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(𝑥, 𝑦, 𝑤, ℎ, "man") (𝑥, 𝑦, 𝑤, ℎ, "kid")

(𝑥, 𝑦, 𝑤, ℎ, "glove")



𝐼 ∈ ℝ𝑅 × 𝐶 × 3

• {𝑙𝑖} Λ = {"wheel",
"cars", …, "castle", "baboon"}

• { 𝑥, 𝑦, ℎ, 𝑤 𝑖}

𝐼 → { 𝑥, 𝑦, ℎ, 𝑤, 𝑙 1, … , 𝑥, 𝑦, ℎ, 𝑤, 𝑙 𝑁}
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By Adrian Rosebrock - http://www.pyimagesearch.com/2016/11/07/intersection-over-union-iou-for-object-detection/ 
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RPN



𝒌
𝑘 = 3 × 3 3

3 𝑯 × 𝑾.

𝑯 × 𝑾 × 𝒌

𝐻

𝑊



256 3 × 3

 𝐻 × 𝑊 × 256
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𝐻 × 𝑊 × 256
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• 1 × 1
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• 𝑘
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• 𝑘 4 −
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𝐻 × 𝑊 × 𝑘
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OTDR
Launch Cable Cable Under Test Receive Cable
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𝑩



•
(𝑑𝑥, 𝑑𝑦, 𝑑ℎ, 𝑑𝑤, 𝑜𝑏𝑗𝑒𝑐𝑡𝑛𝑒𝑠𝑠_𝑠𝑐𝑜𝑟𝑒)

• 𝐶

7 × 7 × 𝐵 × (5 + 𝐶)







https://colab.research.google.com/drive/1chjXM6ckE1s-x0ZZjGG_QOdmlCeBPzPR
https://colab.research.google.com/drive/1chjXM6ckE1s-x0ZZjGG_QOdmlCeBPzPR




http://cs231n.stanford.edu/
http://cs231n.github.io/


𝐼

• {𝑙𝑖} Λ = {"wheel",
"cars", …, "castle", "baboon"}

• { 𝑥, 𝑦, ℎ, 𝑤 𝑖}

• 𝑆

𝐼 → { 𝑥, 𝑦, ℎ, 𝑤, 𝑙, 𝑆 1, … , 𝑥, 𝑦, ℎ, 𝑤, 𝑙, 𝑆 𝑁}







256 x 14 x 14 256 x 14 x 14

Classification Scores: C

Box coordinates (per class): 4 * C

Predict a mask for

each of C classes















In collaboration with



Image Prediction

In collaboration with
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𝑇1 𝑇2 𝑇3



𝐼

Ƹ𝑖 = argmin
𝑗=1,..,3

𝐼 −  𝑇𝑗 2

𝑇1 𝑇2 𝑇3



𝑇1 𝑇2 𝑇3



𝑇1 𝑇2 𝑇3 𝑇4



http://cs231n.stanford.edu/
http://cs231n.github.io/


𝐼 𝑇1 𝑇2 𝑇3 𝑇4

Ƹ𝑖 = argmin
𝑗=1,..,4

𝐼 −  𝑇𝑗 2





𝑓 

Ƹ𝑖 = argmin
𝑗=1,..,4

𝑓(𝐼) − 𝑓(𝑇𝑗)
2



𝑓 

𝑓(𝐼)

𝑓(𝑇1)

𝑓(𝐼) − 𝑓(𝑇1) 2

𝑇1

𝐼



𝑓 

𝑓(𝐼)

𝑓(𝑇2)

𝑓(𝐼) − 𝑓(𝑇2) 2

𝑇2

𝐼



𝑓 

𝑓(𝐼)

𝑓(𝑇2)

𝑓(𝐼) − 𝑓(𝑇1) 2

𝑇2

𝐼

𝑓(𝐼) − 𝑓(𝑇1) 2 < 𝑓(𝐼) − 𝑓(𝑇2) 2



𝑓 

𝑓(𝐼)

𝐼

𝑓 𝐼

Ƹ𝑖 = argmin
𝑗=1,..,4

𝑓(𝐼) − 𝑓(𝑇𝑗)
2

𝑓(𝑇𝑗) ∀𝑗





𝑓(⋅)



𝑊
𝑓𝑊(𝐼) − 𝑓𝑊(𝑇𝑖) 2 < 𝑓𝑊(𝐼) − 𝑓𝑊(𝑇𝑗)

2
 ∀𝑗 ≠ 𝑖

𝐼 𝑖



𝑓𝑊(𝐼)

𝑓𝑊(𝑇2)

𝑇2

𝐼

𝑊



𝑓𝑊(𝐼)

𝑓𝑊(𝑇2)

𝑇2

𝐼

𝑊

{𝐼𝑖 , 𝑖 = 1 … }

(𝐼𝑖 , 𝐼𝑗)



𝑊 = argmin
𝜔

෍

𝑖,𝑗

ℒ𝜔 𝐼𝑖 , 𝐼𝑗 , 𝑦𝑖,𝑗

ℒ𝜔 𝐼𝑖 , 𝐼𝑗 , 𝑦𝑖,𝑗 =
1 − 𝑦𝑖,𝑗

2
𝑓𝜔(𝐼𝑖) − 𝑓𝜔(𝐼𝑗)

2
+

𝑦𝑖,𝑗

2
max 0, 𝑚 − 𝑓𝜔(𝐼𝑖) − 𝑓𝜔(𝐼𝑗)

2

• 𝑦𝑖,𝑗 ∈ {0,1} (𝐼𝑖 , 𝐼𝑗):

- 0 (𝐼𝑖 , 𝐼𝑗)

- 1

• 𝑚

• 𝑓𝜔(𝐼𝑖) − 𝑓𝜔(𝐼𝑗)
2



𝐼

• 𝑃

• 𝑁

ℒ𝜔 𝐼, 𝑃, 𝑁 = max 0, 𝑚 + ( 𝑓𝜔 𝐼 − 𝑓𝜔 𝑁 2  − 𝑓𝜔 𝐼 − 𝑓𝜔 𝑃 2)

𝑚





𝐼 𝑓𝑊(𝐼)

Ƹ𝑖 = argmin
𝑢

σ𝑇𝑢,𝑗
𝑓𝑊(𝐼) − 𝑓𝑊(𝑇𝑢,𝑗)

2

#{𝑇𝑢}

σ𝑇𝑖,𝑗
𝑓𝑊(𝐼) − 𝑓𝑊(𝑇𝑖,𝑗)

2

#{𝑇𝑖,𝑗}
< 𝛾

𝑓𝑊(𝐼)
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