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https://github.com/890tsugua/AppliedML2026
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The dataset

e Images from around the world

e Scraped from Geoguessr*

e ~ 300 images per country

e 1600 x 900 image size 85 countries

e ~60GB
e Two folders: test and train (80/20)

*Credit Pepijn van Wijk (deboradum on GitHub):
https://hugaingface.co/datasets/deboradum/GeoGuessr-countries

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026

train_data

Albania

Argentina

Australia

USA

20,062 images

test data

Albania

Argentina

Australia

USA

5,084 images


https://huggingface.co/datasets/deboradum/GeoGuessr-countries
https://huggingface.co/datasets/deboradum/GeoGuessr-countries
https://huggingface.co/datasets/deboradum/GeoGuessr-countries
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Countries in the dataset

Created with mapchart.net
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Example images

Colombia Denmark South Korea
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Preparing the dataset

. fEasiiannnmwn) Load from Drive
Huggingface

Compress 1600x900 — 500x281 unzip each session
e We used the same Google account across PCs

and zip (!) locally ‘
e Gave us a space to share files, results and access to good GPU

e Would mostly edit in VScode and push to Github, then clone repo into Colab.
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Pretrained ResNets
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(dropout = 0.3)

Loss function: Cross-entropy loss
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Data augmentation

Artificially create new data samples for training
Involves random cropping, rotation, color jitter
Random data augmentation — better performance.
Pre-computed augmentation — severe overtraining

Somewhere in Albania...
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GPUmaxxing

e Colab gives you 100 Compute Units. Use wisely!
o Do not choose a more powerful GPU than necessary. Consider how heavy your task
is and check with nvidia-smi.
o Usage starts already from connection, not when you start running code.

e CPU bottleneck: Image preprocessing / augmentation can be expensive.
o Think about your transforms

e Dataloader settings:
o num_workers = 8 (!)
o prefetch factor=2 or4
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Initial results with dropout and simple augmentation

Validation accuracy
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10

ResNet50

Test Accuracy

Top 1

Top 5

0.541

0.838

e Europe hard. Unique countries easy.

e Dataset imbalance and image artefacts
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Why cluster countries?

Motivation
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Why cluster countries?

Motivation
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Cluster Based Country Image Classification

Setup
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Image dataset:
85 countries
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Cluster Based Country Image Classification
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Cluster Based Country Image Classification

Setup
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Cluster Based Country Image Classification
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Cluster Based Country Image Classification
Two sets of features used for clustering

e Temperature-only based clustering:
o Jan, July temperature (2 features)

e Climate/Geography based clustering:
o Jan, July temp. + latitude and longitude (4 features)

Latitude -

Longitude
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Cluster Based Country Image Classification

Choosing the number of clusters

Elbow method for cluster choices
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Predicting clusters from images using ResNet-34

Accuracy of prediction decreases with number of clusters

Accuracy
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Effect of increasing K for climate/geography clusters
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0.965 0.951
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Cluster Based Country Image Classification

We will continue with 15 clusters

Elbow method for cluster choices

=@ Climate/geography
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Temperature-only: Clusters are spread geographically
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Climate/Geography: Clusters are grouped geographically

11/06/2026
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Comparing clustering for temperature-only vs. climate/geography
Adjusted Rand Index (ARI) and Normalized Mutual information (NMI)

Agreement between cluster label systems
1.0 -

. 0.778

Score

0.4 -

0.2 -

0.0 -
ARI NMI
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Predicting clusters from images using ResNet-34
Prediction works best on climate/geography based clusters. Optuna helps.

Comparison of cluster label systems

BN Top-1 [EEE Top-5

1.0 0.965 0.973
0.951 0.926

0.8

Accuracy
o
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0.2

0.0

Climate/geo Climate/geo Climate/geo Temp-only  Optuna climate/geo
K=15 K=20 K=30 K=15 baseline K=15
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Adding weighted cross-entropy loss function

ResNet50
Test Accuracy

Weight = 1.5 on European countries does not improve prediction on Europe

resnet50: loss
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X > 0.518 0.817
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Label Smoothing
K

L=-> ylog(pk)
k=1

The k=15 clusters was used
With prob 0.9

Clusters were probably too large, so smoothing
probability was distributed across too many
countries.

As a result, smoothed labels were small-valued
and almost identical to normal one-hot labels.

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026

ResNet50
Test Accuracy

Top 1 Top 5
0.525 0.816

Example (Albania in Cluster 5)

Cluster 5

Albania, Greece, Israel, Italy, Jordan,
Lebanon, Malta, Montenegro, Portugal, Spain,
Tunisia

Albania  Greece Israel Italy Tunisia

MHOHOlltO]---@

Albania  Greece Israel Italy Tunisia

t 0.9 J [o.oog] to.oog] to.oog]
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Accuracy of prediction still highly depends on the country

Number of Countries

Distribution of Precision Across All Countries

B-

0.0

0.2

0.4 0.6
Precision

0.8

1.0

Top 10 Countries by Precision

Iceland 1.00
Rwanda 0.96
Qatar 0.95
Bangladesh 0.91
Ghana 0.90
Mongolia 0.88
Japan 0.86
Uganda 0.86
India 0.86
Senegal 0.86

0.00 0.25 0.50 0.75 1.00
Precision

Bottom 10 Countries by Precision

France 0.18

Sweden 0.20

NewZealand 0.23

Mexico 0.25

Croatia 0.29

0.30

Brazil

Italy 0.20

Latvia 0.30

Slovakia 0.31

Estonia 0.33

0.00 025 050 075 1.00
Precision

27
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Dataset pollution: Car artefacts

e Car hood artefacts on many images

e Example images from Ghana
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Network has learned the car hoods of specific countries...

Patch importance overlay

Original Patch importance
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but not always!

August Ba

ggersen Hilger, Catrine Trudslev og Emma Kirchhoff

Correctly predicted Norway’s cluster without car artefact.

Original

o u A W N = O

Patch importance

0.05 0.02 0.03 0.05 0.07 0.05 0.00

0.04 011 0.07 013 014 0.06 0.01
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0.00 0.07 0.14 0.07 0.03 0.04
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Prediction relies not only on car artefacts

... but definitely relies heavily on car artefacts

Global patch importance with values, N = 1000

O 0.056 0.062 0.069 0.062 0.056 N 012
1 Fo11 9
C
£
5 0.10 £
g o
2 S
S 0.09 -=
c 3 Y
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= 0.08 5
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& 0.05
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Cutting out the cars: Inserting a black box
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Accuracy decreased for unique countries after S
Cutting Out Ca rS  Fesnet50_cut_black_box final_best_loss: continent accuracy Test Accuracy

Top 1 Top 5

0.8 -
0.502 0.813

a e nh‘f"‘gﬁfﬁ O‘ﬂi‘w ,mh‘“gﬂta o
wo 5oV
resnet50_cut_black_box_final: loss resnet50_cut_black_box_final: accuracy
— Train 0.8 4 —— Train
3.0 7 —— Validation 0.7 | = Validation

Accuracy
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wn
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Epoch Epoch
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Where did Troels go on vacation?
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Where did Troels go on vacation?

