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SHORT SELF-INTRODUCTION

Who am I?

• Full Professor at University of South Brittany: www.univ-ubs.fr
• Founder and former head of the OBELIX group (25 researchers on AI4EO)

at IRISA: www.irisa.fr/obelix

• Chair of the GeoData Science track
EMJMD Copernicus Master in Digital Earth: www.master-cde.eu

• Co-chair of the MACLEAN workshop series at ECML-PKDD:
sites.google.com/view/maclean21/

http://www.univ-ubs.fr/
http://www.irisa.fr/obelix
http://www.master-cde.eu/
https://sites.google.com/view/maclean21/


CONTENTS OF THE LECTURES

• Deep Learning for Remote Sensing… see previous lectures (they were great!)
• Principles of Deep Learning
• Applications to EO

• Lecture #1: Good practices
• Training
• Evaluation

• Lecture #2: Solutions for Complex Data
• Focus on main EO tasks: 

semantic segmentation, object detection, change detection
• Focus on some complex data: 

LiDAR, SAR, multi-view imagery, low-resolution data
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N. Audebert, B. Le Saux, S. Lefèvre. 

Deep Learning for Classification of Hyperspectral Data: A Comparative Review. 

IEEE Geoscience and Remote Sensing Magazine, 7(2):159-173, 2019



EVALUATING A DEEP NETWORK IS STRAIGHTFORWARD 

Let us consider the most common land use / land cover classification problem:
1. Build a predictive model 
• design or choose a deep network
• train it using a train set (+ a validation set to tune hyperparameters)

2. Assess the predictive model
• using standard metrics (e.g. OA, AA, Kappa, etc.) 
• on some unseen data (a.k.a. the test set)

If comparison with other networks is sought, consider public datasets
• RGB/Multispectral: ISPRS Vaihingen & Potsdam, …
• Hyperspectral: Indian Pines, Pavia U & C, Houston, …



Indian Pines, 145 x 145 pixels, 224 spectral bands, 16 classes, 10,249 labels 

A bit old (1992), yet widely used (1320 publications since 2020)



A random split of Indian Pines into train / test sets

Just an  example, since no official train/test split is provided



Evaluation of some networks… 3D CNN reaches almost perfect results, amazing?

Model Accuracy

Nearest-Neighbour 75.63

1D CNN (Hu et al, 2015) 90.16

RNN (Mou et al, 2017) 85.7

3D CNN (Li et al, 2017) 99.07
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Public code is needed to reproduce the results…

DeepHyperX is a PyTorch toolbox for HSI classification
https://github.com/nshaud/DeepHyperX

Model Accuracy reported 
in original paper

Accuracy reported 
with DeepHyperX

Nearest-Neighbour 75.63

1D CNN (Hu et al, 2015) 90.16 89.34

RNN (Mou et al, 2017) 85.7 79.70

3D CNN (Li et al, 2017) 99.07 96.87
still very high

🤔

https://github.com/nshaud/DeepHyperX


The devil is in the details

Possible overlap between train/test sets with a CNN due to its receptive field, 
making the network overfit and biasing its evaluation

train pixel

test pixels
in receptive field

test pixel

train pixel



A proper split is required to avoid overfitting and leading to fair assessment

train pixel

no test pixel 
in receptive field

test pixel

train pixel



A better split of Indian Pines into train / test sets 
based on connected components



Be cautious with amazing results

Rely on public code, public data, public settings

Model Accuracy reported 
in original paper

Accuracy reported 
with DeepHyperX

Accuracy reported 
with DeepHyperX
& disjoint train/test

Nearest-Neighbour 75.63 67.27

1D CNN (Hu et al, 2015) 90.16 89.34 82.99

RNN (Mou et al, 2017) 85.7 79.70 62.23

3D CNN (Li et al, 2017) 99.07 96.87 75.47

problem far 
from being solved!

😲



LESSONS LEARNT SO FAR

• Most papers divide the datasets in train/test splits by random sampling 
over the whole image, leading to a strong overlap 😠

• Some authors consider only a subset of the classes 
(e.g. ignoring the classes with few samples), preventing a fair comparison 😠

• Even with train/test splits done the same way, the number of samples in the train set 
might vary (e.g. 20%, 200 samples/class, etc), hardening the comparison 😠

• Some authors further divide the training set into training & validation, 
while others perform hyperparameters tuning directly on the test set 😠

MUST: use public train / test split, tune hyperparameters with a train subset

Some public initiatives & repositories: 
• IEEE GRSS DFC and IEEE GRSS DASE, http://dase.grss-ieee.org (DASE 2.0 in progress)
• IEEE DataPort, http://ieee-dataport.org

http://dase.grss-ieee.org/
http://ieee-dataport.org/


Pavia University, 610 x 340 pixels, 103 bands, 9 classes

combining APs with these feature selection techniques have
been investigated in [8].

Other work has focused on extra spatial processing of APs
for better characterization of structural and textural informa-
tion from the image content. Recent studies believe that when
dealing with VHR remote sensing images from which regions
and objects become more heterogeneous, APs may not provide
a complete spatial characterization of pixels. Therefore, some
efforts have been proposed to replace each AP sample response
by the histogram or some first-order statistical features of the
local patch around that AP’s pixel position. As a result, the
local histogram-based APs (HAPs) [30], [31] and the local
feature-based APs (LFAPs) [32], [33] have been proposed
and proved to be more efficient for better dealing with local
textures. Then, the extensions of these extra spatial processing
methods on the self-dual profiles (using the tree of shapes) as
well as on hyperspectral images have been provided [32].

Last but not least, we refer readers to some other frame-
works using the sparse representation [34] or the deep learning
approach [35] for post-processing of AP features. Also, some
ensemble methods [36], [37] have been applied to better
exploit and combine AP features to improve the classification
performance.

IV. EXPERIMENTAL STUDY

This section describes our experimental study to evaluate
the performance of the standard APs as well as some of
their improvements and extensions. Supervised classification
has been carried out on both panchromatic and hyperspectral
image data in order to provide a comparative study. We first
introduce the two data sets and the experimental setup. Then,
classification results will be provided.

A. Data description
1) Reykjavik data set: The first data set is a panchromatic

image of size 628 ⇥ 700 pixels acquired by the IKONOS
Earth imaging satellite with 1-m resolution in Reykjavik,
Iceland. This data consists of six thematic classes including
residential, soil, shadow, commercial, highway and road. The
image was provided with already-split training and test sets
(22741 training samples and 98726 test samples). The input
image together with its thematic ground truth map for testing
and training sets are shown in Fig. 2(a).

2) Pavia University data set: The second data set is the
hyperspectral image acquired by the ROSIS airborne sensor
with 1.3-m spatial resolution over the region of Pavia Uni-
versity, Italy. The image consists of 610 ⇥ 340 pixels with
103 spectral bands (from 0.43 to 0.86 µm) and covers nine
thematic classes: trees, asphalt, bitumen, gravel, metal sheets,
shadows, meadows, self-blocking bricks and bare soil. For this
image, 3921 training samples and 42776 test samples were
split for classification task. The false-color image (made by
combining the bands 31, 56 and 102), the ground truth map
and the training set are shown in Fig. 2(b). As previously
discussed, for this data set, we first performed the PCA on the
image and the first four PCs (involving more than 99% of the
total variance) were preserved for our experiments.

(a)

Trees
Thematic classes:

Gravel 

Asphalt

Metal sheets

Bitumen

Shadows

Meadows Self-blocking bricksBare soil

(b)

Fig. 2. Two data sets used in our experimental study. (a) The 628 ⇥ 700
Reykjavik data (left to right: panchromatic, thematic ground truth with 6
classes and training set); (b) The 610 ⇥ 340 Pavia University data (left to
right: false-color image made by bands 31-56-102, ground truth including
nine thematic classes and training set).

B. Setup
Supervised classification was conducted on the two data sets

using the random forest classifier [38] with 100 trees. The
number of variables involved in the training was set to the
square root of the feature vector length. In order to evaluate
and compare classification accuracy of different approaches,
overall accuracy (OA), average accuracy (AA), and kappa
coefficient () have been taken into account. For attribute
filtering, we exploited two attributes including the area and
the moment of inertia. Ten area thresholds were adopted for
the Reykjavik data as proposed by several papers [20], [39],
[40]. For the Pavia University data, fourteen thresholds were
automatically computed according to [24]. We have:

�a,Rey = {25, 100, 500, 1000, 5000, 10000,
20000, 50000, 100000, 150000},

�a,Pav = {770, 1538, 2307, 3076, 3846, 4615, 5384,
6153, 6923, 7692, 8461, 9230, 10000, 10769}.

