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Abstract: Aquaculture and salt-culture are relevant economic activities in the Brazilian Coastal Zone
(BCZ). However, automatic discrimination of such activities from other water-related covers/uses
is not an easy task. In this sense, convolutional neural networks (CNN) have the advantage of
predicting a given pixel’s class label by providing as input a local region (named patches or chips)
around that pixel. Both the convolutional nature and the semantic segmentation capability provide
the U-Net classifier with the ability to access the “context domain” instead of solely isolated pixel
values. Backed by the context domain, the results obtained show that the BCZ aquaculture/saline
ponds occupied ~356 km? in 1985 and ~544 km? in 2019, reflecting an area expansion of ~51%, a rise
of 1.5x in 34 years. From 1997 to 2015, the aqua-salt-culture area grew by a factor of ~1.7, jumping
from 349 km? to 583 km?, a 67% increase. In 2019, the Northeast sector concentrated 93% of the
coastal aquaculture/salt-culture surface, while the Southeast and South sectors contained 6% and
1%, respectively. Interestingly, despite presenting extensive coastal zones and suitable conditions
for developing different aqua-salt-culture products, the North coast shows no relevant aqua or
salt-culture infrastructure sign.

Keywords: aquaculture; salt-culture; U-Net; Tensor-Flow; Google Earth Engine; Landsat

1. Introduction

Aquaculture is the farming of aquatic organisms, including fish, mollusks, crustaceans,
and aquatic plants. In this sense, farming implies some form of intervention in the rearing
process to enhance production, such as regular stocking, feeding, and predators’ protec-
tion. Farming also presupposes individual or corporate ownership of the stock being
cultivated [1].

Currently, half of the fish and mollusks used to feed the world’s population comes
from aquaculture [2], and the world’s appetite for fish and fish products shows no sign of
slowing. From 1990 to 2018, there was a ~14% rise in global capture fisheries, a 527% rise
in aquaculture production, and a 122% rise in total food fish consumption [3].

Sharing similar characteristics with the aquaculture infrastructure, such as the ex-
ploitation of water resources, the need for artificial water-reservoir, and the dependency
on coastal environments, the sea salt culture is another relevant economic activity in the
Brazilian Coastal Zone (BCZ). Therefore, mapping aquaculture and salt-culture areas
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is a fundamental challenge for understanding the expansion of such activities and the
sustainable management of these global coastal resources.

Aquaculture and salines have been mainly associated with valuable fertile environ-
ments and may be the origin of large-scale land-use changes. Due to their water-dependent
nature, coastal aquaculture and saline activity require special attention, being directly
associated with the loss of natural coastal wetlands and pollution of waters and soils [4].
Other studies have relayed on remote sensing images to understand the dynamics of classi-
cal coastal features such as mangroves, beaches, estuaries, and shoreline analysis [5-13].
However, there are fewer large-scale studies exhaustively identifying coastal aquaculture
and salines, whether on the global or regional scale and yet, none rely on deep-learning
algorithms [14,15].

The primary difficulty in automatically distinguishing between aqua or salt-culture
and any other surface water target (e.g., rivers, lakes, or coastal waters) is the spectral
similarity between them all. Spectrally speaking, water is water and, unless it presents
a high concentration of optically active compounds (e.g., suspended sediments, algae,
organic matter, and others), not much can be done to spectrally discriminate a variety of
water-dependent targets [16-19]. In cases like this, when the natural cover among the
targets to be set apart is the same, the context domain, rather than the spectral or temporal
one, may hold the key to distinguish between rivers, lakes, natural or artificial ponds, and
coastal water pixels.

In this scenario, the U-Net convolutional network [20] has the advantage of predicting
the class label of each pixel by providing as input a local region (named patches or chips)
around that given pixel. Such labeling characteristics, together with its convolutional
nature and the semantic segmentation capability, provide the U-Net with the ability to
access the “context domain” instead of solely isolated pixel values.

