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Abstract: Reliable estimates of poplar plantations area are not available at the French national scale
due to the unsuitability and low update rate of existing forest databases for this short-rotation species.
While supervised classification methods have been shown to be highly accurate in mapping forest
cover from remotely sensed images, their performance depends to a great extent on the labelled
samples used to build the models. In addition to their high acquisition cost, such samples are often
scarce and not fully representative of the variability in class distributions. Consequently, when
classification models are applied to large areas with high intra-class variance, they generally yield
poor accuracies. In this paper, we propose the use of active learning (AL) to efficiently adapt a
classifier trained on a source image to spatially distinct target images with minimal labelling effort
and without sacrificing classification performance. The adaptation consists in actively adding to
the initial local model, new relevant training samples from other areas, in a cascade that iteratively
improves the generalisation capabilities of the classifier, leading to a global model tailored to different
areas. This active selection relies on uncertainty sampling to directly focus on the most informative
pixels for which the algorithm is the least certain of their class labels. Experiments conducted on
Sentinel-2 time series showed that when the same number of training samples was used, active
learning outperformed passive learning (random sampling) by up to 5% of overall accuracy and up
to 12% of class F-score. In addition, and depending on the class considered, the random sampling
required up to 50% more samples to achieve the same performance of an active learning-based model.
Moreover, the results demonstrate the suitability of the derived global model to accurately map
poplar plantations among other tree species with overall accuracy values up to 14% higher than those
obtained with local models. The proposed approach paves the way for national-scale mapping in an
operational context.

Keywords: active learning; poplar plantations; spatial transfer; sentinel-2; large scale; image
classification; random forest

1. Introduction

Poplar (Poplus spp.) is one of the fast-growing and wood producing trees which are increasingly
considered as an important resource to meet the global demand for natural forest products. Poplars
are basic raw materials for industrial processing and provide valuable non-wood forest products.
According to a report from the Food and Agriculture Organization of the United Nations (FAO) at
the 25! session of the International Poplar Commission (IPC), France is the first European country in
terms of planted poplar area with about 0.2 million hectares [1].
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In France, poplar cultivation is a key local industry which involves silviculturists, nurserymen,
forest managers and wood processors and is coordinated by the National Poplar Council (CNP).
Despite the increased demand for poplar wood, planted areas continue to decrease [2]. Indeed, for the
past 20 years, the poplar sector has undergone several economic, social and environmental upheavals
and have consequently had an impact on the planting rate [3]. This deficit of several years has led the
sector to an unavoidable wood shortage, which is expected to reach at least 500,000 m3/year in 2025,
according to the CNP. Considering this risky situation, national strategies have been undertaken to
encourage all the industry stakeholders, including providing financial incentives to replant poplar.

As the future of poplar in France relies on these replanted areas, obtaining spatially explicit
information on newly-planted and cleared surfaces is crucial. This requires precise mapping and
timely characterisation of their spatial and temporal dynamics. However, accurate and regularly
updated maps of poplar plantations are still not available at the national scale and the update rate of
existing forest databases is not suitable for this species because of its short rotation cycle (from 12 to 15
years on average).

Since the availability of high spatial, spectral and temporal resolution imagery from the
Copernicus Sentinel sensors, new opportunities for monitoring poplar plantations over large areas
have emerged. Several works have already demonstrated the potential of remote sensing for mapping
plantations such as rubber [4-8] and palm oil [9-12] but only a few have focussed on poplar [13-17].
The few studies which did, have addressed the issue in various ways using different data sources and
machine learning algorithms. Some used high or very high spatial resolution single-date images often
acquired during the dry season [4,13,17]. These authors drew on the spectral information to separate
monospecific plantations from the other species. However, the plantations were frequently confused
with evergreen species or natural forest. For example, in [4], rubber trees were easily confused with
eucalyptus trees despite the use of multi-spectral metrics from nine spectral bands of an ASTER image
(15m). Other authors have focussed on temporal information and used multi-temporal approaches.
Some considered seasonal variations in vegetation (i.e. phenology) using phenological features [8,12,18]
while others extracted multi-seasonal texture measures [19,20] or time series derived features such
as shapelets [6]. Despite the promising results reported, most of the studies were limited to local
scale and the performances depend largely on the data used for training and validation. While
different parametric and non-parametric classification approaches have been broadly developed, their
application over large and heterogeneous areas remains challenging due to their limited generalisation
ability [11,18].

Most classification methods assume that training and test sets share the same feature space and
the same distribution [21]. The resulting classification models work well on other areas as long as the
distribution has not changed. However, in remote sensing data, spectral reflectance signatures may
vary according to acquisition conditions (incidence angle, illumination, relief, etc.). Moreover, in the
particular case of vegetation and for a given species, the observed spectra may shift significantly due
to several factors including the spatial variability of the phenology (seasonal changes), conditions at
the site (type of soil, moisture conditions, etc.) and the forest health status [22]. Direct application of
the original trained models in new areas (i.e. across-region generalisation [23]) will therefore result in
poor classification performances [24].

Two options could be considered for spatial (and even temporal) generalisation. The first is to
build local classification models adapted to each study area. This strategy can work if training data are
available everywhere and are sufficiently representative of the spatial variability. At national scale,
training data can easily be retrieved from forest databases but their quality may not be satisfactory
as the data are not frequently updated. In this situation, photo interpretation is necessary but not
practical, and is too expensive (in time and human effort) for large-scale production in an operational
context. In addition, photo interpretation depends on the operator and may introduce some bias
through information redundancy [24,25]. Indeed, several neighbouring pixels may contain the same
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spectral information which can skew the learned model thereby reducing its generalisation ability
(overfitting).

An alternative option would be to adapt a model trained locally using an initial feature space
(the source domain) and make it able to accurately predict other geographical areas based on a different
feature space (the target domain). From a machine learning point of view, this strategy is known as
Transfer Learning (TL) [21]. TL has been developed since 1995 in response to these challenges, by
leveraging the knowledge gained during initial learning tasks and adapting the subsequent ones.