Next, the manual settings used in many studies [9], [13], [15]
were adopted for the moment of inertia attribute as follows:

�i,Rey = �i,Pav = {0.2, 0.3, 0.4, 0.5}.

The training set as provided
by IEEE GRSS DASE:
http://dase.grss-ieee.org

http://dase.grss-ieee.org/


Is the public train/test split reliable?

Not really.

Model Accuracy reported 
in original paper

Accuracy reported 
with DeepHyperX
(random)

Accuracy reported 
with DeepHyperX
(DASE, disjoint)

Nearest-Neighbour 89.99 57.77

1D CNN (Hu et al, 2015) 92.56 90.59 81.18

2D+1D CNN (Ben Hamida, 2016) 94.6 92.39 83.80

3D CNN (Li et al, 2017) 99.39 96.71 84.32

still very high
🤔

still (almost) perfect
🤩

combining APs with these feature selection techniques have
been investigated in [8].

Other work has focused on extra spatial processing of APs
for better characterization of structural and textural informa-
tion from the image content. Recent studies believe that when
dealing with VHR remote sensing images from which regions
and objects become more heterogeneous, APs may not provide
a complete spatial characterization of pixels. Therefore, some
efforts have been proposed to replace each AP sample response
by the histogram or some first-order statistical features of the
local patch around that AP’s pixel position. As a result, the
local histogram-based APs (HAPs) [30], [31] and the local
feature-based APs (LFAPs) [32], [33] have been proposed
and proved to be more efficient for better dealing with local
textures. Then, the extensions of these extra spatial processing
methods on the self-dual profiles (using the tree of shapes) as
well as on hyperspectral images have been provided [32].

Last but not least, we refer readers to some other frame-
works using the sparse representation [34] or the deep learning
approach [35] for post-processing of AP features. Also, some
ensemble methods [36], [37] have been applied to better
exploit and combine AP features to improve the classification
performance.

IV. EXPERIMENTAL STUDY

This section describes our experimental study to evaluate
the performance of the standard APs as well as some of
their improvements and extensions. Supervised classification
has been carried out on both panchromatic and hyperspectral
image data in order to provide a comparative study. We first
introduce the two data sets and the experimental setup. Then,
classification results will be provided.

A. Data description
1) Reykjavik data set: The first data set is a panchromatic

image of size 628 ⇥ 700 pixels acquired by the IKONOS
Earth imaging satellite with 1-m resolution in Reykjavik,
Iceland. This data consists of six thematic classes including
residential, soil, shadow, commercial, highway and road. The
image was provided with already-split training and test sets
(22741 training samples and 98726 test samples). The input
image together with its thematic ground truth map for testing
and training sets are shown in Fig. 2(a).

2) Pavia University data set: The second data set is the
hyperspectral image acquired by the ROSIS airborne sensor
with 1.3-m spatial resolution over the region of Pavia Uni-
versity, Italy. The image consists of 610 ⇥ 340 pixels with
103 spectral bands (from 0.43 to 0.86 µm) and covers nine
thematic classes: trees, asphalt, bitumen, gravel, metal sheets,
shadows, meadows, self-blocking bricks and bare soil. For this
image, 3921 training samples and 42776 test samples were
split for classification task. The false-color image (made by
combining the bands 31, 56 and 102), the ground truth map
and the training set are shown in Fig. 2(b). As previously
discussed, for this data set, we first performed the PCA on the
image and the first four PCs (involving more than 99% of the
total variance) were preserved for our experiments.

(a)

(b)

Fig. 2. Two data sets used in our experimental study. (a) The 628 ⇥ 700
Reykjavik data (left to right: panchromatic, thematic ground truth with 6
classes and training set); (b) The 610 ⇥ 340 Pavia University data (left to
right: false-color image made by bands 31-56-102, ground truth including
nine thematic classes and training set).

B. Setup
Supervised classification was conducted on the two data sets

using the random forest classifier [38] with 100 trees. The
number of variables involved in the training was set to the
square root of the feature vector length. In order to evaluate
and compare classification accuracy of different approaches,
overall accuracy (OA), average accuracy (AA), and kappa
coefficient () have been taken into account. For attribute
filtering, we exploited two attributes including the area and
the moment of inertia. Ten area thresholds were adopted for
the Reykjavik data as proposed by several papers [20], [39],
[40]. For the Pavia University data, fourteen thresholds were
automatically computed according to [24]. We have:

�a,Rey = {25, 100, 500, 1000, 5000, 10000,
20000, 50000, 100000, 150000},

�a,Pav = {770, 1538, 2307, 3076, 3846, 4615, 5384,
6153, 6923, 7692, 8461, 9230, 10000, 10769}.

Next, the manual settings used in many studies [9], [13], [15]
were adopted for the moment of inertia attribute as follows:

�i,Rey = �i,Pav = {0.2, 0.3, 0.4, 0.5}.

-40% 
strong spatial correlation 
between neighbouring pixels 



YES when…
• the spatial extent of the NN 

is (far) lower than the spatial gap 
between train/test samples

• a single image is to be classified, 
generalization is not sought

BUT THEN 
be cautious when reporting accuracy!

NO when…
• there is some overlap 

between receptive fields 
of train/test samples

• multiple images will be classified 
(several areas, several dates), 
with a single model trained on a 
subpart of the dataset

TRAIN/TEST SPLIT USING RANDOM OR DISJOINT SAMPLING
ON A SINGLE IMAGE



A NEW HOPE…

• Recent public datasets take care of proper splits between training and test sets,
usually on a tile basis (some tiles for training, the remaining tiles for testing)

XU et al.: ADVANCED MULTI-SENSOR OPTICAL REMOTE SENSING FOR URBAN LAND USE AND LAND COVER CLASSIFICATION 1711

Fig. 1. Dataset overview. (a) Training (red) and test (entire imagery except red) areas, examples of (b) ground truth, (c) color composite of multispectral LiDAR
intensity, (d) DSM, (e) color composite of HS imagery, and (f) VHR color imagery.

were applied—optimization of white balance, calibration with
respect to plane instruments, and orthorectification geolocaliza-
tion. Given large parallax differences, the creation of seamless
images is extremely difficult around large buildings, resulting in
a few artifacts (data voids) around larger structures such as the
UH main stadium. The final image product was resampled at a
5-cm GSD with the size of 83440 ! 24040 pixels. The image
was distributed after being divided into 14 (i.e., 7 ! 2) tiles with
each tile having the size of 11920 ! 12020 pixels.

D. Reference Data

For the training area [the red area in Fig. 1(a)], we provided
reference data of the 20 LULC classes. Table I defines the LULC
classes with the number of training and test samples. The refer-
ence data were prepared by the organizer based on a field survey,
open map information (e.g., OpenStreetMap), and visual inspec-
tion of the datasets distributed in the contest. The reference data
were provided only for the training area as a raster image at a
0.5-m GSD. The reference data for testing remain undisclosed
and were used for the evaluation of the submitted results at a
0.5-m GSD for all the tracks in DASE.

As shown in Table I, the distribution of the classes is imbal-
anced for training, while that of the test area is better balanced
by resampling. The training and test areas were fully separated
into different regions with a ratio of 4 to 10 to assess the gen-
eralization ability of classification systems. Different from the
2013 DFC, where the ground truth was sparse, the dense ref-
erence data provided for training during 2018 DFC were made
available to promote the advancement of deep learning-based
approaches, leading to the imbalance issue. For testing, the ref-
erence data were created in the same way as for the training area

TABLE I
LULC CLASSES

but the samples were randomly resampled from the entire test
area to balance the numbers of test samples for different classes.

III. SUBMISSIONS AND RESULTS

There are 374 unique registrations for downloading the data
and 95 teams participated in the contest. We have received a to-
tal of 1334 submissions, divided into 538, 347, and 449 submis-
sions for the data fusion, multispectral LiDAR, and HS tracks,
respectively. The ranking of the submitted classification results

IEEE GRSS DFC 2018
https://doi.org/10.1109/JSTARS.2019.2911113

Red tiles = train, remaining tiles = test

Model Accuracy Kappa

SVM 42.51 0.39

1D NN 41.08 0.37

1D CNN (Hu et al, 2015) 47.01 0.44

RNN (Mou et al, 2017) 41.53 0.38

2D+1D CNN (Ben Hamida, 2016) 46.28 0.43

3D CNN (Li et al, 2017) 49.26 0.46

Metrics for Multi-Class Classification: an Overview A WHITE PAPER

If two random and categorical variables are independent they should have this Accuracy TP⇤+TN⇤

100 . But, since we want
that the Predicted and Actual distribution to be as dependent as possible, Cohen’s Kappa score directly subtracts this
previous Accuracy from the observed agreement at the numerator of the formula. In this way, we have obtained an
Accuracy value related only to the goodness of the model and we have already deleted the part ascribed to chance (the
Expected Accuracy).

