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Abstract
Land cover change (LCC) is a complex and dynamic process influenced by social, economic, and biophysical factors that 
can cause significant impacts on ecological processes and biodiversity conservation. The assessment of LCC is particularly 
relevant in a country like Mozambique where livelihood strongly depends on natural resources. In this study, LCC was 
assessed using a point-based sampling approach through Open Foris Collect Earth (CE), a free and open-source software for 
land assessment developed by the Food and Agriculture Organization of the United Nations. This study aimed to conduct an 
LCC assessment using CE for the entire Mozambique, and according to three different land classifications: administrative 
boundaries (provinces), ecoregions, and protected vs unprotected areas. A set of 23,938 randomly selected plots, with an 
area of 0.5 hectares, placed on a 4 × 4 km regular grid over the entire country, was assessed using CE. The analysis showed 
that Mozambique has gone through significant loss of forest (− 1.3 Mha) mainly to the conversion to cropland. Deforesta-
tion is not occurring evenly throughout the country with some provinces, such as Nampula and Zambezia, characterized by 
higher rates than others, such as Gaza and Niassa. This result can be explained considering a combination of ecological and 
socio-economic factors, as well as the conservative role played by the protected areas. Our study confirmed that LCC is a 
complex phenomenon, and the augmented visual interpretation methodology can effectively complement and integrate the 
LCC analyses conducted using the traditional wall-to-wall mapping to support national land assessment and forest inventories 
and provide training data for environmental modeling.
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1  Introduction

Land cover change (LCC) is a complex and dynamic 
process influenced by social, economic, and biophysical 
factors that can cause significant impacts on land produc-
tivity, biodiversity conservation, and greenhouse gases 
emissions and removal (Geist and Lambin 2002; Klee-
mann et al. 2017; Woollen et al. 2016). In Mozambique, 
LCC has been considered a tool to monitor the achieve-
ments of several international commitments including 
the Aichi Targets of the United Nations Convention on 
Biological Diversity (UNCBD), the REDD + (Reducing 
Emissions from Deforestation and forest Degradation) 
mechanism of the United Nations Framework Convention 
on Climate Change (UNFCCC), the Land degradation neu-
trality (LDN) initiative of the United Nations Convention 
to Combat Desertification (UNCCD), and the Sustainable 
Development Goals (SDG), particularly the SDG target 
15.3 dedicated to the restoration of degraded land and 
soil. Moreover, LCC has been used to support the assess-
ment of ecosystem services and their spatial and tempo-
ral patterns (Atumane and Cabral 2021; Mahamane et al. 
2017; Niquisse et al. 2017). This is particularly relevant 
in a country like Mozambique where livelihood strongly 
depends on natural resources, including wood harvesting 
for construction, firewood, charcoal, collection of edible 
and medicinal plants, livestock grazing, and subsistence 
farming (Nhantumbo et al. 2001; Woollen et al. 2016; 
Nicosia et  al. 2022). Such human pressure on natural 
resources will be exacerbated by population growth and 
the increased demand for agricultural land, especially 
large commercial farms, and an increase in wood harvest-
ing (Ryan et al. 2014; Filipe and Norfolk 2017; Instituto 
Nacional de Estatística 2020). To monitor such dynamics, 
the LCC assessment can be conducted using a wall-to-
wall or a point-based sampling approach. The former can 
benefit from readily available global products such as the 
Climate Change Initiative of the European Space Agency 
(ESA CCI) land cover map (European Space Agency 
2017) or from the development of maps supported by tools 
such as Google Earth Engine cloud computing capacities 
(Bey et al. 2020; Bey and Meyfroidt 2021; Lopes et al. 
2019; Mahamane et al. 2017; Mananze et al. 2020; Tokura 
et al. 2020). The latter can be based on the use of Open 
Foris Collect Earth (CE), a free and open-source software 
for land assessment developed by the Food and Agricul-
ture Organization of the United Nations (Bey et al. 2016), 
which has been already used to assess at global level dry-
land forests (Bastin et al. 2017), at national level the for-
est degradation processes in Papua New Guinea (Gamoga 
et al. 2021), and at a local level the spatial pattern of tree 
cover and density in Southern African national parks 