Prediction
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Conclusion

* Neural networks will follow the path of least resistance (car artefacts)
* On-the-fly random data augmentation is crucial for performance
« Class weighting and label smoothing did not improve prediction

» Cluster-based setup reduced complexity and improved separability

... and don’t waste time connecting to Colab GPU if you are not running!!

Future directions:

« Bigger data set (5 million images) with coordinates and more (tpsosvsm gitubio)

* Really deep and long training to learn details of road signs etc.


https://osv5m.github.io
https://osv5m.github.io
https://osv5m.github.io/
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APPENDIX



.f UMIVERSITY OF COPENHAGEN August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 38

Model Development Timeline

Initial Augmented Augmeqted Crop and 5
. data with :
Experiments data - Drop :
E Weights Smoothin No Weights I
: S J J Smoothing
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1. Augmentation and initial optimization

ResNet50
Test Accuracy
. . Top 1 Top 5
Optuna on ResNet34 with 4 trainable layers 0457 0779
20 Optuna trials, 5 epochs each ' '
Test Accuracy

Results:

After training the
Best validation loss: 3.703

best model is used

to predict
Best hyperparameters: countries on the
 Learning rate: 0.0019 test data.

» Weight decay: 9.26e-6 The accuracy on

this is the test
accuracy

Same HP was used to train a ResNet50 model

” Augmented
lm.tlal AUGMSEe data with el Elie Weights Smoothing No Weights Moren
Experiments data dropout Drop Smoothing
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CPU Bottleneck

e Data augmentation caused a CPU bottleneck for smaller resnets and few trainable
layers.

e Crop + Resize was the most expensive operation, due to interpolation.

e So we just cropped a 224x224 random region from our compressed 500x281 images.

e JPG compression helped reduce size of dataset substantially.
e JPG — tensor conversion was just done on-the-fly during training, since it was relatively
cheap.

e Used torch.profiler, nvidia-smi and timing the dataloaders to investigate CPU bottleneck.

" Augmented
£ Im.tlal AUGMIEhEe data with el el Weights Smoothing No Weights More_
xperiments data dropout Drop Smoothing
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Augmentation data ResNet50
Test Accuracy
Top 1 Top 5
We tried to avoid the CPU completely by augmenting data once and for all, 0464 0744

so it could be loaded straight onto RAM. We knew it could have an effect on

performance. Same HP were used.
Top & Accuracy

The model gives a
probability to every
country. If the true
country is in the top

The conclusion was clear: High degree of overfitting, data augmentation is
key for performance!

It makes sense: Our dataset is not huge, only ~300 datapoints per class. 5 highest
probabilities it is in
We introduced dropout to reduce overfitting and decided to move forward the top 5 accuracy.

with on-the-fly augmentation: Crop, color jitter and rotation.

" Augmented
Im.tlal ALGMAEe data with el Elie Weights Smoothing No Weights Moren
Experiments data dropout Drop Smoothing
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Random data augmentation is key for performance

e Each image were cut into three regions.
e 75,000 images for instant loading, instead of on-the-fly

augmentation.
e Pre-computed augmentation — severe overtraining

Model training using one-time data augmentation

Resnet-18 Resnet-34 Resnet-50
3 -
® 4 - Train Loss 4 4
5 —— Val Loss
E 3 3 - 2 -
2
= 9+ 2
: 3
;g 1 1
O
u i T T T u b T T T u B T T T
1] ) 10 [} ) 10 1} b 10
Epoch Epach Epoch

" Augmented
ln'.t Bl ALGMAEe data with Sip Eme Weights Smoothing No Weights More.
Experiments data dropout Drop Smoothing
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Augmentation data + Dropout ResNet50
Test Accuracy
- o . Top 1 Top 5
- Tried to reduce overfitting using dropout 0473 0757

Used dropout rate = 0.3

- Test accuracy did not improve significantly.
- Overfitting was still observed during training.

" Augmented
Im.tlal AUGMSEe data with el Elie Weights Smoothing No Weights Moren
Experiments data dropout Drop Smoothing
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Augmentation on the go + Dropout E——
Test Accuracy
Top 1 Top 5
Did not work as hoped
Went back to model where we cropped along the way 0.541 0.838

and now also included dropout _
resnet50: continent accuracy

T

B (% o
ps;‘\ E-i'l\L '-'3-{\ \)"\GQ

=
-

HP parameters from initial optimization was used as

o
o

=]
Ln

Conclusion:
Dropout is good
European countries is hard to predict

o
(]

Mean country accuracy
=] =]
[N =

o
e

o
=]

\;\
ﬂ“ﬁ e“"@
Continent

" Augmented
lm.tlal AUGMSEe data with P e Weights Smoothing No Weights More.
Experiments data dropout Drop Smoothing
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Augmentation on the go + Dropout - Training plots

Walidation loss by architecture

Validation top-5 accuracy by architecture

= resnetls
resnet3dq
resnatsi
— resnetlil
— resnetlsa

a0
— resnelld
resnet3d
2.8
resnErso
— resnetlil
@ 2.6 — resnelS?
=
c 2.4
(=]
£
B 22
] 0.85
= 204
=
0.80
1.8 1 1
o
= |
1.6 . . : . E 0.75
5 10 Epoch 15 20 q&
E 0,70
Validation accuracy by architecture g
S 065 4
n
0.55 =
£ 0.60
= (150
)
il -
3 0.45 5
L
[1-]
[
= 0.35 — resnetld
g . resnet3d
resnets
0.30 — resnetl0l
— pesnetls?
0.25

5 10 15 20
Epoch

10 15 20
Epoch

Initial Augmented Augmeqted Crop and
) data with
Experiments data Drop

dropout

Observations:

- Validation accuracy improved quickly
during the first epochs for all
architectures.

- Larger models generally achieved
higher validation accuracy and top-5
accuracy.

- ResNet50 showed strong and stable
performance while remaining
significantly cheaper to train than
ResNet101 and ResNet152.

- ResNet50 was therefore selected as
the main model for the later
experiments due to its balance
between performance, stability, and
computational efficiency.

