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Abstract  22 

Remote sensing assessments of land use and land cover change (LULCC) are critical to improve 23 

understanding of socio-economic, institutional and ecological processes that lead to and stem from land 24 

use change. This is particularly crucial in the emerging frontiers of Southern Africa, where there is a 25 

paucity of LULCC studies relative to the humid tropics. This study focuses on Gurué District (5,606 km2) 26 

of Zambezia province of Mozambique, one of many countries in the region that has experienced a recent 27 

growth in foreign investments in agriculture through large-scale land acquisitions, often resulting in land 28 

use conversions and modifications. Previous LULCC assessments covering Mozambique have focused on 29 

dynamics between natural and anthropogenic land categories, with limited efforts to distinguish the 30 

different land use agents associated with these changes, and relating this with social, economic and 31 
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technological processes. In this study we built a new LULC assessment methodology that leverages the 32 

power of open remote sensing data and tools to integrate categorical and continuous training and 33 

validation data obtained from field surveys and Collect Earth software within Google Earth Engine. We 34 

then examined the suitability of five pixel-based compositing techniques for generating cloud-free Landsat 35 

images that can support analysis of land use dynamics in persistently cloudy, mosaic landscapes with more 36 

limited Landsat archives. Drawing upon the spectral and textural features of Landsat data in pixel-based 37 

composites, we classified land use over three time periods, 2006, 2012 and 2016, and characterized land 38 

use change, focusing on changes between small-scale cropland, large-scale mechanized cropland, and 39 

other land uses. This method can be upscaled and applied in many parts of Africa with similar historic 40 

image availability challenges, and similar economic contexts with great disparities between small-scale 41 

unmechanized cropland and very large-scale mechanized cropland, to explore land consolidation dynamics 42 

and agent-specific pathways of land use change. 43 

 44 

1. Introduction  45 

Land sustains human societies through its provision of food, fuel, fibers and ecosystem services. The 46 

anthropogenic use and alteration of these land resources and ecosystem services is shaped by land 47 

systems, comprised of social, cultural, economic, technological, governmental and ecological processes 48 

(Verburg et al., 2015). The essential pursuit of land system science (LSS) is understanding how these 49 

processes function, interact, change over time and space, and ultimately, how they may be altered to 50 

implement solutions to major societal problems such as poverty, food security, biodiversity loss and 51 

climate change mitigation (Foley et al., 2011; Meyfroidt, 2015).  52 

 53 

Remote sensing assessment of land use and land cover change (LULCC) is a core component of LSS. It 54 

enables retrospective analyses and the production of spatially explicit information in a manner that can be 55 

consistent across political borders (Kuemmerle et al., 2013). The increasing availability of open data and 56 
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free tools for remote sensing analysis have helped make LULCC assessment more cost effective, efficient 57 

and prolific than ever before (Wulder et al., 2012; Brotton, 2014). Technological developments in cloud 58 

computing, remote sensing and image analysis have also supported advancements in expanding the types 59 

of land features that can be assessed, the spatial and temporal resolution of analysis and the geographic 60 

scope that can be covered (Fritz et al., 2012; Hansen et al., 2013).  61 

 62 

However, there are several fundamental challenges to leveraging existing LULCC data to improve 63 

understanding of land systems. Firstly, this wealth of existing data is not evenly distributed and many of 64 

the regions where there is a paucity of LULCC data (e.g. dryland ecoregions especially in Africa and Asia) 65 

are also undergoing rapid land use change (Durant et al., 2012; Kuemmerle et al., 2013; Joshi et al., 2016; 66 

Bastin et al., 2017). Secondly, the spatial resolution of available global data is often inadequate to support 67 

land use planning and management activities at the administrative level where daily decision-making and 68 

enforcement activities occur. Thirdly, there are vast inconsistencies in LULCC assessments, as different 69 

assessments are designed to serve specific purposes and rely upon diverse LULC classification systems 70 

that can be difficult to harmonize (Herold et al., 2006; Verburg et al., 2015, Jansen and Di Gregorio, 2002). 71 

The inconsistencies between datasets make it difficult to aggregate local data at regional and global scales 72 

and independently assess uncertainties (Fritz et al. 2011). Lastly, while LULCC assessments have 73 

sustained rapid progress in ecology – by tracking conversions between broad land cover categories and 74 

measuring subtle biophysical modifications within them (e.g., changes in forest canopy cover, leaf area 75 

index, carbon stock) –, progress has been less rapid in monitoring the anthropogenic aspects of land 76 

systems, (Kuemmerle et al. 2013, Joshi et al. 2016).  77 

 78 

LULCC assessments can be better tailored to support LSS by modifying the classification systems used 79 

and by disaggregating broad anthropogenic land use categories into more detailed classes that may 80 

facilitate analysis of agents and mechanisms of change (Meyfroidt, 2016). By structuring how land is 81 

perceived and sorted, classification systems shape our understanding of land systems by rendering certain 82 
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dynamics more visible than others (Jansen and Di Gregorio, 2002). This is crucial as many land use 83 

dynamics that are central to anthropogenic land systems, such as changes in cropland field size and scales 84 

of production, are largely neglected by remote sensing assessments that evaluate all cropland collectively.  85 

 86 

Disaggregating land use dynamics associated with small-scale versus large-scale cropland is a key 87 

challenge, as farm size relates to many human and environmental issues (Samberg et al. 2016, Meyfroidt 88 

2017). Size of the land holding is also related, in complex ways, to the intensity of crop production.  While 89 

small farms often have higher labor intensity, large farms tend to rely upon mechanization and the use of 90 

fertilizers, pesticides, and irrigation to intensify crop production.  Despite the more varied use of 91 

agricultural inputs, large-scale farms do not necessarily achieve a higher level of crop productivity per 92 

hectare relative to small-scale farms (Baumert and Nhantumbo, 2017; Ricciardi et al., 2018; Muyanga and 93 

Jayne, 2019). Yet, the consolidation and conversion of small-scale farms into large-scale operations can 94 

impact local livelihood options, efforts to alleviate poverty, promote security and mitigate climate change 95 