(Messina et al. 2018). This study aimed to conduct a LCC 
assessment using CE for the entire Mozambique, analyz-
ing and comparing the results according to three differ-
ent land subdivision systems: administrative boundaries, 
ecoregions, and protected vs. unprotected areas. Data and 
results provided by this analysis can be used to inform and 
support conservation and land use planning initiations at 
a national scale.

2 � Materials and methods

2.1 � Study area

Mozambique is located in southeastern Africa at latitude 
10°27′S to 26°52′S and longitude of 40°51′E to 30°12′E 
(Fig. 1) and has a total surface area of about 800,000 km2 
(Instituto Nacional de Estatística 2020). Approximately 70% 
of its surface is covered by forests and woodlands, and 29% 
of the Country’s land surface and 2% of the marine areas 
are currently designated as protected areas (UNEP-WCMC 
2022). The Zambezi River crosses Mozambique from east 
to west flowing toward the Indian Ocean and cuts the coun-
try roughly into two main regions: the southern region, 
dominated by lowlands with an altitude ranging from 0 to 
200 m, and the northern region, which consists of a large 
plateau ranging between 200 and 600 m and reaching up 
to 1000 m. In the highland region, Mount Biga, the high-
est peak in the country, reaches 2436 m (Ministry for the 
Coordination of Environmental Affairs - MICOA 2014). The 
country’s soils can also be subdivided into two main classes: 
sedimentary soils, characterizing the southern and the east/
central regions, and the ancient granite rock basement of 
Africa which underlies most of the northern and west-central 
regions. Most of the country falls in the tropical climate 
region, with a sub-tropical climate in the south, character-
ized by two main seasons: a cooler dry season, from April 
to October, and a warmer humid season from October to 
April (Barbosa et al. 2001). The average annual temperature 
is about 24 °C, with the warmest temperatures measured 
near the coast and a colder climate further inland. Rainfall 
distributions fluctuate widely through the country, follow-
ing a north–south gradient. Annual average rainfall varies 
between 800 and 1200 mm along the coast, and from 600 to 
1000 mm in inland areas (World Bank 2017).

2.2 � Data collection

The LCC assessment was performed using Collect Earth 
(CE) version 1.5 (Open Foris n.d.), which facilitates the 
access to multiple freely available archives of satellite 
imagery, including those with very high spatial resolution 
imagery (Google Earth and Bing Maps) and those with very 
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high temporal resolution imagery (Google Earth Engine 
Explorer and Code Editor). Collectively, these archives 
offer free access to information on current and past land 
dynamics for any location in the world. Therefore, CE draws 
upon these archives and the synergy of imagery at multiple 
resolutions to enable an innovative method for land moni-
toring, referred to as augmented visual interpretation (Bey 
et al. 2016). The assessment units were constituted by square 
plots, each with an area of 0.5 hectares (approx. 70 × 70 m). 
The plots were placed on a 4 × 4 km regular grid, covering 
the country, for a total number of 47,876 plots. The plot size 
of 0.5 ha was chosen to be consistent with the FAO defini-
tion of forest, which has a tree cover ≥ 10% spanning an area 
of more than 0.5 ha that is not predominantly used for agri-
culture or urban activity, as well as areas in which tree cover 
is temporarily < 10% but is expected to recover (FAO-FRA 
2020). This grid has been defined in collaboration with the 
National Directorate of Forestry and is the same used for the 
National Forest Inventory (NFI) of Mozambique. A subset of 
23,938 randomly selected plots was used for the assessment. 
Satellite imagery available for the interpretation had a spatial 
resolution of ≤ 1 m (VHR) for ∼96% of plots, ≤ 10 m (high 

resolution, e.g., SPOT, RapidEye, and Sentinel 2) for ∼4% of 
plots, and > 10–100 m (medium resolution, e.g., Landsat) for 
less than 1% of plots, and was complemented by the analy-
sis of the Normalized Difference Vegetation Index (NDVI) 
computed using Landsat 8 data (Bey et al. 2016).

