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Earth Observation Data (EOD)
Nowadays, many earth observation 
satellite missions exist:

- Sentinel [Senti]
- LandSat-8 [LandSat]
- SPOT 6/7[Spot]
- …

Acquired images have different:
 - Spatial resolution (0.5 – 300 meters) 

 - Radiometric content (spectral bands/modality)

 - Revisit Time (from 1 year to every 5 days - depending on 
       weather conditions)
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Earth Observation Data (EOD)
Nowadays, many earth observation 
satellite missions exist:

- Sentinel [Senti]
- LandSat-8 [LandSat]
- SPOT 6/7[Spot]
- …

Acquired images have different:
 - Spatial resolution (0.5 – 300 meters) 

 - Radiometric content (spectral bands/modality)

 - Revisit Time (from 1 year to every 5 days - depending on 
       weather conditions)

i.e Sentinel Mission (Sentinel-2) allows to 
acquire information with high revisit time 

(every 5 days)

Information can be 
profitably organised as 
Satellite Image Time 

Series (SITS)
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Satellite Image Time Series
The possibility to collect multiple satellite images (SITS: Satellite Image Time Series), on 
the same area, with high revisit period and high spatial resolution is paving the way to 
new applications (especially in agricultural land monitoring).
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Satellite Image Time Series
The possibility to collect multiple satellite images (SITS: Satellite Image Time Series), on 
the same area, with high revisit period and high spatial resolution is paving the way to 
new applications (especially in agricultural land monitoring).

In the context of agriculture SITS:


- allows to distinguish between 
different crops


- captures phenological cycle 

- supports change detection analysis 

- helps to monitor spatio-temporal 
phenomena
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Land Cover Mapping & SITS
Among the others, SITS are largely used for land cover mapping (LCM) [Inglada17] and [Ienco19]

[Inglada17] J. Inglada, A. Vincent, M. Arias, B. Tardy, D. Morin, I. Rodes: Operational High Resolution Land Cover Map Production at the Country Scale Using Satellite Image Time 
Series. Remote. Sens. 9(1): 95 (2017)

[Ienco19] D. Ienco, R. Interdonato, R. Gaetano and D. Ho Tong Minh: Combining Sentinel-1 and Sentinel-2 Satellite Image Time Series for land cover mapping via a multi-source 
deep learning architecture. ISPRS journal of photogrammetry and remote sensing. 158: 11-22 (2019)
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Task:

Given SITS + reference data, the goal is to map each pixel to the corresponding land cover

Common approach: 

• Land cover mapping is addressed via 
Machine Learning (ML) methods.


• A ML method is calibrated/trained 
on (in season) reference data to 
classify the rest of the same study 
area (unlabelled data).
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Land Cover Mapping Update
The LCM process requires:


- Remote Sensing data (SITS)

- Reference Data
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Land Cover Mapping Update
The LCM process requires:


- Remote Sensing data (SITS)

- Reference Data

While the former data is largely 
available, the latter (Reference) can be:

- Costly 
- Time demanding 
- Difficult to access

Updating a land cover map from year to year requires systematic field campaigns 

(Time & Cost). 


IMPORTANT: Reuse already available information (i.e. acquired in a previous campaign) 

RS + Reference Data year T-1 (or before it)

RS Data year T
Land Cover Map T

Process
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The Land Cover Updating problem is getting attention with works exploiting previous knowledge 
to produce current Land cover maps [Paris19], [Tardy19] but :

[Paris19] C. Paris, L. Bruzzone, D. Fernández-Prieto: A Novel Approach to the Unsupervised Update of Land-Cover Maps by Classification of Time Series of Multispectral Images. 
IEEE Trans. Geosci. Remote. Sens. 57(7): 4259-4277 (2019)

[Tardy19] B. Tardy, J. Inglada, J. Michel: Assessment of Optimal Transport for Operational Land-Cover Mapping Using High-Resolution Satellite Images Time Series without 
Reference Data of the Mapping Period. Remote. Sens. 11(9): 1047 (2019)

