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Abstract: The remote sensing community benefits from new sensors and easier access to
Earth Observation data to frequently released new land-cover maps. The propagation of
such independent and heterogeneous products offers promising perspectives for various
scientific domains and for the implementation and monitoring of land-use policies. Yet, it
may also confuse the end-users when it comes to identifying the most appropriate product
to address their requirements. Data fusion methods can help to combine competing and/or
complementary maps in order to capitalize on their strengths while overcoming their
limitations. We assessed the potential of the Dempster–Shafer Theory (DST) to enhance
oil palm mapping in Sumatra (Indonesia) by combining four land-cover maps, hereafter
named DESCALS, IIASA, XU, and MAPBIOMAS, according to the first author’s name or
the research group that published it. The application of DST relied on four steps: (1) a
discernment framework, (2) the assignment of mass functions, (3) the DST fusion rule,
and (4) the DST decision rule. Our results showed that the DST decision map achieved
significantly higher accuracy (Kappa = 0.78) than the most accurate input product (Kappa
= 0.724). The best result was reached by considering the probabilities of pixels to belong to
the OP class associated with DESCALS map. In addition, the belief (i.e., confidence) and
conflict (i.e., uncertainty) maps produced by DST evidenced that industrial plantations were
detected with higher confidence than smallholder plantations. Consequently, Kappa values
computed locally were lower in areas dominated by smallholder plantations. Combining
land-use products with DST contributes to producing state-of-the-art maps and continuous
information for enhanced land-cover analysis.

Keywords: data fusion; Dempster–Shafer theory; oil palm mapping; Indonesia

1. Introduction
Remote sensing (RS) science is essential for producing spatio-temporal indicators

to monitor and understand human activities and their environmental impacts. To do so,
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RS scientists benefit from the continuous development of new remote sensors and easier
access to Earth Observation (EO) data. In addition, cloud computing technologies offer
new perspectives to process large and complex datasets (Google Earth Engine (GEE) [1], or
EO data cubes [2]). These solutions represent a major evolution, and their wide adoption
results in the frequent release of new global and regional products for the mapping of land
cover and land-use dynamics [3,4]. Global maps of forest cover and degradation [5,6], water
surfaces [7], mangroves [8], or land cover [9] are seminal examples of such initiatives. These
are completed by regional and national efforts such as land-cover mapping in France [10]
and Brazil [11], cropland mapping in East Asia [12], forest and mangroves monitoring in
Southeastern Asia [13,14], or tree plantations in China [15,16].

However, while such products undoubtedly improve our ability to monitor regional
and global land-use/cover dynamics, their propagation can also confuse end-users when it
comes to identifying the maps that best meet their requirements. More precisely, the prolifer-
ation of heterogeneous land-use/cover maps relying on different data (e.g., optical and/or
radar imagery at different spatial resolutions), mapping methods (e.g., supervised vs. un-
supervised classifications), and validation strategies (e.g., different validation indices or
sampling design) raises new issues and opportunities for the RS community. In this regard,
a major issue concerns the real potential of such a diversity of large-scale land-use/cover
products to support the implementation and monitoring of environmental policies. As a
seminal example to illustrate this point, the Food and Agriculture Organization of the
United Nations (FAO) has recently developed an open access digital platform to monitor
the implementation of the European Union Deforestation Regulation (EUDR [17]) based on
various global forest monitoring products. This platform, named Whisp (“What is in that
plot?” [18]), relies on a “convergence of evidence” approach that is built on the hypothesis
that “no single definitive source of geospatial data can tell the whole story around any
given plot of land; rather, various existing datasets contribute to understanding what has
most probably occurred at that location and support to lessen the impact of individual
biases or errors present in any single piece of evidence or data source” [18].

In this context, data fusion methods combining heterogeneous information offer
promising expectations to reach optimized state-of-the-art maps. Indeed, data fusion refers
to: “the joint use of heterogeneous information for decision support” [19]. There are actually
various ways to categorize data fusion methods. Dasarathy [20] and Benediktsson and
Sveinsson [21] classify methods depending on input and output data types. At the data level
(also named low-level fusion), data fusion combines raw data (e.g., spectral reflectances in
remote sensing images, [22,23]) to produce new data (e.g., spectral reflectances at a higher
spatial or spectral resolution). At the feature level (also named mid-level fusion), data
fusion combines extracted features (e.g., texture, shape, spectral indices or features issued
from deep neural networks) to generate richer representations or inputs for classification
and modeling. Finally, at a high level (also named {late/information/decision}-fusion),
data fusion combines already-processed information (e.g., classified maps) to support
decision making [24,25].

In this study, as raw and derived data are not available for all sources, unlike classified
ones, we rely on late-fusion approaches. Such methods can be broadly categorized into
three main types: (i) voting-based methods that aggregate decisions from multiple sources,
using strategies such as majority voting, weighted voting (assigning reliability weights),
or ranked voting based on the importance of each source [26]; (ii) rule-based methods
that combine information through predefined logical rules or more flexible approaches
like fuzzy logic to handle uncertainty [27–29] and (iii) probabilistic methods that model
uncertainties explicitly, leveraging techniques such as Bayesian inference, naive Bayes
classifiers (assuming source independence), or the Dempster–Shafer Theory (DST) for
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belief-based reasoning. These approaches ensure robust decision-making by integrating
diverse outputs effectively [30,31].