This research tests the application of a U-Net classifier over the BCZ, a coastal extension
of ~9000 km, to assess its robustness in the multitemporal discrimination of artificial
coastal ponds of aqua and salt-culture. The region presents a great diversity of coastal
environments, such as mangroves, salt-flats, beaches, dunes, and coastal waters (e.g.,
estuaries, deltas, and tidal rivers) that influence the organization and spatial distribution
of coastal aquaculture [8,21-25]. All this variability and complexity make the BCZ an
appropriate region to evaluate the proposed method’s robustness. This paper aims to
present, describe, and assess an Earth Engine-TensorFlow pipeline based on a U-Net large-
scale deep-learning approach. The pipeline has been designed to classify artificial coastal
ponds to pave the understanding of the aqua-salt-culture dynamics in the BCZ, based on
34 years of Landsat time-series data, from 1985 to 2019.

2. Materials and Methods
2.1. Study Site

In Brazil, between 2013 and 2018, aquaculture activity production increased by ~18%,
jumping from 476 tons to 576 tons [26]. The Northeast and South regions lead the national
aquaculture production; together, these regions are responsible for ~56% of the domestic
market [26]. Compared to the global scenario, the experiment rate of increase can be
considered relatively low, a characteristic that may be associated with the rapid expansion
of white spot syndrome disease (WSSD), especially in the northeastern region of the
country [27-29].

From a diversity perspective, Brazilian aquaculture is primarily dominated by fish
farming, followed by shrimp farming, and finally by bivalve culture (oysters, scallops,
and mussels). In 2018, these three crops represented near 89%, 8%, and 2% of national
production, respectively [26]. While fish farms are widely spread throughout the country,
shrimp farming and bivalve culture are mostly concentrated in the Northeast and South
regions, respectively [30-34].

Together with traditional aquaculture, sea salt-culture is also common in the BCZ.
Based on the evaporation of saline reservoirs’, this activity is responsible for 81% of Brazil’s
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salt production. Sea salt production is mainly associated with three states: Rio Grande
do Norte (RN), Ceard (CE), and Rio de Janeiro (R]) [4,5]. In 2017, 6 Mt of sea salt was
produced in Brazil, 95% in RN, 3% from R], and another 1.5% from CE [5]. To better present
the achieved results, the BCZ was divided into four regional sectors; North, Northeast,
Southeast, and South (Figure 1).
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Figure 1. The Brazilian Coastal Zone (BCZ) was divided into four regional sectors; North, Northeast,
Southeast, and South. The following acronyms represent the Brazilian coastal states: AL (Alagoas),
AP (Amapa), BA (Bahia), CE (Ceara), ES (Espirito Santo), MA (Maranhao), PA (Para), PB (Paraiba),
PE (Pernambuco), PI (Piaui), PR (Parand), R] (Rio de Janeiro), RN (Rio Grande do Norte), SC (Santa
Catarina), SE (Sergipe), and SP (Sao Paulo).

2.2. Data Processing

Data processing and analysis occurred inside a cloud computing environment, a setup
combining the Google Earth Engine platform (GEE) and Tensor Flow library (Figure 2).
All raster data and its sub-products are derived from the United States Geological Survey
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(USGS) Landsat Collection 1 Tier 1 Top of Atmosphere (TOA) data, which includes Level-1
Precision Terrain (L1TP) data [35-37].

1. Google Earth 2. Cloud 3. Compute 4. Google Earth
Engine Storage Engine Engine
+ Cloud-Free Composite + Mosaic Storage * U-net Training + Classification Upload
+ Kmeans Water Mask « Training Dataset * Classification « Visual Inspection
* Sample Aquisition Storage + Spatial-Temporal Filters

Figure 2. Aquaculture Earth Engine-TensorFlow pipeline. The process is structured in 4 steps. First (1), GEE is used to

generate the cloud-free composites and create the initial training dataset. Second (2), the mosaics and training data are

stored inside the Google Cloud Storage. Three (3), the patch-wise training and classification are initiated. In the fourth

step (4), the classified product is spatial and temporally filtered. The filtered product is visual and statistically inspected.

