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A B S T R A C T

Combining observations from multiple optical and synthetic aperture radar (SAR) satellites can provide tem-
porally dense and regular information at medium resolution scale, independently of weather, season, and lo-
cation. This has the potential to improve near real-time deforestation monitoring in dry tropical regions, where
traditional optical only monitoring systems typically suffer from limited data availability due to persistent cloud
cover. In this context, the recently launched Sentinel-1 satellites promise unprecedented potential, because for
the first time dense and regular SAR observations are free and openly available. We demonstrate multi-sensor
near real-time deforestation detection in tropical dry forests, through the combination of Sentinel-1 C-band SAR
time series with ALSO-2 PALSAR-2 L-band SAR, and Landsat-7/ETM+ and 8/OLI. We used spatial normalisation
to reduce the dry forest seasonality in the optical and SAR time series, and combined them within a probabilistic
approach to detect deforestation in near real-time. Our results for a dry tropical forest site in Bolivia, showed
that, as a result of high observation availability of Sentinel-1, deforestation events were detected more timely
with Sentinel-1 than compared to Landsat and ALOS-2 PALSAR-2. The spatial and temporal accuracies of the
multi-sensor approach were higher than the single-sensor results. We improved the precision of the reference
data derived from the multi-sensor satellite time series, which enabled a more robust estimation of the temporal
accuracy. We quantified how the near real-time deforestation detection is associated with a trade-off between
the confidence in detection and the temporal accuracy. We showed that the trade-off affects the choice on how to
use the near-real time data for different applications such as fast alerting with high temporal accuracy but lower
confidence versus accurate detection at lower temporal detail. When aiming for a high confidence in change area
estimates for example, deforestation was detected with a user's accuracy of 88%, a producer's accuracy of 89%
(low area bias), and a mean time lag of 31 days using all sensors. This is on average 7 days earlier than when
using only Sentinel-1 observations, and six weeks earlier than when relying only on Landsat observations. We
showed that confident near real-time deforestation alerts can be provided with a mean time lag of 22 days, but
these are associated with a higher commission error. With more dense time series data expected from the
Sentinel-1 and -2 sensors for the upcoming decade, spatial and temporal detection accuracy of multi-sensor
deforestation monitoring in the tropics will improve further.

1. Introduction

Satellite-based monitoring systems are the primary tools for pro-
viding near real-time (NRT) information on newly deforested areas in
vast and inaccessible tropical forests. Their potential to empower gov-
ernments and communities to enact timely actions against illegal and
unsustainable forest activities, and to respond to natural disasters is
increasingly recognised (Assunção et al., 2013; Lynch et al., 2013;
Wheeler et al., 2014; Hansen et al., 2016). In the context of satellite-
based monitoring, NRT refers to the capacity to detect new changes in
satellite images once they are available (Reiche et al., 2015a). At an

operationalised level, the NRT detection of deforestation is currently
realized by monitoring systems that mainly rely on near daily ob-
servations of the coarse resolution MODIS (Moderate Resolution Ima-
ging Spectroradiometer) sensor. The near daily observations provide a
satisfactory temporal coverage in the frequently cloud covered tropical
region (Diniz et al., 2015; Shimabukuro et al., 2006; Hammer et al.,
2009; Wheeler et al., 2014). Due to the coarse resolution of MODIS data
of 250–500 m, however, many small scale changes are missed
(Anderson et al., 2005; Hammer et al., 2014; Hansen and Loveland,
2012). Hansen and Loveland (2012) demonstrated that MODIS misses
up to 50% of the forest changes when compared to medium resolution
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Landsat data (30 m).
The opening of the Landsat archive in combination with the ability

to download fully pre-processed images (Wulder et al., 2016), stimu-
lated a shift of efforts in recent years towards operational and large area
Landsat based deforestation monitoring at annual (Hansen et al., 2013;
Souza et al., 2013) and sub-annual scales (Hansen et al., 2016). Several
optical time series approaches with NRT capabilities have been devel-
oped to exploit the entire temporal detail of Landsat data (Verbesselt
et al., 2012; Xin et al., 2013; Zhu et al., 2012; Hansen et al., 2016).
Hansen et al. (2016) demonstrated the potential for and constraints of
operational Landsat based deforestation alerts for the humid tropics.
The major limitation of Landsat-based tropical deforestation alerts, is
the limited availability of cloud-free observations (Hansen et al., 2016;
Souza et al., 2013; Sannier et al., 2014). In particular, cloud-free ob-
servations are rare during the wet season. Other regions, such as the
Peruvian cloud forests for example (Hansen et al., 2016), suffer from
pervasive cloud cover throughout the entire year. In extreme cases,
Landsat data gaps remain for more than one year (Hansen et al., 2016;
Potapov et al., 2012; Sannier et al., 2014). In summary, a monitoring
system that relies only on medium resolution optical data, will not
provide a sufficient number of cloud-free observations throughout all
seasons and geographical locations. A reduced number of cloud-free
observations results in delayed detection of new deforestation events
(Reiche et al., 2015b).

Synthetic aperture radar (SAR) can penetrate through clouds, and
therefore has the potential to complement optical-based forest mon-
itoring systems (De Sy et al., 2012; Joshi et al., 2016; Vaglio Laurin
et al., 2013). To monitor tropical deforestation at larger scales, mainly
long wavelength L-band SAR (~23.5 cm) data has been utilized
(Shimada et al., 2014; Whittle et al., 2012). Shorter wavelength C-band
(~5.6 cm) SAR is generally less useful for forest change monitoring
because of the lower penetration depth, and rapid saturation of the
signal over forests (Woodhouse, 2005). Fragmented and inconsistent
data acquisitions and/or commercial data distribution of key SAR
missions in the past have hampered their operational application, and
have limited opportunities to integrate optical and SAR data (Reiche
et al., 2016). With the launch of the Sentinel-1A and -1B C-band SAR
satellites in 2014 and 2016 (Torres et al., 2012), for the first time, dense
SAR time series are free and openly available for the tropical region.
Since temporal sampling frequency is key for NRT deforestation mon-
itoring, Sentinel-1 could be a milestone when it comes to more precise
tracking of forest change events and activities; a potential that is yet to
be explored. A key question is the extent to which the high temporal
observation density of Sentinel-1 C-band SAR can compensate for the
lower sensitivity to detect deforestation, when compared to longer-
wavelength L-band SAR observations. L-band SAR data are currently
available from the ALOS-2 PALSAR-2 mission (launched 2014,
Rosenqvist et al., 2014), but only a few images per year are available for
most tropical regions and the commercial data distribution limits the
operational uptake. However, freely accessible L-band data are in sight
with the upcoming SAOCOM-1 (Satélite Argentino de Observación Con
Microondas; planned launch 2017) and NISAR (NASA/ISRO Synthetic
Aperture Radar; planned launch 2020) missions.

Space agencies and international organisations, i.e. the Global
Forest Observation Initiative (GFOI, 2015), emphasize the need and
potential for joint exploitation of the impeding stream of free-of-charge
SAR and optical data streams to improve tropical forest monitoring
(Reiche et al., 2016). Using dense Sentinel-1 time series for NRT de-
forestation monitoring could provide a significant step forward in its
own right. Combining time series from multiple optical and SAR sen-
sors, however, has the potential to improve the robustness of NRT de-
forestation monitoring at medium resolution scale by increasing the
number of available observations and ensuring a minimum number of
observations for all seasons and geographical locations. In recent years
several studies have demonstrated the increase of spatial, and temporal
accuracy of deforestation detection, when combining optical and SAR

time series (Lehmann et al., 2012; Lehmann et al., 2015; Reiche et al.,
2013; Reiche et al., 2015a; Reiche et al., 2015b). These studies have
developed some of the methodological underpinnings for the combi-
nation of these datasets using probabilistic approaches (Lehmann et al.,
2012; Lehmann et al., 2015; Reiche et al., 2015a), and focused on
combining Landsat and ALOS PALSAR L-band SAR data at small test
sites and humid tropical forest conditions. The expansion of these
methods, however, to dry tropical forest conditions, to combine more
than two sensors, and the consideration of new dense Sentinel-1 C-band
SAR data, is outstanding.

