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A B S T R A C T

Classifying land use/land cover (LULC) with sufficient accuracy in heterogeneous landscapes is challenging
using only satellite imagery. To improve classification accuracy inclusion of features from auxiliary geospatial
datasets in classification models is applied since 1980s. However, the method is mostly limited to pixel-based
classifications, and the coverage, accuracy and resolution of free and open-access auxiliary datasets have been
poor until recent years.

We evaluated how recent global coverage open-access geospatial datasets improve object-based LULC clas-
sification accuracy compared to using only spectral and texture features from satellite images. We applied
feature sets topography, population, soil, canopy cover, distance to watercourses and spectral-temporal metrics
from Landsat-8 time series on the southern foothills and savanna of Mt. Kilimanjaro, Tanzania, where the
landscape is characterized by heterogeneous and fragmented mosaic of disturbed savanna vegetation, croplands,
and settlements.

The classification was based on image objects (groups of spectrally similar pixels) derived from segmentation
of four Formosat-2 scenes with 8m spatial resolution using 1370 ground reference points for training, validation,
and for defining 17 LULC classes. We built six Random Forest classification models with different sets of object
features in each. The baseline model having only spectral and texture features was compared with five other
models supplemented with auxiliary features.

Inclusion of auxiliary features significantly improved classification overall accuracy (OA). The baseline model
gave a median OA of 60.7%, but auxiliary features in other models increased median OA between 6.1 and 16.5
percentage points. The best OA was achieved with a model including all features of which elevation was the most
important auxiliary feature followed by Enhanced Vegetation Index temporal range and slope degree.

Applying object-based classification to geospatial information on topography, soil, settlement patterns and
vegetation phenology, the discriminatory potential of challenging LULC classes can be significantly improved.
We demonstrated this for the first time, and the technique shows good potential for improving LULC mapping
across a multitude of fragmented landscapes worldwide.

1. Introduction

Spatially explicit land use and land cover (LULC) information at
local, regional and global scales is one of the key variables needed for
numerous environmental applications, such as assessing patterns of
biodiversity, management of natural resources, prioritizing conserva-
tion activities and mapping environmental degradation (Wulder et al.,
2018; Yu et al., 2014). Integration of Earth observation and other

spatial data from multiple sources is required to derive this information
with sufficient accuracy and level of detail over large areas (Herold
et al., 2016). Use of multispectral single-date satellite data alone is not
sufficient, especially in landscapes characterized with heterogeneous,
discontinuous vegetation structure and extensive human-induced LULC
disturbance (Strahler, 1981; Bruzzone et al., 1997; Rodriguez-Galiano
and Chica-Olmo, 2012). In such landscapes, LULC types are often dif-
ficult to separate spectrally due to low inter-class separability and high
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intra-class variability (Sluiter and Pebesma, 2010; Rodriguez-Galiano
and Chica-Olmo, 2012). In African savanna vegetation structure and
pattern is heterogeneous (Mishra and Crews, 2014) and dynamic driven
by high spatio-temporal variability in rainfall, soils, geomorphology,
herbivory, fire history and anthropogenic disturbance (Coughenour and
Ellis, 1993).

The importance of incorporating auxiliary spatial data (also termed
ancillary, collateral or multi-source data) to the primary remotely sensed
data to improve classification accuracy was recognized already 40 years
ago (Fleming and Hoffer, 1979, Strahler, 1980, 1981, Hutchinson,
1982). These methods are based on the assumption that since vegeta-
tion communities are related to environmental factors such as topo-
graphy, geology, climate, soil, and water availability (Franklin, 1995;
Sluiter and Pebesma, 2010), they can be included as additional classi-
fication explanatory features (Khatami et al., 2016). Auxiliary data in
general is shown to improve accuracy in operational land cover clas-
sification and monitoring efforts on continental to global scales (Brown
et al., 1993; Zhu et al., 2016; Yu et al., 2013; Feng et al., 2018).