Multiple iterations may be used until a satisfactory degree of spatial and temporal quality is achieved.

For each year, Landsat Collection 1, Tier 1, TOA data was used to produce annual
cloud-free composites, ranging from 1 January to 31 December. The cloud /shadow removal
script takes advantage of the quality assessment (QA) band and the GEE median reducer.
When used, QA values can improve data integrity by indicating which pixels might be
affected by artifacts or subject to cloud contamination [38]. In conjunction, GEE can be
instructed to pick the median pixel value in a stack of images. By doing so, the engine
rejects values that are too bright (e.g., clouds) or too dark (e.g., shadows) and picks the
median pixel value in each band over time.

Subsequently, the annual mosaics were sub-set to the area that comprises the BCZ
to include areas where coastal aquaculture and saline ponds are more likely to occur
(e.g., low-lying coastal and intertidal regions) and to exclude large areas where such
characteristics are not expected to occur (e.g., highlands distant from the coastal plain and
open ocean areas).

Next, the Modified Normalized Difference Water Index (MNDWI) [39] is computed
to each of the annual mosaics, and over each, a K-means cluster analysis is executed.
The K-means analysis helps create a binary water mask, labeling the pixels as water or
non-water classes. Guided by the water/non-water mask’s existence, the coastal ponds of
aqua or salt-culture features are visually delineated. This first visual delineation generates
aqua-salt culture and non-aqua-salt culture samples. It is essential to highlight that no
differentiation is made between coastal aquaculture or saline ponds; both elements are
grouped as “aqua-salt culture” class members. Therefore, from this point on, every time
aquaculture and salt-culture samples or classes are mentioned, it refers to an aqua-salt
culture pattern.

Once the sample acquisition is finished, the U-Net algorithm is run. The classifier
used three distinct spectral indices as input, the MNDWI [39], the Normalized Difference
Vegetation Index-NDVI [40] and the Normalized Difference Soil Index-NDSI [41], resulting
in the pre-filtered classification product. Our U-Net implementation followed its original
conception [20], without extra tuning any of the hyperparameters available. Once con-
vergence was reached and the classification was done, the classified data were injected
back into GEE, where spatial-temporal filters and visual inspection occur. This phase was
undertaken to correct misclassified data and evaluate the necessity of acquiring (or not)
more training samples. Table 1 shows the classifier parameters.
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Table 1. Classifier attributes and classification parameters. In total, three distinct attributes were used.

Parameters Values
Classifier U-Net
Tile-Size 256 x 256 pixels
Optimizer SGD
Learning Rate 0.1
Momentum 0.9
Decay le™?
Samples 8400 (geometries)
Attributes MNDWI, NDVI, and NDSI
Classes 2 (Aqua-Salt-culture and Non-Aqua-Salt-culture)

Due to the U-Net pixel-wise output nature and the very long temporal series (35 years),
a chain of post-classification filters was implemented. The chain starts by filling in possible
no-data values. In a long-time series of severely cloud-affected regions, such as tropical
coastal zones, it is expected that no-data values may populate some of the resultant median
composite pixels. In this filter, no-data values (“gaps”) are theoretically not allowed and
are replaced by the temporally nearest valid classification. If no “future” valid position is
available in this procedure, then the no-data value is replaced by its previous valid class.
To fill persistent no-data positions, up to three previous years can be used. Therefore, gaps
should only exist if a given pixel has been permanently classified as no-data throughout
the entire temporal domain. As shown in Figure 3, a mask of years was designed to keep
track of the pixels” temporal origin.

1985

1987
1988

2000

1985 Gap-fill
Composite

Figure 3. Gap-filling mechanism. The next valid classification replaces existing no-data values.
If no “future” valid position is available, then the no-data value is replaced by its previous valid
classification, based on up to a maximum of three (3) prior years. To keep track of pixel temporal
origins, a mask of years was built.