In this context, the DST presents interesting assets to manage uncertainties and deal
with numerous independent sources through the concept of mass functions. DST, first
developed by A. Dempster in 1967 [32] and later extended by G. Shafer in 1976 [33],
generalizes the Bayesian theory of probability. Unlike classical probability, which requires
precise probabilities for all possible outcomes, the Dempster–Shafer theory allows for
uncertainty by assigning belief masses to sets of possibilities rather than individual events.
The belief function quantifies the support for a proposition, while the plausibility function
measures how much the evidence does not refute it. Evidence from different sources
is combined using Dempster’s rule of combination, which updates beliefs by merging
compatible information and redistributing conflict proportionally. This flexibility makes
the approach particularly useful in situations with incomplete or uncertain data. Indeed,
DST provides a robust analysis by not interpreting the lack of information as evidence
against an assumption [34]. In addition, DST is both commutative and associative (i.e.,
the order of using sources does not impact the result), ensuring the infinite integration of
evidences as long as the input sources are independent. However, DST also has limitations,
such as the complex assignment of belief mass functions [30] and shortcomings in the case
of highly contradictory evidence [35].

Several studies successfully applied DST for land cover [34,36–39], forest [40] and
urban [41]) monitoring, or to estimate precipitation [42]. However, these studies also
showed a few limitations: (1) they were restricted to small-scale applications or to low reso-
lution data fusion; (2) belief mass functions are generally based on literature reviews and
expert knowledge; and (3) conflict redistribution was not optimized to efficiently deal with
contradictory evidences. Therefore, the frequent publication of large-scale maps at high or
moderate resolutions (10 to 30 m) associated (sometimes) with pixel-level quality indices
promotes new opportunities and challenges for the large-scale operational application of
DST in the era of Big Earth Observation (Big EO) data.

In the present study, we assess the potential of DST to combine various heterogeneous
independent land-use maps. As a case study, we focus on the mapping of oil palm (OP)
plantations in Sumatra island, Indonesia. This application is particularly relevant because
(1) OP expansion is known as a major driver of deforestation, (2) the RS community has
recently released various heterogeneous and independent OP maps, and (3) mapping OP
plantations is very challenging due to the complex discrimination between OP plantations,
forests, and other tree plantations, so there is an urgent need to increase map accuracy,
especially in view of the future implementation of the EUDR.

2. Study Case
Oil palm (Elæis guineensis Jacq.) is the most cultivated oilseed in the world due to its

high average yields. OP plantations are spread over 45 tropical countries [43], with a special
emphasis on Indonesia (about 60% of the world production). Here, we focus on Sumatra
island (a total area of 473,481 km²), which is home to the largest OP areas in Indonesia
(e.g., 9 million ha in Sumatra in 2019 vs. 6 million ha in Kalimantan [44]) (Figure 1). OP
cultivation in Indonesia was initiated in the province of North Sumatra in the 1900s [45],
then spread to the whole island during a major expansion phase supported by public
transmigration policies in the 1980s, and was finally continued by the privatization of the
oilseed sector in the 1990s [46].
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Figure 1. Location of the study area, Sumatra island (Indonesia), and illustration of different types of
oil palm plantations as seen from very-high-resolution remote sensing image (© Google Earth).

Whereas OP expansion is a pillar of socio-economic development in Indonesia, im-
portant socio-environmental concerns have drawn the attention of the civil society and the
scientific community, especially regarding the deforestation of primary forests and peat
swamps with drainage and fire [46]). Such high deforestation rates contribute to high green-
house gas emissions in Indonesia [47] and dramatically impact the climate. In addition,
Indonesia is a biodiversity hot-spot with endemic and symbolic species severely impacted
by OP expansion [48]. Intensive OP plantations also affect the environment through the
pollution of soil and water resources due to synthetic fertilizers or pesticides [49]. Finally,
OP expansion was also criticized for exacerbating social conflicts over land rights with
native peoples and for contributing to social inequities [50,51].

Addressing these numerous socio-environmental issues requires the efficient mapping
of OP plantations in Indonesia. However, remote sensing-based OP mapping is a very chal-
lenging task. On the one hand, optical data suffer from high cloud-cover rates that prevent
accurate single-date mapping but benefit from long historic datasets to monitor inter-annual
dynamics and derive important information such as the age of plantations [52–56]. In this
regard, Landsat (since the 1980s) [54–56]) and MODIS (since the 2000s) [53,57] images have
been commonly used to monitor the expansion of OP plantations due to their long temporal
continuity, whereas maps with finer spatial resolutions were only recently produced using
Sentinel-2 images [58,59].

On the other hand, radar images such as ALOS-PALSAR and ALOS-PALSAR2 data
in the L-band [60–62] or Sentinel-1 data in the C-band [58,63] are less affected by cloud
cover and more suitable for detecting palm trees, especially in closed-canopy planta-
tions [59,64]. However, the short temporal archive hinders the inter-annual monitoring of
OP expansion [60,62–64]. As a logical continuation, recent studies explored the synergy
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between optical and radar images [16] to exploit the advantages of each data point and
improve both single-date mapping [58,61,65] and inter-annual monitoring [66,67].

Last but not least, beyond the data and methodological issues, it is also worth noting
that OP mapping efforts are also affected by semantic concerns. Indeed, since OP is
a perennial crop with a >25-year life cycle, some mapping efforts may only focus on
mature plantations (>3 years), while others also include young plantations [52,55,56].
In addition, failed plantations (Figure 1) (i.e., abandoned plantings due to financial reasons
or palm diseases) are usually ignored. Finally, OP plantations often implicitly focus on
large “industrial plantations” in organized landscapes (Figure 1) and tend to disregard
“smallholder plantations”, which still actually represent about 40% of OP plantations
in Indonesia.

3. Data
The present study relies on five maps of OP plantations (Figure 2), hereafter named

GAVEAU, DESCALS, XU, IIASA, and MAPBIOMAS, based on the first author’s name or
the research group that published it (Table 1). The first map (GAVEAU) is here considered as
a reference dataset because it was produced through visual photo-interpretation, relying on
trained human expertise assumed to be the best available recognition method to date [68].
The four other maps are RS-based classifications and are considered as input sources to
the data fusion approach. These four maps were chosen as they were freely available,
achieving high accuracy levels and high heterogeneity, since they rely on different data,
methods, and definitions of OP plantations.
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Figure 2. Presentation of the reference (GAVEAU [44]) and input land-use maps at Sumatra-scale
(A) and tile-scale, considering a tile dominated by industrial plantations (B) and a tile dominated by
smallholder plantations (C).
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Table 1. The characteristics of the reference dataset and input sources.

