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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




Wetland Service

* Flood control

* Erosion control

« Water purification

« Shoreline protection |
* Soil and water conservation Kidneys of environment
« Carbon storage

» Recreation and tourist activities

Bog Fen Swamp Shallow Water




Wetland Classification Methods

« Traditional (e.g., field work) « Remote Sensing

= Expensive = Cost effective

= Time-consuming = Real-time data

= Not practical for large areas = Large coverage

= No practical for wetland = Repetitive observation
change detection and = No limitation regarding
monitoring the accessibility

= Accessibility issues

= Necessary for remote
sensing methods




Wetland Classification in NL

* Importance
= ~18% of NL is covered by wetlands (It’'s more!!ll)

= OQver the last decades, industrialization, urbanization, and
agricultural activities have posed a serious threat to wetlands
In the province

e Steps
= Before Sept 2015
= Before Dec 2018
=  Now
= Future



Wetland Classification in NL (2015)

« Only two small areas were classified
* Using basic methods

 Several field works
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Wetland Classification in NL (2018)

Study areas

Newfoundland and Labrador

Google Earth




Wetland Classification in NL (2018)
Field data

 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 T e T T e R R
. S T S— T — T —
- Based on Canadian Wetland e :
Classification System (CWCS) e Mmoo 3 5
* Five wetland classes: Bog, Fen, Marsh, -
Swamp, and Shallow Water o= ; i
« Three non-wetland classes: Deep Water, o §§ w
Urban, and Upland Forest e M H




Wetland Classification in NL (2018)

Satellite data

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

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

* Aerial
= Canadian Digital Elevation Model (CDEM)



Wetland Classification in NL (2018)

Preliminary analyses

Comparison between classification algorithms Pixel-based vs. object-based method
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Evaluation of confusion matrix

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

Visual analysis (spectral signature)

algorithm with the User Accuracy. Producer Accuracy, emrors of Commission .and error of

Omission (in %)
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Wetland Classification in NL (2018)

General method

Optical Imagery SAR Data
I |
(3 1 ) Pan-shaipeiing v L2 - Speckle reduction
. ) - p = 1 Pre-processin: - Georeferencing and train correction
{- Cloud masking Pre prcicessmg P * g - Decomposition
L2
Digital Surface Model [« Segmentation —* Processed Imagery | | (3.2)

1
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— Feature Extraction

Feature Extraction

Feature Extraction

Topographic indices

| - vegetation indices

’Spectral indices:

- soil indices
- water indices

[- Covariance Matrix (9 components)
| - Coherency Matrix (9 comp) (3 X 3)
- Freeman decomposition (3 comp)

.- H, A, Alpha decomposition (7 comp)

A

Feature Selection

-

L 2
Object-based Random Forest Classification [=— Field Data (Train)
(3.4) !
Wetlands Classified Maps ¢
|
- Visual Not — - Ruleset impro.vement
Aerial Photographs Interpretation Aecepiably_Revision {ﬁﬂgiﬂﬁfﬂzn of RF
(3 5 ) Acceptable
Statistical Accuracy Assessment Field Data (Test)




Wetland Classification in NL (2018)

Wetland classified maps
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Wetland Classification in NL (2018)

Wetland classified maps
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Wetland Classification in NL (2018)

® Overall Accuracy (%)
Average Producer Accuracy of Wetland Classes (%)
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Wetland Classification in NL (2018)

Other analysis (Advanced classification algorithms to improve the accuracy)

| SAR Images I

Preprocessing

Dual-pol

* Speckle reduction
* Terrain Correction
* Geocoding

SAR Feature
Extraction

SAR Intensity
Extraction

| Optical Images I

ation

Feature Extraction

l

Class Order

l

Merging Scheme

* Target Class Selection Based on Class Order

* Merging Remaining Classes Based on Merging
Scheme

An Initial
Random Feature
Subset
Y

Classification

Save the Initial
Solution

No_/% of Initial

| Feature Selection for the Target Class Using GA |

N
| Classification Using RF |

i

| Masking the Target Class |

Yes No Accuracy

l

Another Cl
9 Assessment

N

Mahdavi et al., 2018

SAR feature extraction

and Freeman-Durden decomposition) channels)