After gap filling, a temporal filter was executed. The temporal filter uses sequential
classifications in a 3-year unidirectional moving window to identify temporally non-
permitted transitions. Based on a single generic rule (GR), the temporal filter inspects the
central position of three consecutive years (“ternary”), and if the extremities of the ternary
are identical but the center position is not, then the central pixel is reclassified to match its
temporal neighbor class, as shown in Table 2.
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Table 2. The temporal filter inspects the central position of three consecutive years, and in cases of
identical extremities, the center position is reclassified to match its neighbor. T1, T2, and T3 stand for
positions one (1), two (2), and three (3), respectively. GR means “generic rule”, while AS and N-AS
represent aqua-salt-culture and non-aqua-salt culture pixels.

Rule Input (Year) Output
T1 T2 T3 T1 T2 T3
GR AS N-AS AS AS AS AS
GR N-AS AS N-AS N-AS N-AS N-AS

Later, a spatial filter was applied. To avoid unwanted modifications to the edges of the
pixel groups (blobs), a spatial filter was built based on the “connectedPixelCount” function.
Native to the GEE platform, this function locates connected components (neighbors) that
share the same pixel value. Thus, only pixels that do not share connections to a predefined
number of identical neighbors are considered isolated, as shown in Figure 4. In this
filter, at least ten connected pixels are needed to reach the minimum connection value.
Consequently, the minimum mapping unit is directly affected by the spatial filter applied,
and it was defined as 10 pixels (~1 ha).

Connected pixels  Non-connected pixels

1
!

!

Before filter application After filter application

Figure 4. The spatial filter removes pixels that do not share neighbors of identical value. The
minimum connection value was 10 pixels.

The accuracy assessment analysis was performed based on 900 independent samples
taken at the Landsat pixel level for a pair of years, 1985 and 2019. A total of 1800 samples
were used, 900 per year. These samples were generated by a stratified random sampling,
where the aqua-salt culture class’s rareness compared to the non-aqua-salt culture class
was taken into account. The validation samples’” distribution occurred in three different
strata: (1) inside a temporally unified aqua-salt-culture surface (the annual classifications
were merged, forming a single aqua-salt-culture surface) 450 samples were taken. (2) The
previously merged stratum was buffered and 400 samples were taken inside the buffered
zone, and (3) outside of the strata 1 and 2 boundaries, 50 samples were acquired. The total
sample size was calculated according to the equation below.

NzZp(1 - p)
(N—=1)e2+22p(1—p)

)

n—=

where;

n, is the sample size.

N, is the population size.

z, is the score of the normal distribution at a given confidence degree.
7, is the confidence degree.

p, is the population proportion to be estimated.

e, the maximum error margin.
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The validation samples were distributed to allow the possibility of evaluating the
occurrence of both false positives and false negatives (Figure 5). A confidence interval of
95% and a maximum standard error of 5% were assumed to establish the sample size for
each stratum, following the guidance of classical accuracy assessment practices [42—44].

1985

L
1995
Stratum 3
1996
1997
L]
e °
©
L ]

2020
Aquaculture
Me
Sui ace

Figure 5. A total of 900 independent samples were taken at the Landsat pixel level in 1985 and 2019. 1800 samples in total.
The sample distribution occurred in three different strata: (1) 450 samples inside a temporally merged aquaculture surface.
(2) 400 samples inside the stratum 1 buffered zone, and (3) 50 samples outside of the strata 1 and 2 boundaries.

The accuracy assessment of the 1985 and 2019 classification was calculated based on an
independent visual inspection. This visual evaluation inspected the same Landsat annual
mosaics given as input to the U-Net classifier. As decisive support data, the interpreters
were also guided by Landsat multitemporal information, water indices, and high-resolution
imagery available in Google Earth Pro.

Finally, an error matrix was produced for each of the inspected years. The following
accuracy metrics were calculated per class, per year: Overall accuracy (OA), quantity and
allocation disagreement (QD and AD), user and producer accuracy (CA and PA), omission
and commission error (OE and CE), and the Kappa Coefficient (KC) [42—44].