In the literature, TL can be categorised in three branches, depending on the availability of labelled
data and on the relationship between the source and target domains: inductive, unsupervised and
transductive transfer learning [21]. The first category (inductive) refers to transfer learning with labelled
data available in the target domain. In the unsupervised approach, no labelled data are available in
either the source or target domains. When labelled data are only available in the source domain, the
TL is named transductive. When the learning task is the same in the source and target domains, the
transductive transfer learning branch is referred to as domain adaptation (DA). In the remote sensing
literature, DA techniques can be grouped in four families [26]:

o DA by selecting invariant features: this consists in reducing the feature space by selecting only
the image features (e.g. raw spectral bands or derived attributes) that are the most robust to
change. The latter are described as landmarks in [27] and have the same distribution in both
source and target domains. The new feature space is thus more stable and the gap between the
two domains is reduced.

e DA by adapting data distribution: the aim of this second approach is to create a common feature
space for both domains from the two distributions in order to fit the classifier that remains
unchanged. Several strategies can be applied such as feature extraction [28] or similarity-based
methods [29] for data alignment.

e DA by adapting the classifier: in this semi-supervised approach, the classification model already
built with the source labelled data is modified to fit the target domain by only considering the
distribution of the unlabelled data and never their labels. The classifier is therefore updated to
accurately classify the target data.

e DA by active learning;: it is a particular case of the previous approach in which the classifier is
allowed to acquire some labelled data from the target domain. These data are selected according
to their potential for improving the initial classification model to correctly predict the target
domain [30].

Active learning (AL) has received a great deal of attention from the remote sensing community in
the past decade [31]. It has mainly been applied to efficiently select a reduced set of optimal training
samples needed by classifiers [25,32-35], sometimes taking the cost of the field data collection into
consideration [36,37], but only a few works have been dedicated to its application to transfer learning
between two distant domains [26,30,38] and for generalisation across space [39].

The objective of this paper is to evaluate the potential of AL techniques to map poplar plantations
at large scale using Sentinel-2 (52) time series acquired by the mission’s two satellites (Sentinel-2A and
Sentinel-2B on separate acquisition dates). The proposed approach is initiated by building independent
local models derived from traditional supervised classifications and then, by adapting them using AL
techniques for transferability, to finally obtain a global model optimised for mapping large areas. The
main contributions of this paper are to (i) evaluate the performance of S2 time series in classifying
a wide range of poplar plantations in France; (ii) define a robust active learning-based strategy for
mapping poplar plantations at national scale, and (iii) enable a clear understanding of the functioning
of AL techniques for large scale mapping. In particular, we investigate the impact of the AL direction
(from one region to another), the impact of the AL ranking strategy (uncertainty and diversity) to
select the most informative samples in the target domain, and the impact of missing classes. We also
assess the contribution of AL to each class of the models.
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2. Materials

2.1. Study areas

Three different study sites were chosen with forest partners. They are representative of the
variability of French poplar plantations in terms of cultivars, silvicultural practices and climatic
conditions. The poplar sites are located in northeastern, central and southwestern France and are
covered by three S2 tiles with a surface area of 100 km? each (Figure 1).

France
49°30N

’ 50°00'N |

49°00'N |-

47°30'N

47°00'N
45°00'N -

44°00'N

[] Sentinel-2 tile extent
o Training samples

. \ i \
5°00'0 0°00 5°00'E 10°00'E

Figure 1. Outline of the study areas used in this work. 31UEQ, 30TYT and 31TC]J are the Sentinel-2
extents at the UTM tiling following the US-MGRS (US Military Grid Reference System).

2.2. Satellite imagery

In this study, Sentinel-2 optical Satellite Image Time Series (SITS) were used. The images were
acquired during the Sentinel-2 mission as part of the Copernicus programme of the European Space
Agency (ESA). The mission is based on a constellation of two satellites (Sentinel-2A and Sentinel-2B)
equipped onboard with an optical MultiSpectral Imager (MSI) acquiring information in 13 different
bands spanning from the visible through the short-wave infrared range: four bands at 10 m, six bands
at 20 m and three bands at 60 m spatial resolution. The revisit frequency of the combined constellation
is five days. For all three study areas (S2 tiles), all available acquisitions were downloaded from the
French Theia Land Data Center. They are surface reflectance products (level 2A) processed by the
MAJA! software, orthorectified, atmospherically corrected and provided with a cloud mask [40]. The
number of downloaded dates per tile is reported in Table 1.

1 Software developed in coordination between CNES/CESBIO and DLR using the multi-sensor atmospheric correction and

cloud screening (MACCS) method.
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Table 1. Properties of the Sentinel-2 tiles used in the study.

Tile code Relative orbit number No. of available dates in 2017

31UEQ 51 26
30TYT 94 34
31TCJ 51 36

From one tile to another, the acquired images are not synchronous, either because of sensor-specific
constraints or the presence of clouds (Figure 2).
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Figure 2. Sentinel-2 acquisitions available in 2017 and percent cloud cover/date in (a) the north-eastern
tile 31UEQ, (b) the central tile 30TYT and (c) the south-western tile 31TC]J.

2.3. Reference data

Reference data for training and testing were obtained from the most recent version of the French
Forest database (BD Forét® IGN, v.2) created by the national forest inventory and mapping agency
(IGN). The vector data are provided by district and created through photo interpretation of aerial
photographs. It took about 11 years to get a complete national coverage with orthophotos (Figure 3)
and the forest maps generally became available from two to six years later.

In this study, reference data were extracted for all existing deciduous species, as polygons of pure
and mixed classes of a minimum area of one hectare. The polygons include poplar plantations which
are always defined as pure stands in the database. This phase was essential to better understand the
behaviour of poplars and to detect possible confusion with other deciduous species.
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Figure 3. Acquisition years of aerial photographs per district in the forest database used as reference.

The delay between S2 images year (2017), the forest database production period (from 2007 to
2018) and the aerial photographs acquisitions (from 2004 to 2015) could be a potential source of error
in the references. With a short production cycle (15 years on average), poplar plantations are the forest
stands most likely to be affected by change. Consequently, additional work was required for this class.
It consisted in visually inspecting all poplar polygons to check for possible changes and to ensure
all references were up to date. Photo interpretation was performed using 50-cm spatial resolution
orthophotos and S2 images acquired in 2017. All selected polygons were checked to make sure they
had not changed in 2017. It should be noted that the photo-interpreted poplar samples correspond
to relatively mature plantations (more than three years old) since there is more uncertainty when the
trees are younger, poplar stands may be confused with other species and the canopy cover may be
partial. Three experts were responsible for photo interpretation and validation and the error rate was
deemed negligible (less than 1% misidentification).

The sample size varied between 2,500 and 7,700 pixels depending on the representativeness of
the smallest class within each of the three S2 tiles to ensure class balance in the reference data. Table 2
provides an overview of the total number of samples used (for both training and testing) for each class
and in each tile.

Table 2. Number of reference samples per class extracted from each S2 tile. The samples were derived
from the French forest database (BD Forét® IGN, v.2). For poplar plantations which only include
stands more than three years old, all the samples were checked and validated by photo interpretation.