Just as a reminder, two dependent variables are also correlated and identified by reciprocal agreement. In our case a
high correlation is observed when the model’s Prediction assigns a unit to one class, and the same unit has been also
assigned to the same class by the Actual classification.

5.2.2 Cohen’s Kappa for multi-class cases

In the multi-class case, the calculation of Cohen’s Kappa Score changes its structure and it becomes more similar to
Mattheus Correlation Coefficient [13].

Referring to Multi-class Confusion Matrix C in Figure 8:

K =
c⇥ s�

PK
k pk ⇥ tk

s2 �
PK

k pk ⇥ tk

(40)

Where:

• c =
PK

k Ckk the total number of elements correctly predicted

• s =
PK

i

PK
j Cij the total number of elements

• pk =
PK

i Cki the number of times that class k was predicted (column total)

• tk =
PK

i Cik the number of times that class k truly occurs (row total)

MCC and Cohen’s Kappa coincides in the multi-class cases apart from the denominator that is slightly lower in Cohen’s
Kappa score justifying slightly higher final scores. However some evidences of the binary case still holds: when K is
equal to 0 the model’s Prediction is totally independent from the Actual classification and if K is equal to 1 the model’s
Prediction is totally dependent from the Actual classification. Instead K is negative when the agreement between the
algorithm and the true labels distribution is worse than the random agreement, so that there is no accordance between
the model’s Prediction and the Actual classification.

As before, the advantage of Cohen’s Kappa score must be sought through the measure of Expected Accuracy as an
intrinsic characteristic of a given dataset. In the multi-class case the Expected Accuracy assumes the shape of the sum
applied on the row and column totals multiplication for each class k (40).

5.2.3 Useful Applications

Cohen’s Kappa finds useful applications in many classification problems.
Firstly it allows the joint comparison of two models for which it has registered the same accuracy, but different values
of Cohen’s Kappa. Figure 12 is a simplified binary example, where K increases more the errors are unbalanced towards
one class. This is true also for multi-class settings.

Figure 12: Cohen’s Kappa Matrix for comparison

Secondly, the Expected Accuracy re-scales the score and represents the intrinsic characteristics of a given dataset.
We consider both the number of classes and the fact to be balanced or unbalanced towards a group of classes as the two

15

c = # correct predictions
s = # samples
pk = # predicted k
tk = # true k

problem far from being solved…

DFC winners (FCN) report OA = 41.09, Kappa = 0.37 with HSI only, 
but OA = 80.78, Kappa = 0.8 when fusing with LIDAR 
and post-processing (same scores with LIDAR-post only)

https://doi.org/10.1109/JSTARS.2019.2911113


A FEW REMAINING TIPS & TRICKS

• If dataset = image with spatial correlation, 
2D approach will outperform pixelwise classifiers in most cases.

• Bigger models = more parameters to optimize = more training samples
• Large convolution kernels = slower, especially in 3D
• FCN efficient since they predict several pixels at a time 

+ no fully connected layer = less parameters = easier to train
• Non-saturating activation functions (e.g. ReLU) alleviate vanishing gradients

= help build deeper networks while being faster to compute than sigmoid or tanh
• Most important hyperparameter = learning rate ⍺

• if too high, loss will diverge or oscillate without reaching the local minimum
• if too low, very slow to converge
• so prefer the highest ⍺ that makes not the loss diverge at first then slowly decrease it 

during training, or use an optimizer with adaptive learning rate (e.g. ADAM)
• And many other things, among which: initialization, batch size/normalization, dropout, data 

shuffle, data augmentation, class weighting, etc
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Semi-Supervised Semantic Segmentation in Earth Observation: The MiniFrance suite, 

dataset analysis and multi-task network study. 

Machine Learning, 2021



TRAINING A DEEP NETWORK IS STRAIGHTFORWARD 

All you need is … numerous training samples ?

Let us consider a SegNet model successful on the ISPRS Vaihingen dataset.
N. Audebert, B. Le Saux, S. Lefèvre. 
Beyond RGB: Very High Resolution Urban Remote Sensing with Multimodal Deep Networks. 
ISPRS Journal of Photogrammetry and Remote Sensing, 140:20-32, 2018

OA ≃ 90%
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ISPRS Vaihingen, 33 IR-R-G tiles of ≃ 2000x1500 pixels (16 with GT), 6 classes

Benchmark is closed, so we split the 16 tiles into 12 for train, 4 for validation



Prediction quality almost stable vs. number of training samples 😲

Why ?

(a) Tile 30 (b) Ground truth (c) 10 tiles training (d) 6 tiles training (e) 1 tile training

Fig. 2: Visualization of results of the different training phases over the Vaihingen dataset.

Deep networks achieve top results on most of the public
benchmark EO datasets [4], [8], [11], [14], with excellent
performances over 80 to 90% accuracy. However, these meth-
ods are supervised, and still require a large amount of dense
pixel-wise annotated data during the training phase. Most of
the time, there exists only a small number of annotations on
which to train models. In this context, we aim to answer
the following question: how much data are needed to train a
supervised neural network for semantic segmentation in Earth
Observation?

This problem can be tackled in three ways: a first category
tries to reduce the number of parameters of a model, while
keeping data unchanged [9], a second one trains models with
large, incomplete ground truth [7] and a third one is to focus
on a small amount of well annotated data. In this paper,
we consider the third option. In addition, applying a model
trained on one dataset to another one yields in a serious
drop of accuracy. This is known as the domain adaptation
problem [16], and leads us to wonder what are the desired
properties of a good training dataset.

To this aim, we set up several experiments to investigate the
behaviour of network training with respect to the data. First,
we aim at quantifying the amount of data required to obtain
good performances in a standard set-up. Second, we renew the
experiment with a more large-scale dataset to understand the
relationship between training and genericity of the resulting
models. In all experiments, we use as a baseline an efficient
and versatile FCN: SegNet [2], [3]. It presents an encoder-
decoder architecture, its encoder part is similar to VGG16 [15]
and thus can be initialized with pre-trained weights. Training
is achieved with Stochastic Gradient Descent and the standard
cross-entropy loss function weighted over pixels.

III. ANALYSIS OF SUPERVISED LEARNING ON
SMALL-SCALE DATASETS

The ISPRS 2D Semantic Labeling [14] Vaihingen dataset
consists of 33 infrared-red-green tiles with a spatial resolution
of 9cm/px and an average size of 2000 ⇥ 1500px. Dense
annotations are available on 16 tiles for 6 classes of interest:
impervious surfaces, buildings, low vegetation, trees, cars
and clutter. The associated benchmark being now closed, we

perform experiments using 12 annotated tiles for training
(train) and 4 tiles for validation (denoted by val).

In our first experiment, we aim to test the sensitivity of
supervised learning to training. So we reduce the amount of
annotated images used for training, from 12 tiles to only one,
while val remains unchanged. Additionally, two different train-
ing settings are compared on the course of this experiment.
First, we train our network by initializing the encoder with
the pre-trained weights from VGG-16 on ImageNet. Secondly,
we repeat the experiment, but weights are randomly initialized
using the policy from [6]. This allows us to study if we can
benefit from transfer learning. Results are presented in Fig. 1.
The outcomes of this experiment are somehow surprising.
However, going from 90% to 80% of overall accuracy and
65% to 50% of mIoU when reducing the number of training
tiles from 12 to 1 is much better than one would expect.
Indeed, we supposed that reducing the number of training tiles
would seriously impact the performance of the network. One
possible reason is that all the images in the Vaihingen dataset
are alike, thus, to generalize on them is a relatively easy task.
On the other hand, the mean IoU decreases faster than the
accuracy showing that one must be careful when interpreting
these scores.

To better understand the quantitative scores from Fig. 1
in terms of segmentation quality, Fig. 2 shows the different
predictions obtained for tile 30. We can observe that the
quality of the segmentation map decreases notably when
less annotated tiles are used during the training phase. It is
interesting to note that there is not a considerable difference
between training with 10 tiles and with 6 tiles, however there is
a greater difference when training with 1 tile: borders are less
smooth and little objects (such as cars) are not well learned,
which explains why the mean IoU decreases faster on Fig. 1.

To assess the idea that the Vaihingen dataset has much
redundancy, we observed its statistical distribution. In Fig. 4(a)
and (b), we compare the color histograms over the 3 channels
for train and val. Indeed, they are almost identical, which
indicates that learning on a single location might not be
so challenging. Actually, this is even promising in terms of
practical business applications, since mapping an area can be
achieved after labeling only a few images.