[Zhang19] J. Zhang, W. Li, P. Ogunbona, D. Xu: Recent Advances in Transfer Learning for Cross-Dataset Visual Recognition: A Problem-Oriented Perspective. ACM Comput. Surv. 
52(1): 7:1-7:38 (2019)

[Tuia21] D. Tuia, C. Persello, L. Bruzzone: Recent Advances in Domain Adaptation for the Classification of Remote Sensing Data. CoRR abs/2104.07778 (2021)

Land Cover Mapping Update
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Land Cover Mapping Update

Transfer Learning [Zhang19] (i.e. Domain 
Adaptation [Tuia21]) techniques provide solutions 

to deal with OOD data

Standard (supervised) ML models fail to perform Out of Distribution (OOD) classification since they 
make the hypothesis that training and test data come from the same data distribution.

Our case: Adapt a supervised ML models from 
one year to another one under the same land 

cover nomenclature

Different SITS data distribution because of different acquisition conditions (nebulosity, climate/env.)
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(Unsupervised) Domain Adaptation [Wilson20]

Training Data Test Data

Training and Test  
from same distributions

[Wilson20] G. Wilson, D. J. Cook: A Survey of Unsupervised Deep Domain Adaptation. ACM Trans. Intell. Syst. Technol. 11(5): 51:1-51:46 (2020)
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(Unsupervised) Domain Adaptation [Wilson20]

Training Data Test Data

Training and Test  
from same distributions

Training Data Test Data

Training and Test  
from different distributions

- Distribution from Training (Source) and Test (Target) domains can be different


- In this case standard supervised ML approaches fail to generalise, thus …


- Needs for methods dealing with distribution shift => Domain Adaptation

[Wilson20] G. Wilson, D. J. Cook: A Survey of Unsupervised Deep Domain Adaptation. ACM Trans. Intell. Syst. Technol. 11(5): 51:1-51:46 (2020)
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Source Data/Domain Test Data/Domain

(Unsupervised) Domain Adaptation

Generally, no (or really 
small amount of)

reference data is available 
on Target domain
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Domain Adaptation:


- Unsupervised Domain Adaptation (UDA): Build a model on Source (Data + 
Reference) with the aim to generalise on Target Data.


- Semi-Supervised Domain Adaptation (SS-DA): Build a model on Source + small 
amount of Target data to generalise on Target Data

Source Data/Domain Test Data/Domain

(Unsupervised) Domain Adaptation

Generally, no (or really 
small amount of)

reference data is available 
on Target domain
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Domain Adaptation & Remote Sensing
Remote Sensing analysis can suffer, among others from:

Changes in acquisition conditions 
(i.e. climate/environment).

Temporal shifts (i.e. same study 
site from one year to another 

one or cross-site).

Sensors differences (i.e. optical 
sensors with slightly different 

radiometry).
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Domain Adaptation & Remote Sensing

All these points clearly induce data distribution shifts (between training/source and test/
target domains) that will hinder the use of standard supervised ML methods.

Remote Sensing analysis can suffer, among others from:

Changes in acquisition conditions 
(i.e. climate/environment).

Temporal shifts (i.e. same study 
site from one year to another 

one or cross-site).

Sensors differences (i.e. optical 
sensors with slightly different 

radiometry).

This is why Domain Adaptation can be an interesting research direction in Remote 
Sensing Analysis to directly adapt model without costly and time-consuming efforts.
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Main Problem Recap

RS + Reference Data year T-1 (or before it)

RS Data year T
Land Cover Map T

Process

Given previous (T-1 or <T-1)  RS + Reference data and current (T) RS data, how to design 
a ML process to provide Land Cover Map at time T.
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Main Problem Recap

RS + Reference Data year T-1 (or before it)

RS Data year T
Land Cover Map T

Process

Given previous (T-1 or <T-1)  RS + Reference data and current (T) RS data, how to design 
a ML process to provide Land Cover Map at time T.

