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Wetland Service

* Flood control

e Erosion control

o Water purification

e Shoreline protection

e Solil and water conservation
e Carbon storage

 Recreation and tourist activities Wetlands in NL
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Wetland Classification Methods

e Traditional (e.qg., field work)

= EXpensive
= Time-consuming
= Not practical for large areas

= No practical for wetland
change detection and
monitoring

=  Accessibility issues

= Necessary for remote
sensing methods

« Remote Sensing

Cost effective
Real-time data

Large coverage
Repetitive observation

No limitation regarding
the accessibility




Remote Sensing

 Remote sensing is defined as the measurement of
object properties on the earth’s surface using data
acquired from aircrafts and satellites

 Remote sensing satellites for wetland classification:
Hyperspectral

Optical




Importance of Wetland Classification in NL

« ~18% of NL is covered by wetlands

e Over the last decades, industrialization, urbanization,
and agricultural activities have posed a serious threat
to wetlands in the province

 Newfoundland has no comprehensive wetland
iInventory

New['oJ dland
Labrador



Wetland Classification in NL (3 years ago)

* Only two small areas were classified
e Using basic methods

 Some sporadic field works
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Wetland Classification in NL (up to now)
Study areas
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Wetland Classification in NL (up to now)

Field data

e Conducted in summer 2015, 2016, 2017

* Ancillary information, including GPS
points, on-site photographs, field notes
on dominant vegetation, and hydrology
were collected at each wetland site

 The GPS points were inserted into
ArcMap and, then, the boundary
delineation was conducted using high

resolution images ] e [ o

S
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Wetland Classification in NL (up to now)
Satellite data

e Optical
= RapidEye
= Landsat-8 (free)
= Sentinel-2 (free)
= ASTER (free)

e SAR
= RADARSAT-2 (free)
= ALOS-1 (free)
=  ALOS-2
= Sentinel-1 (free)
= TerraSAR-X

o Aerial
= Canadian Digital Elevation Model (CDEM)



Wetland Classification in NL (up to now)
Preliminary analyses

Comparison between classification algorithms
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91
90
89
88

87 , z
85 7 Z Z

KNN SVvM ML

.
RN
R

0.88
0.87
0.86
0.85
0.84
0.83
0.82
0.81
0.8

0.79

Evaluation of confusion matrix

Omission (in %).

Confusion matny in terms of the number of pixels for the classification using the Random Forest

algorithm with the User Accuracy, Producer Accuracy, emors of Comunission .and emor of

Reference Data

B F M SW |8 Up DW | Ur Total | C UA
B 20279 | 4241 | 1476 (0 590 |0 0 33 26669 |24 |76
F 1672 | 7368 | 841 [0 987 [0 ] ] 10868 | 32 |68
M 541 70 3941 | 92 o 1295 |0 0 5939 34|66
g 5w |0 o 0 1445 | 0 0 60 ] 1505 4 96
é 5 78 740 | 859 |0 3470 | 2316 |0 32 7495 54 |46
§ Up 0 682 0 ] 178 | 24304 | 0 0 25164 | 3 97
“Dw [0 0 o o o o 69312 0 69312 |0 | 100
Ur 0 o 0 0 o 0 ] 19340 | 19340 |0 100
Total | 22570 | 13101 | 7117 | 1537 | 5225 | 27915 | 69372 | 19455 | 166292
(8] 10 44 45 6 34 13 0 1 DA-91
PA |90 |56 |66 |94 |66 |87 00 |99 | K= 0.87
OA: Overall Accuracy B: Bog S: Swamp C: Commission
K: Kappa Coefficient F:Fen Up: Upland O Omission
PA: Producer Accuracy | M: Marsh DW: Deep Water
UA: User Accuracy SW: Shallow Water | Ur: Urban

Pixel-based vs. object-based method

Overall accuracy Overall accuracy

90% 77%

Evaluation of multi-temporal satellite data

Accuracy June August November Combination of
(2015/06/19) | (2015/08/15) | (2015/11/26) | multi-date images
OA (%) 86 88 81 88