Dry tropical forest accounts for ~40% of the total tropical forest
area (Murphy, 1986) and had the highest deforestation rates in the past
15 years (Hansen et al., 2013). Detecting deforestation in satellite
image time series in dry tropical forest conditions requires the removal
of the seasonal forest component. Otherwise, the seasonal variations
may lead to substantial false detection of deforestation (Hamunyela
et al., 2016b). While the seasonal forest component in the optical time
series signal is driven by changes in phenology (Tucker, 1979), changes
in canopy structure and moisture cause seasonal variations in the SAR
backscatter signal (Ulaby et al., 1986). The majority of time series ap-
proaches propose seasonal model fitting to account for forest season-
ality (Verbesselt et al., 2010; Zhu et al., 2012). Robust model fitting
requires sufficient historical observations. Due to cloud cover, historical
Landsat time series in tropical regions are often too sparse for robust
fitting of a seasonal model. The same applies for ALOS PALSAR-1/2 L-
band SAR time series. Hamunyela et al. (2016b) proposed spatial nor-
malisation to reduce seasonality in Landsat time series, and successfully
applied it to a dry tropical forest. Each pixel is normalised with the
value of dense forest in the spatial surrounding of the pixel to be nor-
malised. The application of spatial normalisation could also be applied
in SAR time series to reduce seasonal variability; a potential that has yet
to be demonstrated.

Assessing the temporal accuracy alongside the spatial accuracy gets
increasingly important when evaluating NRT monitoring systems.
While consolidated guidelines and methods exist for estimating the
spatial accuracy of detected change (Foody, 2002; Olofsson et al., 2013;
Olofsson et al., 2014; Stehman, 2009), assessing the temporal accuracy
is challenging due to the lack of temporally dense reference informa-
tion. As a result, reference data are commonly derived from the satellite
time series itself using visual image interpretation (Cohen et al., 2010;
Zhu et al., 2012; DeVries et al., 2015). Commonly, the date at which the
change is first visible in the image time series is used as reference data
to calculate the temporal accuracy or temporal detection delay (Zhu
and Woodcock, 2014a; Pratihast et al., 2015; Hansen et al., 2016;
Reiche et al., 2015b; DeVries et al., 2015). This approach results in
time-biased reference data. The bias is related to the fact that true date
of deforestation can occur at any date between the date of the image at
which the change is first visible (commonly considered as reference
date), and the date of the previous image in the time series. This im-
precision is variable in time and space, and becomes even larger when
relying on sparse and/or irregular time series, such as Landsat in some
tropical regions. Since NRT monitoring is aiming for temporal ac-
curacies in the order of weeks or days, imprecision in the reference data
becomes critical when assessing the performance. Despite the funda-
mental importance, the consideration of the temporal precision in the
reference data and the impact for users has not been thoroughly studied
for forest change alerting.

In this paper we address some key challenges for multi-sensor NRT
deforestation monitoring building on newly available dense Sentinel-1
time series data in combination with ALOS-2 PALSAR-2 and Landsat.
We aim to:

(i) Demonstrate how spatial normalisation reduces dry forest sea-
sonality in Sentinel-1, ALOS-2 PALSAR-2 and Landsat time series
in order to combine them for NRT deforestation detection using a
probabilistic approach. We put particular emphasis on how
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environmental effects and dry forest seasonality affect the dense
Sentinel-1 C-band SAR time series signal when compared to
Landsat NDVI and PALSAR-2 L-band SAR.

(ii) Compare the spatial and temporal accuracy of single-sensor
Sentinel-1, PALSAR-2 and Landsat results versus multi-sensor re-
sults. We take the precision of the reference data into account to
provide a more robust estimate of how quickly a change event
happening on the ground can be detected.

(iii) Evaluate the impact of uncertainties for different user scenarios, by
taking a critical look at the trade-off between spatial and temporal
accuracy associated with NRT deforestation monitoring.

With this study we highlight the unprecedented potential of dense
Sentinel-1 time series and its combination with other optical and SAR
sensors to improve the robustness of NRT deforestation monitoring in
dry tropical forest environment.

2. Study area

The study was conducted at a dry tropical forest site (10,000 km2),
located in the southeast of the province of Santa Cruz, Bolivia (centred
at Lat. 18.39″S, Lon. 62.36″W) (Fig. 1). Being one of the wettest regions
of Bolivia, this area is characterized by a humid tropical climate with
distinct wet (~October–May) and dry seasons (~June–September). The
change from wet and dry seasons is associated with a strong change in
photosynthetic activity of the forest. Deforestation in the area is mainly
caused by large-scale industrial logging and agricultural expansion,
resulting into visible patches of land cleared from forests (Fig. 1). While
deforestation is defined in many ways, we follow a forest cover defi-
nition in a sense that pixels with< 10% canopy cover are considered
non-forest. Since this is a study for near-real time detection, a focus on
the pixel level is our preferred choice.

3. Data and methods

An overview of the methods used in this study is shown in Fig. 2. We
acquired Sentinel-1 VV-polarised C-band SAR, ALOS-2 PALSAR-2 HV-
polarised L-band SAR and Landsat (7/ETM+ and 8/OLI) NDVI time
series data for the two year period between 2014/10/01 and 2016/09/
30; corresponding to the first two years of available Sentinel-1 images.
Data from the first year was used to derive training information
(training period), and data from the second year was used to detect new
deforestation events (monitoring period). We first pre-processed the
individual Sentinel-1 VV, ALOS-2 PALSAR-2 HV and Landsat NDVI time
series (Section 3.1.1–3.1.3), including time series co-registration
(Section 3.1.4). Next, a digitized forest benchmark map was used to
mask out all non-forest areas at the beginning of our monitoring period
(Section 3.2), before we applied spatial normalisation to reduce dry
forest seasonality in the individual time series (Section 3.3). We used a
probabilistic approach to combine the spatially normalised time series
and to detect deforestation in NRT (Section 3.4). We emulated a NRT
scenario for the monitoring period (Section 3.5), and assessed the
spatial and temporal accuracy of detected deforestation (Section 3.6).
We compared the single-sensor results with multi-sensor results.

3.1. Satellite image processing

3.1.1. Sentinel-1 VV-polarised C-band SAR
We obtained Sentinel-1 VV-polarised (S1VV) images acquired in

Interferometric Wide Swath (IW, 250 km swath width) from the
Sentinel science hub (https://scihub.copernicus.eu/) for the period
between 2014/10/01 and 2016/09/30. The Sentinel-1A C-band SAR
instrument operates at 5.3 cm wavelength (Torres et al., 2012). In total,
162 single-polarised (VV) and 9 dual-polarised (VV and VH) acquisi-
tions were retrieved. The images were acquired in ascending and des-
cending mode with an incidence angle of 39°(± 0.5°) and provided in
Level-1 Ground Range Detected (GRD) format. We used the VV-

Fig. 1. The dry tropical forest study site located in the province of Santa Cruz, Bolivia. The large area deforested patches that are the result from logging activities over the past decade are
clearly visible. The base image is a Sentinel-1 VV-polarised image acquired at 2016-08-26. The overview map shows the tropical dry forest biome in green (Olson et al., 2001). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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polarised images to build a time series (S1VV). Because of few dual-
polarised acquisitions (VV and VH) we did not consider the VH polar-
isation for this study.

