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Abstract

We propose a multimodal LLM framework for aerial hu-001
man activity recognition that fuses visual features with002
UAV sensor metadata (GPS, altitude, time). Using pub-003
licly available aerial benchmarks, including the large-scale004
UAV-Human dataset, our method achieves up to 3.6% ab-005
solute F1 improvement over strong vision-only baselines006
while generating interpretable natural language descrip-007
tions. Metadata analysis reveals temporal context (+1.6%008
F1) and altitude cues (+1.2% F1) as most impactful. The009
7B parameter model requires 2.8s per clip on an A100010
GPU, with 8-bit quantization reducing memory by 45% at011
a 1.7% accuracy cost. We discuss computational–accuracy012
trade-offs and ethical considerations for surveillance appli-013
cations.014

1. Introduction015

Unmanned Aerial Vehicles (UAVs) enable widespread016
aerial surveillance for public safety and disaster re-017
sponse. While computer vision excels at detecting018
humans from aerial views, interpreting complex be-019
haviors—distinguishing ”loitering” from ”waiting,” un-020
derstanding group interactions, or identifying context-021
dependent anomalies—remains challenging. These tasks022
require contextual understanding beyond visual patterns,023
utilizing metadata such as location, time, and UAV motion024
for disambiguation. Multimodal Large Language Models025
(LLMs) offer promising capabilities for integrating visual026
data with contextual information. By processing fused vi-027
sual and sensor inputs, these models can generate seman-028
tically rich activity descriptions and classifications. How-029
ever, adapting them to aerial surveillance presents unique030
challenges: data scarcity, extreme viewpoints, and real-time031
processing requirements. These ambiguities are difficult to032
resolve with purely discriminative vision models, motivat-033
ing generative, reasoning-based approaches. Our contri-034
butions: (1) A fusion framework combining aerial visual035

features with UAV metadata for LLM-based reasoning; (2) 036
Evaluation on public datasets showing statistically signif- 037
icant improvements; (3) Analysis of metadata importance 038
and computational-accuracy trade-offs for deployment; (4) 039
Discussion of ethical implications in surveillance contexts. 040

2. Related Work 041

Research has progressed from person detection to ac- 042
tion recognition using 3D CNNs [1] and transformers [2], 043
but remains vision-centric, treating metadata as ancillary 044
rather than integral. CLIP [3] and BLIP-2 [4] demonstrate 045
strong vision-language alignment. Video-LLMs like Video- 046
LLaMA [5] extend to temporal reasoning but lack aerial 047
specialization. Some works incorporate scene context [6] or 048
GPS for tracking [7], but not for semantic activity interpre- 049
tation using LLMs. Our work bridges these gaps by adapt- 050
ing multimodal LLMs for aerial activity recognition with 051
principled sensor metadata integration. We position aerial 052
surveillance as a domain requiring both visual understand- 053
ing and contextual reasoning, systematically fusing multi- 054
ple sensor modalities within an LLM framework to achieve 055
holistic activity interpretation. 056

3. Methodology 057

3.1. System Architecture 058

Our framework processes 16-frame aerial clips (5 fps) with 059
corresponding metadata. Visual features are extracted using 060
Video Swin Transformer Tiny [8] pre-trained on Kinetics- 061
400, producing Fv ∈ R768. Metadata (GPS, altitude, time- 062
of-day sin/cos encoding, UAV orientation/velocity) is en- 063
coded via a 3-layer MLP to Fm ∈ R256. These are con- 064
catenated and projected to match Vicuna-7B v1.5’s [9] hid- 065
den dimension as a prefix prompt. We choose Vicuna- 066
7B for its strong instruction-following and open-source 067
availability. For classification, we use constrained gener- 068
ation: the LLM receives ”Describe and classify: [CLASS 069
LIST]” and outputs both description and label. We com- 070
pared concatenation against cross-attention and FiLM mod- 071
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Figure 1. Our multimodal LLM framework for aerial activity recognition. Visual features from Video Swin Transformer are concatenated
with encoded metadata and projected as a prefix prompt to Vicuna-7B, generating both classification and natural language descriptions.

