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This research aims to understand the difference of major land-cover change results
caused in various time periods and to examine the impacts of human-induced factors
on land-cover changes along the TransAmazon Highway region. The Landsat
Thematic Mapper and Operational Land Imager data from 2011, 2014, and 2017 and
our previous land-cover classification results in 1991, 2000, and 2008 were used to
examine land-cover dynamics. A classification system consisting of five land-cover
classes – primary forest (PF), secondary forest (SF), agropasture (AP), urban area, and
water – were chosen. The hierarchical-based classification method was used to generate land-cover classification results, and the post-classification comparison approach
was used to produce detailed “from-to” conversions for each detection period. The
emphasis was on deforestation of PF, dynamic change of SF and AP, and urbanization
over time. The impacts of human-induced factors such as population and economic
conditions on urban expansion, AP expansion, and deforestation were examined. This
research indicated that selection of a suitable time period was critical for effectively
detecting land-cover changes; that is, too long time period (i.e., 9 years) cannot
accurately capture some land-cover changes such as the AP and SF in this research.
Although deforestation – the conversion from PF to SF and AP – accounted for a large
proportion of land-cover changes, the changes between SF and AP became more
important than PF conversion, and required a short time period (i.e., 3 years here)
for effectively reflecting their dynamics. Human-induced factors play important roles
in deforestation, dynamic changes between AP and SF, and urbanization.
Keywords: deforestation; secondary forest; agropasture expansion; TransAmazon;
multitemporal Landsat imagery; human-induced factors

1. Introduction
Deforestation in the TransAmazon region in the eastern Amazon began in the 1970s due
to the construction of highways and rural settlements that attracted the migration of
populations from southern parts of Brazil (Moran 1975, 1981; Moran and Brondizio
*Corresponding author. Email: ludengsh@msu.edu
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1998). Thousands of small farmers were attracted to the region with support from the
Brazilian government and received parcels of 100 hectares of land, financing, technical
assistance, and other incentives to occupy the region and start agropastoral activities
(Moran 1981), resulting in rapid agricultural expansion and extensive livestock farming
(Walker, Moran, and Anselin 2000; Lu et al. 2013; Brazilian Government 2017). The
recent expansion of urban areas and the population growth caused by the construction of
large infrastructure projects (e.g., Belo Monte Dam, about 50 km from Altamira) can
enhance the impact of human actions on agroecosystems (Tundisi, Matsumura-Tundisi,
and Tundisi 2015; Fearnside 2016; Moran 2016; Atkins 2017; Ritter et al. 2017). In this
region, the agropastoral activities were mainly due to traditional systems of slash-andburn agriculture and increased by expansion into new areas of forest (Walker, Moran, and
Anselin 2000). Large areas of primary forests were replaced by pastures, agricultural
lands, and cocoa plantations or secondary forests (Lu et al. 2013).
Deforestation has been regarded as an important factor resulting in environmental
problems such as land degradation (Walker and Homma 1996). Many studies have been
conducted in the Brazilian Amazon to examine the deforestation, forest degradation and
restoration, as well as the agricultural and pastoral expansions (Lu et al. 2013; Spera et al.
2014; Chen et al. 2015; Imbach et al. 2015; Müller, Griffiths, and Hostert 2016; Grecchi
et al. 2017). Remote sensing technology has long been used for detecting deforestation
because it can acquire data repeatedly with large coverage, especially when long-term
Landsat images are available at no cost (Brondízio 2005; Schneibel et al. 2017; Shimizu
et al. 2017). Therefore, much research explored the approaches to accurately detect the
changes in different land covers (Lu et al. 2004c; Grecchi et al. 2014; Lu, Li, and Moran
2014; Beuchle et al. 2015; Silveira et al. 2018). Grecchi et al. (2014) conducted research
on land-use and land-cover changes and their impact on the environment in southeast
Mato Grosso State based on Landsat, MODIS, and elevation data using post-classification
comparison methods, and found that during 1985–1995, crops (rice and soy bean)
expanded at high rates, and a large part of Cerrado, Brazil’s tropical savanna ecoregion,
was converted to agriculture. After 1995, crops continued to expand and encroached into
fragile environments such as wetlands and more erodible soils. Between 1985 and 2005,
approximately 42% of predominantly vegetated area was lost to agriculture, and soil
erosion increased significantly. Silveira et al. (2018) developed a new method for detecting seasonal changes in Brazilian savannahs. This method used an object-based approach
to extract geostatistical features from bitemporal Landsat Thematic Mapper (TM) images
(wet and dry seasons). The results indicated that change detection accuracies have been
greatly improved by using the most geostatistical features compared with the spectral
features and image differencing technique.
In general, most change detection studies cover two broad categories: selection of
suitable remote sensing parameters and use of proper algorithms. The parameters can be
pixel-based, object-based (e.g., image segmentation based on high spatial resolution
images), and subpixel-based (fractional images) (Lu, Li, and Moran 2014). The change
detection algorithm can also be separated into two broad categories: detecting the binary
change and non-change and detecting the detailed change trajectories. Most of the change
detection techniques such as principal component analysis and image differencing can
only detect change and non-change information using the thresholding-based approach
(Lu et al. 2004c). However, the change and non-change information cannot provide
sufficient information required for particular purposes (e.g., driving forces of deforestation, land-cover and land-use change modelling); detailed change trajectories are often
needed, for which the post-classification comparison approach is commonly used (Lu
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et al. 2013). The post-classification comparison method involves classification of individual images into land-cover maps at multitemporal scale and comparison of classified
land-cover maps pixel by pixel. This method provides detailed “from-to” change trajectories and identifies where the change occurred and how much change occurred. The
accuracy of change detection is dependent on the accuracy of each individual classification. However, every error in the individual classification map will be carried over into the
final change detection. Thus, caution must be taken to ensure that all individual classifications are as accurate as possible.
In addition to the selection of suitable remote sensing data and algorithms, determination
of suitable time periods is an important concern for effectively obtaining the needed change
information. A long time period may hide the real changes, while a short time period may not
capture the changes. One objective of this research was to understand the effects of different
time periods in reflecting change detection results; thus, we compared the spatial patterns of
deforestation and agropasture dynamic changes at nine(or eight)-year intervals (1991–2000–
2008–2017) and at three-year intervals (2008–2011–2014–2017). Another objective was to
examine the human-induced activities on these changes along the TransAmazon Highway
region and the potential impacts of Belo Monte dam construction on deforestation and
agropasture expansion in an area not directly affected by the construction but indirectly
affected by the growth of population, loss of farm workers to dam construction, and the
absence of policies directed at the agrarian sector during this period.