: : : More
H Weights H Smoothing H No WelghtsH Smoothing
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Adding Class Weights

For European countries the CrossEntropy
loss was multiplied with 1.5

Initial try:

HP parameters from initial optimization was used as

Results:
Accuracy got a bit worse
Avg accuracy for Europe did not improve

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 46

Average country accuracy

L0+

=]
m|
i

=]
o
i

=
s

=
ha

0.0 -

ResNet50
Test Accuracy

Top 1 Top 5

0.518 0.817

w_weights: mean country accuracy by continent

poc? por® e e et e

wo™ 50

Continent

" Augmented
ln'.t'al AUGMSEe data with Sl Elite Weights Smoothing No Weights More'
Experiments data dropout Drop Smoothing
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Adding Class Weights - Optimization

Grid search:

Model Batch Size | Learning Weight Trainable Best val Best Val Test top 1
rate decay layers loss accuracy

ResNet50 256 0.001 0.001 1 1.803 0.502 0.518

And then Optuna

Model Batch Size | Learning Weight Trainable Test top 1 Testtop 5
rate decay layers
ResNet50 256 0.00087 0.00001 1 0.542 0.838

Seemed like weights are improving
the results

Testtop 5

0.820

[

Initial Augmented AT Crop and
) 9 data with P Weights Smoothing No Weights
Experiments data dropout Drop

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026

ResNet50
Test Accuracy

Top 1 Top 5

0.542 0.838

47

More

Smoothing

J
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With Class Weights - Optimization Loop ResNet50

Test Accuracy

- . Top 1 Top 5

Motivation: 0518 0.817
To evaluate which ResNet is | '

best Execution was looping over ResNet( 34, 50, 101, 152)

Tested multiple ResNet models with weighted loss and Optuna-tuned:

First tried with ResNet50’s HP but

e learningrate: 1Te-4 — 2e-3

=tha-tacilic cacmad hiacad e weightdecay: 1e-6 — le-4
model test_top1 test_top5 e frainable layers: 0, 1, 2
resnet1s 0.4467833036 0.7631320357 _ . _
Then retrained each model with the best settings and evaluated both:
resnetid 0.4646862149 0. 76549278969
resnet50 0.5107220411 0.8170371652 e bestvalidation loss checkpoint
esnet101 0.5075742602 0.8101514578 e  best validation accuracy checkpoint
resnet152 0.5221325755 0.8152665496 Saved test accuracy, top-5 accuracy, confusion matrices, predictions, and continent accuracy for

both a best loss model and a best accuracy model.

" Augmented
Im.tlal AUGMSEe data with e Elie Weights Smoothing No Weights Moren
Experiments data dropout Drop Smoothing
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With Class Weights - Optuna Results

best val loss

learning_rate

weight decay

trainable layers

Best validation loss

(
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The previous optuna
suggested that one layer
was best. Which was
why only [0, 1, 2] was
tested.

In hindsight, trainable
layer setting 3 should
likely also have been
tested.

resnetl0l 1.8983 7.55e-04 le-06 1

resnetl52 1.8118 9.98e-04 le-05 2

resnet34 1.9447 1.23e-04 5e-05 2

resnet50 1.9145 3.95e-04 le-06 2
resnet50 smoothing 2.0483 2.32e-04 le-06 2

Optuna: trainable layers vs validation loss
resnet34 resnetso resnetl0l resnetls? resnet50 smoothing
4.0 ] I *:
354e . : 1e
- ]
3.0 g 1@ 4
[ ]
2.5
2.0 4 [ ]
0 1 2 0 1 2 0 1 2 0 1 2 0 1 2
Trainable layers Trainable layers Trainable layers Trainable layers Trainable layers
i Augmented
Initial Augmented gmen Crop and
: data with
Experiments data Drop
dropout

H Weights H Smoothing H No WeightsH

More
Smoothing

|
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With Class Weights - ResNet(18 + 34)

resnetls: loss

resnetld: accuracy

resnetl8: top-5 accuracy

11/06/2026 50

= Train 0.9 4 = Train 1.0
27 — validation o.p | — validation 0o
0.7 S 08
= 2
5 06 S 07
2 os Bl
2 o4 E. 0.6
03 2 05
= Train
02 o4 — validation
r r r " " 0.1 r " - - T . . T T T
5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
Epoch Epoch Epoch
resnet34: loss resnet34: accuracy resnet34: top-5 accuracy
4.0 — Tain 091 — wain
- —— Validation 0.8 { — Validation
0.7
> 06
€ o051
g oa-
0.3 4
0.2 1 ' — Tain
0.1 4 0.3 —_— v:;matlan
5 10 15 20 25 5 10 15 20 25 5 10 15 20 25
Epoch Epoch Epoch
" Augmented
Initial Augmented gmen Crop and : : : More
) data with Weights Smoothing No Weights ,
Experiments data dropout Drop Smoothing
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With Class Weights - Resnet 50

resnet50: loss

resnet50: accuracy
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resnet50: top-5 accuracy

= Train
i 1.0 - _
35 - Validation 1.0
0.9 4
0.8 - o
> S 0.8
© 0.6 - 0 0.7
3 o — o
¥ A 0.6
iy V.0
< 0.4 aQ
2 0.5 |
0.2 - SLaSECs 0.4 - —— Train
T T T T T Validation = Validation
10 20 30 40 50 T T . T . 0.3 A : : : , :
Epoch 10 20 30 40 =0 10 20 30 40 50
Epoch Epoch
" Augmented
Initial Augmented gmen Crop and : : : More
) data with Weights Smoothing No Weights ,
Experiments data dropout Drop Smoothing
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With Class Weights - ResNet(101+152)

resnet101: loss resnetl0l: accuracy resnetl01: top-5 accuracy
1.0 1
3.5 - — Train 1.0
= Validaticn 0.9 -
" 2 08
=, o
L =)
T 0.6 - 74
s E 0.7
2 0.6
0.4 - a3
2 05
0.2 4 — Train 0.4 4 = Train
’ — Vvalidation ’ — Validation
10 20 30 40 50 10 20 30 40 50 10 20 30 a0 50
Epoch Epoch Epoch
resnetls2: loss resnetl52: accuracy resnet152: top-5 accuracy
101 1.0 4
3.0 4 0.9
55 ] 08 . 0.9 5
p 2.0 1 — g 0.7 4 E 0.8 4
41 — valigation 35 061 3 07
& 05 - 'y
0 0.4 4 g o8-
031 0.3 4 — Train 0.5 - = Train
007 0.2 1 — Validation — validation
0 20 30 40 50 y y y y y y y Y y y
10 20 30 40 50 10 20 30 40 50
Epoch Epoch Epach
” Augmented
Initial Augmented gmen Crop and : : : More
) data with Weights Smoothing No Weights ,
Experiments data dropout Drop Smoothing
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With Class Weights - Accuracy for all RestNet

