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INTRODUCTION DATASET STATISTICS EXPERIMENTS
Fine-grained object recognition is a challenging open problem, in which the | K345 ¥ |£ ¥ | Lighting and color

: . : : : iy - _ 150 4 eze *F variations General statistics Trainval set | Test set Semantic Segmentation
goal is to distinguish subordinate categories within entry-level categories. In e, > AN\ N A Total positive images 1.000 300 Dataset Method mloU (%) (Left). Results for semantic segmentation.

other words, fine-grained recognition and, specifically, fine-grained localiza- § *% . Total negative images 51,637 51,670 FL.C (Positives) | MaskR-CNN R50 3271 (Bottom-left). Qualitative  (Bottom-right). Annota-

L . . . Cast shadows i '
tion Is akin to looking for a needle in a haystack. % : Total images 52,637 | 52,170 MaskR-CNN RS0 | 7.71
4-leaf clover instances 1,530 747 NN R NG N .

A large variety of applications require the study not only of fine-grained object ... Seclnsion j—iea:fECioverlgavis 18;?(1)0/ 13?:321807
categorization, but also of fine-grained localization. Fine-grained localization -ieal CIOVET PIXELS - ; - 0

_ _ _ _ _ _ 4-leaf clover boundary pxls. | 0.0608% | 0.0719%
Is characterized by imbalanced problems with a small inter-class variance,
and a large intra-class variation.

result onthe test set. tions of same image.
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Leaf shape Positive images refersto images that contain at least

_ _ | | _ _ one 4-leaf clover.
Our main contribution Is to present a comprehensive experimental frame-
4-leaf clover pixels and 4-leaf clover boundary pixels

work, with highly detailed annotations, for studying fine-grained object local- § § "% B o
: : _ | L refer to the rate of the total of positive pixels over the

ization tasks. We introduce the Four-Leaf Clover (FLC) Dataset, a novel i TN total of pixels in the FLCD.

benchmark for studying five different fine-grained localization tasks: object § & Instance Segmentation Object Parsing

detection, semantic segmentation, instance segmentation, instance parsing, T Dataset Method mAP@[5,95](%)  Dataset Method mAP@][.5,.95] (%)
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Dataset Classification Detection Semantic Sem. Instances Boundaries Parsing Dataset
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task of detection.
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