2. Study area
The study area is located in the northern Brazilian state of Pará (Figure 1), covering about
6,500 km2 along the TransAmazon Highway (BR-230), which was inaugurated in 1972.
Three cities – Altamira, Brasil Novo, and Medicilândia – are located along the highway in
our study area. Altamira lies on Xingu River at the eastern edge of the study area, and
Medicilândia is 90 km west of Altamira, while Brasil Novo is between them. The
TransAmazon Highway construction and the accompanying colonization projects stimulated a large migratory influx to this area, resulting in extensive deforestation during the
past four decades. At the east end of this study area is Xingu River with the Belo Monte
hydroelectric dam, which was begun in 2011 and finished in 2016. Because of the dam

Figure 1. Study area: Altamira TransAmazon Highway region, Pará State, Brazil, and Xingu
River, highlighting Belo Monte Dam.
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construction, large numbers of people moved to Altamira and nearby construction sites,
resulting in expanded urbanization (Feng et al. 2017).
A large area of primary forests has been converted to successional vegetation, pasture,
and agricultural lands since the early 1970s (Moran et al. 1994; Moran and Brondizio
1998; Lu et al. 2013). Cocoa plantations and livestock are the most important economic
activities in this region. The cocoa plantations are commonly located in areas of Nitisols
and Ferralsols and cultivated under agroforestry systems, resulting in complex forest
structures in density and canopy strata (Calvi 2009). The yellow-colored Ferralsols
areas (the most abundant soils in the region) are mainly used for the cultivation of
pastures for raising cattle. Annual crops are grown at a reduced scale, usually at an
early stage or concomitant with the planting of cocoa or pasture.
The study area is characterized by moderately rolling uplands with the highest
elevation of approximately 350 m. The area has tropical climate with average annual
temperature of 26ºC degrees and average annual precipitation of 2000 mm (Tucker,
Brondizio, and Morán 1998). The temperature varies little throughout the year, but
precipitation has significant seasonal variation, and most precipitation occurs from late
October to early June.

3. Materials and methods
3.1. Data collection and preprocessing
The data used in this study are summarized in (Table 1). Multitemporal Landsat TM and
Operational Land Imager images (path/row 226/62) covering 2011, 2014, and 2017 were used
to develop land-cover distribution and dynamics. All Landsat images were atmospherically
calibrated using the improved image-based dark object subtraction method (Chávez 1996;
Chander, Markham, and Helder 2009) and co-registered to the Universal Transverse Mercator
coordinate system. The root mean squared errors for the georegistration were less than 0.5
pixels, ensuring their geometric accuracy for change detection. Our previous research conducted land-cover classification using the Landsat TM images, and the results in 1991, 2000,
Table 1.
Dataset