Sentinel-1 time series processing consisted of five steps: (i) in-
dividual image pre-processing and geocoding, (ii) quality control, (iii)
mosaicking, (iv) multi-temporal filtering, (v) and co-registration to
Landsat. Firstly, we pre-processed each image individually using the
Gamma software package (Wegmüller et al., 2016). Pre-processing
consisted of data import and format conversion, multi-looking, radio-
metric calibration, topographic normalisation and geocoding to 30 m
pixel resolution (WGS84, UTM 20S) using the 30 m SRTM DEM
(https://lta.cr.usgs.gov/SRTM1Arc). The output was geocoded and to-
pographically normalised gamma-nought backscatter images at 30 m
resolution. Secondly, we removed corrupted images and images with a
geolocation error larger than 0.5 pixels (15 m). In total, we removed 13
images. The resulting average geocoding accuracy was smaller than 0.2
pixels (6 m). This reflects an internally well co-registered S1VV time
series. Thirdly, we mosaicked all images acquired at the same date. The
pre-processed and mosaicked S1VV backscatter time series consists of
98 images. Fourthly, we applied adaptive multi-temporal SAR filtering
(Quegan and Yu, 2001) to the pre-processed and mosaicked time series.
A measured increase of the equivalent number of looks indicated a clear
reduction of SAR speckle in the data. Fifthly, we co-registered the S1VV
time series to Landsat images described in Section 3.1.4. The number of
per-pixel observations averages 57 observations (~2.4 obs./month)
and ranges between 47 (~1.9 obs./month) and 98 observations (~4.1
obs./month) for the two year period (Fig. 3A). The observations were
distributed regularly over time. Due to overlapping of ascending and
descending frames, the eastern part of the study area has a higher
temporal coverage (Fig. 3A).

3.1.2. ALOS-2 PALSAR-2 HV-polarised L-band SAR
ALOS-2 PALSAR-2 HV-polarised (P2HV) images acquired in Fine

Beam Dual (FBD, 70 swath width) mode were obtained from the ALOS-
2 data archive (https://auig2.jaxa.jp/ips/home) for the period between
2014/10/01 and 2016/09/30. In total, 47 FBD images were obtained in
Level 1.1 format. The images were acquired in ascending and des-
cending mode with an incidence angle of 34.3°. We chose the HV po-
larisation as ALOS-2 PALSAR-2 metric (P2HV). The higher capacity to
detect forest cover change in L-band HV-polarised images when com-
pared to HH-polarised images is well recognised and has been de-
monstrated by multiple studies (Joshi et al., 2016; Motohka et al., 2014;
Ryan et al., 2012; Thapa et al., 2013; Shimada et al., 2014). Time series
processing of P2HV was conducted as the processing of S1VV described
in Section 3.1.2. We removed corrupted images and images with a
geolocation error larger than 0.5 pixels (15 m). In total, two images
were removed. The geocoding accuracy was below 0.4 pixels (12 m) for
all images. This reflects an internally well co-registered P2HV time
series. The pre-processed and mosaicked P2HV time series consists of
15 images. Co-registration to Landsat images is described in Section 3.4.
The number of per-pixel P2HV observations averages 8 observations
(~0.3 obs./month) and ranges between 4 (~0.15 obs./month) and 15
observations (~0.6 obs./month) (Fig. 3B) for the two year period.

3.1.3. Landsat NDVI
We obtained Landsat NDVI (LNDVI) products from the United State

of America's Geological Survey (USGS) Landsat Surface Reflectance
(SR) Climate Data Records (CDR) (http://landsat.usgs.gov/CDR_LSR.
php) for the period between 2014/10/01 and 2016/09/30. The NDVI
products are atmospherically and geometrically corrected and were
derived from Level 1 Terrain corrected (L1T) Landsat-7/ETM+ and

Fig. 2. Flowchart used in this study to process and combine time series of Sentinel-1 VV-polarised C-band SAR, ALOS-2 PALSAR-2 HV-polarised L-band SAR and Landsat NDVI for NRT
deforestation detection.
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Landsat-8/OLI images. In total, 63 images (WGS84, UTM 20S) were
acquired. We masked cloud and cloud shadows for each individual
image using the CFmask cloud mask product which is distributed with
the Landsat SR CDR data. We assumed the LNDVI time series to be
internally well geocoded. The number of cloud-free LNDVI observations
averages 30 observations (~1.25 obs./month) and ranges between 13
(~0.5 obs./month) and 44 observations (~1.8 obs./month) for the two
year period (Fig. 3C).

3.1.4. Co-registration
A precisely co-registered and integrated satellite image time series

consisting of S1VV, P2HV and LNDVI images is crucial, in order to
apply any SAR-optical algorithm. We used the GAMMA software
package (Werner and Strozzi, 2000) to co-register the S1VV and P2HV
time series to the LNDVI time series. Co-registration included an au-
tomated cross-correlation between the source image (S1VV/P2HV) and
the reference target image (LNDVI), using improved least-squares
polynomial fitting. The cross-correlation resulted in range and azimuth
offset polynomial of 4th order. The offset polynomials were subse-
quently used to co-register the source images to the reference image
(Werner and Strozzi, 2000). Co-registration results indicated a sub-pixel
accuracy of smaller than 0.1 pixels for both, S1VV and P2HV. For the
multi-sensor S1VV, P2HV and LNDVI time series, the number of valid
per-pixel observations averages 96 observations (~4 obs./month) and
ranges from 65 (~2.7 obs./month) to 147 observations (~6.1 obs./
month) for the two year period (Fig. 3D).

3.2. Benchmark forest mask

We divided the two years period of available and overlapping S1VV,

P2HV and LNDVI time series into a one year training period (2014/10/
01–2015/09/30) and a one year monitoring period (2015/10/
01–2016/09/30). We used data from the training period to parametrize
the probabilistic approach that we used to combine the S1VV, P2HV
and LNDVI time series and to detect deforestation in NRT during the
monitoring period (Section 3.4). To validate the detected deforestation
events, reference deforestation information is required for the mon-
itoring period. As for many tropical forest areas, reliable reference data
for forest cover and forest cover change are not available. High to
medium spatial resolution satellite data are commonly used to facilitate
the derivation of validation data (Cohen et al., 2010; Dutrieux et al.,
2014; Zhu and Woodcock, 2014b; Hamunyela et al., 2016b; Hansen
et al., 2016).

We used the available S1VV, P2HV and LNDVI images com-
plemented by high spatial resolution imagery available in Google Earth
(https://www.google.com/earth/) and Bing Maps (http://www. bing.
com/maps/) to derive reference information through visual image in-
terpretation. First, we generated a forest benchmark mask representing
all forested pixels at the beginning of the monitoring period. We only
considered pixels that were entirely covered with forest. The forest
strata accounts for 77.5% (7749.75 km2) and the non-forest strata for
22.5% (2250.25 km2). Based on the forest benchmark mask, we gen-
erated a deforestation mask for the monitoring period consisting of two
strata: deforestation and stable forest. Deforestation was defined as loss
of forest cover that is visually visible from the satellite images and the
complementary high resolution maps. Stable forest areas represent all
forest pixels that did not change during the monitoring period. The
deforestation strata accounted for 1.03% (79.5 km2) of the benchmark
forest area, whereas the stable forest area accounted for the remaining
98.97% (7670.25 km2).

Fig. 3. The number of valid per-pixel observations for Sentinel-1 VV (S1VV, A), ALOS-2 PALSAR-2 HV (P2HV, B), Landsat NDVI (LNDVI, C), and the multi-sensor time series (D) for the
two year period between 2014/10/01 and 2016/09/30. The minimum, mean and maximum number of available per-pixel observations is given for each of the time series.
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3.3. Spatial normalisation to reduce dry forest seasonality

We used spatial normalisation to reduce dry forest seasonality in the
S1VV, P2HV and LNDVI time series whereby we built upon the method
of Hamunyela et al. (2016a). Pixels were spatially normalised by sub-
tracting the 95th percentile, P95, of the distribution of pixel within their
spatial neighbourhood. It is based on the assumption that the upper tail
of the distribution (corresponding to P95) of pixels within the spatial
neighbourhood represents forest pixels (Hamunyela et al., 2016a). It is
crucial that the spatial window used to calculate P95 covers forest areas.
Otherwise deforested areas are erroneously normalised with P95 that
was calculated based on deforested pixels instead of forest pixels. A
large spatial window is required at our study site, because we deal with
large logging operations and forest patches being surrounded by al-
ready deforested land. As our study site is relatively small and is
characterised by homogeneous dry forest areas, we used a global P95,
calculated for the entire study area. We assumed that environmental
effects such as droughts are regional, affecting the whole of our study
area in the same manner (Hamunyela et al., 2016a). To spatially nor-
malise a pixel, we subtract P95 from the pixel instead of dividing the
pixel by P95 as proposed by Hamunyela et al. (2016a). This ensures that
the difference between P95 and the pixel to be normalised results in the
same normalised pixel value for varying P95. This allows the robust
application to non-normalised metrics with open value scales such as
the S1VV and P2HV SAR backscatter images.

