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Descriptive space Target space
Example 1 1 i TRUE 0.49 | 0.69 Yes
 Bample2 | 2 | FAISE | 008 | 007 | Yes
 Example3 | 1 FASE | 008 | 007 | No
 Bampled | 2 TRUE . 049 069 | Y
 bamples | 3 . TRUE | 049 | 060 | No
_bemples | a4 | P [ o008 | 007 | Y
Descriptive space Target space
Example 1 1 | TRUE | 049 | 069 068 | 060 | 391
Example2 | 2 FALSE | 008 | 007 | 056 | 099 | 759
Example3 | 1 FALSE | 008 | 007 | 010 | 169 | 757
Example4 | 2 | TRUE | o049 | o069 | 008 | 077 | 88
Examples | 3 TRUE | 049 | 1 069 | o011 | 351 | 250
Bermples | 4 | Pase | o008 | o007 | o043 | 210 809




THE RATIONALE FOR MULTI-TARGET PREDICTION

It makes sense to predict inter-related targets jointly
In weather forecasting, we have multiple tasks

* Predicting the outlook (sunny, overcast, rain): STC

* Predicting the temperature (in degrees Celsius): STR

* Predicting the weather: MTP
e Outlook
* Temperature
e Humidity
e Quantity of precipitation ...
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MULTI-LABEL CLASSIFICATION: The task and an example

Learning models that simultaneously predict several nominal/binary target variables
Input: A vector of descriptive variables’ values
Output: A vector of several binary targets’ values

Descriptive variables Target variables

%) © 3
5 g g% s
g |l s | @ sl8l2| <]zl s
s|els|s|8|s|s|S|&]5]8]3
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£ T O S =2 0 % & Q e = o © S =
o ® 2, xS ) /s > 3 7] = o £ T o S 2 =
ElE]l G| & S s|s|82|=|2|§l&l&|2|&|5]=
s le || = O 1 O SClo|o|a[=]°% <
ID1§ 0.66 ] 0.00] 040 | 1.46 ] 0.84 1 0 0 0 0 1 1 0 1 1 1 1 1 1
ID2§ 2.03]10.16 | 0.35 | 1.74 | 0.71 0 1 0 1 1 1 1 0 1 1 1 1 1 0
ID3 | 3.25]1 0.70 | 0.46 | 0.78 | 0.71 1 1 0 0 1 0 1 0 1 1 1 0 1 1




DERARTMENT OF

A DECISION TREE FOR rEchNOWLEDGE
MULTI-LABEL CLASSIFICATION

o yesT T no
K5Crs0- > 0.86 Cl > 0.22
— P
ves™ T~no ves” 1o
_,_,-f"-# v ‘---\""--\.__\_ ___,.-"'-. -\"""-.\_\_\_
- e _ - —_
Nitzschia pal. Cl > 0.35 C0Oz > 0.0 Rhyacophila sp.
Tubifex sp. _ N
yes lll_l\ Ves 11
Temperature > 2.55 Nitzsehia pal. Melosira var. C'ladophora sp.
Gammarus fo. Audouinella ch. Melosira var.
yes no Gammarus fo. Gammarus fo.
] 7 . Baetis rh. Hydropsyche sp.
Cladophora sp. Melosira var. Rhyacophila sp.
Oedogonium sp. Nitzschia pal.
Nitzschia pal. Gammarus fo.

Erpobdella oc. Huydropsyche sp.
Gammarus fo.
Hydropsyche sp.
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Descriptive space Target space

Example 1




A DECISION TREE FOR
HIERARCHICAL MULTI-LABEL CLASSIFICATION

Taking into account the taxonomy of living organisms

BPK >175

PN

/.\.'[‘f"\
Bacillariophyta 0.99
- Cymbella 0.83
- Gomphonema (.71
- Navicula (.67
- Cryptocephala (.63
- Veryptoceph 0.43
- Nitzschia 0.51
- Palea 0.33
Diptera (.88
- Charonomidae .71
- Chironomus 0.27
Oligochaeta (.76
- Tubifer 0.61

10

Amphipoda 0.69
- Gammarus (.56
- Fossarum (1.53
Bacillariophyta 0.87
- Cocconets (.35
- Cyclotella 0.77
- Comla 0.43
- Diatoma .81
- Vulgare 0.64
- Nitzschia 0.14
- Acicularis 0.73
- Palea 0.78
- Synedra 0.57

KMnO; >25

N U:; - 2“

N

/}'G‘H
Rhodophyta 0.55

- Audowinella 0.45

- Chalybea 0.33
Trichoptera (.94

- Limnephilidae 0.67
- Rhyacophila 0.67

1o

N

none

C0y > 04

Diptera 0.83

no

T~

Temp > 11.1

N

yes T

- Chironomidae 0.70
- Zelent 0164
Ephemeroptera (.64

- Buetis (.50
- Ephemerella 0.23

™~

Chrysophyta 0.76
- Hydrurus 0.70

- Foetidus (.64
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MULTI-LABEL CLASSIFICATION OF REMOTELY SENSED IMAGES

BigEarthNet-43

BigEarthNet-19

MLRSNet

- ¥

DFC-15 AID

Discontinuous

Bare Soil, Crop bare-soil, bare-soil, b il Urban fabric, ban fabri
(Type-A), Crop buildings, impervious, buildings, hlilll]-fi?r?l*a Industrial or ?ji dzr'ifr?ﬂnf[:
(Type-B), cars, vegetation, cars, court, 2 trﬁil’ commercial A ? E;ti;l
Unpaved Road, pavement, building, tree pavement, R Ry L units, it
wind turbine units,
Grass (Type-A) tanks Inland waters "
Water courses

