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Introduction

Ice Cores from Antarctica and Greenland are unique paleo climate archives

.
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Ice cores in Antarctica go back in time up to
800.000 years and the Oldest Ice Core that
will cover a climate history of 1.5 million years
is being drilled now.
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The 'Data Set’

@ 2105 m long Ice Core from
Greenland

00

e Cut in to 1.65 m long sections

e more than 1200 pictures

e not all with the same camera
settings (focus, illumination,
etc.)

‘ o we select specific setting —>

gl = | 210 images

e General Idea: slice image in
smaller parts and predict if slice
. j contains melt layer or not

o Problem: Mapping labels on to
image

w50 1500 1S 2000
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Preprocessing

bag

depthirom _depthto _age(b2k _ ape(ce)
8 1205650 120565 856045 11420

type offeature

NaN 1217200 NaN 868236 11318 meltLayer uncertain
1 1223063 1223063 872875 11271
Nahi 122.3900 NoN 873636 11264 ‘meltLens uncertain
Nan 123.5600 NaN  8sse27 11141 indication of bubble free ayer or patch
224 1240487 1240487 891259 11087
224 1202134 1242134 893055 11069

227 1247216 1247216 897066 11023
227 1257708 1257745 905697 10943
230 1272374 1272374 917704 10823

o Table with depth of melt layers
in meter

Converting m to pixels
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Preprocessing

Section of Ice Core
IR

bag Gepthfrom  depthto  age(bzk)  age(CE) type offeature
218 120.5650 120565 858045 11420
NaN 1217200 NaN 868236 11318 meltLayer uncertain
1 1223063 1223063 872875 11271

20 Nahi 122.3900 NoN 873636 11264 ‘meltLens uncertain
Nan 123.5600 NaN  8sse27 11141 indication of bubble free ayer or patch
224 1240487 1240487 891259 11087
224 1202134 1242134 893055 11069
7 1247216 1247216 897066 11023
227 1257708 1257745 905697 10943

00 230 1272374 1272370 e1770a 10823

i _ o Table with depth of melt layers
o R : in meter

Converting m to pixels

Labels don’t align with image

For most images: same offset
for all layers

But not same offset from image
to image
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Preprocessing |l

Mean Signal
tiofl Core ntensity ﬁn hif v I f r h
T How to d.s t value for eac
image?
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Preprocessing |l

Mean Signal

e nenslty,  How to find shift value for each
image?

Layers

cost = Z mean (Signal Intensity [Layer])
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: %
shift [pixels]

e Try different shift values and
choose the one that gives the
lowest cost
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Preprocessing |l

sectionofcecore"nSienat How to find shift value for each
7 i T H
y image?

Layers

cost = Z mean (Signal Intensity [Layer])

160000

150000

140000

130000
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Cost function
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20000

0000

: %
shift [pixels]

e Try different shift values and
choose the one that gives the
lowest cost
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Preprocessing Il

This way we generate up to 100 smaller images from one photo
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Model Implementations

@ Simple CNN : Accuracy = 98.6%

e Simple CNN 2.0 : Accuracy = 98.0% (overfitting)

@ Enhanced CNN : Accuracy = 97.6 %

@ ResNet : Accuracy = 77.9 %

@ Pretrained Model: Accuracy = 52.7% (doesn't classify data)
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Simple CNN

Model: "sequential 3"
Layer (type) Output Shape Paran #
conv2d_6 (Conv2D (None, 50, 208,

max_pooling2d 6 (MaxPooling (None, 25, 100, 32)
20)

dropout_4 (Dropout) (None, 25, 168,

conv2d_7 (Conv2D) (None, 25, 108, 64)

2;':7paoling2dj (MaxPooling (None, 12, 50, 64) ° 200X50 Images
dropout_5 (Dropout) (None, 12, 50, 64) ° 3 COHVO|utI0na| Blocks

conv2d_8 (Convan) (None, 12, 58, 128)

@ 2 Dense Layers

nax_pooling2d 8 (MaxPooling (None, 6, 25, 128)
)

dropout_6 (Dropout) (None, 6, 25, 128) o DI’OpOUt to AVOid Overfitting
flatten_2 (Flatten) (None, 19260)

dense_6 (Dense) (None, 128) 2457728

dropout_7 (Dropout) (None, 128)

dense_7 (Dense) (None, 1)

Total params: 2,551,105

Trainable parans: 2,551,105
Non-trainable params: @
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Simple CNN

model accuracy model loss
—— train — train
val 25 val
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epoch epoch
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HyperParameter Optimization

Objective Value

Optimization History Plot

07 ©  Objective Value
Best Value

#Trials

@ OPTUNA for Simple CNN, DropOut Rate Optimization
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Some Results of the Simple CNN
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Some Wrong Results of the Simple CNN

1/0.09 0/1.00
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CNN with Tranfer Learning

224 X 224X 64
H2X 112X 128

/ 28X 28X 512
, / 14X 14X 512
77 | /Txnil: 1X1X 4096
24X224X3 I h H Hl f

¢ Convolution + ReLU
{ Max pooling
¢ Fully connected + ReLU
| Sigmoid

1 X 1X 1000

|

o VGG-16

o Pre-
trained
Layers
Frozen
center

o 3 Dense
"Top"
Layerscen-
ter

o 224x224
Images
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CNN with Tranfer Learning

model accuracy

0851 — ftrain
test
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Enhanced CNN