APA (%) 60 64 56 68
AUA (%) 57 60 53 63




Wetland Classification in NL (up to now)

General method

Optical Imagery SAR Data
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Wetland Classification in NL (up to now)
Wetland classified maps
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Wetland Classification in NL (up to now)
Wetland classified maps
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Wetland Classification in NL (up to now)

B Overall Accuracy (%)
Average Producer Accuracy of Wetland Classes (%)
@ Average User Accuracy of Wetland Classes (%)
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Wetland Classification in NL (up to now)
Other analysis (spectral analysis of wetlands)

Evaluated optical features

The spectral bands of RapidEye, Sentinel 2A, ASTER, and Landsat 8 used in this study (The
wavelength range for each band is provided in the parentheses, and is in micrometers).

[RapidEye

Sentinel 2A

IASTER

[Landsat 8

[B1_Blue (0.44-0.51)
[B2_Green (0.52-0.6)
IB3_Red (0.63-0.69)
B4 RE (0.69-0.73)
IB5_NIR (0.76-0.85)

B2 Blue (0.46-0.52)
[B3_Green (0.54-0.58)
IB4_Red (0.65-0.68)
IB5 RE (0.698-0.712)
[B6_RE (0.733-0.747)
IB7 RE (0.773-0.793)
B8 NIR (0.784-0.9)
IBSA_RE (0.855-0.§75)

B12_SWIR (2.1-2.28)

B11_SWIR (1.565-1.655)

B1_Green (0.52-0.6)
B2 Red (0.63-0.69)
[B3N_NIR (0.76-0.86)
[B10 TIR (8.13-8.48)
[B11_TIR (8.48-8.83)
[B12 TIR (8.93-9.28)
B13 TIR (10.25-10.95)
B14_TIR (10.95-11.65)

B2 Blue (0.45-0.51)
[B3_Green (0.53-0.59)
[B4_Red (0.64-0.67)
[B5 NIR (0.85-0.88)
[B6_SWIR (1.57-1.67)
[B7 SWIR (2.11-2.29)
[B10 TIR (10.6-11.19)

of wetland types.

Spectral indices

Brighimess, NDWT
NIR=-RE

Green—NIR
Green+NIR'

The spectral indices, textural and ratio features evaluated in this study for separability analyses

SWIR=NIR

DVI= NIR - Red , NDVI
(1+L)(NIR=Red)_

NIR—Red
NIR+Red '

RE-NDVI=
0.5

NIR+RE '

NDsI=

. | SAVI=
SWIR+NIR

NIR+Red+L

Ratio features

Texture features

Blue Green

Red RE

NIR

Brightness ' Brightness " Brightness " Brightness " Brightness
SWIR

Brightness

Standard deviation of the polygons obtained from all spectral bands of

| the satellites.

Visual analysis (spectral signature)
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Best optical spectral bands (summary)

The most useful spectral bands for discriminating between each pairs of wetland classes in late
Spring (June) using two distance measures. The spectral bands are ordered based on their
separability measures (the spectral bands indicated in the upper right half of the table and the lower]
left half of the table were obtained by the T-statistics and U-statistics, respectively).

Bog Fen Marsh Swamp Shallow Water
Landsat8 NIR
RapidEye RE |RapidEye RE . .
Bog S ASTER NIR. |Landsats NIR RapidEye Red RapidEye NIR
RapidEye NIR
Sentinel2 RES Landsat8 NIR| . .
Fen Landsats NIR x RapidEye RE RapidEye Red RapidEye NIR
Landsat8 NIR . Landsat8 NIR .
Marsh RapidEye RE RapidEye RE ® RapidEye RE RapidEye RE
Sentinel2 RE7
Sentinel2 RE6
Sentinel2 NIR |Landsat8 NIR ;
Swamp Landsat8 Red ASTER NIR |RapidEye RE * RapidEye NIR
Sentinel2 RE8
RapidEye Red
Landsat8 NIR
Shallow Water Li:;l:astztssﬁi o[Landsats SWIRG|Sentinel2 REGSentinel2 REG x
[Landsat8 SWIR7|




Wetland Classification in NL (up to now)
Other analysis (backscattering analysis of wetlands)

Evaluated SAR features

SAR features investigated for separability analysis of wetland classes (80 features in total).