Grass Covered Soil, pre, ; i i
_ : buildings, j - bare-soil, ol _ : Non-irrigated
Bare Soil, Crop A impervious, T S buildings, Arable land, ralil it
(Type-I), pa:::;_n * vegetation, R ﬂE{r;m r'.’t field, terrace, Agro-forestry Kk Fovoas w4
sand, building B PRVERTEI trail, trees areas s
tanks, trees areas

Asphalt FPavement, :
(Grass {T'}‘pe- A) tanks, trees




HIERARCHICAL MULTI-LABEL CLASSIFICATION OF
REMOTELY SENSED IMAGES (CLC nomenclature)

Rewv

CLC Lewvel 1

Artificial
surfaces

Agricultural
areas

Forests and
semi-natural
areas

Hetlands

Water bodies

Rev CLC Level 2

ag

ab

ba

bb

bc
bd

ca

cb

CC

da

db

ea

eb

Urban fabric

Industrial, commercial
and transport units

Arable land
Permanent crops
Pastures

Heterogeneous
agricultural areas

Forests

Shrub and/or herbaceocus
vegetation association
Beaches, dunes, sands

Inland wetlands

Coastal wetlands

Inland waters

Marine waters

Rewv

bda
bdb
bdc

caa
cab
cac
cba
cbb
cbc

CLC Lewvel 3

Complex cultiwvation patterns
Land principally occupied by agriculture,
Agro-forestry areas

Broad-leaved forest
Coniferous forest
Mixed forest

with signific

Natural grassland and sparsely vegetated areas
Moors, heathland and sclerophyllous vegetation

Transitional woodland shrub
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SEMI-SUPERVISED
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PREDICTIVE CLUSTERING TREES



SEMI-SUPERVISED MULTI-TARGET PREDICTION

Different types of structured outputs

e MT/ML Classification, MTP

Hierarchical MLC/MTR

Different supervision levels
e Fully supervised
e Semi-supervised

e Missing labels

e Partial labels

e Unsupervised

Two example tasks

e MTR w partial labels

e Semi-supervised HMLC

_______________________________________________________________________________________________________

Descriptive space Target space
Example 1 1 TRUE I 0.49 0.69 ? 0.60 3.91
Example 2 2 FALSE 0.08 0.07 0.56 0.99 7.59
Example 3 1 FALSE 0.08 0.07 ? ? ?
Example 4 2 TRUE 0.49 0.69 0.08 0.77 8.86
Example 5 3 TRUE 0.49 0.69 0.11 ? ?
Example 6 4 FALSE 0.08 0.07 0.43 2.10 8.09
Descriptive space Target space
Example 1 1 TRUE i 0.49 0.69 ﬁé@
Example 2 2 FALSE | 0.8 0.07 ?
Example 3 1 FALSE | 0.08 0.07 ?
Example 4 2 TRUE | 0.49 0.69 “ﬁg




DERARTMENT OF

LEARNING TREES FOR MULTI-TARGET PREDICTION rech i LaiPgE
WITH PREDICTIVE CLUSTERING

To construct a tree T from a training set S:
If the examples in S have low variance,
construct a leaf labeled target(prototype(S))
Otherwise:
e Select the best attribute A with values v, ..., vn,

which reduces the most the variance (measured
according to a given distance function d)

e Partition Sinto S1, ..., Sn according to A
e Recursively construct subtrees T1 to Tn for S1 to Sn
e Result: a tree with root A and subtrees T1, ..., Tn

The variance is assessed across the multiple targets
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SELECTING THE BEST TEST IN A PCT L
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Select the test that maximizes variance reduction
Calculated in line 4

procedure BestTest(E)
1. (t*, h*, P*) = (none, 0, @)
- for each possible test t do
‘P = partition induced by t on E
h= Var(E) — Y g cq &t Var(E))
if (h > h*)AAcceptable(t, P) then
(t*, h*, P*) = (t, h,P)

7: return (t*, A", P*)

[

[T S ) O

Var(E) = Z;T=1 Var(Y;).
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New definition of variance that includes both targets and
attributes, e.g., for MTR

Var(E)
1 - :
=7 W-;V(II"(YL') + (1 —-w) -;VaT(X]-)

T = #target attributes, D = #descriptive attributes

E = Epapeled Y Eunlabeled

Variances only calculated for non-missing values
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* Vary(E,Y) = Var/Gini/Weighted Euclidean for
MTR/MLC/HMLC

1 . . 4 4
* Van(E, X) — D (in numeric Var(ErXi) + ZX]- nominal Glnl(E’ Xf))

* w = weight parameter, trades-off focus on
* Prediction (w=1)
 Clustering (w=0)

* w tuned by internal cross-validation on labeled part
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Typical approach: Generate different samples of the data (subsets
of rows, subset of columns, or both), then learn a tree on each

. Test set

= CLUS = /\ ——

/NN
~lcLus— ) — @
- -0
Training set = CLUS = > @ |vote
~CLUS— — @
n bootstrap ndlassifiers  n predictions

replicates



Number of labeled examples

Methods 25 50 100 200 350 500
Binary classification

PCT VS. SSL-PCT 0.009 0.388 0.066 0.005 0.019 0.019

RF VS. SSL-RF 0.529 0.192 0.002 0.099 0.093 0.012
Multi-class classification

PCT VS. SSL-PCT 0.248 0.084 0.014 0.007 0.192 0.081

RF VS. SSL-RF 0.563 0.011 0.011 0.003 0.004 0.02

Regression

PCT VS. SSL-PCT 0.011 0.01 0.004 0.367 0.48 0.583

RF VS. SSL-RF 0.008 0.065 0.008 0.023 0.034 0.126
Multi-target regression

PCT VS. SSL-PCT 0.093 0.022 0.028 0.022 0.009

RF VS. SSL-RF 0.959 0.445 0.445 0.333 0.445
Multi-label classification

PCT vs.  SSL-PCT 0.013 0.008 0.008 0.093 0.053

RF vs.  SSL-RF 0.241 0.415 0.262 0.308 0.575

Hierarchical multi-label classification
PCT vs.  SSL-PCT 0.834 0.093 0.028 0.028 0.028
RF vs.  SSL-RF 0.345 0.345 0.249 0.345 0.345
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SSL vs. SL:
PERFORMANCE