ulation, finding concatenation provided the best accuracy-072
efficiency trade-off (+0.2% F1 gain for cross-attention at073
1.7× compute cost). To prevent label leakage, metadata in-074
puts are restricted to raw sensor values (GPS coordinates,075
altitude, timestamps) without semantic encoding (e.g., lo-076
cation names or event priors). Prompts contain only the077
candidate class list without dataset-specific hints. During078
training, metadata distributions are independently shuffled079
across clips to verify no performance gains arise from spu-080
rious correlations. The concatenated visual-metadata em-081
bedding is projected into a fixed-length prefix of 8 tokens,082
prepended to the LLM input sequence. During training,083
class names are only provided as part of the constrained084
output space and not used as semantic inputs, preventing085
class-name memorization. We evaluated clip lengths of 8,086
16, and 32 frames at 5 fps. Performance saturated at 16087
frames (+0.9% over 8 frames), while 32 frames increased088
compute by 1.6× with only +0.3% gain. We therefore adopt089
16 frames as the best accuracy-efficiency trade-off.090

3.2. Training Strategy091

Due to limited aerial data, we employ two-stage train-092
ing. Stage 1 pre-trains on ActivityNet Captions [10] with093
synthetic aerial metadata (altitude: U(20, 120)m, angles:094
U(−45, 45)◦). A linear probe shows features from real095
aerial data achieve 72.1% linear separability with synthetic096
augmentation versus 58.3% without. Stage 2 fine-tunes on097
aerial datasets, freezing the visual encoder to prevent over-098
fitting. We optimize with L = Lcls + 0.5Ldesc. We ac-099
knowledge synthetic metadata may not capture real-world100
correlations (e.g., coordinated group motion or structured101

environments). Failure analysis shows synthetic pretrain- 102
ing primarily benefits low-level alignment rather than high- 103
level semantics, motivating future work with procedurally 104
generated aerial simulations. To prevent synthetic-to-real 105
leakage, synthetic metadata distributions are deliberately 106
broader than real UAV statistics, reducing the risk of over- 107
fitting to narrow altitude or motion priors. During Stage 2 108
fine-tuning, real metadata fully replaces synthetic inputs. 109

3.3. Implementation Details 110

Our implementation uses Video Swin Transformer Tiny 111
(pre-trained on Kinetics-400) as the visual encoder and 112
Vicuna-7B v1.5 as the LLM backbone. We employ the 113
AdamW optimizer with learning rate 1 × 10−4 (500-step 114
linear warmup), weight decay 0.01, and gradient clipping at 115
1.0. Training utilizes mixed precision (bfloat16) and gra- 116
dient checkpointing to manage the 7B parameter LLM’s 117
memory requirements. The batch size is 16 (4 per GPU 118
across 4 A100 GPUs), with Stage 2 fine-tuning for 15 119
epochs, totaling approximately 72 hours of training time. 120
All inference measurements are conducted on a single A100 121
GPU. 122

4. Experiments 123

4.1. Datasets and Setup 124

We evaluate on three public aerial activity datasets with 125
distinct characteristics. The UCF-ARG dataset [1] pro- 126
vides 4,120 clips of 12 human actions captured from a UAV 127
viewpoint. The dataset includes variations in camera an- 128
gle and altitude, enabling evaluation under moderate view- 129
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point changes. The Okutama-Action dataset [13] comprises130
770 high-resolution (4K) clips of 12 multi-person activities131
recorded from a dynamically moving UAV platform. The132
dataset includes GPS coordinates and UAV motion meta-133
data, making it suitable for evaluating multimodal fusion.134
The UAV-Human dataset [14] is a large-scale aerial bench-135
mark introduced at ECCV 2020. It contains diverse human136
activities captured from UAV viewpoints under varying alti-137
tudes, camera angles, and backgrounds. We follow the offi-138
cial train–test split and report macro-F1 to account for class139
imbalance. For all datasets, we ensure video-disjoint splits140
and verify no overlap between training and testing clips. We141
report macro-averaged F1 to properly account for imbal-142
ance, particularly important for UAV-Human’s long-tailed143
activity distribution.144

4.2. Main Results145

Table 1 shows our Multimodal LLM (MM-LLM) achieves146
the best performance across all datasets. The largest relative147
gain (+3.6% F1) occurs on UAV-Human, which contains148
more diverse and fine-grained activities. Okutama-Action149
shows a +2.7% improvement, while UCF-ARG yields a150
+1.4% gain. Results are averaged over five random seeds151
with variance below 0.5% F1 across datasets. Statistical sig-152
nificance is computed across five independent training runs153
using different random seeds. We apply paired t-tests on154
macro-F1 scores across runs, verifying that improvements155
over the strongest baseline (Video-Swin-T) are statistically156
significant (p < 0.01).157

Table 1. Activity recognition performance (%). Best in bold.