The opening of Landsat satellite image archives revolutionized the
utilization of data by user community. Together with advancements in
the technical capacity to analyse massive amounts of data using cloud-
based computing systems, it has dramatically increased the use of time
series datasets in land cover mapping (Wulder et al., 2012, 2018), since
inclusion of temporal dimension through satellite image time-series can
improve classification accuracy (Wulder et al., 2012, Fraklin et al.,
2015). Intra-annual spectral variability of land cover caused by varia-
tions in soil moisture, sun elevation, topography, atmospheric condi-
tions, view angle and phenology can be accounted for with repeat ob-
servations over time (Gómez et al., 2016). This can be particularly
helpful for classifying vegetation with specific temporal patterns caused
by periodic vegetation life cycles or different land use types (Zhu and
Woodcock, 2014; Liu et al., 2016; Mack et al., 2017).

Several approaches to derive variables from time-series data exist
(Gómez et al., 2016), but spectral-temporal metrics are particularly
suitable for mapping of LULC over large areas, as they significantly
reduce the number of features the classifier algorithm has to handle
(Carrasco et al., 2019). Spectral-temporal metrics are statistical ag-
gregations of quality-screened reflectance or spectral index time-series
observations, which can be used as primary or auxiliary features in
classification (Potapov et al., 2012; Zhang and Roy, 2017; Xie et al.,
2018). These metrics are resilient to data gaps caused by persistent
cloud cover or system failures (De Fries et al., 1995; Mack et al., 2017)
and inconsistent number of available satellite images (Carrasco et al.,
2019).

Auxiliary datasets have been successfully applied for supporting
pixel-based classifications, but are used less in object-based image
analysis (OBIA). Image objects represent meaningful entities, or groups
of homogeneous pixels, that are distinguishable in an image in a certain
scale (Blaschke et al., 2014). In addition, coupling of OBIA with
Random Forest (RF) classification models has been poorly studied
(Belgiu and Drăgut, 2016), and to the best of our knowledge, no re-
search on the impact of auxiliary spatial datasets on object-based
classification accuracy has been done.

OBIA provides numerous benefits over pixel-based approaches.
Firstly, OBIA has been shown to outperform pixel-based classification
methods in overall classification accuracy, using a variety of remotely
sensed imagery and in different landscapes ranging from savanna to
agricultural and urban land cover (Whiteside et al., 2011; Yu et al.,
2006; Myint et al., 2011). Secondly, objects can approximate hetero-
geneous real-world features better than arbitrary pixels (Whiteside
et al., 2011), which is a benefit in mapping patchy and dynamic sa-
vanna vegetation (Mishra and Crews, 2014). Classifying objects instead
of pixels also reduces local spectral variability and reduces the ‘salt and
pepper’ effect (Yu et al., 2006; Whiteside et al., 2011) especially with
high spatial resolution data. Thirdly, there is no need for resampling
different auxiliary datasets into a common pixel size, since pixel values

are aggregated for each image object. Downscaling to coarser resolution
happens when object features are calculated.

Khatami et al. (2016) evaluated how different input data manip-
ulation methods improved classification accuracy in statistical meta-
analysis of 15 years of literature (n=266) on supervised pixel-based
image classification. The inclusion of texture information yielded the
greatest improvement in overall accuracy (OA) by 12.1 ± 1.8%, fol-
lowed by inclusion of auxiliary data (8.5 ± 1.1%), multi-angular
(8.0 ± 2.6%) and multi-temporal imagery (6.9 ± 1.3%). Other
methods, like calculation of spectral indices and feature extraction (e.g.
Principal Component Analysis), offered smaller improvements in OA.

