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Abstract—Remote sensing change captioning (RSCC) gen-
erates natural language descriptions of semantic differences
between bi-temporal image pairs, enabling human-readable
monitoring of land-cover evolution. All existing RSCC bench-
marks, including LEVIR-CC [1], CCExpert [2], and UniRS [3],
are built on satellite imagery at ground sampling distances
(GSD) of approximately 0.5 m. At this resolution, only scene-
level changes—building construction, road expansion, vegetation
clearing—are spatially discriminable, and captions accordingly
describe coarse-grained events.

UAV platforms achieve GSDs of 5–30 cm, revealing individual
vehicles, construction equipment, temporary structures, and
other objects that are sub-pixel at satellite scale. This resolution
difference is not merely quantitative: it enables a qualitatively
new category of change description unavailable from satellite
imagery. Yet no benchmark exists to measure, train, or compare
models at this level of granularity.

We introduce UAV-CC, the first UAV-resolution change cap-
tioning benchmark. UAV-CC comprises 2,077 bi-temporal UAV
image pairs sourced from genuine multi-date aerial surveys,
annotated with 10,385 object-level change captions generated
by GPT-4o and verified by human annotators. Using UAV-CC,
we conduct systematic experiments across six baselines spanning
zero-shot large vision-language models (LVLMs), satellite-trained
models applied cross-scale, and super-resolved satellite models.
Our key findings are: (1) zero-shot satellite-trained models
achieve only 27.1 CIDEr on UAV-CC, a 64.6-point gap below our
UAV-specific fine-tuned model at 91.7 CIDEr; (2) super-resolution
of satellite imagery closes this gap by only 39.2 CIDEr points,
leaving a persistent domain deficit; and (3) the proposed Object-
Mention Recall (OMR) metric correlates more strongly with
human preference (Spearman ρ = 0.73) than CIDEr (ρ = 0.54)
on object-level descriptions.

UAV-CC and all code are publicly available at
[https://github.com/anonymous/uavcc].

Index Terms—UAV remote sensing, change captioning, vision-
language model, benchmark, object-level description

I. INTRODUCTION

Change captioning—generating natural language descrip-
tions of differences between two images of the same scene at
different times—has emerged as a useful interface between au-
tomated remote sensing analysis and human decision-makers.
Unlike binary change detection maps, captions convey seman-
tics: what changed, where, and by how much. Applications
span construction progress monitoring, disaster assessment,
urban planning audit, and facility inspection.

Existing remote sensing change captioning (RSCC) re-
search has developed entirely within the satellite domain.
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Fig. 1: Resolution determines description granularity. At satel-
lite scale (0.5 m GSD, left), change captions describe coarse
scene-level events. At UAV scale (0.1 m GSD, right), the same
scene reveals object-level changes invisible from above. UAV-
CC is the first benchmark for the latter.

The dominant benchmark, LEVIR-CC [1], provides 10,077
bi-temporal pairs at 0.5 m GSD covering building changes
in Texas, USA. Subsequent benchmarks—DUBAI-CCD [4],
CCExpert [2], ChangeIMTI [5]—and models—UniRS [3],
BTCChat [6], GeoLLaVA [7]—all operate at this scale. At
0.5 m GSD, individual vehicles, construction equipment, or
parked containers occupy at most a few pixels, preventing any
object-specific captioning.

UAVs occupy a distinct sensing niche. Modern commercial
drones routinely achieve 5–30 cm GSD, bringing individual
objects into sharp focus: a forklift in a specific bay, scaffolding
added to the east facade, a delivery truck occupying a previ-
ously empty parking space. These object-level observations are
precisely the type of actionable change information demanded
by construction managers, emergency responders, and security
analysts—but current RSCC models cannot produce them, and
no benchmark can measure whether a model does so correctly.

This paper makes three contributions.

1) UAV-CC benchmark. We introduce the first UAV-
resolution bi-temporal change captioning benchmark:
2,077 image pairs at 5–30 cm GSD, 10,385 object-level
captions, with 25% of pairs human-verified. Pairs are
sourced from UAV-BCD [8] and the YZDS dataset [9],
providing authentic multi-date UAV surveys with gen-
uine semantic changes.