@ CNN with convolution layers pooled and max pooling

e Optimization with the Hyperband algorithm (Cite) via
Keras-tuner
o It samples the hyper parameter space with a limited number of
epochs initially to learn about the space then iterates through
more epochs for the more promising models.
e variables:
e input shape (50, 200, 3)
o Optimizer (sgd: momentum=0.9, nesterov=True ; nadam:
betal=0.9, beta2=0.999)
o Learning rate: from 10-2 to 10-4
o Number of filters to start: 64 to 256
o Number of convolutional layers in sequence: 2 to 4
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Enhanced CNN: Results

model CNN best hb accuracy maodel CNN best hb loss
109 — tain P U - 10
val — -
09 08
08
= 06
c 2
gor £
04
06
02
05
00
0 5 b 15 0 5 0 5 b 15 20 %
epoch epoch

Confusion Matrix CNN best hb

False

Actual Values

Tue

False Tue

Pradicted Values

@ Results: Time used on GPU: 74793.5 ms; Test loss: 0.121 /
Test accuracy: 0.9760
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Enhanced CNN: wrong results
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@ Residual Neural Network
Rese @ Residual learning via Residual

mm (WW ﬂﬂ |/ Units and skip connections
o H(x) = F(x) + x
e speed up training considerably:
it initially models the identity
function. If the target function

relt celt is close to the identity function
x the training is speed up
‘ o the network will make progress

[F) ] [F) +x even if the several layers have
not started learning yet

P——

Skip Connection
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Enhanced CNN: Results

ResNet34 accuracy ResNet34 loss
10 2
| — tain
val
09 01
o |
08 |
g 20 |
3 g
gor »] |
0] |
06 ‘
1
0s B
0 N _
0 5 0B EEEE) 0 5 05 )
epoch epoch

Confusion Matrix for model

False

Actual Values

Tue

Pradicted Values

@ Results: Time used by ResNet34 on GPU: 132299.0 ms ; Test
loss: 0.67 / Test accuracy: 0.779
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ResNet34: Wrong results
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Enhanced CNN

Paran #

@ 200x50 Images

@ 4 Convolutional Blocks with max
pooling in between

@ 3 Dense Layers incl. Dropout to
Avoid Overfitting
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Using the Model

Apply preprocessing to image (cutting sides, top and bottom)
Slice image in multiple slices (stride 10 pixels)

Flip (horizontal and or vertical)

Predict on each (flipped) slice —=> 4 predictions

Most common prediction

10 n fT— 0 N A N

o o o
s o @

Melt Layer Probability

0.0 +— e

8000 10000 12000 14000 16000 18000 20000
Pixel
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Where did it go wrong?

Unbalance Dataset

ayers

2 ottt o Data Augmentation is
not enough
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Where did it go wrong?

False Positives

@ There is a chance
that melt lenses are
predicted as layers

@ Cracks in ice core are

almost always predict
to be a layer
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Where did it go wrong?

o Diffuse melt layer imo
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Possible way to fix the problem

20000

17500
15000
12500

1oooo

Epoch 11/58
901/901 |[: - 735s B15ms/step - loss: 9.1089 - accuracy: 9.9522 - val_loss: 0.1080 - val_accuracy: 0.9634

@ Generate an imbalanced training set with a lot of non-melt
layers for the model to learn e.g. cracks, etc.

After Combining:

Training Set: 19819 with 428 1s and 19391 Os

Validation Set: 492 with 228 1s and 264 0s

Test Set: 500 with 236 1s and 264 0s

currently running ResNet34 model on CPU (11/50 epochs in

142 min)
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Conclusion

@ Tuned Models with low False Negative could be used to select
portion of image to then manually label (as melt layer / melt
lens)

o Larger Dataset is needed

@ Alternative approaches

o Object Localization with CNN

o Last layer doesn't predict one float (probability) but instead
two integers (start and stop of melt layer in pixels)
@ Would then be a regression task
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© Appendix
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Appendix Al

General setup: Training Set: 932 with 428 1s and 504 Os Test Set:
500 with 236 1s and 264 0s Validation Set: 492 with 228 1s and
264 0Os
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Appendix A2

Optimization with the Hyperband algorithm. Top 3 models:

Best model: 'conv layers': 4, 'filters': 157, 'learning rate’:
0.0049406530672152634, 'optimizer': 'sgd’

2nd best model: 'conv layers': 3, 'filters": 251, 'learning rate’:
0.0001377968661129521, 'optimizer’: 'nadam’

@ 3rd best model: 'conv layers': 3, 'filters’: 232, 'learning rate’:
0.000228430533572026, 'optimizer’: 'nadam’
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Simple CNN 2.00

!m;gg pre-protf:elsos(l)régzlggtotlng eldges and Image sclicing Different CNN architectures did not work
in 35images of 10001000 pixels + Input shape (1000, 1000, 3) or (500,
Data augmentation: .
y o | DataG tor(brizht 500, 3) - Image downsize
eras.preproces?lng.lmag?. mag? a a. enerator(brig + Validation split: 0.2
ness_range, horizontal_flip, vertical_flip)
Data set: . s
30 images with o - )
MeltLayer/MeltLayers S
35 images with no MeltLayer il a
Final data set: 2976 images with no MeltLayer .
2734 images with MeltLayer/MeltLayers

30000 pixels
False

Actual Values

1000

False Tue

Predicted Values

1000 Pre-trained model + CNN architecture for inpute shape (1000, 1000, 3)
pixels Need for computation power
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