Sentinel-1

(5 features). horizontal transmit and horizontal receive polarization of Sentinel-1 (51_HH), horizontal 1ran:.nul and vertical receive polarization of Seatinel-1 (S1_HV),
vertical transmit and vertical receive polarization of Sentinel-1 ($1_VV), 51_HHHV

N
I

2
Syl?

. 51_VV/HV=

ALOS-2

(3 features): horizontal transmit and horizontal receive polarization of ALOS-2 (A2_HH). horizontal tra

A2 HHHV=

ISuxI*
Sy

1 and vertical receive polarization of ALOS-2 (A2 _HV),

RADARSAT-2

Best SAR features and
decomposition methods(summary)

Covariance matrix { 16 features)

Coherency matrix (9 feamres)
Freeman-Durden (3 features)

Van Zyl (Van Zyl. 1989), (3
features)

Yamaguchi (Yamaguchi et al.,
2005), (4 features)

Krogager (Krogager, 1990, (3
features)

Cloude-Pottier (7 parameters)

Touzi (4 features)

Eigen value parameters (23
features)

Diagonal elements (C11=Syy |, C22 I5H\'I2 C33=[Syy[%), Total Power (TP = [Sygl” + 2 |Syyl” + [Svv |%), Off-diagonal elements,
Polarization ratios (R2_HH/HV= | & ““' R2_VVHV=| £ ”'  R2_HHVV= 15 gy gpTp= S5 Ry gvrrp= Bt

ISyyl®
- IS\'\I
R2_VVITP =

Diagonal elements (T11, T22, T33), Off-diagonal elements
Surface scattering (odd_F), Double-bounce scattering (dbl_F), Volume scattering (vol_F)

Surface scanering (odd_V), Double-bounce scanering (dbl_V), Volume scattering (vol_V)
Surface scattering (odd_Y), Double-bounce scattering (dbl_Y'), Volume scattering (vol_Y), Helix scattering (hlx_Y)
Sphere scattering (Ks), Diplane scattering (Kd), Helix scattering (Kh)

Anisotropy (A), Entropy (H), Alpha, Beta, Delta, Gamma, Lambda

Symmetric scattering type magnitude (Alpha_s). Symmetric scattering type phase (P_aAlpha_s). Orientation angle (y), Helicity (1)
First pseudo probability (P1 ). Second pseudo probability (P2 LT—' Third pseudo probability (P3 h e ~—), First
Eigen value (Lambdal ), Second E:\zen value (Lambda2), Third Eigen value (Lambda3), Shannon entropy (SH), Normalized Shannon
entropy (N5H), Polarimetry Shannon entropy (PSH), Normalized polarimetry Shannon entropy (NPSH). Intensity Shannon entropy
(ISH), Normalized intensity Shannon entropy (NISH), Anisotropy (AE), Luenburg Anisotropy (LA), Anisotropy 12 (A12), Single-
bounce eigenvalues relative difference (serd), Normalized single- bcmnw eigenvalues relative difference (N_serd), Double-bounce
eigenvalues relative difference (derd), N lized double-bounce lues relative difference (N_derd), Polarization asymmetry
(PA), Polarization fraction (PF), Radar Vegetation Index (RV1), Pedcsral Height (PH)

The most useful SAR features (provided in the upper right half of the table) and the decomposition|
methods (provided in the lower left half of the table) for discriminating between each pair of
wetland classes. The features and decomposition methods are ordered based on their separability]

measures (refer to Table 5.3 for the acronyms of the selected SAR features).
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Statistical analysis
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SAR feature