Train and validation sets show very similar color distributions

Somehow the same problem as previously reported with random sampling on HSI

Fig. 3: MiniFrance dataset overview.

IV. SUPERVISED LEARNING AT LARGE-SCALE

The previous section stressed out a limitation of standard
datasets for semantic mapping. If some already take into
account multiple locations, they are devoted to a single class
(such as buildings [8], [11]) or to land cover classes [16],
but do not offer generic land use classes. Consequently, we
introduce the MiniFrance dataset with the purpose of adding
variety to the existing datasets for semantic segmentation.

MiniFrance consists of aerial images of 16 cities or conur-
bations from different regions in France (see Fig. 3). It is built
using the 2 following data sources:

• Orthophotos from the BD ORTHO® free access database
from the IGN (French National Mapping Agency) 1,
acquired between 2012 and 2014. Each tile size is
10, 000⇥10, 000 pixels and the ground sampling distance
of these images is 50cm/px.

• Labelled ground truth obtained from the Copernicus Ur-
ban Atlas 2012 database2. In this paper we focus on the
second level of the semantic hierarchy, and 15 land use
classes are considered, including urban fabric, industrial
and transport units, arable lands, pastures, forests, open
spaces, waterlands, and water.

We also propose a fixed partition for coherency of compar-
isons: 8 cities are used for training and the remaining 8
ones for test, keeping diversity in terms of architecture and
urban design in both subsets. All in all, it is constituted
of 2121 images, each of them of size 10, 000 ⇥ 10, 000
pixels. Therefore, MiniFrance dataset is 2719 times larger than
Vaihingen.

Similarly to Sec. III, we first test the influence of the
amount of training data over the classification. However, due to
computational times 3, we conduct more focused experiments.
We train with the whole dataset, then only consider 10%
of images on the dataset (we make sure to pick 10% of

1http://professionnels.ign.fr/bdortho
2https://land.copernicus.eu/local/urban-atlas/urban-atlas-2012/view
3Using a Titan X GPU, training over MiniFrance takes 40 hours, while

testing takes 25 hours

images from each conurbation to conserve the diversity of
the dataset), and finally use only one city for training (the
seaside town of Caen, which represents a similar amount of
data: 12.5%). Test set remains the same. Following results of
previous experiments (see Fig. 1), weights are initialized as
the pre-trained weights for the VGG-16 network.

TABLE I: Classification performances with respect to amount
of data.

Train set OA mIoU

100 % 52.40 15.79
10 % 50.14 15.25

Caen only (⇠ 12.5%) 42.09 10.05

Hence, results are shown in Table I 4. Performances are not
reaching the same level than on Vaihingen, which could be
expected since working with this dataset is still at early stages
and the land use classes are more abstract and difficult than
land cover ones. However, considering our current issue, it
is worth noting that training with all and 10% data leads to
similar scores, both in accuracy and IoU. By picking our 10%
sample images all over the dataset, we preserved the diversity
of the training set and did not degrade the results too much
(even if more data is better). On the contrary, training with a
single location implies a 10% loss in accuracy and 5% less of
mIoU. Clearly, the training dataset does not then offer enough
variety to encompass all the potential images of the test set.

In a second experiment, we apply the model trained on
the whole dataset to each city or conurbation of the test set.
Results are shown in Table II. It is interesting to observe that
the performance of the network varies notably between some
conurbations, revealing differences between cities and a lack of
generalization capacity from the model. Indeed, we observe in

(a) Vaihingen train set (b) Vaihingen val. set

(c) MiniFrance train set (d) MiniFrance test set

Fig. 4: Per channel color histograms over the Vaihingen and
the MiniFrance datasets, comparing train and validation/test
subsets.

4On this table and for the rest of the document, OA stands for Overall
Accuracy and mIoU is Mean IoU.



MiniFrance, a new, heterogeneous, challenging EO dataset
publicly available https://ieee-dataport.org/open-access/minifrance

a 

EO datasets at submeter resolution
(circle area: surface covered)

Very large dataset for semantic segmentation
Large-scale
• ≃ 53,000 km2 (12x larger than DeepGlobe)
• ≃ 150 GB
• >2000 Aerial RGB images 10,000 x10,000 pixels,

50cm/pix, BD ORTHO (IGN) 
Rich and varied
• 16 conurbations all over France,

various climates & landscapes 
(Mediterranean, oceanic, montainous)

High semantic level of classes
• 14 land-use classes, Copernicus Urban Atlas
Underlying domain adaptation problem
• Train and test sets split by city
Designed for semi-supervised semantic segmentation
• Train split includes 2 labeled cities, 6 unlabeled ones

https://ieee-dataport.org/open-access/minifrance
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on several locations with different appearances: this allows to push further the
generalization capacities of the models.

3.1 MiniFrance

It consists of data corresponding to 16 conurbations and their surroundings from
different regions in France (see Figure 1 and Table 2). It includes urban and coun-
tryside scenes: residential areas, industrial and commercial zones but also fields,
forests, sea-shore or low mountains.

Table 3: Land Use classes available in MiniFrance.

Class % pixels Color

Urban fabric 9.6 %
Industrial, commercial, public, military,

private and transport units
6.4 %

Mine, dump ans construction sites 0.7 %
Artificial non-agricultural vegetated areas 1.1 %

Arable land (annual crops) 29.5 %
Permanent crops 1.0 %

Pastures 29.0 %
Complex and mixed cultivation patterns 0.0 %
Orchards at the fringe of urban classes 0.0 %

Forests 15.9 %
Herbaceous vegetation associations 4.6 %

Open spaces with little or no vegetation 0.4 %
Wetlands 0.7 %

Water 1.0 %
Clouds, shadows or no data 0.1 %

Fig. 2: Some samples of MiniFrance dataset on different localizations. Images (up)
and their associated ground-truth (down). From left to right: Nice, Rennes and
Vannes.

Semi-Supervised Semantic Segmentation in Earth Observation 7

3 The MiniFrance Suite

Considering the limitations of current Earth Observation (EO) datasets empha-
sized in Section 2.2, we propose a new large-scale benchmark suite for semi-
supervised semantic segmentation: MiniFrance. As in real life EO applications,
it comprises both labeled and unlabeled imagery for developing and training al-
gorithms. To our knowledge, this is the first dataset designed for benchmarking
semi-supervised learning in the field. Moreover, it consists of a variety of classes

Fig. 1: Dataset overview.

Table 2: List of cities in MiniFrance and split details.

Conurbation Tiles % pixels Color

T
r
a
in

in
g L
a
b
e
le
d Nice 170 8.01 %

Nantes, Saint-Nazaire 226 10.65 %

U
n
la

b
e
le
d

Le Mans 107 5.04 %
Brest 88 4.14 %

Lorient 68 3.20 %
Caen 126 5.94 %

Dunkerque, Calais, Boulogne-sur-Mer 150 7.07 %
Saint-Brieuc 71 3.34 %

T
e
s
t

Marseille, Martigues 162 7.63 %
Rennes 196 9.24 %
Angers 123 5.79 %

Quimper 79 3.72 %
Vannes 73 3.44 %

Clermont-Ferrand 150 7.07 %
Lille, Arras, Lens, Douai, Hénins 275 12.96 %

Cherbourg 57 2.68 %

look similar
🤔

all urban fabric…
but look different

🤔



(IF MINI-FRANCE IS TOO LARGE FOR YOU)

TinyMiniFrance 
• 3,500 images of size 1,000 x 1,000 pixels (≃ 1,7% of MiniFrance)
• Uniform sampling over each region of miniFrance (including all tiles)
• Fast development and training, without losing generality

HOW TO
1. Design your model on TinyMiniFrance
2. Train, assess, optimize it on TinyMiniFrance
3. If needed, retrained the final model on MiniFrance



Are colour histograms enough to assess variety?

Fig. 3: MiniFrance dataset overview.

IV. SUPERVISED LEARNING AT LARGE-SCALE

The previous section stressed out a limitation of standard
datasets for semantic mapping. If some already take into
account multiple locations, they are devoted to a single class
(such as buildings [8], [11]) or to land cover classes [16],
but do not offer generic land use classes. Consequently, we
introduce the MiniFrance dataset with the purpose of adding
variety to the existing datasets for semantic segmentation.

MiniFrance consists of aerial images of 16 cities or conur-
bations from different regions in France (see Fig. 3). It is built
using the 2 following data sources:

• Orthophotos from the BD ORTHO® free access database
from the IGN (French National Mapping Agency) 1,
acquired between 2012 and 2014. Each tile size is
10, 000⇥10, 000 pixels and the ground sampling distance
of these images is 50cm/px.