(Godfray, 2010; Gilbert, 2011; Tubiello et al., 2015). Improving understanding of cropland consolidation 96 

and intensification requires a classification system that divides the cropland land cover category into 97 

specific land uses classes that capture different dimensions of farm size and intensity such as large-scale 98 

versus small-scale, mechanized versus manually cultivated, irrigated versus non-irrigated, and shifting 99 

versus permanent cropland.  100 

 101 

This paper presents a new methodology for using the Google Earth Engine web platform and Collect Earth 102 

software to assess agricultural expansion, consolidation, intensification related to capitalization and 103 

mechanization, and other land use dynamics. With Collect Earth, we generated training, validation and 104 

testing data using a flexible classification that enabled us to address our specific research objective while 105 

also gathering categorical and continuous data that can support a diverse range of other research 106 

applications. With Google Earth Engine, we assessed several methods for compositing Landsat imagery 107 
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and we identified the one most suitable for disaggregating large- and small-scale cropland dynamics in 108 

Gurué District of Northern Mozambique (Figure 1) from 2007 to 2017.  109 

 110 

2. Background  111 

2.1 Remote sensing of cropland field size and intensification  112 

Several LULCC studies have addressed cropland field size and intensification in addition to cropland 113 

expansion. Drawing upon Erb et al.’s (2013) framework for analyzing and measuring land use intensity, 114 

Kuemmerle et al. (2013) provide an overview of existing remote sensing literature that address various 115 

aspects of cropland intensification, such as cropping cycles and distinguishing irrigated from rainfed 116 

agriculture (Redo and Millington, 2011; Canisius et al., 2007, Ozdogan and Gutman, 2008; Ozdogan et al. 117 

2006). Kuemmerle et al. (2009), Yan and Roy (2014, 2016), and Graesser and Ramankutty (2017) used 118 

Landsat Thematic Mapper (TM) and Enhanced ThematicMapper Plus (ETM+) imagery to map field 119 

extent and/or field size in study sites in Eastern Europe, the United States, South Africa and South 120 

America respectively. Debats et al. (2016) used DigitalGlobe WorldView-2 imagery to map field size. 121 

More recently, Fritz et al. (2015) and Lesiv et al. (2019) developed global maps of field size at 1 km 122 

resolution by integrating crowdsourced field size data with a validated hybrid map of cropland extent; 123 

Samberg et al. (2016) generated their global map of average field size at 500 m resolution by integrating 124 

household microdata with an unpublished global cropland and pasture map; and Yan and Roy (2016) 125 

developed a methodology for quantifying field size in conterminous United States.  126 

 127 

Previous LULCC assessments in Mozambique have focused on dynamics within natural land categories 128 

and between natural and anthropogenic land categories (Marzoli, 2007; Sá et al., 2003; Sedano et al., 129 

2005; Ribeiro et al., 2008; Mitchard et al.; 2013; Ryan et al., 2014). These studies have either omitted 130 

cropland or assessed a single cropland class. Two notable exceptions are (1) Jansen et al.’s assessment of 131 

LULCC in Manica Province of Mozambique that included multiple cropland classes such as field crops, 132 
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tree crop, forested areas with shifting cultivation and permanently cropped areas (Jansen et al., 2008), and 133 

(2) the CEAGRE and Winrock 2016 national-level study on drivers of deforestation and forest degradation 134 

(Sitoe, 2016). Although the latter study drew upon global and national remote sensing products that largely 135 

neglected cropland dynamics, the research team incorporated supplementary qualitative and quantitative 136 

data to disaggregate (quantitatively but not spatially) the cropland category into commercial and shifting 137 

cultivation classes (Hansen et al., 2013; Saatchi et al., 2011).  138 

 139 

2.2 Visual interpretation of satellite imagery and vegetation index time series with Collect Earth  140 

Open Foris Collect Earth is a free and open source software for land assessment developed by the Food 141 

and Agriculture Organization of the United Nations (Open Foris, 2018). Its full integration with Google 142 

Earth, Google Earth Engine and other archives of freely accessible satellite imagery facilitates “augmented 143 

visual interpretation,” a process through which users assess very high spatial resolution imagery in 144 

conjunction with geo-synchronized Landsat and Sentinel 2 images and interannual MODIS and Landsat 145 

NDVI time series (Bey et al., 2016). The Open Foris Collect Survey Designer module can be used to 146 

customize the Collect Earth user interface (e.g. data entry prompts and questions, guidance notes, etc.) to 147 

suit specific land assessment objectives and to structure a Collect Earth database (Supplementary figure 148 

1.).  149 

 150 

Thus far, Collect Earth has been used for point-based sampling rather than wall-to-wall, pixel-based 151 

LULCC studies. Bey et al. (2016) demonstrated how the government of Papua New Guinea has used the 152 

software to monitor forest dynamics. Bastin et al. (2017) used Collect Earth for a global assessment of 153 

land dynamics within dryland forests, and more recently, Messina et al. (2018) used Collect Earth to 154 

improve understanding of tree cover and density in Southern African national parks. We have not found 155 

any studies that have used Collect Earth to support pixel- or object-based LULCC assessments with semi-156 

automated classification algorithms.  157 

 158 
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2.3 Pixel-based compositing  159 

Pixel-based image compositing is a common technique to reduce the number of pixels with invalid data 160 

due to cloud, haze, shadow or other noise remaining after pre-processing (Holben, 1986). For Landsat TM 161 

data, it can produce viable images from scenes affected by the scan line correction failure post 2003 162 

(Markham et al., 2004). It is also useful for reducing redundant information in large datasets into single 163 

images with more discriminant data (Lück and Van Niekirk, 2016). This is particularly important for 164 

characterizing vegetation phenologies of different seasons, which has been shown to improve 165 

classification accuracies (Azzari and Lobell, 2017). A variety of compositing techniques exist; however, 166 

many were developed for moderate-resolution sensors (e.g. AVHRR, MODIS) and may be less effective 167 

when applied to high-resolution imagery such as from Landsat (Lück and Van Niekirk, 2016).  168 

 169 

One significant challenge that affects image composition and their classification in Africa is the relatively 170 

low image availability. Most LULC assessments with pixel-based composites have been conducted in 171 

Europe and North America, where Landsat image availability is disproportionately high due lower cloud 172 

cover, higher downlink capacity and greater overlap of Landsat paths at higher latitudes (Kovalsky and 173 

Roy, 2013; Flood, 2013). In Africa, the mean number of Landsat ETM+ image acquisitions with less than 174 

