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CV Tasks

* Image Classification
* Object Localization
* Sematic Segmentation
* Instance Segmentation

(a) Image classification

bottle

(c) Semantic segmentation

(b) Object localization

T ——

(d) Instance segmentation



lImage Classification — Object Detection

* Image Classification * Object Detection
* Backbone Network, e.g., VGG, * Region Proposal
ResNet, DenseNet, ZFNet, etc.  Detection/Classification
* Fully Connected & Softmax * Bounding Box (BBox)
layers for cls. Regression

Object Detection = Localization + Classification



Object Detection — Instance Segmentation

* Object Detection
* BBox-level Detection

R-CNN: Regtons with CNN features
- ﬂl aeroplane? no. |

7 warped reglon

____________________

->| person'? yes. |

AN
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1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

2-stage Object Detection System Overview (R. Girshick, et al, CVPR 2014)

* Instance Segmentation
* Pixel-level Detection
* Fully Convolutional Network (FCN)

forward/inference

backward/learning
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FCN Architecture (Long J, et al, CVPR 2015)



ObjECt DEtECtiOﬂ Mi'EStOI‘IES + Multi-resolution Detection

+ Hard-negative Mining

SSD (W. Liu Retina-Net
et al-16) (T. Y. Lin et al-17)

/ + Bounding Box Regression YOLO (J. Redmon
DPM et al-16,17)
HOG Det. (P. Felzenszwalb et al-08, 10) One-stage
(N. Dalal et al-05)
VJ Det. detector
(P. Viola et al-01) / + AlexNet >
/ 2014 2015 2016 2017 2018 2019
> cee
2001 2004 2006 2008 2012
2014 2015 2016 2017 2018 2019
Traditional Detection RCNN\ \ Two-stage
Methods v (R. Girshick et al-14)  spppnet detector
r— E—— / (K. He et al-14)
isdom of the cold weapon ; :
p , Deep Learning based Fast RCNN
/  Detection Methods (R. Girshick-15)
/’ Technical aesthetics of GPU Faster RCNN Pyramid Networks
’ (5. Ren et al—15) {7: Y. Lin et a’_17)

+ Feature Fusion

+ Multi-reference Detection
/ (Anchors Boxes)
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Multi-scale Object Detection

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network



Feature Pyramid Networks

* Downsampling
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Two-stage Object Detection
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Conclusions

* Low-level Vs. High-level feature maps.

* Skip Architectures: e.g., ResNet, FPN, UNet, DenseNet (concat),
etc.
* add/concat

* Intuition are powerful.

* Simplicity Is the best art.
* No bells and whistles!
* No handcraft!
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Work In Progress

* |loT Benchmark: Speech Recognition (Caffe2 Version)
* Model Transformation (PyTorch — Caffe?2)
* Inference on Mobile

* HPC Benchmark: Object Detection on The Extreme Weather Dataset

* Improvement of Detection Precision, 1.e., mean Average Precision (mAP)
* Solution for Out Of Memory (OOM)



Overview of The Extreme Weather Dataset
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* Large image size: 55MB :
 Multiple Channels; 16 channels "= ==~

* 4-category object detection:
» Tropical Depression (#VH{E S E)
* Tropical Cyclone (#\S HE)
* Extratropical Cyclone (25 S HE)
« Atmospheric River (K=71)
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Our Solution; Faster R-CNN

* Tensorpack + Horovod

Backbone: ResNet-50 + FPN

No pretrained model

Distributed training

Low Detection Precision!



Our Challenges

* Totally different from ImageNet, does transfer Learning works?

* Little understanding of the dataset. We don’t know how to
evaluate the test results manually.

* Large image size may cause memory errors, i.e., OOM errors.
* We might need to reduce the size of the model.

* There might be some bugs to fix!
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