• Labelled ground truth obtained from the Copernicus Ur-
ban Atlas 2012 database2. In this paper we focus on the
second level of the semantic hierarchy, and 15 land use
classes are considered, including urban fabric, industrial
and transport units, arable lands, pastures, forests, open
spaces, waterlands, and water.

We also propose a fixed partition for coherency of compar-
isons: 8 cities are used for training and the remaining 8
ones for test, keeping diversity in terms of architecture and
urban design in both subsets. All in all, it is constituted
of 2121 images, each of them of size 10, 000 ⇥ 10, 000
pixels. Therefore, MiniFrance dataset is 2719 times larger than
Vaihingen.

Similarly to Sec. III, we first test the influence of the
amount of training data over the classification. However, due to
computational times 3, we conduct more focused experiments.
We train with the whole dataset, then only consider 10%
of images on the dataset (we make sure to pick 10% of

1http://professionnels.ign.fr/bdortho
2https://land.copernicus.eu/local/urban-atlas/urban-atlas-2012/view
3Using a Titan X GPU, training over MiniFrance takes 40 hours, while

testing takes 25 hours

images from each conurbation to conserve the diversity of
the dataset), and finally use only one city for training (the
seaside town of Caen, which represents a similar amount of
data: 12.5%). Test set remains the same. Following results of
previous experiments (see Fig. 1), weights are initialized as
the pre-trained weights for the VGG-16 network.

TABLE I: Classification performances with respect to amount
of data.

Train set OA mIoU

100 % 52.40 15.79
10 % 50.14 15.25

Caen only (⇠ 12.5%) 42.09 10.05

Hence, results are shown in Table I 4. Performances are not
reaching the same level than on Vaihingen, which could be
expected since working with this dataset is still at early stages
and the land use classes are more abstract and difficult than
land cover ones. However, considering our current issue, it
is worth noting that training with all and 10% data leads to
similar scores, both in accuracy and IoU. By picking our 10%
sample images all over the dataset, we preserved the diversity
of the training set and did not degrade the results too much
(even if more data is better). On the contrary, training with a
single location implies a 10% loss in accuracy and 5% less of
mIoU. Clearly, the training dataset does not then offer enough
variety to encompass all the potential images of the test set.

In a second experiment, we apply the model trained on
the whole dataset to each city or conurbation of the test set.
Results are shown in Table II. It is interesting to observe that
the performance of the network varies notably between some
conurbations, revealing differences between cities and a lack of
generalization capacity from the model. Indeed, we observe in

(a) Vaihingen train set (b) Vaihingen val. set

(c) MiniFrance train set (d) MiniFrance test set

Fig. 4: Per channel color histograms over the Vaihingen and
the MiniFrance datasets, comparing train and validation/test
subsets.

4On this table and for the rest of the document, OA stands for Overall
Accuracy and mIoU is Mean IoU.
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IV. SUPERVISED LEARNING AT LARGE-SCALE

The previous section stressed out a limitation of standard
datasets for semantic mapping. If some already take into
account multiple locations, they are devoted to a single class
(such as buildings [8], [11]) or to land cover classes [16],
but do not offer generic land use classes. Consequently, we
introduce the MiniFrance dataset with the purpose of adding
variety to the existing datasets for semantic segmentation.

MiniFrance consists of aerial images of 16 cities or conur-
bations from different regions in France (see Fig. 3). It is built
using the 2 following data sources:

• Orthophotos from the BD ORTHO® free access database
from the IGN (French National Mapping Agency) 1,
acquired between 2012 and 2014. Each tile size is
10, 000⇥10, 000 pixels and the ground sampling distance
of these images is 50cm/px.

• Labelled ground truth obtained from the Copernicus Ur-
ban Atlas 2012 database2. In this paper we focus on the
second level of the semantic hierarchy, and 15 land use
classes are considered, including urban fabric, industrial
and transport units, arable lands, pastures, forests, open
spaces, waterlands, and water.

We also propose a fixed partition for coherency of compar-
isons: 8 cities are used for training and the remaining 8
ones for test, keeping diversity in terms of architecture and
urban design in both subsets. All in all, it is constituted
of 2121 images, each of them of size 10, 000 ⇥ 10, 000
pixels. Therefore, MiniFrance dataset is 2719 times larger than
Vaihingen.

Similarly to Sec. III, we first test the influence of the
amount of training data over the classification. However, due to
computational times 3, we conduct more focused experiments.
We train with the whole dataset, then only consider 10%
of images on the dataset (we make sure to pick 10% of

1http://professionnels.ign.fr/bdortho
2https://land.copernicus.eu/local/urban-atlas/urban-atlas-2012/view
3Using a Titan X GPU, training over MiniFrance takes 40 hours, while

testing takes 25 hours

images from each conurbation to conserve the diversity of
the dataset), and finally use only one city for training (the
seaside town of Caen, which represents a similar amount of
data: 12.5%). Test set remains the same. Following results of
previous experiments (see Fig. 1), weights are initialized as
the pre-trained weights for the VGG-16 network.

TABLE I: Classification performances with respect to amount
of data.

Train set OA mIoU

100 % 52.40 15.79
10 % 50.14 15.25

Caen only (⇠ 12.5%) 42.09 10.05

Hence, results are shown in Table I 4. Performances are not
reaching the same level than on Vaihingen, which could be
expected since working with this dataset is still at early stages
and the land use classes are more abstract and difficult than
land cover ones. However, considering our current issue, it
is worth noting that training with all and 10% data leads to
similar scores, both in accuracy and IoU. By picking our 10%
sample images all over the dataset, we preserved the diversity
of the training set and did not degrade the results too much
(even if more data is better). On the contrary, training with a
single location implies a 10% loss in accuracy and 5% less of
mIoU. Clearly, the training dataset does not then offer enough
variety to encompass all the potential images of the test set.

In a second experiment, we apply the model trained on
the whole dataset to each city or conurbation of the test set.
Results are shown in Table II. It is interesting to observe that
the performance of the network varies notably between some
conurbations, revealing differences between cities and a lack of
generalization capacity from the model. Indeed, we observe in

(a) Vaihingen train set (b) Vaihingen val. set

(c) MiniFrance train set (d) MiniFrance test set

Fig. 4: Per channel color histograms over the Vaihingen and
the MiniFrance datasets, comparing train and validation/test
subsets.

4On this table and for the rest of the document, OA stands for Overall
Accuracy and mIoU is Mean IoU.



Class representativeness

To properly learn a given class, 
any learning algorithm needs to see at least 
some examples of this class during training.

Labelled training data must contain a good 
representation of all classes in the dataset, 
ideally with the same distribution than in the 
test data.

Appearance similarity

(In a standard supervised setting)
appearance features in the training set should 
have the same distribution as those on the test 
set to achieve good inference results.

Labelled training data must cover all range of 
appearances of different visual features in the 
dataset.

This constraint is hardly met in practice.

IDEAL LEARNING CONDITIONS



Class representativeness

To properly learn a given class, 
any learning algorithm needs to see at least 
some examples of this class during training.

Labelled training data must contain a good 
representation of all classes in the dataset, 
ideally with the same distribution than in the 
test data.

Appearance similarity

(In a semi-supervised learning setting) unlabelled 
data provide more information on the possible 
visual features, help learning a wider appearance 
of each class, favouring generalization, bringing 
more robustness against distribution shift.

Training data (labelled and unlabelled) must cover 
all range of appearances of different visual 
features in the dataset.

Unlabelled data are far less costly to collect.

IDEAL LEARNING CONDITIONS



ASSESSING APPEAREANCE SIMILARITY

How to assess appeareance similarity between train and test sets?
1. For each image in the dataset, compute CNN features using pre-trained network 

(e.g. VGG16, ResNet34)
2. Apply t-SNE to the set of high-dimensional 

feature vectors to obtain a 2D representation
3. Each point in the 2D space can be traced back 

to the original tile and city it comes from. 
One-class SVM is used to estimate distribution 
of the city images in the 2D space.

4. Appearance similarity 
and coverage between cities is evaluated using 

• IoU between 2D surfaces
• IoT (Intersection over Test area score)



Without any training so far, we can see that
• IoU not very high: no identical appearance between cities in the train and test set
• IoT high: testing cities well covered by the ensemble of training cities



ASSESSING CLASS REPRESENTATIVENESS

1. Per-city class distribution using histograms
2. Visualization on the t-SNE
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Fig. 13: Appearance representation aggregated by split as defined in Table 2

Table 5: IoU and IoT scores between training data – labeled and unlabeled –
and test data. Scores are presented in numerical form as well as color code for
comparison with Figure 6.