Through the timeline tool of Google Earth, all the avail-
able high-resolution images of the plot area can be assessed 
in the same software. The acquisition dates of the high-res-
olution satellite images available for each plot (considering 
both Google Earth and Bing Maps depositories) spanned 
from 2001 to 2016, although most of them (> 87%) were 
acquired in 2013 or later. Due to the absence of high-res-
olution satellite images before the year 2000, this year has 
been chosen as the lower temporal limit of the assessment.

The plots were randomly assigned to 50 different grids 
(504 plots per grid) and subsequently randomly assigned 
to different operators. Each grid contained plots placed in 
all provinces, to compensate for possible bias due to differ-
ences in the assessment approach by the single operators. 
The assessment was carried out in three separate time peri-
ods, each followed by a quality control assessment of the 
collected data. To help the visual evaluation, each plot was 

Fig. 1   Study area with adminis-
trative divisions



	 Rendiconti Lincei. Scienze Fisiche e Naturali

1 3

subdivided into 49 (7 × 7) subplots, each representing ~ 2% 
of the plot area. This subdivision is used to assess the per-
centage cover of different elements (trees, shrubs, grasses, 
buildings, huts, roads, paths, agricultural fields, internal 
water bodies, sand, rock, and bare ground) when the plot 
is placed on a land area (Fig. 2). The land cover elements 
in the sampled plots were assessed through 14 classes of 
minimum percentage cover for each different element (0%, 
2%, 4%, 6%, 8%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 
80%, and 90%).

Recognition of different elements is not always simple 
and straightforward, and to distinguish one element from 
another, knowledge of local land use practices is essential. 
While infrastructure is generally well recognizable, the dis-
tinction between natural elements such as trees and shrubs 
or grassland and cultivated fields can be tricky.

As a general rule, trees are identified by a recognizable 
shadow, while shrubs do not project a recognizable shadow 
and are generally under 3 m tall. Plants with height > 3 m are 
considered trees and can be identified by comparison with 
surrounding elements. Crop fields are generally recognized 
based on their regular shape and traces of tillage or the pres-
ence of symmetrically distributed elements.

To calculate the occupied area by each land cover class, 
the following formula was used:

where Ai is the area (ha) for each i land use class, Ni is the 
total number of plots assessed for each land use class, and Ef 
is the expansion factor, resulting from the ratio of the total 
surveyed area A (Mozambique: 801,537 km2) and the total 
plots assessed N. In a sampling survey, the expansion factor 
is used to expand the response for a single unit to an esti-
mate for the whole set of units. In this case, the single unit 
is represented by the single plot (0.5 ha) and the whole set 
of units by the total area of the country (A). The expansion 
factor therefore indicates the amount of area that each plot 
represents in the survey, in this case being 3348.4 ha (A/N).

Ai = Ni ∗ Ef ,

Once the plots have been assessed and the number Ni of 
plots assigned to each land cover class i has been obtained, 
an estimate of the total area of the country covered by each 
land cover class i is obtained by multiplying the expansion 
factor by the number of plots Ni.

Of the 23,938 plots initially selected, 148 have been dis-
carded due to the unavailability of VHR images, which made 
it impossible to assess land cover. This resulted in a total of 
23,790 plots, distributed in the ten provinces of the country 
as reported in Table 1.

To define the previous land uses and monitor the changes 
occurred in the past, the timeline tool of Google Earth allows 
to navigate through the archive of past images for the same 
plot area, while the grid interface provided by Collect 
Earth for each plot it is maintained also for the past images, 
allowing the repetition of the assessment procedures for any 
available images. The operator has also access to a series 
of accessory data obtained from Google Earth Engine, as 
NDVI charts and MODIS fire observation. The total corpus 
of data allows the operator to monitor even land use changes 
not directly visible through the comparison of present and 
past high-resolution images.