Benefit of this process:


- Save money and time from performing (systematic/new) field campaigns;


- Reuse previous efforts (acquired data) on the same area.
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Main Problem Recap

While some recent works exist combining (Semi and 
Unsupervised) Domain Adaptation for Cross-Site model 
adaptation [Nyborg21] and [Lucas20]

32VNH (DK1)

30TXT (FR1)

31TCJ (FR2)

33UVP (AT1)

Estimated �t!s

DK1!FR1 32
DK1!FR2 42
DK1!AT1 16
FR1!DK1 -35
FR1!FR2 4

Figure 4: Locations of the four European Sentinel-2 tiles in the
TimeMatch dataset. In the upper left corner, we show the temporal
shifts �t!s estimated by Algorithm 1 with a source-trained model.

Figure 5: Acquisition dates for each Sentinel-2 tile in our dataset.
The inputs are irregularly sampled with variable temporal length.

We pre-process the parcels by applying 20m erosion and
removing all parcels with an area of less than 1 hectare.
This reduces label noise by removing pixels near the bor-
der of parcels, which are often less representative of the
given crop class compared to the pixels in the middle,
and also by removing small or thin polygons, which are
typically miscellaneous classes such as field borders. The
SITS are pre-processed for object-based classification by
cropping the pixels within each parcel to input sequences
xi 2 RTi⇥Ni⇥10. Each input is then randomly assigned
to the train/validation/test sets of each Sentinel-2 tile by
a 70%/10%/20% ratio. Note that this process assumes
knowledge of parcel shapes in the target region. If this
is not available, TimeMatch may instead be applied for
pixel-based classification by inputting single pixels (S = 1)
to PSE+LTAE. We choose five di↵erent cross-region tasks
(written as “source!target”): DK1!FR1, DK1!FR2,
DK1!AT1, FR1!DK1, and FR1!FR2. When a Sentinel-
2 tile is chosen as source, all labels of the train and vali-
dation sets are available for training. When a tile is the
target region, no labels are available, except for the final
evaluation on the test set. In contrast, many existing UDA
methods assume that a labeled validation set is available for

Figure 6: Class frequencies (log scale) for each Sentinel-2 tile in the
TimeMatch dataset. The dashed line indicates the threshold for the
source region when selecting a class as part of the K classes.

the target domain, and use it during training e.g . to select
the best model [23, 29, 34, 35]. However, this assumption is
unrealistic, as if labels were available in real-world scenarios,
they would be better used for training the model. Instead,
we report all cross-region UDA test results with the model
output at the end of training. Still, hyperparameters must
be chosen with a labeled validation set. Thus, we tune
hyperparameters with the target validation set for only one
task, DK1!FR1, and apply the found hyperparameters to
all remaining tasks (as done in [38]).
The class distributions between regions di↵er signifi-

cantly, and there may not be enough examples of a crop
type in the source region for a model to learn their classi-
fication. Thus, when pre-training models on source data,
we only use a subset of the available crop types with at
least 200 examples in the source region (as indicated by
the dashed line in Figure 6). The remaining classes are set
as “unknown”. When evaluating on the target data, we
report results on the same selection of source classes no
matter their frequency in the target.

4.3. Comparisons

Baselines. We consider the following baseline methods:

• Source-Trained is PSE+LTAE trained on the source
domain and applied to the target domain without
domain adaptation. This result represents the lower
bound cross-region performance of the model.

• Target-Trained is PSE+LTAE trained with labeled
target data using the same classes as the source-trained.
We note that by training with the source classes, which
is required for comparison, infrequent classes may not
be learned properly which increases the variance of the
results. This result can be seen as the upper bound
cross-region performance if labels were available in the
target region.

