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Abstract
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1. Introduction
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2. Related Works
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3. Textboxes
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Architecture
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Textbox Layers

SSD2| detection layer2} texbox layer2| 2tE+& X0 &= default box0il QULE.
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Loss function

loss = location loss + confidence loss
location lossOf|= smooth_L1 loss, confidence lossOfl+= softmax lossS AF$HC},
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Non Maximum Supression(NMS)
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