...
SSL vs. SL PERFORMANCE

RF1 (MTR)

—— PCT

0.8

RRMSE

0.4 F

—+— SSL-PCT

SSL-RI +

©
QP
1 1 |
50 100 200 350 500

Number of labeled examples

Medical (MLC)
[J? 1 I T

0.6

AUPRC
o
=~

—— PCT
- SSL—PCIJ‘

0.1 L :

—-©—- RI

SSL-RF

50 100 200 350
Number of labeled examples

=4

2

00

AUPRC

Enron (HMLC)

—e— SL-PCT
—=- SSL-PCT
—+— CLUS-RF A

SSL-RF

100

200 350 500
Number of labeled examples




SSL OF DECISION TREES: ACCURACY & INTERPRETABILITY

Multi-class classification (Cardiotocogramy3 Dataset )

(MSTV > 0.45] Min > 109.5
yves no “x\
/’/ ves no
[Mode > 103.0| b > 321.0 ,f
}'(]5/'/\}10 VES o S[.:SP = 05 LD = 05
/N N\
FM > 4.5| Pathologic Suspect Pathologic yes 10O yes 1O

VEs LN / 1\ - /
AN Suspect FS > 0.5 Pathologic Normal

Normal /\

) Ves no
veg 10 b
/7 N\ /N
Normal  Suspect Pathologic Normal
Accuracy—81%. 11 nodes Accuracy—92%. 9 nodes
(c) SL-PCT, 50 labeled examples (d) SSL-PCT, 50 labeled and 2076 unlabeled examples
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Article

Deep Network Architectures as Feature Extractors for Multi-Label
Classification of Remote Sensing Images

- . - w o . 2
Marjan Stoimchev >*(%, Dragi Kocev *?(" and Sajo Dzeroski >

COMBINING DEEP NEURAL NETWORKS AND
ENSEMBLES OF PREDICTIVE CLUSTERING TREES
FOR MULTI-LABEL CLASSIFCATION OF RSI



CONVOLUTIONAL DEEP NEURAL NETWORKS

CNNs are DNNs that include computer vision ideas (convolutional
filters) and can learn features from images

Patterns of Local
Contrast

CONVOLUTIONAL NEURAL NETWORKS
ARE GREAT FOR ANALYZING IMAGES
(incl. remotely sensed/ satellite images)

Face
Features

)
N

g‘%}’\ s
200
KRR
X IREREC

"
;\?N\‘
o‘:}o
WX/
Dol

o

_ Output Layer
Hidden Layer 2

Hidden Layer 1

Input Layer

This is the key to the success of NNs: End-to-end learning

Input > \j% —>»  Fealures

Feature Engineering Classifier with
{Manual Extraction+Selection) (@) shallow structure:

»  Output

h A

Input

Qutput

Feature Leaming + Classifier
(End-to-End Leaming)

()




MLC BY FEATURE EXTRACTION W DNNs + PCTs

|Pre-training : Fine-tuned

Feature Extraction

| .
i L :
. Eﬁ-' |
! A P I
| M. s .
| . :
: |
| .
- . ) e — e — . 4
Tree Ensemble Frozen Tree Ensemble

(a) (b)



MLC BY FEATURE EXTRACTION W DNNs + PCTs vs. End-To-End DNNs

Deep network architectures used:
e VGGs (16 and 19)
e ResNets (34, 50, 152)
e EfficientNets (BO, B1, B2)
Feature extraction:
 With weights as pre-trained (ImageNet)
e With weights fine-tuned
Evaluation measure: Ranking Loss
Learning methods:
e End-to-end

» Random Forests / Extra Trees

Datasets:

Dataset Image Type |L] Card Dens N Nirain Niest wxh
Ankara Hyperspectral/ Aerial RGB 29 9.120 0.536 216 171 45 64 % 64
UC Merced Land Use Aerial RGB 17 3334 0.476 2100 1667 433 256 x 256
AID Multilabel Aerial RGB 17 5.152 0.468 3000 2400 600 600 x 600
DFC-15 Multilabel Aerial RGB 8 2.795 0.465 3341 2672 669 600 x 600
MLRSNet Aerial RGB 60 5.770 0.144 109,151 87,325 21,826 256 x 256
BigEarthNet Hyperspectral / Aerial RGB 19 2.900 0.263 590,326 472,245 118,081 256 x 256
BigEarthNet Hyperspectral / Aerial RGB 43 2965 0.247 590,326 472,245 118,081 256 x 256
Ankara UCM MLRSNet BigEarthNet-19  BigEarthNet-43
LI O W
s =
- Al
o M ;
) ii‘ .
N i W g %
Bare Soil, Crop bare-soil, bare-soil, e Urban fabric, Dls;?m;:; G::“
(Type-A), Crop buildings, impervious, buildings, buirlt{;,:\“r;‘ Industrial or T; d‘u];tri"llr :)z:
(Type-B), cars, vegetation, cars, court, i tr{:il’ commercial s ; ol
Unpaved Road, pavement, building, tree pavement, \«il;jt,urgir;e units, L unich B
Grass (Type-A) tanks trees Inland waters W iy
ater courses
‘:‘" N :".'"LI’ * N :‘-""".'
e { gt "
* R " J'q. A A-'e'...
‘ TN \", i b U ;
AV g e 54 ‘ s 53 ‘
Grass Covered Soil, 1 e o e
Bare Soil, Crop b;l\lti;l.};:t impervious, bui?j:; hfncl;rs buildings, Arable land, I\L(::b'lgﬁthd
(Type-D), P T vegetation, i gf’ ) A field, terrace, Agro-forestry A ‘ P ;i ;
Asphalt Pavement, iﬂl'l e building Erasy P\ﬂ\?ﬂ@" ’ trail, trees areas grr.)- nn_-:s Ty
L] tanks, trees tanks, trees areas
Grass (Type-A)




