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The recent decoupling of agricultural production and deforestation in the southern Amazon has been
made possible thanks to (1) the adoption of intensive agricultural practices, including irrigation, and
(2) the diversification of economic activities, including fish farming. Whereas this new agricultural model
has brought out positive results to contain deforestation, it also implied new pressures on the environ-
ment, and especially on water resources. Many small artificial water reservoirs have been built with dif-
ferent uses, e.g. crop irrigation, energy generation, fish farming or livestock watering. In this paper, we
introduce a method to automatically map small water bodies based on time series of Landsat images.
The method was tested in the municipality of Sorriso (state of Mato Grosso, Brazil). The statistical results
(Overall Accuracy = 0.872; Kappa index = 0.745) validated the efficiency of the methodology although the
spatial resolution of Landsat images limited the detection of very small and linear reservoirs. In Sorriso,
we estimated that the cumulated area and the number of small water reservoirs increased more than ten-
fold (from 153 to 1707 ha) and fivefold (86 to 522), respectively, between 1985 and 2015. We discuss the
numerous socio-environmental implications raised by the cumulated impacts of these proliferating small
reservoirs. We conclude that integrated whole-landscape approaches are necessary to assess how anthro-
pized hydrosystems can counteract or exacerbate the socio-environmental impacts of deforestation and
intensive agriculture.
© 2018 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.
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1. Introduction

The southeastern Brazilian Amazon is considered as one of the
world most active agricultural frontier (Campari, 2005). The rapid
expansion of cultivated areas in the last thirty years has long been
pointed out as a threat to the environment since it resulted in the
conversion of large areas of Brazilian savannas (Cerrado) and trop-
ical rainforests (Fearnside, 2001; Morton et al., 2006; Nepstad
et al., 2006). Yet, the last decade has been marked by a decoupling
between deforestation and agricultural production (Macedo et al.,
2012) and between deforestation and socio-economic develop-
ment (Tritsch and Arvor, 2016; Caviglia-Harris et al.,, 2016;
Weinhold et al., 2015). During this period, deforestation rates
decreased dramatically (Nepstad et al., 2009) due to (1) efficient
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command-and-control policies to contain deforestation (Nepstad
et al.,, 2014), (2) market-oriented forms of regulation (e.g. the Soy
Moratorium Rudorff et al., 2011; Gibbs et al., 2015; Kastens et al.,
2017) and (3) the promotion of a new agricultural model based
on agricultural intensification (Arvor et al., 2012) and diversifica-
tion of economic activities (Arvor et al., 2018).

Although the recent release of increasing deforestation rates in
the Amazon (INPE, 2017) questions the efficiency of the ongoing
agricultural transition process, the last decade testified of a very
dynamic frontier with a high potential for the rapid adoption of a
new agricultural model engaged towards land use sustainability
(Galford et al., 2013). Yet, beyond the positive impacts on defor-
estation, intensifying and diversifying the production also implies
new pressures on natural resources. The generalization of intensive
double-cropping systems requiring high amounts of agrochemicals
(Arvor et al., 2017), the adoption of irrigation systems to prevent
harvest losses for the second crop and the development of fish
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farming raise important concerns about the future of soil and
water resources in the region (Neill et al., 2013). In this regard,
the proliferation of small artificial water reservoirs to ensure crop
irrigation, water livestock and farm fishes calls for special
attention.

Scientific knowledge about the impacts of water reservoirs is
partial since most studies focus on major dams (e.g. Adams and
Hughes, 1986; Barrow, 1987; Dudgeon, 2000; Maingi and Marsh,
2002; Fearnside, 2001, 2006; Stevaux et al., 2009), especially in
tropical regions such as the Amazon where the construction of
numerous hydropower dams has drawn the attention of the scien-
tific community (Fearnside, 2006; Latrubesse et al., 2017). Con-
versely, small reservoirs have received less attention despite
several studies led in various regions of the world like Australia
(Nathan and Lowe, 2012), South Africa (Hughes and Mantel,
2010), Europe (Cudennec et al, 2004, 2017), the USA
(Ramireddygari et al.,, 2000) and Brazil (Mamede et al., 2012;
Malveira et al., 2012) have shown that their multiplication can
generate significant cumulated effects on chemical fluxes (e.g.
Powers et al., 2014), fish communities (e.g. Santucci et al., 2005)
and hydrological cycles (e.g. Habets et al., 2014). In this specific
regard, various studies concluded that a high number of dams,
although small when considered individually, can have similar or
even greater impacts than one single large dam (Callow and
Smettem, 2009; Malveira et al., 2012; Giitner et al., 2004).

