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IPEO course - 3 image classification (SVM)
6 November 2025

Content (6 weeks)

= W1 General concepts of image classification / segmentation
Traditional supervised classification methods (RF)

= W2 Traditional supervised classification methods (SVM)
Best practices

= W3 Elements of neural networks

= W4 Convolutional neural networks

= W5 Convolutional neural networks for semantic segmentation
= W6 Sequence modeling, change detection

D. Tuia. ECEO N
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- 4d: semantic segmentation

IPEO course
6 November 2025

What we saw so far is not enough for pixel
classification (or semantic segmentation)

= The classifiers so far predict one value per patch
= Usually we want one prediction per pixel

—_
Semantic labeling ‘

-
Patch
classification

= First DL models were predicting patch by patch and sliding through
the image

D. Tuia. ECEO w
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IPEO course - 4d: semantic segmentation
6 November 2025

'S

Patch sliding was a

D. Tuia. ECEO

bit slow...
[Volpi and Tuia, IEEE TGRS, 2017]
» Prediction time at __CNN-PC__ CNN-SPL CNN-FPL
test was very slow time (s/image)(2768 (1360.6") ) 1.8 6.2

T Inference time with-stride 2

= Prediction was also ambiguous. When sliding a few pixels...

Expected prediction: Expected prediction:
animal ground |




=PrL

IPEO course - 4d: semantic segmentation
6 November 2025

New models surfaced, made
for pixel classification
(semantic segmentation)

Downsampling Fully connected
and classification

|
&
] 0.90 |l building
B 0.01 | grass
- [. —) ] —> 0.03 |l tree

| 0.04 J car

B [ | 0.02[ ] street
[ |
[ |
|

(a) Image classification

Downsampling Upsampling
and classification

TN

)
-

(b) Semantic segmentation

D. Tuia, D. Marcos, K. Schindler, and B. Le Saux. Deep learning-based semantic segmentation in remote sensing. In Deep learning for Earth
Sciences - A comprehensive approach to remote sensing, climate science and geosciences. Wiley, 2021.

[4)]
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=PrL - Semantic segmentation models
usually have 2 steps

= 1. Encoder > Compresses information in features semantically interesting

(= good for classification)
= They summarize the image content, but you lose spatial detail (activations are coarse spatially)
= Often CNN as those we saw last week

= 2. Decoder
= Retrieves spatial details often by oversampling (either hardcoded or learned)

Input Downsampling Upsampling Prediction

M

|

IPEO course - 4d: semantic segmentation
AR

6 November 2025
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IPEO course - 4d: semantic segmentation
6 November 2025

Hard-coded decoding:

hypercolumns

Upsample your features
to the original resolution

Learn a per pixel classifier
on the resulting datacube
(an MLP)

INPUT IMAGE

Activations

Conv1+BN+RelLU Activations o

Activations
I Conv2+
BN+ReLU

Conv3+
BN+ReLU

PER
PIXEL
CLASSIFIER

-
iﬁ

SEGMENTATION

~

D. Tuia. ECEO

D. Marcos, M. Volpi, B. Kellenberger, and D. Tuia. Land cover mapping at very high resolution with rotation equivariant CNNs: towards small yet accurate

models. ISPRS J. Int. Soc. Photo. Remote Sens., 145(A):96—107, 2018.
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IPEO course - 4d: semantic segmentation
6 November 2025

Another view on
hypercolumns

Image Activations Activations Activations Activations Activations Activations
1 2 3 4 5 6
i D> » » » » »
4 RotEqNet RotEqNet RotEqNet RotEqNet RotEgNet RotEqNet
filters filters filters filters filters filters

Upscale

Concatenate

® O -
SN S>> " Y
O o0
\"Y .,
Fully connected Semantic labels
Stack of Ia
i yers
activations

®
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IPEO course - 4d: semantic segmentation
6 November 2025

Learned decoding:
U-Net

Stacking

PER
PIXEL
CLASSIFIER

Y

-
-

Activations
Activations
Conv1+BN+RelU|

SEGMENTATION

Conv1+BN+RelU|

INPUT IMAGE

Stacking

D. Tuia, D. Marcos, K. Schindler, and B. Le Saux. Deep learning-based semantic segmentation in remote sensing. In Deep learning for Earth
Sciences - A comprehensive approach to remote sensing, climate science and geosciences. Wiley, 2021.

©
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=P*L How to ensure we

(S

have the details?
Nearest
. : Neighbor
Both models rely on upsampling upsampling
= [f you use traditional upsampling models
* Nearest neighbors (you copy the value to a k x k window) E ‘I
* Splines
» Bicubic interpolations
: : . Spli
= Your output will be smooth, and so the final output, Ug;r:np”ng
1 which is unsatisfactory. (ideliazed)
=K
E = 2 approaches are common.