...
MLC BY FEATURE EXTRACTION W DNNs + PCTs vs. End-To-End DNNs

Conclusions of the experimental comparison

e Fine-tuned weights clearly lead to better performance across the board

End-to-end Random Forest

g s
= 8 & 3 2 I oz
b4 ST S ST o 7 8 8 3 § 3 8 8 3 3

Ankara [0.001 0004 0070 0070 -0071

rlyy  rles - rlyy

' b
H = Rmxn UEM [-0.005 0065 D.009 0.006 0.004 0014 0010 0010| {0048 0017 BOTE 0,072 6107 0.0
A0 | 0,030 0,001 0004 0.007 0.003 0.007 0.001 0.007( | 0007 0oRY 0013 0.008 0.003 D.0IB

1 1 1 l lﬁne tune lpre-train DFC-15 {-0.134 -0.134 0020 0018 0018 0016 0016 0014 00 00N 0087 0039 DO 0039 0050 0037 D9 0O0RT 0052 0.043 D08 0.0% 0.047 0053
Il Ilgy2 s TIlgpn i J - : &

MLASHet [0.017 0.013 0020 0012 0.011 0.01% 00:1 00:2| (0057 0058 00T D07 D404 DOW 0085 0.080( |0.056 0O OO7E 0.073 DAOF 0OBS 0070 0.071

RigFarthtac: 4% | 0036 0034 0.002 0035 0.035 0034 0036 oo3s| (0032 0029 0042 0.037 o 4| |0w031 coze o043z ooz 0039 Dos1 0053 oSS

BigEartntier-19 [0.073 0,060 0.050 0046 0.04% 0062 0.06% 0Os| |00%e 0o0% 0477 O06s 0063 D087 G093 Om 0037 0031 D073 008N 007 00K 00%6 0.00A

[:
0.10 0.05 0.00 0,05 005 .00 0.05 .10 o.05% . 0.00 0.05 010
Difference in terms of ranking los: Ditfe @ i b of ranking los Difference in terms of ranking loss

. fflClentNet archltecture clearly Ieads to best performance

ResNet 152« -c-\".— HesNetH0eid 0 ResNet152€03.571 ResNet50@d, 429
Efficient NetBO©3. 143 ResNet34©5, 286 E m i m\ H BOK2 857 ResNet3465, 286
EfficientNetl3 1@ .s_u WG 1GE06. 429 Efficient NetI3 1412, 429 \( G164 ',_- 2R
t Eflicient Net 32602571 - H \ VGGIOGT.0  EfficientNet[32602.0 1 1 CGGLOTT 429
T ]| T T T r T l Ll ¥i T T 1 I { T T T
1 2 3 1 - 1 2 3 | 5 L3 T =2 1 3 1 5
:-1:1.:-.-.! distance; 3.6 ll:':ri\.ll -li.-.un‘u.-; 3.9G85 < ritical dist wnce: 3,968

(a) End-to-end (b) Random forest (c) Extra trees

* Feature extraction + PCTs is comparable in performance to End-To-End

. FExtra Treescol S57 Extra Trees€e2 14453
End-tc dewl . F1-4 | Random Forestco2 O Focl—tc @l L 2RG Random Fore ._,t w2 L7l
1 =2 a5 1 2 3
critical distance: 1.2529 :'Iilli(':l] distance: 2529
' ]

(a) Fine-tunins (b) Pre-training
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Semi-Supervised Multi-Label Classification of Land

Use/Land Cover in Remote Sensing Images With
Predictive Clustering Trees and Ensembles

Marjan Stoimchev ™, Jurica Levati¢, Dragi Kocev'™, and Saso DzZeroski

COMBINING DEEP NEURAL NETWORKS AND
ENSEMBLES OF PREDICTIVE CLUSTERING TREES
FOR SEMI-SUPERVISED LEARNING FROM RSI



MOTIVATION OF SSL FOR MLC OF RSIs

A Current Limitations

Remote sensing images (RSIs) are largely unlabeled
Manual annotations are very costly

Especially when we have multi-label and
hierarchical-multi-label classification

Semi-supervised learning (SSL) has thrived in
single-label classification as well as multi-label
classification of tabular data

Existing deep learning approaches for RSI don't really)
deal with MLC and especially HMLC

INn particular, they rarely capture dependencies
within structured labels

DATA  _3 UNLABELED —> LABELING

ACQUISITION

Forest ‘and
semi-natural areas

Broad-| d -
road-leave Wetlands & Broad-leaved

£ Coniferous
Inland i
\ ~ marshes ﬁ Mixed forest

@ Peatbogs @ Shrub/herbaceous

r—( 1@ Artificial surfaces

—]'[ A2 Urban fabric

—— & Industrial /

—-I[ & Agricultural areas

| @ Arable land

®f Permanent crops

| @ Pastures

L—{.@ Wetlands

r
| O Water bodies

L A SV W R S—



DIFFERENT KINDS OF SUPERVISION IN LEARNING FROM RSls

a) (Fully) Supervised learning: All images are labeled

b) Semi-supervised learning: Labeled and unlabeled images used simultaneously

c) SSL via Self-SL: Unlabeled data used first for self-SL (unsupervised),
supervised learning on labeled data then follows