A forest benchmark mask is required so that (i) non-forest land
cover types such as agriculture do not affect P95, and (ii) that the sea-
sonality for forest pixel can be captured by P95. We used the benchmark
forest mask (Section 3.2) to mask out all non-forest pixel in the S1VV,
P2HV and LNDVI time series images. The spatially normalised S1VV,
P2HV and LNDVI time series are hereafter referred to as S1VVn, P2HVn
and LNDVIn, respectively.

3.4. Probabilistic approach for multi-sensor NRT deforestation detection

Building upon the approach of Reiche et al. (2015a), we present a
probabilistic approach to combine the spatially normalised S1VVn,
P2HVn (both SAR) and LNDVIn (optical) time series and to detect de-
forestation in NRT. Fig. 4 gives a schematic overview of the

probabilistic approach. We considered a NRT scenario with past
(t − 1), current (t) and future observations (t + 1), with multiple ob-
servations possible at the same observation date. First (Sections 3.4.1
and 3.4.2), once a new observation of either of the input time series was
available (t = current) it was converted to the conditional NF prob-
ability (sNF) using sensor-specific F and NF probability density functions
(pdfs). The derived conditional NF probability was added to the com-
bined time series of conditional NF probabilities derived from the
previous S1VVn, P2HVn and LNDVIn time series observations (t – i).
Second (Section 3.4.3), we flagged a potential deforestation event in the
case that the conditional NF probability was larger than 0.5. We cal-
culated the probability of deforestation using iterative Bayesian up-
dating. Future observation (t + i) were used to update the probability
of deforestation in order to confirm or reject the flagged deforestation
event.

3.4.1. Deriving sensor-specific forest and non-forest pdfs from training data
We derived sensor-specific pdfs for forest (F) and non-forest (NF),

separately for S1VVn, P2HVn and LNDVIn. We selected ten equally
sized stable F and NF training areas (~25 ha each) for the training
period through visual image interpretation, whereby we followed the
method described in Section 3.2. We used all observations available for
the training period and covering the F and NF training areas to derive
sensor-specific F and NF distributions. We fitted a Gaussian model se-
parately to the F and NF distributions (Bruzzone and Prieto, 2000).
Maximum likelihood fitting with an iterative optimization method was
used (Venables and Ripley, 2002). We evaluated the F/NF separability
for S1VVn, P2HVn and LNDVIn using the normalised Jeffries-Matusita
distance (JM) (Laliberte et al., 2012). JM has a finite dynamic range
between 0 (inseparable) and 2 (separable). We compared the F/NF
separability obtained for S1VVn, P2HVn and LNDVIn with those ob-
tained for S1VV, P2HV and LNDVI.

3.4.2. Deriving and combining time series of conditional NF probabilities
Using the corresponding sensor-specific F and NF pdfs (Section

3.4.1), we estimated the conditional NF probability for individual time
series observations. Following Bayes' theorem, we calculated the con-
ditional NF probabilities for S1VVn, P2HVn and LNDVIn observation: P
(NF|S1VVn), P(NF|P2HVn) and P(NF|LNDVIn). For example, the

Fig. 4. Probabilistic approach used to combine time series of spatially normalised Sentinel-1 VV (S1VVn), ALOS-2 PALSAR-2 HV (P2HVn) and Landsat NDVI (LNDVIn) observations and
to detect deforestation in NRT.
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conditional NF probability for a S1VVn observation was calculated as:

=
+

P(NF | S1VVn)
p(S1VVn | NF)

p(S1VVn | NF) p(S1VVn | F) (1)

with p(S1VVn|F) and p(S1VVn|NF) being the probability of the
S1VVn observation given the presence of F and NF, respectively. p
(S1VVn|F) and p(S1VVn|NF) were derived from the sensor-specific
S1VVn F and NF pdfs. We used a block weighting function that modifies
P(NF|S1VVn) at 0.1 and 0.9 to avoid extreme probabilities (Reiche
et al., 2015a).

Next, we combined the conditional NF probabilities estimated for
the individual S1VVn, P2HVn and LNDVIn, (P(NF|S1VVn), P
(NF|P2HVn) and (P(NF|LNDVIn)) observations to create a new time
series of conditional NF probabilities, sNF. In case that multiple ob-
servations from different sensors were acquired at the same observation
date, we computed sNF jointly from the multiple observations using
Bayesian updating. For example, in case of a S1VVn and LNDVIn ob-
servation acquired at the same date, sNF was calculated as:

=

+ − −

s S1VVn, LNDVIn P(NF | S1VVn)P(NF | LNDVIn)
(P(NF | S1VVn)P(NF | LNDVIn)

(1 P(NF | S1VVn))(1 P(NF | LNDVIn)))

NF

(2)

3.4.3. Iterative Bayesian updating to detect deforestation
We checked each new observation (t = current) if it was potentially

deforested. It was flagged to be potentially deforested in the case that
the conditional NF probability (sNFt ) exceeded 0.5. For a flagged ob-
servation, the conditional probability of deforestation was computed by
iterative Bayesian updating, using the previous observation (t − 1), the
current observation (t), as well as upcoming observations (t + i):

=+

+ + −

+

P(D | s )
P(s | D)P(D | s )

P(s )t
NF

t i

NF
t i t

NF
t i 1

NF
t i (3)

with P(Dt|sNFt + i) being the posterior, denoting the conditional
probability of deforestation at t (Dt) given sNFt + i as new evidence. P
(sNFt + i) refers to the total probability of the signal sNFt + i. i refers to the i-
th future observation that can take values between i= 0, …,n.

For the initial step (i = 0 = current), P(Dt|sNFt ) was calculated
using the conditional NF probability at the current step (sNFt ) as new
evidence, and the conditional NF probability at the previous time step
(sNFt − 1) as the prior probability. With the availability of future ob-
servation in subsequent steps (i > 0), the conditional probability of
deforestation (Dt) was repeatedly updated. Hereby, upcoming ob-
servations (sNFt + i) were used as new evidence (Reiche et al., 2015a).
Deforestation events were confirmed if the conditional probability of
deforestation exceeded a defined threshold χ. The χ threshold value
can range between 0 and< 1. Choosing high χ threshold values in-
crease the confidence to confirm deforestation events, because more
observations are used to reach a high probability of deforestation, and,
thus to confirm the change. When compared to lower χ threshold va-
lues, however, events are more likely to be confirmed later. In case the
conditional probability of deforestation decreased below 0.5 when
using future observation, we considered a falsely indicated deforesta-
tion event. In this case we unflagged the observation as being poten-
tially deforested, and continued monitoring (Reiche et al., 2015a).

3.5. Detecting deforestation in an emulated NRT scenario

We emulated a NRT scenario for the monitoring period to validate
the proposed method with respect to its NRT deforestation detection
performance. We added the individual S1VVn, P2HVn and LNDVIn
observations chronologically to the multi-sensor time series from the

start of the monitoring period onwards (2015/10/01). We applied the
probabilistic approach described in the previous Section 3.4 to each
newly added observation with subsequent observations being con-
sidered as future observations. We analysed the results for increasing χ
threshold values from χ = 0.5 to χ = 0.975 in steps of 0.025. We
compared the multi-sensor results obtained for the combined S1VVn,
P2HVn and LNDVIn time series with single-sensor results.