Validation accuracy by architecture

Validation top-5 accuracy by architecture

0.55 - 0.85 -
0.80 -
0.50 - .
= g 0.75
E 0.45 E '
0 % 0.70 4
9 0.40 - 0
g § 0.65 1
.-I: 0.35 = [
3 2 0.60 1
© 0.30 - —— resnetls S —— resnetl8
= = 0.55 A
resnet34 g . resnet34
0.25 - resnet50 resnet50
= resnetl0l 0.50 - = resnetl101
0.20 ~ = resnetls2 0.45 = resnetl52
1ID 2ID 3.0 4|u 5ru 10 20 30 40 50
Epoch Epoch
" Augmented
Initial Augmented gmen Crop and : : : More
) data with Weights Smoothing No Weights ,
Experiments data Drop Smoothing

dropout
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With Class Weights - Test Accuracy for all RestNet

Test Top-1 accuracy by model Test Top-5 accuracy by model

0.6 B Best loss — g
Q55T BN EBest accuracy — BESt 0ss
esl accurac
0.536 0.538 0525 0535 Y 0787 o2.826 0704 0.837 0.822 0.816 .80
0.5 0.8 - 0.775 0.782 : :
=23
s =
é 7 E 0.6 o
«
—
L 0.3 -
= a
7 2 0.4 1
0.2 4 7
&
0.1 - 0.2 -
0.0 -
o (4] oL i 0 -
‘eaﬂﬂﬁ mﬁﬂaﬁ e ﬁﬂeﬂe 50 5“‘{’0@“ >0 3h el 40 45 g
ﬂ'-c-"“es- {2511& 'E‘“E .{EE""'E" E,'ﬁet mgﬂm
a&f‘eﬁﬁﬁ
" Augmented
Initial Augmented gmen Crop and : : : More
) data with Weights Smoothing No Weights ,
Experiments data Drop Smoothing

dropout
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With Class Weights - Conclusion

Test Top-1 accuracy by model From these results it is clear that when

B EBest loss

7 0557 m—pest accuracy training the the accuracy keeps increasing
0536 0208 0.525 0535 ) . . .
while loss quickly finds minima.

0.5 1 0.473 0.474
5 o4 The Crop and Drop did not experience
o3 this. But we did not do HP tuning on this,
” which maybe could explain the
= 02 differences.
0.1 4 .
However it could also be because Europe
0.0 is hard to learn which penatalizes the loss
Esne,ﬁ"' eﬁﬂeﬁ“ gﬁeﬂn‘x neﬂrﬁ Qnmm‘?:
‘ ‘ f‘* s (00" a lot.

" Augmented
ln'.t'al AUGMSEe data with Sl Elite Weights Smoothing No Weights More'
Experiments data dropout Drop Smoothing
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With Class Weights - Conclusion

resnet50: continent accuracy (best_loss) Here we see that using the best

06 validation loss checkpoint results in
S 051 relatively low average accuracy
Em across all continents compared to
‘g‘ 0.3 resnet50: continent accuracy (best_acc) Crop and Drop.
Q
% 0.2 . 07 _ _ _
S0, 8 06 Using the best validation accuracy
= . . .
00 S 054 checkpoint instead gives much better
e 2 o4 test accuracy for all continents
0‘@? o S 0.3
W < g except Europe.
Continent € 02
= 01 This suggests that the weighted loss
0.0- may no longer be a reliable metric
?s{\(? P‘E}a a@(*.*@ a{\{"% ei\'*‘-'a iﬂ‘?‘e .
o O o for selecting the best model.
oF
Continent

" Augmented
ln'.t'al AUGMSEe data with Sl Elite Weights Smoothing No Weights More'
Experiments data dropout Drop Smoothing
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Smoothing with ResNet50

Added smoothing by using cluster

(k=15) as explained in slide X.

Optuna was run like with the weights

resnet50 with smoothing: loss

4.0 1 = Train
= ‘falidation

Accuracy

|

Initial

Augmented Augmeqted
) data with
Experiments data
dropout

H

resnet50 with smoothing: accuracy

= Train

11/06/2026 57

ResNet50

Test Accuracy
Top 1 Top 5
0.525 0.816

resnet50 with smoothing: top-5 accuracy
1.0 -

—— Validation 0.9 -
> 0.8
o
S5 0.7 -
o
o
© 0.6 -
L
2 0.5 -
2
0.4 -
— Train
0.3 1 —— Validation
5 10 15 20 25 30 5 10 15 20 25 30
Epoch Epoch
Crop and . : : More
P Weights Smoothing No Weights :
Drop Smoothing
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Smoothing with ResNet50 - weights vs smoothing

resnet50: continent accuracy (best_loss) resnet50 with smoothing: continent accuracy (best_loss)

o 0.6 - . 0.7 _
5 . Here it becomes
3 3 os | obvious that when
S 041 > o4l using weights the best
<€ 03- S ., loss model does not
S . S predict as well.
% % 0.2 1 . .
2 0 g Also using smoothing
oo ﬂ'ﬂ does not change the
. - R s results a lot from
T @ using Crop_and_Drop
‘.}G ;:Du
Continent Continent

" Augmented
ln'.t'al AUGMSEe data with Shp e Weights Smoothing No Weights More'
Experiments data dropout Drop Smoothing
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Removing Weights - Initial
- Back to the crop-and-drop model

- Used hyperparameters from the previous
grid search.

- Validation accuracy continued improving
despite increasing validation loss.

- This suggests that the effect may not
only be caused by class weights, but
also by dataset imbalance and some
classes overfitting earlier than others.

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 59

ResMet50 crop-drop: loss

= Train

3.0 1 = Validation

0 20 40 &l 80
Epoch

ResNet50 crop-drop: accuracy

0.3 7 = Train
0.2 - = \alidation

0 20 40 60 80 100
Epoch

100

Mean country accuracy
2 =2 =2 =2 = 9 o
ot LY wr i un L= -

=
=1

ResNet50
Test Accuracy

Top 1 Top 5

0.518 0.817

ResMNet50 crop-drop: continent accuracy (best_loss)

\5__5 gﬁ&'& ?g_'b .@3 -\.-_,‘b G';F.

ﬂo&‘ @?&é d
o°

Continent

" Augmented
ln'.t'al AUGMSEe data with S e Weights Smoothing No Weights More'
Experiments data dropout Drop Smoothing
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Removing Weights - HP tuning

ResNet50
Test Accuracy
HP tuning with optuna for Top 1 Top 5
Re§Net5O and ResNet 101 0.499 0.804
8 trials of 15 epoch
Training with 50 epoch and
early stopping 8
experment model checkpoint_type test top1 test top5 leaming_rate weight_decay trainable_layers
basaline resnetso best_loss 0.4983179671 0.5046429157 0.0008449129418 5.00E-06 1
baseline resnets0 best_acc 0.5453472137 0.8235294223 0.0008449129418 5.00E-06 1
baseline resnet101 best loss 0.5374T7B509 0.8310053349 0.0004069368009 5.00E-05 3
baseline resnet101 best acc 0.5508558154 0.8347432813 0.0004069368009 5.00E-05 3
" Augmented l [ l [ l [ l [
Initial Augmented : Crop and . : : More
Expernments data data with Drop Weights Smoothing No Weights Smoothing }

dropout
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Removing Weights - HP tuning Results ResNet50 | gesnetso