40% cloud cover is 6.9 per path/row per year (Roy et al., 2010a). When this number is further divided into 175 

multiple seasons with distinct phenologies, the viability of compositing robust and complete images 176 

becomes challenging.  177 

 178 

2.4 Study area  179 

The nexus between cropland consolidation, intensification and poverty alleviation is particularly evident in 180 

Mozambique, where 80% of the population works in the agricultural sector, 70% of the population lives 181 

below the national poverty line, and 35% of households are chronically food insecure (Di Matteo and 182 

Schoneveld, 2016; Chigara, 2012; IFAD, 2014, Zagema, 2011). Foreign investments in agriculture may 183 

pave a pathway of development by injecting capital into land systems, increasing the amount of land 184 
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cultivated intensively, providing employment, business and trading opportunities and diversifying 185 

livelihood strategies available for smallholders (Bleyer et al., 2016). Such foreign investments can take the 186 

form of large-scale land acquisition and large farm operations. An alternative approach to poverty 187 

alleviation in Mozambique is investing in smallholder and medium-scale farmer cropland intensification 188 

and market access and taking active measures to reduce farmer displacement (Hanlon and Smart, 2012). 189 

Cropland consolidation and intensification is linked with a myriad of processes that characterize a land 190 

system, including legal and governmental processing of acquiring land; financial and technological 191 

processes of obtaining machinery and other types of agricultural inputs; and social and cultural cultivation 192 

practices. Using a classification system that distinguishes these different pathways of land use change is 193 

key to understanding and improving management of Mozambique’s land resource.  194 

 195 

Mozambique is widely considered as a hotspot of large-scale land acquisitions (Glover at al., 2016; Cotula 196 

2013; Deininger et al. 2011). The Land Matrix reports that approximately 2.4 million hectares of land in 197 

Mozambique have been acquired between 2000 and 2014 (Glover at al., 2016; Land Matrix, 2018). A 198 

substantial portion of these land transactions have occurred within our study site, Gurué district of 199 

Zambezia province shown in Figure 1 (Glover et al., 2016; Di Matteo and Schoneveld, 2016). With an 200 

area of 5,606 km2, over 2,500 mm of rainfall per year, and a primary road transecting the district, Gurué 201 

has attracted thirteen private agri-business investors since 2008 (FAO, 1995, Joala et al., 2016). These 202 

investors include companies that have acquired land for commercial agricultural production (e.g. soybean, 203 

maize, macadamia nut, groundnut, etc), agri-businesses that sell agricultural inputs, as well as 204 

international non-governmental organizations that support small- and medium-scale farmers (Joala et al., 205 

2016).  206 

 207 

Most of Gurué’s population relies upon small-scale agriculture for their livelihood, growing a mixture of 208 

subsistence crops (e.g. maize, cassava, beans, pigeon peas, millet, sorghum, groundnuts) and cash crops 209 

(soya beans, sunflower, tobacco, sesame) through manual labor and without improved seeds, industrial 210 
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fertilizers, or irrigation (Hanlon and Smart, 2012; Joala et al., 2016). While the average farmer in 211 

Mozambique earns around the equivalent of $113 USD per year cultivating 1 ha of land, semi-subsistence 212 

farmers in Gurué that also grow cash crops earn over $200 annually, and Gurué’s medium-scale emergent 213 

commercial farmers with more than 4 ha of land have profits of over $1,000 per year (Smart and Hanlon, 214 

2014).  However, a recent survey of Gurué farms producing soy found that only 2.25% were larger than 4 215 

ha (Hanlon and Smart, 2012). 216 

 217 

In contrast, the average land use title approved for agricultural investors for food and biofuel production 218 

country-wide is over 4,000 ha. The average for timber productions is approximately 56,500 ha. A recent 219 

survey of 220 investors responsible for 482 approved investments, found that 83% involved some form of 220 

mechanization particularly for land preparation and plantation management, 90% applied agricultural 221 

inputs such as herbicides, insecticides, and fertilizers, and 52% were fully irrigated (Di Matteo and 222 

Schoneveld, 2016).  223 

 224 

Thus, there are significant differences between small- and large-scale farming operations in Gurué, not 225 

only in terms of area of land cultivated, but also in terms of level of agricultural intensification, revenue 226 

and profits (Baumert and Nhantumbo, 2017). As the use of mechanization and other industrial inputs is 227 

widespread among large-scale farms and virtually non-existent for small-scale farms, this study focuses on 228 

field size and field homogeneity (due to mechanization) as proxies to disaggregate and assess farming 229 

systems dynamics.   230 

 231 

Given the order of magnitude in the difference between the average smallholder farm (1 ha) and the 232 

average large-scale farm (over 4,000 ha), we chose to apply a threshold of 5 hectares to distinguish two.  233 

Gurué’s scare but growing number of medium-scale emergent farms, the vast majority of which comprise 234 

less that 5 ha, are included in the smallholder category in this study.  This 5 ha threshold that is supported 235 
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by local research is also consistent with other relevant literature beyond Mozambique (Samberg et al., 236 

2016; FAO, 2014).   237 

 238 

 239 

Figure 1:  Gurué District and five evaluation subsites, Zambezia Province, Mozambique 

 240 

3. Data and Methods 241 

The following section explains the methods used in this study, including (1) processing of training and 242 

validation data, (2) image pre-processing to remove cloud, haze and shadow pixels, (3) testing a variety of 243 

pixel-based compositing methods, (4) image processing to develop and select features for (5) 244 

classification, (6) post-processing, (7) accuracy assessment and (8) land use trajectory analysis. This 245 

workflow is shown in Figure 2. 246 
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 247 

 248 

Figure 2:  Workflow diagram 

 249 

 250 
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3.1. Data compilation and preprocessing, and pixel-based compositing with Google Earth Engine  251 

To assess LULCC in Gurué from 2007-2017, we used USGS Landsat (5) TM, (7) ETM+ and (8) 252 

Operational Land Imager (OLI) imagery from three-year time periods centered around three target years: 253 

2006, 2012 and 2016. The target years divide the overall reference period into two stages, before and after 254 

the wave of agricultural investments triggered by the food and energy crisis of 2007-2008. Gurué lies as 255 

the intersection of four Landsat scenes at paths 166 and 167 and rows 70 and 71. Using Google Earth 256 