Competing UDA Methods. We compare TimeMatch to
five existing UDA methods. We reproduce these methods
for SITS by replacing the original feature extractor with
PSE+LTAE. For domain-invariant methods, we align the
LTAE feature vector input to the final classifier (i.e., oi in
Figure 3), similar to the original approach in these methods.
We compare to the following methods:

9

[Paris19] C. Paris, L. Bruzzone, D. Fernández-Prieto: A Novel Approach to the Unsupervised Update of Land-Cover Maps by Classification of Time Series 
of Multispectral Images. IEEE Trans. Geosci. Remote. Sens. 57(7): 4259-4277 (2019)

[Tardy19] B. Tardy, J. Inglada, J. Michel: Assessment of Optimal Transport for Operational Land-Cover Mapping Using High-Resolution Satellite Images 
Time Series without Reference Data of the Mapping Period. Remote. Sens. 11(9): 1047 (2019)

[Nyborg21] J. Nyborg, C. Pelletier, S. Lefèvre, I. Assent: TimeMatch: Unsupervised Cross-Region Adaptation by Temporal Shift 
Estimation. CoRR abs/2111.02682 (2021) -> Accepted to ISPRS Journal of Photogrammetry and Remote Sensing.

[Lucas20] B. Lucas, C. Pelletier, D. F. Schmidt, G. I. Webb, F. Petitjean: A Bayesian-inspired, deep learning, semi-supervised domain 
adaptation technique for land cover mapping. CoRR abs/2005.11930 (2020)
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[Paris19] C. Paris, L. Bruzzone, D. Fernández-Prieto: A Novel Approach to the Unsupervised Update of Land-Cover Maps by Classification of Time Series 
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[Lucas20] B. Lucas, C. Pelletier, D. F. Schmidt, G. I. Webb, F. Petitjean: A Bayesian-inspired, deep learning, semi-supervised domain 
adaptation technique for land cover mapping. CoRR abs/2005.11930 (2020)

Only some preliminary attempts to cope 
with temporal transfer are available:

- leveraging multiple previous reference 

data [Tardy19];

- Identify changes from previous thematic 

map [Paris19].

Process

RS Data year T

RS + Reference Data year T-1
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methods assume that a labeled validation set is available for

Figure 6: Class frequencies (log scale) for each Sentinel-2 tile in the
TimeMatch dataset. The dashed line indicates the threshold for the
source region when selecting a class as part of the K classes.

the target domain, and use it during training e.g . to select
the best model [23, 29, 34, 35]. However, this assumption is
unrealistic, as if labels were available in real-world scenarios,
they would be better used for training the model. Instead,
we report all cross-region UDA test results with the model
output at the end of training. Still, hyperparameters must
be chosen with a labeled validation set. Thus, we tune
hyperparameters with the target validation set for only one
task, DK1!FR1, and apply the found hyperparameters to
all remaining tasks (as done in [38]).
The class distributions between regions di↵er signifi-

cantly, and there may not be enough examples of a crop
type in the source region for a model to learn their classi-
fication. Thus, when pre-training models on source data,
we only use a subset of the available crop types with at
least 200 examples in the source region (as indicated by
the dashed line in Figure 6). The remaining classes are set
as “unknown”. When evaluating on the target data, we
report results on the same selection of source classes no
matter their frequency in the target.

4.3. Comparisons

Baselines. We consider the following baseline methods:

• Source-Trained is PSE+LTAE trained on the source
domain and applied to the target domain without
domain adaptation. This result represents the lower
bound cross-region performance of the model.

• Target-Trained is PSE+LTAE trained with labeled
target data using the same classes as the source-trained.
We note that by training with the source classes, which
is required for comparison, infrequent classes may not
be learned properly which increases the variance of the
results. This result can be seen as the upper bound
cross-region performance if labels were available in the
target region.