Test Accuracy
resnet50_baseline_final: loss

3.5 — Tain Top 1 Top 5
The results suggests that the hyperparameter - — validation
search should have been better. However the 25 DAt DLEDR

0 2.0 -

search was limited due to compute constraints. 2
[ [ [ [ [ 1-5‘
Earlier experiments with class weights requireda .

large amount of compute resources, which 0s{ | | | | o4 Eonet50_baseline final: top-5 accuracy
reduced the remaining budget for further tuning. ’ C pech 500
Validation accuracy again continued improving | resnets0_baseline_fnal:accuracy é :
while validation loss increased. s ]z | 7 08
This suggests that the mismatch between loss 206 . — vatdaton
and accuracy may not only be caused by class S 0 5 : o s
weights, but could also be related to dataset o e
imbalance and uneven learning across classes. 021 | | | |

5 : 1 5

Epoch

" Augmented
Im.tlal AUGMSEe data with e Elie Weights Smoothing No Weights Moren
Experiments data dropout Drop Smoothing
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Removing Weights - HP tuning Results ResNet101 | gesnetto1

o resnetl01_baseline_final_best_loss: continent accuracy

resnetl01l baseline_final: loss

3.5 - = Train 0.8 4

= Validation
3.0 4

2.5+
i 2.0 4
1.5 4
1.0 4

0.5 1

Accuracy
= &
La k-

0.0 1 1 . 004

0 5 10 15 20
Epoch

resnetl0l_baseline_final: accuracy

— Train
—— Validation

Accuracy
2
&h

=
I
Top-5 Accuracy

II] I5 IID 1I5 ZII'.'I
Epoch

LU

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 62

Test Accuracy

Top 1 Top 5
0.537 0.831
T - Here the accuracy improved
' - The HP search was properly better
resnet101_baseline_final: top-5 accuracy - Validation accuracy again continued
1.0 4 . . . . . .
0o - improving while validation loss increased.
0.8 -
0.7
0.6 -
0.5
— Train
0.4 1 —— validation
I:III _';r llﬂ ll5 ZIIJ

Epoch

|

" Augmented
ln'.t'al AUGMSEe data with S e Weights Smoothing No Weights More.
Experiments data dropout Drop Smoothing

|
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Trying Smoothing again

Different prob and Clusters

Did not improve

- Maybe not the best to use clusters. Another experiment could be to for each country smooth with
the 3 closest countries (it seems like too many countries becomes a problem)

Model

ResNet50

ResNet50

ResNet50

ResNet50

Cluster k

30

30

15

15
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Correct Prob Test top 1
0.9 0.486
0.8 0.509
0.9 0.525
0.8 0.486

Cluster 15 and 30 made from temp and geo data

[

Initial
Experiments

data

Augmented }{

Augmented
data with
dropout

Il

Crop and

Drop

Testtop 5
0.790
0.789
0.816

0.785

: : : More
H Weights H Smoothing HNO WelghtsH Smoothing

|
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What have we learned from these “experiments”

Findings

> The best performing model was the crop-and-drop ResNet50 model with
initial HP and the tuned ResNet50 model with weights (not loop).

Dataset imbalance appears to affect training significantly.

Some countries may begin overfitting earlier than others, causing validation
loss to increase while validation accuracy still improves.

> Hyperparameter optimization was important before comparing models fairly.

vy

Class weights

\

Adding higher weights to Europe did not improve performance.

> This may be because Europe was already difficult to predict, causing the
optimization to focus too strongly on those classes.

The chosen weight value (1.5) may also have been too large.

Different weighting strategies could still be explored further.

A\l

v

Label smoothing

> Cluster-based label smoothing did not improve performance.

> One possible issue is that some clusters contained too many countries,
weakening the learning signal.

> A potentially better approach could be smoothing each country only toward
its 2—3 closest neighboring countries.

Dataset limitations

>

While the model is far from perfect, a top-1 accuracy
around 0.5 is still substantially better than random
guessing across 85 countries.

The dataset may simply be too imbalanced to
achieve much higher performance.

The training images mainly consisted of road scenes
and may not have been diverse enough.

Cars and road infrastructure may therefore have had
a strong influence on predictions.

Future work

>

v

v

Explore alternative weighting strategies and smaller
class weights.

Use geographically nearest-neighbor smoothing
instead of large clusters.

Improve dataset balance and image diversity.
Investigate how much cars and road-specific
features influence predictions.
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What have we learned from these “experiments”

Workflow reflections

vV

It was important to save all experiments and intermediate results.

Earlier models needed to be revisited several times, which was only possible because
checkpoints, histories, and evaluation files had been stored systematically.

Some expensive compute usage could likely have been avoided with a clearer
experimental plan and by testing potential issues earlier in the process.

A large amount of compute was spent on experiments with class weights and
smoothing before it became clear that the main issue might instead be related to
dataset imbalance and the relationship between validation loss and validation
accuracy.

Additional compute units could probably also have been saved by not optimizing all
ResNet architectures in parallel from the beginning.

A potentially better workflow would have been to focus primarily on ResNet50 first,
understand the optimization behavior and training dynamics, and then later extend the
workflow to the remaining architectures.

11/06/2026
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Why cluster countries?

Country level classification is difficult because many countries can look visually siimiar.

Instead of predicting 85 individual countries, we grouped countries into broader labels based
on metadata,

Here:

e Temperature only
o Average January temperature
o Average July temperature

e Climate/geography
o Average January temperature
o Average July temperature
o Absolute Latitude (Because distance from the equator is more relevant for climates

structure than north/south direction)
o Longitude

This reduces the number of classes and allows us to test whether regional climate/geography
structure is easier for the CNN to learn.

66
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How the clusters were made

We used country-level metadata for each of the 85 countries
Two feature sets were compared:

o Temperature only: Average January and July temperature

o Climate/geography: Average January temperature, July temperature, absolute latitude

and longitude

Latitude was converted to absolute latitude, because distance from the equator is more
relevant for climate than weather a country is north or south
Features were standardized before KMeans, so one feature did not dominate only
because of its scale

Meta data was used only to group countries into cluster labels

The CNN did not receive latitude, longitude or temperature as input

The model only saw images

Therefore, good cluster performance means that visual image features contain information
related to climate/geography
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Elbow method / choosing K

The elbow plot was used as a guideline for choosing the number of clusters.

For temperature only clustering, the curve flattens quite early. This suggest that a smaller
value of (K) could probably have been sufficient, because the data only constraints two
features; Jan and july temp.

However we still used (K=15) for temperature-only clustering in the comparison, because the

main climate/geography model was
also tested with (K=15). This made the Elbow method for cluster choices
comparison between the two label ool | o Rmiertaromr
systems more controlled.

