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INTRODUCTION

Using satellite images to analyze the
mountain glaciers' variation over time
and investigate the potential relation
to climate factors, including
temperature, CO2, and precipitation.




GLACIER BASICS

Accumulation vs. Ablation Periods

AB

Accumulation area — where snow

s SlJblimati(’n

g Meltir

iCebe

% : accumulates during year.

S ATioN

g oy Sy |
T N Ablation area — where snow from

S N | previous winter melts, exposing
1} o

5 E

bare ice.

'8 ang .
rg ca,"n' -

Glacier Terminal Point

o B
\‘\:.\.’.a"\'f PR .



LITERATURE REVIEW

Quantifying Area:" Localization of mountain Modeling :“Multivariate models for
jlacier termini in Landsat multi-spectral images " predicting glacier termini”

el et Sceees 2UTT 607

vty 0 [ ————
'ORIGINAL ARTICLE
P ————— S [
™ Pattern Recognition Letzers 2 - - . -
£k Multivariate models for predicting glacier termini
L0 Pt
ot Momepoge: wwe simnias s Vs we's
OsitaOnyejeowe - Bryen Holmant Kachoule’
Localization of mountain glacier terssini in Lasdsat mylti-spectral images n;ynw.v!».,:.v.hna.-.Wmusp-.q.mmmn
Nearsodde X Kschouie ***, Preer Hhayben*, Asmie Shwasrtanas **
Abstract
o b in s .
The exiect of variation in the rewreat of mountain glaciers can provide information about changes to differsnt climatic

candifians. Assessing the refrea ries of glaciers s crueial io asess fhe continuing exisience of maunlsi
e camifications of those rereats on wate security for human societes. Therefoce, mithematical and stetistical madels
for the quanif slacierdynamics i in igh demand. I this esearch, we propose 2
mlivaciate egressicn model s esmates slacer chunge and peedicls the Jocatca of glacier lermans over e, bised

h o berof

glaciers and

“This model ean potentilly be i ¥

Keywords Clnste chinge - Moushin g s Careltion

Pra ertinas ocation - Climate factors

Introduction than sy ndividual Landsat spectrl baod A consrned
it selection etha using loal palsmonial regres-

T aus s work (Rachouie et a1 201
posed a stlstical method for estimating the Jocation of n uines. Here we propose: o monel ot precicting the slacier
lacier ermims aver time, f Lasdeat mul- i s i i
point o, wplying.

M5} e pr sion was sk intoduoed

e gacier's e A

INDTSI was otroduced using B62 and NDS1 for glacier  climate fctcs.

staies i remate sensing that rovides  beter imation.  The defioition of climatechange saries from any changs

in cimate aver Gme {Solomon et al 2007} to changes 1n

from human actvaty (UNFCCC 1995

0 2565 017 715 2) comsine Climate change i used synoapmously with global warm:
sorred

arle (i oo

perstutes during the past century (Fassen et sl 2010). Tn
thei 2 Fifth Asicssment Report of the Inter-
‘goreramental Panel on Climate Change (IFCC), a body of

Ol Oy, By Hol Kot
e coorbersd el i ek

54 Keramadin . Kachurse work by thousands. o scentists worbdwide concluded hat
s “Humish isflacnce oo the clive syton i clest, and eccat
Ot O anthrapogenic emissions of greenhouse gases are e high-
vomeickeedl] 08 iiodn st in istory, Recect climte chaages have had

o mpacts on human asd cataral systen:
b €t 2001} These mpacts inchude glotal ses-leve risc; acean

+ Dogumeatof st Sk, Pt acidificaion: snking glciers; changes 1o hydrolagic
ol Techuology, 150 Uivarsity Hivd, Mabowne, L. cycles; smaller crop yields; mare heat waves, dronghts, ind
ush ool and et ther changes 1 saral s bologieal

