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! He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on
computer vision and pattern recognition. 2016.




Ssae custom ResNet o jtsbe jo o 5,5 plo g ls il slows 4 bgs e olsy> - 1 Jgox

ID Layer Kernel Size Num. Filters | Output Shape
1 Conv2D 3x3 32 (32x32%32)
2 ELU - - (32x32%32)
3 Conv2D 3x3 64 (32x32%64)
4 ELU - - (32x32%64)
5 MaxPooling2D 2%2 - (16%16x64)
6 Conv2D 3x3 64 (16x16%64)
7 ELU - - (16x16%64)
8 Conv2D 3x3 64 (16x16%64)
9 Add - - (16x16%64)
10 ELU - - (16x16%64)
11 Conv2D 3x3 128 (16x16%128)
12 ELU - - (16x16%128)
13 MaxPooling2D 2%2 - (8x8%128)
14 Conv2D 3x3 256 (8x8%256)
15 ELU - - (8x8x256)
16 MaxPooling2D 2%2 - (4x4x256)
17 Conv2D 3%3 256 (4x4%256)
18 ELU - - (4x4x256)
19 Conv2D 3%3 256 (4x4%256)
20 Add - - (4x4x256)
21 ELU - - (4x4%256)
22 Avg. Pooling 3x%3 - (1x1x256)
23 Flatten - - (256)

24 Dense - - (256)

25 Dense - - (10)
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Optimizer SGD with Momentum
Loss Function Categorical Cross Entropy
Batch Size 256
Epochs 100
Learning Rate Scheduler StepLR
Initial Learning Rate e g 6,50k F 5 adsl Jlade gaias 5l oolitul b
oS w1, Step
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1 Xie, S., Girshick, R., Dollar, P., Ty, Z., & He, K. (2017). Aggregated residual transformations for deep neural
networks. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1492-1500).
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R-CNN: Regions with CNN features
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1. Input 2. Extract region 3. Compute 4. Classify
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2 Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and semantic segmentation.”
Proceedings of the IEEE conference on computer vision and pattern recognition. 2014.
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4 Selective Search Algorithm
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