Sample size in pixels per class

Tile Poplar Closed deciduous  Open deciduous

code (photo-interpreted) Locust  Chestnut  Oak  Beech forest (mixed) forest (mixed)
31UEQ 2500 2500 NA! 2500 2500 2500 2500
30TYT 4000 4000 4000 4000 NA! 4000 4000
31TCJ 7700 7700 7700 7700  NA! 7700 7700

1 Class not available in the study area or poorly represented.
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3. Methods

The processing chain we proposed is shown in Figure 4. It consisted of three main steps:
pre-processing, local processing and finally global processing. For large scale mapping, only one
local model is required to initiate the learning process. The model is then adapted iteratively for
spatial transferability, by introducing a limited number of reference data from other areas using
active learning. The adaptation is intended to build a global model that can be used beyond the new
area while maintaining good predictive performance on the initial one. In order to better assess the
predictive power of this global model, independent local models were also learned in each area. This
is why three individual models appear in the local processing step (Figure 4) but all the local models
are not required in the global process.
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Figure 4. Flow chart of the proposed approach for large-scale classification. The chart illustrates the
local classification process used for each of the three study tiles as well as an example of a global
processing along a transfer direction from the north-eastern (31UEQ) to the south-western tile (31TC]J)
and ending with the central one (30TYT).
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3.1. Pre-processing

The pre-processing step was the same for all the study areas represented by the three S2 tiles.
As illustrated in Figure 2, the acquisitions are asynchronous between the three tiles as well as the
cloud coverage. For each Sentinel-2 SITS, the missing data were therefore filled using multitemporal
linear interpolation. This involves replacing each invalid pixel (detected in the cloud mask) by an
interpolated value with the closest and valid pixels in the SITS [41]. The time series is then resampled
at 10-m spatial resolution with a 10-day time step common to all tiles. The resulting gap-filled SITS
comprise 339 bands corresponding to 10 spectral bands * 39 resampled dates over the course of the
year.

Reference polygons were randomly split, 50% for training and 50% for testing. To reduce spatial
autocorrelation [42], we avoided splitting pixels from the same polygons into training and testing
datasets. Sampling was repeated 30 times to quantify variability related to the random selection.
Training and testing samples were then built using stratified random sampling of equal size for each
class belonging to the same S2 tile.

3.2. Local classification approach

For each of the three S2 processed SITS, a random forest (RF) supervised classification was carried
out independently. The main objective was to assess the ability of the algorithm to identify poplar
plantations at local scale in the same tile.

RF is one of the most popular non-parametric classifiers and was developed by [43]. It has been
used successfully by the remote sensing community thanks to its ability to manage high dimensional
data and the easy tuning of its hyperparameters [44]. The RF classifications were performed using the
scikit-learn Python library [45] with prior optimisation of the algorithm’s hyperparameters: the number
of trees, the maximum depth of the tree, and the number of features at each split. Optimisation was
conducted using a grid-search approach in order to find the best combination of the hyperparameters
based on 5-fold cross-validation of training data. The grid search value for the number of trees ranged
from 10 to 150 with a step of 10 while the maximum depth varied from 5 to 100 with an interval of 10.
The default value was also tested, it consisted in expanding the tree nodes until all the leaves became
pure. Finally, the number of features to split a node was fixed as the square root of the total number of
input variables [43,44,46]. This value was tested in addition to a range of values from 1 to 20 with a
2-value step. A total of 1,694 combinations were thus performed.

The classifiers were trained using the same number of samples for each class belonging to the
same tile. The values of each sample (i.e. one S2 pixel of 10 m? area) were extracted from the 339
spectral bands of the gap-filled S2 SITS. Classifications were repeated 30 times corresponding to the
30 random splits of the reference data into 50% for training and 50% for testing. Confusion matrix
and performance measures (Overall Accuracy, F-score, Precison and Recall) were then computed and
averaged over the 30 repetitions. The Kappa (x) metric was deliberately disregarded [47]. This process
was conducted for the three S2 study tiles and the results were assessed for each tile separately.

In order to evaluate the importance of checking reference samples of poplar plantations by photo
interpretation, the local classification models was similarly built with poplar samples directly derived
from the forest database, with no update. The results are reported in Appendix A.

3.3. Global classification approach

The previous section detailed the traditional classification scheme where the learning process and
the predictive performance are assessed in each tile independently, assuming that a relatively large
quantity of reference samples is available for each region. In practice, this is rarely the case so this
strategy is not suitable for large-scale mapping of poplar plantations. If accurate up-to-date reference
samples are required (meaning a manual checking step of the forest database polygons is mandatory),
to be operational, an alternative strategy will need to be defined. It could be based on the spatial
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transfer of a local model. However, because of inter-specific variability across regions, the initial local
model will have to be adapted to ensure robust predictions.

In this paper, active learning is proposed as a transfer strategy to build a global model from a
local one with the addition of a limited number of reference samples from new geographical areas.
The selection of extra labelled samples makes it possible to adapt the original model to other areas
(i.e. to the target domain) while remaining valid for the first domain (i.e. the source domain) with a
minimum effort required to collect new reference data.

3.3.1. Principles of active learning

Active learning (AL) is based on the assumption that a machine learning algorithm can perform
better with fewer training samples than traditional methods if it is allowed to choose the data from
which it learns [48]. AL makes iteratively effective queries to label the most informative samples rather
than randomly selecting them. These labelled samples are often located in low confidence regions,
which helps the initial learner to reduce its uncertainty [31]. The process is iterated until certain
predefined stopping criteria are met [49] for instance, the maximum added sample or the maximum
performance score.

In the AL literature, there are three common scenarios or ways in which the learner may query
the labelled samples: query synthesis, stream-based active learning and pool-based active learning.
The last one is the most popular scenario in the community [48].

A pool-based scenario assume that a large pool of unlabelled data ¢/ is available and only the
most useful samples L are selected to be labelled [50,51]. The decision whether to query or reject a
sample is made according to a ranking strategy that guides the model to choose the best samples (i.e.
the most informative for the learning algorithm). The active learner calculates an information metric
of all the samples in the entire pool, ranks them according to this value, selects the most informative
ones and then queries their labels (i.e. the classes) to train a new model.