One of the limiting factors of utilizing auxiliary data has been that
traditional parametric classification algorithms, such as maximum
likelihood, assume input data to have a known distribution (Wulder
et al., 2018). In addition, use of various data types from continuous to
categorical and spatial resolutions has to be taken into account (Lu and
Weng, 2007; Wulder et al., 2018). Curse of dimensionality, or Hughes
phenomenon, complicates application when number of training data is
insufficient to characterize the increased complexity of high-dimen-
sional feature space (Hughes, 1968; Belgiu and Drăgut, 2016; Maxwell
et al., 2018). All of these issues have to be taken into account when
selecting the appropriate classification methodology. Different non-
parametric solutions, like knowledge-based classifiers based on heur-
istic rules (Srinivasan and Richards, 1990), neural networks (Bruzzone
et al., 1997), evidential reasoning (Gong, 1996), and more recently,
machine learning algorithms (Belgiu and Drăgut, 2016) such as RF have
been proposed. Machine learning algorithms have gained popularity,
since they achieve better classification accuracies, and lack distribu-
tional assumptions of input and training data (Rodriguez-Galiano and
Chica-Olmo, 2012; Maxwell et al., 2018). They are particularly suitable
for classification of multisource data (Gislason et al., 2006), since they
can handle both non-linear and nominal/ordinal data (Lu and Weng,
2007; Pal, 2005).

Another limitation of extensive use of auxiliary datasets has been
the scarce availability of free and open access analysis-ready spatial
datasets of global coverage of reasonable quality, accuracy, and re-
solution. Data availability for sub-Saharan Africa has been particularly
poor (Mundia and Gachari, 2011; Mishra and Crews, 2014). The new
global datasets, developed by the global scientific community or
through crowd-sourcing efforts, are ready for analysis with little or no
processing effort if national datasets are not available. Their applic-
ability in operational LULC mapping in fragmented and heterogeneous
landscapes such as sub-Saharan savannas has not yet been tested.

The impact of the new geospatial datasets on accuracy of LULC
classification of heterogeneous landscapes using OBIA has not yet been
quantitatively assessed. We aim to bridge this knowledge gap by rig-
orously testing the impact of auxiliary geospatial datasets on object-
based single-date LULC classification with RF. We built RF classification
models with different auxiliary input feature sets, and compared their
performance to the baseline classification model, which had only
spectral and texture features from Formosat-2 satellite images. We
chose a disturbed and heterogeneous savanna landscape in North-
Eastern Tanzania as our study area because of its ecological sig-
nificance, lack of prior mapping efforts and challenging heterogeneous
and dynamic land cover. To reach our general objective, four research
questions were addressed: 1) how much classification accuracy can be
improved, 2) which auxiliary datasets are most useful, 3) which LULC
classes benefited the most from auxiliary features, and 4) how the
spatial patterns and proportional distribution of LULC classes are af-
fected by inclusion of different input features.

2. Study area

Mt. Kilimanjaro in North-Eastern Tanzania is a UNESCO world
heritage site, a biodiversity hotspot (Myers et al., 2000) with about
3000 vascular plant species (Hemp, 2006c) and partly protected as a

P. Hurskainen, et al. Remote Sensing of Environment 233 (2019) 111354

2



National Park. It is the highest solitary mountain of the world rising
from the savanna plains at 700m to a summit at 5895m. Dry and hot
colline savanna zone surrounds the mountain between 700 and 1100m,
characterized by patchy remnants of natural savanna vegetation mixed
with croplands. The forests of the submontane zone are mostly con-
verted into a special type of agroforestry, the Chagga homegardens
(Hemp, 2001, 2006a, 2006b, 2006c). The mountain acts as a water
tower feeding major river systems, plays a dominant role in regional
climate regulation, and provides important ecosystem services to local
people. Large-scale habitat conversion, habitat disturbance by in-
creased fire frequencies (Hemp, 2005), agricultural intensification and
rapid human population growth threaten Kilimanjaro's biodiversity,
which is highest in the lowlands (Hemp, 2001; Peters et al., 2016).
Kilimanjaro is close to an isolated ecosystem, surrounded by agri-
cultural lands with far reaching consequences to biodiversity and resi-
lience of managed ecosystems to environmental change (Hemp and
Hemp, 2018). Human population in the region has increased from 0.1
to 1.2 million from 1914 to 2012 (Hemp and Hemp, 2018).

