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 NOAA Bathymetric Data Viewer
- BREERTCFR<HAEBET —HZF R
o JbiR, FAMRER/R(CHO]EE
& NOAA BURSERVAER K mron Bathymetric Data Viewer _ i)

NOAA > NESDIS > NCEI (formerly NGDC) > Maps > Bathymetry Privacy Policy
L g 2 3 e 3 2 =) o ”' R G TRy G —
AYES e g = > =¥ Identify [z ¥ | Basemap v | Options v bdat
¢ h =
Bathymetric Surveys g
o
D Multibeam Bathymetric Surveys o
T

Multibeam Shaded Relief Imagery

D Single-Beam (Trackline) Bathymetric
Surveys
[ ] Trackline Bathymetry Density

230V £

[] NOS Hydrographic Surveys:

(@) All Surveys

() Surveys with Bathymetric Attributed
Grids (BAGs)

[ "] BAG Footprints
|| BAG Color Shaded Relief Imagery

aiaieyuy €

L search Surveys Y Reset @

Digital Elevation Models (DEMs)

[ ] DEM Footprints
D DEM Color Shaded Relief Imagery

Bathymetric Lidar

[ ] Coastal Lidar Datasets available from
NOAA's Office for Coastal Management

Legend
More Information

Help

- e A

https://maps.ngdc.noaa;.gv/viWrs/bathyme;}ry/ —\-\
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« PyCsmap
1)L CSIiA

H makinux / PyCsmap

© Watch~ 2 & Star 0 YFork 0

¢ Code Issues 0 Pull requests 0 Projects 0 Wiki  Insights~
Implementation of csmap(https://github.com/frogcat/csmap/) in python2.7

910 commits P1branch © 0 releases 221 contributor dMIT

Branch: master v || New pull request

Createnewfile | Upload files | Find file | SIS R LS

makinux committed on GitHub Update README.md Latest commit #c8247a on 28 Dec 2016

[E) CSMap.py Acceleration using numpy 5 months ago
[E) CSMapMake.py Add files via upload 5 months ago
[E) LICENSE Initial commit 5 months ago
[E) README.md Update README.md 5 months ago
[EE README.md

PyCsmap

Implementation of csmap(https://github.com/frogcat/csmap/) in python2.7
Require

* PIL
* numpy

o requests

Usage

python CSMapiake.py 7363 7306 3105 3166 13 --outputPath output_dir

arg1:X position of the start tile
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« CSS Filter and map tile
—~CSSZWUo Tt Z=at

i i

sepia 50%

sepia 50%
—_—

i saturate:

hue-rota

| contrast 100%
o]

_—— :
brightness 100%
B

invert 0%

+

Leaflet | #i2525 1)L, BBRER

https://bl.ocks.org/frogcat/raw/d3b9c8039f13b0603120ddf7a2edfbOc/#14/32.3387/131.5939
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« FB5>—4 : gdal2tiles

— GISE{FEMN 545 1 )7 HERk
« http://www.gdal.org/gdal2tiles.html

« HEM5T—74 : GeoTiff2UTFGrid

— 1band TiffZ 4Rk

e BIFICUTFGridJ 77-1JL(.json)BEKTED
https //glthub com/tmizu23/geotiff2utfgrid
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o J\A)\=ZARD ~NVEFTHS 548
1TIXRDSCNNZ X E U TER
— http://kgpml.github.io/Hyperspectral/

README.md

Deep Learning for Land-cover Classification in Hyperspectral
Images

Hyperspectral images are images captured in multiple bands of the electromagnetic spectrum. This project is focussed at the
development of Deep Learned Artificial Neural Networks for robust landcover classification in hyperspectral images. Land-
cover classification is the task of assigning to every pixel, a class label that represents the type of land-cover present in the
location of the pixel. It is an image segmentation/scene labeling task. The following diagram describes the task.
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ftid>Deep LearningFEEERRE

3t F A

Mo R RIE SRR e mEe K k@ 3
3 (3 2E 3t 43.9 2.1 25.4 5.2 3.7 2.9 0.2 1.2 0.5
21 2.4 78.1 4.4 0.6 0.9 0.8 0.5 0.4 0.2
IL3EH A 0.2 0.0 23.5 0.1 0.1 0.1 0.0 0.1 0.1
7 EET IR 28.3 5.8 35.0 82.1 4.6 4.1 0.7 5.1 5.0
%ﬁ% Fith 8.7 3.2 3.8 3.1 78.9 1.0 2.6 1.9 2.6
-] i 2.6 1.7 0.5 0.6 0.4 78.4 0.2 1.2 0.7
7K 4.0 4.1 1.3 1.7 4.4 6.5 90.4 1.8 3.4
JKH 7.1 2.0 3.8 3.7 2.5 4.3 0.7 86.2 4.9
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pix2pix
[Project] [Arxiv] [PyTorch]

Torch implementation for learning a mapping from input images to output images, for example:

Labels to Street Scene Labels to Facade BW to Color

input output

Aenal to Map

output
___ Edges to Photo

input i} output

input output output
Image-to-Image Translation with Conditional Adversarial Networks
Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros
In arxiv, 2016.
@ G) On some tasks, decent results can be obtained fairly quickly and on small datasets. For example, to learn to generate facades
EY (example shown above), we trained on just 400 images for about 2 hours (on a single Pascal Titan X GPU). However, for harder d eO_J P

problems it may be important to train on far larger datasets, and for many hours or even days.
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