Competing UDA Methods. We compare TimeMatch to
five existing UDA methods. We reproduce these methods
for SITS by replacing the original feature extractor with
PSE+LTAE. For domain-invariant methods, we align the
LTAE feature vector input to the final classifier (i.e., oi in
Figure 3), similar to the original approach in these methods.
We compare to the following methods:

9

[Paris19] C. Paris, L. Bruzzone, D. Fernández-Prieto: A Novel Approach to the Unsupervised Update of Land-Cover Maps by Classification of Time Series 
of Multispectral Images. IEEE Trans. Geosci. Remote. Sens. 57(7): 4259-4277 (2019)

[Tardy19] B. Tardy, J. Inglada, J. Michel: Assessment of Optimal Transport for Operational Land-Cover Mapping Using High-Resolution Satellite Images 
Time Series without Reference Data of the Mapping Period. Remote. Sens. 11(9): 1047 (2019)

[Nyborg21] J. Nyborg, C. Pelletier, S. Lefèvre, I. Assent: TimeMatch: Unsupervised Cross-Region Adaptation by Temporal Shift 
Estimation. CoRR abs/2111.02682 (2021) -> Accepted to ISPRS Journal of Photogrammetry and Remote Sensing.

[Lucas20] B. Lucas, C. Pelletier, D. F. Schmidt, G. I. Webb, F. Petitjean: A Bayesian-inspired, deep learning, semi-supervised domain 
adaptation technique for land cover mapping. CoRR abs/2005.11930 (2020)

No research study takes advantage of recent (deep-learning) DA techniques for 
unsupervised temporal land cover mapping/updating

Only some preliminary attempts to cope 
with temporal transfer are available:

- leveraging multiple previous reference 

data [Tardy19];

- Identify changes from previous thematic 

map [Paris19].

Process

RS Data year T

RS + Reference Data year T-1
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To this end, SpADANN combines 

- Adversarial Learning

- Self-Training with Spatial Consistency
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SpADANN:  
Spatially Aligned Domain Adversarial NN with Self-Training

Adversarial Learning

The DANN [Ganin15] model adopts a multi-task strategy:

- An Encoder to manage input data;

- A Task Classifier to solve the multi-class classification task;

- A Domain Classifier to discriminate among samples from 

different domains.

The objective is to learn invariant features w.r.t. the 
domain they come from (via the Encoder).

[Ganin15] Y. Ganin, E. Ustinova, H. Ajakan, P. Germain, H. Larochelle, F. Laviolette, M. Marchand, V. S. Lempitsky: Domain-Adversarial Training of Neural 
Networks. J. Mach. Learn. Res. 17: 59:1-59:35 (2016)

[Yang21] Q. Yang, X. Wei, B. Wang, X.-S. Hua, L. Zhang: Interactive Self-Training With Mean Teachers for Semi-Supervised Object Detection. CVPR 
2021: 5941-5950
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Reverse the gradient (multiply by -1) for the Domain 
Classifier module with the aim to “confuse” the model 

and make domain indistinguishable.

Self-Training

A family of techniques that can be employed to learn a model 
from its predictions [Yang21].

Self-training is tightly connected with the concept of pseudo-
label (a label that is generated via the classifier prediction).
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- A Domain Classifier to discriminate among samples from 

different domains.

The objective is to learn invariant features w.r.t. the 
domain they come from (via the Encoder).

Gradient Reversal Layer 

Reverse the gradient (multiply by -1) for the Domain 
Classifier module with the aim to “confuse” the model 

and make domain indistinguishable.

Self-training is nowadays a widely adopted approach in:

- Semi-supervised learning and Low-data regime classif.

- Domain Adaptation 
- Few Shot Learning 
- …

Self-Training

A family of techniques that can be employed to learn a model 
from its predictions [Yang21].

Self-training is tightly connected with the concept of pseudo-
label (a label that is generated via the classifier prediction).