Whereas methods and models to assess the individual and
cumulated impacts of dams exist (Habets et al., 2014), mapping
and counting the small artificial reservoirs at regional scale still
appears as a major bottleneck for this type of application (Lehner
et al,, 2011). This point is of extreme importance since the spatial
distribution of the water bodies (i.e. density, position in the basin,
etc.) is known to be crucial to assess their cumulated effects
(Deitch et al., 2013). In this regard, although the spatial resolution
of satellite images is often inadequate to map small water bodies
(Lowe et al., 2005; Rodrigues et al., 2012; de Toledo et al., 2014),
remote sensing data are relevant to rapidly and homogeneously
determine the number and extent of artificial reservoirs on large
areas. Landsat (TM, ETM + and OLI) data have been especially used
for this purpose due to its fine spatial resolution (30 m) that
enables to detect small water bodies, including farm dams. Images
are then usually interpreted individually using visual inspection
(Malveira et al., 2012) or supervised classifiers (e.g. decision trees
or random forests) or classification rules applied on calibrated
bands or spectral indices (Rodrigues et al., 2012; Bhagat and
Sonawane, 2011; Acharya et al,, 2016; Ko et al,, 2015; Tulbure
and Broich, 2013; Jones et al., 2017). Such approaches led to suc-
cessful results but may be difficult to apply in other areas (i.e. clas-
sification rules need to be adapted), especially in tropical areas
with few available images (e.g. due to high cloud cover rates).
The analysis of time series of optical remote sensing data has then
been recognized for its great potential to characterize environmen-
tal phenomena, describing trends as well as discrete change events
(Gomez et al., 2016). Such multi-temporal approaches have been
used for land cover (e.g. Inglada et al, 2017; Hansen and
Loveland, 2012), forest (e.g. Hansen et al., 2013; Carreiras et al.,
2014) and crop monitoring (e.g. Waldner et al., 2015). In regard
to hydrological applications, Tulbure and Broich (2013), for exam-
ple, classified 12 years of Landsat data to map the spatio-temporal
dynamics of water bodies in southeastern Australia. More recently,
Pekel et al. (2016) processed three millions of Landsat images in
order to map surface water bodies at global scale. Nonetheless,
Jones et al. (2017) considered this data unsuitable for monitoring
very small reservoirs (smaller than 5.1 ha). Yet, in spite of these
recent important advances, the automatic detection of small water
bodies for local and regional applications remains challenging to
date.

The objectives of the present paper are twofold. We first intro-
duce a fully automatic methodology to map water bodies at local
and regional scale based on Landsat time series. Second, we mon-
itor the expansion of small water reservoirs from 1985 to 2015 in
the municipality of Sorriso (State of Mato Grosso, Brazil) in order to
characterize the ongoing process of agricultural transition.

2. Study area

The study area is located in the southern Amazon Brazilian state
of Mato Grosso (Fig. 1). This state has long been studied due to the
dramatic land use changes that occurred there since the 1970s,
when the federal government decided to support the development
of an extensive commodity-oriented agriculture (Arvor et al., 2013,
2018). The agricultural expansion in Mato Grosso has led to severe
environmental impacts, especially with regard to deforestation
(Fearnside, 2001; Morton et al., 2006). In the 2000s, an agricultural
intensification and diversification process was initiated with the
objective to increase productivity, limit economic vulnerability to
monoculture and contain deforestation (Arvor et al, 2012;
Kastens et al., 2017; VanWey et al., 2013). As a major result, defor-
estation decreased rapidly after 2005 while agricultural production
continued to increase (Macedo et al., 2012; Nepstad et al., 2014).
The state of Mato Grosso became national leader in the production
of soybean, maize and cotton (IBGE, 2017) and third in fish produc-
tion (the national leader being the state of Rondoénia, also in the
southern Amazon). The development of the fish industry in Mato
Grosso, and more generally in the southern Amazon, was sup-
ported by important public policies. In 2015, the Ministry of Fish-
eries and Aquiculture (Ministério da Pesca e Aquicultura, MPA)
launched the Safra da Pesca e Aquicultura (PSPA) program with
the objective to support the sustainable development of fishing
and aquaculture activities. In this program, R$2 billion of incen-
tives were available through credit lines for small, medium and
large producers to improve the production and productivity of fish-
ing activities (FAMATO, 2014).

In Mato Grosso, the municipality of Sorriso serves as the best
example. Sorriso was founded in 1986 and covers an area of
9.329 km? located along the BR-163 Cuiab4 - Santarém transama-
zonian road (Fig. 1). Sorriso is known as the main soybean and
maize producer at national scale and, for a few years, fish farming
is also considered with special attention due to easy access to cred-
its. In consequence, Sorriso was recently ranked fourth at national
level with a total fish production of 10.679 tons (Table 1).

3. Data and methods
3.1. Data

The municipality of Sorriso is covered by four Landsat scenes,
i.e. Path/Row = 226/068, 226/069, 227/068, 227/069 (Fig. 1). For
these four scenes, we selected all geometrically corrected (L1T)
Landsat-5 and Landsat-8 images with less than 50% cloud cover
for seven years: 1985, 1990, 1995, 2000, 2005, 2010 and 2015.
Our study is thus focused on the production of 28 maps (4 sce-
nes x 7 years), hereafter named “scene-year”. If less than 10
images were available for a given scene-year, we also acquired
images from the previous year in order to collect a larger dataset.
Such case especially happened for the years before 2000. At the
end, we acquired more than 10 images for each scene-year (except
in 1985 for the scene 227/069 where only 7 images were available
on the 1984-1985 time period) summing a total of 361 images
(Table 2). These images were ordered through the USGS ESPA
Ordering Interface (http://espa.cr.usgs.gov website) where we also
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Fig. 1. Location of the municipality of Sorriso-MT and of the water bodies identified by visual inspection on very high resolution images. Note that in sub-figure C, a group of

small water tanks are identified as part of a unique water body.