Datasets used in research.
Sources and dates

Landsat images (1) Landsat 5 TM on 27 July 2011
(2) Landsat 8 OLI image on 20 August 2014
(3) Landsat 8 OLI images on June 16 and 11 July 2017
Spectral bands of blue, green, red, near infrared, and two short wavelength infrared
from Landsat TM and OLI were used to develop land-cover maps
Land-cover
Land-cover classification results were developed from Landsat TM images in
images
1991, 2000 and 2008 and were directly used in this research. The detailed
descriptions of these classification results are provided in Lu et al. (2013).
SPOT 6
Satellite Pour l’Observation de la Terre (SPOT 6) imagery on 19 August 2015, was
used for collection of land-cover samples.
Fieldwork
Different land-cover data were collected in January–May 2015
Roads
The roads were digitized from Google Earth images
Population
Data downloaded from Instituto Brasileiro de Geografia e Estatística for different
GDP
years
Herds of cattle
Note: GDP, gross domestic product; TM, Thematic Mapper; OLI, Operational Land Imager
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and 2008 were directly used in this research (Lu et al. 2013). The Satellite Pour l’Observation
de la Terre (SPOT-6) imagery, which was acquired on 19 August 2015, was used here for
collection of different land-cover samples in rural areas for classification accuracy assessment.
Since the SPOT image has four multispectral bands with 6 m spatial resolution and one
panchromatic band with 1.5 m spatial resolution, the Gram-Schmidt Pan Sharpening approach
was used to integrate both multispectral and panchromatic data into a newly fused multispectral image with improved spatial resolution for better visual interpretation performance
(Karathanassi, Kolokousis, and Ioannidou 2007).
The field survey of land-cover types in this study area was conducted in January–May
2015 and covered the region between Altamira and Medicilândia. The field survey mainly
collected sample plots of different land-cover types including different stages of secondary
forest, pasture, and crop fields in rural areas and different urban land covers in Altamira.
The sample plots’ locations were recorded with a Global Positioning System device. These
field survey data and the collected samples from the 2015 SPOT fused imagery provided the
basic source for selection of training and validation samples. In addition to remote sensing
and field survey data, population, gross domestic product (GDP), and number of cattle herds
were collected from Instituto Brasileiro de Geografia e Estatística (IBGE) to examine their
impacts on deforestation and agropasture dynamics in this study.
3.2. Land-cover classification and accuracy assessment
Based on the research objectives, the characteristics of the study area, availability of
reference data (field survey), selected remotely sensed data, and previous land-cover
classification (Lu et al. 2013), a classification system consisting of five land-cover classes
– primary forest (PF), secondary forest (SF), agropasture (AP), urban (UR), and water
(WA) – was designed. In this study area, cocoa plantations have expanded rapidly in
recent years due to cocoa’s high economic value. Based on our field survey in 2015,
cocoa was planted in various densities and in mixture with other tree species, and its stand
structure is very similar to SF, resulting in similar spectral features in Landsat imagery.
Because of the difficulty in distinguishing SF and cocoa plantation using Landsat imagery,
they were grouped into one SF category in this research. An additional class called cloud/
shadow appeared in preliminary land-cover results of some years when clouds/shadows
were not removed completely, even when using multiple image replacements. However,
this class was removed from the final land-cover results after post-processing procedures
by carefully examining the land-cover change patterns and designing logical change rules.
Our previous research on land-cover classification in the Brazilian Amazon had
conducted a comprehensive comparison of different classification methods including
maximum likelihood, classification tree, artificial neural network, k-nearest neighbor,
and support vector machine using different remotely sensed data (e.g., Landsat,
RADARSAT, ALOS PALSAR) (see Lu et al. 2004b; Li et al. 2011, 2012; Lu, Li, and
Moran 2014). These methods require training samples during image classification, which
were not available for historical remote sensing data. Therefore, we explored the hierarchical-based approach for land-cover classification in the Amazon basin (Lu et al.
2012). The method does not require field survey data as training samples. It has proved
to be valuable when reference data are not available for historical remotely sensed data.
The accuracy assessment results indicated that the hierarchical-based approach can provide better classification accuracy than other approaches, and this approach was used for
land-cover classifications in three study areas in the Amazon (Lu et al. 2013), including
part of the same study area (i.e., Altamira) as this research.
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(Figure 2) illustrates the modified hierarchical classification. This method involved
stratification and cluster analysis. UR was first extracted from Landsat multispectral
images using a combination of thresholding, cluster analysis, and manual editing. The
threshold of 0.4 based on high-albedo and low-albedo objects was used to produce the
initial UR class (Lu et al. 2010). The spectral signatures of this initial UR class were
extracted, and cluster analysis was used to classify these pixels into 30 clusters. The
analyst merged the cluster into UR and other to improve the UR extraction accuracy.
As shown in (Figure 2), UR was masked from the Landsat imagery, PF was then
extracted from Landsat multispectral images using the combination of thresholding on
a normalized difference vegetation index image and cluster analysis. The same procedure was used to extract WA, SF, and AP. After masking the extracted land-cover
classes from Landsat imagery, some pixels still could not be directly extracted using
the above procedure. The remaining pixels were classified into 50 clusters using
cluster analysis. Each cluster was carefully examined with the assistance of the 2015
field survey data and labeled as one of the predefined land-cover types. This hierarchical-based classification method was used for generating preliminary land-cover
classification results for 2011, 2014, and 2017.
Due to spectral similarity between land-cover classes such as UR and AP, and PF
and SF, misclassification is inevitable during the classification process. Expert rules
based on comparison of multitemporal land-cover images and logical reasoning were
used on the initial land-cover results to refine the land covers. The major rules and
refinements are listed below:

Figure 2. The modified strategy for mapping land-cover distribution from Landsat imagery using
the hierarchical-based approach (Note: TM, Thematic Mapper; NDVI, normalized difference vegetation index; MNDWI, modification of normalized difference water index; SF, secondary forest; AP,
agropasture).
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(1) Majority filter: Majority filter function with a window size of 3 × 3 pixels was
applied to initial land-cover classification images of each time period to eliminate
isolated pixels and reduce the salt-and-pepper problem in the classified image.
(2) Manual editing: Clouds/shadows were superimposed onto the original Landsat
image of 2014 with images from 2011 and 2017 side by side. By visual examination and manual interpretation, the clouds/shadows pixels were re-assigned to
appropriate land-cover classes.
(3) Automatic replacement: In reality, once PF land is cleared out, it has little or no
chance to return to PF but can convert to other types of land cover; in contrast,
once UR is established, it has little possibility to convert to other land-cover types.
Based on these assumptions, the following automatic replacement rules were
created: If pixels in the prior-date classification image were classified as SF, but
they were classified as PF in the posterior-date image, these pixels in the posterior-date image were re-assigned to SF; if pixels in the prior-date classification
image were classified as UR but were classified as AP in the posterior-date
classification image, these pixels were re-assigned to UR in the posterior-date
classification image, except the buildings and roads in flooding regions.
After the post-refining process on all land-cover maps of different years, the multitemporal land-cover images were generated. Ideally, the land-cover image of every time
period needs to undergo accuracy assessment. However, the only available field data were
collected in 2015. Thus only the 2014 classification result was evaluated, and classifications in 2011 and 2017 were not assessed due to lack of concurrent ground truth. Besides
the sample plots collected from the field in 2015, we also collected samples from the pansharpened SPOT image. A total of 266 samples were used to assess the accuracy of the
2014 classification. An error matrix was produced, and overall accuracy, kappa coefficient, producer’s accuracy, and user’s accuracy were calculated (Foody 2002; Congalton
and Green 2009).
3.3. Analysis of land-cover dynamic changes
The area of each land-cover class at each time point was calculated based on a classified
image, and percentages of corresponding land covers accounting for the whole study area
were also computed. The annual land-cover change is the changed area of each land-cover
type between two dates divided by the number of years within the detection period. These
results can provide general gains or losses of land-cover types, but they are not able to
provide detailed land-cover conversion information. Therefore, the post-classification
comparison approach was conducted, producing a two-way conversion matrix and areas
of detailed “from-to” conversions for each detection period. In particular, the emphasis
was on PF deforestation (conversion of PF to other land-cover types), dynamic change of
SF and AP (loss/gain of SF and AP), and urbanization over time.
Pairwise comparison of land covers at two dates is efficient for identifying the changes
in short time periods. For longer time periods, it underestimates the extent of land-cover
change because it does not count the reversion changes occurring along the time course.
For example, SF in the earliest investigation date may convert to AP at one time point,
and later on, AP may change back to SF. Those changes cannot be detected and
mistakenly identified as unchanged. Our field work in 2015 confirmed that some pasture
lands were converted to cocoa plantations in recent years. To better reveal the extent of
land-cover change, we combined the land-cover maps of all dates and extracted the pixels
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where the land-cover types never changed during the entire time period of 1991–2017,
and calculated unchanged area for each land-cover type. The remaining pixels were those
in which land-cover type changed at least once. For each land-cover type, the changed
area was obtained by subtracting unchanged area from the area of corresponding landcover type in 1991.

3.4. Examining impacts of human-induced factors on deforestation and agropasture
dynamics
Land-cover change is the result of complex interactions of various biophysical and
societal factors. Based on population and economic data collected from IBGE, the impacts
of population and economic conditions (i.e., GDP) on urban expansion, AP expansion,
and deforestation were examined. Meanwhile, the relationship between the total cattle
herd and areas of AP was analyzed using linear and nonlinear regression. The interrelationships among different land-cover types, particularly urban growth, deforestation of PF,
AP expansion, and deforestation of SF were also explored. Policies implemented and
events occurring during a certain time period that might cause land-cover change were
also discussed.

4. Results
4.1. Analysis of land-cover distribution and dynamic change
The overall accuracy of 83.4% and a kappa coefficient of 0.79 for the 2014 Landsat
imagery were obtained (Table 2), an accuracy similar to the 2008 classification result
using the hierarchical-based approach (Lu et al. 2013), indicating the robustness and
reliability of this classification approach. As summarized in (Table 2), the major confusion
was SF because advanced succession had stand structure similar to PF, and initial
succession had spectral signatures similar to degraded pastures, resulting in relatively
poor producer’s and user’s accuracies. (Figure 3) provides the spatial patterns of different
land-cover distribution from 1991 to 2017. In 1991, PF dominated the study area,
especially in the northwest and south of the study area, while in 2017, a large area was
deforested and only limited PF remained in the northwest part. SF was mainly distributed
along the highway and secondary roads, and limited AP was distributed around Altamira
in 1991. Later on, SF became commonly distributed around Medicilândia, and AP around
Altamira and Brasil Novo.
Table 2.