Bog Fen Marsh Swamp | Shallow Water
Bog X Alpha Alpha s R2 HH/TP A
Alpha s Alpha R2 HH/HV N_derd
dbl F vol F Al2 R2 HH/VV
H A A2 HH/HV
S1_HH/HV R2 HV/TP PA
odd_Y P2 N_serd
PA S1 HH/HV |S1_HH/HV
Fen H/A/Alpha x $1 HH/HV |A2 HH/HV| N derd
Freeman-Durden| N_derd serd A
A R2_HH/HV| R2_HH/VV
R2_HH/HV |R2 HH/TP | R2_HH/HV
R2_HH/TP N_serd N_serd
R2 HV/TP Al2 serd
dbl F P1 R2 VV/HV
Marsh H/A/Alpha  |Freeman-Durden| X R2 HH/HV A
Freeman-Durden| H/A/Alpha R2_HV/TP| S1_VV/HV
R2 HH/TP N_derd
A2 HV | R2 VV/TP
serd R2 VV/HV
N_derd N_serd
N_serd PF
serd
Swamp H/A/Alpha |Freeman-Durden| H/A/Alpha x R2 HH/HV
Freeman- N_derd
Durden A
serd
N_serd
R2_VV/HV
PF
R2 HH/TP
Shallow Water| H/A/Alpha - H/A/Alpha - X

Freeman-Durden)




Wetland Classification in NL (up to now)
Other analysis (Advanced classification algorithms to improve the accuracy)

| SAR Images | | Optical Images |

+ Target Class Selection Based on Class Order
+ Merging Remaining Classes Based on Merging

Scheme

+ Speckle reduction An Initial
* Terrain Correction Random Feature
+ Geocoding Subset

Preprocessing

SAR Feature
Extraction

SAR Intensity
Extraction

Se ation

Save the Initial
Solution

Object-Based

| Feature Selection for the Target Class Using GA |

S
Feature Extraction

Class Order

)

Merging Scheme

i

| Classification Using RF I

!

| Masking the Target Class |

Mahdavi et al., 2018

Accuracy
Assessment

SAR data H

ALOS-1, -2 // RADARSAT-2 // Sentinel-1 /'
1

SAR Teature extraction

RADARSAT-2 {Covariance matrix
and Freeman-Durden decomposition)

| ALOS-1, -2, and Sentinel-] |

| {Intensily channels)

1
& g paramelers
1 R Depth .
- | = Minimum sample count 1
1/ Ficld data (training) ! - Depth
| DT E ]
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1 1 - Kernel type |
- SVM 4 -C
1 - Gamma i
- ANN- & .
1
SRR s S s R S R e e i S 1 1
1 1
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= Overall Aceuracy 1 Fi
¥ ¢ ¢ of ¢ 4—1 Ficld data (test) f -
1 - Mean Praducer Aceuracy of wetland classes %‘_""q‘:‘" A““TT-‘ “_:IL:d’ class | ! o)
- - Mean Lser Accuracy of welland classes _ LselAccuracy of each class : 1
1 S .
B I
1 .
: |
| rmmmmmmr e - . :
_ - 1 1
1| Select the Main classifier | Seleet the best classificr for Remove Poor classifier(s) 1 .
1 1 ifving cach class |
- i s e e e e e L e S e I L 1
1 .
B 1
1 Class label decision criteria |
1 .
= 1
1 / Classificd map using the MCS / .
. |
1
n: | Accuracy assessment and comparison Iﬂ—/ Field data (test) / I

Amani et al., 2018
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Wetland Classification in NL (Next Step)

Limitation of the previous works

 Wetland maps from only 5 pilot sites (1% of the
province in total)

 No wetland map from the entire province

* Did not evaluate the changes over years and did not
estimate the amount of loss/gain in wetland areas

 Did not consider most of the non-wetland classes

e Conducted solely based on remote sensing

e Some of the satellite data were not free



Wetland Classification in NL (Next Step)

Preliminary map

 NL-wide wetland map in 2018 using multi-date landsat-8
Imagery
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Wetland Classification in NL (Next Step)

How to improve the accuracy of maps

Use a combination of optical (Landsat-8+Sentinel-2)
and SAR (Sentinel-1) data

Include more field data
Include more non-wetland classes

Remove small classified areas to make the maps less
noisy

Produce wetland maps each year and evaluate the
changes, gain, and loss in wetland areas over time

Relate the results to the other variables (carbon
storage, ducks migration, etc.)



Wetland Classification in NL (Next Step)
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