1
1
RADARSAT-2 (Covariance matrix ALOS-1, -2, and Sentinel-1 |
1
1

Segmentation parameters

- scale
- shape

ompactness

Sepmentation H RapidEye ’
Proposed Multiple Classificr System

T'uning parameters

RF { - Depth
- Minimum sample count

- Depth
or { - Minimum sample coun

- Kernel type
SVM~-C

- Gamma

l ANN{- &

Accuracy assessment
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- User Accuracy of each class

- Overall Aceuracy
- Mean Producer Accuracy of wetland classes
- Mean Lser Accuracy of welland classes

Class label decision criteria

/ Classified map using the MCS /
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Wetland Classification in NL (2019)

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

« Conducted solely based on remote sensing



NL-wide wetland inventory (2019)

Main challenge

* Processing of hundreds of satellite images

Area= ~ 405,000 km2 Satellite data= Only 1588 Landsat-8 images during 2018
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NL-wide wetland classification (2019)
Solution

Google Earth Engine (GEE)

Go gle Earth Engine Search places and datasets... “ Help ~ || meisam.amani69) v

.L8 Questlons 23 //Import Landsat-8 surface reflectance imagery A|| Use print(...) to write to this

BLST 24 var L8 = ee.ImageCollection('LANDSAT/LCO8/CO1/T1_SR'); console.

ENDVI = G it —

26 //Landsat cloud masking (Bits 3, 4, and 5 are cloud shadow, snow, and cloud, Y

ENDVI2 27 = function maskL8(image) { » Image (10 bands)

B NL-Final 28 var cloudShadowBitMask = ee.Number(2).pow(3).int(); ) ) )

B New number 29 var snowBitMask = ee.Number(2).pow(4).int(); Resubstitution error matrix:

B Number of L8 30 var cloudsBitMask = ee.Number(2).pow(5).int(); &tConfusionMatrix (Computing)

B 31 var ga = image.select('pixel_ga');

Number of S1 data Y 32 var mask = ga.bitwiseAnd(snowBitMask).eq(®) \4 Training overall accuracy:
s > 33 < 2 £ Number (Computina)
@ Q ~Nv Hudson Bay Layers Map
+
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NL-wide wetland classification (2019)
Final map
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NL-wide wetland classification (2019)
Zoomed image




NL-wide wetland classification (2019)
Wetlands area

The area of each class in the province of NL based on the classified map

Province of NL Newfoundland Labrador
Class Area (km?) % of NL Area (km?) % of Newfoundland Area (km?) % of Labrador

Wetland

102,293 25.24 38,248 36.08 64,045 21.41
24,094 5.94 12,176 11.49 11,918 3.98
33,429 8.25 4,143 3.91 29,286 9.79
6,502 1.60 4,608 4.43 1,804 0.60
18,116 4.46 3,113 2.94 15,003 5.01
184,434 45.49 62,378 58.85 112,056 40.79

Non-wetland
Deep Water 40,507 10.00 7,322 6.91 33,185 11.09
Forest 93,878 23.17 26,933 25.41 66,945 22.37
Lichen Woodland 26,434 6.53 1,227 1.16 25,207 8.42

Shrubland 15,717 3.88 2,553 241 13,164 4.40
Pasture 2,619 0.65 1,603 1.51 1,016 0.34
Cropland 180 0.04 157 0.15 23 0.01
Barren 41,443 10.24 3,828 3.61 37,615 12.57
Total 220,778 54.51 43,623 41.16 177,157 59.20 |



NL-wide wetland classification (2019)
Accuracy

The producer and user accuracies of wetland and non-wetland classes obtained from the

province-wide wetland map. The overall accuracy and kappa coefficient for this

classification were and 0.76, respectively.

Class Producer Accuracy (%) User Accuracy (%)

ni 790
503 735
621 69.8
798 639
57.3 66.6
66.2 06

Non-wetland
Deep Water 97.9 96.2
Forest 82.8 88.1
Lichen Woodland 80.1 55.3
Shrubland 76.6 81.1
Pasture 82.4 68.6
Cropland 51.8 67.7

N
w

Average 81.4 78.7

Barren 98.2 93.7 ) @



Wetland Classification in NL (What is next...)

How to improve the accuracy of maps

Include more field data

Use advanced classification algorithms with more
iInput features

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

Contribution in other fields: relate the results to the
other variables (carbon storage, ducks migration, etc.)

Support / Collaboration



, Long Pond, St. John's

Thanks | Guesdsiccon