Accuracy assessment result of the 2014 land-cover classification imagery.
Reference data

Type

PF

SF

AP

PF
SF
AP
UR
WA

48
4

10
54
9
1
2

11
70
5

2

UR

WA

RT

CT

UA

PA

Accuracy

54
76
86
24
26

82.8
78.3
88.6
80.0
86.7

88.9
71.1
81.4
100.0
100.0

Overall accuracy: 83.4%;
Kappa coefficient: 0.78

26

58
69
79
30
30

24

Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban; WA, water; RT, row total; CT,
column total; UA, user’s accuracy; PA, producer’s accuracy.
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Land-cover distributions at different years between 1991 and 2017.

The trends of percentage change of different land-cover types over time (Figure 4)
indicate that PF almost linearly decreased from 72.4% (470,925 ha) in 1991 to only
37.1% in 2017 (241,637 ha). SF increased slightly between 1991 and 2000, remained
stable between 2000 and 2014, and then increased rapidly between 2014 and 2017. AP
was continuous and linearly increased from 12.7% in 1991 (82,491 ha) to 37.4% in 2014
(243,122 ha), then decreased from 2014 to 2017. UR increased linearly by small percentages. Water accounted for a very small proportion in all time intervals. These results
show that a long detection period may hide some internal change, especially for the land
covers having frequent change such as SF and AP in this research. For example, between
2008 and 2017, SF increased from 20.5% to 30.9%, but most of this change occurred
between 2014 and 2017, and there was almost no change in 2008–2011 and 2011–2014.
AP decreased slightly from 32.7% in 2008 to 29.6% in 2017, but AP still linearly
increased from 2008 to 2011 and to 2014, then sharply decreased from 37.4% in 2014
to 29.6% in 2017. This situation implies the importance of selecting suitable change
detection periods for accurately extracting the real land-cover changes.
Considering all land covers from six dates between 1991 and 2017, only 47.4% of the
study area did not change and 52.6% of areas changed at least once (Table 3): 48.7% of
PF was irreversibly converted to other land-cover types, 67.2% of SF and 59.1% of AP
changed one or more times. Almost all of the urban lands in 1991 still remained UR in
2017 due to the fact that once UR is developed, rarely can it be changed back to other
land-cover types such as vegetation, unless a whole neighborhood is abandoned.
Although 67.5% of water surface was detected as changed, it may be because the water
table fluctuations in reservoirs and rivers in different years might cause misclassification
of water and other land-cover types in the lowlands and floodplains.
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Figure 4. Proportion of land-cover types over time: a comparison of land-cover trends between
1991 and 2017 at nine-year intervals (solid lines) and between 2008 and 2017 at three-year intervals
(dashed lines) (Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban; WA,
water; percent of a land cover type = (Ai/A)*100, where Ai is the total area of the ith land-cover type
and A is the total study area).
Table 3. Summary of unchanged land-cover types between 1991 and 2017 and the land-cover
types that changed at least once based on the 1991 land-cover data.
Unchanged land covers between Land covers that changed at least once
1991 and 2017
based on the 1991 data
Type Area in 1991 (ha)

Area (ha)

Percent

Area (ha)

Percent

PF
SF
AP
UR
WA
Total

241,368
30,888
33,766
1,773
416
308,211

51.3
32.8
40.9
99.2
32.5
47.4

229,557
63,274
48,725
15
864
342,434

48.7
67.2
59.1
0.8
67.5
52.6

470,925
94,162
82,491
1,788
1,280
650,645

Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban; WA, water

The annual land-cover change at different change detection periods (Figure 5) indicates that the long time period (9 years) and short time period (3 years) can provide very
different conclusions. For example, PF had lower annual deforestation area in 2008–2017
than in 1991–2000 and 2000–2008, but within 2008–2017, the period of 2008–2011 had
much higher annual deforestation than 2011–2014. For SF, the period of 2008–2017 had
the highest annual increased area and the period of 2000–2008 had the lowest, but the
increase in SF area occurred mainly in 2014–2017. On the other hand, AP decreased
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Figure 5. Annual land-cover change (ha/yr) at different change detection periods (nine-year and
three-year intervals) (Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban;
WA, water; Annual land-cover change (ha/yr) = [Ai(t2) – Ai(t1)]/(t2-t1), where Ai is the total area of
the ith land cover type, A is the total area, and t1 and t2 are prior and posterior years).

during 2008–2017, but two other periods of 1991–2000 and 2000–2008 showed
increases. The decreased area was due to the large area lost in 2014–2017, but the areas
increased in 2008–2011 and 2011–2014. UR had the highest increased area in 2011–2014,
and water had the highest increased area in 2014–2017. The rapidly increased urban area
in 2011–2014 and rapidly increased water area in 2014–2017 were coincident with the
construction of the Belo Monte hydroelectric dam (Feng et al. 2017), when whole
neighborhoods were constructed to house people being resettled away from areas to be
flooded by the reservoir.