Table 1
Main agricultural and fish production and national ranking for the state of Mato Grosso and the municipality of Sorriso in 2015 (IBGE, 2017).
Mato Grosso Sorriso
Prod. (Tons) Nat. Rank Prod. (Tons) Nat. Rank
Soybean 27.850.954 1.951.710 1°
Maize 21.353.295 2.619.690 1°
Cotton 2.373.581 47.430 23°
Fish 47.437 10.679 4°
Table 2
Summary of Landsat images processed for the mosaicked classifications at 7 different time periods.
Scenes
226/068 226/069 227/068 227/069 Total
1984-1985 12 10 10 7 39
1989-1990 15 16 12 11 54
1994-1995 12 15 11 11 49
1999-2000 14 17 11 10 52
2005 12 11 15 13 51
2010 11 11 13 13 48
2015 18 16 18 16 68
Total 94 96 90 81 361

had access to the cloud-shadow Fmask product (Zhu and
Woodcock, 2012).

3.2. Classification of water bodies

Once the data were acquired (step 0), the method to process the
images was made of five main processing steps (Fig. 2): (1) data
were pre-classified, (2) two indices were computed for each
scene-year based on the analysis of time series, (3) the indices
were mosaicked on the entire area, (4) annual water masks were
produced and (5) inter-annual transition rules were applied.

Finally, the method includes a validation step (6) to assess the
accuracy of the produced maps.

3.2.1. Landsat Spectral Classifier (LSC) pre-classifications

All images were firstly automatically calibrated in Top-of-
Atmosphere reflectance according to the methods described in
Chander et al. (2009) for Landsat-5 images and by USGS (2016)
for Landsat-8 images. Secondly, the images were pre-classified
using a method hereafter named Landsat Spectral Classifier (LSC)
(Baraldi et al., 2006). This method has initially been designed for
Landsat-5 (TM) and Landsat-7 (ETM+) images but its application
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Fig. 2. Diagram of the proposed methodology to classify water bodies based on Landsat time series.

to Landsat-8 (OLI) is possible thanks to the continuity between
Landsat satellites (Irons et al., 2012; She et al., 2015). The method
assigns pixels to spectral categories (hereafter named LSC classes)
exclusively based on spectral rules. It is worth noting that these
spectral categories (up to 46 LSC classes are discriminated) do
not correspond to true land cover classes but should rather be con-
sidered as descriptions of spectral signatures. For example, the
SVHNIR class refers to Strong Vegetation with High Near-Infrared
values. This label does not give information on the final land cover
class (e.g. it is not possible to say if it corresponds to a forest or a
crop land cover). This is the reason why we refer to the product
of the LSC method as a LSC pre-classification.

The LSC pre-classification contains an “unclassified” class for
pixels whose spectral signature does not correspond to any of
the 45 other LSC classes. After visual inspection, it appeared that
this class usually corresponded to cloudy pixels. Even in that case,
it was not a major issue since clouds were already detected by the
cloud-shadow Fmask (Zhu and Woodcock, 2012). Nonetheless, it

also happened that cloud-free pixels were assigned to this “unclas-
sified” class, thus meaning that potentially useful cloud-free pixels
were discarded from the analysis. This was a problem since we
cannot afford to discard cloud-free pixels from the classification
process in tropical areas affected by high cloud cover rates. To
address this issue, samples of 500 pixels per LSC class already
encountered in the image (except cloudy classes) were randomly
selected and used to train a Support Vector Machine (SVM) in order
to assign a LSC class to these cloud-free “unclassified” pixels.

3.2.2. Time series analysis

For each scene-year, we organized a time series of N LSC pre-
classifications where each pixel was thus described by N observa-
tions, each observation referring to a LSC class. These time series
were then processed to extract two indices.

The NumObs index value expresses the number of times a pixel
has been observed in a time series. Here, we considered a pixel was
observed when it was not classified as cloud or shadow. Cloud and
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shadow pixels were defined by the Fmask (Zhu and Woodcock,
2012) and by the following LSC classes: “Thick Cloud” (TKCL), “Thin
Cloud (TNCL)”, “Snow” (SN), “Snow or Ice (ICSN)”, “Shadow Clouds”
(SHCL) and “Shadow Snow” (TWASHSN).

The NumWater index value expresses the number of times a
pixel was classified as water in a time series of LSC pre-
classifications. Although the labels of the LSC classes described in
Baraldi et al. (2006) are not explicit in terms of land cover, poten-
tial corresponding land cover classes are proposed. Here we con-
sidered that only five spectral categories correspond to water
bodies: “Deep Water or Shadow” (DPWASH), “Shallow Water or
Shadow” (SLWASH), “Turbid Water” (TWA), “Wetland” (WE) and
“Shadow Area with Vegetation” (SHV) (which can possibly refer to
non-forested wetlands; Baraldi et al., 2006). According to the
authors, all these LSC classes may be confused with shadow areas
but, in our case, we considered that they were more likely to rep-
resent water pixels since shadows were already detected by the
Fmask product (Zhu and Woodcock, 2012).