Engine (GEE), we accessed all Landsat images that were available for the three composite periods, i.e., 257 

656 Tier 1 surface reflectance images.  258 

 259 

Landsat Tier 1 images have the highest level of pre-processing, with geo-registration to less than or equal 260 

to 12 m root mean square error (RMSE), inter-calibration to a level deemed suitable for multi-sensor time 261 

series analysis, atmospheric correction with the Land Ecosystem Disturbance Adaptive Processing System 262 

(LEDAPS) and the Landsat Surface Reflectance Code (LaSRC) methods, and cloud and shadow data 263 

generated with the Function of Mask algorithm (FMASK) (USGS, 2017; USGS, 2018a; USGS, 2018b). 264 

We masked clouds and cloud shadows in GEE using FMASK pixel data and a 50-pixel buffer, and surface 265 

reflectance thresholds in the blue band (Goodwin et al. 2013). We also standardized the Landsat optical 266 

bands across the three Landsat archives (Supplementary table 1).  267 

 268 

We examined the suitability of five pixel-based compositing techniques: (1) annual greenest pixel, (2) best 269 

available pixel based on date and distance to nearest cloud, (3) Seasonal Greenest Pixel, (4) median pixel 270 

and (5) Max Ratio value. We selected compositing parameters based on five inter-related considerations: 271 

the temporal depth, representativeness, change contamination, image availability and the number of clear 272 

observations (Azzari and Lobell, 2017). To increase the number of observations available for each season, 273 

we used a temporal depth of 3 years (i.e. the target year ± 1).  274 

 275 
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For the first composite, Annual Greenest Pixel (AGP), we applied a maximum value compositing 276 

technique on pixel Normalized Difference Vegetation Index (NDVI) value. The technique was first applied 277 

by Holben (1986) on AVHRR imagery, and more recently by Roy et al. (2010) on Landsat data. With 278 

preprocessed AGP composites for Landsat TM, EMT+ and OLI imagery readily available with GEE’s data 279 

catalogue, this compositing method was the easiest to apply and simply required the composition of three-280 

years’ worth of AGP data into a single 6-band max NDVI (i.e. greenest pixel) image. This is the only 281 

compositing method for which we produced a single image, as opposed to three season images, to 282 

represent the entire compositing period.  283 

 284 

For all other compositing methods, we generated three composite images for each period, to better 285 

characterize vegetation phenology throughout different seasons. We determined the day of year (DOY) 286 

targets for each season by creating a NDVI profile of Gurué for each day of each year of the composite 287 

period using MODIS NDVI imagery within GEE (Figure 3).  Using the three-year average for each 288 

acquisition date, we used the DOY of the maximum NDVI value as the wet season target and the DOY of 289 

the minimum NDVI for the dry season target. We then assigned the central day between the wet and dry 290 

season targets as a mid-season target. We considered the inclusion of a fourth season in January or 291 

February to exploit the pre-rainy season growth of natural vegetation that occurs in Southern African 292 

woodlands and savannas (Ryan et al., 2017). However, the proximity of this season to the rainy season 293 

precluded the availability of a sufficient number of image acquisitions to generate two distinct composites 294 

with mutually exclusive inputs. 295 
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  296 

Figure 3:  Target days of year for multi-season composites for each time period 

 297 

The second compositing method was developed by Griffiths et al. (2013) to select the best available pixel 298 

based on proximity to a target date and distance from clouds. The method also incorporated absolute 299 

thresholds to improve cloud and shadow mask and a scoring system to control the use of pixels within 300 

designated seasons from different years with a given composite period (Griffiths et al., 2013). Unlike the 301 

other compositing methods that apply a threshold to explicitly exclude images acquired beyond 45 days 302 

from the season target DOY, the Date and Cloud Distance method involves scoring all pixels, which may 303 
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then be used in the composite if the total of their season, year and cloud distance scores surpasses that of 304 

other pixels at a given location within a given season.  305 

 306 

The last three compositing methods were the Seasonal Greenest Pixel (SGP), Median pixel and Max Ratio 307 

composites. For these we only included images within 45 days of the three season DOY targets. Except for 308 

this criterion, we generated the three SGP composites with the same method as the AGP composite (Roy et 309 

al., 2010b). We applied Flood’s medioid method to generate the Median composite, using the median 310 

surface reflectance value within the seven optical bands included (Flood, 2013). The median value 311 

approach is argued to be more robust when a series includes extreme values due to clouds (which can 312 

produce high value pixels) and shadows (which produce low value pixels). The Max Ratio compositing 313 

involves comparing pixel value in the near infrared or shortwave infrared bands, selecting the maximum 314 

and calculating its ratio over the pixel value in the blue band (Luo et al., 2008). Max Ratio has been 315 

considered an appropriate alternative to max NDVI compositing, as the latter vegetation index saturates 316 

over dense vegetation, biases results in favor of vegetation and may prioritize cloudy observations over 317 

water (Lück and Van Niekirk, 2016).  318 

 319 

3.2. Framework for generating training and validation data  320 

We used ground data and the Collect Earth software to generate a dataset for training our semi-automated 321 

classification algorithms, and validating the accuracy of their outputs. This section describes (1) our 322 

functional definition of LU and LC; (2) the LULC attributes assessed with Collect Earth, and (3) the 323 

classification system we applied for this study drawing upon a subset of the data generated with Collect 324 

Earth.  325 

 326 

3.2.1. Land use and land cover (LULC)  327 

Land cover refers to the biophysical, morphological and/or topographical features of land, while land use 328 

indicates the purpose or function that humans allocate to land (Pongratz et al., 2018). Both are often 329 



17 

 

characterized in broad categories, such as cropland, forest, grassland, etc., but they can also be subdivided 330 

into more detailed classes, such as, irrigated field crops, non-irrigated tree crops, grazing pastures, etc. 331 

Many land use classes exhibit different land covers throughout a season, year or management cycle. Tree 332 

plantations and field crops, for example, may appear as bare land at the beginning of a planting cycle, then 333 

later develop a vegetation cover reaching 90-100%.  334 

 335 

3.2.2. LULC Assessment framework  336 

Our LULC assessment with Collect Earth captures a wide variety of categorical data, as well as 337 

continuous, quantitative data to characterize land in Gurué district (Figure 4, Supplementary tables 2, 3, 4, 338 