3. Results
3.1. Spatio-Temporal Changes of Aqua-Salt Culture Ponds In BCZ

The coastal aqua-salt-culture activity has been identified and quantified for the entire
BCZ over 34 years in a pioneering spatial and temporal coastal analysis. The aqua-salt-
culture features were systematically and exhaustively mapped, producing digital spatial
products and annual statistics ranging from 1985 to 2019 (Figure 6).

In Brazil, aqua-salt-culture ponds occupied ~356 km? in 1985 and ~544 km? in 2019,
representing an area expansion of ~188 km?, ~52%. We can observe two distinct periods:
from 85 to 98, certain stability is noticed, whereas from 1999 to 2019, a period of rapid
growth appears. Considering the entire time-span, the area associated with aqua-salt-
culture activity expanded 1.5% in 34 years (Figure 6). The late 1990s marked an accelerated
development of aqua or salt-culture-related patterns. From 1997 to 2015, the area associated
with this activity grew by a factor of ~1.7, jumping from 349 km? to 583 km?, a 67% rise.
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Figure 6. Annual variation of aqua-salt-culture area, in km?, from 1985 to 2019. The area associated with this activity

expanded 1.5x in 34 years—an increase of ~51%. The black bars denote the aqua-salt-culture area. The red dashed line

indicates the ascendant trend of aqua-salt-culture evolution.

Regarding the presence or absence of aqua-salt-culture activity, out of 17 possible
coastal states (Figure 1), three did not present any signal of aquaculture or saline-related
patterns: Amapa (AP), Para (PA), and Parana (PR). The state of Maranhao (MA) pre-
sented the slightest, but not null, detected area. In MA, the detected ponds existed more
prominently in the 1980s, but the signals of aquaculture or saline activities continuously
decreased through time, reaching ~0.11 km? in 2019 (Figure 7A).

In terms of coastal distribution, Figure 7A, the states of Rio Grande do Norte and
Ceara present the most extensive aqua-salt-culture areas in the country, reaching ~376 km?
(~70%) and ~ 82 km? (~15%) of aqua-salt-culture extension in Brazil, respectively, in 2019.
Together, these two states represent ~85% of Brazil’s aqua-salt-culture land use.

Most Brazilian coastal states revealed an expansion of aqua-salt-culture land use in at
least one of the compared years, 1985 and 2019 (Figure 7A). Interestingly, the states of AP,
PA, and MA in the Northern sector, despite presenting extensive coastal zones and suitable
conditions for developing various aquaculture products, especially shrimp culture, show
no relevant sign of aqua-salt-culture infrastructure.

On a regional scenario, the South sectors represent approximately 1% of the total aqua-
salt-culture area, none of that on the North coast (Figure 7B). In contrast, the Northeast
sector concentrates 93% of the coastal aqua-salt-culture ponds (Figure 7C). The Southeast
region is the second most relevant sector in terms of extension, contemplating 6% of the
national coastal aqua-salt culture (Figure 7D). In comparison, the South sector contains
only 1% of this land use area (Figure 7E).
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sector: (B) North, (C) Northeast, (D) Southeast, and (E) South are responsible, in sequence, by 0%, 93%, 6%, and 1% of the
national aquaculture distribution.
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From the perspective of temporal aquaculture persistence, ~55% of such coastal land-
use remained unchanged for two decades or more, ~20% persisted between one and
two decades, and ~24% remained stable for ten or fewer years, Figure 8, top bar. In this
scenario, the state of Maranhao showed the lowest temporal persistence level; near 97% of
its aqua-salt-culture ponds existed for less than ten years. In opposition, Rio Grande do
Norte demonstrated the highest temporal ponds stability, with 71% of its aqua-salt-culture
patterns remained unchanged for 20 years or more, as illustrated in Figure 8.