Model
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SpADANN:  
Spatially Aligned Domain Adversarial NN with Self-Training
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Pseudo labels are chosen according to:

- Spatial consistency (the same area considering both source and target domain got the same 

LC class from the current classifier - tie points ) 

- Confidence on source/training area (Classifier predicts correct class for source time series)
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SpADANN:  
Spatially Aligned Domain Adversarial NN with Self-Training

Pseudo label 

selection 


(on Target domain)

So
ur
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Pseudo labels are chosen according to:

- Spatial consistency (the same area considering both source and target domain got the same 

LC class from the current classifier - tie points ) 

- Confidence on source/training area (Classifier predicts correct class for source time series)

The gradual transfer from Source to Target domain is ensured by the following loss function:

Which include a weight (alpha) that increases linearly 
with the # of epochs in the training process

(1� ↵)⇥ Loss(Cl(Xs), ys) + ↵⇥ Loss(Cl(Xt), ŷt)
<latexit sha1_base64="hL4hwF9yYrpIgIALxJkX46+PhH4="></latexit>

↵ = � ⇥ current epoch

#Epochs
<latexit sha1_base64="27gpAE0P/UzJh0CgIiB+l/WIOJ4="></latexit>
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Study site : Burkina Faso (Koumbia)

Koumbia region in Burkina Faso - 2 338 km2


We collect SITS data for 2018, 2020 and 2021 
For each year, we select 24 images (based on 
cloud cover statistics) and only 10m bands. 

2018
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Study site : Burkina Faso (Koumbia)

Koumbia region in Burkina Faso - 2 338 km2


We collect SITS data for 2018, 2020 and 2021 
For each year, we select 24 images (based on 
cloud cover statistics) and only 10m bands. 

2018

Class Name # Pixels 2018 # Pixels 2020 # Pixels 2021
CEREALS 13056 9731 11435
COTTON 7672 6971 6575
OLEAGINOUS/LEGUMINOUS 3595 7950 7316
GRASSLAND 13108 12998 11100
SHRUBLAND 23121 22546 24324
FOREST 17369 17435 16984
BARE SOIL/BUILT-UP 835 1125 1022
WATER 1205 1205 1205
Total 79961 79961 79961

<latexit sha1_base64="VfBxs4tZihzNmwFe2RqUirRWZoo="></latexit>

Almost 1000 polygons covering varying 
land cover classes

https://doi.org/10.18167/DVN1/P7OLAP
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Experimental Settings

We adopt several UDA competing methods :

- DANN [1] (the base method on which spADANN is built on

- ADDA (Adversarial Discriminative Domain Adaptation) [2]

- GFK (Geodesic Flow Kernel) method [3]. This approach align source/target domain 

supplying a new data representation. Successively, we couple it with standard classifiers 
(RF, MLP) obtaining GFK-RF and GFK-MLP

[Gong12] B. Gong, Y. Shi, F. Sha, K. Grauman: Geodesic flow kernel for unsupervised domain adaptation. CVPR 2012: 2066-2073

[Ganin16] Y. Ganin, E. Ustinova, H. Ajakan, P. Germain, H. Larochelle, F. Laviolette, M. Marchand, V. S. Lempitsky: Domain-Adversarial Training of Neural 
Networks. J. Mach. Learn. Res. 17: 59:1-59:35 (2016).

[Tzeng17] E. Tzeng, J. Hoffman, K. Saenko, T. Darrell: Adversarial Discriminative Domain Adaptation. CVPR 2017: 2962-2971

[Pelletier19] C. Pelletier, G. I. Webb, F. Petitjean: Temporal Convolutional Neural Network for the Classification of Satellite Image Time Series. Remote. 
Sens. 11(5): 523 (2019)
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(RF, MLP) obtaining GFK-RF and GFK-MLP

Additionally, we consider two baseline (supervised) scenarios:

- A supervised classifier trained on source data and deployed on target data

- A supervised classifier trained on target data and deployed on the rest of target data

In both cases we use RF and TempCNN as supervised baseline classifiers.

