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Introduction

Ê What are Search and Rescue (SaR)
Missions?
• Coordinated operations that locate
and assist missing or endangered peo-
ple in inaccessible environments

© Who is Being Rescued?
• Lost hikers and climbers
• Disaster survivors (floods, fires, etc.)
• People in remote or conflict zones

Û Why This Research?
• Faster rescue = more lives saved
• Manual review takes too long (25 s)
• AI can accelerate detection

Datasets

Characteristics
• Platform: Most datasets are from UAV (drone) im-
agery; only SaRNet uses satellite imagery

• Sensor: All datasets use standard RGB (color) im-
agery; no multispectral or thermal data

• Resolution: Ranges from 720p (TinyPerson) to 4K
(VisDrone); SaRNet has 0.5 m GSD

Dataset # Images Image Size Cls Type
SaRD [1] 1981 1920×1080 1 UAV

DB Licenta [2] 4000 1024×680 1 UAV
VisDrone [3] 10209 2000×1500 10 UAV
SaRNet [4] 2552 1000×1000 1 Satellite

TinyPerson [5] 774 1280×720 2 UAV

All 5 datasets used for benchmarking.

(a) SaRD dataset – Raw image and ground truth bounding boxes

(b) DB Licenta dataset – Raw image and ground truth bounding
boxes

Figure 1 Ground truth annotations for YOLOv5 across two
datasets. Each subfigure shows the original image and la-
beled human detections

Models

(a) YOLOv5 [6]: Real-time grid-based detector balancing speed and accuracy for onboard drone applications [7]

(b) Faster R-CNN [8]: Two-stage approach yielding high localization precision, ideal for high-stakes SaR scenarios [9]

(c) RetinaNet [10]: Single-stage model with focal loss to handle extreme class imbalance and tiny object detection [10]

Figure 2 Models that were fine-tuned using transfer learning and assessed across five benchmarks for precision, and recall

Results
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Figure 3 Performance comparison of the models across benchmark datasets in terms of (a) precision mAP and (b) recall mAR

Conclusions

• Tiny persons still defeat
modern detectors

• Transfer learning works
best with drone imagery

• YOLOv5 is consistently
the fastest

• YOLOv5 leads in all
datasets

Figure 4 Prediction sample using YOLOv5 on DB Licenta with original image, expected label
and predicted ones