Map Name Type Year Map Data (Optical/Radar) Spatial
Resolution Methods Land-Cover

Classes Accuracy Citation

GAVEAU REF 2019 Landsat & SPOT-6/
- 1/50,000 Visual

interpretation

Industrial
Smallholder

Other

OA =
95.6% Gaveau et al. [44]

DESCALS CLASSIF 2019 Sentinel-2 /
Sentinel-1 10 m Deep Learning

Industrial
Smallholder

Other

OA =
94.02% Descals et al. [59]

IIASA CLASSIF 2017 Landsat/
Sentinel-1 30 m Unsupervised

classification
No Oil Palm

Oil Palm
OA =

84.83% Danylo et al. [69]

XU CLASSIF 2016 MODIS/
ALOS-PALSAR 100 m Random Forest No Oil Palm

Oil Palm
F1-score =

0.72 Xu et al. [57]

MAPBIOMAS CLASSIF 2019 Landsat/
- 30 m Random Forest

Oil Palm
+ 7 other land
cover classes

/ Mapbiomas [70]
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3.1. GAVEAU Map (Reference)

The reference map (Figure 2) was published by Gaveau et al. [44] and aims to map
land conversion to OP for both plantation types (i.e., industrial vs. smallholder plantations)
with a two-step approach.

First, annual Landsat median composites were produced and visually interpreted
between 2000 and 2019 to map industrial plantations. Second, smallholder plantations
were mapped by the visual interpretation of SPOT-6 images at 1.5 m spatial resolution
for 2016. The map was produced by the AURIGA non-governmental organization and
approved by the Indonesian government. The map of 2016 was updated until 2019 through
change detection techniques using Sentinel-1 composites, whereas the Tree Loss product [5]
was used to estimate the planting years up to 2000. These annual maps were validated
by the visual interpretation of very high resolution images on GEE (Overall Accuracy
(OA) = 95.6% for 2019).

Based on this reference map, we created a stratified reference sample (hereafter named
the GAVEAU sample). To do so, we divided Sumatra island into 723 tiles (one tile ≈ 900 km²).
For each tile, we randomly selected 2500 reference points (except for tiles with small
land areas) and split them according to the proportion of each land-use class (i.e., oil
palm (OP), no oil palm (NOP)) in line with the stratified sampling design proposed by
Olofsson et al. [71]. We thus created a large dataset of 1,804,989 points (1,540,483 points for
NOP vs. 264,506 points for OP), further divided into training (70%, i.e., 1,263,448 points)
and test (30%, i.e., 541,541 points) samples.

3.2. DESCALS Map (Input Source 1)

Descals et al. [59] mapped mature closed-canopy OP plantations for 2019 at a global
scale. First, potential areas for OP plantations were identified with climate features (World-
Clim V1 Bioclim data) and an existing map of industrial OP plantations. Second, a deep
learning classification model (convolutional neural networks) was trained with Sentinel-1
IW GRD and Sentinel-2 L2A data for the second half of 2019 at a 10 m spatial resolution.
The results showed an OA = 94.02% for Sumatra (Figure 2), with smallholder plantations
showing lower user accuracy (63.27% vs. 89.25%) and higher producer accuracy (81.44% vs.
69.15%) than industrial plantations.

3.3. IIASA Map (Input Source 2)

Danylo et al. [69] mapped the extent and age of OP plantations in Southeast Asia
through a two-step method. First, the OP extent map was obtained for 2017 with a Sentinel-
1 IW GRD annual composite in dual-polarization VV and VH at 30 m spatial resolution.
An unsupervised classification by majority voting was computed with the VV band, VH
band, VV/VH ratio, and texture metrics from the gray-level co-occurrence matrix.

Second, the age of OP plantations was estimated by detecting the year of the most
recent high values of the Bare Soil Index [72] in the Landsat time series since 1984. The OP
map for Sumatra (Figure 2) in 2017 was validated (OA = 84.83%) with a dataset produced
by a collaborative visual interpretation for 8,609 random sites.

3.4. XU Map (Input Source 3)

Xu et al. [57] produced annual maps of OP plantations for Malaysia and Indonesia
between 2001 and 2016 with a two-step approach. First, binary maps (OP/NOP) were
produced for six years (2007 to 2010, 2015, and 2016) by computing a random forest
integrating four variables (HH band, HV band, HH-HV difference, and HH/HV ratio)
derived from L-band ALOS PALSAR and ALOS PALSAR-2 data, which were previously
resampled from 25 m to 100 m to smooth the inherent noise in radar data.
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Second, a BFAST change detection algorithm [73] was applied to the MODIS NDVI
time series (resampled from 250 m to 100 m spatial resolution) to fill in the missing years
in the ALOS-PALSAR and ALOS-PALSAR2 data (between 2011 and 2014). The map was
validated with an F-score of 0.72 in 2016 for Sumatra (Figure 2).

3.5. MAPBIOMAS Map (Input Source 4)

The MAPBIOMAS product (Figure 2) was released in 2022 [70]. In line with the
MapBiomas Brazil initiative, it relies on optical data to produce national-scale annual
land-use maps between 2000 and 2019 at a 30 m spatial resolution. Unlike other maps, OP
plantations were not the unique target class, but were mapped due to their importance for
environmental dynamics in Indonesia. Time series of the Landsat 5, 7, and 8 images of
the dry season period (April to September) were processed on GEE to compute spectral
indices and soil fractions. Statistical metrics were then applied to summarize the temporal
information in composite images then classified with a random forest algorithm using a
training sample obtained through visual interpretation. Although the annual cloud-free
classifications are freely available online, the validation process has not yet been finalized.