20% 30% 40% 50% 60% 70% 80% 90% 100%

Temporal Persistency (%)

<= 10 years
m > 10 & <20 years
‘ W >= 20 years
| I I
AL BA CE ES MA PB PE Pl RJ RN SC SE spP

States

Figure 8. Aqua-salt-culture persistence at national and regional scales. The top horizontal bar shows the overall aqua-
salt-culture persistence. The vertical bars show the aqua-salt-culture persistence per state. The x-axis represents the state
distributions, while the y-axis represents the aqua/salt-culture cover temporal persistence percentages (%). Black represents
20 years or more of stability, and dark grey indicates stability between 10 and 20 years, and light grey represents stability for

less than ten years.

3.2. Aqua-Salt Culture Accuracy Assessment

The coastal spatial distribution of aqua-salt-culture ponds was unknown until this
publication. Thus, along the BCZ a visual accuracy assessment campaign was executed to
determine U-Net classified products” agreement levels compared to a human-interpreted
reference. Details related to the accuracy assessment sampling method are available in
Figure 5. The accuracy campaign involved the cross-comparison of two sets of data, 1985
cloud-free composite (~400 Landsat scenes were available for this median composite) and
the 2019 cloud-free composite (~1000 Landsat scenes constituted this composite). Figure 9
below shows the contingency tables for both years.

Compared to the 1985 reference, the classification developed herein achieves an overall
agreement of 94% (OA = 0.94), quantity disagreement (QD), and allocation disagreement
(AD) of 1.11% and 4.22%, respectively, a Kappa Coefficient (KC) ~0.84, and presents a low
proportion of false negatives (~0.10). It shows around 14% of false positives, representing
roughly 1/6 of disagreement between what is referred to as N-AS, but is classified as AS
(commission error).
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Regarding 2019 data, the degree of global concordance is equally high, achieving an
overall agreement of 91% (OA = 0.91). The QD and AD were 0.44% and 8.44%, respectively,
with KC ~0.81. The presented proportions of aqua-salt culture’s false positives and false
negatives were smaller than 15%, with AS commission errors (ASCE) ~0.13, while AS
omission errors (ASOE) reached ~0.11. The N-AS class had omission and commission
errors minor than 7% (N-ASCE ~0.06 and ASOE ~0.07).

1985 Median Composite 1985 - Classification

Ref - 1985
w - N-AS| AS
- k 2 % 2
" Es 2 N-AS 684 19
‘F § & as 29 | 168
i . R
¥ = - o 2 GA: 0.94 KC: 0.84
5 QD: 111 AD: 422
ASCA: 0.85 ASPA: 0.89
N-ASCA: 097 N-ASPA: 0.96
) 4 ASCE: 0.14 ASOE: 0.10
2 m— . ) N-ASCE: 0.02 N-ASOE: 0.04
2019 - Classification
S Ref - 2019
AS N-AS
o
=
&  NAS 519 | 38
& as 2 | a;
o
GA:091 KC: 0.80
QD: 0.44 AD: 8.44
ASCA: 0.86 ASPA: 0.88
N-ASCA: 0.93 N-ASPA: 0.92
ASCE: 0.13 ASOE: 0.11
S [ . N-ASCE: 0.06 N-ASOE: 0.07
@ Validation Samples BB Aqua/Salt-culture [ Non-Aqua/Salt-culture

Figure 9. On the left are the 1985 and 2019 median composites. In the central portion, U-Net classifi-
cations from 1985 and 2019. The contingency tables (right) show the agreement levels between the
reference and classified data. Values on the main diagonal are the numbers of concordant pixels. On
the off-diagonal, those above are commission differences, and those below are omission differences.
OA stands for overall agreement. QD and AD for Quantity and Allocation Disagreements, KC
denotes the Kappa coefficient. ASCA/N-ASCA means Aqua-Salt-culture/Non-Aqua-Salt-culture
Consumer Accuracy, while AS/N-AS refers to the Aquaculture/Non-Aquaculture Producers Ac-
curacy. Both classes” commission and omission errors are referred to as ASCE, N-ASCE, ASOE,
N-ASOE.