6 November 2025
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IPEO course - 4d: semantic segmentation
6 November 2025

1. Learning the
upsampling

= The upsampling is also a place where one can learn parameters
leading to sharper maps!

» [nstead of using an existing interpolator, you learn its weights, so that
it leads to sharp maps. It’s backprop again!

—_
=

D. Tuia. ECEO
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IPEO course - 4d: semantic segmentation
6 November 2025

1. Transposed
convolutions

= We learn a filter that upsamples well.

» [t’'s another convolutional filter

» [nstead of summarising, it “de-summarizes”

= As an example, take a convolution (see course of last week):

Input Filter

= Convolutions downsample.

>

Convolution
(no padding, stride = 1)

Output

-
N

D. Tuia. ECEO



IPEO course - 4d: semantic segmentation
6 November 2025

1. Transposed
convolutions

= We learn a filter that upsamples well.

= |[t's another convolutional filter

» [nstead of summarising, it “de-summarizes”
= The t(convolution) does instead :

Output
Input Filter P

—
(]

D. Tuia. ECEO

+ >

t( convolution)
(no padding, stride = 1)
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IPEO course - 4d: semantic segmentation
6 November 2025

1. Transposed

convolution: how?
Input

Former activation map

(to be upsampled) ‘ O 1
213

Filter
415
6|7

1

The parameters of the filter
are to be learned as any other filter!

—
>

D. Tuia. ECEO



=PFL 1. Transposed
convolution: how?

egmentation

- 4d: semantic s
6 November 2025

IPEO course

-
(4]

D. Tuia. ECEO
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u 6 November 2025

1. Transposed
convolution: how?

Input

0

1

2

3

16
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u 6 November 2025

1. Transposed

convolution: how?
Input Filter
0f1 415
2 (3 6|7

0]0 415

olo| [+| |6|7|+]|8]10

12|14

17
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u 6 November 2025

1. Transposed
convolution: how?
Input Filter
0f1 415
2 (3 6|7
0]0 415
olo| [4| |6|7|+]|8][10] [|4]| [12[15
12114 18(21

18
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u 6 November 2025

1. Transposed
convolution: how?
Input Filter
01 415
2 (3 6|7
0]0 415
0]0 6|7 8 [10 12115
12114 18(21

28

22

12

32

21
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=P*L This is what launched the Fully
convolutional networks

“tabby cat”

ob.af _0

C ()ll\()lll(l()lldll/ Wwion

* tabby cat heatmap

\ Coarse map,

needs upsampling

IPEO course - 4d: semantic segmentation
6 November 2025

N
o

D. Tuia. ECEO



=P*L This is what launched the Fully
convolutional networks

“tabby cat”

ob.af _0

C ()ll\()lll(l()lldll/ Wwion

IPEO course - 4d: semantic segmentation

6 November 2025

N
=
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IPEO course - 4d: semantic segmentation
6 November 2025

2. Skip connections

= You might have noticed, both models re-inject the high res
information during decoding

= Usually via stacking

= This helps keeping a sharp response, since you re-inject features
before spatial pooling

= |[tis a key to the success of semantic segmentation models

N
N

D. Tuia. ECEO



EPFL

Is this stuff really
useful?

2-3 examples from the ECEO lab
current research

egmentation

- 4d: semantic s
6 November 2025

IPEO course




IPEO course - 4d: semantic segmentation
6 November 2025

They are easy to s| 994
But Anctartica is BIG!

g
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=PFL  Cryosphere: treasure
hunting for blue ice

D. Tuia

= We collected continental-
scale remote sensing data

Modis composite Modis mosaic Radar backscatter Elevation

ASe R A\ O : R
R . ~ : Py ~ o TN
N e s ; »

N, % ‘

\\\\\\\\

* Optical (MODIS)
« Rarar (RADARSAT)

. IS hana 2N Noisy labels
* Elevation MU pangy | normalized values E F
A«':“‘ R

» And learned a U-Net
network to predict blue ice
locations

IPEO course - 4d: semantic segmentation
6 November 2025
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IPEO course - 4d: semantic segmentation
6 November 2025

Cryosphere: treasure
hunting for blue ice

- Va2 e - .
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Tollenaar et al., Where the white continent is blue: deep learning locates bare ice in Antarctica.
Geophysical Research Letters, 51(3):e2023GL106285, 2024. hiips://agupubs.onlinelibrary.wiley.com/doi/epdf/10.1029/2023GL106285

N
[}

D. Tuia


https://agupubs.onlinelibrary.wiley.com/doi/epdf/10.1029/2023GL106285
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IPEO course - 4d: semantic segmentation
6 November 2025