4. Methods
4.1. Introduction to the Dempster-Shafer Theory

The data fusion relies on the DST, which is a mathematical framework for modeling
and reasoning under uncertainty using measures of plausibility and belief. The DST
combines “evidence sources” into four major stages (Figure 3).

Figure 3. A flowchart of the methodology, including input sources, stages of DST fusion process,
outputs, and validation approach.
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1. The discernment framework (DF) sets the hypothesis of the fusion process, i.e., it
defines all the possible classes (including uncertain ones) potentially assigned to
a pixel.

2. The Mass Functions Assignment (MFA) determines the belief level associated with
each element of the discernment framework. For each each input source, it assigns
numeric mass functions for each pixel and each element of the DF.

3. The Dempster–Shafer fusion rule (symbolized by ⊕) combines the mass functions to
estimate the belief and the plausibility for each pixel for each hypothesis.

4. The decision rule (DR) relies on these metrics to assign a hypothesis to each pixel,
i.e., to assign a final decision to each pixel.

4.1.1. Definition of the Discernment Framework

The discernment framework (noted Θ) is composed of the set of possible classes θ (also
called singletons) and all uncertainties between classes, i.e., all possible unions over them
(Equation (1)). Since the OP class is the only common class among the four input sources,
we focused on OP vs. NOP mapping. As a consequence, the discernment framework is
composed of four hypotheses: oil palm (θOP), no oil palm (θNOP) the union of OP and NOP
(θOP ∪ θNOP), i.e., uncertainty between these two hypothesis, and the empty set ∅ showing
that there are no other hypotheses (Figure 4).

Θ = {θ1, θ2, ..., θn, θ1 ∪ θ2, ..., θ1 ∪ θn, θ1 ∪ θ2 ∪ θ3, ..., θ1 ∪ ... ∪ θn} (1)

Figure 4. The discernment framework is composed of the empty set ∅, the oil palm class θOP, the no
oil palm class θNOP, and the union of OP and NOP θOP ∪ θNOP, representing the uncertainty.

Setting the discernment framework implies that the four heterogeneous input sources
share similar characteristics, i.e., the same spatial resolution and land-use classes. For this
reason, all inputs maps were (1) resampled at 10 m spatial resolution (i.e., the resolution of
the finest input map from DESCALS) with the nearest neighbor method and (2) reclassified
into two classes (OP and NOP).

4.1.2. The Mass Functions Assignment (MFA)

The MFA intends to assign masses for each element of the discernment framework
(θOP, θNOP, θOP∪NOP, ∅) that must respect the following rules:

m(θ) ∈ [0, 1]; ∑
θ∈Θ

m(θ) = 1; m(∅) = 0 (2)

In other words, at MFA stage, we define the mass function m for a pixel to be classified
as OP (element θOP) or NOP (element θNOP), and we also assign a mass to the uncertainty
(element θOP ∪ θNOP). Ideally, these masses should rely on pixel-level probabilities as-
sociated with each input map. However, such probabilities were only released for the
DESCALS map. We thus proposed an original approach based on the accuracy indices to
set the mass functions for all input maps (although the initial DESCALS probabilities were
also used—see Section 4.2).
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To do so, we validated the accuracy of all sources with the GAVEAU reference training
sample, relying on the error matrix and the Kappa index (Kp) to define the mass functions
at the class level (Figure 5). One can rely on the overall uncertainty of different sources
with respect to the validation map. Thus, if the classification is perfect (Kp = 1), we
have complete confidence when predicting hypothesis θOP or θNOP, and under this ideal
situation, one would have a generic mass distribution m as:

mOP(θOP) = 1 ; mOP(θNOP) = 0 ; mOP(θOP ∪ θNOP) = 0 ; mOP(∅) = 0

mNOP(θOP) = 0 ; mNOP(θNOP) = 1 ; mNOP(θOP ∪ θNOP) = 0 ; mNOP(∅) = 0

where mOP (resp. mNOP) stands for the situation where the classification issued from the
source gave the class OP (resp. NOP).

If at this point the accuracy of the source is not perfect, this implies a lower confidence
in the classification, i.e., mOP(θOP) < 1 and mNOP(θNOP) < 1. Therefore, a non-null
value for the associated uncertainty θOP ∪ θNOP will be set. A rational choice to fix this
uncertainty is to rely on the Kappa value, Kp, for each source. We then assign the global
confidence as mOP(θOP) = Kp (resp. mNOP(θNOP) = Kp). The fraction of false positives
(resp. of false negatives) over points classified as OP (resp. NOP) can then be used to
distribute the remaining mass (1 − Kp) in mOP(θNOP) (resp. in mNOP(θOP)). This leads to
the following rule:

mOP(θNOP) = (1 − Kp)
Fop

Fop + Top

mNOP(θOP) = (1 − Kp)
Fnop

Fnop + Tnop

(3)

with Fop (resp. Fnop) the number of false positives (resp. false negative), i.e., the number
of points incorrectly classified as OP (resp. as NOP), and Fop + Top (resp. Fnop + Tnop) the
total number of points classified as OP (resp. NOP). Here, F and T stand for False and
True classification.

Lastly, the remaining mass is associated with the global uncertainty :

mOP(θOP ∪ θNOP) = 1 − Kp − (1 − Kp)
Fop

Fop + Top

mNOP(θOP ∪ θNOP) = 1 − Kp − (1 − Kp)
Fnop

Fnop + Tnop

(4)

An illustration of mass functions assignment is given in Figure 5.