4. Discussion

For the first time in the scientific literature, the Brazilian coastal aqua and salt-culture
ponds were systematically and exhaustively mapped. Studies of such nature provide
a better understanding of the country’s coastal dynamics, allowing an annual analysis
of two of the most classical coastal land-uses, directly subsidizing national and regional
policymakers.

In the last three decades, two distinct moments can be highlighted in Brazil’s coastal
aqua-salt-culture occupation (Figure 6). From 1985 to 1998, a moment of stability was
noticed, in which variations of nearly +5% alternately occur. On the other hand, from 1999
to 2019, a moment of rapid growth marked an accelerated expansion of the activity. This
spatial-temporal behavior matches the history of marine salt production in Brazil [45-47],
particularly in the states of RN and CE, responsible for ~85% of Brazil’s aqua-salt-culture
area in 2019 (Figure 7).

The discrepant spatial distribution of the aqua-salt pond areas in the BCZ is primarily
related to geological and economic characteristics more than any other. Most of the
national saline industry was purposely implanted in areas where salt formation through
solar evaporation naturally occurs (hypersaline-shallow plains over dry climate) [4,32].
Moreover, physically dependent on solar efficiency, evaporation ponds tend to be much
larger and shallower than aquaculture ones. Together, this set of characteristics helps
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comprehend the spatial distortions involving RN and CE compared to the remaining
coastal states.

Similarly, economic, geological, and climatic characteristics might be the most signifi-
cant factors influencing the absence of relevant areas of salines or aquaculture in the North
of Brazil. Amapa, Para, and Maranhao’s states present extensive coastal plains and suitable
conditions for developing various aqua-salt-culture products. However, all three states
lack economic competitiveness due to the absence of requisite infrastructure to sustain
large-scale aquaculture farming [31] and accentuated precipitation regimes compromise
marine salt-production [45,47-49]. Furthermore, the densest and well-developed man-
grove vegetation in the country acts as a natural barrier, challenging the implementation of
artificial ponds over the dense mangrove forest [8,21,24,50].

Regarding the concordance levels, when cross-compared to the references of 1985 and
2019, the U-net classified product achieved high levels of overall agreement and kappa
coefficients, OA > 90% and KC > 0.80 for both years and a small proportion of quantity
and allocation disagreements. The worst QD measure case reached ~1% for 1985 data, and
the max AD measure was not higher than 9%; AD ~8.5% in 2019. Moreover, both datasets
presented relatively low AS commission and omission errors. The omissions levels reached
~10%, while commissions were ~14%, Figure 7.

The inspected commission and omission errors were mainly associated with two types
of incongruences; (1) U-Net Errors (UE): for the U-Net classifier, the context domain is given
by the joint use of spectral and spatial information. Thus, lack of training data may fail to
successfully transfer /learn the contextual knowledge necessary to decide upon aquaculture
or non-aquaculture. (2) Filtering Errors (FE): aquaculture and saline ponds may suffer
from fluctuations in their water levels. Still, even without water for a short amount of time,
the land use related to an empty artificial pond cannot be classified as non-aquaculture.
Although combined with UE, an inaccurate classification may be propagated through time
due to the temporal-filter algorithm’s action (Figure 10).

Figure 10 shows the two most representative types of misclassifications. The pair-wise
A-Al and B-B1 demonstrate an inaccurate aqua-salt-culture label due to TEs. In A-Al, a
portion of a river and natural lagoons were wrongly associated with the aqua-salt culture
class. In B-B1, TEs resulted in partially accurate classification. Inner parts of the aqua-
salt-culture-dominated cuspate spit were classified as non-aquaculture. In the C sequence,
the water presence/absence is evident through time. In D, the temporal filter acts and
uses temporal information to classify empty artificial ponds as aquaculture/salt-culture.
Although the temporal rule’s simplicity may need to be revisited, seeing that once helping
to stabilize the expected water fluctuation, the temporal filter may also propagate errors
through time.