Ductsent of Oosun Engeosrig and Seies, Fails

nciweaf Tecknology, Melbosrne, L LUSA

D springer

IR M S 0 At T Y



DATASETS

Landsat 8 Satellite Images

P : Bands Wavelength (um) Resolution (m)
Processed as a tif file without Band 1 — Blue 0.45 — 0 52 20
geographical information Band 2 — Green 0.52 - 0.60 30
Band 3 — Red 0.63 - 0.69 30
Band 4 ~ Near 0.77 - 0.90 30
Infrared
Band 5 —
Shortwave Infrared 1.55-1.75 30
1
Band 6 — Thermal 10.40 — 12.50 60
Band 7 —
Shortwave Infrared 2.09 - 2.35 30
. : : 2
AR W # A W Band 8 —
Panchromatic 0.52 -0.90 15

(entire visible)




L to R: Google Earth
image of Franz Josef,
blue band, green band

L to R: red band, near
infrared (IR) band

L to R: shortwave
(SWIR) band 1, thermal
band, SWIR band 2,
panchromatic band
(entire visible spectrum)




CLIMATE DATA

We gathered daily climate data from a weather station closest

to each glacier from NOAA.
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HYPOTHESIS

Whether mountain
glacier variation is
correlated with global
temperature, local
temperature,
precipitation, and CO?2
(climate factors).




SCHEMATICS

|. Data Collection through
Landsat Satellite Imagery

a) Locating b) Approximating
Terminal Point glacier area using

manually in image
Landsat images segmentation

1. Region growing
2. Edge Detection
3. Blob Detection

Graphical User
Interface (GUI)

ll. Modeling

a) Multiple Linear
Regressions

b) Generalized
Additive Models







DATA QUALITY

Gorner, corrupted.by d Franz Josef, obscured Franz Josef, obscured
sensor malfunction by clouds by shadows

Franz Josef — 42 scenes, 37 usable for terminal point detection, 9
usable for area measurement
Gorner — 17 scenes, 15 usable for terminal point detection, 10
usable for area measurement



TERMINAL
POINT




MATLAB GUI

A graphical user interface (GUI) allows us to plot the satellite images against
an arbitrary graph and manually estimate the location



TERMINAL POINT VARIATIONS

We plotted a time series of the distances between consecutive terminal
points for both glaciers

FJ's Euclidean Distance Between Terminal Points Gorner Euclidean Distance Between Terminal Points
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Year Year






MEASURING AREA

Simple idea —
count pixels
that make up
the glacier
and multiply
by image
resolution to
get area




IMAGE SEGMENTATION

1250 Pixel intensities in Franz Josef scene 1 band 1 (converted to greyscale)
1200
4 200 1000
800 r
150 600
400
100
200 -

Images exist as matrices of pixel intensities



IMAGE SEGMENTATION

Pixel Count

Distribution

Inter-Class Yariance
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IMAGE SEGMENTATION

Below Threshold
Abowve Threshold

100 150
Pixel Intensity

Otsu's method

Inter-Class Variance




IMAGE SEGMENTATION

Segmented Image

Threshold index

Images are segmented into different regions based on a
threshold for the difference between pixel intensities in
those regions



IMAGE SEGMENTATION

10° Area vs Threshold Segmented Image

o ; ; ;
0 200 400 GO0 800
Threshold index

Images are segmented into different regions based on a
threshold for the difference between pixel intensities in
those regions



REGION GROWING

Too little glacier Good segmentation! Too many surroundings

Pick a pixel within the glacier and have it grow based
on differences in pixel intensity



EDGE DETECTION

Glacier not fully outlined Good outline! Glacier is broken up

Edges are defined by differences in the
Intensities of adjacent pixels



COMBINING METHODS

Superimposed scenes show area change — Franz Josef glacier
1990 (green), 2009 (purple)




COMBINING METHODS

~—

Gorner blue band, 1985 (top), 2009 (botto

Superimposed scenes show area change — Gorner glacier
1984 (green), 2009 (purple)




PROBLEMS

This method
allows us to
visualize
change over
time, but
leaves holes
In glaciers
and includes
SNOW Or Ice
outside the
glacier



MULTI-THRESHOLDING

Franz Josef blue band Two segments Five segments

Segmentation is good but having the glacier broken into
multiple segments actually makes the problem harder



BINARY SEGMENTATION

We need a method
that segments images into only
two regions (glacier and
background) and does not leave
holes inside the segmented
glacier area or include pixels
from the background