3.6. Estimating the spatial and temporal accuracy

We estimated the spatial and temporal accuracy for the deforesta-
tion maps. We generated 1877 sample points using probability sam-
pling consistent with Stehman (2012) and Olofsson et al. (2014). To
address the small proportion of deforestation in the monitoring period
(1.03%), which is typical for land changes, we followed Olofsson et al.
(2014) and allocated 200 sample points to the deforestation stratum.
The remaining 1677 samples were allocated to the stable forest stratum.
This allocation ensured a reliable estimation of both, the producer's and
user's accuracy of the deforestation class. We calculated the area ad-
justed overall accuracy (OA), producer's accuracy (PA; 1- omission
error) and user's accuracy (UA; 1 – commission error). Due to the very
small area proportion of the deforestation class, the OA is mainly driven
by the UA and PA of the dominating stable forest class and is not a good
measure to assess the method performance to detect deforestation. The
UA and PA of the deforestation class is more useful for the comparison
of single- versus multi-sensor approaches.

To estimate the temporal accuracy, we calculated the mean time lag
of confirmed deforestation events (MTL). In addition, we calculated the
mean time lag of the time at which the confirmed deforestation events
were initially flagged (MTLF). To calculate MTL and MTLF, we retrieved
reference information from the deforestation sample. For each of the
200 sample points, we documented the date at which the deforestation
was visible for the first time (Tref) by systematically tracing the images
in the multi-sensor S1VV, P2HV and LNDVI time series. The approach is
consistent with approaches recommended or used in previous studies
(Cohen et al., 2010; DeVries et al., 2015; Hansen et al., 2016; Zhu and
Woodcock, 2014b).

Commonly Tref is used as reference data to calculate the temporal
accuracy or temporal detection delay (Zhu and Woodcock, 2014a;
Pratihast et al., 2015; Hansen et al., 2016). Tref, however, does not
represent the “true” date of the deforestation event, but rather provides
a reference date relative to the satellite time series observations itself.
The “true” date instead occurred sometime between the image in which
the deforestation event is first visible (Tref) and the previous image in
the time series (Tref_previous). The time span between Tref and Tref_previous

depends on the observation density and is varying across space (see
Fig. 3D). For the 200 deforestation sample points, the time span be-
tween Tref and Tref_previous varied between 2 days and 39 days and
averages 12.7 days (Fig. 5). The time span describes the imprecision of
Tref. Accordingly, the average imprecision was 12.7 days. To reduce the
imprecision of Tref in the absence of any further information on when
the change truly occurred within the time span, we calculated an ad-
justed reference time, Tref_adjusted, as the date right in-between Tref and
Tref_previous:

= −
−

T T
(T T )

2ref adjusted ref
ref ref previous

(4)

This reduced the average imprecision by 50% to± 6.35 days. Next,
we calculated the time lag of detected deforestation events, TL, by
calculating the time span between Tref_adjusted and the date at which a
deforestation event was confirmed by our algorithm (T). We treated
detected deforestation events that have been flagged (TF) earlier than
first visible in the multi-sensor time series (Tref) as commission error
and exclude them from the calculation:

= ≥ −TL T(T T ) TF ref ref adjusted (5)
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Analogously to TL, we calculate the time lag of the date at which the
confirmed changes were first flagged, TLF:

= ≥ −TL T (T T ) TF F F ref ref adjusted (6)

We calculated MTL as the mean of TL for all correctly detected
change pixels. We derived MTLF as the mean of TLF for all correctly
detected change pixels. MTL and MTLF were given in days. It is im-
portant to analyse MTL and MTLF jointly with the OE, because MTL and
MTLF are calculated based on correctly detected changes only.

4. Results

4.1. Spatial normalisation and derived F and NF pdfs

Fig. 6 depicts the F and NF distributions overlaid with fitted pdfs

separately for the original and spatially normalised time series: S1VV
(A1) and S1VVn (A2), P2HV (B1) and P2HVn (B2), LNDVI (C1) and
LNDVIn (C2). For the original time series we found LNDVI to have the
weakest F/NF class separability (JM = 0.66) when compared to S1VV
(JM = 1.14) and P2HV (JM = 1.91). The bimodal LNDVI class dis-
tribution for F corresponds to wet and dry season observations,
whereby the dry season observations largely overlap with the NF class.
S1VV and P2HV show unimodal F and NF distributions. We found
strongly increased F/NF separabilities for the spatial normalised S1VVn
(JM = 1.44), P2HVn (JM = 1.98) and LNDVIn (JM = 1.01) time
series. The derived sensor-specific pdfs for the spatially normalised time
series were used for method parametrization.

Fig. 7 shows an example time series with the original (black dots)
and spatially normalised (blue dots) observations for the two year
period: S1VV and S1VVn (A), P2HV and P2HVn (B), LNDVI and LNDVIn
(C). The pixel time series covers a stable dry forest that is deforested in
January 2016. In addition to the time series covering the 2-year over-
lapping period, the LNDVI and LNDVIn time series are shown for a
seven year period between 2010 and 2016 (C1; bottom). The strong
seasonality in photosynthetic activity, typical for dry forest, is clearly
reflected in the original LNDVI time series (C and C1). The original
S1VV and P2HV SAR time series show a much weaker seasonal signal
for stable dry forest. The seasonality was strongly reduced for the
spatially normalised time series, in particular for LNDVIn.

4.2. Detected deforestation

Fig. 8 illustrates a single pixel example with a deforestation event in
January 2016, and shows the results for the single-sensor cases, S1VVn
(A), P2HVn (B), LNDVIn (C) and the multi-sensor case (D). For the
multi-sensor case the time series of conditional NF probabilities, sNF, is
shown in addition (D-bottom). The reference time at which the change
was first visible in the satellite time series (Tref) is 2015(354) (day of
year) and the adjusted reference time (Tref_adjusted) was 2016(4). The

Fig. 5. The time span between the image at which the deforestation event is first visible in
the multi-sensor S1VV, P2HV and LNDVI time series (Tref) and the previous image in the
time series (Tref_previous).

Fig. 6. Forest (F) and non-forest (NF) distributions overlaid with probability density functions (pdfs) fitted separately for the original S1VV (A1), P2HV (B1) and LNDVI (C1) time series,
and the spatially normalised S1VVn (A2), P2HVn (B2) and LNDVIn (C2) time series. Mean and standard deviation (sd) of the derived pdfs and the Jeffries-Matusita distance (JM) are
given. JM ranges between 0 (inseparable) and 2 (separable).
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adjusted reference time was used to calculate the mean time lag of
confirmed changes (MTL), as well as the mean time lag of the time at
which confirmed changes were first flagged (MTLF). For the multi-
sensor case, the deforestation event was confirmed at T= 2008(16),
which is 12 days after it was flagged at TF = 2008(04). When compared
to multi-sensor case, the deforestation event was confirmed 6 days later
with S1VVn, 25 days later for LNDVIn and 56 days later with P2HVn.

4.2.1. Spatial and temporal accuracies for increasing χ threshold
The spatial accuracy (OA; PA and UA of the deforestation class) and

temporal accuracy (MTL and MTLF) for S1VVn, LNDVIn and the multi-
sensor case are shown in Fig. 9 for increasing χ threshold values. Single-
sensor results for the P2HVn are not presented. Because the P2HVn
observations available in the monitoring period were very limited, with
some areas covered with one observation only, most deforestation
events were not detected. A valid comparison with the other cases was
therefore not possible. The P2HVn single pixel example depicted in
Fig. 7B and 8B has above average observation availability. The results
for S1VVn, LNDVIn, and the multi-sensor case can be summarized as
follows.

