this, future work could focus on constructing datasets
specific to aerial robotics with annotated ground truth for
spatial relationships, enabling a precise evaluation of spatial
accuracy. In addition, future efforts could explore automated
prompt generation to replace hand-crafted prompts, enabling
seamless integration into autonomous robotics systems.

Generating metadata from aerial images was also proven
successful, with the results provided by the model closely
aligning with human annotations. The VisDrone dataset,
with its real-world, outdoor imagery, was particularly useful
in this regard, as it provided valuable data relevant for
aerial robotics applications. Unlike controlled lab settings,
VisDrone reflects the complexities of urban environments,
offering a more realistic representation of what VLMs may
encounter in operational scenarios. That being said, the
dataset is primarily focused on urban city environments, and
as such, certain category labels are underrepresented. Future
work would benefit from expanding the diversity of the
dataset, incorporating a wider range of environments to better
generalize the model’s capabilities. While we recognize that
having more diverse environments would provide a more
comprehensive understanding, to our knowledge, no large-



scale aerial imagery datasets currently include such diversity
across various environments, which presents an opportunity
for future data collection.

In conclusion, this study provides valuable insights into the
performance of a vision-language model on aerial imagery.
The model demonstrated promise in recognizing objects and
reasoning about the environment. Future work should include
prompts that test for a wider range of applications, explore
more diverse datasets, whether synthetic or real, and enhance
evaluation metrics.
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