2) Systematic resolution analysis. We show that satellite-
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trained models and super-resolution preprocessing can-
not substitute for UAV-native training data. The resid-
ual performance gap after super-resolution and cross-
domain fine-tuning is 25.4 CIDEr points, pointing to
a fundamental distributional mismatch beyond spatial
frequency content.

3) Object-Mention Recall (OMR). We propose a com-
plementary evaluation metric that measures the fraction
of object types mentioned in ground-truth captions that
appear in a predicted caption. OMR captures object-
level completeness that CIDEr-D and BLEU-4 miss,
and correlates significantly better with human preference
ratings in our annotation study.

The remainder of this paper is structured as follows. Sec-
tion II surveys related work. Section III describes UAV-CC
construction and statistics. Section IV presents the baseline
fine-tuning approach and the OMR metric. Section V reports
experimental results. Section VI provides qualitative analysis
and failure cases. Section VII concludes.

II. RELATED WORK

a) Remote Sensing Change Detection.: Change detection
(CD) identifies areas of land-cover modification between co-
registered bi-temporal images. The field has a long history
spanning difference imaging, post-classification comparison,
and, more recently, deep feature differencing [10], [11].
Modern methods include transformer-based architectures such
as BIT [12] and scale-temporal interaction networks [13].
Semantic change detection (SCD) extends binary CD by la-
beling change categories (e.g., building constructed, vegetation
cleared) [14]. Our work is orthogonal: rather than producing a
segmentation mask, we generate a natural language description
of changes, retaining the full expressiveness of language for
attributes, quantities, and spatial relations.

b) Remote Sensing Change Captioning.: RSCC gen-
erates natural language descriptions of bi-temporal remote
sensing image pairs. The field was established by RSICC-
former [1], which introduced the LEVIR-CC benchmark and
a dual-branch Transformer encoder-decoder. Subsequent work
extended captioning with richer datasets (DUBAI-CCD [4],
CCExpert [2] with 200K satellite pairs) and more capable
models. Chareption [15] adapts LLMs for change caption-
ing via parameter-efficient fine-tuning. GeoLLaVA [7] and
UniRS [3] leverage multimodal LLMs to jointly handle multi-
ple RS tasks including captioning. BTCChat [6] introduces a
dedicated Change Extraction module to better model temporal
correlations between satellite pairs. ChangeIMTI [5] presents
a large instruction-tuning dataset covering change captioning,
classification, counting, and localization.

All the above datasets and models operate at satellite GSD
( 0.5 m), where captions describe building- and road-level
changes. UAV-CC is the first benchmark at UAV resolution,
enabling object-level change descriptions. This is not an
incremental scale variation: the object inventory, description
vocabulary, and difficulty profile all differ qualitatively from
satellite-scale captioning.

c) Vision-Language Models for Remote Sensing.: The
success of general-domain LVLMs—LLaVA [16], Instruct-
BLIP [17], Qwen-VL [18]—has spurred RS-specific adapta-
tions. GeoChat [7] is an early multi-task grounded LVLM for
RS, supporting detection, segmentation, and captioning. Fal-
con [19] extends coverage to 14 RS tasks in a unified model.
RS-LLaVA [20] jointly trains on captioning and VQA. Geo-
R1 [21] applies reinforcement fine-tuning for visual grounding
in RS images. These works have focused on single-image
understanding or satellite-scale temporal reasoning. Our work
adapts Qwen2.5-VL [22]—a recent, strong LVLM—to UAV
bi-temporal change captioning via LoRA fine-tuning [23],
demonstrating that a lightweight adaptation on UAV-specific
data yields substantial gains over general-domain or satellite-
specialized models.

d) UAV Remote Sensing.: UAV platforms have been
applied to object detection [24], tracking, semantic segmen-
tation, and 3D reconstruction [25], [26]. The VisDrone bench-
mark [24] covers detection in UAV imagery. UAV-BCD [8]
introduced a building change detection dataset at high UAV
resolution. Semantic segmentation of UAV imagery has been
studied in UAVid [27] and related benchmarks. However, no
prior work combines the temporal pair structure of RSCC
with the object-level resolution advantages of UAV imagery
for change captioning. Our work bridges this gap.

e) Super-Resolution for Domain Bridging.: Super-
resolution (SR) has been used to close resolution gaps in
remote sensing [28]. Real-ESRGAN [28] and similar gener-
ative methods can upscale imagery 4–8× with perceptually
plausible detail. In our experiments, we investigate whether
SR can bridge the satellite-to-UAV domain gap for change
captioning, finding that it reduces but does not eliminate the
performance deficit (see Section V).