For S1VVn (Fig. 9A), we found increasing UA and decreasing PA of
the deforestation class for increasing χ threshold values. The UA/PA
cross-over point occurred at χ = 0.85. At the cross-over point, the UA

and PA for the deforestation class were 85.9% and 82.7%, respectively.
The maximum OA (99.7%) for S1VVn was also achieved at the UA/PA
cross-over point. The UA and PA for the stable forest class (not shown in
Fig. 9A) were generally higher than the UA and PA for the deforestation
class. For the UA/PA cross-over point (χ = 0.85), UA and PA for the
stable forest class were 99.8% and 99.0%, respectively. The MTL in-
creased for increasing χ threshold values from 21 days (for χ = 0.5) to
58 days (for χ = 0.975), and was 39 days at the UA/PA cross-over
point. The MTLF was similar for all χ threshold values and was 16 days
for the UA/PA cross-over point.

For LNDVIn (Fig. 9B), spatial and temporal accuracies were gen-
erally lower when compared to those of S1VVn. We found an increasing
UA and decreasing PA of the deforestation class for increasing χ
threshold values. No UA/PA cross-over point was found due to a low
UA. The maximum OA (99.1%) was achieved at χ = 0.975, and the
corresponding UA and PA of the deforestation class were 51.5% and
69.5%, respectively. The UA and PA for the stable forest class (not
shown in Fig. 9B) were generally higher than the UA and PA for the
deforestation class. For χ = 0.975, UA and PA for the stable forest class
were 99.7% and 99.0%, respectively. The MTL and MTLF increased for
increasing χ threshold values from 27 days (for χ = 0.5) to 78 days (for
χ = 0.975). The MTLF was similar for all χ threshold values and was
18 days for χ = 0.975.

Fig. 7. Example time series with the original
(black dots) and spatially normalised (blue dots)
observations: S1VV and S1VVn (A), P2HV and
P2HVn (B), LNDVI and LNDVIn (C). In addition
to the time series covering the 2-year over-
lapping period (A, B, C; bottom), the LNDVI and
LNDVIn time series are shown for a seven year
period between 2010 and 2016 (C1; bottom).
This shows the annual seasonal dry forest pat-
tern reflected in the LNDVI time series signal.
When compared to the original LNDVI (C and
C1) time series, the original S1VV (A) and P2HV
(B) SAR backscatter time series show a weaker
seasonality over stable dry forest. The time
series shown are from the same pixel and cover
a stable forest that was deforested in January
2016. (For interpretation of the references to
color in this figure legend, the reader is referred
to the web version of this article.)
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The spatial and temporal accuracies for the multi-sensor case
(Fig. 9C) were generally higher when compared to those of single-
sensor S1VVn, P2HVn and LNDVIn cases. For increasing χ threshold
values, the UA of the deforestation class increased while the PA for the
deforestation class decreased. The UA for deforestation class increased
from 8.8% (for χ = 0.5) to 93.2% (for χ = 0.975), whereas the PA
decreased from 100% (for χ = 0.5) to 87.4% (for χ = 0.975). The UA/
PA cross-over point occurred at χ = 0.925, for which the UA and PA of
the deforestation class were 88% and 88.9%, respectively. The max-
imum OA (99.8%) for the multi-sensor case was also found at the UA/
PA cross-over point. For the UA/PA cross-over point (χ = 0.925), UA
and PA for the stable forest class (not shown in Fig. 9C) were 99.9% and
99.0%, respectively. The MTL increased for increasing χ threshold va-
lues from 13 days (for χ = 0.5) to 39 days (for χ = 0.975). At the UA/
PA cross-over point, the MTL was 31 days. The MTLF was similar for all
χ threshold values and was 11 days for the UA/PA cross-over point.

4.2.2. Deforested area
We choose a χ threshold value for which we achieved the lowest

area bias to generate the final deforestation maps for S1VVn, LNDVIn
and the multi-sensor case (Fig. 10). For all three cases, the χ threshold
value with the lowest area bias also corresponds to the maximum OA.
For S1VVn and the multi-sensor case this refers to the UA/PA cross-over
point (Fig. 9B and C). We choose χ = 0.975 for LNDVIn, χ = 0.85 for
S1VVn and χ = 0.925 for multi-sensor case. Different key user sce-
narios for selecting a χ threshold value are discussed in Section 5.1. The
total deforested area for the one year monitoring period between 2015-
10-01 and 2016-09-30 was estimated to be 67.8 km2 (bias = 2.8 km2)
for S1VVn, 56.7 km2 (bias = 22.6 km2) for LNDVIn and 71 km2

(bias = 0.4 km2) for the multi-sensor case.

5. Discussion

In this paper we presented the first study on multi-senor SAR-optical
NRT deforestation detection in a tropical dry forest, and we combined

Fig. 8. Pixel example showing detected deforestation, for the single-sensor cases, S1VVn (A), P2HVn (B), LNDVIn (C) and the multi-sensor case (D). For the multi-sensor case the time
series of conditional NF probabilities, sNF, is shown in addition (D-bottom). The time at which the deforestation was first flagged (TF) and the time at which it was confirmed (T) are given
as the day of year. The reference time at which the change was first visible in the satellite time series (Tref) is 2015(354) (day of year). The adjusted reference time (Tref_adjusted) is 2016(4).
The time series are from the same pixel as Fig. 7.
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newly available dense Sentinel-1 time series with ALOS-2 PALSAR-2
and Landsat 7/ETM+ and 8/OLI data. We demonstrated that spatial
normalisation can be used to reduce dry forest seasonality in the SAR
time series in order to combine them with optical time series for NRT
deforestation detection using a probabilistic approach. Our results for a
dry tropical forest site in Bolivia show that deforestation events were
detected more timely with Sentinel-1, than with Landsat or PALSAR-2.
The spatial and temporal accuracies further improved beyond the
single-sensor results when combining observations in a multi-sensor
approach. We improved the precision of the reference data derived
from the multi-sensor satellite time series, which enabled a more robust
estimation of the temporal accuracy. When aiming for the lowest map
area bias, the overall accuracy of our multi-sensor map was 99.8%. For
this case, deforestation events were detected with a user's accuracy of
88%, and a producer's accuracy of 89%. We estimated 71 km2 of newly
deforested areas. This relatively high forest loss within one year can be
attributed to large scale commercial logging activities which are typical
in this area (Hamunyela et al., 2016a). Deforestation events were de-
tected with a MTL of 31 days. This is more than one week earlier than
when using single-sensor S1VVn results (MTL = 39 days), and even six
weeks earlier than when using single-sensor LNDVIn results
(MTL = 78 days). The ability to detect deforestation events with such a
high spatial and temporal accuracy highlights the advantage of com-
bining medium spatial resolution time series data from multiple optical
and SAR sensors.

5.1. Optimized threshold selection for different use cases

We found a clear trade-off between spatial and temporal accuracy

when selecting the χ threshold value for deforestation monitoring.
While the UA of the deforestation class improved for increasing χ
threshold values, the PA of the deforestation class and temporal accu-
racy (MTL) decreased (Fig. 9C). In other words, an increasing con-
fidence to accurately detect deforestation events is associated with
omitted and delayed detected changes. This trade-off confirms the
findings of previous studies which evaluated the performance of sa-
tellite based time series change detection (Zhu et al., 2012; Hamunyela
et al., 2016a; Reiche et al., 2015b). No single χ threshold value satisfies
the highest UA, PA and temporal accuracy. The selection of the χ
threshold value is therefore dependent on the monitoring requirements
of the user, and is always associated with an error.

Here, we discuss four key use cases based on the multi-sensor results
(Fig. 9C). Table 1 provides an overview of the use cases and lists the χ
threshold value used to generate the results, together with the asso-
ciated OA, UA, and PA of the deforestation class, the estimated area
bias, and the MTL.

