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Introduction

The ICESat-2 Satellite Mission

* Data captured from the satellite are sparse

* 3 pairs of beam (strong and weak beams)
* 3.3 km between each pair of strong-weak beam

* 90-100m between each data point along track

Of
PRF: 10 KHz (0.7 m)

ICESat-2 mission beam pattern (Smith et al., 2019)

Near-global coverage of ICESat-2
(NASA, 2023)
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Spatial Interpolation

Randomly distributed data points

Digital Terrain Modelling
* Estimating values at unsampled locations ~ ...] "=
when there are data gaps [
* Used to further perform terrain analysis,
run-off modelling, land use planning etc.
* Provides spatial continuity in 2.5D
dimensions (one z value for every x-y s >
coordinate) | bEa
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Research Question

To what extent would Random Forest elevation prediction improve on
traditional interpolation methods for creating a DTM?

* Which features in the RF model have the most significant impact on the
accuracy?

* How does the accuracy of RF regression vary across different geographical
locations within the study areas?

* How would the RF model that created in this research compared against the
method proposed in RFsp by Hengl et al. [2018]?
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Background

Traditional Interpolation
* Inverse Distance Weighting (IDW)
* Triangular Irregular Network (TIN)
* Laplace Interpolation _
* Natural Neighbour Interpolation ibwlinterpolation

Random Forest (RFsp) \\ /\/
A

* Random Forest as a Generic Framework (Hengl et. al., 2018)
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Voronoi Diagram




Random Forest Regression

oooooo

« Random forest will use a lot of decision
trees to decide the height of the terrain
using aggregation and bagging

node #31728
interp_laplace <= 675.809
squared_error = 37404.136

samples = 4454
value = 640.313

red_ = u
samples = 15887
value = 152.437

* Using auxiliary data known as ‘Features’ to
train the random forest

nnnnnnnnnn
interp_| e <= 275,
ared_error = i squared_error = 4379.937
samples = 9347 samples = 6540
value=73462 | |  value =264.842

de #31729
ace <= 527.001
Qr = 7121.022

sssssssssssssssssssssssssssssssssss * Each node split automatically left or right

node #3173() ’
interp_laplace <= 4 interp_laplace <= 1| interp_laplace <= 2| interp_laplace <= 3] interp_laplace <=4 interp™ #<- ] interp_laplace <= 1015.007 . .
squared_error = 6§  squared_error = 8] squared_error = 12 squared_error = 15§ squared_error = 18{ squared_error = Btared_error = 34 uared_error = 8960.772
sssssss =453 samples = 481 samples = 37§ samples = 277 samples = 16 samples = 10§ samples = 10 mples = 654 r u I W r u I
value = 24.84 value = 118.5] value = 218.0 value = 453.3: value = 600.4: value = 762.0f value = 976.724

random subset of training data
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Features Used in this study

1. Geometric Features
 Distance to the nearest ICESat-2 Points
* Relative height with respect to ICESat-2 n-number of points
* Slope with respect to ICESat-2 n-number of points
* Neighbour height of nearest ICESat-2 point

2. Remote Sensing Features
e Land Use/Land Cover
Water Bodies Mask
World Settlement Footprint
Normalized difference vegetation index (NDVI)

Cropland Classification

11
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Accuracy Assessment

* Mean Absolute Error (MAE)

MAE quantifies the average
absolute difference between 1 ~~n /A 5
predicted and ground truth values. RMSE = \/ 1(%i — 2i)

* Root Mean Square Error (RMSE)

RMSE quantifies the average MAE = £ 37 12, — 2]
difference between predicted and n ca=117 '
ground truth values by taking the

square root of the mean of squared

differences.
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Methodology

Features: One-hot encoding
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Traning of the Model

Geometric Features Remote Sensing Features

Distance to ICESat-2 Water Mask World Settlement

Lat

Nearest Neighbour
Height

Cropland Geomorphons

Gradient Land Use/Land Cover

Earth Surface

spectural Forest Coverage

Relative Height

Target Varaible
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Test-Train Split

Lot Jion g restrs
I N

Training (80%)

Test-Train Split

Evaluation on how well the model
performs on unseen data.