5, 6, and 7). Our assessment framework includes the six broad land use categories as defined by the 339 

Intergovernmental Panel on Climate Change (e.g. cropland, forest, grassland, settlement, wetland and 340 

other land), as well as more detailed land use and land cover classes outlined by Mozambique’s national 341 

classification system (IPCC, 2006; Marzoli, 2007; FAO, 2015). As the national classification system was 342 

developed primarily for forest monitoring, we added cropland classes referenced in literature on 343 

Mozambique (Suit and Choudhary, 2015; Folmer et al., 1998) (Table 1).  344 

 345 

Independent of the categorical class of a parcel, we also estimated the percentage of land covered by 346 

features such as trees, crops and paved roads (Supplementary table 2). We grouped the percentages into 347 

often-used bins of 5 or 10% (Supplementary table 3). Lastly, we collected additional information to better 348 

characterize cropland intensity, including cropland type (e.g. permanent, shifting); irrigation status, field 349 

size and use of agricultural inputs (Supplementary tables 4, 5, 6 and 7). This LULC assessment framework 350 

(Figure 4A) enables the collection of data that can be used to assess conversions between broad as well as 351 

more narrowly-defined categories and modifications within them. The data can easily be filtered and 352 

reaggregated into different classes pursuant of diverse classification systems and serving a variety of 353 

LULCC assessment objectives.  354 

 355 
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3.2.3. Classification system and sampling design for training and validation data  356 

We generated training and validation data in three steps. First, we performed two ground-based data 357 

collection campaigns in Gurué district during the wet (late March) and dry (early October) seasons of 358 

2017 during which we visited 48 locations covering 27 different LULC classes. We selected the sites 359 

opportunistically to sample as many classes as possible and capture the internal heterogeneity within each 360 

class. At each site, we recorded the LULC class (e.g. non-irrigated field crop), the predominant species or 361 

types of vegetation present (e.g. tea, Camellia sinensis), general notes on land features in close proximity 362 

to the site that might influence the spectral signature of the pixel (e.g. shade-grown tea), the coordinates 363 

using a Garmin 64s or Garmin Montana 680 GPS unit and a photosphere (360 degree photograph) using a 364 

Ricoh Theta S camera. Supplementary figure 2 provides sample photospheres from some smallholder and 365 

large-scale farms in Gurué. We then imported the field notes and photosphere links into Google Earth to 366 

guide our assessment of 87 sites (including the 48 field locations) in Gurué through augmented visual 367 

interpretation with Collect Earth (Figure 4B, 4C).  This involved assessing each site’s land use and land 368 

cover for each of the three composite periods with very high resolution (VHR) satellite imagery when 369 

available in Google Earth (Figure 4A, Table 2).  In Mozambique, Google Earth displays imagery acquired 370 

by Digital Globe (e.g. WorldView 3 and WorldView 4 satellites which have a 0.31 meter spatial resolution, 371 

and QuickBird, which has a 0.65m spatial resolution) and SPOT (e.g. SPOT 6 and 7 of 1.5 meter 372 

resolution).  The most recent imagery within Google Earth is also available as background imagery within 373 

Google Earth Engine.  Supplementary figure 3 shows VHR imagery of sample smallholder and large-scale 374 

farm from several sites within Gurué.  When VHR imagery was not available, we assessed Landsat and 375 

Sentinel 2 imagery in conjunction with the NDVI times series over the 10-year reference period.   376 

 377 
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 378 

Figure 4:  Overview of the LULC cover assessment framework applied with Collect Earth and Google 

Earth 
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To maximize the amount of training and validation data available, we created polygons in Google Earth 379 

outlining the extent of the homogeneous land parcels at each site. We deleted some field sites located in 380 

close proximity (less than 30 m) to sites of a different land use category, and consolidated sites with 381 

similar LULC classes (e.g. differing only in crop type).  We also recorded changes in LULC class and 382 

spatial extent of homogeneous land parcels. Using Google Earth Engine, we joined each site’s Collect 383 

Earth (CSV format) data with each site’s spatial extent delineated in Google Earth (KML format). 384 

Ultimately, we randomly sampled 21,700 pixels spread across 87 sites in Gurué covering 1,953 hectares to 385 

generate training and validation data for the LULC classifications produced with the five pixel-based 386 

composites for the 2015-2017 period (Table 2). 387 

 388 

To generate validation data for our LULC change masks, we modified the process above by reducing the 389 

zone available for sampling to the spatial extent of overlapping polygons from consecutive time periods, 390 

and by comparing the Collect Earth data from both time periods to allocate parcels to the stable or change 391 

category. Where the land use categories or – if applicable – cropland attribute (e.g. field crop, tree crop or 392 

fallow) or field size (small- or large-scale) remained the same between Time (T) 1 and T2 or between T2 393 

and T3, we randomly sampled the overlapping extent to generate data to test the accuracy of the stable 394 

class.  Conversely, where a change in land use category occurred or any of the cropland attributes changed, 395 

we generated testing data for the change class. 396 

 397 
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Table 1:  LULC Classification system (intermediate and final mapped classes) 

 398 

 399 

Table 2:  Proportion of training and testing data generated with VHR satellite imagery 

  400 

 401 

3.2.4. Image classification and change detection with Google Earth Engine  402 

We generated a set of features as inputs to the classification. After preliminary testing of 113 features, we 403 

achieved the best results using a combination of 86 features including the optical bands, vegetation 404 

indices, Tasseled cap transformation and texture data (28 features) for the wet, mid and dry seasons as well 405 

as terrain data (Table 3). We used the Random Forest algorithm for our 2-stage image classifications. In 406 
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the first stage, broad land use categories were mapped by their constituent land cover classes listed in 407 

Table 1 (e.g. closed canopy evergreen forest, open canopy deciduous forest, etc.) using all features listed 408 

in Table 3.  We subsequently merged all land cover (intermediate mapped) classes into their final mapped 409 

class.   410 

 411 

For this second stage classification, we used a smaller subset of features, including the grey-level co-412 

occurrence matrix textural features shown in Figure 5 and spectral features that are starred in Table 3, to 413 

disaggregate small- and large-scale cropland in a second Random Forest supervised classification.  We 414 

grouped training data for small and medium sized cropland (with field sizes less than or equal to 5 415 

hectares) together for the Small-scale cropland class, while data from large and very large sized cropland 416 

