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Figure 1. We adapt this figure from the Focal Loss paper [Y].
YOLOV3 runs significantly faster than other detection methods
with comparable performance. Times from either an M40 or Titan
X, they are basically the same GPU.
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Network's ) . .
. last.weights final weights
weights
no_mask 39.88% 32.76%
mask 67.26% 62.25%
mAP5S0 53.57% 47.51%
Average IOU 47.42% 45.63%
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Network's _
. F|Esh: weights
weights
no_mask 42.78%
mask 71.62%
mAP50 59.18%
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[1]1  https://arxiv.org/abs/1804.02767 - “YOLOv3: An
Incremental Improvement’

[2]https://seongkyun.github.io/papers/2019/11/20/yolov3/
- “YOLOV3 : An Incremental Improvement’

[3]
https://bestinau.com.au/yolov3-architecture-best-model-i
n-object-detection/ - “YOLOv3 Architecture: Best Model in
Object Detection’
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