172

G. Li et al.

The spatial distributions of change trajectories (Figure 6) clearly shows the conversions from PF to AP in 1991–2000, from SF to AP in 2000–2008, and from AP to SF in
2008–2017. In particular, the changes from AP to SF in 2008–2011 and 2014–2017 were
especially obvious. More detailed gain and loss of major land covers can be found in
(Figure 7). With the longer detection interval, deforestation of PF was mainly due to
conversions to SF and AP, and more PF was converted to AP than to SF before 2008
(Figure 7a). After 2008, especially in 2008–2011 and 2014–2017, more PF was converted
to SF than to AP. Urban expansion after 2000 was obvious, especially in 2011–2014 at the
cost of AP (Figure 7b). SF gain and loss were similar in 2000–2008, but SF gain was
considerably higher in 1991–2000. Although SF gain was much higher than SF loss in
2008–2017, the gain mainly occurred in 2014–2017 at the cost of AP (Figure 7c).
Previous research showed that in the 1990s much PF was converted to pasture, while
from 2000 on, especially in recent years, cocoa expansion occurred in the areas of pasture
(Calvi, Augusto, and Araújo 2010). As shown in (Figure 7d), AP losses were mainly due
to the conversion from AP to SF, that is, from pasture to cocoa plantations.
Different time period lengths affected change detection results. For example, the nineyear change results between 2008 and 2017 in (Figure 6) showed that major changes
occurred between AP and SF, following the conversion from PF to AP and SF. The threeyear change results showed large changes from SF to AP, following AP to SF between
2008 and 2011; relatively small, dispersed changes occurred between SF and AP between

Figure 6. Land-cover change trajectories at different detection periods (nine-year and three-year
intervals) (Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban city; WA,
water).
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Figure 7. Comparison of land-cover changes at different detection periods (a: primary forest loss;
b: urban gain; c: secondary forest loss and gain; d: agropasture loss and gain) (Note: PF, primary
forest; SF, secondary forest; AP, agropasture; UR, urban; WA, water).

2011 and 2014; and, similar to the nine-year results, large changes between 2014 and
2017 were the conversions from AP to SF, following PF to SF and AP. (Figure 8) shows
that in terms of short detection intervals, PF deforestation was the most profound, and a
large portion was converted to SF in 2008–2011. SF lost the most in 2008–2011 but
gained the most in 2014–2017. In contrast, AP lost the most in 2014–2017 after gaining
the most in 2008–2011. The greatest urban expansion happened in 2011–2014, mostly
from AP, suggesting the encroachment of urban expansion at the expense of the agropasture areas in the periphery of the city with the Belo Monte dam construction beginning
in 2011. By 2014, the peak of population growth had been reached, and a significant
decline in population started as workers were dismissed and commercial activities
declined, to an extent.
The areas of land-cover conversions between 2008 and 2017 did not match the total
areas calculated from corresponding changes within shorter intervals (shaded numbers in
(Table 4)), indicating that the longer period (9 years) cannot reflect the intermediate
changes that occurred between 2008 and 2017 (three-year intervals). In particular, the
total changed areas from SF to AP or from AP to SF based on three-year detection
intervals had much higher amounts than based on a nine-year detection interval, implying
that the intermediate changes between SF and AP within the detection periods were not
captured within a single nine-year interval. These intermediate changes are clearly illustrated in (Figure 9). For example, PF might be cleared for AP first, then abandoned and
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Figure 8. Individual land-cover changes over time (a: nine-year detection interval; b: three-year
detection interval) (Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban;
WA, water).

PF–SF
PF–AP
PF–UR/WA
Total
SF–AP
SF–UR/WA
Total loss
PF–SF
AP–SF
WA–SF
Total gain
AP–SF
AP–UR/WA
Total loss
PF–AP
SF–AP
WA–AP
Total gain
PF–UR
SF–UR
AP–UR
WA–UR
Total gain
UR–WA

45,513
50,508
405
96,426
32,463
279
32,742
45,513
24,057
63
69,633
24,057
1134
25,191
50,508
32,463
135
83,106
207
252
972
9
1,431
0
540

36,096
42,296
1,480
79,880
61,408
944
62,352
36,096
28,408
16
64,528
28,408
3192
31,608
42,296
61,408
104
103,808
528
776
2,768
8
4,072
0
96

2000–2008

Note: PF, primary forest; SF, secondary forest; AP, agropasture; UR, urban; WA, water

UR loss
Others

UR gain

AP gain

AP loss

SF gain

SF loss

PF loss

1991–2000
35,271
17,694
747
53,649
37,458
738
38,196
35,217
70,893
9
106,119
70,893
4077
74,961
17,694
37,458
36
55,179
423
648
3,447
306
4,824
36
18

2008–2017

Changed area (ha) at nine-year intervals

Land-cover change trajectories over the study region at different detection periods.

Land-cover change trajectory

Table 4.