Two ranking criteria can be considered in AL: uncertainty and diversity. Sampling using uncertainty
consists in querying only the instances for which the initial learner is the least certain of their labels
after prediction [50]. Following this strategy, the most informative samples are the most uncertain. For
classification tasks, uncertainty is usually quantified by one of three measures: least confident (LC),
margin sampling (MS) or entropy (H) [48]. These measures can be defined as follows (with x}, the best
instance selected for query using an uncertainty measure M from the unlabelled data pool i/):

o Least confident (LC): this metric consists in querying the sample with the least confidence in its
most likely label. Using this strategy, only the most probable label is considered and the other
probabilities are disregarded:

xic = argmin Py(7 | %) M

where y is the most probable label, 7 is the prediction with the highest posterior probability under
the model 6 and Py denotes the probability value with the same model 6.

e  Margin sampling (MS): this metric seeks to overcome the drawback of the least confident strategy
by including the second most probable label. The closer the probabilities, the less confident the
model (i.e. great doubt between the two labels). The best instance is the one that minimises this
value:

Xpis = argmin [Py(y | x) — Po(2 | x)] ()
X

where 1f; and 1/, are respectively the first and second most probable labels.

e  Entropy (H): for each sample, the entropy takes the probability of it belonging to all possible
model classes into account [52]. When the degree of certainty is high, the entropy value is low (i.e.
a high probability of belonging to a specific class). Great uncertainty arises when the probability
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values are shared between many classes and none stands out (i.e. high entropy). The samples
selected by the algorithm are therefore those with the highest entropy value:

xj; = argmax Hy(Y | x)
X

3
= argmax — Y _Py(y | x)log Py(y | x) )
* Y

where H is Shannon’s entropy and y ranges over all possible labels of x.

Regarding the diversity ranking criterion, diversity-based methods tend to exploit the data
structure by selecting the samples that are the most representative or diverse of the input space
distribution [48]. Density-weighted metrics or clustering-based approaches are generally used and
they are frequently combined with an uncertainty metric [53].

Density metrics are based on similarity measures of distance or angle. Samples which minimise
the similarity values (i.e. the most dissimilar samples) are favoured. Several similarity metrics are used
including Euclidean distance [54] and Cosine similarity [55]. Euclidean distance measures the length
of the segment of the straight line connecting two points in Euclidean space while cosine similarity is
defined as the cosine of the angle between them.

Clustering-based approaches aim to exploit the data structure by seeking clusters or cluster
centroids to obtain labels that are both representative and diverse. With this strategy, the number of
clusters has to be determined in advance because it may not match the data labels [48].

3.3.2. Experimental setup for global classification with active learning

Our global classification scheme with AL is illustrated in Figure 4. It starts with an accurate
and already trained local classifier on a first data source (the north-eastern S2 tile in the example
shown). Then, the initial model (31UEQ) is used to predict the classes in a target domain (here, the
south-western S2 tile). Without any adaptation, this first external prediction is assumed not to be very
robust. If the predicted performance based on the initial model does not meet a predefined stopping
criterion, new samples from the target domain are queried by AL and added to the initial model to be
retrained. This procedure is repeated iteratively until the stopping condition (here, defined in terms of
the number of samples added from the target domain) is reached. The resulting model (31UEQ+31TC]J)
is expected to fit both source and target domains well. The same procedure is used in the following
step to adapt the two-tile model (31UEQ+31TC]J) to the third one (30TYT) ultimately leading to a global
model tailored to the three S2 tiles.

In order to check the symmetrical transferability of the models from one tile to another, we
computed all six possible combinations to build the global model (starting from tile 31UEQ or the
others). We assumed a pool-based active learning scenario in which new samples from the target
training set are queried based on their informativeness. Two uncertainty metrics were tested to select
new samples by AL: entropy (H) and margin sampling (MS). For the purpose of comparison, diversity
metrics were also combined with the entropy and margin sampling uncertainty metrics. Euclidean
distance and cosine angle were tested. Since AL with the combined uncertainty and diversity metrics
performed worse, these results are listed in Appendix D.

In all the experiments, we considered only samples from the pure-species classes. Mixed classes
were removed from the source and target sample sets, assuming that they could negatively affect the
AL process (see discussion in Section 5.4). AL was run by adding 10 target samples at each iteration
up to a maximum of 1,000. From an operational point of view, this maximum number is excessive
but in these experiments, it enabled us to understand the impact of increasing the training set size
in AL. In order to assess the contribution of AL, target samples were also queried using a random
sampling (RS) strategy with the same sample size at each iteration. For both classification procedures
(AL vs. RS), the performance metrics were calculated on testing sets of both source and target domains
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and averaged over the 30 repetitions. The entire AL workflow was implemented in Python using the
modAL framework [56].

4. Results

4.1. Tile by tile classification: local approach

Table 3 summarizes the results of the random forest classification for each of the three study tiles
using the 2017 Sentinel-2 SITS. It will be recalled that our aim here was to assess the potential of S2
data to discriminate poplar plantations from the other deciduous species at the tile scale.

Overall, the results revealed a high capacity of S2 to identify poplar plantations with an average
F-score ranging from 89.5% to 99.3%. Without checking reference samples by photo interpretation,
the average F-score for poplars dropped from -10% to -20% (see Appendix A). Considering the other
classes, accuracy was lower, leading to average values of global F-score (including all the classes)
between 73.1% and 80.1%, depending on the S2 tiles.

Table 3. Results of local classification for each S2 tile averaged over 30 independent repetitions.

Tile Training size! No. Overall Global Poplar Poplar Poplar

code per class in pixels classes ~Accuracy(,3)) F-score(.3y) F-score(,3p) Precision(,3 Recall(,30
31UEQ 1250 6 73.7+1.7 % 731+2.0%  89.54+3.3 % 90.2+6.7%  89.2£3.2 %
30TYT 2000 6 74.94+1.8 % 75.0+£1.9 %  99.3+0.2 % 99.4+0.5%  99.3£0.6 %
31TCJ 3850 6 80.0£0.7 % 80.1+0.6 %  97.940.8 % 99.3+0.5%  96.5£1.7 %

! Training samples represent 50% of the available reference data.