All the DL approaches (DANN, ADDA and SPADANN) employ as backbone (internal 
classification method) the TempCNN [3] model (CNN on temporal dimension for SITS data

Methods are evaluated by means of the Accuracy/F1-score on the target data
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Results - Overall Accuracy

Scenario Method 2018 ! 2020 2018 ! 2021 2020 ! 2021

Only Ds
TempCNN 60.7 52.0 57.9

RF 65.7 59.6 66.6

UDA

GFK-MLP 57.4 52.6 52.2
GFK-RF 66.2 61.0 68.5
ADDA 69.3 65.1 69.7
DANN 71.9 70.7 72.4

SpADANN 76.5 80.9 81.0

Only Dt
TempCNN 77.8 72.0 72.0

RF 78.0 74.2 74.2

Average on the 10 test sub-sets Full target domain

Scenario Method F1-score Accuracy Kappa F1-score Accuracy Kappa

Only Ds
TempCNN 60.1 ± 0.5 62.1 ± 0.5 53.7 ± 0.6 58.8 60.7 52.1

RF 63.0 ± 0.4 66.0 ± 0.3 57.9 ± 0.4 63.0 65.7 57.7

w/ UDA
GFK+MLP 56.7 ± 1.2 57.8 ± 1.4 49.2 ± 1.6 56.2 57.4 48.6

GFK+RF 63.0 ± 1.2 66.0 ± 1.0 58.1 ± 1.2 63.5 66.2 58.4

ADDA 65.5 ± 1.1 69.0 ± 1.0 61.5 ± 1.2 66.3 69.3 62.2

DANN 69.2 ± 0.8 72.1 ± 0.7 65.6 ± 0.8 69.2 71.9 65.6

SpADANN 00.0 ± 0.0 00.0 ± 0.0 00.0 ± 0.0 73.8 76.5 71.1

Only Dt
TempCNN 77.6 ± 0.8 77.8 ± 0.8 72.5 ± 1.1

RF 78.0 ± 0.8 78.0 ± 0.9 72.9 ± 1.1

Table 4: Weighted F1-score, Accuracy and Kappa score of the competing approaches. The

best scores score, for UDA methods, is highlighted in bold; the best score for supervised

classification method calibrated on Dt is underlined. (Ds=2018, Dt=2020).
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SpADANN obtains:


- The best scores among the UDA competitors;


- Clear advantages w.r.t. the DANN approach (on which SpADANN is based on);


- Results closer or better than Only Target approaches;


- When target domain = 2021, it outperforms the Only Target approaches (we are still 
investigating what is happening).



�19

Results - F1-score per Class

Ds=2018 ; Dt = 2020

SpADANN well transfers on non-agricultural classes;


In this task it has troubles to perform transfer on agri 
classes, in particular on Oleaginous;


Some explanations are related to class imbalance and 
cloud cover in the source domain. 
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Results - F1-score per Class

Ds=2018 ; Dt = 2020

SpADANN well transfers on non-agricultural classes;


In this task it has troubles to perform transfer on agri 
classes, in particular on Oleaginous;


Some explanations are related to class imbalance and 
cloud cover in the source domain. 

Ds=2020 ; Dt = 2021

SpADANN well transfers on all classes;


Probably Source and Target domains are more 
related;


The transfer heavily depends from the source/target 
pair (Not all transfers are  equal)
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Conclusions

UDA techniques seem appropriate to cope with temporal transfer for LULC mapping


Exploiting spatial information to perform temporal transfer matters


Preliminary results associated to SpADANN are encouraging
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Conclusions

UDA techniques seem appropriate to cope with temporal transfer for LULC mapping


Exploiting spatial information to perform temporal transfer matters


Preliminary results associated to SpADANN are encouraging

Perspectives

Finalize the experimental evaluation (Confusion matrices, ablations, sensitivity analysis)


Characterize more precisely what happens during transfer


Extend the evaluation on other study sites with different characteristics


The ongoing evaluation will pave the way to new questions …
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