Fig. 2   Plot layout for land 
assessment in Collect Earth

Table 1   Number of plots per province

Province Plot count Area (km2)

Maputo 766 26011
Manica 1871 61661
Sofala 2033 68018
Inhambane 2131 68615
Gaza 2376 75709
Nampula 2378 81606
Cabo Delgado 2426 86625
Zambesia 3080 105008
Tete 3136 100724
Niassa 3593 129056
Total 23790 803033
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2.3 � Classification systems

The LCC was conducted according to the following land 
cover classification systems:

(1)	 IPCC (IPCC 2006)
(2)	 FAO Global Forest Resources Assessment (FAO-FRA 

2020).
(3)	 Mozambique National Classification (Falcão and Noa 

2016).

However, in this study, only the results obtained accord-
ing to the IPCC classification are reported.

Six main land cover classes were used in a hierarchi-
cal order in the assessment, following the IPCC categories 
(IPCC 2006): Settlement > Cropland > Forest > Grassland/
Savannah > Waterland > Other land. The classification of 
each plot has been obtained analyzing the distribution and 
functional relationship between land elements (trees, shrubs, 
grasses, buildings, huts, roads, paths, agricultural fields, 
internal water bodies, sand, rock, and bare ground) using 
the 49 subplots grid as a reference system. Each subplot 
has been classified in one of the main classes depending 
on which element it covered (ex. Subplot over tree- > For-
est; Subplot over meadow- > Grassland; Subplot over 
road—> Settlement) (Martínez and Mollicone 2012). Each 
plot was then categorized as belonging to the first class to 
reach a 20% subplots’ threshold (IPCC 2006) following the 
hierarchical order mentioned above: starting from Settlement 
and following the hierarchical order, the plot was classified 
in the highest class to reach ten subplots (20% of the total 
49).

As mentioned above, available high-resolution satellite 
images from Google Earth and Bing Map to assess each 
plot spanned from 2001 to 2016. Therefore, following the 
described methodology for baseline year (oldest available 
image) and target year (most recent available image), LCC 
dynamics were assessed within this time framework.

To identify and discuss specific patterns in LCC, the data 
collected have been analyzed and compared against three 
land subdivision systems:

Administrative division—Mozambique is divided into 
11 administrative areas called provinces, including the 
special region of Maputo City (Fig.  1), which retain a 
certain amount of autonomy in the planning and manage-
ment of the land (Informação Geral-Portal Do Governo de 
Moçambique).

Ecoregions—To determine if there has been a selective 
pressure causing different LCC patterns on distinct ecosys-
tems and biological communities in the country, an evalu-
ation was conducted over a simplified version of the ecore-
gions’ map defined in Dinerstein et al. 2017. The original 13 

classes have been reduced to 5 (Fig. 3) considering ecologi-
cal similarity:

(1)	 Coastal and flooded vegetation: Zambezian flooded 
grasslands, Zambezian coastal flooded savanna, South-
ern Swahili coastal forests and woodlands, Southern 
Africa mangroves, Maputaland coastal forests, and 
woodlands.

(2)	 Miombo woodlands: Central Zambezian wet miombo 
woodlands, Dry miombo woodlands.

(3)	 Mixed woodlands: Zambezian–Limpopo mixed wood-
lands.

(4)	 Montane vegetation: Mulanje Montane forest-grass-
land, Nyanga-Chimanimani Montane forest-grassland, 
Southern Rift Montane forest-grassland.

(5)	 Mopane woodlands: Limpopo lowveld, Zambezian 
mopane woodlands.