The study area of 1300 km2, located on the southern slopes of Mt.
Kilimanjaro (Fig. 1) was chosen based on relatively good accessibility,
as well as availability of cloud-free high spatial resolution satellite
imagery and vegetation survey data. The northern upslope boundary is
at the potential transition of the colline savanna into submontane
agroforestry at 1100m, and the southern boundary at Kikuletwa and
Ruvu rivers at 700m. The area contains Moshi municipal, south-eastern
part of Hai and southern part of Moshi districts and has about 0.5
million inhabitants, with an annual growth rate between 1.5 and 2.5%
(NBS, 2013). Average population density is 375 people/km2, having the
highest densities of 375 people/km2 in urban areas and 75 as minimum
in rural areas.

According to the climate classification system of Köppen and Troll/
Pfaffen (in Müller, 1983), the study area belongs to the zone of a sea-
sonal dry tropical climate, influenced by The Inter-Tropical Con-
vergence Zone. The rainfall pattern is bi-modal, with rainy seasons
during March–May and November. Rainfall and temperature in the
study area vary with altitude and exposure to the dominant wind from
the Indian Ocean (Hemp, 2006a). Mean annual temperature ranges

between 19 and 25 °C (Otte et al., 2017; Appelhans et al., 2016), while
annual precipitation is between 400 and 1000mm (Hemp, 2006c).

A heterogeneous mosaic of disturbed savanna vegetation, croplands,
and built-up areas characterizes the study area landscape. The re-
maining natural vegetation is under heavy land use and water pressure,
driven by human population growth, expansion and intensification of
agriculture, urbanization, collection of firewood, brick manufacturing
and grazing (Soini, 2005; Lambrechts et al., 2002; Hemp and Hemp,
2018). The predominant natural vegetation consists of savanna wood-
lands, but the woodlands have degraded typically into shrub- or
grassland. Remnants of tall forest canopy exist along the river courses,
and in some areas with high groundwater table, where closed albeit
heavily disturbed lowland forests still exist. Sedges dominate the few
still existing marsh swamps. Alkaline-resistant grasses and shrubs
characterize the quite widespread dry vegetation on alkaline soils,
while table palms dominate on alkaline soils with higher groundwater.
The potential for agricultural productivity in the study area is lower
than in the highlands due to higher temperatures and evapotranspira-
tion, poorer soils (mainly Ferralsols and Acrisols), erratic rainfall and
dependency on irrigation (Røhr and Killingtveit, 2003; Maeda and
Hurskainen, 2014). Smallholder farms with fields of maize, sunflower,
beans, and millet, cultivate vast areas. South of Moshi, large rice paddy
fields and sugar cane plantations exists.

3. Data

3.1. Formosat imagery

Four Formosat-2 (F2) scenes with grid references 0193-0473 and
0193-0474 from January 18, 2012, and 0194-0472 and 0194-0473
from January 3, 2012 were used to create the image segments (here-
after referred to as objects) to be used in classification. The scenes were
cloud-free dry season images as the rains had finished in December
2011. The F2 sensor records reflected energy from the ground between
0.45 and 0.90 μm in blue, green, red, and near-infrared wavelengths at
8-m spatial resolution, and in the panchromatic band between 0.45 and
0.90 μm at 2m. The F2 images are nadir data with a swath width of

Fig. 1. Study area in Africa (top left) and in the Kilimanjaro region (bottom left) with country, district and national park boundaries. Right: spatial distribution of
field reference data points and major rivers on Formosat-2 image mosaic (green/near infrared/red bands).
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24 km and a field of regard of± 45° in the roll and pitch axis for along-
track and cross-track viewing (Chen et al., 2010).

The images were orthorectified into a local projected coordinate
reference system (Arc1960 / UTM Zone 37S (EPSG: 21037)) using
SRTM v3 Digital Elevation Model (DEM) (Farr et al., 2007) and ground
control points collected in the field with GNSS receiver, supplemented
with points collected from OpenStreetMap (OSM). We used the orbital
pushbroom model for F2 sensor, implemented in Erdas Imagine
(Version 2014). Windows. Hexagon Geospatial, 2014. Each scene was
orthorectified with 43 to 50 ground control points and total RMSE was
between 0.26 and 0.29 pixels per image. The images were corrected for
atmospheric effects and converted to surface reflectance using Cosine of
Solar Zenith Angle (COST) relative correction method (Chavez, 1996).
We did not consider absolute correction methods due to lack of in situ
and meteorological data. Topographic correction was not performed
since the topography is characterized by gently sloping foothills and
because not having appropriate spatial resolution DEM (Hantson and
Chuvieco, 2011). Finally, the four processed images were merged into a
seamless mosaic at 8m spatial resolution.