14,208
9,087
237
23,535
34,686
141
34,827
14,208
22,851
0
37,059
22,851
1,374
24,225
9,087
34,686
9
43,782
114
141
1,371
36
1,662
0
0

2008–2011
5,940
6,312
111
12,360
17,988
264
18,252
5,940
11,796
15
17,748
11,796
1638
13,434
6,312
17,988
87
24,390
63
255
1,638
132
2,088
0
114

2011–2014
10,638
6,975
243
17,853
3,684
183
3,867
10,638
59,409
3
70,047
59,409
1,560
60,969
6,975
3,684
3
10,665
159
51
900
9
1,119
75
15

2014–2017

Changed area (ha) at three–year intervals

30,786
22,374
591
53,748
56,358
588
56,946
30,786
94,056
18
124,854
94,056
4,572
98,628
22,374
56,358
99
78,837
336
447
3,909
177
4,869
75
129

Total
(2008–2017)
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Figure 9. Intermediate land-cover dynamic changes detected within three-year intervals between
2008 and 2017 (Note: PF, primary forest; SF, secondary forest; AP, agropasture).

evolve into SF in later years, or some of those new SF areas might be cleared again for
cultivation after a brief fallow period. Such intermediate changes could not be identified
within a long time period but could be detected within a short time period. In addition,
due to back-and-forth conversions between some land-cover types, such as AP–SF–SF–
AP and SF–AP–AP–SF during the periods 2008–2011–2014–2017, those kinds of
changes were falsely detected as unchanged within a long time interval. Therefore,
selection of a suitable time interval is critical for accurate detection of land-cover changes.
4.2 Analysis of human-induced factors on deforestation and agropasture dynamics
Deforestation and AP expansion are related linearly or nonlinearly to population, GDP,
and number of cattle as illustrated in (Figure 10). UR area and GDP strongly and
nonlinearly relate to PF area
(Figure 10a,d), while number of cattle and population almost linearly relate to PF
(Figure 10b,c). UR area, number of cattle, population, and GDP were positively and
nonlinearly related to AP area (Figure 10a–d), while population and GDP were almost
linearly related to UR area (Figure 10c,d). These relationships imply that population
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Figure 10. Impacts of population, economic growth, and cattle on major land-cover changes (a:
impacts of urbanization on deforestation and agropasture expansion; b: impact of cattle herds on
agropasture area; c: impacts of population on deforestation and agropasture expansion; d: impacts of
gross domestic product on deforestation and agropasture expansion) (Note: PF, primary forest; AP,
agropasture; UR, urban; GDP, gross domestic product).

growth and economic conditions are important factors causing deforestation and AP
expansion. The nonlinear relationships of AP area with population, GDP, and UR area
may be associated with the construction of the Belo Monte dam between 2011 and 2015,
as the sharp growth of population and GDP resulted in a high urbanization rate at the cost
of AP conversion. This implies that an important event such as a large dam may
considerably affect the land-cover change trajectories and rates; for example, by drawing
farm labor to urban and dam construction.