BLOB DETECTION

Gorner blue band Gorner blue band (cropped) Binarized

Crop the region of interest and then
segment it into two regions



BLOB DETECTION
3 B,

Binarized Largest blob

Find the largest blob in the binarized image
that represents the glacier area



SEGMENTED AREA

103 Gorner Area (Band 1) vs Time

35

Area {mz)
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Gorner Area vs Time from 1984 to 2009

Superimposed scenes show area change — Gorner glacier
1984 (green), 2009 (purple)



SEGMENTED AREA

« 108 Franz Josef Area (Band 1) vs Time
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Gorner Area vs Time from 1990 to 2009

Superimposed scenes show area change — Franz Josef glacier
1990 (green), 2009 (purple)






CLIMATE FACTORS

TP Distance (meters) , Change in Area (meters *2)

Temperature C
(Celsius) Precipitation (mm)

Minimum Maximum Average Global
Temperature Temperature Temperature Temperature
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Standardized residuals

-05 00 05 10 15 20

-1.5

MULTIPLE REGRESSION

Plots for checking Homoscedasticity

Plots for checking residual normality

Normal Q-Q Residuals vs Fitted
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Theoretical Quantiles Fitted values
Im(Distance ~ monthly_average + Global_Mean + TMAX) Im(Distance ~ monthly_average + Global_Mean + TMAX)
Factors # of Factors R"2 AIC SBIC

TMAX + PRCP + CO2 3 0.0864 180.1562 99.0866
TMAX + CO2 2 0.1278 217.1768 116.2774
TMAX + PRCP 2 -0.0513 183.3642 101.7315
Global temp + PRCP +CO2 3 0.055 187.367 103.4142
Global temp + CO2 2 0.086 224.7852 120.9909
Global temp + PRCP 2 -0.0737 190.3286 105.8343
TMAX + Global temp + PRCP + CO2 4 0.1147 180.0575 99.7556
TMAX + Global +PRCP 3 -0.0933 185.3631 104.2935
TMAX + Global + CO2 3 0.152 217.0579 116.8533
TMAX + Global 2 -0.0139 222.5972 121.8789




GENERALIZED ADDITIVE MODEL
SUMMARY

Response variable is modeled based on smoothed functions of predictor variables where
smoothed functions are obtained using a non-parametric method.

9(B(Y)) = fo + fi(z1) + fal@2) + - + fn(2m)-

s,(x) 55(x5) $,(x,)

g(E(Y)) = /\ + / + -+ f

~ "GAM: The Predictive Modeling Silver Bullet",MultiThreaded



GENERALIZED ADDITIVE MODEL

Plots of the Factors in the Multiple Additive Model Graph of Predicted Values from the Model

Changes to Franz Josef's Terminal Point Over Time
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Factors # of Factors R”2 AIC
TMAX + PRCP + CO2 3 0.422 369.8605
TMAX + PRCP 2 0.216 376.764
TMAX + CO2 2 0.296 457.4287
Global_temp + PRCP +CO2 3 0.244 386.8718
Global_temp+ PRCP 2 -0.0737 394.4011
Global temp + CO2 2 0.268 471.386
TMAX + Global _temp + PRCP + CO2 4 0.201 375.3042
TMAX+Global_temp + PRCP 3 -0.0591 382.9207
TMAX+Global temp + CO2 c) 0.253 459.6973
TMAX+Global temp 2 -0.012 467.5875
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Standardized residuals

-1.0 05 00 05 10 15 20

MULTIPLE REGRESSION

Plots for checking residual normality

Normal Q-Q

50

-1.5 -1.0 -0.5 0.0 0.5 1.0

Theoretical Quantiles
Im(B2 ~ monthly_average + Global_Mean)

Residuals vs Fitted

Plots for checking Homoscedasticity
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Fitted values

2300

T |
2400

Im(B2 ~ monthly_average + Global_Mean)

Factors # of Factors R™2 AIC SBIC

TMAX + PRCP + CO2 3 -0.0342 115.0206 98.3176
TMAX + CO2 ;) 0.1218 131.6565 | 108.6156
TMAX + PRCP 2 0.1718 113.0285 94.3215
Global_temp + PRCP +CO2 3 -0.0897 115.4389 98.7359
Global temp + CO2 2 0.1271 131.602 108.5611