In addition, we fused the F2 panchromatic band with the multi-
spectral bands using subtractive resolution merge method (Ashraf et al.,
2012) to create a high spatial resolution (2m) pan-sharpened image
mosaic (hereafter referred as F2 fusion image). The fusion image was
used strictly to aid in collection of supplementary LULC ground re-
ference data with visual on-screen interpretation (see next chapter), not
for segmentation or classification.

3.2. Ground reference data

We collected extensive ground reference data set for training and
validation. We used existing vegetation relevés (hereafter referred as
plots) established by A. Hemp since 1996 (Hemp, 2006a), using the
Braun-Blanquet (1964) method. The oldest plots were revisited and re-
measured in 2014 with hand-held consumer-grade GNSS (Garmin
models Oregon 600 and GPSMap64s) with horizontal accuracy of 3–5m.
We established new plots between 2014 and 2017, especially on lower
altitudes and on less frequently sampled LULC classes. The plots be-
tween 10 and 1000 m2 of size contain structural parameters (height and
vegetation cover of herb, shrub, and tree layers) in combination with a
full survey of vascular plant species of all layers (trees, shrubs, epi-
phytes, lianas and herbs) (Hemp, 2006a). We also collected further 470
in situ points, where we recorded the LULC type with its coordinates,
without detailed vegetation survey. These points were measured in
locations where the LULC was homogeneous within a minimum radius
of 100m.

Training and validation data used in RF classification should be as
large as possible as well as either being randomly distributed or created
in a manner, which allows class proportions of the data to be re-
presentative of actual class proportions in the landscape (Millard and

Richardson, 2015). We were not able to fill these requirements due to
field work time and cost, so we had to supplement our primary ground
reference dataset (plot and in situ point data, 677 in total), with sec-
ondary ex situ points.

We produced an initial LULC map using object-based RF classifi-
cation with default parameters, trained with plot and in situ point data
and all available object features, to provide an initial stratification of
the study area and to get a rough estimate of class proportions (Duro
et al., 2012a). We used this map for stratified random sampling in order
to adequately sample LULC classes of interest that were relatively un-
derrepresented in the primary ground reference dataset (Duro et al.,
2012a, 2012b). From this map, we randomly sampled 730 objects,
between 8 and 86 objects per class, excluding objects that already
contained a plot or in situ point. We verified these objects using the F2
fusion image, satellite images available in Bing Maps and Google Earth,
as well as expert knowledge resulting from numerous on-site field visits
in the study area. We assessed the homogeneity of the sample objects
and rejected objects (n=37) that contained more than one LULC class
(Duro et al., 2012a) according to our classification schema (see chapter
4.3). We remained with 693 sample objects, which we converted to
point geometry (ex situ points) using object centroids. Finally, these
points were merged with the primary ground reference points (plots
and in situ points), which resulted in 1370 ground reference points in
total. Allocation of these points per class is given in Table 3.

3.3. Auxiliary data

Auxiliary data refers to any geospatial data that was not derived
from F2 satellite images. We selected recent open-access datasets that
have temporal coverage as close as possible to that of the satellite and
field data. Datasets characterizing spatial distribution and variation of
topography, population, soil characteristics, tree canopy cover, distance
to watercourses, and spectral-temporal vegetation dynamics were in-
cluded (Table 1, Fig. 2).

Local topography is an indirect gradient moderating vegetation
growth and macroclimatic regimes, such as soil development, nutrient
availability, moisture and temperature regimes (Franklin, 1995). To-
pographic features derived from DEMs commonly used in vegetation
mapping include elevation (affects temperature and precipitation),
slope angle and aspect (affects radiation regime and moisture demand),
and indices related to direct gradients such as topographic moisture
(Franklin, 1995). To characterize topography, we used a recent 1 arc-
second global Digital Surface Model (DSM), ALOS World 3D v1.1
(AW3D), generated from data acquired by PRISM instrument on board
the ALOS (Tadono et al., 2016).