Figure 5. Mass functions assignment with an application to DESCALS map.
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4.1.3. Dempster–Shafer Fusion Rule

The Dempster–Shafer fusion rule combines the mass functions assigned to each input
source to estimate the belief and the plausibility for each hypothesis defined in the DF and
is divided in two parts:

1. The numerator: the sum of the products between the MFA of each singleton
(Equation (5)).

2. The denominator: the normalized coefficient, Kc (not to be confused with Kappa
index, Kp) which refers to the conflict between input sources for one hypothesis
(Equation (6)).

m(θi) ≡ [S1 ⊕ S2](θi) =
∑θj∩θl=θi

m1(θj)m2(θl)

Kc
(5)

Kc = 1 − ∑
θj∩θl ̸=∅

m1(θj)m2(θl) (6)

where m1 and m2 are mass functions of the evidence sources S1 and S2 defined in the DF
Θ, and their purpose elements are θj and θl . ∑θj∩θl

represents the sum of all singletons
θj, θl ⊆ Θ such as θj ∩ θl = θi. The coefficient Kc represents the conflict between the
input sources and ranges from 0 (complete disagreement between sources) to 1 (complete
agreement between sources).

For a better understanding, the example below (Application 1) details the application
of DST for a random pixel with fictive values for two evidence sources (m1 and m2):

Application 1. Dempster–Shafer fusion rule with fictive values for two evidence sources
(m1 and m2).

m1OP = 0.60 m2OP = 0.5
m1NOP = 0.33 m2NOP = 0.4
m1OP∪NOP = 0.07 m2OP∪NOP = 0.1

(7)

Kc = 1 − [m1OPm2NOP + m1NOPm2OP]

= 0.595
(8)

Belie fOP =
m1OPm2OP + m2OPm1OP∪NOP + m1OPm2OP∪NOP

Kc

=
0.3 + 0.035 + 0.06

0.595
= 0.664

(9)

Belie fNOP =
m1NOPm2NOP + m2NOPm1OP∪NOP + m1NOPm2OP∪NOP

Kc

=
0.132 + 0.028 + 0.033

0.595
= 0.324

(10)

Belie fOP∪NOP =
m1OP∪NOPm2OP∪NOP

Kc

=
0.007
0.595

= 0.012

(11)
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4.1.4. Dempster–Shafer Decision Rule

After computing the mass functions, it is necessary to apply a decision rule to as-
sign each pixel to one hypothesis of the DF. The usual decision rules related to the DST
are threefold:

• The maximum credibility focuses on singletons only (i.e., it does not integrate uncer-
tainty) and thus refers to a “pessimistic decision rule” (e.g., credibilityOP = 0.664 in
Application 1).

• The maximum plausibility equals the sum of the credibility and uncertainty, thus
referring to an “optimistic decision rule” (e.g., plausibilityOP = 0.676 in Application 1).

• The maximum pignistic probability equals the sum of the credibility and half of the
uncertainty and thus refers to a “careful decision rule” (e.g., pignisticprobabilityOP = 0.67
in Application 1).

That being said, dealing with high conflict values is a well-known limitation of
DST that affects decision making [74] and has been regularly highlighted in previous
studies [34,36–42]. To address this issue, we implemented a different decision rule that
distributes the conflict by adapting the proportional conflict redistribution approach pro-
posed by Smarandache and Dezert [75]. In concrete terms, the redistribution is based on the
statistical validation of each hypothesis derived from the GAVEAU sample. Thus, the error
matrices present more false positives (i.e., errors of commission) than false negatives (i.e.,
errors of omission), reflecting an underestimation of the OP class. We have therefore fully
added the Kc conflict to the belief value of the OP hypothesis (Belie fOP). Finally, the deci-
sion making needed to define the DST fused class equals the maximum belief value, as in
Equation (12).

DSTclass =

OP, if Belie fOP >= Belie fNOP

NOP, otherwise
(12)

4.2. Implementation of the Dempster–Shafer Theory

The DST was applied to different combinations of input sources to test the sensitivity
of the fusion approach. For the sake of readability, these tests are hereafter called DSTDIXM,
DSTIXM, DSTDXM, DSTDIM, DSTDIX , and DSTProbaD , based on the first letter of the map’s
name. DSTDIXM was computed with the four input maps. DSTIXM, DSTDXM, DSTDIM,
and DSTDIX were computed with three input maps. Importantly, the DSTProbaD test used
the four input maps as for DSTDIXM, but the mass functions for DESCALS map were
directly retrieved at pixel-level from a map of probabilities of pixels to belong to the OP
class [59].

The DST then produces three output maps:

• A belief map of the OP hypothesis, i.e., a map of Belie fOP values,
• A conflict map, i.e., a map of 1 − Kc values ranging from 0 (complete agreement

between sources) to 1 (complete disagreement between sources),
• A DST decision map for the year 2019 with two classes, i.e., OP/NOP.

4.3. Validation Framework

In order to assess the accuracy of the DST decision map resulting from the fusion
process, we proceeded in three steps.

Firstly, we computed a statistical validation based on the Kappa index. To do so, we
relied on the GAVEAU test sample to evaluate DST improvement for OP map accuracy
compared to the input sources. Then, to assess the spatial variability of the map’s accuracy
at a finer scale, we mapped the Kappa index of the DST decision map for each tile defined
during the sampling step (i.e., 723 tiles of 900 km² each).
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Secondly, we analyzed if the spatial variability in Kappa values was related to the
agricultural landscape composition (Figure 3). As a composition metric, we computed
the ratio between the areas in smallholder and industrial plantations for each tile based
on the GAVEAU reference map. Thus, metric values higher (lower) than 1 indicate the
predominance of smallholder (industrial) plantations. We then conducted a statistical
analysis, considering tiles with a significant OP area (larger than 5% of the tile’s area).
We applied the Kruskal–Wallis test to assess the Kappa index distribution for different
landscape composition categories. This test focuses on population medians and proposes
to test a null hypothesis H0 (i.e., the distribution of the Kappa values is not significantly
different for each category of landscape composition) at the 0.05 significance level. Then,
the Compact Letter Display (CLD) method [76] identifies the categories with statistically
significant different distributions by labeling them with letters.