The first use case (Fast alerting) describes the case in which a user is
interested in detecting deforestation as quickly as possible. By choosing
a low χ threshold value of 0.5, deforestation events are confirmed with
a MTL of 13 days. This case basically relies on single observations to
timely detect deforestation events, which are prone to noise, artefacts,
and short-term image variability stemming from use multi-sensor data.
In combination with the high sensitivity to flag change, this results in
many false detections and large commission error (UA = 8.8%). On the
other hand no events were missed (PA = 100%). These fast alerts might
be used to identify potentially critical areas and/or for tasking high-
resolution satellite data acquisitions to zoom in to specific hot spot
areas.

Fig. 9. Spatial accuracy (OA = overall accuracy; PA and UA = producer's and user's accuracies of the deforestation class), and temporal accuracy (MTL =mean time lag of confirmed
deforestation events; MTLF = mean time lag of the date at which confirmed deforestation events were first flagged) as a function of increasing χ threshold values, separately for S1VVn
(A), LNDVIn (B) and the multi-sensor case (S1VVn, P2HVn, LNDVIn; C).
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The second use case (Confident alerting) describes a more realistic
use case for NRT monitoring in which deforestation is detected based
on more observations, less timely, but with an acceptable false alarm

rate. By using a χ threshold value of 0.8, deforestation events were
detection with a MTL of 22 days, a commission error of 47% and an
omission error of 5%.

The third use case (Accounting of changes) reflects a user that aims
for high confidence in area estimates (i.e. as used in greenhouse gas
accounting; DeFries et al., 2007) and wants to produce quality defor-
estation maps but does not need the highest temporal detail. Therefore,
a low area bias is essential for accounting changes. The lowest area bias
corresponded to the UA/PA cross-over point at χ = 0.925 (area
bias = 0.4 km2). A MTL of 31 days, basically allows for (on average)
monthly accounting of forest loss area change.

The fourth use case (Target field surveys) presents the case in which
a user wants to assess impacts of events on the ground with a dedicated
field campaign. Deforestation events, therefore, need to be detected
with the highest possible certainty to avoid field teams being sent to
sites at which deforestation events were falsely detected. By using a χ
threshold value of 0.975, a UA of 93.3% was achieved indicating a low
false alarm rate. Since many observations were used to increase the
confidence in order to confirm deforestation, a high MTL of 39 days was
the result and some changes were omitted.

Fig. 10. Deforestation events detected for
multi-sensor case (S1VVn, P2HVn,
LNDVIn) for the one year monitoring
period (2015-10-01–2016-09-30) at the dry
forest study site in Santa Cruz, Bolivia
(bottom left). Reference forest benchmark
map and deforested areas (top left) were
digitized from the original images. For a
subset (squared red box in reference map),
single-sensor results for S1VVn and LNDVIn
are compared with the multi-sensor results
(right panel). (For interpretation of the re-
ferences to color in this figure legend, the
reader is referred to the web version of this
article.)

Table 1
Key use cases for detecting deforestation based on the multi-sensor results (Fig. 9C). For
each use case, the χ threshold value used to generate the results is listed together with the
associated overall accuracy (OA), user's and producer's accuracy of the deforestation class
(UA & PA), the estimated area bias and the mean time lag of detected deforestation
(MTL).

Use case χ threshold
value

OA [%] UA [%] PA [%] Area
bias
[km2]

MTL
[days]

1 Fast alerting 0.5 90.2 8.8 100 755 12
2 Confident

alerting
0.8 99.1 53.3 94.9 50.4 22

3 Accounting of
changes

0.925 99.8 88.0 88.9 0.4 31

4 Target field
surveys

0.975 99.8 93.3 87.5 −9 39
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In conclusion, there are trade-offs for multi-sensor satellite-based
NRT deforestation monitoring, which differ depending on the intended
use. A systems working in parallel optimizing monitoring towards these
needs and addressing both alerting and area accounting could be fol-
lowed. Increasing the use of local calibration data (i.e. from local ex-
perts, forest managers) can further improve the detection accuracy
(DeVries et al., 2016).

5.2. Observation availability and implications for large area NRT
monitoring

Observation availability is considered the driving factor for the NRT
performance of satellite based deforestation monitoring systems in the
tropics (Hansen et al., 2016). With Sentinel-1, dense C-band SAR time
series are now available globally. For the two year study period (2014/
10/01–2016/09/30), a minimum of 57 Sentinel-1 observations (~2.4
obs./month) were available for our study site (Fig. 3A). The relatively
flat topography of our study site, typical for the Amazonian basin, al-
lowed the straightforward combination of ascending and descending
images. In areas with strong relief, differing topographic effects in as-
cending and descending images should be considered; e.g. SAR layover
and shadow at different locations. The two year study period corre-
sponds to the first two mission years of Sentinel-1. For this period only
the first Sentinel-1A satellite was operating. It was used mainly to ac-
quire data over prioritised areas and, therefore, many tropical areas
were covered by few observations. With the launch of the second
Sentinel-1B satellite, the new observation strategy of the Sentinel-1A/B
constellation is in place (https://sentinel.esa.int/web/sentinel/
missions/sentinel-1/observation-scenario). With this new acquisition
strategy, 12 day repeated acquisitions for all tropical regions are
guaranteed; for many areas in dual-polarisation mode (VV and VH). For
many tropical regions ALOS-2 PALSAR-2 provides few coverages per
year. For the two year period, large parts of our study area were cov-
ered with four or less observations. This did not allow a meaningful
detection of deforestation using only ALOS-2 PALSAR-2 data. With the
upcoming SAOCOM-1 (2017) and NISAR (2020) missions, more fre-
quent and free of charge L-band SAR time series will become available.

While the acquisition strategy determines the observation avail-
ability of SAR sensors, cloud cover is the main limiting factor for optical
sensors. For the two year period, cloud cover reduced the number of
valid per-pixel Landsat observations from 63 to a minimum of 13 ob-
servation (~0.5 obs./month) (Fig. 3C). Our results confirm the findings
of previous studies, which showed a large spatial variance of Landsat
observation densities across space (Potapov et al., 2012; Sannier et al.,
2014; Hansen et al., 2016). The issue of sparse optical time series over
certain tropical regions will remain even when combining multiple
optical sensors, e.g. Landsat and Sentinel-2.

By combining observations from Sentinel-1, PALSAR-2 and Landsat,
we were able to increase the number of available observations to a
minimum of 65 observations (~2.7 obs./month) and an average of 96
observations (~4 obs./month) for the two year period (Fig. 3D). We
showed that providing regular observations throughout all seasons and
locations resulted in increased spatial and temporal detection ac-
curacies, which corroborates the findings of previous studies (Reiche
et al., 2015b; Reiche et al., 2015a).

The additional effort required to process multiple data streams
when compared to single-sensor approaches may be considered as a
further dimension to the existing trade-off between spatial and tem-
poral accuracies discussed in Section 5.1. The choice for a multi-sensor
approach over a single-sensor approach depends on the user needs.
While some users may choose not to process multiple data streams, and
the lower accuracies which result, other users choose the additional
effort in order to gain improved accuracies from a multi-sensor ap-
proach. The increasing availability of affordable cloud computing and
rapid developments in open-source processing tools (e.g. ESA SNAP
toolbox; http://step.esa.int) support more user friendly and efficient

processing of multiple satellite data streams.

5.3. Spatial normalisation to reduce dry forest seasonality

The seasonal dry forest component was strongly pronounced in the
optical LNDVI signal. The high sensitivity of the NDVI signal to change
in photosynthetic activity that is associated with the change between
wet and dry season, led to a drop of the LNDVI signal of up to 0.5
(Fig. 7C1). LNDVI wet and dry season observations are reflected in a
bimodal F distribution (Fig. 6C). The dry season observations over-
lapped with the NF class. This resulted in a weak F/NF class separability
(JM = 0.66). Spatial normalisation reduced the seasonal dry forest
component, as reflected in a unimodal F distribution, resulting in in-
creased F/NF separability (JM = 1.01).