III. THE UAV-CC BENCHMARK

Fig. 2 illustrates the end-to-end dataset construction
pipeline, from source data through filtering, annotation, to
human verification.

A. Design Principles

UAV-CC is designed around three principles. Authenticity:
all image pairs come from genuine multi-date UAV surveys
with real temporal separation, not synthetic video frame ex-
traction. Object-level focus: captions describe changes at the
granularity of individual objects—specific vehicles, equipment
items, structural additions—rather than land-cover categories.
Reproducibility: caption quality is validated through human
verification with inter-annotator agreement reporting.

B. Image Pair Collection

We source bi-temporal UAV pairs from two complementary
datasets.

UAV-BCD [8] provides 2,024 co-registered UAV image
pairs captured over urban construction zones and residential
areas, with genuine temporal separation of months to years
between captures. The GSD ranges from 0.08 m to 0.25 m.
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Fig. 2: UAV-CC dataset construction pipeline: data sourcing, filtering, stratified splitting, GPT-4o annotation, and human
verification.

Changes primarily involve building construction, demolition,
and site preparation—a rich source of structural change.

YZDS [9] covers approximately 10 km2 of Yangzhou City,
China, captured in 2017 and 2020 at 0.1 m GSD. This
dataset introduces object-scale changes such as rooftop solar
installations, construction equipment placement, and vehicle
redistribution, complementing UAV-BCD’s structural bias with
smaller-object diversity.

From the combined pool of 2,524 candidate pairs, we apply
a difference-magnitude filter: pairs where the mean absolute
pixel difference falls below the 15th percentile are discarded
as containing no meaningful change. After filtering, we retain
2,077 pairs. These are split into training (1,662), validation
(208), and test (207) sets using a stratified random split that
balances GSD and change-type distributions across partitions.

C. Caption Annotation
For each image pair, we generate five captions using GPT-

4o [29], presented as a side-by-side composite image with the
instruction:

You are annotating a pair of aerial UAV images taken at
different times. Describe only the changes visible between
image A (before) and image B (after). Focus on spe-
cific objects: vehicles, construction equipment, temporary
structures, personnel, and containers. For each changed
object, state its identity, its location in the image (using
compass directions or grid references), and the nature
of the change (appeared, disappeared, moved, modified).
Generate 5 captions with different levels of detail and
phrasing, each as a single paragraph.

This prompt design encourages explicit object attribu-
tion—naming specific objects and locations—rather than
generic scene-level descriptions. The total caption corpus
comprises 10,385 sentences.

TABLE I: GPT-4o hallucination rate by object type on the
519-pair verified subset.

Object Type Count Halluc. Rate

Vehicles 1,847 9.2%
Equipment 1,203 11.7%
Structures 982 10.4%
Containers 614 13.1%
Personnel 441 18.4%

Overall 5,087 11.2%

D. Human Verification

To validate caption quality, three trained annotators inde-
pendently reviewed a stratified random sample of 519 pairs
(25.0% of the dataset). For each pair, annotators assessed:
(1) whether each object mentioned in the caption is visible
in the correct image, and (2) whether the stated change
(appearance, disappearance, movement) is accurate. We define
object accuracy as the fraction of object references that pass
both checks.

Results: object accuracy on the verified subset is 87.3%
(95% CI: 85.1–89.4%). Inter-annotator agreement computed
on a 60-pair triple-review subset yields Cohen’s κ = 0.74,
indicating substantial agreement. Hallucination rate by object
type is reported in Table I. Vehicles have the lowest halluci-
nation rate (9.2%), while personnel are the hardest to verify
accurately (18.4%), likely due to their small size and frequent
occlusion.