5. Discussion
5.1. Determination of suitable temporal resolution for land-cover change detection
Much change detection research has focused on the identification of suitable remote
sensing variables and detection techniques without careful consideration of temporal
periods (Lu, Li, and Moran 2014). In reality, selection of suitable temporal resolution is
critical for successfully detecting land-cover changes (Lu et al. 2004c; Briassoulis 2009).
A long detection interval may provide general change trends over a long term, but cannot
detect the intermediate change process, especially for frequently changed land covers such
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as AP and SF in this study. In Brazil, the common practice of deforestation is people
clearing trees for cattle ranching and crop farming by logging and burning. However, the
soil is rapidly degraded due to high temperatures and precipitation, and they may not be
productive for farming and ranching within a few years due to improper management (Lu
et al. 2004a, 2007). Thus, many lands are abandoned and convert to SF. After a couple
years of soil recovery, these lands may be put back into production or AP. This requires us
to carefully select temporal resolution to accurately capture the short-term land-cover
change. Because cocoa has higher economic value than pasture or cropland, there was a
large conversion from AP to cocoa in recent years, and we had to capture this change in
the short time intervals.
Many factors such as the availability of remotely sensed data, detection contents,
characteristics of the study area, and time and labor involved in the detection work may
affect this determination (Lu, Li, and Moran 2014). Some important events such as natural
disasters and human-induced activities like selective logging require short-term change
detection intervals too. In this research, the El Niño problem in 2015/2016 may have
affected land-cover change across a large area. The Belo Monte dam greatly affected the
urban expansion of Altamira (Feng et al. 2017) and other land-cover changes near the dam
construction area. The political and economic conditions can also indirectly affect landcover changes, requiring change detection to be conducted in a timely way.
Although this study indicates that a three-year interval provided more land-cover
change information than a nine-year interval, we cannot say this is the optimal time
period because of the difficulty in collecting a sufficient number of images. In recent
years, dense time-series Landsat images have been extensively applied to land-cover
change detection, especially to determine forest disturbances (Huang et al. 2010;
Kennedy, Yang, and Cohen 2010; Zhu and Woodcock 2014; Hermosilla et al. 2016).
However, land-cover change detection in the Brazilian Amazon basin has been difficult
due to cloud cover (Asner 2001), especially before 2000, when few sensor data besides
Landsat 5 and SPOT images were available. Although space-based radar data such as
Radarsat C-band and ALOS PALSAR L-band are available, the poor separability in landcover classes (Li et al. 2012), especially different forest types, makes them less successful
for land-cover change detection. In recent years, more sensor data such as Sentinel-2 and
Landsat 8 Operational Land Imager are available at no cost, and the application of Google
Earth Engine technology provides a new platform for detecting detailed land-cover
change for short periods.
5.2. Forces driving land-cover change in the study region
The forces driving land-cover change have long been explored (Lambin 1997), but they
vary depending on the study areas, research scales (local or regional), and data availability. It is necessary to understand the forces driving deforestation, urbanization, and AP
expansion in the TransAmazon region. Previous research shows that population and
economic conditions play important roles in urban expansion, and their influences are
dependent upon the region and time (Kuang et al. 2014). For example, annual GDP
growth per capita drove approximately half of observed urban land expansion in China,
whereas urban population growth played a bigger role in India and Africa (Seto 2011).
Population growth increases the demand for housing, supporting services, and facilities,
resulting in urban expansion by converting vegetation and agricultural land to residential
use, social and health care facilities, and infrastructure. This research also found population and economic growth were strongly related to deforestation and AP expansion. The
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growth of population increases the demand for food supply, thus requiring more AP lands
for food and meat products, leading to AP expansion at the cost of PF deforestation. In
addition to population growth, economic development creates demands for more housing
space, more goods and services, better education and medical facilities, and improved
infrastructure, thus accelerating urban development. Economic development also drives
deforestation of PF and AP expansion. Conversion of forest to AP for cattle ranching and
agriculture is the most common route to achieving economic development in the Brazilian
context (Rodrigues et al. 2009). The strong relationship between number of cattle and AP
area over time was indirectly conformed in Jusys (2016) that cattle ranching had the
strongest impact on deforestation across the Brazilian Amazon. Jusys (2016) also established that strong relationships between GDP and urban growth and deforestation meant
that high income was an accelerant of deforestation. Roads and highways have been
regarded as an important factor resulting in deforestation (Soares-Filho et al. 2004), and
this research showed that deforestation occurred along the roads in the early years.
The most rapid urban growth in our study area occurred during 2011–2014, coinciding
with the construction of Belo Monte Dam. During this period, an estimated 20,000 people
were relocated to Altamira after being removed from areas that would be flooded by the
dam. At the same time, construction of the dam attracted a large number of migrant
workers and service providers to Altamira. Tremendous population growth in Altamira
stimulated great urban expansion (Feng et al. 2017), and thus large areas of AP lands were
converted to residential use. The nonlinear relationships of AP with UR, population, and
GDP (Figure 10) can be attributed to the dam construction.
Our analyses found that SF area increased dramatically after 2014 and can be partially
attributed to cocoa expansion. Brazil is one of the largest cocoa-producing countries, but its
production cannot meet even its own consumption and it has to import cocoa from others
(Zugaib and Barreto 2015). Of the states in Brazil, Pará is the second-largest cocoa producer
(Calvi, Augusto, and Araújo 2010). Recent government incentives promoting cocoa production
have been extended to northern regions, like Pará, to stimulate its expansion. Cocoa plantations
were grouped into SF because of their spectral similarity, and the cocoa samples collected in the
field were actually located in areas classified as SF from remote sensing images.
6. Conclusions
This research examined land-cover dynamic change, especially deforestation and AP
dynamics, in the TransAmazon region in the northern Brazilian state of Pará using
multitemporal Landsat imagery. We examined the impacts of human-induced factors
such as population growth, economic condition, and cattle raising on deforestation and
AP expansion. Our research confirmed that the hierarchical-based approach can successfully classify the Landsat multispectral imagery into five land covers: PF, SF, AP, UR, and
WA with an overall classification accuracy of 83.4%. PF linearly decreased from 1991 to
2017, and AP linearly increased from 1991 to 2014, but sharply decreased from 2014 to
2017. SF increased slightly from 1991 to 2000, remained stable between 2000 and 2014,
then sharply increased from 2014 to 2017. UR increased linearly although it accounted for
a very small proportion of change in this study area. Deforestation of PF accounted for a
large proportion of the land-cover change, especially before 2000, but the dynamic
changes between SF and AP became more important in the last decade. This research
indicates that a time interval of 9 years cannot effectively detect the dynamic changes
between SF and AP and needs to be shorter, implying the necessity to identify suitable
temporal resolution in land-cover change detection. In addition to the common factors –
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population and economic conditions – affecting land-cover change, this research indicates
that number of cattle and policies to expand cocoa plantations also affect deforestation and
the dynamic changes between SF and AP. Population growth associated with the construction of the dam led to urban expansion at the expense of AP. The Belo Monte dam
construction was an important factor resulting in AP and SF dynamic changes.
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