Segmenting floating
plastics in the Oceans

Marine Debris Detector

input image » debris probability
i deep segmentation model
12x128x128 I 128x128
either
UNet model UNet++ model

dense connections

19p029p

M. RuBwurm, S. J. Venkatesa, and D.Tuia. Large-scale Detection of Marine Debris in Coastal Areas with Sentinel-2. iScience, 108402, 2023.
Available: https://www.sciencedirect.com/science/article/pii/S2589004223024793

N
N

D. Tuia, 2024


https://www.sciencedirect.com/science/article/pii/S2589004223024793
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IPEO course - 4d: semantic segmentation
6 November 2025

Prediction examples

Unet, Unet, RF,

Enhanced Mifdal Kikaki
dataset

Qualitative examples: https://marcrusswurm.users.earthengine.app/view/marinedebrisexplorer

N
®

D. Tuia, 2024



IPEO course - 4d: semantic segmentation
6 November 2025

Enabling scalable reef monitoring:
Open source, fast, large scale.

= A model that works on = Once trained, 3D reconstructs a 100m

videos, leveraging 2 tasks transect in playing video time

= Tested in Israel, Jordan, Eritrea and
Djibouti in 2022/2023/2025

( Depth & Pose Esﬂmm\ / RGB Point Cloud

/ Filming with Consumer-Grade Action Camera \

RGB Video Frames

Ego-Motion Video

J. Sauder, G. Banc-Prandi, A. Meibom, and D. Tuia. Scalable semantic 3d mapping of coral reefs with deep learning. Methods
in Ecology and Evolution, 2024. hiips://arxiv.org/abs/2309.12804

N
©

D. Tuia, 2024



https://arxiv.org/abs/2309.12804
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=PFL - Semantic
segmentation

<
N
o
N
8

jun ]
'_
a

» Unet with ResNeXt
backbone

» ~85% accurate in Jordanian
and Israeli reefs

IPEO course - 4d: semantic segmentation

o Unlaboled o ® Millepora Fish

§ B Massive Coral B Rubble B Dead Branching Coral Human

5 B Branching Coral B Dark B Dead Massive Coral B Background
g ©  Sand Sea Urchin B Dead Coral M Transect Line
(]

3

% J. Sauder, G. Banc-Prandi, A. Meibom, and D. Tuia. Scalable semantic 3d mapping of coral reefs with deep learning. Methods
- in Ecology and Evolution, 2024. hiips://arxiv.org/abs/2309.12804
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=PrL Mapping entire dive sites
(here:100m long)

D. Tuia

Dead Branching Coral
Dead Massive Coral
Dead Coral
Branching Coral
Massive Coral

Sand

Rock

Seagrass

Dark

Sea Urchin
Transect Line
Rubble

B EESS seminar
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B EESS seminar

DeepReefMap is consistent

®  Sand Branching Bleached = Pocillopora Alive ®  Millepora ®  Coral Alive ¥ Meandering Alive

®  Rubble ® Branching Dead ¥ Acropora Alive Turbinaria B Massive/Meandering Alive ® Meandering Dead

® Hard Substrate ® Branching Alive = Table Acropora Alive Coral Bleached ®  Massive/Meandering Dead Meandering Bleached
B ]

Algae Covered Substrate = Stylophora Alive

Table Acropora Dead ® Coral Dead Massive/Meandering Bleached Other Animal

-
=3
S

80

60

Benthic Cover (%)

20

Live Coral Cover (%)
g8 &8 8
i

T
N==53
8 ? — -
20 1 — :I;:
% ] =24 —t—
10 t =
— s == RS
0-—1-'..... e S T N S S S ———
55 55%58 5085%55 85885887 & 56§ 565 53505 0 ccoocooocooocoaodd
ANB8nFo FRNM P o T nolvo? - RE g m8R B 5 % QAR T 8ILRANILRAR

J. Sauder, G. Banc-Prandi, G. Perna, |. Souleiman, O. Shurhabil, M. Khalafallah, A. Meibom, and D. Tuia. Rapid consistent reef
surveys with Deepreefmap. Scientific Reports, in press.

5]
(4]
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B EESS seminar

How are the reefs of the Red Sea changing?

Preliminary data: live coral cover
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*PFL Summary - Semantic segmentation

= The technigues are still based on the same concepts, but focusing on
responses at the pixel level.

= Convnets are great and are now the state of the art in research and
industry.

= [n the NLP domain, the models called Transformers are becoming the
new standard, but in image semantic segmentation Convnets are still
more common.

= You are now familiarized with the concepts, but the best way of
mastering them is by doing!

IPEO course - 4d: semantic segmentation
6 November 2025
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