CS 230: Image Segmentation & Object Detection of Lunar Landscape
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Result and Comparison

YOLOV2

* Trained with YOLOV2 pretrained weights
(full YOLO)

* Learning rate: 0.0001

* Optimization: Adam

* Anchors: 5 anchor boxes
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Figure 3: FCN and Deeplab comparison on validation image set of synthetic lanscapes. (a) Cleaned
ground truth; (b) FCN-8s prediction; (¢) DeeplabV 3+ prediction.

* Use the synthetic image (left) and e Grids: 13 x 13 B
. : able 1: Results of -8s and DeepLabV3+
segmentatlon (left) to train model Model final loss  Pixel-wise Accuracy MeanlOU of training  MeanIOU of validation
e Seoment the svnthetic lunar landscape - FCN-8s 0.7666 0.9699 0.8829 0.8275
5 4 p F CN 8 S DeepLabV3+  0.08302 0.9728 0.8358 0.8232

* Segment the real lunar landscape
* To see the possibility of lunar auto-driving
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Figure 1: YOLOV2 rock detection on real lunar surface
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Dataset and Preprocessing
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* Ishigami Laboratory group of Keio University:

. Figure 2: YOLOV2 rock detection on synthetic lunar Figu.re 4 FCN and Deeplab compar.ison on real moon surface . (a) Cleaned ground truth; (b) FCN-8s
Artificial Lunar Landscape data set * Trained from VGG-16 layer 15 surface image (mAP: 63.4%) prediction; (¢) DeeplabVi3+ prediction
* 9700 images * Learning rate: 0.0005
 Training Set: 6400 * Optimization: Adam Reference

e Validation Set: 2000

Deeplabv3+
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https://youtu.be/P1EmjuQdJ2s