Target task

fo *‘ﬂl

A

fﬁ <= Pretext task

Knowledge transfer

\

Pretrain
weight sharing — X;
Finetune

Target task Target task

fo Y. r

\4

f 9 airplane
buildings
Y14 cars

grass
pavement &




THE BEST OF BOTH WORLDS: CONVOLUTIONAL DNNs & PCT ENSEMBLES

Step 1: Self-supervised pre-training: lImage reconstruction Convolutional Autoencoder approach
2 Tnlabeled images Learning to recanstruct RSls econstructed images
Lunse(0,632) = ||z — Dy(Eo()) Ui e
o i,
Step 2: Supervised fine-tuning, " P
n = . / Weights
1 AN s ] v SR
e=—= ¥ilog(d) - \{
i=1 . T~
1 n R . ;; lmPer\'i_Ol: ];19 .[ﬂ
Loee = —— > _[yilog(@) + (1 - i) log(1 — )] - A [
i=1

Learning to classify RS1s

Step 1: Feature extraction Semi-Supervised PCTs and Ensembles

T c wa hx3 Step 3: Semi-supervised learning
f = E(z;6) € R? y
Step 2: Semi-Supervised PCTs and Ensembles X hdadgdedsed

-------

.|—l [0, 1, B, 0, 1,..0]
|l— [1, 0, 1, L o]
| 1! lo, 0, 1, o, o,--1] Labeled

1] n 2 % % %7 plabeled
! 3,07 27

Var; = wVary(Y) + (1 —w)Vary(X), wel0,1]

N
ass 1 bootstrap|
replicates |




SSL vs. SL PERFORMANCE: FEATURE EXTRACTION vs End-to-end L. (MLC)

Dataset Ankara UCM

Feature extractor

AlD DFC-15 MLRSNet

=t =E 4 @ Je—
0.400 1 0.7 /x::’,_,__ﬁ_‘_"_;__,ﬁ 0.75 P 2 - P *__H_
| 0.3751T ;{ = | /,5%_‘_:‘_ ——--F 1= (1.60 == S Ve 4?""_'.‘3%_:‘ -
- e o =7 & 0.50 K " g=== |
vOG-16 < 0.350{ r g ‘”iﬁ*’ Z045{1 LA4==%" " ; !
: i - —ﬁ - - l 7 .-'-' ' -}I." . )
[:]-32:_:; ~ N -J_'j? {}'25 - UHU‘?: ﬂ 2 !T’\r i
1 5 10 25 1 ) 10

. 5 1 ] 10 25
N (%) N (%) N (%) bl
l 1.00 ’x___.r_d____é.:_._-__d.:._,_%; }‘—""‘*"'“T:' 1.00 1 } ,_,_;.;._.-'-x
- . % ~&- . 1 _...-r%'
.a"l E [] |5 3 :?'T‘é—_-,_:g E * ,ﬁ_______‘@______@ ” fils] 4 _,.n. ,df
& . - - 1 2 By— |
ResNet-34 :L = 0.501 ',/,}.;SP"""‘# o E = U.5U1 / ol
= ) ) [1_1 oy 1]?1—
(.25 . _ _ [ _ i . _
1 5 10 25 1 5 10 25 1 5 10 25
N (%) N (%) ]

q e e TR P —— 4 e
0.444 +F——4|¢ ’ e 0.8/ _h . - 4 > 1.00 g teK

Jf -~ -
I 0.40/ |:“u” 05y~ o 0.6
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AGGREGATE RESULTS OF SL/SSL RANKS ACROSS 13 MLC METRICS

Baseline - SL-PCT - SL-RForest - ) FOR DIFFERENT DATASETS &
veede  VeeHe T VEEHE T VEEHe T VeeHe VGO DIFF. CNN ARCHITECTURES

VGG-19 VGG-19 VGG-19 VGG-19 VGG-19 VGG-19

ResNet34 ResNet34 ResNet34 ResNet34 ResNet34 ResNet34

ResNet50 ResNet50 ResNet50 ResNet50 ResNet50 ResNet50
Repeated for different

ResNet152 ResNet152 ResNet152 ResNet152 ResNet152 ResNet152
fractions of labeled data

EffNet-BO EffNet-BO EffNet-BO EffNet-BO EffNet-BO EffNet-BO

EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1 EffNet-B1
—— % SSL-RForest
EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2 EffNet-B2

Ranking l % SSL-PCT

Different metrics
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=



OVERALL RELATIVE PERFORMANCE (MLC)

Baseline % CAE SL-PCT % SSL-PCT SL-RForest % SSL-RForest

MLC datasets
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SSL vs. SL PERFORMANCE DIFFERENCE (per dataset)
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SSL vs. SL PERFORMANCE DIFFERENCE (per architecture) Mssr, — M
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COMPARISON OF OUR SSL APPROACHES TO COMPETING ONES (MCC&MLC)
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IMPROVING THE EFFICIENCY OF SSL WITH
ENSEMBLES OF PREDICTIVE CLUSTERING TREES
WHEN LEARNING FROM RSI



INSTEAD OF USING EXTRACTED FEATURES WITH PCTs FOR SSL, USE PCA
FIRST AND REDUCE THE NUMBER OF FEATURES (FOR EFFICIENCY)




DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI

0 Datasets (MCC) O For the feature extractors we use ResNet-152 and EfficientNet-B2
e OPTIMAL-31 O Trained for 25 epochs
e UCM O Adam optimizer
e RSSCN7 O Batch size: 128
e AID O Learning rate of 1e-4
e RESISC45
PCA
Dataset splits: 0 We 60%, 80%, and 95% of the variance explained by the
0 70% train, 10% validation, 20% test principal components
O The splits are stratified O Baseline: 100% explained variance (whole feature space)
0 Different percentages of
(randomly sub-sampled) labeled data
from the training sets, SSL-PCTs and ensembles for MCC
with the following amounts: O M5 pruning
1%, 5%, 10%, and 25% O 100 unpruned trees for supervised and semi-supervised

tree ensembles
O We use 3-fold internal cross-validation on the training

part of the dataset to optimize the w parameter



DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI

Methods: —— SL —O— SSL-100 ¢+ SSL-95 —%-- SSL-80 —¢— SSL-60
ResNet-152 EfficientNet-B2
PCTs RForest PCTs RForest
OPTIMAL-31
1.0 0 1.0
0.8 . 0.8
= < 0.50 <
5 0.61 = & 0.6
- T 0.25 <
0.41 0.4
5 10 R, 0-00 1 5 10 5
N (%) N (%)
- 0 o 0.975
2. (.60 =
& < 0,960