3.2.3. Mosaicking

The two index images (NumObs and NumWater) were produced
for each scene-year of the analysis. We then performed a mosaick-
ing to obtain two complete index images of the municipality of
Sorriso for each year. The mosaicking was based on the NumObs
index. It means that, in the overlaying parts between two (or more)
adjacent images where pixels were described by two (or more)
time series, we only kept the NumWater and NumObs values corre-
sponding to the time series with the highest number of observa-
tions (i.e. the highest NumObs value).

3.2.4. Annual water masks

Based on these indices, we produced water masks for each year
of the study period. The water masks were computed by identify-
ing water pixels based on the ratio between the NumWater and
NumObs index. Pixels with a ratio value greater than or equal to
50%, i.e. predominantly classified as water in a time series of N
LSC pre-classifications, were considered as water pixels. In addi-
tion, we computed a dilation-erosion morphological operation
(with a 3 x 3 — pixels kernel) in order to retrieve more realistic
envelopes of water bodies and remove noisy pixels (i.e. isolated
land pixels identified in water bodies).

3.2.5. Inter-annual transition rules

Finally, two inter-annual transition rules were applied on the
pluri-annual time series of water masks using an object-based
approach, i.e. water bodies were considered as separated image
objects. Both rules were based on the hypothesis that farm dams
and excavated tanks are built to last on a long-term and are thus
not expected to disappear neither to reduce over time.
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In this regard, the first rule implied that water bodies detected
at year t but not detected at year t + 5 (i.e. water bodies that have
disappeared between two dates) were discarded from the water
mask of year t.

The second rule implied to consider the largest envelope of
water bodies observed with different boundaries at different dates.
We thus considered that a water body detected at year t cannot be
smaller than its corresponding water body detected at year t — 5,
i.e. it cannot reduce between two dates. They are thus merged to
obtain the final water body observed at year t.

3.2.6. Validation

The methodology was validated on the final water mask of year
2015. The validation was based on a reference dataset where all
run-of-river dams and excavated tanks in Sorriso were manually
mapped by visual inspection on Google Earth (Fig. 1). Verifications
based on 2016 Sentinel-2 images were also made in order to
ensure correct delineation of a few dubious water bodies. All water
bodies separated by less than 60 m were then merged together in
order to homogenize the reference dataset. Indeed, excavated
tanks in fish farms were sometimes delineated individually (i.e.
each tank is delineated separately) or collectively (i.e. a group of
numerous water tanks is delineated in a unique polygon, Fig. 1,
C). The 60 m threshold was used because two water bodies sepa-
rated by less than 60 m in the classification will automatically be
merged due to the dilation-erosion process (see Section 3.2.4). At
this stage, the reference dataset was made of N =396 artificial
water reservoirs summing a cumulated area of 17.30 km? (1730
ha). It is worth noting that the Canoa Quebrada hydropower dam
located along the Rio Verde river (area of 6.02 km?, 602 hectares)
was not considered here since our focus was on small water dams.

This reference dataset was used to assess the accuracy of the
2015 water mask. For this purpose, we defined a 500 m buffer
around each water reservoir of the reference dataset to get samples
of terrestrial land cover class. We then randomly selected 1000
points of water class (within the water reservoirs) and 1000 points
of land class (in the buffer areas) (Fig. 3). We ran this process 100
times in order to assess the robustness of our results. We then pro-
duced the 100 corresponding confusion matrices (Congalton, 1991)
and their associated statistical indices, i.e. overall accuracy, kappa
index, producer’s and user’s accuracy. We finally computed an
average confusion matrix based on the mean values of these
indices and plotted their density functions.

Beyond the confusion matrix, we also assessed the potential of
the method to estimate the cumulated area (CAWB) and the num-
ber of artificial water bodies (NumWB) for an efficient monitoring
of the evolution of water reservoirs since 1985. In this regard,
the classification of natural water bodies as water may lead to high
uncertainties, with expected overestimations for both metrics. To
address this uncertainty issue, we preferred to calculate a range

Water reservoir

500m buffer around the reservoir

Randomly selected point in « Water » class

Randomly selected points in « Land » class

Fig. 3. Example of randomly selected points for validation in both water and land classes.
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of values based on low and high estimates of both metrics for each
year of the study period.

The high estimates were obtained by calculating CAWB and
NumWB metrics for the entire area of Sorriso, discarding only the
two largest rivers in Sorriso (i.e. “Rio Teles Pires” and “Rio Verde”)
which appeared clearly in the final water masks. On the contrary,
the low estimates were computed on a sub-area by applying a
2000 m buffer around these two major rivers and removing all
water bodies fully or partially located inside (i.e. intersecting) that
buffer. This threshold was defined to discard most potential natu-
ral water bodies along these rivers that may have been classified as
water bodies. By doing so, we obviously also removed many artifi-
cial reservoirs (N = 54, CumulatedArea = 3.94 km?) so that the cor-
responding reference dataset contained only N = 342 artificial
water reservoirs for a total area of 13.36 km? (1336 ha) of artificial
water bodies. At the end, low and high estimates give a range of
values for both CAWB and NumWB metrics that enable to monitor
the development of water reservoirs in Sorriso.

