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VWhat Is bathymetry”

}* Study of the water beds

Bathymetry surveys reveal the

terrain of water bed

S Essential for coastal
.. . management and research
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How to get bathymetry data”

Leadline SBES MBES LiDAR

Timing and
data acquisition

Optical Receiver electronics

Near-IR pulses reflected |
from water surface ——— %

| Initial green ( 532) and
| near-IR (1064 nm) laser

| 4 4 pulses are directed
® 2. towards water surface

Green pulses reflected
from bottom

NOAA, 2016 NOAA, 2016 NOAA, 2016 LaRocque and West, 1999
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satelite-Derived Bathymetry

Visible Sensor Solar Radiation

Atmospheric
Scattering

Surface _
.l
Reflection —— Surface
In-Watcr Scattering Waler Depth

Bottom Reflection

Bottom
L

Kanno et al., 2012
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Why SDB?

Clouds,
objects
above
water

Few
environ
mental
impacts
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=elated work
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SDB methods

Analytical Empirical

transform Ratio
transform

\
Spatial
regression )

Machine
learning

Radiative
transfer
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SDB methods

Analytical
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—actors to consider

* Nonlinearity due to bottom types/noise

» Spatial correlation
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Convolutional Neural Networks

FEATURE LEARNING CLASSIFICATION
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=esearch obective

* To develop convolutional neural networks
that extract accurate water depth in
shallow water areas
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Research questions

Main question:

- To what extent can convolutional neural networks be used
for accurate shallow water depth extraction using Sentinel-
2 satellite images?

Sub questions:

*  What kind of pre-processing is needed for the data sets?
«  What kind of CNN architecture can be used for SDB?

*  What is the accuracy of the method?

* To what extent can the pretrained model be reused?
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Study areas

* Puerto Rico
+ Key West
* Hawali
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Data

NOAA:

Bathymetric Data
Viewer

Sentinel-2 Level 2A
Copernicus Open
Access Hub
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Workflow

------------------------

Data acquisition

; Sentinel-2 :
: images :

: Lidar :
' bathymetry :

........................
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Solar Radiation

Visible Sensor

Atmospheric,
Scattering

Surface
Reflection

= Surface

In-Water Scattering Water Depth

Bottom Reflection

Bottom

-/

Shallow water
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mage correction

Visible Sensor Solar Radiation

Atmospheric
Scattering

Surface Surface
Reflection!
In-Water Scattering
Bottom

Deep water
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SDB
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SUD-Images extraction

ik

Sub-images for training and testing Sub-images for SDB model generation
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—xperiment #1
CNN architectures

comparison anad

verication
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Setup

Study area
CNN architecture

Window size
Band combination

AOI-1

Layer CNN1 CNN2 CNN3 CNN4

Conv2D 2X 2X 3x 3x
Kernel 22 2x2 3x3 %3

Pooling No Yes No Yes

5x5, 7x7, 9x9
RGB, RGBN, RGBNSS, All bands
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VVINAow SIzes

<7 9x9

RMSE R2 RMSE R2

CNN1 1.59 0.91 1.58 0.92 1.55 0.93
CNN2 1.94 0.89 1.63 0.91 1.55 0.93
CNN3 1.53 0.92 1.48 0.94
CNN4 1.64 0.90

% 5x5 | 77 | 9x9
TU Delft Depth (m) I -20 I -18 MM -1c M 14 [ ]-12 J-10[ /-8 16 [1-4 HM-2 [0
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Comparison to the linear transform
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True Values [Z]

CNN

0 L ] ' 0 L]
-5 -5 1 .
[
N N =3
é =10 A _é -10 f.
“
& s . * 154 e
... [ ]
=201 RMSE = 1.48m =201 ® ®  RMSE=4.05m
R2=0.94 R2 = 0.41
T T T T T =25 T T T T T
=20 =15 =10 -5 0 =25 =20 =15 -10 =5 4]

True Values [2]

Linear transform
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~rediction vs ground trutn
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Band compinations

RGBNSS

TR Ly

Allb

ands
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Band compinations

Channels
R2 R2
RGB 1.59 0.91 1.53 0.92 1.48 0.94
RGBN 1.64 0.91 1.40 0.93 1.37 0.94
RGBNSS 1.63 0.91 1.53 0.91 1.31 0.94
All bands 1.68 0.90 1.55 0.91 1.45 0.94

CNN depth prediction error metric at 0 to -20 m depth

25
£ 2 — .
= 24
S
£ 1 S
,
05 /.-\,

1 -2 3 -4 -5 -6 -7 -8 -9 -10 -11 -12 -13 -14 -15 -16 -17 -18 -19 -20
Depth range (m)

“]
TU Delft e RGB s RGBN s RGBNSS All bands




Sascline architecture

6
32
64
32
relu relu relu I relu linear
m
x
I.Q ™M
= n
h
[#)]
x
[e)]
Input Conv Conv Conv Flatten Dense Dropout Output
3x3 3x3 3x3 03
+ + +
Batch normalization Batch normalization Batch normalization
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—xperiment #2
SDB comparison in
different locations
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Setup