Conservation status—As much as 29% of Mozam-
bique’s land is covered with different types of protected 
areas (Fig. 4), ranging from the National Parks to Game 
Reserves (Conservation Areas—ANAC, n.d.). We selected 
protected areas whose focus is connected to environmen-
tal or biodiversity conservation. These cover a total surface 
of 111,442 km2 and include Special Reserves, Sanctuaries, 
National Reserves, National Parks, Forest Reserves, Envi-
ronmental Protection Areas, and Buffer Zones. A compari-
son of the trends of deforestation inside and outside of those 
protected areas has been conducted, as a proxy measure of 
their effectiveness in tackling deforestation, particularly in 
connection with the increasing production of charcoal at a 
national level (Sedano et al. 2016).

2.4 � Quality control

Quality control measures were adopted to reduce the ran-
dom error as much as possible (e.g., the misinterpretation 
of land cover or involuntary wrong input in the survey form) 
and systematic bias (e.g., users overestimating a particular 
land cover class) due to user interpretation. In particular, 5% 
of the total plots (selected randomly) were duplicated and 
reassessed by two different users. After each of the assess-
ment phases, the duplicated plots were compared with the 
corresponding quality control plots and reassessed if incon-
sistencies were found. If recognizable systematic error pat-
terns emerged, a full review of plots was recommended to 
the user(s). The duplicate plots used for quality control were 
not considered in the calculations to estimate land cover 
areas. The sampling error of the proportion of a given class 
i of land cover was calculated from the proportion of plots 
assessed with CE falling in the land cover i weighted by 
the total number of plots assessed. The confidence interval 
related to the area of class i is then calculated as follows:
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Fig. 3   Study area highlighting a protected areas; b ecoregions modified from Dinerstein et al. (2017)

Fig. 4   Land cover classes 
(IPCC) in Mozambique in 2016
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where CI stands for Confidence Interval, Atot is the total area 
of the assessment (Mozambique: 801,537 km2), Pi for the 
proportion of the i class in the total plots assessed, (1-Pi) as 
the proportion of plots not classified as i in the total plots 
assessed, n is the total number of plots assessed, and Ai is 
the area of the class i.

Data quality was improved through a semi-automated 
cleaning procedure (Bastin et al. 2017) which highlighted 
potential inconsistencies (e.g., presence of tree cover with 
no trees recorded, high tree cover with low tree count) that 
needed to manually be reassessed. The identification of 
inconsistencies was based on the structure of the survey 
created for the assessment to make possible errors more 

CI =

Atot ×

√

pi∗(1−pi)
n−1

× 1.96

Ai

,

evident through the creation of incompatibilities easy to 
isolate through an automated routine.

3 � Results

3.1 � Land cover

In 2016, the most abundant land cover class in Mozam-
bique was the forest (58.2%), followed by grassland/savan-
nah and cropland, covering 20.6% and 17.5% of the coun-
try, respectively. Wetlands, settlements, and other lands 
were much less widespread, covering only 1.9%, 1.2%, and 
0.6%, respectively (Fig. 4). When looking at the results 
aggregated at the province level (Table 2), the largest 
forest cover was found in Niassa (18.3%), Tete (13.5%) 
and Cabo Delgado provinces (11.7%), while a smaller 
cover characterized Manica (8.4%), Sofala (7.9%), Nam-
pula (6.3%), and Maputo City (2.2%). Zambézia (24.9%) 

Table 2   IPCC land cover per province

Forest Cropland Grassland Otherland Wetland Settlement

Province Area (ha) (%) Area (ha) (%) Area (ha) (%) Area (ha) (%) Area (ha) (%) Area (ha) (%)