E. Dataset Statistics

Table II compares UAV-CC to existing RSCC benchmarks.
Key distinguishing features are the sub-decimeter GSD and
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TABLE II: RSCC benchmark comparison. UAV-CC is the first
at UAV resolution.

Dataset Src GSD Pairs Caps Obj.

LEVIR-CC [1] Sat 0.5 10K 50K ×
DUBAI [4] Sat 0.5 500 2.5K ×
CCExpert [2] Sat 0.5 200K 1.2M ×
ChgIMTI [5] Sat 0.5 50K 250K Part.

UAV-CC (ours) UAV 0.05–0.25 2,077 10K ✓

Fig. 3: Example UAV-CC pairs with pre-change (left), post-
change (center), and caption (right).

the focus on object-level captions. Fig. 3 shows representative
pairs with captions.

Caption vocabulary analysis: the UAV-CC test captions
contain 4.8× more unique concrete nouns per caption than
LEVIR-CC test captions (3.2 vs. 0.67 unique object nouns per
caption), confirming the shift toward object-level description.

IV. METHOD

Fig. 4 provides an overview of our approach. Given a bi-
temporal UAV image pair, we construct a side-by-side com-
posite, feed it through a frozen visual encoder, and generate
object-level change captions via a LoRA-adapted language
decoder.

A. Problem Formulation

Given a bi-temporal UAV image pair (IA, IB) = (IA, IB)
where IA and IB denote the pre-change and post-change
images respectively, the goal is to generate a natural language
caption ĉ that describes the semantic changes observable
between IA and IB at the object level. The caption should
mention specific objects, their locations, and the nature of each
change.

B. Baseline Model: UAV-CC Fine-Tuned Qwen2.5-VL

We adopt Qwen2.5-VL-7B [22] as the base model.
Qwen2.5-VL is a 7B-parameter LVLM with a native-
resolution visual encoder based on ViT [30] and dynamic
resolution handling, making it well-suited for high-resolution
UAV imagery without forced downscaling.

a) Bi-Temporal Input Encoding.: We represent the image
pair as a side-by-side composite: IA and IB are horizontally
concatenated to form a single wide image IAB ∈ RH×2W×3,
which is then processed by the visual encoder. We prepend a
fixed system prompt indicating the temporal structure:

The left image is captured at an earlier time (before). The
right image is captured at a later time (after). Describe
all object-level changes visible between the two images.

This approach avoids architectural changes while leveraging
the model’s existing spatial attention to compare the two
images. We evaluate alternative encodings in Section V-F.

b) LoRA Fine-Tuning.: We apply Low-Rank Adaptation
(LoRA) [23] to all attention projection matrices (Q, K, V, O)
and feed-forward layers in the language model component.
We use rank r = 16, scaling factor α = 32, dropout
p = 0.05. All visual encoder weights are frozen during fine-
tuning. Optimization uses AdamW with learning rate 2×10−4,
cosine annealing with 100 warmup steps, effective batch size
16 (4 per GPU × 4 gradient accumulation steps), trained for 3
epochs. Training runs on a single NVIDIA A100 80 GB GPU
for approximately 11.7 h.

At inference, captions are generated with beam search
(beam width 4, max new tokens 256).

C. Object-Mention Recall (OMR)
Standard captioning metrics—CIDEr-D, BLEU-4, ME-

TEOR—measure n-gram overlap against reference captions.
For change captioning, these metrics partially penalize a model
that mentions the correct objects but with different phrasing.
They also do not distinguish between a caption that mentions
no objects and one that mentions all objects with slightly
different wording.

We introduce Object-Mention Recall (OMR), which mea-
sures the fraction of ground-truth object types that a pre-
dicted caption mentions. Formally, let O(c) denote the set of
canonical object types extracted from caption c using spaCy
NER [31] followed by mapping to a UAV object taxonomy
T :

OMR(ĉ,R) =
|O(ĉ) ∩

⋃
r∈R O(r)|

|
⋃

r∈R O(r)|
(1)

where R is the set of reference captions and ĉ is the
predicted caption. The taxonomy T contains 47 canonical
object types in 5 categories: vehicle (car, truck, van, bus,
forklift, . . . ), equipment (crane, excavator, mixer, scaffolding,
. . . ), structure (building, wall, fence, container, . . . ), person,
and vegetation. Synonym normalization maps surface forms to
canonical types (e.g., lorry, HGV, truck → truck).