Randomly selected from the data
frame

= 80% Testing Data
= 20% Training Data
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Feature Importance

Mean Decrease of Accuracy

Using Means Squared Error as accuracy metric
Each values are shuffled randomly

It evaluates how each feature contributed to the RF
model by decrease of accuracy

=)

Featurel
Feature 2
Feature3
Feature 4

Feature5

Feature Importance

0 0.2 0.4 0.6

W Feature Importance

0.8
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Test Geometric Features

* Test 1: Distance to Nearest ICESat-2 Point
 Test 2: Nearest Neighbour Height

* Test 3: Gradient to neighbours

* Test 4: Relative Height

Test Remote Sensing Features

* Test 5: Remote Sensing Features

Test Combined Models from other Study Areas

* Combine models from Mount Taranaki, Grand Canyon and Limburg
* Apply new model on Tasmania, Australia

18



Combinding RF Models
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Test 1: Distance to Nearest ICESat-2 Point

RF - 1 Neighbour Difference against Ground Truth
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Test 2: Nearest Neighbour Height

RF - Nearest 10 Neighbour's Height

Difference against Ground Truth
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Test 3: Nearest Gradient

RF - Gradient to ICESat-2 Difference against Ground Truth
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Test 4: Relative Height

RF-Relative Height Feature Difference against Ground Truth
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Tests on RF Features

Test Geometric Features

* Test 1: Distance to Nearest ICESat-2
* Test 2: Nearest Neighbour Height

* Test 3: Slope to neighbours

* Test 4: Relative Height

Test Remote Sensing Features

* Test 5: Remote Sensing Features

1 nearest-neighbour
10 nearest-neighbour
5 nearest-neighbours

1 nearest-neighbour

25



Test 5: Remote Sensing Features

RF-Distance to ICESat-2 Difference against Ground Truth
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Tasmania: Combing Features

RF - Combined Features Difference against Ground Truth
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Tasmania: Combing Features

Feature Importance in Random Forest Regression
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Tasmania: Combing Features

Feature Importance in Random Forest Regression

Scatter Plot of Ground vs. Predicted Residual Plot for Random Forest Regression
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Tasmania: Combing Features

Feature Importance in Random Forest Regression

Scatter Plot of Ground vs. Predicted Residual Plot for Random Forest Regression
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Tasmania: Combing Features
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Tasmania: Combing Features

Feature Importance in Random Forest Regression
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Tasmania: Combing Features

Feature Importance in Random Forest Regression

Scatter Plot of Ground vs. Predicted Residual Plot for Random Forest Regression
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Tasmania: Combing Features

Ground Values
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Comparing DTMs
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Latitude

Latitude

Geographical Locations
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Geographical Locations

Laplace Interpolation Difference against Ground Truth
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Latitude

51.05

51.00

50.95

50.90

50.85

50.80

50.75

51.05

51.00

50.95

50.90

50.85

50.80

Application on Geographical Locations

Laplace Interpolation

Longitude

Laplace Interpolation

Longitude

Latitude

Latitude

51.05 A
51.00 A
50.95 A
50.90 -
50.85
50.80 -

50.75 A
T

51.05 1
51.00
50.95 1
50.90 -
50.85 A
50.80 1

50.75 1

Difference against Ground Truth

L) LR ) ©
Longitude

Difference against Ground Truth

g

el & 9 ©
Longitude

band_1

—100

-150

-200

o
band_1

=50

-100

Laplace -317.31 216.004 16.11 6.451
RF (Al -770.826 526.337 28.424 11.092
Features)

Laplace -792.423 931.947 109.017 69.526
RF (Al -653.547 661.584 76177 39.448
Features)

South
Limburg

Laplace -206.447 65.012 9.544 4.235
RF (Al -120.75 86.09 7.867 3.867
Features)
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Combined Geographical Locations

Combined RF Models Difference against Ground Truth
-42.60 566 -42.60
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é -42.75 600 % é ~42.75 I LT . oo g'
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200 ™ i .5 : ~—7 -300
—42.90 1 | o —42.90 = i : ' !
oF S I A I S L S
N . A A A AN S A A A R
Longitude Longitude
Laplace -281.367 169.54 38.543 24.108
RF (Geometric Features) -342.562 358.449 43.356 24.398
RF (All Features) -345.907 357.817 43.342 24.384
RF (Combined Models) -341.878 392.526 43.759 24.606
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Conclusion

(a)  Universal kriging (UK) (b) Random Forest (RF)

* Nearest neighbour height (importance=0.95)
has the most influence/impact on the RF results

2 N oW a
8 8 8 8

* RF regression does not always yield better
results than Laplace interpolation, depending on
terrain. In Taranaki, RF performed worse than
Laplace interpolation

* Hengl et. al. (2018) - more data crunching
algorithms as training dataset does not necessary
lead to drastic improvement in accuracy

* Is it worthwhile to use RF instead of Laplace?
Considering the computation time, and amount Pl
of data required to process, it might not be worth °

t T T T T T T T
50 100 200 500 50 100 200 500
predicted (geoR) predicted (machine learning)

RFSp (Hengl et. al., 2018) 40



Thank you!