4.2. Global classification approach

4.2.1. Active learning vs. random sampling: assessment of overall accuracy

The average overall accuracy (OA) values of the two-tile models are reported in Table 4 according
to the uncertainty measure used for AL, the transfer direction, and the number of added samples. In
Table 5, we present the OA values achieved with three-tile-based global models for active learning

(ALps)

Table 4. Average overall accuracy (in %) according to the transfer direction from one tile to another and
the number of target samples added to the initial set for active learning with Entropy (ALy) and margin
sampling (ALyss) uncertainty metrics. Comparisons were made with an adapted model including
additional randomly selected (RS) target samples. The values are averaged over 30 independent

repetitions.
Target tiles
31UEQ 30TYT 31TCJ
Source  OA Number of additional samples
tiles (%) 0 250 500 750 1000 O 250 500 750 1000 O 250 500 750 1000

RS - - - - - 36 50 57 60 61 47 63 69 71 72

31UEQ ALgy - - - - - 36 50 56 60 62 47 59 65 69 71
ALpys - - - - - 3 54 61 63 64 47 68 73 74 75
RS 31 45 52 55 57 - - - - - 53 69 70 71 72

30TYT ALy 31 4 50 53 56 - - - - - 53 67 70 71 72
ALys 31 49 55 58 59 - - - - - 53 70 72 73 74

RS 40 50 58 61 63 52 61 64 64 65 - - - - -
31TC] ALgyg 40 50 59 63 63 52 62 63 64 65 - - - - -
ALys 40 53 61 64 65 52 63 65 66 66 - - - - -
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Generally, for AL, we observed a better performance with the margin sampling uncertainty metric
(ALpss) than with the entropy metric (ALp). We also observed that classification performance was
better with AL (especially using ALys) than with random sampling (RS). In addition, the results
showed asymmetrical transferability particularly when only two tiles were used to build the global
model. Performances varied according to the transfer direction. For instance, an average OA score of
61% was obtained with AL,s from 31UEQ to 30TYT by adding extra 500 samples versus 55% in the
opposite case (Table 4). However, when the global model included samples from the three S2 tiles (i.e.
three-tile models), the classification performances were closer (see results in Table 5 for ALy,g). This
is particularly true when the north-eastern tile (31UEQ) was included in the two-tile-based models
to predict the third tile. From 500 extra samples, we found a difference in OA varying by only 1%
or 2% between target tiles 30TYT and 31TC]J (e.g. OA=88% with 750 extra samples for 30TYT versus
89% with the same number of additional samples for 31TC]J). By contrast, when the north-eastern tile
31UEQ was the target, the three-tile-based models were less accurate (difference in OA of around
15% compared to the target tiles 30TYT and 31TCJ). Nevertheless, for all three tiles, the maximum
achievable performance appeared to be reached with three-tile-based models and exceeded that of
local models by 1% up to 14% depending on the tile considered (see Table 3 for comparison).

Table 5. Average overall accuracy (in %) according to the transfer direction from a two-tiles based
model (i.e. an initial local model adapted by AL with 1000 extra samples from a second tile) to a third
one. Target samples were added to the initial set by active learning based on margin sampling (ALs).
The values are averaged over 30 independent repetitions.

Target tiles
31UEQ 30TYT 31TCJ

Source OA Number of additional samples

tiles (%) 0 250 500 750 1000 O 250 500 750 1000 O 250 500 750 1000
30TYT

watcy Alms 36 61 71 76 78 - - . } . L ) i i
31TCJ

oty Alms 33 51 65 7175 - - - N . . i i i
31UEQ

g Abws - - - - - 50 79 85 88 8 - - - - -
31TC]

alEQ Alws - - - - - 57 79 85 &7 88 - - - - -
31UEQ

soryr Abms - - - - S - 47 82 87 8 90
30TYT

wupg ALws - - - - - - - - - - 52 84 &7 89 %0

An illustration of how OA scores fluctuated as a function of the additional target samples is given
in Figure 5, in the particular case of transfer from the north-eastern tile (31UEQ) to the south-western
tile (31TC]J). At first (i.e. with no additional samples from the target), the original 31UEQ model
provided predictions on 31TC]J tile with an average OA of 47% (vs. 80% when a local model was used
for the target tile, see Table 3, Section 4.1). In that case, the OA scores increased as the target samples
were added randomly or by AL, with an advantage for AL)s, especially with few extra samples.
On average, AL s significantly outperformed RS model by 3.5% (Wilcoxon signed-rank test with
a p-value < 0.01). A maximum difference of 5.5% between the two learning curves (ALys vs. RS)
was also found based on Hausdorff distance. Concerning entropy-based active learning (ALp), the
approach yielded results that closely resembled those of RS.

As shown by the dotted lines, the adaptation of the models for the target domain (tile 31TC]J) does
not reduce the classification accuracy in the source domain (tile 31UEQ). The OA scores remained
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fairly constant when target samples were added (Figure 5). The same trend was observed regardless of
the learning approach (RS or AL).

1.0

0.9 1

081 S=mss=mss=zzza SSEmEssmEsEESESEsSS ==z s=5E5s55:4

0.7 1

0.3 9

Mean OA in tile 31TCJ

0.2 A

0.1 1

0.0 T T T T T T T T T
0 \ 100 200 300 400 500 600 700 800 900 1000

Start OA = 0.47 Number of added samples

m—— Active Learningyss (target) m— Active Learningy (target) Random Selection (target)

---- Active Learningyss (source) ---- Active Learningy (source) ---- Random Selection (source)

Figure 5. Changes in the average OA score (+ standard deviation) on the south-western target tile
(31TCJ) according to additional number of training samples from the initial model (north-eastern source
tile 31UEQ). The average values were based on 30 independent runs for both random sampling (in
red) and active learning using entropy (ALp in blue) or margin sampling (ALjss in green). Dashed
lines show changes in the OA on the north-eastern source tile (31UEQ) with RS (red dashed line) , ALy
(blue dashed line) and AL;s (green dashed line).

4.2.2. Active learning vs. random sampling: class-specific assessment

In order to better understand what underlies the OA measurements, the F-score values by class
were analysed in relation to the total number of additional samples. For the sake of simplicity and
clarity, results are reported here for only one transfer direction.

Considering the transfer from the north-eastern (31UEQ) tile to the south-western (31TC]J) tile
with no extra training samples, the F-score obtained for poplar plantations was 92% (Figure 6a-c). This
score increased with the addition of new samples to reach a maximum at 97% and 98% respectively,
for random and both active learning models (ALyss and ALp).

Number of additional samples Number of additional samples
250 500 1000 1000
e Popm-----
Locust Locust
4] Chestnut - 0.60 0.72 0.76 0.78 z Chestnut - 0.59 0.72 -
O Oak - O Oak -

Closed deciduous _ Closed deciduous _
forest (mixed) forest (mixed)
Open deciduous Open deciduous
forest (mixed) forest (mixed)

(a) Random selection (RS) (b) Active learning (1)
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Number of additional samples
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Oak- 0.29 S04
Closed deciduous _
forest (mixed) 0.2
o
0.0

forest (mixed
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Figure 6. Average F-scores per class obtained over 30 independent repetitions as a function of the
number of added samples with (a) random sampling, (b) entropy-based active learning (ALy) and (c)
margin sampling-based active learning (ALy;g). The transfer was performed from the north-eastern
tile (31UEQ) to the soutwestern tile (31TC]J).