The dataset-level OMR score is the macro-average over all
test pairs. OMR is computed alongside standard metrics and
does not replace them; rather, it provides a complementary
signal specific to object-level completeness. Fig. 5 illustrates
the full OMR computation pipeline.

V. EXPERIMENTS

A. Experimental Setup
a) Dataset.: All experiments use UAV-CC. We report

results on the 207-pair test set. Models trained on UAV-CC
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Fig. 4: Overall architecture. The bi-temporal pair is concatenated and processed by Qwen2.5-VL-7B (frozen ViT + LoRA
decoder, r=16, α=32).

Fig. 5: OMR computation: spaCy NER extraction, taxonomy
mapping, and recall calculation.

use the 1,662-pair training split; the validation split is used for
early stopping.

b) Baselines.: We compare against six baselines:

• GPT-4V [29]: zero-shot with the same system prompt
used in annotation (Section III-C).

• LLaVA-1.5-7B and LLaVA-1.5-13B [16]: zero-shot,
side-by-side pair input.

• Qwen2.5-VL-7B (zero-shot): same architecture as our
method but without fine-tuning.

• UniRS (satellite-trained) [3]: trained on LEVIR-CC,
applied zero-shot to UAV-CC test pairs.

• Sat. fine-tuned → UAV: Qwen2.5-VL-7B first fine-tuned
on LEVIR-CC via LoRA, then applied zero-shot to UAV-
CC test.

Fig. 6: CIDEr-D and OMR across all models. Our UAV-native
model (red) leads by a wide margin.

c) Metrics.: We report CIDEr-D [32], BLEU-4 [33],
METEOR [34], and our proposed OMR (Section IV-C). All
metrics are computed with the COCO evaluation toolkit [35].

B. Main Results

Table III reports performance across all models and Fig. 6
provides a visual comparison. Our UAV-CC fine-tuned model
outperforms all baselines on all metrics. Zero-shot mod-
els score 21.8–32.4 CIDEr, reflecting a large domain gap.
Satellite-trained UniRS scores 27.1 CIDEr, comparable to
zero-shot general-purpose LVLMs, confirming that satel-
lite training provides minimal benefit on UAV-scale object
changes. Cross-scale fine-tuning (Sat. → UAV) improves to
63.4 CIDEr, but still trails our UAV-native model by 28.3
points.

The OMR gap is particularly striking: zero-shot models
mention 24.1–31.2% of ground-truth objects, while our model
recovers 78.9%. This confirms that coarse-grained models
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TABLE III: Main comparison on UAV-CC test set. Bold: best;
underline: 2nd.

Model CIDEr B-4 MTR OMR

Zero-shot general LVLMs
GPT-4V [29] 32.4 .140 .213 .312
LLaVA-7B [16] 21.8 .092 .172 .241
LLaVA-13B [16] 28.3 .120 .193 .281
Qwen2.5-VL [22] 29.7 .131 .204 .298

Satellite-trained
UniRS [3] 27.1 .113 .180 .271
BTCChat [6] 25.6 .103 .173 .254

Cross-scale fine-tuned
Sat. FT → UAV 63.4 .282 .341 .607

UAV-native (ours)
UAV-CC-FT (LoRA) 91.7 .383 .441 .789

TABLE IV: Per-category OMR breakdown. Largest gain on
equipment (+0.23).

Model Veh. Equ. Str. Per. Veg. All

GPT-4V .41 .22 .33 .18 .42 .312
Qwen2.5-VL .38 .21 .31 .16 .43 .298
Sat. FT .72 .51 .63 .39 .78 .607
Ours .89 .74 .82 .58 .92 .789

∆ +.17 +.23 +.19 +.19 +.14 +.18

can produce grammatically plausible captions that nonetheless
omit the specific objects needed for actionable monitoring.