4. Results
4.1. Classification accuracy
A time series of LSC pre-classifications is shown in Fig. 4 and

illustrates the capacity of the Landsat Spectral Classifier to
automatically classify water pixels. These pre-classifications were

2015034
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analyzed to compute the NumObs and NumWater indices for each
scene-year, which were then mosaicked annually on the entire
study area. In the example shown in Fig. 5, it appeared that (1)
all pixels of the mosaicked image were observed between 7 and
18 times in the year 2015 and (2) a pixel was classified as water
16 times at the most. Based on these indices, we computed annual
water masks and applied the inter-annual rules to produce final
maps of water bodies in the municipality of Sorriso (Fig. 6). When
visually compared to the reference dataset, most water reservoirs
appeared to be correctly delineated (Fig. 6 A, C, and D). Main errors
mainly concerned very small and linear water bodies (Fig. 6B)
whose delineation (and thus area) could not be accurately
captured (estimated) at Landsat resolution.

From a statistical point-of-view, the results validated the poten-
tial of the methodology to automatically and efficiently detect
water reservoirs in the study area. The average confusion matrix
(Table 3) was characterized by high values for overall accuracy
(0.A. = 0.872) and Kappa index (K = 0.745). The density functions
of the main statistical indices obtained after running the validation
procedure 100 times indicated a low variability, thus confirming
the robustness of the methodology (Fig. 7). Most errors were omis-
sions, i.e. water pixels not detected on Landsat images. In this
regard, our results indicated that 77.5% of the N = 396 water bod-
ies of the reference dataset were detected by the method, i.e. at
least one pixel had been classified as water. Considering that only
85.6% of all water bodies of the reference dataset have been
detected as water at least once in a time series of LSC

015130 2015146

Most frequent LSC classes

DPWASH

BBBHTIRNF

BBBLTIRNF

I rwa
- Shadow
B ~srunig

Cloud

SLWASH

SVHNIR

SVLNIR

Fig. 4. Time series of LSC pre-classifications obtained from 16 images of the year 2015 (Landsat scene: 227,069). Only a subset of LSC classes is shown here (more details on

the meaning of the LSC classes are in Baraldi et al. (2006)).
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Fig. 6. Final water mask of Sorriso (MT) for year 2015.

pre-classifications (NumWater > 0), this result (77.5%) represents a
good approximation of the best potential result that could be
achieved by such approach. After a visual inspection focused on
non-detected water bodies, we identified three main causes of
omission errors: (1) water bodies were not filled in water during
the entire year (e.g. dams under construction in 2015) and thus
could not be detected as water, (2) the largest omitted water body
(97,000 m?) was adjacent to the Teles Pires river and had thus been

discarded when we removed the two major rivers from the
analysis and, (3) most important, small water bodies and/or water
bodies with a linear shape were difficult to identify at Landsat
resolution. This last case was expected since it is usually agreed
that the image resolution must be 1/2 to 3/4 the size of the small-
est objects of interest in the scene (Marceau et al., 1994). On the
other hand, few commission errors were detected in the confusion
matrix. These errors were due to water reservoirs manually
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Table 3
Average confusion matrix of the 2015 water mask (Reference data are in rows and
classification data are in columns).
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year should compensate for this problem. Third and most impor-
tant, the mapping of natural water bodies often located along the
two major rivers increased dramatically the cumulated areas (by

at least 3 km?). At the end, these problems were expected and jus-
tified the need to also produce low estimates for both metrics.
These low estimates were produced by removing water bodies

Land Water Producer’s Accuracy
Land 989 11 0.989
Water 244 756 0.756
User’s Accuracy 0.802 0.985
Overall Accuracy 0.872
Kappa index 0.745

delimited based on dry season high-resolution images so that the
boundaries may not exactly correspond to the boundaries
observed on a time series of Landsat images.

Nonetheless, although the commission errors were little, the
cumulated areas (CAWB) and number (NumWB) of water bodies
in the entire area of Sorriso (high estimates) were highly overesti-

mated. The classification identified CAWB = 20.28 km? (2028 hec-
tares) across NumWB = 611 water bodies, i.e. much more than in

the reference dataset (CAWB = 17.30 km?®; 1730 hectares across
NumWB = 396 water reservoirs) (Table 4). Three main reasons
can explain such overestimation in both metrics. First, groups of
water tanks were considered as part of a unique water body in
the reference dataset (see Section 3.2.6 and Fig. 1,C) while the clas-
sification often identified many disconnected pixels, thus increas-
ing the number N of water bodies (although usually
underestimating the area) (see Fig. 6, B for an example). As a con-
firmation of this hypothesis, it is worth mentioning that the 307
water bodies of the reference dataset that were correctly detected
by the method actually corresponded to 365 water bodies in the
classification. Second, the first inter-annual transition rule aiming
at discarding small water bodies erroneously classified as artificial
water body (commission errors) by checking their existence in fol-
lowing years could not be applied for the 2015 classification since
we did not have water masks for the following years. In that case,
the number of small water bodies may be overestimated although
we consider that the high number of available images (between 16
and 18, Table 2) and observations (high NumObs values) for that

located in a buffer of 2000 m around the major rivers, thus discard-
ing a large part of natural water bodies. In that case, the classifica-

tion identified a cumulated area of CAWB = 13.86 km® across
NumWB = 433 water bodies (Table 4). While the NumWB is still
overestimated (mainly due to the high fragmentation of water
bodies in fish farms), the estimated area represents a good approx-

imation of the reference value (CAWB = 13.36 km?).

