Large Scale Multi-Label Image Classification of Fine-Graine
Wetland Vegetation in the Okavango Delta
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Riparian Forest Miscanthus most relevant to each label e Severe class imbalance - rare yet ecologically significant
Broadleaf Woodland Junceus ML-Decoder classes ha.ve. fewer training examplgs, thus complicating
Open Woodland m Vossia Cuspidata model training and threshold selection.
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e Level 1 Classifications also received “Distance” label categorizing e Use Stratified Group K-Fold Cross-Validation to increase
Foreground, Nearest Bank, or Background. threshold robustness.
Sampling queries training jointly. e Collapse similar classes like Woodlands + ignore “Background”

e Stratified Sampling: Keep same proportion of each label for : labels to reduce noise. |
training/validation/test splits. Evaluation Strategy Figure 3: CSRA Attention Map e Explore accuracy of using Segmentation models.

. . Threshold tuning: Optimize
e Group-Aware Sampling: Keep left/right halves together between * e . References and Acknowledeements
splits to prevent data leakage as left/right halves of a given image per-.class thresholds on validation data to maximize F1. : . . s ——
® Met”CS: Ben-Baruch, Emanuel, et al. “Asymmetric Loss for Multi-Label Classification.” arXiv preprint

share context. o o arXiv:2009.14119 v, 29 July 2021, https://arxiv.org/abs/2009.14119.
Model Architecture O Average Precision (AP) Average the precisions of all Ridnik, Tal, et al. “ML-Decoder: Scalable and Versatile Classification Head.” arXiv preprint arXiv:2111.12933 v2,

. 31 Dec. 2021, https://arxiv.org/abs/2111.12933.
ODOSSI ble recd ”S Zhu, Ke, and Jianxin Wu. “Residual Attention: A Simple but Effective Method for Multi-Label Recognition.” arXiv

o Precision: % correct positive pred ictions preprint arXiv:2108.02456 v2, 19 Aug. 2021, https://arxiv.org/abs/2108.02456.
o Reca ” % Of true pOSitiveS CcoO rreCtly prediCted Thank you to Dr. Lukas WinklerPrins, Dr. Laurel Larsen, Magali Ruer, Winnie Yang, Alexander Brown, Meixian Li, Sophia

Meyers, Octavia Crompton, David Pham, the ESDL Team, US Army Corps of Engineers, National Geographic Okavango

O :1 . HarmoniC mean Of preCiSion/reca” Wilderness Project, and Wild Bird Trust.

e Generates class-specific
feature vectors by attending to
critical image regions.

Learns label correlations via all

Pretrained on ImageNet-22k and fine-tuned on ImageNet-1k models:
e Swin Transformer v2 (hierarchical attention)
e ConvNeXt (CNN-based modern architecture)
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