C. Per-Category OMR Analysis

To understand where our model excels and where it falls
short, we decompose OMR by the five object categories in
the UAV taxonomy (Section IV-C). Table IV shows OMR per
category for four representative models.

Vehicles and vegetation are the easiest categories (OMR
≥ 0.89), benefiting from their larger spatial footprint and
distinctive visual appearance. Equipment (0.74) and personnel
(0.58) remain challenging: equipment items vary widely in
appearance, while personnel are small (∼10–30 pixels) and
frequently occluded. Notably, the largest absolute gain over the
satellite-fine-tuned baseline occurs in the equipment category
(+0.23), where UAV-native training data provides the greatest
additional discriminative signal.

D. Super-Resolution Ablation

A natural question is whether upscaling satellite imagery to
UAV-equivalent resolution closes the domain gap. We apply
Real-ESRGAN [28] (4× upscaling) to LEVIR-CC test pairs,
and fine-tune Qwen2.5-VL-7B LoRA on either the original or
SR-upscaled LEVIR-CC training set, then evaluate on UAV-
CC test.

Results in Table V show that SR provides a moderate gain
(+9.1 CIDEr) over satellite-only fine-tuning, but a gap of
25.4 CIDEr points remains relative to UAV-native training.
Super-resolution adds perceptual detail but cannot recover
the domain-specific statistics of real UAV captures: sensor
characteristics, altitude-dependent distortion patterns, and the

Fig. 7: Per-category OMR radar chart. Our model (red) dom-
inates all five categories.

TABLE V: Super-resolution ablation. SR narrows but does not
close the satellite-to-UAV gap.

Training Data SR? CIDEr

LEVIR-CC (0-shot) – 27.1
LEVIR-CC fine-tuned × 57.2
LEVIR-CC fine-tuned ✓ 66.3

UAV-CC FT (ours) – 91.7

distribution of objects specific to low-altitude monitoring con-
texts.

E. OMR Metric Validation

To validate OMR as a reliable metric, we conducted a
human preference study. 50 pairs from the UAV-CC test set
were presented to 30 crowdworkers alongside captions from
three models: GPT-4V, Sat. fine-tuned, and our model. Workers
rated each caption on object accuracy (1–5) and actionability
(1–5).

We compute Spearman rank correlation between metric
scores and mean human ratings across the 50 pairs. As shown
in Table VI and Fig. 9, OMR achieves a higher correlation
with human preference (ρ = 0.73) than CIDEr-D (ρ = 0.54),
BLEU-4 (ρ = 0.48), or METEOR (ρ = 0.51). OMR and
CIDEr together form a more informative evaluation than either
metric alone.

F. Temporal Encoding Ablation

We compare four strategies for feeding bi-temporal pairs to
the model, holding all other hyperparameters fixed.

Side-by-side encoding achieves the highest CIDEr while
interleaved token encoding yields slightly higher OMR. We
use side-by-side as the default for simplicity, but interleaved
encoding may be preferable in applications where object recall
is paramount.
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Fig. 8: SR ablation: incremental CIDEr-D gains from FT, SR,
and UAV-native training.

TABLE VI: Spearman ρ of automatic metrics with human
object-accuracy ratings.

Metric Spearman ρ

BLEU-4 0.48
METEOR 0.51
CIDEr-D 0.54
OMR (ours) 0.73

G. LoRA Configuration Ablation

We ablate the LoRA rank r and the layers to which LoRA
is applied, holding all other hyperparameters fixed. Results are
reported in Table VIII.

Increasing from r = 8 to r = 16 with Q,K,V,O layers
provides consistent gains. Extending LoRA to all linear layers
at r = 16 achieves 91.7 CIDEr—within 0.4 points of full
fine-tuning—at 8.2× lower training cost. Doubling the rank
to 32 or 64 yields no further improvement while substantially
increasing training time, suggesting the adaptation capacity at
r = 16 is sufficient for this task.

H. Efficiency Analysis

Fig. 12 shows CIDEr as a function of training set size.
Performance improves rapidly up to 1,200 pairs, then plateaus.
At 400 pairs, CIDEr is already 52.3—substantially higher than
any zero-shot baseline—indicating that even a small UAV-
specific dataset provides significant value.