Classes

Regarding the class of locust tree species, a low F-score of 7% was noted prior to the addition of
target training samples. However, this value rose sharply to achieve 59%, 32% and 67% with 250 extra
samples for respectively RS, ALy and ALj;s models (Figure 6a-c). In the same way, the initial F-score
for chestnut tree species was null in the target domain because of the absence of this class in the source
domain. However, after few iterations, the accuracy jumped to around 60% for both random and ALy
models (250 extra samples). Like in the previous case, the rate of increase with the ALj;s model was
faster and reached an F-score value of 72% at the 25" iteration. In these last two examples (locust
and chestnut), RS required up to 50% more samples to achieve the same class F-scores as ALys. The
same behaviour was observed for oak and open deciduous forest classes with an upward trend in the
F-score when training samples were added. The improvement was particularly pronounced when the
initial value was low. This was true except for the closed deciduous forest class (with mixed species)
for which the F-score dropped with the addition of new samples whatever the learning approach (RS
vs. AL) used.

4.3. Maps of poplar plantations

The three S2 tiles were predicted according to the different approaches: local models,
non-adapted models (before AL) and finally with a global model offering the best performances
(BIUEQ+31TCJ+30TYT). The results are shown in Figure 7 with extracts from the three study tiles.
Although visual inspection of the images is not obvious, a more accurate result was obtained using a
global model with fewer noisy classification patterns and less over-detection of poplars.
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Figure 7. Zoomed prediction maps of the north-eastern, central and south-western tiles according to
local models (respectively a, d and g), non-adapted (before AL) models (respectively b, e and h) and
the global model (respectively ¢, f and i).

5. Discussion

5.1. Active learning: an efficient way to generalise across space with limited extra target samples

Our results revealed low classification performances with no adaptation of the initial model due
to the non-stationarity of class distributions between the different study tiles. After querying samples
from the target domain, the model improved its generalisation capabilities across space. This was true
both for random sampling and active learning. However, compared to RS, the number of added target
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samples was much lower with AL (and consequently, the cost of sample acquisition) while reaching
the same level of accuracy. In some cases, the number of extra samples was twofold higher with RS
(500 vs. 250 by ALjss to obtain an average Chesnut F-score of 72% or 1,000 vs. 500 by AL;s to obtain
an average Locust F-score of 76%). For a same number of extra samples, AL;g outperformed RS from
1% to 12% of F-score with respect to the transfer direction and the class considered. Furthermore,
when the global models were based on all three tiles, overall accuracy was up to 14% higher than that
achieved with the local models.

These results which are in line with those of [39], show that AL is a good way to minimise the
number of samples for domain adaptation while maintaining high discrimination capabilities. The
sample selection bias is corrected and the global model which is adapted for large scale mapping, is
able to match the distributions of the local tiles in both the training and test set. However, to benefit
from AL, the uncertainty measure must not be arbitrarily chosen. ALy produced limited performances,
with results that were very close to those obtained with RS. The entropy metric is highly dependent on
unlikely classes making it less robust, as reported previously [57,58]. Although entropy is an intuitive
indicator of uncertainty, the margin sampling (MS) metric is a more reliable and direct way to estimate
uncertainty among the most confused classes [58].

5.2. Effect of transfer direction: case of the poplar class

Our results showed asymmetrical transferability of the models from one tile to another. This
means that the classification accuracy may vary according to the tile used to initiate the learning
process. When we considered the transfer from the north-eastern (31UEQ) to the south-western (31TCJ)
tile, a high F-score value for poplar plantations was achieved without any additional target samples.
The original model was already able to correctly identify (at 92% F-score) south-western poplars with
the knowledge acquired from the north-eastern poplars (i.e. no adaptation was required). Moreover,
the improvement in the F-score was almost the same between AL ;s and the random-based sampling
model after the addition of new samples. By contrast, the number of poplar samples selected over
the total number of additional samples revealed a marked difference. For an equivalent F-score value,
the number of samples randomly selected (see red bars in Figure 8a) was about eight times higher
than those selected by ALjs (green bars in Figure 8a) indicating that extra training samples are highly
redundant with random sampling. Here, AL minimises the need to hand-label target poplar samples
without sacrificing classification performance. As highlighted in [59], when the class accuracy is high,
the active learner avoids querying irrelevant samples.

When the transfer across space was performed in the opposite direction (i.e. from the
south-western 31TC]J to the north-eastern 31UEQ tile), the result was slightly different. With no
additional samples from the target, the poplar F-score was 76% (Figure 8b). It increased to achieve
a stable value around 90% with 50 and 100 extra poplar samples (out of 400 additional samples) for
ALps and RS models, respectively. In the first iterations, ALys queried more poplar samples than in
the opposite direction. However, the number was still lower than with random sampling.
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Figure 8. Changes in the average poplar F-score between the north-eastern (31UEQ) and south-western
(31T(YJ) tiles according to the number of added samples. In (a), the change in the average poplar F-score
is given on the south-western target tile (31TCJ) with an initial classifier trained on the north-eastern
source tile (31UEQ). In (b), the change in the average poplar F-score is given on the north-eastern
tile based on the south-western model. Red (random sampling) and green (active learning-based
sampling) bars show the number of target poplar samples selected (right y-axis) from the total number
of additional training samples out of a total of 1,000 queried samples.

The south-western model struggled a little with the classification of north-eastern poplars.
Plantations were mainly confused with closed deciduous forests (see confusion matrix in Appendix
A3a). In this direction, the local environmental conditions of the north-eastern tile may have affected
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the transferability of the original model and in particular, soil conditions together with related
silvicultural practices. Indeed, among the essential requirements for the successful development
of poplar plantations, is a well-drained soil with an easy access to water [60,61]. To satisfy this
condition, tillage practices are applied in the driest regions (i.e. south tiles) to minimise competition
for water from other plants (shrubs and herbaceous species) resulting in limited ground cover by the
understory vegetation. In the north of France, water is not a limiting factor and most poplar plantations
present a grassy or even shrubby cover. Thus, the predictors cover a wider range of variability in the
north-eastern tile which makes the classification less accurate without a minimal adaptation (due to
the sample selection bias and covariate shift as mentioned by [62]) leading to different but related source
and target domains between tiles [21]. Stands with dense understory vegetation were almost invisible
in the original south-western model and were therefore confused with the closed deciduous forest
class in the north. This was confirmed by examining the nature of samples added in the first iterations
of AL.

As illustrated in Figure 9, the NDVI distribution of the first 50 poplar samples added by ALj;s
coincides with the uncertainty regions of the south-western model, when the transfer was carried out

from the south-west to the north-east.
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Figure 9. Kernel density of NDVI for poplars in the south-western tile (31TCJ, dark green solid line)
and the north-eastern tile (31UEQ, light green solid line) for January 26th (a) and d)), May 16th (b) and
e)) and December 2nd (c) and £)), 2017. In d, e) and f) we added the NDVI distribution of the first 50
poplar samples selected by ALy;s (light green dashed line) from the north-eastern target tile when the

transfer was conducted from the south-western tile.