Soil has a double role as both direct and resource gradient affecting
vegetation growth (Franklin, 1995). We used gridded soil information
from soilgrids.org (SG) to characterize variations in soil properties. This
dataset provides global predictions for standard numeric soil properties

Table 1
Datasets used in the LULC classification models.

Dataset, abbreviation Spatial resolution Temporal coverage Source

Formosat-2 (F2) 8 m (bands 1–4),
2 m (pan)

Jan 2012 National Space Organization of Taiwan (NSPO)/Spot Image S.A.

WorldPop (WP) 3 arcsec
(~100m)

2010 Lloyd et al. (2017)

Global Urban Footprint (GUF) 0.4 arcsec
(~12m)

2011–2012 Esch et al. (2017)

Global Tree Canopy Cover (GTCC) 1 arcsec
(~30m)

~2010 Hansen et al. (2013)

OpenStreetMap (OSM) n/a Oct 2017 www.openstreetmap.org
ALOS World 3D v1.1 (AW3D) 1 arcsec

(~30m)
2006–2011 Japan Aerospace Exploration Agency (JAXA), 2017, Tadono et al. (2016)

SoilGrids (SG) 230m Oct 2017 Hengl et al. (2017)
Landsat-8 time-series (LTS) 30m Apr 2013 – Apr 2015 U.S. Geological Survey (USGS)
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at seven depths (0, 5, 15, 30, 60, 100 and 200 cm) and distribution of
soil classes (Hengl et al., 2017). We averaged the predictions into
topsoil (0–15 cm) and subsoil (15–60 cm), using numerical integration
with trapezoidal rule as suggested by Hengl et al. (2017).

Global tree canopy cover (GTCC) data (Hansen et al., 2013) contains
per pixel estimates of maximum (peak of growing season) tree canopy
cover, derived from cloud-free annual growing season composite
Landsat-7 ETM+ data. Canopy cover data could potentially help in
differentiating life forms (trees, shrubs, herbs) having spectrally similar
reflectance.

A critical limiting factor for many plant species, which thrive in
riparian systems, is close proximity to a watercourse (Yu et al., 2006).
We downloaded OpenStreetMap (OSM, OpenStreetMap contributors,
2017) watercourses (rivers and stream feature classes) and calculated
Euclidian distance to watercourses using a flood-filling algorithm im-
plemented in eCognition Developer (Version 9.1). Windows. Trimble
Geospatial, 2014.

Two global population datasets were included to improve prediction

accuracies for classes with high population densities, and to reduce
confusion between classes that are spectrally similar to urban settle-
ments. WorldPop (WP) is a high-resolution population distribution
dataset incorporating national census data and open access remotely
sensed and geospatial auxiliary data into a RF model to predict popu-
lation density at 3 arc-second spatial resolution (Lloyd et al., 2017).
Global Urban Footprint (GUF) is a binary settlement mask produced
from TanDEM-X and TerraSAR-X radar images on 0.4 arc-second spatial
resolution (Esch et al., 2017).

We downloaded all available Landsat-8 Collection 1 images
(n=89) acquired between April 2013 and April 2015 (see Table S1).
We could not get any Landsat images close to the acquisition dates of
the F2 images (January 2012), because Landsat-5 ceased operation in
2011, Landsat-8 was not operational until 2013, and Landsat-7 ETM+
images were affected by artefacts due to scan line corrector failure. We
had to include two additional years in the time series, since apart from
few months in the dry season, acquiring a cloud-free annual mosaic of
the study area is hampered by persistent cloud cover (mean cloud cover