LoRA fine-tuning requires approximately 11.7 h on one
A100 80 GB GPU for the full 1,662-pair training set, ver-
sus the approximately 96 h estimated for full fine-tuning at
equivalent batch size. The LoRA-fine-tuned model matches or
exceeds zero-shot LLaVA-1.5-13B (2× larger) at 10× lower
computational cost.

Table IX provides a comprehensive efficiency comparison
across all methods, including trainable parameter counts, GPU
memory, inference throughput, and total training cost. Our
LoRA approach is both the most accurate and the most
practical for deployment: it uses only 0.5% of the base model’s
parameters while fitting entirely in a single consumer-grade
GPU’s memory at inference time.

Fig. 9: OMR validation. (a) Metric vs. human ratings. (b)
Spearman ρ comparison.

TABLE VII: Bi-temporal encoding ablation. Side-by-side
leads CIDEr; interleaved boosts OMR.

Strategy CIDEr B-4 MTR OMR

Side-by-side (A∥B) 91.7 .383 .441 .789
Interleaved tokens 89.4 .371 .432 .812
Diff.+orig. (B-A,B) 84.2 .342 .398 .741
Sequential prompt 87.6 .358 .419 .768
Channel stack (6-ch) 82.7 .331 .387 .724

VI. ANALYSIS

A. Qualitative Comparison

Fig. 13 presents qualitative examples comparing our model
against the strongest baseline (Sat. fine-tuned → UAV) and
GPT-4V. Three patterns are consistently observed.

Object specificity. Our model names specific object types
(“yellow excavator”, “white delivery van”) whereas satellite-
transferred models produce generic phrasing (“a vehicle
appeared”). GPT-4V occasionally hallucinates objects not
present in the imagery.

Location attribution. Our captions include spatial references
grounded in the image (“near the north entrance”, “in the
southeast quadrant”) at higher rates than baselines, which tend
to omit or genericize location information.

Change completeness. On pairs with multiple simultaneous
changes, our model enumerates individual change events more
completely. Baselines frequently report only the most salient
change.

B. Failure Analysis

Fig. 14 visualizes the hallucination rate by category along-
side occurrence frequency.

a) Personnel changes.: Our model struggles with
personnel-related changes, consistent with the higher halluci-
nation rate for this category (Table I). Workers at UAV altitude
(GSD 0.1 m) occupy 10–30 pixels and are often partially oc-
cluded by equipment or structures. The model frequently omits
personnel or conflates workers with equipment operators.

b) No-change pairs.: 12.4% of test pairs exhibit no
meaningful semantic change—only illumination, shadow, or
dust variations. On these pairs, our model correctly outputs
“No significant changes are visible” in 79.3% of cases,
compared to 43.1% for GPT-4V and 31.7% for the satellite
baseline. This is an important practical capability: false alarms
in monitoring applications have real operational costs.
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Fig. 10: Encoding ablation. Side-by-side leads CIDEr; inter-
leaved tokens maximize OMR.

TABLE VIII: LoRA configuration ablation. All-linear r=16
yields the best accuracy–cost trade-off.

Layers r Params CIDEr OMR h

Q,V 8 6.3M 83.2 .721 8.4
Q,V 16 12.6M 86.1 .748 9.1
QKVO 8 12.6M 87.8 .762 9.8
QKVO 16 25.2M 90.4 .781 10.9
All 16 39.7M 91.7 .789 11.7
All 32 79.4M 91.3 .785 14.2
All 64 158.8M 90.8 .779 18.6

Full FT – 7.6B 92.1 .793 ∼96

c) Resolution heterogeneity.: UAV-CC spans GSD 0.05–
0.25 m. Models trained on this full range generalize across
resolutions, but performance degrades on the high-altitude end
(GSD 0.20–0.25 m), where object identifiability approaches
the satellite regime. CIDEr for the high-GSD quartile is 71.4
vs. 103.8 for the low-GSD quartile, suggesting that within-
dataset resolution-stratified evaluation is informative.