4.2. Thirty years of development of artificial water reservoirs

The production of the annual water masks enabled to monitor
the rapid expansion of water bodies in Sorriso during the last thirty
years. As an example, the Fig. 8 introduces two areas of Sorriso that
illustrate two different cases of development. In the first case
(Fig. 8, left), the development of water surfaces resulted from the
multiplication of small farm dams from one in 1990 to four in
2015. In the second case (Fig. 8, right), it resulted from successive
expansion stages of a farm dam between 1990 and 2015.

At the scale of the municipality of Sorriso, the cumulated area
increased from 153 hectares (mean value between the low and
high estimates) in 1985 to 1707 hectares in 2015, i.e. the area of
a medium-size farm in the region (Fig. 9, top). The cumulated area
thus increased more than tenfold in thirty years. The results
showed an especially rapid proliferation after 2000 corresponding
to the period of agricultural intensification in the region (Arvor
et al., 2012), which was partially based on irrigation thus requiring
increased access to water resources.

The number of water bodies also increased rapidly during the
study period, from 86 to 522 (mean values of 1985 and 2015)
(Fig. 9, bottom). Although these numbers must be considered
carefully due to the reasons introduced in the previous section
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Table 4

Low and high estimates of cumulated area (CAWB) and number (NumWB) of water bodies in Sorriso in 2015.
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Fig. 7. Density functions of the main statistical indices computed to validate the 2015 water mask.

High estimate

Low estimate

CAWB NumWB CAWB NumWB
Reference 17.30 km? 396 13.36 km? 342
Classification 20.28 km? 611 13.86 km? 433
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Fig. 8. Spatial evolution of artificial water bodies between 1985 and 2015 in two areas of Sorriso.
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Fig. 9. Temporal evolution of the cumulated area and number of water bodies in Sorriso between 1985 and 2015.

(e.g. high fragmentation and inclusion of natural water bodies in
the final counting), the results showed interesting trends that
deserve to be analyzed. Firstly, we identified more water bodies
in 1995 than in 2000, what was not expected because of the first
inter-annual rule (which was designed to remove water bodies

detected in 1995 but not observed in 2000). After visual inspection,
it appeared that few water bodies were actually classified in 1995
and 2000 but not in 2005 (and following years), thus explaining
why they disappeared from the 2000 map but not from the 1995
map. In this regard, the possible destruction of water dams should
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be further investigated. Additionally, the rapid increase in the
number of water bodies in 1995 should be correlated with the high
deforestation rates observed in the same year. Indeed, 1995 is
known for its deforestation peak partly due to the Plano Real
launched in 1994 and which, due to a positive rate of exchange
between the real and the US dollar, led to high soybean prices in
Brazil encouraging farmers and multinational companies to invest
in the region (Arvor et al., 2018). It is likely that the same reasons
have also driven the construction of artificial dams to support the
colonization process.

Secondly, the number of water bodies increased rapidly (+50%,
from 347 to 522, mean values) between 2010 and 2015 whereas
the cumulated area only increased moderately (+14%, from 1494
to 1707 ha, mean values). It means that the numerous water bodies
created during that period were quite small. Such situation may
result from the non-application of the first inter-annual rule for
year 2015 but, as mentioned in the previous section, the large
number of Landsat images available for this year should have com-
pensated for this issue. We thus think that this increase reveals
tendencies on the recent development of numerous small exca-
vated dams dedicated to fish farming, which could not be accu-
rately delineated at Landsat scale but whose detection may be
used as a proxy to observe the process of agricultural diversifica-
tion in the southern Amazon.

5. Discussion
5.1. On the classification methodology

When compared to previous studies, the major asset of the pro-
posed methodology is its automaticity, which raises promising
perspectives for large-scale analysis (e.g. an entire watershed). In
addition, the Landsat Spectral Classifier proposed by Baraldi et al.
(2006) includes other spectral categories related to other land
cover classes (e.g. about vegetation, soils, etc) which have been dis-
carded from the analysis. We thus intend to extend this approach
to other land cover types (e.g. especially forests). In this regard, the
present work is a first part of an expected more complete system
we wish to implement. But, for the moment, important limitations
of the current approach should be discussed carefully.

First, the Landsat spatial resolution restricted the detection of
small and linear water reservoirs. While such limitation did not
impact too much on the estimated areas (CAWB) at regional scale,
it led to high overestimations of the number of water bodies
(NumWB) when compared to the reference dataset. Nonetheless,
it is worth noting that the number of water bodies in the reference
dataset is underestimated since groups of water tanks are only
counted once. Second, the method does not discriminate natural
and artificial water bodies, nor the different types of artificial water
reservoirs in the region (run-of-river farm dams and excavated
reservoirs). Third, stored water volumes are not estimated while
such information would be highly relevant to better understand
the drivers of the observed dynamics.