045




DIMENSIONALITY REDUCTION FOR EFFICIENT SSL FROM RSI

Methods: HEEE SSL-60 HEEE SSL-30 HEEE SSL-95 HEEE SL EEE SSL-100 Table 1: The dimensions of the feature spaces before and after the application of

PCA for each dataset and network architecture. EV is the cumulative explained

PCTs RForest . .
variance in(%).
ResNet-152 EV(%)
107 Dataset Features extracted  Original 95 80 60
T
. / 1 1
5 5 RSSCN7 ResNet-152 2048 163 12 5
8 g AID 2048 54 20 12
= I RESISC45 2048 61 26 15
T
- =" RSSCN7 EfficientNet-B2 1408 30 6 4
. AID 1408 214 27 16
: RESISC45 1408 416 47 24
Nea S o ! & e = oF
& & b & &

2

EfficientNet-B2

1 H

10°

Induction times in seconds for SL and SSL algorithms for 25% labeled
data and different levels of dimensionality reduction

Induction times (s)

Induction times (s)
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SSL-MAE: Adaptive Semisupervised Learning

Framework for Multilabel Classification of Remote
Sensing Images Using Masked Autoencoders

Marjan Stoimchev ¥, Jurica Levati¢ ¥, Dragi Kocev **, and SaSo DZeroski

ADAPTING THE LOSS FUNCTION WITHIN
END-TO-END APPROACHES FOR SSL FROM RSI




ADAPT THE LOSS FUNCTION IN SS End-to-end LEARNING with MAEs

Original
1. Image masking ehceom ot A
! N, x(Cx P? 3 oy metium DT
zl, € RN (OxF) c RONERRIE .
Z 1:
2. Encoder = a|
5= E(:I:,Q) :RZNPX(CX_Pz) N R2Npxd
3. Classiﬂcation Head
p(y|at)
f‘U Nz Z ~I(z € Rd [mage masking | | Encoder || Classifier | Decoder
P% (a) (b) (c) (d) (e)
Ls= E ZH (yi:p(y | mi))
i=1
4. Decoder 5. Adaptive Joint Learning
& = D(2,¢) € ROWxH L=wls+ (1—w)L,
1< 1
L,=— B —
U B ; (Q(thkf) m;ﬁ H i,m 1,m|1)

decoder

Pretext task: Masked image modeling
(with masked auto-encoders)

LB I -d MY
g
]
v
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EXPERIMENTAL COMPARISON: DESIGN

Experimental Setup Datasets
e Inductive learning setting

MCC datasets:
e Different percentages of (randomly sub-

sampled) labeled data fractions: (1%, 5%

e OPTIMAL-31, UCM, AID, RSSCN7, RESISC45
10%, and 25%)

MLC datasets:
e Five repetitions (seeds)

« UCM, AID, DFC-15, MLRSNet, BigearthNet-43
e Learning curves

Optimization ofw :

Comparison against state-of-the-art methods
¢ Grid search (GS) SSL methods:
e Learnable weight:
L(0,0) = a(0)Ls(0) + (1 — () L.(6) CoMatch
oL oL
oL

55 = °O)1—a(®)[L.(0)

e SoftMatch, FixMatch, FreeMatch, SimMatch, FlexMatch

Self-SL methods:

e SIMMIM, SImCLR, DINO, VICReg, MoCo, BYOL, Tri-ReD
_Eu(g)]

Supervised Baseline method:

Vision Transformer (ViT) : TraﬂSfﬂrm;r Encoder
Class E
. me . sea MLP !
: Classification tasks gad
L=wl, +(Dxw)L,

each Head

e Multi-Class Classification (MCC)
e Multi-Label Classification (MLC)

Transformer Encoder
Patch + Position

Emm»@@ﬁﬁddﬁd@@
* Extra learnable
[class] embedding Lmear Porjection of Flattened Patches

TR TETIT iiﬁl
EE. '

| ]:;mbedded |



EXPERIMENTAL COMPARISON: RESULTS

&) 0.75
% 0.50
=

<< 0.25

1

O 0.75
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0254

1

OPTIMAL-31 UCM AlD 1.00 - RSSCN7 16 RESISC45
0.90 0.90 ' ' : J
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0.30 0.30 0.25 - 0.40
r 0.00 4 T T T
5 10 25 1 5 10 25 1 5 10 25 1 5
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(a)
- MLRSNet
N 0.90
0.80
0.24 0.75
0.60
0.16 1% 0.60 47
0.40
Hoe 0.45
5 10 25 1 5 10 25 1 5 10 25 1 5 10 25 1 5
N (%) N (%) N (%) N (%) N (%)
Method: —— SL Baseline —F— SSL Baseline SSL-MAE-w, —=— SSL-MAE-GS

(b)

Performance of SL & SSL methods on MCC (top) and MLC (bottom) dataset
AUPRC and AU average PRC as metrics for MCC and MLC
Absolute performance (left) and performance improvement for SSL vs SL for MAE-GS

10 25

10 25

OPTIMAL-31

o 090 69 2

& 0.60 L7

= 0304146 [
0.00 :

21.6 Q-2 ar 33,3
ﬂﬂﬂﬂ

UCM
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AID
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Comparison to competing SSL and SelfSL approaches

