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* Hungarian Loss: Histogram of Predicted vs. Ground Truth Chip Size Distributions

Current Challenges in Wood Chip Size Estimation:
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, . Dataset description: * Developed an enhanced DETR-based pipeline for
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real-time wood chip size estimation In high-volume

The dataset: 223 images with over 7,100 annotated wood chips. _ _
biomass manufacturing.
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[ roii .' B After Augmentation
chips by integrating self-attention, bounding box
Objectlves WL s S . e filtering, loU-based validation, and confidence
: - A Pyl e GV TR Re O i ess Nl refinement.

« Develop an ML model for detecting small, overlapping, and irregular wood chips. * Trained on over 7,100 annotated chips, the model
_ _ _ _ _ achieved mAP50 = 85%, mAR50 = 91%, mAP50-95

* Create a diverse, annotated dataset with over 7,100 chips from multiple mills. = 61%. and MAR50-95 = 68%.
 Estimate Chlp size distributions and validate with KL divergence. o ﬁgmberjﬁBoundﬁgBoxi)perlm?ge L e Future work - improve eﬂ:iciency by reﬁning the

backbone and speeding up inference for real-time
biomass processing.

* Apply post-processing filters for refined detection.

Methodology :
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