These limitations could be (partially) addressed by using ancil-
lary data (Digital Elevation Model for example (Donchyts et al.,
2016; Shao et al., 2012)) and/or by computing empirical relation-
ships relating reservoir extent and volume could be used (Jones
et al., 2017). In addition, to adapt the approach to higher resolution
images would also be of interest. The recent launch of the Sentinel-
2 mission with free access to 10 m resolution images every 5 days
raises promising perspectives. The Landsat Spectral Classifier has
been designed to be easily adapted to other optical images (SPOT,
Ikonos, WorldView, etc Baraldi et al., 2010) and thus could also be
adapted to Sentinel-2. A higher spatial resolution would then make
it possible to adopt a Geographic Object-Based Image Analysis

(GEOBIA Blaschke, 2010; Blaschke and Strobl, 2001; Blaschke
et al., 2014; Hay and Castilla, 2008). Taking into account other
image features such as shape of image objects or spatial relations
between objects should help to discriminate different types of arti-
ficial and natural water bodies. Fuzzy approaches (e.g. Linear Mix-
ture Models) may also be relevant to detect small water bodies
based on the probability for a pixel to belong to the “Water” class.
Nonetheless, such an approach is difficult to automatize because it
is complicated to identify pure endmembers for each image. Over-
all, it is not very robust because the efficiency of the unmixing also
depends on the quality of the image, what is an issue when pro-
cessing time series of heterogeneous images (e.g. high variability
of cloud cover rates).

In addition, the method requires a large number of available
images to limit the uncertainties. Indeed, in years with high cloud
cover rates (i.e. with low values of NumObs index), cloud shadows
may be assigned to a water class if the Fmask algorithm does not
correctly delineate all cloud shadows. In this regard, Multi Tempo-
ral Cloud Detection algorithms (Hagolle et al., 2010) may be better
adapted to our system, which is already based on the analysis of
Landsat time series. Overall, the final water masks produced by
the method do not all have the same reliability depending on the
number of input Landsat images used to build the time series.
Quality indices are thus necessary to better handle the uncertain-
ties associated with the final classifications. In this regard,
Grekousis et al. (2015) recommend the implementation of pixel-
based accuracy metrics for regional land cover products. In the pre-
sent study, such metric could be derived from a fine analysis of the
relation between the classification accuracy and the number of
observations, i.e. the probability to correctly classify a pixel
depending on the NumObs index.

Finally, the validation procedure deserves to be discussed.
Indeed, it is a complex issue because we only have references for
the “water” class (e.g. small water bodies). We thus collected ran-
dom samples of the “Land” class in 500 m buffers around the refer-
ence water reservoirs. By doing so, we limited the risk of
commission errors (i.e. pixels detected as water instead of land)
outside these buffers. But, if we had selected these “Land” samples
in the entire study area, we would have potentially collected sam-
ples in rivers, thus leading to false commission errors (i.e. pixels
correctly classified as “Water” since they correspond to rivers but
considered as errors because originally identified as “Land” in the
reference data set). To address this issue, it would have been nec-
essary to also manually delineate the rivers in the reference data-
set. But we then would have validated the potential of the
classification to map all types of water bodies (including dams
and rivers), not only the small artificial water bodies. In that case,
the statistical results (Overall accuracy and kappa) would have
been artificially increased because most “Water” samples would
have been collected in rivers, which are larger than small dams
and thus easier to detect. For these reasons, although imperfect,
we consider the validation procedure we proposed as a least worst
solution.

5.2. On the socio-environmental implications

Unlike the impacts of large hydropower dams, the cumulated
effects of small artificial water reservoirs are widely understudied
to date, especially in the Amazon. They depend on several charac-
teristics (distribution, size, management, origin of water, etc) and
their analysis thus represents a huge challenge for scientists
(Deitch et al., 2013; Carluer et al., 2016; Epstein et al., 2013). Yet,
they raise important socio-environmental issues which are pre-
sently actively calling the attention of the scientific community
and the civil society. In Europe, for example, the Water Framework
Directive led to the removal of run-of-river dams in spite of a still
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high demand for creating new reservoirs for agricultural purposes.
Although the scientific literature on the topic is still limited
(Carluer et al., 2016), we here list a (non-exhaustive) number of
emerging issues that deserve to be discussed in the specific context
of the Amazon basin.

5.2.1. Hydrological implications

Although the water reservoirs are usually small, their accumu-
lation can affect river flows because the water collected is often
used for irrigation and thus does not contribute to river flow
(Habets et al., 2014). Additionally, stored water can evaporate
(Goldbach and Kuttler, 2015; Fowe et al., 2015; Dubreuil and
Girard, 2013) or seep (Glendenning et al., 2012), thus leading to
a water loss for river network depending on the climate context
and the local geological settings. Water stagnation and lamination
in impoundments also modify stream water thermal variations due
to temperature differences between input and output (Hutchinson,
1957; Walker, 1979). Such thermal changes, associated to the pas-
sage from a lotic to a lentic system, alter the oxygen water content
(Cooke, 2005). Reservoirs are commonly nutrient and pollutant
sinks at watershed scale (Passy et al.,, 2012) and can be affected
by eutrophication (Oliver et al., 2014; Dauta et al., 1999). Down-
stream of the dams, the entire freshwater system is modified due
to hydrological and sedimentological changes that can significantly
affect the river morphology and habitats (Williams, 1975;
Verstraeten and Poesen, 2000; Magilligan and Nislow, 2005).