Global temp + PRCP /) 0.1074 113.628 93.805
TMAX + Global temp + PRCP + CO2 4 -0.3572 116.8935 | 105.3016
TMAX + Global +PRCP 3 -0.0222 114.9274 99.9869
TMAX + Global + CO2 3 -0.0381 133.5215 | 113.1006
TMAX + Global ) -0.0756 133.481 110.4401




GENERALIZED ADDITIVE MODEL

Plots of the Factors in the Multiple Additive Model

S(TMAX,1)

1500

1000
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-1000 -500

-1500

B4 66 B8 TO T2

TMAX

s(monthly _average,167)

1000 1500

500

-500

-1000

-1500

1500

1000
1

N 8
_ E - g::m:u- f’_fli
Factors # of Factors | R”2 AIC
TMAX + PRCP + CO2 3 0.309 112.1162
TMAX + PRCP 2 0.172 113.0287
TMAX + CO2 2 0.193 131.5022
Global_temp + PRCP +C02 3 20.0897 | 115.4391
Global temp+ PRCP 2 0.107 113.6282
Global temp + CO2 2 0.167 131.6321
TMAX + Global_temp + PRCP + CO2 4 NA NA
TMAX+Global_temp + PRCP 3 00222 | 114.9275
TMAX+Global_temp + CO2 3 0.0867 | 132.9009
TMAX+Global temp 2 20,0121 | 133.4584

Graph of Predicted Values from the Model

Changes to Franz Josef's Area Over Time
2800 -

Year






Standardized residuals

MULTIPLE REGRESSION

Plots for checking Homoscedasticity

Plots for checking residual normality

Normal Q-Q
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Im(Distance ~ monthly_average + Average_PRCP + Average_TMIN + Global_Mean)

Theoretical Quantiles

Residuals vs Fitted

50
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Residuals
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013
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Fitted values

I T
-100 0

Im(Distance ~ monthly_average + Average_PRCP + Average_TMIN + Global_Mean)

Factors # of Factors R™N2 AIC SBIC
TMIN + PRCP + CO2 3 0.9592 161.3541 | 121.4306
TMIN + CO2 2 0.9576 161.2273 | 119.7976
TMIN + PRCP 2 0.3306 202.6117 | 161.4185
Global_temp + PRCP +CO2 3 0.9532 163.3948 | 123.4713
Global temp + CO2 2 0.9526 162.9085 | 121.7153
Global temp + PRCP 2 0.6122 194.4261 153.233
TMIN + Global temp + PRCP + CO2 4 0.9604 161.4673 | 123.3991
TMIN + Global +PRCP 3 0.6285 194.4752 | 154.5516
TMIN + Global + CO2 3 0.9586 161.5526 | 121.6291
TMIN + Global 2 0.6591 192.4898 | 151.2966




GENERALIZED ADDITIVE MODEL

Plots of the Factors in the Multiple Additive Model Graph of Predicted Values from the Model

s | g | s | Changes to Gorner's Terminal Point Over Time
2 T T
Glabal_Mean Average_PRCP manthly_average 1985 1990 1995 Year 2000 2005
Factors # of Factors| R”2 AIC
TMIN + PRCP + CO2 3 0.982 151.2125
TMIN + CO2 2 0.974 154.8016
TMIN + PRCP 2 0.419 201.4022
Global_temp + PRCP +CO2 5 0.982 150.8067
Global temp+ CO2 2 0.974 154.4909
Global temp + PRCP 2 0.612 194.4265
TMIN + Global temp + PRCP + CO2 4 0.979 152.8832
TMIN+Global temp + CO2 3 0.972 156.5745
TMIN+Global temp + PRCP 3 0.644 194.4644
TMIN+Global temp 2 0.659 192.49
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Standardized residuals