Finally, we analyzed the distribution of belief and conflict values for different land-
cover/use classes (first considering OP vs. NOP and then industrial vs. smallholder
plantations) in order to assess the potential of these continuous values to discriminate OP
plantations (Figure 3).

5. Results
The results are divided into statistical and spatial outputs through (1) MFA results,

(2) the statistical validation of DST decision maps, and (3) a spatial variability assessment.

5.1. Mass Functions Assignment

The MFA for each hypothesis (OP, NOP, and union of hypotheses) is based on the
statistical validation of each input source performed with the GAVEAU training sample
(Table 2). The Kappa values ranged from 0.489 (XU map) to 0.724 (DESCALS map),
illustrating the input sources’ heterogeneity. We note that these values differed significantly
from the validation values claimed by the authors in their publications (see Table 1).
The heterogeneity of input sources also resulted in discrepancies in estimating OP areas in
Sumatra (ranging from about 6.5 Mha for DESCALS, IIASA, and XU to more than 8 Mha
for MAPBIOMAS). These statistical validations emphasized the importance of spatial
resolution for accurate OP mapping since, as one might expect, the XU map at 100 m spatial
resolution achieved less accurate results than the 10 m spatial-resolution DESCALS map.

Table 2. Kappa values and total OP areas for each input source.

Maps Kappa with
Training Sample

Kappa with
Test Sample OP Area (Ha)

DESCALS 0.724 0.725 6,821,655
IIASA 0.652 0.655 6,334,515
XU 0.489 0.493 6,835,993
MAPBIOMAS 0.643 0.649 8,174,029

Finally, since the mass functions assigned to the OP/NOP hypotheses for each input
source were derived from the Kappa index, the highest and lowest mass functions were
respectively computed for DESCALS and XU maps, whereas intermediate values were
assigned to IIASA and MAPBIOMAS maps. These mass functions are introduced in Table 3
and must be interpreted as follows. Considering the DESCALS map as the input source, if a
pixel was classified as OP, the masses for this pixel corresponding to OP or NOP hypothesis
were θOP|θOP = 0.724 and θNOP|θOP = 0.003, respectively, with an associated uncertainty
θOP∪NOP|θOP = 0.272. Contrarily, if a pixel was classified as NOP in the DESCALS map,
the masses for this pixel corresponding to NOP and OP were θNOP|θNOP = 0.724 and
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θOP|θNOP = 0.096, respectively, with an associated uncertainty θOP∪NOP|θNOP = 0.178.
In this regard, the MFA stage assigned higher uncertainties for OP than for NOP for all
input sources, since the OP class was poorly detected compared to the NOP class.

Table 3. Mass functions assigned for each input map.

Sources θOP θNOP θOP∪NOP

DESCALS θOP 0.724 0.003 0.272
θNOP 0.096 0.724 0.178

IIASA θOP 0.652 0.005 0.342
θNOP 0.147 0.652 0.200

XU θOP 0.489 0.021 0.489
θNOP 0.268 0.489 0.242

MAPBIOMAS θOP 0.642 0.013 0.344
θNOP 0.128 0.642 0.229

5.2. Statistical Validation of the DST Decision Map

Once mass functions were assigned to each hypothesis, we applied the DST to all
combinations of input sources defined in Section 4.2. The resulting maps were then
statistically validated with the GAVEAU test sample (Table 4). The major results to be
emphasized are threefold.

Table 4. Statistical validation indices (Kappa) and OP area estimates for each fusion test.

Fused Map Kappa OP Area (Ha)

DSTDIXM 0.749 7,504,349
DSTIXM 0.709 9,967,305
DSTDXM 0.740 10,114,982
DSTDIM 0.740 10,114,982
DSTDIX 0.756 8,071,561
DSTProbaD 0.780 8,310,400

First, for most of the combinations, the Kappa values of the DST decision maps were
higher than the Kappa value of the most accurate input source. The lowest Kappa value
(i.e., Kappa = 0.709) was achieved by the DSTIXM test, which was the only combination
not to consider the DESCALS map (the most valued map at MFA).

Second, integrating more input sources did not necessarily improve the results. For ex-
ample, the DSTDIX 3-sources combination achieved higher results than the DSTDIXM

combination. Adding sources carried conflicting information, thus increasing uncertainty
and penalizing the final results. Moreover, DSTDIM and DSTDXM presented similar results,
highlighting that the input sources may sometimes not provide original information.

Third, the integration of pixel-level probability provided by the map producers (i.e.,
probabilities associated with the DESCALS map) increased the results achieving the highest
Kappa value (i.e., Kappa = 0.780) for DSTProbaD , higher than the best Kappa value for a
single input source (Kappa of DESCALS map = 0.724).

In addition, the resulting OP areas for Sumatra ranged from 7.5 Mha (DSTDIXM) to
10.1 Mha (DSTDIM and DSTDXM) and confirmed the quality of the DSTProbaD map, whose
OP area (8,310,400 Ha) was close to the 2019 OP area estimated by the Indonesian Ministry
of Agriculture (8,299,729 Ha) for Sumatra [77]. For these reasons, the DSTProbaD map was
considered for further analysis.
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Kappa values at the tile scale (between 0.6 and 0.8 for 30% of tiles) reflected the results
achieved at the Sumatra scale but also revealed (1) extreme values (Kappa < 0.2 for 3% of
tiles and >0.8 for 10% of tiles) and (2) strong spatial heterogeneity (Figure 6). Interestingly,
the spatial distribution of Kappa values did not follow any spatial trend (neither the north–
south nor east–west gradient), and was instead explained by (1) tiles with unbalanced
reference points between OP/NOP, as low Kappa values were often observed in tiles at
the interfaces with NOP; (2) tiles with large classification errors, as observed in southern
Riau province (see Figure 6) where low Kappa values corresponded to coconut plantations
confused with OP plantations [78]; and (3) the predominance of a plantation type (high
Kappa values characterize a predominance of industrial plantations).