C. Delgado 5,611,759 11.7 1,159,740 8.0 1,419,384 8.4 38,081 7.8 79,624 5.1 90,010 9.3
Gaza 5,352,115 11.2 730,463 5.1 1,831,351 10.8 27,695 5.7 186,943 12.0 96,934 10.0
Inhambane 4,915,914 10.2 1,100,888 7.6 1,059,345 6.3 24,233 5.0 200,791 12.9 76,162 7.8
Manica 4,008,894 8.4 1,087,040 7.5 1,225,517 7.2 45,005 9.2 34,619 2.2 76,162 7.8
Maputo City 1,052,421 2.2 366,963 2.5 1,010,878 6.0 10,386 2.1 79,624 5.1 131,553 13.5
Nampula 3,025,711 6.3 2,977,244 20.6 1,817,504 10.7 155,786 31.9 76,162 4.9 180,019 18.5
Niassa 8,786,331 18.3 1,059,345 7.3 2,461,419 14.5 48,467 9.9 38,081 2.4 45,005 4.6
Sofala 3,776,945 7.9 882,787 6.1 2,025,218 11.9 20,771 4.3 283,877 18.2 48,467 5.0
Tete 6,466,851 13.5 1467,850 10.2 2,395,643 14.1 41,543 8.5 360,039 23.1 124,629 12.8
Zambezia 4,967,843 10.4 3,590,002 24.9 1,703,260 10.0 76,162 15.6 221,562 14.2 103,857 10.7
Total 47,964,784 100 14,422,323 100 16,949,519 100 488,130 100 1,561,322 100 972,797 100

Fig. 5   Disturbances affecting 
forest area (ha)
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and Nampula (20.6%) were characterized by the largest 
cropland areas, while the smallest area was found in Gaza 
(5.1%) and Maputo City (2.5%). Grassland/savanna cov-
ered 16.9 Mha mainly in Niassa (14.5%), Tete (14.1%), 
and Sofala (11.9%). Wetlands covered about 1.5 Mha. The 
largest area was found in Tete (23.1%), Sofala (18.2%), 
and Zambezia (14.2%). Settlements were mainly found in 
Nampula (18.5%), Maputo City (13.5%), and Tete (12.8%). 
About 4 Mha of forest were estimated to be subjected to 
different types of disturbances (Fig. 5) including shifting 
cultivation (32.1%) and fire (49.2%), covering together 
about 81.3% of the disturbed forest area, followed by log-
ging (9.2%). Conversely, constructions (4.3%), charcoal 
production (2.5%), grazing (2.4%), pols for construction 
(0.2%), and mining (0.1%) are the least disturbing factors, 
together affecting about 9.5% of the disturbed forest area.

3.2 � Land cover change

In Mozambique, a change in land cover occurred in all the 
analyzed classes from 2001 to 2016 (Table 3 and Table 4). 
Analyzing their initial extent, forest and grassland/savan-
nah areas decreased by 2.7% and 5.7%, respectively, and 
6.2% of the forest cover existing in 2001 has been lost. 
On the other hand, some forest gain due to the encroach-
ment of grassland/savannah has been observed. Wetlands 
also decreased by 1.9%. The increase of Cropland (18.2%) 

was mainly at the expense of the forest cover, while the 
expansion of Settlement (21.1%) was at the detriment of 
cropland and forest areas. When looking at land cover 
change data aggregated at the province level (Fig. 6), the 
same trend characterized at the national scale is shown by 
almost all provinces with a reduction of forest and grass-
land/savannah and an expansion of settlement and crop-
land. The reduction of the forest is in large part found in 
the provinces of Nampula and Zambezia. Only in Gaza 
and Niassa forest increased due to encroachment of the 
grassland/savannah. The land cover analysis at the ecore-
gion level showed that the greatest change occurred in 
the Miombo woodland and coastal areas with a signifi-
cant reduction of the forest and grassland/savannah and 
an increase of cropland (Fig. 7). Settlement increased 
mainly in the coastal area. Mopane woodlands showed an 
increase of forest cover due to tree and shrub encroach-
ment in plots previously classified as grassland/savannah 
protected areas, instead, had a more conservative effect 
on land cover changes (Table 5). In 2001, the 11.1 Mha of 
protected areas were mostly covered by forest (67.60%) 
and grassland/savannah (25.85%). Cropland, wetland, set-
tlement, and other land covered 3.39%, 2.11%, 0.12%, and 
0.93%, respectively, of the land cover. In 2016, land cover 
changes remained below the threshold of 1.00% (+ 0.78%, 
− 0.09%, + 0.06%, + 0.03%) for cropland, wetland, set-
tlement, and other land. However, forest and grassland/