MULTIPLE REGRESSION

Plots for checking residual normality

Plots for checking Homoscedasticity

Normal Q-Q = Residuals vs Fitted
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-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2000 3000 4000 5000 6000 7000 8000
Theoretical Quantiles Fitted values
Im(B2 ~ Global_Mean + Average_TMIN + Average_PRCP) Im(B2 ~ Global_Mean + Average_TMIN + Average_PRCP)
Factors # of Factors | R"2 AIC SBIC
TMIN + PRCP + CO2 3 0.2727 170.5771 150.1562
TMIN + CO2 2 0.3597 169.0711 146.7626
TMIN + PRCP 2 0.1241 171.891 148.8501
Global temp + PRCP +CO2 3 0.3655 169.349 148.9281
Global temp + CO2 2 0.0396 191.245 165.0703
Global temp + PRCP 2 0.2573 170.4059 146.3961
TMIN + Global temp + PRCP + CO2 4 0.3618 169.3921 153.2262
TMIN + Global +PRCP 3 0.4579 167.9325 147.5116
TMIN + Global + CO2 3 0.4892 167.3962 148.7272
TMIN + Global 2 0.5338 166.2156 144.0324




s(Global_Mean,1)
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GENERALIZED ADDITIVE MODEL

Plots of the Factors in the Multiple Additive Model
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Global_Mean
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Graph of Predicted Values from the Model

Changes to Gorner's Area Over Time
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monthly_average Average_PRCP o0
Factors # of Factors| R”™2 AIC
TMIN + PRCP + CO2 3 0.995 123.5698
TMIN + CO2 2 0.947 147.3274
TMIN + PRCP 2 0.954 145.8929
Global_temp + PRCP +CO2 3 0.699 163.3429
Global_temp+ CO2 2 0.306 188.7458
Global temp + PRCP 2 0.728 162.1333
TMIN + Global_temp + PRCP + CO2 4 0.999 105.9211
TMIN+Global_temp + CO2 3 0.937 148.577
TMIN+Global_temp + PRCP 3 0.993 126.458
TMIN+Global temp 2 0.902 152.9688
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* Multi-spectral Landsat images and climate
factors were used to study glacier
variations over time.

* Image processing methods were
developed to detect and segment

S U M M A RY 0 F glacier area.
« Our models identified the relationship
W H AT W E between glacier changes and some
climate factors including global

D I S C O V E R E D temperature, local temperature,

precipitation, and CO2.

* Investigate and model the relationship
between CO2 and other climate factors to
better understand the impact of CO2 on
glacier changes.



FUTURE PLANS FOR AREA
MEASUREMENT

- Our work has brought us to a good basic method,
blob detection

- Segmentation can always improve

- Problems:

- Thresholding
- Gap filling

- Preprocessing



PROCESSED BANDS

NDSI = (B20 - B50) / (B20 + B50)
-~ = ~E L
- - 1 "

F

Higher contrast allows for better segmentation
and better area measurements




THRESHOLDING

14 10% Area vs Threshold Segmented Image 14 105 Area vs Threshold Segmented Image
12f 20 - ] 2N 20
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10 7 10 F | _
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Threshold index Threshold index

Each image needs its own threshold



GAP FILLING

Viedma glacier blue band Binarized Example of gap filling

We need a method to fill holes in glaciers

while minimizing non-glacier pixels added



PREPROCESSING

NDSI vs Green
T T T

We can train a neural
network to classify
iImages by plotting

different bands' pixel
=== | Intensities against

CET— each other

300
250

200

Clockwise from top left: FJ green band
(good image), NDSI plotted against green
for good image, NDSI plotted against
green for cloudy image, FJ green band
(cloudy image)

0 " " " " " " 1 "
0.991 0992 0993 0994 0995 0996 0997 0998 0999 1
NDSI




RESEARCH TEAM

Thu Thu Hlaing, Ithaca College ~ Dr. Nezamoddin N. Kachouie,  jonathan Webb, University of Idaho
Florida Institute of Technology

Edmund Robbins, Florida Institute of Technology
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QUESTIONS?
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WHAT ARE THEY?

 The set of intensity values from regularly spaced points along a line segment (in our example, that
Is the glacier path)

 From the Landsat Data, we graphed each separate column and got the intensity profiles for glacier
path on each image

Intensity Profile of Path | Intensity Profile of Path Il

ey,
i

Intensity Profile of Path N

Intensity Profile of Path IV




- We found the candidate points from the raw data for the first four paths.
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POLYNOMIAL REGRESSION

On the first four paths, we ran polynomial regressions of degree 1 to 10.