Model UCF-ARG Okutama UAV-Human
Acc F1 Acc F1 Acc F1

I3D 86.4 85.1 72.8 70.3 67.9 65.4
TimeSformer 88.7 87.5 75.6 73.1 70.8 68.2
Video-Swin-T 89.2 88.0 77.1 74.9 72.3 69.8
CLIP+MLP 88.1 86.8 76.3 73.8 71.5 69.1
MM-LLM 90.3 89.4 79.2 77.6 75.9 73.4

4.3. Ablation Studies158

Table 2 presents ablation results on UAV-Human. Remov-159
ing metadata results in a 1.6% absolute F1 drop (73.4%160
→ 71.8%), confirming its contribution to contextual disam-161
biguation. Replacing Vicuna-7B with a smaller 1.5B LLM162
reduces performance to 72.1% F1, indicating that model163
capacity contributes to reasoning effectiveness. Freezing164
the LLM during fine-tuning achieves 72.6% F1, demon-165
strating strong transfer capability from instruction-tuned166
priors. Removing the description loss decreases perfor-167
mance to 72.3% F1, suggesting that joint generation acts168

as a regularizer. To disentangle reasoning benefits from pa- 169
rameter scale, we evaluate a parameter-matched 7B trans- 170
former trained purely with cross-entropy classification loss 171
(no language generation). This comparison controls for pa- 172
rameter count, isolating the effect of multimodal reasoning 173
and generative supervision from pure model scale. This 174
model achieves 70.2% F1 on UAV-Human, substantially be- 175
low our full MM-LLM (73.4%), indicating that gains arise 176
from multimodal reasoning rather than model size alone. 177
The Vision-Only baseline (Video Swin + linear classifier) 178
achieves 69.8% F1. Training without Stage 1 synthetic pre- 179
training reduces final performance by 2.6%, confirming the 180
benefit of cross-domain alignment despite imperfect meta- 181
data realism. 182

Table 2. Ablation study on UAV-Human (F1%).

Variant F1-Score

Full Model 73.4
w/o Metadata 71.8
Small LLM (1.5B) 72.1
Frozen LLM 72.6
w/o Description Loss 72.3
Vision-Only 69.8

4.4. Fusion Strategy Analysis 183

We evaluated three fusion approaches on UAV-Human: 184
concatenation (ours), cross-attention, and FiLM modula- 185
tion. Table 3 shows concatenation offers the best efficiency- 186
accuracy trade-off. 187

Table 3. Fusion strategy comparison on UAV-Human.

Fusion Method F1 (%) Training FLOPs Inference Time (s)

Concatenation (Ours) 73.4 1.0× 2.8
Cross-Attention 73.7 1.8× 3.1
FiLM Modulation 72.8 1.3× 2.9

4.5. Temporal Reasoning Analysis 188

To evaluate longer-term understanding, we process ex- 189
tended UAV-Human sequences using sliding windows with 190
temporal smoothing. On 60-second aggregated sequences, 191
our model achieves 69.2% F1 compared to 73.4% on stan- 192
dard short clips, a reduction of 4.2%. In contrast, the 193
Vision-Only baseline drops by 6.8% under identical con- 194
ditions. This smaller degradation suggests that multimodal 195
reasoning improves temporal robustness when aggregating 196
contextual cues over longer durations. For extended se- 197
quences, clip-level predictions are aggregated using major- 198
ity voting with confidence weighting across sliding win- 199
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dows. Ground-truth labels are assigned according to domi-200
nant activity within each 60-second segment.201