5.2.2. Ecological implications

Biodiversity is affected by the hydrological and morphological
modification and fragmentation of the freshwater systems. Run-
of-river dams can represent obstacles to species migration by lim-
iting mobility, habitat changes, disturbance regime and water
quality modification (for reviews see Bunn and Arthington (2002)
and Nilsson (2005)).

5.2.3. Climatic implications

Water reservoirs are known to significantly produce green-
house gas (Louis et al., 2000). Flooded forests (e.g. varzeas) have
been pointed out as sources of greenhouse gas emissions in the
Amazon (Fearnside, 1995). They are especially responsible for the
release of methane in the atmosphere, whose global warming
potential is 21 times greater than CO, (Fearnside, 1995). Then,
although the emissions from small water reservoirs are still limited
when compared to other anthropogenic sources (e.g. deforesta-
tion), we argue that their additional impact should be taken into
account when estimating the global emissions of greenhouse
gases.

In addition to their impacts on climate change, the development
of run-of-river dams may also hinder communities to adapt to cli-
mate change. In France, the ability to fill small farm dams in dry
years was projected to decrease, thus becoming inefficient to sup-
ply water to farmers when needed (Habets et al., 2014). In north-
ern Spain, reservoirs have affected the frequency and severity of
hydrological droughts (Vicente-Serrano et al., 2017). In semi-arid
northeastern Brazil, van Oel et al. (2017) have shown how hydro-
logical droughts can continue well beyond meteorological
droughts due to a dense network of surface water storage reser-
voirs. In the southern Amazon, the rainy season is expected to
shorten (Fu et al., 2013; Arvor et al., 2017) and the frequency of
extreme climate events is expected to increase (Marengo and
Espinoza, 2016), as testified by the recent droughts (2005, 2010
and 2015). Assessing how the construction of numerous dams
may exacerbate (or alleviate) the impacts of extreme climatic
events at watershed scale remains an open issue.

5.2.4. Social implications

Water quality in intensive agricultural areas is affected by the
high use of agrochemicals (Arvor et al., 2017). Although recent
studies led in the state of Mato Grosso have shown that concentra-
tions of nitrate and phosphate do not differ between forest and
agricultural watersheds (Neill et al., 2013), the multiplication of
farm dams acting as pollutant sinks can curve this result on the
long-term. While the large use of agrochemicals has already been
shown to affect human health in Brazil (Bombardi, 2016), addi-
tional studies to assess the impacts of farming fishes in potentially
contaminated water reservoirs are necessary.

In addition, the construction of huge hydropower dams in the
Amazon (e.g. the Belo Monte dam in the state of Para) had impor-
tant social impacts for a long time (Fearnside, 1999; MAB, 2017).
Since access to water is expected to become an ever more sensitive
issue in a context of climate change, the expansion of small dams
may also become a source of conflicts and should thus be con-
trolled efficiently.

6. Conclusions and final considerations

We implemented an automatic methodology to classify small
water bodies in the southern Amazon based on time series of Land-
sat images. The statistical results (Overall Accuracy = 0.872; Kappa
index = 0.745) confirmed the efficiency of the methodology
although the spatial resolution of Landsat images limited the
detection of very small water reservoirs. We estimated that the
cumulated area and the number of small water reservoirs
increased more than tenfold (from 153 to 1707 ha) and more than
fivefold (86 to 522) between 1985 and 2015.

The rapid proliferation of small artificial reservoirs in the
southern Amazon is the result of (1) an agricultural intensifica-
tion process involving the adoption of irrigation practices and
(2) an agricultural diversification process based on fish farming.
These processes were initiated by farmers to address some envi-
ronmental (e.g. need to contain deforestation) and economic (e.g.
need to limit economic vulnerability related to monoculture
Arvor et al., 2009) challenges. Yet, the rapid expansion of water
bodies raises new socio-environmental issues (hydrological, cli-
matological, ecological, etc) that need to be addressed by the sci-
entific community.

But analyzing the cumulated impacts of small water dams is a
challenging task that implies to adopt a multisector perspective.
In this regard, DeFries and Rosenzweig (2010) reinforced the need
for an integrated, whole-landscape approach for tropical land-
scapes to achieve multiple objectives (e.g. environmental preserva-
tion, climate mitigation, food production). In the Amazon, the
impacts of small water dams cannot be decoupled from deforesta-
tion, which still remains the main threat to the environment. For
example, deforestation increases water flows, current velocities
and sediment flux, which can in turn reshape stream morphology
(Neill et al., 2013). From this point-of-view, the construction of
well-planned run-of-river dams can help to regulate the hydrolog-
ical network. In the same direction, as part of important efforts to
support farmers to respect the environmental laws and promote a
Low Carbon Agriculture in Brazil (Nepstad et al., 2014), farmers are
encouraged to reforest degraded river banks with a long-term
objective to restore ecological corridors, limit soil erosion and pre-
serve water quality at landscape/watershed level. How anthro-
pized hydrosystems can counteract or exacerbate both (1) the
socio-environmental impacts of deforestation and intensive agri-
culture and (2) the efforts to control these impacts is an open issue.
In this regard, the use of remote sensing data is essential to bring
relevant observations to the scientific community (hydrologists,
ecologists, etc). The automatic method introduced in this paper is
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a first step in that direction which should now be pursued with
finer analysis at regional or watershed level.
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