Study area
Architecture
Window size
Band combination

AOI-2, AOI-3, AOI-4
CNN3

9x9

RGBNSS
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Accuracy

3.5

AOI-1 AOI-2 AOI-3 AOI-4
Study Area

3

2.5

RMSE (m)
o

-

0.

o O

m0-20m m0-10m
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Ground trutn vs SPB (ACI-1)

B 20 B -1 B -16 B 14 |12 J-100 -8 []-6 [C]-4 MM-2 [0
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Ground trutn vs SPB (ACI-2)

o

epth (m)

-18
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round truth vs SDB (AOI-3

Depth (m)
Il -20
Bl -18
Il -16
14
/| -12
[]-10
-8
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Transform
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—xperiment #3:
SDB using
Uncorrected Images




N otvation

* |In some cases, image correction using
deep water pixels encounters difficulty
due to the large absorption of lights by
the molecules in the water column
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Accuracy

3.5

AOI-1 AOI-2 AOI-3 AOI-4
Study Area

3

2.5

RMSE (m)
o

-

0.

o O

m Corrected mUncorrected
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—xperiment #4
\Ultl-temporal Images
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Setup

Study area
Architecture
Window size
Band combination

Image collection

AOI-1, AOI-2, AOI-3, AOI-4
CNN3

9x9

RGBNSS

2019
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Accuracy

3.5
3.03

3

25 2.36
£
w 1.63
n 15 1.44
= 1224 44

1 0.73

0.56
|
0
AOI-1 AOI-2 AOI-3 AOI-4
Study Area

m Single image  ®Multi-temporal images
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—xperiment #9o
[ ransfer model
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Setup

Study area
Architecture
Window size
Band combination

AOI-5, AOI-6
CNN3

9x9
RGBNSS
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Accuracy (AOI-D & AOI-0)

RMSE (m) CNN Other methods
AOI-5 0.79 124 Random
Forest
AOI-6 1.34 3.01 Radiative
transfer
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Accuracy

m Trained mAOI-1 mAQOI-2 m AOI-3 mAQOI-4 m Combined 123 m Combined 124 m Combined 1234

RMSE (M)
B o079

I -

I - o
I ' -
I, ¢ o
I - oo
I
I 43

D 134

I : ¢

I - o:
I o
I - 5o
I

I
I -
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Prediction vs grouno

ruth AOI-

g) Pretrained on AOI-1+2+4

h) Pretrained on AOI-1+2+3+4
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obB AOI-

) Lidar b} Treiied <) Pretrained on AOL-1 d) Prefrained on AQI 2 &) Pretrained on AOI -3
4. i
T:‘ {
RMSE=0.79 [ 4 RMSE=261 RMSE=2.92 RMSE=7 42 ?
R2=0.98 E R2=0.79 R2=069 R2=0.13 '{

g) Pretrained on AQI-1+2+3 h) Pretrained on AQI-1+2+4 i) Pretrained on AQI-1+2+3+4

RMSE=6.84
R2=-7.56

RMSE=2.69
R2=0.73

RMSE=3.43
R2=0.52

RMSE=4.70
R2=0.34
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crror map AQL-

Absolute
error (m)

o
B 2
14
e
B 8
Il 10

a) Trained

b) Pretrained on AOK-1

c) Pretrained on AQI-2

d) Pretrained on AOI-3

&) Pretrained on AOF4

52



—xperiment #0!
oUB production in a
arger ares
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Setup

Study area
Architecture
Window size
Band combination
Training data

Oahu island
CNN3

9x9

RGBNSS
AQI-5 + AOI-6
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Conclusions
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VWhat Kind of preprocessing 1S
Nneeded for the data sets”

- No additional preprocessing is required
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What kind of CNN architecture can
e used for SDRY

6
32
64
32
relu relu relu I relu linear
m
x
I.Q ™M
> n
h
(9]
x
[e)]
Input Conv Conv c

onv Flatten Dense Dropout Output
3x3 3x3 3x3 0.3

Batch normalization Batch normalization Batch normalization
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VWhat Is the accuracy of the method”

« Compared to other methods

3 RTM
S
~25
L
Q u CNN
¥ ,5 m Other method
: RF
1
0.5 Ratio
0 N

AOI-1 AOI-4 AOI-5 AOI-6
Study area
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VWhat Is the accuracy of the method”

* In different depth ranges and locations

==A0l-1 =AO0l-2 =—=AO0OI-3 =—AOl-4 =—AOI-5 =—AOQI-6

Overall 0-5m 5-10 m 10-15m 15-20 m
DEPTH RANGE

61
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1o what extent can the pretrained

model be reused’/

* Should consider coastal water
characteristics

« Combining multiple training data in
different locations increase the variety,
but need to balance the distribution

- Still need ground truth data to assess the
accuracy

62



—Jture wWork

e

Balancing the training data

|
-

Verification using another data source

-
(

SDB in the colder water and freshwater

\
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I hank youl

Repository link:
http://repository.tudelft.nl

https://github.com/yustisiardhitasari/sdbcnn.git
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