S1 - S2 IoU(S1, S2) IoT (S1, S2)

Labeled - Test 0.63 0.64
Unlabeled - Test 0.87 0.93

Table 5 presents the IoU and IoT scores between the surfaces in Figure 13 and
confirms the information above. Thus, even if the labeled training split contains
all classes of the test split, 64% of IoT means it is far from covering all the possible
appearances. However, with 93% of IoT score with the test area, the unlabeled
training split offers wider information about the visual features present in the
MiniFrance dataset that should be exploited to achieve good quality classification
and generalization.

In brief, MiniFrance is a very challenging dataset for semantic segmentation
that promotes new solutions in a semi-supervised manner as some appearances can
only be extracted from the unlabeled data. However, train and test adequacy was
carefully controlled to avoid domain shift and such disentangle semi-supervised
learning from domain adaptation and transfer learning.

6.3 Supervised and Semi-supervised Learning on MiniFrance

The purpose of this section is to show that we can benefit from semi-supervised
learning – using unlabeled data during the learning process – to achieve better
results and generalization than vanilla supervised approaches.

To this end, we perform experiments to compare a semi-supervised setting
with an equivalent supervised approach, using different backbone architectures.
First, we train supervised networks (SegNet and U-Net) in a classical way, using
the cross-entropy loss, over the labeled training split of tinyMiniFrance. Secondly,
we train a BerundaNet-late architecture (with SegNet and U-Net backbone) over
tinyMiniFrance – using both, labeled and unlabeled data –, which is the equivalent
semi-supervised strategy. We train BerundaNet-late with a reconstruction task (L1

Class representativeness ✔

Appearance similarity ✔ (thanks to unlabelled data)

Much larger variety of appearances in urban scenes, 
and in tiny(MiniFrance) dataset in general



☕
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• Applications to EO
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• Lecture #2: Solutions for Complex Data
• Focus on main EO tasks: 
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• Focus on some complex data: 
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A FIRST SIAMESE NETWORK SOLUTION

Feature Subnetwork
(ResNet34)
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Similar Objects Different Objects



Siamese Network Without Geometry

Siamese Network With Geometry and concatenated 
features at input

Ours









A SECOND SIAMESE NETWORK SOLUTION

SSD



A SECOND SIAMESE NETWORK SOLUTION



Illustrating reprojection



Qualitative and quantitative assessment

Pasadena multi-view ReID dataset
6,020 individual tree objects
6,141 panormas
Approx 4 trees
per panorama are annotated



Qualitative and quantitative assessment
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Qualitative and quantitative assessment

More than 2 views?

Aerial imagery?





A GRAPH CNN SOLUTION

(Chen et al, 2019)



A GRAPH CNN SOLUTION

(Chen et al, 2019)



Graph of object occurrences as nodes
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Graph of object occurrences as nodes









Method # Views Type Data set Detection mAP Re-ID mAP Geo-localization error (m)

MRF 4 SV

Pasadena

0,742 - 3,83

SSD-ReID-Geo 2 SV 0,682 0,731 3,13

GeoGraph 2 SV
0.742

0,754 2,94

GeoGraph 4 SV 0,763 2,75

GeoGraphV2 4 SV 0,721 0,866 2,32

GeoGraphV2
5

SV 0,71
0,815 1,862

GeoGraphV2 AR 0,41



Mappilary Dataset
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SMALL OBJECT DETECTION, AN EO PROBLEM

When the spatial resolution is too low w.r.t. the size of objects of interest
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Approach #1: 
adapt a standard object detector 
to small objects

YOLO-fine (1-stage, fast detection)
• inspired from YOLOv3
• tailored for small objects (68 layers vs 106)
• lightweight network (18 MB vs 237)
• Able to cope with aerial & satellite imagery (Pleiades)

SMALL OBJECT DETECTION, AN EO PROBLEM
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Approach #1: 
adapt a standard object detector 
to small objects

YOLO-fine (1-stage, fast detection)
• inspired from YOLOv3
• tailored for small objects (68 layers vs 106)
• lightweight network (18 MB vs 237)
• Able to cope with aerial & satellite imagery (Pleiades)

SMALL OBJECT DETECTION, AN EO PROBLEM

Version February 2, 2021 submitted to Remote Sens. 20 of 26

Model Precision Recall F1-score mAP
SSD 0.80 0.62 0.70 68.09
EfficientDet(D0) 0.84 0.78 0.81 82.45
EfficientDet(D1) 0.80 0.75 0.78 82.51
Faster R-CNN 0.50 0.72 0.59 57.01
RetinaNet(50) 0.70 0.21 0.33 34.84
YOLOv2 0.75 0.41 0.53 47.68
YOLOv3 0.77 0.74 0.75 78.93
YOLOv3-tiny 0.66 0.61 0.64 62.03
YOLOv3-spp 0.81 0.73 0.77 77.34
YOLO-fine 0.87 0.72 0.79 84.34

Table 7. Detection results on XVIEW. Best results of F1-score and mAP in bold.
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Figure 10. Illustration of detection results on XVIEW.
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Approach #2:
use super-resolution to (artificially) 
increase image resolution

Object detection-driven
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Figure 6. Architecture of a cycle network: super-resolution generator and its discriminator (top), and
low-resolution generator and its discriminator (bottom).

at 12.5cm/pixel and LR at 1m/pixel). To confirm these remarks with qualitative evaluation, one204

can observe from Table 5 the detection results yielded by YOLOv3 detector performed on different205

SR methods (including also our final improvement described in the next subsection). Here, three206

IoU-thresholds of 0.05, 0.25 and 0.5 were set for our experiments. We observe a clear increase in207

the detection rate provided by the SR-WGAN and more significantly by the SR-CWGAN approach208

compared to the baseline EDSR method. For low IoU thresholds of 0.05 and 0.25 (which are relevant to209

detect small objects), SR-CWGAN gained approximately 20% of mAP compared to EDSR (i.e. 66.72%210

compared to 47.85% with IoU of 0.05 and 62.82% compared to 42.32% with IoU of 0.25). Then, for a211

high IoU value of 0.5, it also produced an mAP of 12.75% superior than the EDSR. These improvements212

are encouraging and significant regardless the fact that these results are still far from those obtained213

using the HR version (i.e. 96.36%, 93.57% and 82.14%, respectively). Let us now present the last214

improvement within this study in the following subsection.215

LR EDSR SR-WGAN SR-CWGAN

Figure 7. Illustration of super-resolved images by different methods.
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3.3. Integration of an auxiliary network216

We finally propose to add an auxiliary network to the previous architectures. An auxiliary217

network could be any task-specific network which achieves great performance on the studied data.218

Since our final goal is object detection, we adopt an object detection network to play the role of this219

auxiliary component. By doing so, we would like to ensure the positions of the objects of interest to be220

the same as those in the original image, since they could be shifted or displaced during the training of221

SR generative models, especially when the SR factor is high. In this study, we exploit the YOLOv3222

object detector as our auxiliary network during training of the super-resolution. It should be noted223

that the choice of YOLOv3 is optional and could be replaced with other state-of-the-art object detection224

models (cf. review in [7]).225

Figure 8 illustrates the integration of YOLOv3 as an auxiliary network into the SR-WGAN226

architecture. We note that this integration could be implemented within the SR-WGAN and227

SR-CWGAN versions. During the SR learning process, the images produced by the generator are thus228

passed to the input of YOLOv3 which calculates the predictions and the loss function (LYolo) from229

predicted bounding boxes. This loss is then added to the total loss whose gradient is back-propagated230

to update the weights of other network components (generator and discriminator). Meanwhile, the231

weights of auxiliary YOLOv3 remain fixed during the training. Here, we consider that our auxiliary232

network has a great detection performance on the high-resolution data, so its weights should not be233

touched to compute the auxiliary loss related to object localization during the SR training.234

xSR
xHR

xLR

xSR

Generator (Gsr)

real or fake?

Discriminator (D)

Auxiliary (Yolo)

xSR = Gsr(xLR)

Figure 8. SR-WGAN architecture with the addition of YOLOv3 as an auxiliary network (i.e.
SR-WGAN-Yolo).

The overall loss function is now composed of three components:235

• LGsr of generator;
LGsr = |Gsr(xLR)� xHR|

• LD of discriminator (Wasserstein GAN) as in Equation (1);

LD = Â
xHR⇠Pr

[Df(xHR)]� Â
xSR⇠Pg

[Df(xSR)] + l Â
x̂⇠Px̂

[(krDf(x̂)k2 � 1)2]

Approach #2:
use super-resolution to (artificially) 
increase image resolution

Object detection-driven
super-resolution network
• GAN for image super-resolution
• Cycle-GAN performs better
• with auxiliary tasks

(object detection, semantic segmentation)

SMALL OBJECT DETECTION, AN EO PROBLEM
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LR SR-CWGAN SR-CWGAN-Yolo HR

(a) Super-resolved images compted to LR and HR images.

