
Introduction
Problem statement
Freely available satellite images such as those from Sentinel-2 (S2)
offer global coverage with a ground sampling distance of 10 m.
However, this spatial resolution is insufficient for detecting small
objects such as aircraft. This work addresses the challenge of
improving detection capabilities for tiny objects by combining
super-resolution techniques with object detection and density
estimation strategies.

Related works
▪ Object detection performance drastically drops when targeting

small-scale elements [1].

▪ While super-resolution techniques like EDSR and object detectors
such as YOLO have shown promising results, false positives remain
a challenge [2].

▪ Density estimation methods, historically used in fields like crowd
counting, can complement detection models by improving
localization in dense or occluded regions [3].

Proposal
We present a hybrid approach combining super-resolution, object
detection, and density estimation to improve the detection of
aircraft in S2 imagery. Our methodology aims to:

• Enhance spatial resolution to improve object visibility.

• Combine object detection and density estimation to capture a
wider range of object sizes.

• Reduce false positives via heatmap filtering from density estimation.

Methodology
Dataset
▪ 5,378 aircraft annotated across 118 Areas of Interest.

▪ Aircraft range from ~12 m to >50 m in length.

▪ Classification by size (XS, S, M, L, XL).

▪ Data manually annotated by IMINT experts on S2 scenes.

Super-resolution

▪ S2 imagery enhanced to 2.5 m using an EDSR model trained with a
higher-resolution sensor as reference (following Galar et al. [4]).

▪ Enables detection of objects previously limited by spatial
constraints.

Object Detection
▪ YOLOv8 employed due to its high accuracy-speed tradeoff [5].

▪ Incorporates spatial attention and feature fusion for better
localization.

▪ Detects aircraft instances across varied backgrounds and object
shapes.
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Density Estimation
▪ Vision Transformer-based model adapted from Liang et al. [3].

▪ Trained to estimate object presence density at pixel level.

▪ Especially effective in occluded or densely packed scenes.

Data Fusion
▪ Heatmaps from the density model used as filters for detection results [6].

▪ Post-processing eliminates false positives while retaining true detections.

▪ Final detections integrate spatial certainty with object localization.

Results
Table 1. Results obtained for the test set.

Figure 1. Object detection and density estimation results for the same airbase.

Conclusions
▪ The proposed workflow increases the precision of aircraft detection in

S2 imagery.

▪ Super-resolution enhances object visibility and enables downstream
tasks.

▪ Density estimation offers robustness where detection models fail.

▪ The approach is scalable and cost-effective for global monitoring of
strategic infrastructure.

Future work
▪ Expand the dataset with more object classes (e.g. ships, trucks).

▪ Integrate temporal analysis using time series.

▪ Validate operational potential in real-time monitoring systems.

Experiment Size TP FP FN Precision Recall F1

Baseline XS 3 1 75 0.75 0.04 0.07
S 46 183 165 0.20 0.22 0.21
M 225 254 165 0.47 0.58 0.52
L 202 40 30 0.83 0.87 0.85
XL 31 10 0 0.76 1.00 0.86
Overall 507 487 435 0.51 0.54 0.53

Proposed XS 3 0 75 1.00 0.04 0.07
S 46 58 165 0.44 0.22 0.29
M 211 104 179 0.67 0.54 0.60
L 192 20 40 0.91 0.83 0.86
XL 29 3 2 0.91 0.94 0.92
Overall 481 186 461 0.72 0.51 0.73