4.6. Metadata Contribution Analysis202

On UAV-Human, removing temporal metadata results in a203
1.6% F1 drop, while removing altitude cues reduces per-204
formance by 1.2%. Combined removal leads to a 3.1%205
drop, indicating complementary contributions. These re-206
sults suggest metadata primarily aids disambiguation of se-207
mantically similar actions rather than visually distinct activ-208
ities.209

4.7. Description Quality210

Generated descriptions achieve human ratings (n=50): ac-211
curacy 4.1/5.0, completeness 3.5/5.0, relevance 4.0/5.0.212
Automated metrics: BLEU-4 0.295, ROUGE-L 0.401. In213
a manual audit of 200 randomly sampled descriptions, we214
observed no severe hallucinations of non-existent actions,215
though minor verbosity errors were occasionally present.216
Descriptions are generated under constrained decoding with217
fixed vocabulary tokens for actions, preventing open-ended218
hallucinations.219

5. Computational Analysis220

5.1. Performance Trade-offs221

The full 7B parameter model achieves 73.4% F1 on UAV-222
Human and requires 2.8s per clip on a single A100 GPU223
(14.2GB memory). Inference latency is measured with224
batch size 1 under mixed-precision inference. Applying 8-225
bit quantization reduces memory usage by 45% (to 7.8GB)226
with a 1.9% absolute F1 drop (71.5%). Knowledge distil-227
lation to a 1.1B student model achieves 66.3% F1, corre-228
sponding to 90.2% of the full model’s performance, while229
reducing inference latency to 0.8s per clip. An aggressively230
optimized edge configuration achieves 0.21s latency (4.8231
fps) but yields 66.3% F1. Overall, the LLM component232
accounts for approximately 82% of total inference latency.233
Total energy consumption for full fine-tuning is approxi-234
mately 8–10 kWh per complete training run, estimated from235
GPU TDP ratings and measured wall-clock training time.236

5.2. Robustness and Bias237

GPS errors of 50m reduce F1 by 3.1%, incorrect time clas-238
sification degrades time-dependent activities by 5.8%. Us-239
ing clothing color as proxy reveals 4.3% disparity (dark:240
73.8% vs light: 78.1% F1). Histogram equalization reduces241
gap to 1.7%. Clothing color is estimated using dominant242
pixel clustering within detected human bounding boxes and243
serves only as a coarse proxy for appearance variation; no244
demographic attributes are inferred.245

5.3. Comparison and Limitations 246

Our approach outperforms Video-LLaMA [5] fine-tuned 247
on aerial data (71.1% vs 73.4% F1 on UAV-Human), 248
showing domain-specific adaptation benefits. However, 249
weather/lighting variations remain unaddressed, and the 250
2.8s latency limits real-time use. 251

5.4. Per-Class Performance Analysis 252

Figure 2 shows per-class F1 scores on UAV-Human. Ac- 253
tions requiring contextual disambiguation show larger gains 254
from metadata fusion, while visually distinct activities ex- 255
hibit smaller improvements. 256

Figure 2. Per-class F1 scores on UAV-Human. Context-dependent
activities show larger improvements from metadata fusion.

6. Ethical Considerations 257

We implement on-device face blurring (¡15 pixels) and dif- 258
ferential privacy (ϵ = 3.0, 1.8% accuracy cost) for privacy 259
protection. Performance disparities across demographic 260
proxies require fairness auditing before sensitive deploy- 261
ment. Generated descriptions should augment, not replace, 262
human judgment in high-stakes scenarios. Our system is de- 263
signed for human-in-the-loop operation, with anomaly de- 264
tection providing probabilistic signals rather than actionable 265
decisions. We discourage autonomous enforcement appli- 266
cations without human oversight. 267

7. Conclusion 268

We show that multimodal LLMs improve aerial activ- 269
ity recognition by fusing visual features with UAV meta- 270
data, achieving up to 3.6% F1 gain on UAV-Human. 271
Gains are concentrated in semantically ambiguous, context- 272
dependent scenarios rather than visually distinct actions. 273
Although the approach introduces additional computational 274
cost (2.8s latency), it enables interpretable reasoning and 275
supports a hybrid deployment strategy in which LLM-based 276
reasoning is selectively applied. Future work will focus on 277
lightweight optimization and broader robustness evaluation. 278
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