LR SR-CWGAN SR-CWGAN-Yolo HR

(b) Zoom on 2 vehicles.
Figure 10. Visualization of the super-resolution results (factor 8) provided by the SR-CWGAN and
SR-CWGAN-Yolo compared to the LR version (1m/pixel) and HR version (12.5cm/pixel).

yielded by auxiliary-added models did not generate more false positives (false alarms) than those283

without auxiliary. Last but not least, the qualitative detection results from the studied area shown in284

Figure 11 confirm the performance of our proposed models. Compared to the last result obtained from285

the HR image, all WGAN-based SR models developed in this study helped to detect all 4 vehicles286

from the scene, while only 2 and 3 of them were detected from the SR images yielded by the bicubic287

interpolation and the original EDSR network, respectively. Among the 4 developed networks, the final288

SR-CWGAN-Yolo model provided the most confident detection results (i.e. highest value obtained by289

averaging the 4 confidence scores).290

Table 5. mAP results obtained with different levels of IoU for all the methods explored in this study.
Best results in bold.

Method IoU = 0.05 IoU = 0.25 IoU = 0.5
HR 96.36 93.57 82.14

Bicubic 22.80 17.40 09.53
EDSR 47.85 42.32 34.43

SR-WGAN 63.76 59.54 44.67
SR-CWGAN 66.72 62.82 47.18

SR-CWGAN-Yolo 76.74 71.31 55.05

3.4. Evaluation with various object detectors291

In this section, we assess the performance of our final super-resolution network w.r.t. the main292

object detectors, including Faster R-CNN (with VGG-16 backbone) [34], EfficientDet (D0) [6,35],293

RetinaNet-50 [36], and YOLOv3. To do so, we first trained these detectors on the HR version of294

Potsdam dataset (256 ⇥ 256 pixels), before evaluating them on the super-resolved images produced295

Version August 4, 2020 submitted to Remote Sens. 12 of 17

LR SR-CWGAN SR-CWGAN-Yolo HR

(a) Super-resolved images compted to LR and HR images.

LR SR-CWGAN SR-CWGAN-Yolo HR

(b) Zoom on 2 vehicles.
Figure 10. Visualization of the super-resolution results (factor 8) provided by the SR-CWGAN and
SR-CWGAN-Yolo compared to the LR version (1m/pixel) and HR version (12.5cm/pixel).

yielded by auxiliary-added models did not generate more false positives (false alarms) than those283

without auxiliary. Last but not least, the qualitative detection results from the studied area shown in284

Figure 11 confirm the performance of our proposed models. Compared to the last result obtained from285

the HR image, all WGAN-based SR models developed in this study helped to detect all 4 vehicles286

from the scene, while only 2 and 3 of them were detected from the SR images yielded by the bicubic287

interpolation and the original EDSR network, respectively. Among the 4 developed networks, the final288

SR-CWGAN-Yolo model provided the most confident detection results (i.e. highest value obtained by289

averaging the 4 confidence scores).290

Table 5. mAP results obtained with different levels of IoU for all the methods explored in this study.
Best results in bold.

Method IoU = 0.05 IoU = 0.25 IoU = 0.5
HR 96.36 93.57 82.14

Bicubic 22.80 17.40 09.53
EDSR 47.85 42.32 34.43

SR-WGAN 63.76 59.54 44.67
SR-CWGAN 66.72 62.82 47.18

SR-CWGAN-Yolo 76.74 71.31 55.05

3.4. Evaluation with various object detectors291

In this section, we assess the performance of our final super-resolution network w.r.t. the main292

object detectors, including Faster R-CNN (with VGG-16 backbone) [34], EfficientDet (D0) [6,35],293

RetinaNet-50 [36], and YOLOv3. To do so, we first trained these detectors on the HR version of294

Potsdam dataset (256 ⇥ 256 pixels), before evaluating them on the super-resolved images produced295



CONTENTS OF THE LECTURES

• Deep Learning for Remote Sensing… see previous lectures (they were great!)
• Principles of Deep Learning
• Applications to EO

• Lecture #1: Good practices
• Training
• Evaluation

• Lecture #2: Solutions for Complex Data
• Focus on main EO tasks: 

semantic segmentation, object detection, change detection
• Focus on some complex data: 

LiDAR, SAR, multi-view imagery, low-resolution data

I. de Gelis, S. Lefèvre, T. Corpetti.

Change Detection in Urban Point Clouds: An Experimental Comparison with Simulated 3D Datasets.

Remote Sensing, 13(13):2629, 2021.

I. de Gelis, S. Lefèvre, T. Corpetti.

3D Urban Change Detection with Point Cloud Siamese Networks.

ISPRS Congress, 2021.



URBAN CHANGE DETECTION BETWEEN 3D POINT CLOUDS 

An important problem to assess urban evolution… 
yet not enough data to train (and evaluate) deep networks

Urb3DCD
Public dataset available on DataPort
https://dx.doi.org/10.21227/2vsq-f173

Simulate ALS from 3D city model
Multiple subsets for bidat
• Noise level
• Spatial resolution
• Scan angle
• Mimick multi-sensor data
• Small/medium/large training set

https://dx.doi.org/10.21227/2vsq-f173


SIAMESE KPCONV DEEP NETWORK
Coupling networks for change detection and for PC classification

Siamese for change detection
(Daudt et al, 2018)

KPConv for point cloud analysis
(Thomas et al, 2019)
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DESIGNING/TRAINING 3D NETWORKS IS NOT STRAIGHTFORWARD

For most authors, LiDAR = DSM
LIDAR semantic segmentation is easy, even with pre-trained 2D networks

Rasterization pros
• Reduce complexity
• Regular sampling
• Prior known amount of data
• Reduce radiometric and altimetric artefacts thanks to aggregation of values

2

a remotely-sensed scene, and improve its classification. This
was demonstrated using well-established multilevel features
(attribute profiles) and classifier (RF). Nevertheless, given the
widely-recognized performance of deep learning for semantic
segmentation, the interest of such rasters as inputs to a deep
network has still to be demonstrated. This is the goal of
this letter and the next section discusses about rasterization
strategies.

III. RASTERIZATION OF UNSTRUCTURED POINT CLOUDS

The main benefits of LiDAR rasterization are:
• To reduce the complexity since data are represented on

a regular grid;
• To provide a regular sampling (easier to manipulate

neighbours) instead of dealing with irregular point clouds;
• To have a prior known number of data unlike unknown

number of point clouds;
• To reduce the radiometric and altimetric artefacts

thanks to the aggregation of values.
In general the use of a DEM only is not optimal since
LiDAR systems enable to capture complex patterns in the three
dimensions and a DEM aggregates the vertical information.
This loss in the vertical direction is prejudicial since many
urban objects are characterised by their vertical structure. For
example in vegetated areas, the information in the vertical
direction enables to capture the whole trees structure (and
not only their surface). In addition, the vertical information
detects ground below vegetation or objects below trees such
as residential buildings, roads and cars. Therefore, we suggest
here to provide rasters where such information in the vertical
direction is kept. In comparison with other works [8], we
tried to summarise this vertical component by creating several
feature maps based on the vertical distribution, in addition to
usual DEMs. The general rasterization process can be defined
in three steps detailed below:

1- The reorganisation of the point clouds by binning

them into a regular grid. More formally, we apply a
transformation PRh,f (for “points to raster”, associated with
a discretization step h and an information function f ) defined
on the dataset X as:

PRh,f : R3 ⇥ R �! Eh ⇥ R
{x, y, z, I} 7�! {i, j, I(Xi,j)} with:
8
>>><

>>>:

Xi,j the set of points s.t.
i s.t. xm + ih  x < xm + (i+ 1)h

j s.t. ym + jh  y < ym + (j + 1)h

I(Xi,j) = f(i, j,Xi,j , I)

(1)

with Eh the raster grid, xm and ym the minimum values of
all points x and y in the dataset X . The rule of function
f is to associate to each cell location (i, j) an information
related to the data point Xi,j included in the cell. Its value
is discussed below.