The asymmetry of the transfer direction began to stabilise with three tiles especially when the
north-eastern tile was no longer the target (Table 5). This could be attributed to the fact that all the
classes are represented in the source tiles (i.e. with the north-east and south-west or the north-east and
center models) unlike the case when the north-eastern tile is predicted (the beech class does not exist
in the original models).

Hence, it might be better to start with a two-tile model including the north-east and then predict
either the south-western or central tile in order to ensure the best classification performance in all
three tiles. Following the three-tile model, all the class diversity and distribution should already be
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accounted for (the covariate shift should disappear), the stability level should increase and equivalent
performance would be expected regardless of the order of the tiles.

5.3. Impact of missing classes in the original model: case of the chestnut class

In the case of a transfer from the north-east to the south-west, the original model does not include
the chestnut class which actually exists in the target tile (Table 2). When the source model was applied
directly (before adding samples), the chestnut F-score was not surprisingly equal to zero since the
chestnut class was initially unknown. All its samples were confused with the pre-existing classes but
mainly with closed deciduous forest (51%) and oak (40%) (Appendix A1b). Both AL and random
models drew chestnut samples from the entire selected pool over the iterations but many more with
the former. In fact, chestnut samples in ALy;s were considered to be the most uncertain and were
therefore and primarily the most frequently chosen. As discussed in [24], the active learning followed
an intuitive approach and immediately moved towards this unknown class supposedly difficult to
classify. In either case, the F-score increased as chestnut samples were added from the target but
considerably faster with AL,ss which promptly improved the class definition in the initial source
model that successfully identified it (Figure 10). This behavior of AL was also observed for other
missing classes with respect to the transfer direction. These results confirmed that the AL tends to
select many samples from the hardest classes to discriminate among the others, as demonstrated in
[58,59]. The good performance of random sampling can easily be explained by the high probability
of the random process finding new classes only by chance [30]. From a learning point of view, both
domains and learning tasks differ in this case: distribution values of features change because of spatial
non-stationarity; tasks also vary because the label spaces between domains are not exactly the same

[21].
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Figure 10. Changes in the average chestnut F-score on the south-western target tile (31TCJ) according
to the number of added samples. The initial classifier was trained on the north-eastern source tile
(B1UEQ).
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5.4. Effect of training with mixed classes: case of the locust class

In the experiments, all the models were trained using pure pixels of tree species only (Section
3.3.2). To check the functioning of AL, pixels of closed and open deciduous forests (mixed classes)
were used for testing but not for training. In this way, we made AL more efficient, as explained below.

In the French forest reference database used as a source of samples, forest stands are defined as
mixed species when the dominant species cover less than 75% of the total extent. Inside these stands,
species can be spatially aggregated or scattered. Therefore, stands of mixed species can be composed
of mixels (containing spectral information of several species in one pixel) or can be a mixture of pure
pixels. If mixed-species classes are included in the training set, two issues may arise: (i) pure-species
pixels may be confused with pixels labelled as mixed species since these pixels can be also pure at this
level (the label making sense at the stand level); (ii) predictions of mixed-species classes on another S2
tile may be inefficient because of sample selection bias (the composition of mixed-species classes can
vary across space from one tile to another) but this can be corrected by AL. We observed the first issue
(confusion between pure and mixed-species classes) for several species. We illustrate it below with the
locust species class.

At the beginning of the transfer from the north-eastern source tile (31UEQ) to the south-western
target tile (31TC]), the locust F-score was very low with no additional samples (7%, Table 6). This poor
performance was surprising because pure pixels of locust species were present in both source and
target tiles. Due to spectral and temporal overlaps (Appendix A4), there was considerable confusion
with oak and closed deciduous forest classes (Appendix B.1).

Considering mixed-species classes for training, the addition of target extra samples by AL led to a
rapid increase in the locust F-score, especially by ALj;s (Table 6 and Figure 11a) but the performance
boost was hampered by the closed deciduous forest class. Despite the low initial locust F-score, AL
did not only select locust samples. Many uncertain samples belonging to the closed deciduous forest
class were also queried (Figure 11b). After checking, some of the uncertain pixels also turned out to be
locust pixels (the other ones being pixels of oak). Thus, AL seeks to improve the classification of locust
in both cases but pixels can be found in two different classes. The existence of the mixed-species class
makes AL less competitive (see Figures 11a and 11c for comparison). In addition, by selecting locust
pixels labelled as closed deciduous forest in mixed stands, the model is progressively distorted. The
negative effect of the mixed-species class is particularly pronounced with entropy-based AL. Because
this metric takes the probabilities of belonging to all the classes into account (not only the two most
probable classes, as in AL)s which are locust and closed deciduous forest or oak), the model is thus
influenced by low probabilities of unimportant classes which are rarely the right ones [58]. In other
words, ALy is less robust to class overlap. Regarding the model based on random sampling, more
locust samples are selected than by ALy which further improves the performance for this class. The
same behaviour was encountered in [30], where random sampling outperformed active learning in a
similar context with a highly mixed crop classes.

Table 6. Average locust F-score on the south-western tile according to the total number of additional
samples with and without the presence of mixed classes in the training set.

Number of additional samples (total)

Average locust With mixed classes Without mixed classes
250 500 750 1000 250 500 750 1000

0
Random Selection 7 40 59 67 71 59 70 74 76
Active Learning (g 7 12 25 34 43 32 59 70 76

7 52 65 70 73 67 76 79 80

F-score (%) ,30)

N NN o

Active Learning (ys)

With pixels of pure-species class only, model performance improved, especially with few extra
samples (Table 6 and Figures 11c and 11d). The model not only improves the definition of pure classes
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but also allows a better characterisation of the species in the mixed-species stands, opening interesting

perspectives to enrich the forest reference map.
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Figure 11. Changes in the average F-score on the south-western target tile (31TCJ) for locust (a and
¢) and closed deciduous forest (b and d) classes according to the number of additional samples. The
initial classifier was trained on the north-eastern source tile (31UEQ). In (a) and (b), the training set
contained pure and mixed species while in (c) and (d) only pure classes were considered (explaining
why no extra pixels of closed deciduous forest were added in (d)).
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6. Conclusions

In this paper, we propose the use of an active learning approach for the classification of poplar
plantations, among other tree species, in a large-scale context. The results show the good capability of
Sentinel-2 time series to map poplar plantations with all their diversity related to cultivars, management
practices and climatic conditions. In particular, we demonstrate the potential of active learning to
adapt a local model into a global model suitable for large-scale mapping. By adaptability, we have not
only shown its efficiency to query relevant samples from the unexplored areas, but also its capacity to
discover new classes. Following the analysis of the different transfer combinations by AL between
the three study S2 tiles, we conclude that spatial transferability is strongly dependent on the transfer
direction but the performance gap tends to decrease with three-tile-based models. The resulting global
models achieved high classification performance with few training samples reflecting the potential of
AL to considerably reduce the cost of labelling. With respect to untested uncertainty metrics, margin
sampling provided the best classification results and proved to be more robust to class overlap than
entropy. We therefore recommend the use of MS metric for multi-class tasks, especially when dealing
with mixed classes.