So, one limitation is that temperature-
only clustering might have been better
evaluated with fewer clusters. But for
our main comparison, we kept (K) fixed 50
to focus on the effect of adding

geography °

100

Inertia / SSE

5 10 15 20 25 30 35 40
MNumber of clusters, K
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Temperature-only cluster size overview

COPENHAGEN
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Countries clustered using only January and July temperature. The plot shows the size of each
cluster, while the overview on the right shows which countries are assigned to each group.

The cluster
sizes are
uneven,
some temp.
Patterns are
shared by
many
countries,
while others
are more
specific.

Number of countries

Cluster sizes: Temperature-only K=15 clusters
12

12

10 -

1 2 3 4 5 6 7 8 9 101112 1314 15
Cluster ID

Cluster overview

1: AL, ES, IL, T, JO, JP, ME
PT

2. CO, EC, KE, MX

3: AE, OM, QA

4: EE, FI, LT, Lv, NO, PL, RU
SE

5: AR, BW, MG, 5Z, UY, ZA

6: BD, GR, IN, LB, MT, TN

7: DO, GH, 1D, KH, LA, MY, NG
PA, PH, 5G, SN, TH

8: AU, CL, LS, NZ

o

9: BE, BT, CH, DE, DK, FR, IE
LU, NL, UK

10: AT, BG, HR, HU, 51, 5K, UA

11: CA, KZ, MN

12: BO

13:15

14: BR, GT, PE, RW, UG

15: KG, KR, MK, RO, RS, TR, US
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Temperature only clusters in feature space
Each point represents one country. The color indicates the assigned temperature-only cluster.
Countries with similar seasonal temperature patterns are grouped together, even if they are
geographically far apart

Temperature-only clusters for K = 15 Cluster overview

15
o O
A _ 1: AL, ES, IL, IT, JO, JP, ME 9: BE, BT, CH. DE, DK, FR, IE
35 ® 14 PT O " NL Uk
L
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o _ - 12
— 30
= o o 11
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= ® 000 @ ®
S 25 00 © o8 . 10
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Climate/geography cluster size overview

Countries clustered using latitude, longitude, Jan.- and July temp. The plot shows the size of
each cluster, while the overview on the right shows which countries are assigned for each

group.

Adding i o et |
geographic o Climate/geography cluster sizes for K = 15 Cluster overview
information 18 ® 1.0, KH, LA, MY, PH, SG, TH © 9 AE, BD, IN, OM, QA
17.5 1
Chang.eS the o T g HRH0. KG MK RO ® 10:KZ MN
15.0 1
groupmgdt .E @ 3:BW, LS, MG,SZ ZA @ 11:CA US
compared 1o =
5 1257 - @ 4 AR, BO, CL, UY ® 12:AU,NZ
temp.-only o 1
. - 10.0 - 5: BE, CH, DE, DK, EE, FI, FR
ClUSte rlng_ o 0 ] IPEL' IELILTS,ELUI:'EI.I’. NL, NO ® 13 KE, RW, UG
T.he ClUSter. % 7.5 l o Sutmror o8 @ 14:BT,JP. KR
sizes are still > = .
2 50- @ 7:GH, NG, SN © 15:DO, PA
uneven.
55 2 © 8:BR, CO, EC, GT, MX, PE
0.0 - I T T

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Cluster ID



Average temperature in July (°C)

UNIVERSITY OF COPENHAGEN

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff

Climate/geography only clusters in feature space

Each point is still plotted by Jan and July temperature, but the clusters were created using
both temp. and geography. This means countries with similar temperatures can now belong to
different clusters if they differ in latitude or longitude.

Climate/geography clusters for K = 15
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Cluster ID
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Cluster overview

1: 1D, KH, LA, MY, PH, 5G, TH

2: AT, BG, HR, HU, KG, MK, RO
RS, 51, 5K, TR, UA

3. BW, LS, MG, SZ, ZA

4: AR, BO, CL, UY

5: BE, CH, DE, DK, EE, FI, FR
IE, IS, LT, LU, LV, NL, NO
PL, RU, 5E, UK

6: AL, ES, GR, IL, IT, O, LB
ME, MT, PT, TN

7: GH, NG, 5N

8: BR, CO, EC, GT, MX, PE

@ 9: AE, BD, IN, OM, QA

@ 10: KZ MN

@ 11:CA US

@ 12: AU, NZ

@ 13:KE, RW, UG

@ 14:BT, )P, KR

@ 15: DO, PA
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Uneven cluster size overview

The cluster size plots show how many countries are assigned to each cluster.

Uneven cluster sizes are important because large clusters may constrain more countries and more
visual variation, while small clusters may be more specific but less representative.

This also means that larger clusters may dominate the training loss -> smaller clusters can be
harder to learn and may have lower recall/F1-score. This is why we also compare F1 score and, not
only accuracy.
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Comparing clustering
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Silhouette score for cluster label systems

Silhouette score is used to measure
how well separated the clusters are. It
compares how close each country is to

A higher score indicates more compact
and better separated clusters. The
temperature-only clustering obtains
the highest silhouette score,
suggesting that countries are more
clearly separated when only January
and July temperatures are used.
However, the climate/geography
clusters may still be more meaningful
for image classification, because they
also include spatial information through
latitude and longitide

Silhouette score for existing cluster labels

Temperature-only K=15 0.483

Climate/geography K=20 0.462

Climate/geography K=15 0.448

Climate/geography K=30

0.0 0.1 0.2 0.3 0.4 0.5
Silhouette score
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Comparing clustering
Silhouette score comparison

Higher score = more compact Silhouette score comparison
0.6-

and clearly separated clusters

0-5- 0.483

0.4 -

0.448

Temp only > Climate/geography

Meaning that the temperature-

Silhouette score
o
L

0.2
only is more separated, which
can might be because there’s o4
less features to assign, and it 0.0

Temperature-only Climate/geography

does not necessarily make it
better.
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Cluster - Agreement with climate/geography K=15

ARI and NMI

ARI and NMI compare how similar two cluster label systems are. Here, the
climate/geography clustering with K=16 is used as the reference and compared with

the other clusterings.

ARI measures exact
agreement in how countries
are assigned to clusters,
adjusted for random
agreement. NMI| measures
how much information the two
clusterings share.

Agreement with climate/geography K=15

1.01 =3 aRI 0.934

Climate/geocgraphy K=15 Climate/geography K=15 Climate/geocgraphy K=15

Vs Vs VS
Temperature-only K=15 Climate/geography K=20 Climate/geography K=30



!". UNIVERSITY OF COPENHAGEN

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 77

Cluster - Agreement with climate/geography K=15

ARI and NMI

The climate/geography K=20 clustering has the strongest agreement with K=15 which
is expected because both are based on the same climate/geography features. The
temperature only clustering has lower

ARI but still relatively high
NMI, meaning that
temperature explains part of
the structure, but does not
give exactly the same country
groupings.