(with field sizes greater than 5 and 100 hectares respectively) were used for the Large-scale cropland class.  417 

 418 

We chose to do a two-round classification because our approach relies heavily on textural features 419 

targeting homogeneity to disaggregate small- and large-scale cropland.  Separating cropland from other 420 

vegetated classes in the first classification allows us to avoid potential confusion with non-cropland 421 

classes that can also appear homogeneous at certain times in the year.  Our concern was that texturally 422 

homogenous parcels of forest or grassland could be misclassified as large-scale cropland.  The two-round 423 

classification approach reduced this risk.    424 

 425 
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Table 3:  Features for image classification 

 

 

* All features were used in the first round classification, while only the starred features were used in the second 
round classification to distinguish between small- and large-scale field cropland. 
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 426 

Figure 5:  Selection of texture features used in the cropland classification. (A. Very high resolution images 

from four sample sites within the study area; B. Sum entropy; C. Dissimilarity; D. Inverse difference 

moment; E. Sum average. B, C, D, and E images were generated with 30m resolution Landsat imagery. In 

the Sum entropy and Dissimilarity features, large-scale homogenous cropland tends to have lower values 

and appear darker than other land uses in the study area.  In the Inverse difference moment feature, large-

scale features have higher values and tend to be lighter.  And in the Sum Average feature, large-scale tree 

plantations have extremely high values and appear white, while large-scale field crops have extremely low 

values and appear nearly black, and other more heterogenous features appear as grey.) 
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We applied this method to produce five land use classifications for the 2015-2017 period (T3), one for 427 

each of five compositing methods evaluated, and we assessed the accuracy of each.  The compositing 428 

methods that underpinned the classifications with the highest overall accuracies in T3 (as well as the 429 

highest accuracy for the cropland classes) was used to composite images for the 2005-2007 (T1) and 2011-430 

2013 (T2) periods.  431 

 432 

During post-processing, the settlement classes from the compositing method with the highest accuracy for 433 

that class was overlain atop the main classification for each time period.  Using an object-based size filter, 434 

we also identified large-scale cropland patches smaller than five hectares and re-classified them as small-435 

scale cropland.  Lastly, we used a majority filter with a 3x3 pixel window to remove the speckle effect of 436 

all classifications. 437 

 438 

We produced a basic land use change map by evaluating land use trajectories across the entire reference 439 

period and retaining six that were: (1) stable small-scale cropland, (2) stable large-scale cropland, (3) 440 

expansion of small-scale cropland, (4) expansion of large-scale cropland, (5) agricultural consolidation 441 

represented by conversions from small- to large-scale cropland, and (6) all other trajectories (Table 4). To 442 

assess the accuracy of the two change masks (T1-T2 and T2-T3), we evaluated changes between small-443 

scale cropland, large-scale cropland and the remaining land use categories, which were merged into a 444 

broader other land class.  A random selection of points from our stable and change validation polygons 445 

were cross checked with the two change masks. We also explored other change detection techniques such 446 

as vegetation index thresholding and voting, but they did not increase the accuracy of our change masks 447 

from post-classification comparison. 448 

 449 

 450 
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Table 4:  Land use trajectories 

451 
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4. Results  452 

The five compositing methods performed differently in terms of removing cloud, haze and shadow 453 

artefacts (Figure 6). The appearance of the composites varied most in the wet and dry seasons, while the 454 

mid season images appeared most similar. Despite the uniform application of cloud and shadow removal 455 

steps during preprocessing, some hazy and shaded pixels remained post compositing.   The Data and 456 

Cloud Distance and Seasonal Greenest Pixel composites included more hazy and shaded pixels than the 457 

Median composite. For the Date and Cloud Distance method, this may have been due to less favorable 458 

image acquisition conditions on the target day and year. However, for the Annual and Seasonal Greenest 459 

Pixel and Max Ratio methods, the inclusion of hazy pixels may be indicative of a more systematic bias, as 460 

hazy pixels often had higher reflectance values than clear pixels in the bands required for NDVI and Max 461 

Ratio calculations. The Median composite performed the best in terms of cloud-, shadow- and haze-462 

removal and general visual consistency. The inconsistencies generated through the four other compositing 463 

process were not immediately visible in the classified images, but they became apparent when viewing 464 

the classification results.  465 

 466 

The temporal characteristics of the pixels used in the composites varied greatly (Figure 7). Some of this 467 

variation was dictated during the compositing process. The Date and Cloud Distance method required the 468 

specification of a target year. This method had the highest percentage of pixels (88%) from a single year, 469 

followed by the Median composite (with 77%) and the Max Ratio composite (with 57%). The Date and 470 

Cloud Distance and Annual Greenest Pixel composites were the only methods that drew upon three full 471 

calendar years’ worth of data. Using the Annual Greenest Pixel composites available within GEE, it was 472 

not possible to identify the acquisition date of each pixel nor calculate the difference between the target 473 

day of year (DOY) and the actual pixel date. Similarly, it was also not possible to assign a single DOY to 474 

Median composited images, as the acquisition DOY of pixels at any given location may vary between the 475 

six original bands used. For the Date and Cloud Distance composite, however, most  476 
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 477 

Figure 6:  Comparison of three wet, mid and dry season composites for Site 3 
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Figure 7:  Visualization of composite metrics for three compositing methods 

478 
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pixels were within two days of the seasonal target. The mode DOY difference for the Max Ratio 479 

composites was 36 days. Lastly, the three compositing methods with hard season limits (Seasonal 480 

Greenest, Median and Max Ratio) drew upon 1-39 observations per location with at least nine 481 

observations available for most locations.  482 

 

For the 2015-2017 period, the overall accuracy of the supervised classifications ranged from 87.42% to 483 