Table 3   Land cover change in 
Mozambique for the 2001–2016 
period

2016 land cover

Forest Cropland Grassland Otherland Wetland Settlement Total

2001 land cover
 Forest 46,202,671 2,603,357 391,196 17,310 3462 58,852 49,276,849
 Cropland 332,344 11,455,465 332,344 6924 3462 69,238 12,199,776
 Grassland 1,391,688 332,344 16,187,898 6924 20,771 41,543 17,981,168
 Otherland 31,157 17,310 3462 446,587 6924 – 505,439
 Wetland 6924 13,848 34,619 10,386 1,526,703 – 1,592,479
 Settlement – – – – – 803,163 803,163
 Total 47,964,784 14,422,323 16,949,519 488,130 1,561,322 972,797 82,358,875

Table 4   Land cover change 
at national scale 2001–2016 
period

Current land cover Past land cover Land cover change Land 
cover 
change %

Forest 47,964,784 49,276,849 − 1,312,064 − 1.59%
Cropland 14,422,323 12,199,776 2,222,547 2.70%
Grassland 16,949,519 17,981,168 − 1,031,650 − 1.25%
Other land 488,130 505,439 − 17,310 − 0.02%
Wetland 1,561,322 1,592,479 − 31,157 − 0.04%
Settlement 972,797 803,163 169,634 0.21%
Total 82,358,875 82,358,875 0 0
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Fig. 6   Land cover changes for the 2001–2016 period in the ten provinces

Fig. 7   Land cover changes for 
the 2001–2016 period in the 
five ecoregions

Table 5   Land cover change 
in protected areas (ha) in the 
2001–2016 period

2016 land cover

Forest Cropland Grassland Otherland Wetland Settlement Total

2001 land cover
 Forest 7,405,218 93,474 3462 24,234 – 6924 7,533,312
 Cropland 10,386 356,586 – 10,386 – – 377,358
 Grassland – – 100,398 3462 – – 103,860
 Otherland 290,808 10,386 0 2,572,266 6924 – 2,880,384
 Wetland 3462 3462 3462 6924 218,106 – 235,416
 Settlement – – – – – 13,848 13,848
 Total 7,709,874 463,908 107,322 2,617,272 225,030 20,772 11,144,178
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savannah areas have changed, with an increase in the forest 
surface of 1.58% and a decrease in the grassland of 2.36%.

3.3 � Uncertainty analysis

The uncertainty analysis performed on the IPCC classifica-
tion data highlighted very low error levels (approx. 3%) for 
the most represented land cover classes (forest, cropland, 
and grassland/savannah). The error was above 10% only for 
the least common land cover classes (settlement and other 
land); still, in these cases, the corresponding confidence 
interval is narrow, due to the small area covered by these 
classes.