Agreement with climate/geography K=15

1.01 =3 aRI 0.934

Climate/geocgraphy K=15 Climate/geography K=15 Climate/geocgraphy K=15
Vs Vs VS
Temperature-only K=15 Climate/geography K=20 Climate/geography K=30
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Cluster for K=30

Climate/geography clusters for K = 30
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Cluster overview
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Cluster for K=20

Climate/geography clusters for K = 20
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Cluster overview

20
19
® 1 KZ MN
18
17 @® 2:GH, NG, SN
16
15 @ 3 BW,LS, MG, 5Z. ZA
14 @ 4 BE. CH,DE DK FR, IE, LU
13 NL, UK
120 @ 5 CO EC
11 5
b @ 6 ALESGRILITJO, LB
10 4 ME, MT, PT, TN
9 O
. © 7:1D, KH, LA, MY, PH, 5G, TH
7 © 8 AU, NZ
6
5 @ 9 BDIN
4
5 @ 10:BT
2
1

o]

11: EE, FI, IS, LT, LV, NO, PL
RU, SE

12: AT, BG, HR, HU, MK, RO, RS
51, SK, TR, UA

13: DO, PA

14: AR, CL, UY

15: |P, KG, KR

16: KE, RW, UG

17: CA, US

18: BR, GT, MX, PE

19: BO

20: AE, OM, QA
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Overvies of cluster models

Different bbales systems used for ResNet-34 training

All the models use ResNet-34
and take images as input.

The difference is how the OUtpUt Comparison of cluster label systems
labels are defined Lo oo TPl . TopS Jors
K: number of clusters/classes = b oss
Two different cluster methods 0.8
Optuna: optimized training -
hyperparameters g
]
< 0.4
0.2
0.0

Climate/geo Climate/geo Climate/geo Temp-only  Optuna climate/geo
K=15 K=20 K=30 K=15 baseline K=15
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Confusion matrix: climate/geography clusters

Confusion matrix for
climate/geography
For the K=30 model

F 300

250

Most predictions lie on the diagonal,
showing that the model generally
predicts the correct cluster.

The off-diagonal cells indicate
remaining confusion between some
clusters.

200

True cluster
umber of images

15:1]'Z

Takeaway: The cluster model works
overall, but not all clusters are
equally separable

100

50

=T T o T L SR ¥ o T = T o - = T - = O & it D A DL = T N = O - T — T N~ O . TR - SO ¥ o T = N o S - ~ N =
ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Pradicrterd cliicter



.f UMIVERSITY OF COPENHAGEN August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 82

Hyperparameter optimization with Optuna

Optuna was used to tune the ResNet34 climate/geography (K=15) model. The objective was to maximize
validation Top-1 accuracy. The search tested combination of learning rate, dropout, optimizer, weight
decay and whether to freeze the backbone. The best complete trial reached validation Top-1 accuracy
(=0.681). This optimized model was used for the final cluster based evaluation.

Best Optuna hyperparameters Optuna search performance

0.8 -
ResNet34 climate/geography K=15
0.7 best = 0.681
Quantity Value o @ ® ot 0
© &
Best trial type Best complete trial a 0.6 1
Trial number 9 ®
: - ~ 0.5 4
Validation Top-1 0.6810 g_ '
State COMPLETE E v
0.4 1
batch size 32 E @
]
dropout 0.4951 2 03
freeze backbone False g ® Complete
$ Pruned 8
Ir 3.39¢-05 021 @ Best % 8
optimizer Adamw | | | ! ! ! ! | | |
weight decay 1.31e-04 0 1 2 3 4 = 6 7 8 9

Trial



o, UNIVERSITY OF COPENHAGEN August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 83

Training curves for optimized cluster

model

The optimized ResNet34 climate/geography (K=15) model
improves during training. Top-1 validation accuracy increases

and then kind of stabilizes, while Top-5 accuracy becomes very

high.
The training loss continues to decrease, while validation loss
levels off, indicating some overfitting but stable validation

performance.
ResNet34 climate/geo K=15 optimized: Top-1

1.0 4
== Train Top-1
0gd = Val Top-1
@ 0.6
< 0.
-
o
O 0.4 4
<<
0.2 1
DD T T T T T
2 4 6 8 10

Loss

ResNet34 climate/geo K=15 optimized: Top-5

1.0 A
0.8 1
=
© 0.6 -
_
S
9
b 0.4 1
0.2 4 == Train Top-5
—— Val Top-5
ﬁrﬁ | I I | |
2 4 6 8 10

Epoch

ResNet34 climate/geo K=15 optimized: loss

2.5 1

2.0 1

1.5 1

1.0

0.5 1

= Train l0ss
e \fal loss
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F1-score per cluster
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The optimized climate/geogrpagy K=15 model does not perform equally well across all clusters. Most
clusters have relatively high F1-sores, but a few clusters are noticeably lower. This suggest that some
clusters are more visually coherent, while others constrain countries that are harder to separate. Ex.

USA/Canda cluster may score lower because it’s visually very diverse.

Lo ResNet34 climate/geography K=15: Fl-score

0.80
0.8 - 0.76

0.73 0.71 0.§3 0.72 0.71 oo

0.74

0.69

0.62

Fl-score
=
oh

o
Y
1

0.2 5

0.0 -

] ]
5 6 7 8 9 10 11 12 13 14
Cluster

Cluster overview

0: ID, KH, LA, MY, PH, SG, TH o
1: AT, BG, HR, HU, KG, MK, RO °
RS, 51, SK, TR, UA
2: BW, LS, MG, SZ, ZA ®
3: AR, BO, CL, UY ®
4: BE, CH, DE, DK, EE, FI, FR
IE, IS, LT, LU, LV, NL, NO ™
PL, RU, SE, UK
5: AL, ES, GR, IL, IT, JO, LB
ME, MT, PT, TN ®
6: GH, NG, SN o)

7: BR, CO, EC, GT, MX, PE

8: AE, BD, IN, OM, QA

9: KZ, MN

10: CA, US

11: AU, NZ

12: KE, RW, UG

13: BT, JP, KR

14: DO, PA
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Cluster

Lowest 5 clusters by accuracy

e Several low performing clusters Lowest 5 K=15 clusters by accuracy
contain countries that were also hard Cluster 1

Austria, Bulgaria, Croatia, Hungary,

0.500

individually A evakia, Sioventa, Turkey, Ukraing
] ] . Argentina, Bolivia, Chile,cl-.:rl:ll.f;irai 0.594
e E.g. Croatia, Slovakia, Brazil, and
. cl
Mexico Brazil, Colombia, Ecuador, Guatemala, I*::;?;cz 1 0.615
Peru
. . Cluster 13 0.618
e Larger or visually diverse lusters are Bhutan, Japan. South Korea
harder for the CNN to learn Cluster 10 0.667
Canada, USA
0.0 0.2 0.4 0.6 0.8 1.0

e Some country-level difficulties
disappear when countries are
grouped into broader regions