Poly Regression of Path IV Degree 1 Poly Regression of Path IV Degree 2 Poly Regression of Path IV Degree 3 Poly Regression of Path IV Degree 4
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CUBIC SPLINES

On the first four paths, we fit cubic splines.
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COMPARISON OF THE PARAMETRIC
REGRESSIONS

- We wanted to compare each regression's performance of estimating the intensity profile using R"2.
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NON-PARAMETRIC REGRESSIONS

- We specifically chose the LOESS method in R when creating our non-

parametric regression.
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REGRESSION'S INFLECTION POINTS

- We see that the non-parametric regression finds a more closer approximation for
the terminal point than other regressions.
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SUMMARY OF

01

. We can find the

terminal point in
intensity profile by
using inflection
points.

02

Il. It is better to find
terminal points from
regressions than
from the raw data for
future predicting
purposes.

INTENSITY PROFILES

03

lll. A non-parametric
regression is the best
method of estimating
and prediciting future
terminal point
locations.




LINEAR MODELS FOR FRANZ

Terminal Point

JOSEF

Factor P-value| R"2
Average Monthly Temperature 0.993 3.77E-06
Average Minimum Temperature 0.872 0.001327
Average Maximum Temperature 0.278 0.03453
Average Precipitation 0.94 0.000204
Average Monthly Co2 0.0382 0.117
Average Global Temperature 0.485 0.01405

Area
Factor P-value| R"2

Average Monthly Temperature 0.131 0.5872
Average Minimum Temperature 0.0939 0.0939
Average Maximum Temperature 0.239 0.1913
Average Precipitation 0.128 0.3422
Average Monthly Co2 0.0991 0.3405
Average Global Temperature 0.34 0.1301




LINEAR MODELS FOR
GORNER

Terminal Point

Factor P-value | R"2

Average Monthly Temperature 0.0176 0.3623
Average Minimum Temperature 0.00858 0.4238
Average Maximum Temperature 0.0331 0.3039
Average Perciptation 0.645 0.01681
Cumulative Monthly Perciptation 0.6178 0.01971
Average Monthly Co2 3.22e-10 * | 0.9563,
Average Global Temperature 0.000201 0.6674

Area

Factor P-value | R"2

Average Monthly Temperature 0.166 0.2541
Average Minimum Temperature 0.125 0.3028
Average Maximum Temperature 0.323 0.1392
Average Perciptation 0.117 0.3138
Cumulative Monthly Perciptation 0.112 0.3211
Average Monthly Co2 0.363 0.104
Average Global Temperature 0.20391 0.193




ADDITIVE MODELS FOR FRANZ JOSEF

Terminal Point

Factor P-value R"2
Average Monthly Temperature 0.59 0.0238
Average Minimum Temperature 0.733 -0.00962
Average Maximum Temperature 0.387 0.0159
Average Precipitation 0.94 -0.0355
Average Monthly Co2 0.0103 0.29
Average Global Temperature 0.285 -0.0141
Area
Factor P-value R"2
Average Monthly Temperature 0.13 0.45
Average Minimum Temperature 0.127 0.587
Average Maximum Temperature 0.239 0.0757
Average Precipitation 0.127 0.233
Average Monthly Co2 0.149 0.295
Average Global Temperature 0.38 0.137




Terminal Point

ADDITIVE MODELS FOR GORNER

Factor P-value R2
Average Monthly Temperature 0.0173 * 0.313
Average Minimum Temperature 0.00832 0.379
Average Maximum Temperature 0.0329 * 0.25
Average Precipitation 0.646 -0.0588
Cumulative Monthly Precipitation 0.618 -0.0556
Average Monthly Co2 <2e-16 0.986
Average Global Temperature 0.000139 *** 0.642
Area
Factor P-value R2
Average Monthly Temperature 0.0221 0.638
Average Minimum Temperature 0.0136 0.686
Average Maximum Temperature 0.04 0.566
Average Perciptation 0.0113 0.704
Cumulative Monthly Perciptation 0.00954 0.718
Average Monthly Co2 0.254 0.213
Average Global Temperature 0.204 0.0922