We found a weaker seasonal dry forest component for the S1VV and
P2HV SAR backscatter signals. A weaker seasonal component was ex-
pected as SAR backscatter is not influenced by photosynthetic activity
of the forest, but instead is sensitive to its structure and moisture (Ulaby
et al., 1986). The backscatter signal increased from the dry to wet
season in the range of ~2 dB. This is mainly explained by increased
canopy moisture during the wet season (Woodhouse et al., 1999). Due
to the relatively stable backscatter signal over forest, S1VV (JM = 1.14)
and P2HV (JM = 1.91) already showed good F/NF separability prior to
spatial normalisation. Nonetheless, spatial normalisation increased F/
NF separability for S1VVn (JM = 1.44) and P2HVn (JM = 1.98). The
higher F/NF separability of P2HV can be mainly explained by two
factors. First, the long wavelength L-band SAR penetrates the tropical
forest canopy and backscattering is primarily caused by branches and
trunks. After deforestation, the L-band backscatter decreases causing a
large contrast between forest and non-forest. Secondly, cross-polarised
HV backscatter (P2HV) is more sensitive to forest change than single-
polarised VV backscatter (S1VV) (Hoekman and Quiriones, 2000;
Woodhouse, 2005). The shorter wavelength of C-band SAR only par-
tially penetrates the forest canopy, and primarily interacts with leaves
and small branches. After forest removal, C-band interacts in a similar
way with the remaining understory vegetation and bushes. C-band also
largely responds to soil surface roughness and moisture. Increased soil
moisture after strong rain events for example, can lead to increased
backscatter (Woodhouse et al., 1999). This effect is visible as temporary
spikes in the S1VVn time series at NF conditions (Fig. 7A). These effects
lead to a generally lower F/FN separability when compared to L-band
SAR (van der Sanden, 1997; Ulaby et al., 1986; Woodhouse, 2005).
Utilizing the upcoming dual-polarised Sentinel-1 (VV and VH) time
series promises increased F/NF separability, as for example soil
moisture differences will affect the signal less.

While spatial normalisation has been applied to reduce dry forest
seasonality in Landsat NDVI data in earlier studies (Hamunyela et al.,
2016b; Hamunyela et al., 2016a), its application on SAR data was first
demonstrated in this study. We successfully applied spatial normal-
isation on both sparse (PALSAR-2) and short SAR backscatter time
series (PALSAR-2 and Sentinel-1) acquired over dry forest. Our results
confirm that spatial normalisation can be a valid and promising alter-
native to seasonal model fitting approaches (Hamunyela et al., 2016b)
that rely on long and dense historical time series (Verbesselt et al.,
2010; Zhu et al., 2012). We used a global percentile for spatial nor-
malisation as our study site was covered homogeneously with dry
forest. Computationally, a global percentile is more attractive, espe-
cially in areas dominated by a single forest type. Where spatial nor-
malisation is applied to an area with varying forest types and season-
ality, a local window approach as demonstrated by Hamunyela et al.
(2016b) should be used.

5.4. Probabilistic approach for multi-sensor NRT deforestation detection

Converting the original SAR (S1VVn and P2HVn) and optical
(LNDVIn) information into NF probabilities allowed us to combine and
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analyse a single signal instead of separate optical and SAR signals.
While we demonstrated the combination of three different sensors, the
approach is flexible and can accommodate observations from additional
sensors, e.g. Sentinel-2.

A major advantage of the proposed probabilistic approach is that it
directly accounts for the different sensor-specific F/NF class separ-
ability of S1VVn, P2HVn and LNDVIn observations, as the derived NF
probabilities are used to calculate and update the conditional prob-
ability of deforestation. This allowed us to overcome some key limita-
tions of the single-sensor time series. First, while P2HVn showed the
highest F/NF class separability, NRT deforestation monitoring based on
only P2HVn observations was not reliable due to the very low data
availability. For the multi-sensor case, however, the individual P2HVn
observations were used. The high F/NF separability resulted in rather
extreme NF probabilities of individual P2HVn observations, which in
turn had a strong effect on the iterative Bayesian updating of the de-
forestation probability. Second, the lower F/NF class separability of
LNDVIn and S1VVn often resulted in a reduced impact of single LNDVIn
and S1VVn observations, however, this was compensated by the higher
observation availability.

We demonstrated the combination of univariate optical and SAR
time series. To make full use of the available reflectance spectra of
optical sensors, and different polarisations of SAR sensors, sensor-spe-
cific F and NF class distributions should be derived from multi-variate
instead of univariate feature spaces. Using VH-polarised Sentinel-1
observations in addition to the VV-polarised observations for example,
can improve F/NF class distributions (see Section 5.3).

In this study, we dealt with large area industrial logging activities
which are typical in the region. For operationalisation and a wider area
of application, the approach should be adapted to and tested for varying
harvesting practices and more complex forest dynamics.

5.5. Temporal accuracy and adjusted reference date

We showed that the temporal accuracy is equally important as
spatial accuracy when assessing the performance of satellite based NRT
alert systems. Temporally dense ground information to assess defor-
estation events detected from dense optical and SAR time series is very
rare. We showed that the reference date derived from the satellite time
series itself, as commonly used in recent studies (Zhu and Woodcock,
2014a; Pratihast et al., 2015; Hansen et al., 2016; Reiche et al., 2015b;
DeVries et al., 2015), is associated with uncertainty about the true date
for deforestation. The imprecision is related to the fact that the true
date of deforestation occurred sometime between the date of the image
at which the change is first visible (commonly considered as the re-
ference date) and the date of the previous image in the time series. This
results in overestimated temporal accuracies with respect to the true
date of deforestation. When combining the observations from Landsat,
Sentinel-1 and ALOS-2 PALSAR-2 for our site, the imprecision of the
derived reference date varied between 2 days and 39 days with an
average of 12.7 days. By adjusting the reference date we were able to
reduce the imprecision by 50% to an average of± 6.35 days. In this
context, Sentinel-1 time series show great potential as regular and
dense observations to enable the derivation of regular sampled re-
ference data. This may allow a more comparable assessment of the
temporal accuracy across different areas.

6. Conclusion

We demonstrated multi-sensor SAR-optical NRT deforestation de-
tection in a tropical dry forest, and we combined time series observa-
tions from Sentinel-1, ALOS-2 PALSAR-2 and Landsat 7/ETM+ and 8/
OLI. We successfully applied spatial normalisation to reduce the dry
forest seasonality in the SAR and optical time series, and combined
them using a probabilistic approach. Our results show that deforesta-
tion events were detected with higher spatial and temporal accuracies

when combining observations from multiple sensors than when using
observations from a single sensor. We showed the unprecedented po-
tential of dense Sentinel-1 C-band time series for providing dense ob-
servations and to compensate for sudden environmental effects. We
improved the precision of reference data derived from the satellite time
series itself and provided a more robust estimate of the temporal ac-
curacy. We presented and discussed different use cases, and highlighted
that deforestation detection is always associated with a trade-off be-
tween the user's, producer's, and the temporal accuracy. Timely de-
tection of change events, for example deforestation, is commonly as-
sociated with a low user's accuracy and a high producer's accuracy. The
operationalisation of the approach requires its adaption to deal with
varying harvesting practices, more complex forest dynamics and to
make use of all optical bands and SAR polarisations. In particular, the
upcoming dense Sentinel-1 dual-polarised data promises to increase the
capacity for NRT deforestation detection. In summary, combining
multiple SAR and optical time series can guarantee regular and tem-
porally dense observations at medium spatial resolution independent of
weather, season and spatial location, which can improve NRT defor-
estation monitoring in the tropics.

Furthermore, the probabilistic approach used for combining optical
and SAR time series for NRT deforestation monitoring is implemented
as a research version in the open-source “bayts” package for R (https://
github.com/jreiche/bayts). The “bayts” package provides example data
and a description of how to apply the method.
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