92.41% for the Date and Cloud Distance composite and Median composites, respectively (Table 5). There 484 

was an insufficient amount of training and validation data for the wetland class to include it in the 485 

classification results. The amount of settlement training data was also limited, and the class could only be 486 

identified in the Annual Greenest Pixel and Median composites, with the former method achieving the 487 

highest user’s accuracy for this class.  The Median composite also had the highest user’s accuracy for the 488 

small-scale cropland, large-scale cropland, tree crop and other land classes, as well as the highest average 489 

accuracy for three of these four classes. Choosing the median rather than the maximum value as the 490 

preferred compositing methods for previous time periods enhanced the distinguishability of the three 491 

cropland classes, which are spectrally similar during the wet season. Apart from the settlement class, the 492 

grassland class had the next lowest user’s accuracy of the Median composite, due entirely to the class’s 493 

confusion with small-scale cropland. The Annual Greenest Pixel composite performed best for the 494 

grassland class. This may be due to the lack of seasonal data provided for this composite. All other 495 

seasonal composites had errors of commission of small-scale crop into the grassland class. Small-scale 496 

cropland had a spectral signature more similar to grassland during the mid and dry seasons.  497 

 498 

After post processing, the Median composite still performed better than the other compositing methods  499 

for the identification of large-scale cropland (producer’s and user’s accuracy averaged: 98.25%), and to a 500 

lesser extent, the classification of small-scale cropland (averaged producer’s and user’s accuracy: 501 

84.74%) (Table 5).  The overall accuracy after post-processing was 93.12% for the 2015-2017 502 

compositing period and 96.10% and 94.85% for periods 1 and 2 respectively (Table 6).  We selected five 503 
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subsites within Gurué district (shown in Figure 1) to more clearly illustrate the differences in the 504 

composites (Figure 6), classifications and trajectories (Figure 8).  Land use maps for the entire study site 505 

and for periods 1, 2, and 3 are shown in Figure 9. 506 

 507 

 

Table 5:  Producer's, user's and overall accuracy by compositing method and land use class 

 

 

Table 6:  Overview of map accuracies 

 508 
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A. Site 1 
9/7/2017 

Site 2 
23/8/2017 

Site 4 
11/7/2017 

Site 5 
9/7/2017 

    

  
B. 

    
C. 

    
D. 

    

  
E. 

     509 

Figure 8:  Land use land cover classification by compositing method and evaluation site (A. Very high 

resolution images for each site with image acquisition date; B. Greenest Pixel Composite; C. Date and 

Cloud Distance composite; D. Median composite; E. Land use trajectory 
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 510 

Figure 9:  Land use maps for periods 1, 2, and 3 

 511 

Our 2007-2017 land use change assessment focused on small- and large-scale cropland trajectories and 512 

found that the largest source of change was small-scale cropland expansion on forest, grassland, other 513 

land and settlement).  The gross area of small-scale cropland expansion (1,214 km2) is approximately 514 

double the area of stable small-scale cropland (660 km2), covering approximately 22% and 12% of the 515 

Gurué land area respectively (Table 7).  However, accounting for the area of small-scale cropland 516 

returning to other land uses over this time, and considering only lands that have been under cultivation for 517 

two consecutive time periods (to reduce the inclusion of fallow cropland), small-scale cropland expansion 518 

is closer to 1,075 km2 (Figure 10). Our results indicate that the area occupied by large-scale cropland is 519 

substantially smaller, but expanded by roughly 4%, with most additions (65%) occurring on land that was 520 

small-scale cropland (Table 10 and Figure 11). Gross large-scale cropland expansion into other land use 521 

classes constituted 1.03% of Gurué’s land area, and largely on forest lands. Stable large-scale cropland 522 

occupied only 8.9 km2 (0.16%).   The mean amount of precipitation of small-scale cropland over the most 523 

recent period was nearly 1,000 mm higher than the mean of large-scale cropland (Figure 12).  However, 524 

large-scale cropland tended to be located on more accessible lands, with a mean travel time of 51 minutes 525 

in contrast to small-scale croplands mean of 80 minutes (Figure 13). 526 
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Table 7:  Area and proportion of main land use trajectories (gross) 

 527 

 528 

 529 

Figure 10:  Land use classes converted to small- and large-scale cropland (net) 

 530 

 531 

Figure 11:  Proportion of land use classes converted to (A.) small-scale field crop and (B.) large-scale 

field crop 

 532 



35 

 

 533 

 

5. Discussion  534 

Our findings regarding the use of multiple seasonal composites are similar, but slightly different from 535 

those of Azzari and Lobell (2017), who found that additional seasonal data improved classification 536 

accuracy. Although we achieved the highest overall accuracy with data from multiple seasons that 537 

captured the variation in phenology of different classes, this additional information created more 538 

confusion (higher commission and omission error) for the settlement and grassland classes.  539 

 540 

The Median compositing method performed best for assessing cropland and multi-class dynamics in 541 

Gurué district. However, for assessments focused on grassland or urban areas, the Annual Greenest Pixel 542 

compositing method would be more suitable. In this regard, our findings are consistent with those of Lück 543 

and van Niekirk (2016), who also found that different compositing methods performed better for certain 544 

LULC classes. Although we did not test their rule-based compositing method, it may be the best solution 545 

to generate the highest accuracy possible for vegetated and non-vegetated classes. However, the Median 546 

compositing methods performed very well with an overall accuracy of 93.12%. It is also less demanding 547 

 

Figure 12:  Mean cumulative precipitation for 

small- and large-scale cropland during T3 

 

Figure 13:  Accessibility of small- and large-scale 

cropland 
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computationally and technically to implement (in comparison to the Date and Cloud Distance composite, 548 

for example), as Google Earth Engine has a built-in command to facilitate the procedure.  549 

 550 

Although Roy et al. (2010a) found that the annual mean number of Landsat ETM+ images acquired in 551 

Africa with less than 40% cloud cover was 6.9 per year, the total number of observations per pixel 552 

location can be greatly increased through the inclusion of Landsat OLI images and pixel-based 553 

compositing over a multi-year period (Roy et al., 2010a).  Our seasonal composites drew upon 1-39 554 

observations per pixel location. However, it should be noted that the Gurué study site represents the 555 

higher end of the spectrum in terms of image availability in Africa because it is located where two paths 556 

and rows overlap. For assessment of rapid land use changes over time spans shorter than three years, the 557 