MCC Datasets OPTIMAL-31 UucMm AlID RSSCN7 RESISC45 Avg. ranks

N (%) N (%) N (%) N (%) N (%) N (%)
Methods 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25
SL. Baseline 0.062 0.450 0.610 0.889 0.053 0.688 0.793 0.966 0.048 0.814 0903 0988 0.175 0.743 0.881 0.907 0.027 0.892 0.944 0969 90 50 5.1 3.0
SoftMatch 0.092 0.274 0.419 0512 0.147 0.549 0.806 0.944 0.091 0.309 0.625 0.720 0.340 0.699 0.848 0.920 0.217 0.514 0.632 0.868 7.2 8.1 7.7 7.6
FixMatch 0.097 0.331 0.628 0.846 0.142 0.620 0.851 0.955 0.081 0.347 0.678 0916 0.356 0.717 0.874 0.942 0.300 0.821 0.895 0.948 6.6 6.4 56 4.7
FreeMatch 0.099 0.251 0.372 0.529 0.166 0.535 0.755 0.946 0.105 0.307 0.630 0.844 0.346 0.748 0.833 0.909 0.212 0.522 0.634 0.842 6.2 74 8.2 7.4
SimMatch 0.093 0.417 0.630 0.636 0.207 0.664 0.871 0.954 0.125 0.503 0.787 0.921 0.359 0.746 0.879 0.932 0.492 0.767 0.907 0.551 5.0 5.2 4.6 6.3
FlexMatch 0.102 0.339 0.419 0.498 0.228 0.572 0.812 0.955 0.122 0.392 0.652 0.816 0.395 0.747 0.859 0.932 0.192 0514 0.629 0.853 4.8 6.3 7.1 6.8
CoMatch 0.220 0.505 0.739 0.868 0.285 0.696 0.904 0941 0.193 0.639 0.826 0.934 0.521 0.788 0.888 0952 0.587 0.885 0918 0954 24 34 34 46
SSL-MAE-w, 0.153 0.555 0.757 0.889 0.212 0.797 0.933 0.966 0.463 0.881 0.950 0.979 0.590 0.876 0.922 0.937 0.656 0.889 0919 0958 26 22 2.1 26
SSIL-MAE-GS 0.208 0.577 0.778 0.879 0.386 0.835 0.933 0.960 0.501 0.882 0.968 0.988 0.673 0.894 0.936 0.955 0.661 0.895 0.944 0.969 1.2 1.0 1.2 2.0
MCC Datasets OPTIMAIL-31 ucM AlID RSSCN7 RESISC45 Avg. ranks

N (%) N (%) N (%) N (%) N (%) N (%)
Methods 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25 1 5 10 25
SL. Baseline 0.062 0.450 0.610 0.889 0.053 0.688 0.793 0.966 0.048 0.814 0.903 0.988 0.175 0.743 0.881 0.907 0.027 0.892 0.944 0969 10.0 5.4 6.0 3.8
SimMIM 0.061 0.397 0.642 0.847 0.078 0.616 0.849 0.967 0.056 0.527 0.703 0.880 0.179 0.769 0.876 0960 0.272 0.659 0.814 0.938 10.0 99 9.0 84
SimCLR 0.063 0.060 0.806 0.893 0.066 0.075 0.936 0.976 0.063 0.800 0.897 0.943 0.231 0.882 0.939 0961 0.781 0.918 0.948 0.968 9.8 8.8 7.4 6.2
DINO 0.068 0.073 0.798 0.911 0.084 0.070 0.062 0.687 0.055 0.745 0.870 0.926 0.210 0.898 0.929 0.969 0.792 0.922 0.946 0.968 4.4 4.8 6.2 5.6
VICReg 0.056 0.060 0.799 0.895 0.078 0.072 0918 0.971 0.064 0.710 0.822 0918 0.171 0.878 0.924 0.958 0.773 0.920 0947 0971 57 6.3 56 5.7
MoCo 0.049 0.055 0.840 0.928 0.061 0.063 0.944 0.985 0.056 0.847 0919 0965 0.166 0.911 0.939 0.969 0.860 0.944 0.961 0974 64 47 2.2 24
BYOL 0.061 0.071 0.853 0.929 0.056 0.069 0.952 0.987 0.056 0.829 0915 0.954 0.231 0.905 0.957 0974 0.828 0.944 0961 0975 52 4.1 1.7 1.9
Tri-ReD 0.197 0.551 0.769 0.863 0.369 0.843 0918 0.962 0.374 0.817 0912 0.968 0.693 0.920 0.940 0.947 0.239 0.655 0.834 0930 3.2 7.0 83 9.0
SSL-MAE-w,e 0.153 0.555 0.757 0.889 0.212 0.797 0933 0.965 0.463 0.881 0.950 0.979 0.590 0.876 0.922 0.937 0.656 0.889 0.919 0958 3.0 42 5.7 6.5
SSL-MAE-GS 0.208 0.577 0.778 0.879 0.386 0.835 0.933 0.960 0.501 0.882 0.968 0.988 0.673 0.894 0.936 0.955 0.661 0.895 0.944 0969 2.0 2.6 4.4 58
MLC Datasets UCM AID DFC-15 BEN-43 MLRSNet Avg. ranks