Figure 6. The distribution of Kappa values at the tile scale for the DSTProbaD fused map.

5.3. Spatial Variability Assessment

Beyond the binary DST decision map, the DST also provided more continuous infor-
mation through (1) the belief map for the OP hypothesis and (2) the conflict map between
input sources (Figure 7).

Hence, the belief map for the OP hypothesis highlighted that 87% of Sumatra’s area
was characterized by very low (≤0.2) or high (≥0.8) belief values (Figure 7). In that case,
low belief values corresponded to high certainty for NOP areas, and high belief values
corresponded to high certainty for OP areas. In order to illustrate this variability, Figure 7B
shows that higher belief values were observed in tiles with homogeneous landscapes domi-
nated by industrial plantations, whereas low belief values were encountered in fragmented
landscapes with a predominance of smallholder plantations (Figure 7C). These findings
were confirmed by Figure 8B, which shows different distributions of belief values for the
reference points of smallholder (lower belief values) and industrial plantations (higher
belief values).
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Figure 7. Belief, conflict, and DST decision maps resulting from the application of the Dempster–
Shafer theory at (A) the Sumatra scale and for two tiles characterized by the predominance of (B)
industrial OP plantations and (C) smallholder OP plantations.

In contrast, 89% of Sumatra’s area was characterized by low conflict values (Kc < 0.3),
reflecting a global agreement between the input sources (Figure 7). However, medium to
high conflict values (Kc > 0.5) were mainly located in areas considered OP, highlighting
the challenge of OP detection. This was confirmed by the distribution of conflict values
for reference points, since points belonging to the OP class showed higher conflict values
than points of the NOP class (Figure 8A). Moreover, a tile-level analysis showed signifi-
cant spatial variability, with OP areas predominated by industrial plantations (Figure 7B)
presenting lower conflict values than OP areas predominated by smallholder plantations
(Figure 7C). Figure 8A also emphasizes that the disagreement between input sources was
higher for smallholder than for industrial plantations.

Finally, the metric of landscape composition comparing the areas of smallholder and
industrial plantations for each tile showed a decrease in median Kappa values, as small-
holder plantations became larger than industrial plantations (Figure 9). The distribution
of Kappa values was only significantly different for tiles where the area of smallholder
plantations was two times greater than the area of industrial plantations (Figure 9).
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Figure 8. Distribution of reference points according to their land-use class for (A) values of belief
between input sources and (B) values of conflict in each hypothesis

Figure 9. The distribution of Kappa values according to the landscape composition metric (i.e., ratio
between smallholder and industrial plantations) at tile-scale. Letters a and b produced by CLD
method indicate statistically significant different distributions.
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6. Discussion
We produced a map of OP plantations at Sumatra-scale by combining four hetero-

geneous maps using the Dempster–Shafer theory. Our results showed that applying the
DST significantly improved the classification accuracy (Kappa = 0.78 vs. best Kappa of
input sources = 0.724) and allowed for quantifying and mapping (1) belief values in the
detection of OP plantations and (2) conflict values between input sources. The results also
highlighted the methodological challenge of detecting OP plantations, especially small-
holder plantations [44,59,61,62]. However, although promising, our results raise numerous
methodological issues that must be discussed.

The first issue refers to the definition of the discernment framework. At this stage,
all input maps must share common characteristics. Here, we resampled all maps at 10 m
spatial resolution with a nearest-neighbor approach. However, complementary tests
at a moderate resolution (e.g., 30 or 100 m) may be relevant, since a coarser resolution
may reduce uncertainties, although generating less spatially detailed results. Also, other
resampling approaches may be tested to derive pixel-level probabilities to be further
integrated in the fusion process. Moreover, while we limited our application to OP and
NOP classes, more tests would be relevant to assess the potential of DST to discriminate
finer classes. Moreover, setting the hypotheses emphasized an important issue regarding
potential discrepancies between definitions of OP plantations in the different input
sources. For example, the OP class in the DESCALS map corresponded to closed mature
canopy plantations, whereas other input sources might have also integrated young or
failed plantations (e.g., GAVEAU).

In addition, discrepancies in OP definitions between two input sources or between
an input source and the GAVEAU reference map may also impact the MFA stage. Indeed,
such discrepancies may penalize the statistical validation of the input source that used a
definition different from the reference map, consequently leading to low estimates of mass
functions. This point may explain the differences between the validation results claimed by
the map producers and our validation results. However, these differences may also be due
to different validation approaches (e.g., stratified sampling vs. regular or random sampling)
and different reference samples (e.g., including samples in smallholder plantations or not,
or considering only mature plantations, or integrating young plantations).

Still considering the MFA stage, the statistical validation of input sources here relied
on a single statistical index and a single reference sample (i.e., GAVEAU training sample).
We here considered the Kappa index, but other accuracy indices (e.g., F1-score or user and
producer accuracies, [71]) may also be tested to determine the mass functions for each
hypothesis. Overall, this point also questions the application of our approach when no
reference map is available. For this reason, it is essential (1) that map producers harmonize
the validation procedures to ensure that accuracy metrics can be compared and reused in
data fusion process and (2) to implement unsupervised strategies to assign mass functions,
e.g., by assessing cross-agreement levels between input sources in order to identify the
most- and least-reliable maps. More importantly, our best result was achieved by including
the map of probabilities provided by DESCALS, emphasizing the relevance of considering
mass functions at a pixel level (instead of a class level, as done for other tests). Consequently,
we recommend map producers to release the intermediate probability maps and not only
the final classifications. Meanwhile, attempts to estimate mass functions at the pixel level
considering ancillary information (e.g., landscape metrics, number of observations in time
series, distance to patch edges) may also be relevant.