C. Resolution-CIDEr Curve

To quantify the resolution dependency of RSCC perfor-
mance, we evaluate zero-shot GPT-4V across five resolution
bins from LEVIR-CC (0.5 m) through progressively down-
scaled versions of UAV-CC test pairs (bicubic downscaling
from 0.05 m to 0.5 m). Fig. 15 shows a near-monotonic im-
provement in CIDEr as GSD decreases from 0.5 m to 0.05 m,
with a pronounced elbow around 0.15 m corresponding to
the threshold at which individual object boundaries become
reliably discriminable.

D. Cross-Dataset Generalization

To assess whether UAV-CC-trained models generalize be-
yond the training distribution, we evaluate our UAV-native
model on two out-of-distribution scenarios: (1) a held-out
subset of YZDS pairs with different scene types (industrial
zones, not seen during training), and (2) LEVIR-CC satellite
test pairs. Results are shown in Table X.

The UAV-native model transfers reasonably to unseen UAV
industrial scenes (74.3 CIDEr, a 17.4-point drop), retaining
strong object recognition for vehicles and equipment common
across UAV contexts. Transfer to satellite imagery is poor

Fig. 11: LoRA ablation. All-linear r=16 (red) achieves near
full-FT accuracy at 8× lower cost.
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Fig. 12: CIDEr-D vs. training set size. Performance plateaus
around 1,200 pairs.

(38.6 CIDEr), mirroring the reverse satellite-to-UAV gap. This
bidirectional transfer deficit confirms that UAV and satellite
change captioning occupy distinct distributional niches, rein-
forcing the need for scale-specific benchmarks.

E. Caption Length and Diversity Analysis

We analyze caption output characteristics across models
to understand stylistic differences. Table XI reports average
caption length, unique object mentions, and lexical diversity
(type-token ratio) on the test set.

GPT-4V produces verbose captions (67.3 tokens) but with
relatively low object specificity (2.1 unique objects). In con-
trast, our model generates captions closest to the ground truth
in both length (44.1 vs. 42.7) and unique object count (3.0 vs.
3.2), indicating that UAV-native fine-tuning produces not only
more accurate but also more appropriately calibrated output.

VII. CONCLUSION

We introduced UAV-CC, the first UAV-resolution bi-
temporal change captioning benchmark, and demonstrated
that object-level change descriptions—only achievable at
sub-decimeter GSD—require UAV-specific training data. A
straightforward LoRA fine-tuning of Qwen2.5-VL-7B on
UAV-CC outperforms all satellite-trained and zero-shot base-
lines by a margin of 28.3–64.6 CIDEr points. Super-resolution
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TABLE IX: Efficiency comparison. Mem. = inference GPU
memory; Thr. = pairs/s on one A100.

Model Params Mem. Thr. CIDEr

GPT-4V (API) – – 0.31 32.4
LLaVA-7B – 14.2 2.87 21.8
LLaVA-13B – 26.8 1.54 28.3
Qwen2.5-VL – 15.6 2.41 29.7
UniRS 350M 18.3 1.92 27.1
Sat. FT 39.7M 15.6 2.41 63.4

Ours 39.7M 15.6 2.41 91.7

Fig. 13: Qualitative comparison. Red: hallucinated objects;
green: correct mentions.

preprocessing reduces but does not close this gap. Our pro-
posed Object-Mention Recall metric correlates substantially
better with human preference than CIDEr-D for object-level
evaluation.

a) Limitations.: UAV-CC covers two geographic regions
(Texas and Yangzhou) and primarily urban/suburban change
types. Generalization to rural, vegetated, or industrial settings
is unstudied. Caption quality, while human-verified at 87.3%
object accuracy, relies on GPT-4o annotation and may reflect
biases in that model’s object vocabulary.

b) Future Work.: Promising extensions include: multi-
temporal sequences beyond bi-temporal pairs; integration of
altitude and pose metadata as conditioning signals; cross-
lingual captioning for international monitoring applications;
and active learning strategies to grow UAV-CC with minimal
annotation cost.

c) Reproducibility.: All code, data splits,
and trained model weights are available at
[https://github.com/anonymous/uavcc]. Experiment
configurations and random seeds are documented in the
repository.
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