2- The extraction of LiDAR feature maps. Many
functions f can be defined to provide rasters. For example a
DEM high and a DEM low uses respectively the positions of

Fig. 1: Overview of the SegNet architecture with LiDAR
rasters as input.

the maximum and the minimum z coordinates i.e., first and
last returns inside a cell Xi,j :

fDh(i, j, x, y, z, I) = max(z) s.t (x, y, z) 2 Xi,j

fDl(i, j, x, y, z, I) = min(z) s.t (x, y, z) 2 Xi,j
(2)

To enable more flexibility, other functions can be used such
as the intensity of the highest and lowest points:

fIh(i, j, x, y, z, I) = I(xp, yp, zp), p being the point s.t.
zp = max(z)(x,y,z)Xi,j

(3)

fIl(i, j, x, y, z, I) = I(xp, yp, zp), p being the point s.t.
zp = min(z)(x,y,z)Xi,j

(4)

or the number of echoes per cell:

fN (i, j, x, y, z, I) = |Xi,j | (5)

3- The interpolation of empty cells. If the discretization step
h is small, empty bins are likely to appear. In this work, we
fill them using a linear interpolation.

IV. NEURAL NETWORK

Deep learning approaches and particularly deep convolu-
tional neural networks are currently unrivalled at the top of
the state of the art for semantic segmentation applications. To
evaluate the pertinence of our different rasters, we exploited
the SegNet model [2] which has been widely used for semantic
segmentation in computer vision domain. In remote sensing,
this network has also proved its effectiveness on multispectral
images with visible (RGB) and infrared bands in [1]. The
SegNet model relies on an encoder-decoder architecture based
on convolutional layers of the VGG-16 network [7], followed
by batch normalization, rectified linear unit (ReLU) and then
pooling and unpooling layers (w.r.t the encoder and decoder,
respectively) [2]. The input of SegNet has usually three
channels by default. In our work, not only each of LiDAR
rasters but also their combinations will be used as input
of the network, which allows us to exploit complementary
information from those rasters for better segmentation results.

V. EXPERIMENTS

We first introduce the dataset and the LiDAR rasters we
used before discussing the efficiency of the proposed rasters.
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Yet, DSM is only one raster among others:
• Max Z (Dh), Min Z (Dl)
• Intensity Max Z (Ih) , Min Z (Il)
• # echoes (N)

Proposed approach
1. PC discretization
2. Feature extraction
3. Interpolation of empty cells
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(a) Ground truth train

(b) Ground truth test

(c) Classification with Dh

(d) Classification with Ih, Il, Dh

Fig. 2: Illustration: Horizontal disjoint split between training set (a) and test set (b); (c) Classification result using DEM (Dh)
only; (d) Classification result using the combination of {Ih, Il, Dh}.

A. Dataset

We chose the multi-spectral LiDAR acquisition of the
University of Houston issued from 2018 IEEE GRSS Data
Fusion Contest dataset [11] to support our experiments. The
associated ground truth map has a spatial resolution of 0.5m.
The original 20 classes have been reduced to 7 generic
urban classes (roads, grass, trees, residential buildings, non-
residential buildings, cars and trains) to evaluate the overall
accuracy.

B. LiDAR feature maps

To generate our rasters, the grid step was set to h = 0.5m
to fit with the ground truth. We removed the first and last 0.1
percentiles of the point cloud based on elevation distribution
since they are more likely to be outliers.

We chose to gather the geometric information contained
in the 3 wavelengths to get a dense point cloud. With this
composite point cloud we created several elevation rasters:

• Highest and lowest point in the cell (i.e. DEM and
“reversed” DEM), noted Dh, Dl and corresponding to
the use of function fDh (2));

Then, with each point cloud separately we created intensity
and echo rasters:

• Intensity of the highest and lowest points in the cell
(noted Ih, Il and corresponding to function (3));

• Number of echoes per beam in the cell (noted N and
corresponding to function (5)).

C. Classification

Training phase: The dataset has been divided into a training
set and a test set with an horizontal split from the original
data (disjoint split) as shown on Fig.2-(a)-(b). We used the
code from [1]1 to perform all the experiments with parameter
setting as default in [1] (learning rate 0.01 with momentum
0.9 and weight decay 5 ⇥ 10�4) for a fair comparison. As
the input size of our SegNet model varies w.r.t. the rasters or
different feature combinations, the network was trained from
scratch. During the training, we randomly extracted 256⇥256
image patches from the training set. Batch size was set to 16
and all experiments were stopped after 20 epochs.

D. Experimental results

In table I, we present the accuracy per-class, the Average
Accuracy (AA), Overall Accuracy (OA) and Cohen’s Kappa
coefficient () for each feature (see section V-B) and their
combination. As one can observe, the use of a DEM only is
globally far from optimal (except for grass and roads where
this value is really meaningful while other features slightly
disturb the identification) despite the fact that most studies

1https://github.com/nshaud/DeepNetsForEO
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Per-class accuracy (%) Evaluation metrics
Grass Trees Residential Non-res building Roads Cars Trains AA(%) OA(%) (⇥100)

1 Dh 95.62 77.66 44.18 98.72 99.83 0.09 100.00 73.72 90.13 85.24
2 N 16.08 92.48 46.50 97.63 95.39 6.50 100.00 64.94 87.27 78.37
3 Il 56.94 89.35 41.96 99.39 97.16 98.81 99.94 83.36 86.98 80.10
4 Dl 90.93 89.67 22.09 99.12 99.57 0.00 99.94 71.57 87.67 81.31
5 Ih 59.82 95.15 47.78 98.27 96.43 99.98 99.96 85.34 87.54 81.14
6 {N, Ih, Dh} 93.15 97.72 39.47 98.99 99.66 13.42 100.00 77.49 90.66 86.01
7 {Ih, Il, Dh} 81.64 94.12 76.95 98.36 99.38 57.10 100.00 86.87 93.88 91.00

8 {Ih, Il, Dh, Dl} 87.63 92.84 60.20 93.32 96.98 68.16 100.00 86.44 92.31 88.57
9 {N, Ih, Il, Dh, Dl} 79.13 95.35 82.70 96.28 99.19 10.05 100.00 80.38 92.42 88.97

TABLE I: Per-class accuracy, average accuracy (AA), overall accuracy (OA) and Cohen’s Kappa coefficient () for each feature
and combination of them using Segnet.

exploit only this property when rasterizing LiDAR point
clouds. The use of the last echos (position Dl and intensity Il)
enable to greatly improve the classification. These echos are
related to structures behind vegetated areas and provide very
relevant information, as noticed on the classification results.
As for the number of echos N , its value combined with
other features enables to discriminate more properly only trees
(where many echos are included) and residential areas (where
only one echo is present) but it does not improve the overall
classification in our experiments. Finally, the combination of
the DEM, first and last intensities enables to provide the best
classification results. This demonstrates the fact the LiDAR
data are very rich and are currently not optimally exploited
when they are rasterized in a DEM only.

VI. CONCLUSION

In this letter, we explored the use of alternative rasters
(beyond the standard DEM) to classify LiDAR point clouds.
We measured the performance of a well-established deep
neural network for multispectral semantic segmentation with
different rasters extracted from the multispectral LiDAR point
cloud provided with the IEEE DFC 2018.

Our results show that the DEM is not the most discrimina-
tive feature, and that alternative features can be more helpful
for land cover mapping.

Furthermore, an advantage of our map-based method is
to allow us to rely on image (raster) segmentation networks
with no or very small adaptation effort, instead of requiring
to design specific networks dedicated to point clouds. Since
semantic segmentation of images is a very active topic in
computer vision, our approach will allows LiDAR processing
tasks to benefit from future developments in the field.

Among future works, we would like to see if combining
the different features in a same network leads to better results.
Indeed, it is a promising direction given our preliminary results
with non-deep learning techniques [3]. Furthermore, we plan
to investigate deep architectures among those well-established
for semantic segmentation.
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TAKE-AWAY MESSAGE

Deep Learning = State-of-the-Art in Computer Vision, and in Remote Sensing as well!

But training a deep network might be tricky
• Quantitative results look astonishing?

• ensure a valid evaluation protocol

• Label data are scarce?
• train with unlabelled data as well
• or explore ways to automatically generate label data (e.g. using ancillary sources)

• Numerous models are available
• there is most probably already one fitting your needs
• if not, consider fine-tune a generic model
• If needed, you can build your own (simple) model
• opt for open source code (EO Zoo still needed!)
• stay tuned: DL is a very active field in CV, ML, & EO



TAKE-AWAY MESSAGE

Interested into (semi-supervised) semantic segmentation?

Nicolas Audebert
• Public toolboxes: DeepHyperX and DeepNetsForEO
• Multimodal (RGB+DSM, RGB+OSM) early or late fusion
• Segment-to-detect
• Boundary-aware networks using distance transform
• DL4HSI survey, GAN for HSI

Javiera Castillo-Navarro
• Public dataset: MiniFrance
• Semi-supervised networks with auxiliary self-trained tasks (e.g. BerundaNet)
• Energy-based Models (e.g. JEM)
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