It is important to note that in real-world applications, it would be interesting to use AL to guide
field surveys or photo interpretation operators in collecting labels for the most useful pixels rather than
providing a pool of samples from which to choose the most useful ones [36,37]. Another direction for
future work is to consider other transfer learning methods for large scale image classification. It could
be multitask learning, in which the target and source domains are learned simultaneously. However,
such a framework assumes that a lot of training samples are widely available [21].
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Appendix A. Local classification results without prior photo interpretation of poplar samples

When all reference polygons were retrieved from the forest database, including poplar samples
without being photo-interpreted, a loss of about 17%, 13% and 9% of the poplar F-score was observed
for the north-eastern, central and south-western tiles respectively. The impact was more noticeable on
the north-eastern tile and could be related to the acquisition year of the aerial photographs used to
generate the forest database (Figure 3). They are dated from 2004 to 2013 for the north-eastern districts,
from 2008 to 2011 for the central ones and from 2012 to 2013 for the south-western districts.
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Table A1. Local classification results in two Sentinel-2 tiles without photo interpretation of poplars.

Tile Training size! No. Overall Global Poplar Poplar Poplar

code per class in pixels classes Accuracy(,3)) F-score(.3y) F-score(,3p) Precision(,3 Recall(,30
31UEQ 1250 6 65.6£6.5 % 652469 %  72.6+57 % 69.5+82%  77.3£3.9 %
30TYT 2000 6 65.8+2.2 % 70.6+£22%  86.7+1.7 % 85.6+2.8%  87.9+2.4 %
31TCJ 3850 6 79.5+3.3 % 79.44+3.7 %  89.1+3.9 % 88.6+£52%  90.8£3.2%

! Training samples represent 50% of the available reference data.

The poplars derived from the forest database presented various errors corresponding to
logged or abandoned plantations as well as grasslands. The results were therefore statistically and
cartographically unsatisfactory. This led us to choose systematic photo interpretation of all poplar
samples in order to ensure the best classification results.

Appendix B. Results before Active Learning adaptation

Appendix B.1. Source tile: north-eastern (31UEQ)

& & & F
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Figure A1. Normalised confusion matrices obtained before active learning adaptation (before adding
new samples from target) when the transfer was performed from the north-eastern source tile (31UEQ)
to (a) the central (30TYT) and (b) the south-western (31TC]J) target tiles.
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Appendix B.2. Source tile: central (30TYT)
& 3 & 8
& & 3§ L&
S5 45 s $5 8¢
. s S8 w $ O¢
§ F . FF s § FF % s
, . . . . . 100 . . A . . 100
Poplar 1498 5.1 22 20.1 227 00 Poplar 0.0 00 22 10 36
80 5 80
Locust 4 0.0 120 416 4.0 424 0.0 Locust 4 0.0 40.6 0.0 505 84 0.5
= =
% Oak 4 00 188 404 356 52 0.0 60 % Chestnut 4 00 44 128 240 50.8 8.1 60
B % %
g Closed | 0.2 12.6 40.6 259 20.7 0.0 ° g Oak 4 0.0 15 20 582 208 175 0
— deciduous forest 40 = 40
= &= .
Open | 0.6 03 1.0 22 0.0 Closed | 0.3 5.0 0.4 [59.0 19.9 15.4
deciduous forest 20 deciduous forest 20
Beech 4 0.0 5.8 27.2 288 382 0.0 Open | 0.0 0.0 9.7 1.6 12
deciduous forest
0 0
Predicted labels Predicted labels
() (b)

Figure A2. Normalised confusion matrices obtained before active learning adaptation (before adding
new samples from target) when the transfer was performed from the central source tile (30TYT) to (a)
the north-eastern (31UEQ) and (b) the south-western (31TC]J) target tiles.

Appendix B.3. Source tile: south-western (31TC]J)
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Figure A3. Normalised confusion matrices obtained before active learning adaptation (before adding
new samples from target) when the transfer was performed from the south-western source tile (31TCJ)
to (a) the north-eastern (31UEQ) and (b) the central (30TYT) target tiles.
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Appendix C. Distribution of NDVI values within the deciduous classes of each tile
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Figure A4. Spectral variability of Sentinel-2 NDVI over the deciduous classes in (a) the north-eastern
(31UEQ), (b) the central (30TYT) and (c) the south-western (31TC]) tiles.
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Figure A5. Spectral variability of Sentinel-2 NDVI between locusts and closed deciduous forests (CDF)
on the north-eastern (N.E) and south-western (S.W) tiles.
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Figure A6. kernel density of NDVI for locusts (red line) and closed deciduous forest (CDF) (burgundy
line) in the north-eastern (31UEQ) and south-western (31TC]) tiles for January 26th (a) and d)), May
16th (b) and e)) and December 2nd (c) and f)).
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Appendix D. Active learning results with a combination of uncertainty and diversity measures

Table A2. Overall accuracies (in %) according to the direction of the transfer and the number of target
samples added to the initial set for active learning with margin sampling (MS) uncertainty metric
combined with Euclidean distance (ALy;s_f,) and Cosine (ALy;s—c) diversity metrics. The values are
averaged over 30 independent repetitions.

Target tiles
31UEQ 30TYT 31TC]
Source OA No. of additional samples
tiles (%) 0 250 500 750 1000 O 250 500 750 1000 O 250 500 750 1000
31UEQ ALpms—pu - - - - - 36 53 59 62 63 47 62 69 71 73
ALys_c - - - - - 3 50 57 60 62 47 55 64 68 70
30TYT ALys_g, 31 47 53 56 57 - - - - - 53 66 69 70 71
ALpys—c 31 46 52 55 57 - - - - - 53 64 67 69 70

ALys_p, 40 53 61 63 64 52 62 64 65 65 - - - - -

ST ALys c 40 54 60 63 64 52 61 64 65 6 - - - - -
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