Annual Greenest Pixel composite is likely to perform better in areas with more limited archives of historic 558 

imagery.  559 

 560 

Annual Greenest Pixel composite performed the worst for distinguishing between small- and large-scale 561 

cropland. This is most likely due to the greater range of pixel acquisition dates. The greenest pixels occur 562 

at the peak of the wet season, which is also the cloudiest period of the year. As the compositing algorithm 563 

seeks pixels from the days and months pre- and post-wet season, it reaches into periods of the year with 564 

lower cloud cover, but also slightly different phenological conditions. This results in spectral variation 565 

that seems to distort the texture sufficiently to render large-scale cropland more heterogeneous and 566 

consequently more similar to small-scale cropland. 567 

 568 

One limitation of this method is our treatment of a 3-year composite period as a single point in time.  569 

Although uniformly applied, (a) land use changes can and certainly do occur within the composite period; 570 

(b) it is possible that this approach may adversely impact periods in an unequal way – in particular 571 



37 

 

periods of rapid change, and (c) our study does not quantify how intra-composite period change impacts 572 

change detection between different time periods. 573 

 574 

Despite these limitations, it is evident that image spectral features in conjunction with textural features, 575 

such as sum entropy, dissimilarity, inverse difference moment and sum average, can be used to 576 

disaggregated cropland by scale in this context.  We noted a large amount of variation within the cropland 577 

class NDVI and other vegetation indices and spectral features.  This variation can be due to the type of 578 

crop grown, the soil and substrate the crop is grown upon and the plant densities both can support, the 579 

amount of weeding, tilling and precipitation, and the elevation of the field.  In Gurué district, small and 580 

large-scale farms grow many of the same crops and across a similar range of elevation and precipitation 581 

levels (although the distribution differs).  This study did not systematically sample all of these variables 582 

nor estimate their impact on specific vegetation index values of smallholder and large-scale cropland 583 

throughout the study area.  However, we did generate training and testing data from cropland covering the 584 

different contexts described above.  We found that vegetation indices, like NDVI and other spectral 585 

features are useful, but insufficient for disaggregating small- and large-scale cropland.   The textural 586 

features we used, especially those mentioned above, performed better.  These features are essentially 587 

measures of homogeneity, which is a more consistent proxy of scale in our study area. 588 

 589 

Gurué district is similar to countless other areas of Africa, Latin America and Asia where small-scale 590 

(often family) farms primarily rely upon manual labor, while larger-scale commercial farms tend to be 591 

mechanized.  The machinery used to sow, plant, harvest and or irrigate renders the land more homogenous 592 

in texture.  This homogeneity and the larger size of the field parcels enable this method to distinguish 593 

small-scale unmechanized cropland from larger-scale mechanized cropland.   594 

 595 

Evaluating small- and large-scale cropland dynamics separately can yield valuable information for land 596 

management as well as agriculture-based economic development plans.  As Mozambique navigates its 597 
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relationship with foreign and domestic agribusiness investors, explores strategies to alleviate poverty and 598 

food insecurity, and works to mitigate climate change, it can be useful to know that small-scale cropland 599 

expansion is still the proximate cause of a far larger areas of forest and grassland loss in Gurué district – 600 

even after accounting for smallholder displacement that may be due to large-scale cropland expansion.  601 

Over the past 15 years, large-scale farms have been expanding on more accessible lands.  Given the cost 602 

(financial and/or physical) associated with transporting agricultural goods to market, limiting large-scale 603 

cropland expansion to less accessible lands and channeling smallholder displacement towards more 604 

accessible lands could have a positive, albeit small-scale impact on poverty alleviation.  Monitoring 605 

spatially-explicit small- and large-scale cropland dynamics in conjunction with census data on household-606 

level social and economic development may yield more empirical evidence regarding the contribution of 607 

large-scale agribusiness enterprises on poverty alleviation or exacerbation in Mozambique. 608 

 609 

6. Conclusion  610 

This paper uses Gurué district of Mozambique as a demonstration site of a new method for disaggregating 611 

small- and large-scale cropland dynamics. This method can be upscaled and applied in many parts of the 612 

world - with similar historic image availability challenges, and similar economic contexts leading to great 613 

disparities between small-scale unmechanized cropland and very large-scale mechanized cropland - to 614 

explore land consolidation dynamics and agent-specific pathways of land use change. This study has 615 

relied heavily on Google Earth Engine to conduct most steps of the workflow, including (1) processing of 616 

training and validation data, (2) image pre-processing to remove cloud, haze and shadow pixels, (3) 617 

testing a variety of pixel-based compositing methods, (4) image processing to develop and select features 618 

for (5) classification, (6) accuracy assessment and (7) land use change analysis.  We have also 619 

demonstrated an innovative method for using Collect Earth and Google Earth to efficiently generate 620 

training and validation data. Using this trio of free software tools, we have assessed land use and land 621 

cover change from 2007 to 2017 in Gurué district of Mozambique.  Our findings confirm that pixel-based 622 

compositing is an effective way to generate cloud-, haze- and shadow-free images in a persistently cloudy 623 
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region of Africa, even with a less complete Landsat archive (relative to locations in Europe and North 624 

America).  However, we recommend evaluating how different compositing methods impact classification 625 

results, especially for land use or land cover classes most relevant to assessment objectives.  Pixel-based 626 

compositing impacts spectral and textural variation observed within LULC classes.  For this study geared 627 

toward identifying cropland extent and distinguishing between different small- and large-scale cropland, 628 

we found that Median compositing supported the most accurate land use classification for our study area 629 

and reference period. This method opens possibilities for research addressing many key questions related 630 

to farm size in Africa, including dynamics of large-scale land acquisitions for crop production, cropland 631 

consolidation and land use spillover between large and small farms.  632 
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Supplementary figure 1: Interface of Collect Survey Designer 887 
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Supplementary figure 2:  Examples of smallholder and large-scale cropland visited in the field 890 
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 891 
 892 
Supplementary figure 3:  Examples of smallholder and large-scale cropland in very high resolution 893 
satellite imagery used as background within Google Earth Engine.  The area of each circular location 894 
shown is 5 hectares. Smallholder farms are featured in black circles and large-scale farms are circled in 895 
red. 896 
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 897 

Supplementary figure 3 (continued):  Examples of smallholder and large-scale cropland in very high 898 
resolution satellite imagery used as background within Google Earth Engine.  The area of each circular 899 
location shown is 5 hectares. Smallholder farms are featured in black circles and large-scale farms are 900 
circled in red. 901 

902 
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