Thus, despite the overall data agreement and its relatively low commission and
omission metrics, there is still room for improvements in the data accuracy levels. In
this sense, capturing a more diverse group of training samples in terms of spectral and
geometrical variability, increasing the sample’s representativity throughout the temporal
series, and revisiting the post-classification algorithms are essential strategies to be further
implemented.

It is of fundamental importance to mention that time is one of the most significant
economic constraints related to cloud services use as an alternative to address large-
scale project necessities. To date, there is no cloud processing service, which allows the
consumption of enormous processing power over large volumes of data, and many hours
of machine use, in an absolute free of charge manner. There will always be a charge in all
commercially available alternatives on one or more of these characteristics.

Backed by a computer engine of 32 GB of RAM and Nvidia GPUs, our pipeline
processed an extension of ~65 Landsat path and rows, over 33 years of data, covering
the entire BCZ, representing 2000+ processed Landsat scenes. In this scenario, the time
consumption related to testing/training and prediction time reached approximately 192 h
(~8 days of cloud usage).
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The following steps of this research consist of (a) improving the post-classification
mechanism to identify empty artificial ponds more accurately, (b) expanding the analysis
to the entire continental region of the country (including the aqua or salt-culture that
may exist further inland), and (c) using refined spatial resolution data. Considering the
importance of the contextual domain, the better the data’s spatial resolution is, the better it
is for context recognition. Thus, our future works will incorporate Landsat panchromatic
data and the 10 m resolution Sentinel-2A full dataset.

Figure 10. The two most representative types of misclassifications. Due to UEs, the pairs A-Al and
B-B1 indicate erroneous classification. A river segment and natural lagoons were incorrectly labeled
in A-Al. In B-B1, inner parts of the aqua-salt culture dominated cuspate spit were classified as a
non-aqua-salt culture. In the C and D sequences, the temporal filter operates and uses temporal
information to classify empty artificial ponds as an aqua-salt culture. Although, while helping to
stabilize the expected water fluctuation, the temporal filter may also propagate errors through time.
Blue dots are accuracy assessment samples.

5. Conclusions

Studies of this nature fill up a relevant information gap, exhaustively mapping the
entire BCZ and distinguishing its aqua-salt-culture spatial distribution. Using a massive,
publicly available, remotely sensed time series, this study contributes to the multi-scale
understanding of aquacultures and salt-culture occupation across the BCZ, which provides
a better understanding of Brazil’s coastal dynamics, directly subsidizing national and
regional policymakers.

This work’s findings pave the path towards understanding the direct and indirect
influences that aquaculture and marine salt production might have on the coastal envi-
ronment’s sustainability. The developed pipeline seems reasonably scalable, sufficiently
generic, and suitable for large-scale aquaculture/saline automatic identification.

The method allowed a systematic and continuous delineation of aquaculture and
saline patterns, supporting digital cartographic products and annual statistics, ranging
from 1985 to 2019. The data specialized and quantified the contribution of each one of
ZCB'’s states. Out of 17 possible coastal states, three did not present any signal of aqua-
salt-culture-related patterns (AP, PA, and PR). The state of Maranhao (MA) presented the
smallest detected area, where signs of aquaculture or saline ponds were more prominent in
the 1980s.
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Further developments may allow its applicability to larger continental areas, such as
the entire country, including continental aqua-salt culture or even South America in its
entirety, and incorporate Landsat panchromatic data as well as the Sentinel-2 10 m dataset.

All the data produced are available through the website http:/ /www.solved.eco.br/
datasets/ (accessed on 4 April 2021) and will be transferred to the MapBiomas project (www.
mapbiomas.org) (accessed on 4 April 2021) in MapBiomas Collection 6.0. All the codes
used in this work are available through the GitHub https://github.com/solvedecobr/
aqua-salt-net (accessed on 4 April 2021).
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