Cluster accuracy / recall



-? UNIVERSITY OF COPENHAGEN

Cluster

Best 5 performing clusters

e Several high performing clusters
contain countries that were also
easier in the country level model

e Eg. Mongolia, Ghana, Senegal,
Bangladesh, India and Qatar

e Broader clusters labels can be
easier than exact country prediction

August Baggersen Hilger, Catrine Trudslev og Emma Kirchhoff 11/06/2026 86

Top 5 K=15 clusters by accuracy

Cluster 9
Kazakhstan, Mongolia

Cluster 11 |
Australia, New Zealand 0.833

0.885

Cluster 6 0.812

Cluster 5

Albania, Greece, Israel, Italy, Jordan, | 0.744
Lebanon, Malta, Montenegro, Portugal, Spain,
Tunisia
Cluster 8

Bangladesh, India, Oman, Qatar, United Arab - 0.741
Emirates

0.0 0.2 0.4 0.6 0.8 1.0

Cluster accuracy / recall
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Cluster - Conclusion

Overall, the clustering approach reduces the complexity of the classification task by
grouping countries according to climate and geographical similarity. The
temperature-only clusters are slightly more compact in metadata sace according to
the silhouette score, while the climate/geography clusters provide more regional
structure.

The final comparison is therefore based on mainly on CNN performance, especially
validation accuracy, Top-1 accuracy, F1-score and confusion matrices. Since the
cluster based model performs better than the original country level model, this
suggest that climate/geography based labels provide a useful structure for image
classification.

However, the clustering is still based on simplified country level averages. For
example, large countries such as the USA can contain very different landscapes,
climates and visual environments, which may not be well represented by a single
average temperature or coordinate value

87
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Cluster - Future work

A possible improvement would be to include more detailed country metadata, such
as precipitation, vegetation, elevation and regional climate variation. This could
make the clusters more visually meaningful and potentially improve classification
performance.
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Dataset pollution: Car artefacts Rwanda
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Patch importance

Which patches are most important

Each validation image was divided into smaller patches

One patch was removed/occluded at a time

The model prediction was computed again

Patch importance was defined as the change in confidence for the
predicted class

e A large drop in confidence means that the patch contained information
the model relied on

Important: Patch importance does not prove that the model “understands” the
object or scene. It only shows which image regions affect the model’s
confidence.
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Patch importance
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Which patches are most important

e Computed across (N=1000)
validation images

e Each image was divided
into patches

e One acth was removed ata <
time T
e Importance = how much the 5
rendition confidence E

changed

e The most important patches
are mainly in the central
part of the image

Global image feature ranking, N = 1000

patch (2,3)
patch (5,3)
patch (1,3)
patch (2,4)
patch (4,3)
patch (2,2)
patch (3,3)
patch (3,2)
patch (1,4)
patch (5,4)
patch (3,4)
patch (6,3)
patch (4,4)
patch (1,2)
patch (2,5)
patch (5,2)
patch (4,2)
patch (6,4)
patch (3,5)
patch (2,1)

1 I 1 I 1 I I
0.00 0.02 0.04 0.06 0.08 0.10 0.12
Mean absolute importance
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Patch importance

e \We see the most important patches are

malnly located near the center of the Global patch importance with values, N = 1000

image

e This may reflect useful visual * A | 012
information: : 011 g
o Road type &
o Lane markings 2 o §
o Vegetation ° 0.09 E
o Building signs S’ 51082

e But it may also reflect dataset/image ~ g 8
composition bias -

e GeoGuessr images often place the 2 0.06 =

roand and horizon near the center 0.05

0 1 7 3 4 5 6
Patch column
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Example of patch analysis

Mexico | true cluster 8 | pred cluster 8
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Original Patch importance

0.01

0.00

0.00

0.02

0.03

Patch row
(@)} w NN w N — o

0.00

0.03

0.07

0.14

0.08

0.02 0.06 0.07
0.00 0.04 0.03

0.15 0.24 0.09

0.35 ﬂ 0.19

0.01

0.01

0.04

0.05

0.12 R ﬁ 0.02

2 4
Patch col

0.01 0.03 0.03 0.03 0.01 0.01 0.00

0.01 0.01 0.09 0.19 0.24 0.06 0.06

0.01

0.01

0.02

0.00

0.02

Overlay + patch IDs

\

’ 11 12'73]714 15’16

2,0

30 { 3,1 3,2 | E} 341 35 | 3,6

4,0 - 4, , : , 4,6

5,6

6,0 | 61 i y ) ' 6,6

For correct predictions, important patches may correspond to meaningful
location cues..
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Example of patch analysis

Bolivia | true cluster 4 | pred cluster 8

Original

IDs

7 =

0 4031 PN 0.07 0.07 0.16 0.16 0,61
1 0.220.13 0.15 JErN 0.26 1,30¥1,4 15| 16
I’___. DA
(;3 2 0.05 0.07 0.11 0.08 JUELY 0.24 B 2.5
.
L 3 2 0.03 0.04 ; 0.11 0.22
9
4+
© 4 0.04 [0.25
(a1
3 0.15 0.18 0.22
6
0 2 4 6
Patch col

For incorrect preditcions, the model may rely on misleading or generaric
visual features
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Example of patch analysis

Denmark | true cluster 5 | pred cluster 5

Original Patch importance Overlay + patch IDs

[Fe=—————._ .

0.01 0.08 0.01 0.09

03] 04 05
;

130 1,4 | 151

0.10 0.07 0.03

016 m 002

0.18 408017

0.11 020 W]

Patch row
(@) w BN w N — o

0.15 0.19 0.08

Patch col
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Patches future work

It might be interesting to compare patch maps for correct and incorrect
predictions. If an incorrect prediction relies on sky or generic road texture,
it may indicate that model is using weak or misleading cues
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Additional experiment with black box

resnet50 cut_black box final: accuracy

— Train
i B Validation

T T T T T

0 5 10 15 20
Epoch
resnet50_cut_black _box_final: loss resnet50_cut_black_box_final: top-5 accuracy
= Train
3.0 1 —— Validation 0.9 -

o
@
1

Top-5 Accuracy
o =1
(=11 =l

= Train
—— Validation

o
in
1

T T

0 5 10 15 20
Epoch Epoch

97

ResNet50

Test Accuracy
Top 1 Top 5
0.502 0.813

The HP’s was retuned from the
last drop and crop results

resnet50 cut_black_box_final_best loss: continent accuracy
1.0 -

0.8 1

i e ] ] ®
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