Regarding the DST fusion rule, the main issue refers to the conflict redistribution rule.
In the present case, we distributed the conflict entirely over the OP class to compensate
for the fact that mass functions assigned to the OP class were lower than those assigned to
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the NOP class (i.e., θOP|θNOP < θNOP|θOP in Figure 5 and Table 3). However, considering
additional land-cover classes (industrial and smallholder plantations) would require the use
of different methods for conflict distribution (e.g., the proportional conflict redistribution
rule [75]).

In addition, the decision rule based on the maximum belief value between the OP
and NOP hypotheses (see Equation (12)) may be discussed for the specific case of binary
classifications, as in the present study. Indeed, since most input sources poorly detected
smallholder plantations, many of these plantations were characterized by low Belie fOP

values, so it may be relevant to lower the OP detection threshold in order to capture
more OP areas. By considering different decision rules, it would also be possible to
derive different OP maps corresponding to different definitions of OP plantations, as also
proposed in Arvor et al. [79]. For example, a restrictive map may only focus on pixels with
high Belie fOP values, whereas a broad map may consider pixels with moderate to high
Belie fOP values. Such maps may carry relevant information for end-users from various
scientific domains (e.g., ecologists computing landscape metrics or economists dealing with
administrative-level uncertainties).

At the validation stage, we have shown that the spatial variability of Kappa values
was related to the proportion of industrial and smallholder OP plantations in tiles. This
metric of landscape composition only provides a partial description of the local landscape,
so additional metrics of landscape configuration (e.g., aggregation index, cohesion [80]),
number of patches) should be tested in order to better assess the impact of landscape
structure on the potential to map OP plantations, especially considering different plantation
types (smallholder vs. industrial plantations).

Finally, this work highlights the strengths of DST, particularly in its management of
uncertainty and ignorance. However, other data fusion methods (e.g., fuzzy logics, voting
strategies; see Section 1) should be tested and compared in order to highlight the strengths
and limitations of each approach for OP mapping. In this regard, we added a comparison
with voting strategy data fusion in the Appendix A.

7. Conclusions
The multiplication of remote sensing-based land-cover/use maps through the con-

tinuous development of remote sensors and computing capabilities is opening up promis-
ing prospects while raising essential issues. Especially, it questions the potential of such a
proliferation of information to effectively support the implementation and monitoring of
important land-use policies (e.g., EUDR), rather than somehow confusing end-users look-
ing for the most appropriate data to meet their specific needs. In this context, we assessed
the potential of the Dempster–Shafer theory to combine independent and heterogeneous
large-scale land-cover maps at a moderate (30 m) pixel resolution. The operational
application of DST relied on the automatic setting of mass functions (although requiring
a reference source) and the improved distribution of conflict between hypotheses. Our
results showed that the Dempster–Shafer theory was efficient in combining four maps
of oil palm plantations in Sumatra island, taking advantage of the strengths of each
product. Despite the shortcomings of the input maps related to the specific application
considered in this study (i.e., different OP definitions and probability map only available
for one input source), the DST produced a significantly more accurate fused map of OP
plantations. Beyond the discrete binary OP/NOP maps, belief and conflict maps also
presented interesting continuous information, whose potential to better categorize OP
plantations and assess the OP dynamics and consequent socio-environmental impacts
needs to be explored.
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Appendix A. Data Fusion with Voting Strategies
In order to compare the DST results with another fusion method, we also tested a

voting strategy fusion. This approach aggregates predictions from multiple sources using
voting systems (e.g., simple majority voting or weighted voting), i.e., a vote assigned to
each input map. There are several examples of applications of this approach, such as
the “convergence of evidence” method in the Whisp platform. Also, Shen et al. [81] or
Wang et al. [82] applied voting strategies to classify land-cover using remote sensing data.
Although the voting strategy approach is easy to implement, uncertainty management
remains limited. However, this is an essential point in our work, since the diversity of
oil palm plantation maps and the methodological challenges involved in these mappings
induce significant uncertainties in the results. Whereas our paper therefore focuses on the
application of DST, we also tested the voting strategy approach using weights. In that
case, each weight is assigned to pixels depending on their class, OP or NOP. Then, if the
sum of all votes is greater than or equal to 0.5, we consider the pixel to correspond as OP;
otherwise, we classify it as NOP.

We tested this approach with two types of weights : (1) all weights equally set to 1,
and (2) all weights set depending on Kappa index associated to each input map..

The results showed high Kappa index values (Kp = 0.749 for equal weights and
Kp = 0.725 for Kappa weights), but these still lower than those obtained by applying the
DST method (Kp = 0.780). Thus, we can conclude that (1) the results were comparable to
those obtained with DST (Kp for DSTDIX = 0.756) without considering probability maps
and (2) it emphasizes the importance of considering probability maps to improve the fusion
results (Kp for DSTProbaD = 0.780). It is also important to note that voting-based methods
do not spatialize conflict between sources or manage uncertainty, which are key aspects
in improving the reliability of fusion outcomes. Thus, we can conclude that (1) the results
were comparable to those obtained with DST (Kp for DSTDIX = 0.756) without considering
probability maps, and (2) it emphasizes the importance of considering probability maps to
improve the fusion results (Kp for DSTProbaD = 0.780).

https://github.com/CarlBethuel/Dempster-Shafer-work
https://github.com/CarlBethuel/Dempster-Shafer-work
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