4 � Discussion

The point-based method applied in our study has proven 
to be an effective tool to evaluate the LCC dynamics in 
Mozambique over 15 years, with a maximum error of 3% 
for the main land cover classes. The analysis showed that 
Mozambique has gone through significant changes in land 
cover in recent years (Table 4). Forest still represents the 
most widespread land cover in the country (58.2%); how-
ever, about 3.7 Mha of the original forests were lost, and 
an overall reduction of 1.3 Mha (2.7%) in forest cover 
has occurred, mainly due to the conversion of forest land 
to cropland (Table 3). The results confirm the findings 
of other assessments conducted on a national scale that 
identified Mozambique as one of the countries worldwide 
most affected by deforestation (Bodart et al. 2013; FAO 
2020). Moreover, deforestation is also often accompanied 
by land degradation caused by fire (Fig. 5), which has been 
recognized as the main disturbance factor for forests in 
eastern and southern Africa (Artes et al. 2019; Giglio et al. 
2018). Furthermore, deforestation is not occurring evenly 
throughout the country and higher rates were recorded in 
the provinces of Nampula and Zambezia (Fig. 6). This 
result can be explained considering a combination of 
factors. These two provinces are located in coastal areas 
where the landscape is mainly dominated by the Miombo 
woodland. This specific ecoregion is characterized by 
higher precipitation than the Mopane woodland and is 
more suitable for shifting cultivation and the establishment 
of more permanent crop types. Moreover, in Mozambique, 
the long civil war (1977–1992) and recurrent droughts in 
the hinterlands have resulted in increased migration of 
the population toward urban and coastal areas, particu-
larly Nampula and Zambezia, where the population has 
almost doubled over the past 10 years (Instituto Nacional 
de Estatística 2020). In turn, the growing population has 
increased the demand for food production and the need for 

large-scale agricultural investments (LAIs). Recent studies 
have highlighted how LAIs indirectly and directly cause 
deforestation on a much larger spatial and temporal scale 
than shifting cultivation (Di Matteo and Schoneveld 2016). 
Moreover, the conversion of large portions of land to inten-
sive farming areas results in reduced access to rivers and 
fertile soils for local small-scale farmers (Zaehringer et al. 
2018), triggering a feedback mechanism that increases 
the dependence of the population on large-scale produc-
tion due to the lower feasibility of house farming. At the 
national level, these dynamics highlight how synergetic 
land and resource grabbing can be fostered by socio- envi-
ronmental crises and in turn lead to new, more severe ones 
(Bruna 2019; Clements and Fernandes 2013) through the 
loss of valuable ecosystem services provided by the large 
portions of land converted. All these pressure factors have 
a particularly heavy impact on the Miombo woodland, 
which has been identified as one of the five global wilder-
ness areas that should be prioritized for conservation (Mit-
termeier et al. 2003). On the other hand, Gaza and Niassa 
were the only two provinces characterized by an increase 
in forest cover (Fig. 6). This result can be explained con-
sidering that the two provinces have a lower population 
density (Instituto Nacional de Estatística 2020) and host 
the largest protected areas in the country, respectively, 
Bahnine, Zinave, and Limpopo National Parks in Gaza 
and the Niassa National Reserve in Niassa. The presence 
of protected areas combined with lower population pres-
sure, as well as the higher incidence of small-scale agri-
culture, seems to have had a positive effect in preventing 
the conversion of forests into croplands that is character-
izing the rest of the country (Table 5.). The increase in the 
forest cover in these two provinces was mainly due to the 
woody encroachment of grassland/savannah that is glob-
ally characterizing this type of ecosystem (Devine et al. 
2017; Marston et al. 2017; Stevens et al. 2016). It has been 
hypothesized that woody encroachment is driven by the 
increase of CO2 in the atmosphere, and on a local scale, 
the encroachment is favored by both the large presence of 
protected areas in Gaza and Niassa, which lower the level 
of disturbances, and the low elephant population density 
due to intense poaching.

5 � Conclusion

The results obtained in this study are in line with the existing 
literature on LCC dynamics in Mozambique and consistent 
with the socio-economic processes that have characterized 
the country in recent decades. The augmented visual inter-
pretation of VHR satellite images using the Collect Earth 
software proved to be a reliable methodology to assess land 
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cover changes, providing a comprehensive dataset that helps 
understand the drivers and causes of change and elaborate 
future action plans. The approach allows for a more precise 
evaluation of each plot, but it is also more time-consuming 
and labor-intensive than that of land cover mapping based 
on the automatic classification of satellite imagery. However, 
CE augmented visual interpretation can effectively comple-
ment and integrate the LCC analyses conducted using wall-
to-wall mapping to support national land assessment and 
forest inventories and provide training data for environmen-
tal modeling.
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