N (%) N (%) N (%) N (%) N (%) N (%)
Methods 1 5 10 25 1 5 10 25 1 5 10 20 1 5 10 2D 1 5 10 25 1 5 10 25
SL Baseline 0.201 0.333 0410 0.944 0.320 0.450 0.592 0.747 0.344 0.760 0.873 0.919 0.072 0.151 0.211 0266 0.587 0.833 0.888 0923 7.8 7.6 6.6 8.0
SimMIM 0.208 0.726 0.838 0.934 0.303 0.550 0.657 0.717 0.362 0.773 0.889 0.954 0.138 0.182 0.226 0.270 0479 0.734 0.820 0.895 7.3 7.2 6.0 8.2
SimCLR 0.220 0.231 0.926 0.951 0.330 0.680 0.719 0.767 0.376 0.887 0.924 0.958 0.078 0.208 0.244 0.297 0.775 0.894 0.920 0941 4.6 4.2 29 4.1
DINO 0.258 0.233 0.665 0.959 0.307 0.666 0.738 0.774 0.385 0.880 0.923 0.955 0.081 0.212 0.238 0.298 0.733 0.892 0914 0942 44 44 53 3.4
VICReg 0.228 0.221 0.898 0.948 0.303 0.635 0.704 0.758 0.401 0.878 0.923 0.957 0.077 0.206 0.241 0.303 0.757 0.887 0918 0944 49 6.4 7.0 3.8
MoCo 0.256 0.261 0.926 0.955 0.304 0.701 0.757 0.786 0.382 0.883 0.931 0.955 0.075 0.209 0.241 0.294 0.746 0.898 0.921 0.946 5.6 3.0 2.0 3.1
BYOL 0.222 0.239 0.927 0.960 0.319 0.692 0.751 0.787 0.391 0.898 0.930 0.958 0.076 0.224 0.251 0.317 0.692 0.878 0.906 0942 56 3.0 2.2 1.6
Tri-ReD 0.516 0.851 0.903 0.948 0.526 0.662 0.703 0.757 0.673 0.789 0.855 0.880 0.148 0.201 0.205 0.275 0.416 0.748 0.843 0918 3.0 2.1 3.6 2.4
SSL-MAE-w,g 0.390 0.809 0.888 0941 0.506 0.656 0.714 0.755 0.633 0.861 0.919 0.953 0.150 0.204 0.208 0.286 0.655 0.830 0.891 0918 3.0 6.0 6.8 7.3
SSL-MAE-GS 0.520 0.857 0.905 0.953 0.538 0.675 0.706 0.775 0.677 0.895 0.925 0.944 0.158 0.211 0242 0.286 0.720 0.865 0.895 0927 1.8 32 44 5.5
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Fully- and Semi-Supervised Hierarchical
Multi-Label Image Classification with Graph

Learning

Marjan Stoimchev, Boshko Koloski, Jurica Levati¢, Dragi Kocev, and Saso DZeroski

HMLC OF RSI BY COMBINING VISION TRANSFORMERS AND
GRAPH NEURAL NETWORKS




INITIAL APPROACH: HIERARCHICAL MULTI-LABEL CLASSIFICATION OF RSI
BY ADAPTING THE LOSS FUNCTION IN End-to-end LEARNING
N

0 The classifier head contains _ 1 , 7 , 7
ﬁb(:e — N [!};ZO(}(!};) + (1 T yiﬂ()g(l T yi)]

number of neurons equal to i—1
the number of leaves plus N e
the intermediate nodes in r o 1 - A A

g wi - |y log(y;) + (1 — vy )og(1l — v,
the hierarchy wbce N 722::1;}:1 J [JL Q(Jr,) ( Jz) g( Jz)]

Weights initialization: IF 41. /1:;%!‘1_#2_#- ............
ImageNet ' b

o ..%
v
AvgPool ]

wo € (0,1] e
w(node) = wyw(node - parent)
Wgo = 1: MLC




HMLC of RSIs: The BigEarthNet dataset

O BigEarthNet
-590,326 non-overlapping image patches

O We used two Corine Land Cover (CLC) nomenclatures for the
hierarchy:

- Original CLC with 43 labels -> all hierarchical labels: 63
- Reduced CLC with 19 labels -> all hierarchical labels: 27

O We subsample around 1% of the dataset to provide the initial results




HMLC of RSIs: The BigEarthNet dataset, Initial experiments

Dataset splits:

0 70% train, 10% validation, 20% test 0.28
O The splits are stratified
.. 0.26
e
3
S 0.24
Training details: =
O For the feature extractors we use ConvNext-V2 2 0.22
O Trained for 50 epochs :
0 Adam optimizer 0.20
O Batch size: 128 . | | | | | .
O Learning rate of 1e-4 10 >0 N%) 5 100
(0]

The weight parameter for producing the weights in the hierarchy Is
setto: 0.6,0.7,0.8,0.9and 1



Fully- and Semi-Supervised Hierarchical Multi-Label Image Classification
with Graph Learning

Motivation Fxample bierarey
Current Limitations:
¢ Single-path assumption in hierarchies Classification task
era . . . u MO MLO HSLO HMLE
* Underutilization of hierarchical structure T
. Building [] o o
e Supervised-only approaches Water [] o o
; I fe 0 o
e Scarcity of HMLC image datasets Putis © o %
Water bodies O
Artificial surfaces  £% o of
Annotation Challenge: Building Boas (a)
» Hierarchical labeling is expensive and time-consuming High-level overview of HELM
* Expert knowledge required for complex taxonomies Y Encoded tokens
e Limited labeled data vs. abundant unlabeled data Boat —{ " =7
Building —D—h- —a:-|:| ) pmme-
Water — |~ —=[] [ Classification Dl
. . Urhan fabrie _D_;:. _.:,.I:l :}— == ]—:‘. g ' 0.BE5
Our Contributions - HELM Framework: Port aross —[ - —] \ branch Ak
o Hierarchy-specific class tokens for label interactions 1.—Li:::|:-.3:: _D_D - _:EJ e —" - ' E
« Graph Convolutional Networks for hierarchical structure g L8| VT = mi “’: w L8 @—u— 3 0008
. i Encoder N TaNC ; 1
encoding ._.} ) L b
« Semi-supervised framework leveraging unlabeled data m B SelE-supervised 0,548
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Evaluations:

e Supervised

e Semi-supervised: Labeled data proportions {1%, 5%, 10%, 25%} - inductive learning setting

e Repeat the experiments three times
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