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Methodology

Results: Quantitative Performance

» Flash floods require rapid and accurate mapping of river water extent. » Workflow: Model Dice Recall Time (ms)
» UAV imagery provides high resolution but suffers from canopy occlusion, > Pre_process and a“gm_e”t 512X51? tiles. DeeplLabV3+ 0.945 1.000 113
shadows, reflections, and complex riverbanks. > Traln.C.NN models with BCE+Dice, Adam or AdamW. UNET -+ 0.948 0927 186
. . . L » Conditional LR scheduler (ReduceLROnPlateau).
» Deep learning segmentation helps, but most studies ignore occlusion in b Evaluste sesmentation aceuracy and efficienc UNET-ResNet50 0.947 0.878 172
_ valu | u ICI . _
small rivers, > — ! UNET-MobileNetV/2 0.933 1.000 100
» Interpretability and explainability.
SegNet-VGG16 0.940 1.000 116

» 10 architectures:
» UNET, UNET++, ResUNET+-+, UNET-FFC, UNET-VGG16, UNET-ResNet50,

Perfect recall and sub-120 ms inference are crucial for forecasting.

Contributions

» UAV dataset with 416 annotated images under canopy occlusion. UNET-MobileNetV2, SegNet, SegNet-VGG16, DeepLabV3+. : _
» Benchmark of 10 CNN architectures with 40 training variations. » 40 variations: Adam vs AdamW combined with CLRS on vs off. ComPUtat'Onal thC'enCy
» Hybrid BCE+Dice loss and conditional learning rate scheduling. }
> Explainability with Grad-CAM and Grad-CAM++. Augmentation 0 U0 Total 1 Trainabie I8 Non-trainable |-
» Direct link to flash flood forecasting needs. ol
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Figure 1: Study area: Bride River catchment, County Cork, Ireland. 0l - = = |
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» Recurrent flash flooding events, such as the storms of 2012 and 2015. © N \g‘»‘ i
» Steep topography and narrow valleys that accelerate run-off. Rotate FLOPs
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» 4 Drone surveys between March and June 2025. 3 B Pl
> 2232 images (~ 20GB), total ~ 8km? covered. S 100 B
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» 416 RGB UAV images (52803956 — resized 512x512). S i
» Class imbalance: ~ 96% non-water vs ~ 4% water (Pixel class 5 102 i i 3
distribution). : W
|
8.34 - 107 10° ¢ E
& i
L 100 —< o P R X < 5 L X x
*g e e A A ¥ Qgéz" o %as? ¥ &
8 Saturation Hue &
— . . : L M , batch size 4
L 4 Figure 3: Set of random augmentation methods applied to the original image through the EMOry H>age, bateh Size
a9 dataset loading pipeline Figure 5: Computational efficiency and resource trade-offs among the selected models
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Explainability
0 | DeeplLabV3+ predictions with mterpre.tabllfty .\/lsuallsatlor?s (Grad—-CAI\/I and DeeplabV3+ High Dice, recall 1.0, slight over-segmentation
Non-Water Grad-CAM++). Red (low) to Blue (high) indicates the pixel-level importance. 113 ms
s ot UNET++ Highest Dice slow, heavy compute
ResUNET++ Strong loU recall collapse risky for fore-
casting
UNET-MobileNetV2 Fastest and recall 1.0 precision slightly lower
SegNet-VGG16 Recall 1.0 moderate efficiency

Implications for Flash Flood Forecasting

» Recall as safety driver: do not miss water.

» Inference time for timeliness in response.

» Boundary accuracy supports hydraulic models.

» Efficiency enables field or edge deployment.
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image Mask Input UAV Image >egmentation Output Takeaway: DeeplLabV3+ is the most balanced for real-time
operations. UNET-MobileNetV?2 is a solid, lightweight option.
Conclusions and Links
» Occlusion-robust UAV dataset and benchmark.
» Practical guidance for real-world forecasting.
» Open data and code for reproducibility.
Dataset: https://doi.org/10.5281/zenodo.17236026
Code: https://doi.org/10.5281 /zenodo.17236026
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Figure 2: Sample image-masks pairs from the dataset Figure 4: DeepLabV3+ Grad-CAM and Grad-CAM-++ visualisations versity***
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