Fig. 2. Datasets used in the study: A) Formosat-2 (green/NIR/red bands) with segmentation objects overlaid, B) WorldPop, C) Global Urban Footprint, D) Global Tree
Canopy Cover, E) OpenStreetMap rivers and streams, F–G) ALOS World 3D, H) SoilGrids, I) Landsat-8 time-series.
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45.8% in the time series). The Landsat-8 images were processed at
USGS using the LPGS 2.7.0 software to Level-2 surface reflectance. We
filtered clouds and cloud shadows out from further processing using the
Quality Assessment band. Seven spectral-temporal metrics (De Fries
et al., 1995; Potapov et al., 2012), namely median of percentile values
10%, 25%, 50%, 75% and 90%, trimmed mean and range (10%) were
calculated using all valid pixel values for bands 2–7 and selected
spectral vegetation and water indices (see Table 2). Vegetation indices
are robust against topographic effects in East African savanna land-
scapes (Adhikari et al., 2016), so we did not topographically normalize
the images. Finally, metrics from the neighbouring scenes were mo-
saicked.

4. Methods

The methodology and experimental setup are outlined in Fig. 3.
First, we segmented the image objects from the pre-processed F2 mo-
saic, followed by calculation of spectral, texture and auxiliary feature
values for each object. Second, we organized the feature sets themati-
cally into six classification models (M1-M6), in which M1 was the
baseline containing spectral and texture features from F2, while M2 to
M6 had the auxiliary features included. Third, we used these feature
sets for RF model building, which included feature selection, parameter
tuning, and model training steps. Independent holdout training and test
data sets were used for model training and validation. Final outputs
included the LULC maps and confusion matrices, which we used to

answer the research objectives.

4.1. Image segmentation

We used multi-resolution segmentation algorithm (MRS) based on
the Fractal Net Evolution Approach (Baatz and Schäpe, 2000; Benz
et al., 2004), implemented in eCognition Developer (Version 9.1).
Windows. Trimble Geospatial, 2014, to create image objects from the
F2 image mosaic. The shape of the image objects is controlled by three
user-defined parameters: weights between colour/shape and smooth-
ness/compactness control the allowed spectral or spatial degree of
heterogeneity in each image object, while the scale parameter controls
the size of objects (Benz et al., 2004). The selection of these parameters
was done based on iterative trial and error approach, where we sys-
tematically varied the parameters and visually assessed the resulting
segmentations (Yu et al., 2006, Duro et al., 2012a, 2012b, Myint et al.,
2011, Whiteside et al., 2011; Mishra and Crews, 2014).

4.2. Calculation of object feature values

Within an image object, summary statistics based on single or
multiple input raster layers can be computed as object features (Benz
et al., 2004). We imported all auxiliary datasets to eCognition, and used
summary statistics to calculate object feature values (median, range and
standard deviation for numerical data, and mode for categorical data).
In total, we calculated 174 object features (39 from F2 satellite data and

Fig. 3. Flow chart describing the data processing steps including image segmentation, calculation of object feature values, setting up the feature sets used for building
Random Forest models M1–M6, model prediction, and accuracy assessment.
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135 from auxiliary data) for each image object in eight thematic cate-
gories (Table 2). We did not include any features related to object shape
or geometry, because they have little effect on vegetation classification
accuracy (Yu et al., 2006).

We also imported ground reference points to eCognition and applied
a spatial query, intersecting the points with the objects, which resulted
in 1370 ground reference objects and their object features calculated in
previous step. These ground reference objects were later used for
training and validation of the classification models. Lastly, we exported
the image objects, as well as the ground reference objects, as separate
polygon vector layers for further processing with R (R Core Team,
2017).

4.3. Land use/land cover classification schema

For Kilimanjaro a detailed vegetation classification already existed
before we started our study (Hemp, 2006c, 2008; Hemp et al., 2017).
This classification was based on 1500 vegetation plots following the
phytosociological method of Braun-Blanquet (1964), which were clus-
tered according to floristic similarity. These previous studies reported
33 plant communities of open or cultivated habitats and 21 forest types
for the whole mountain. Since our study area was restricted to a small
part of this previous study area only a subset of these 54 land cover
types occurred. Based on the vegetation structural properties of the 207
plots within the study area, we defined the LULC classes for our study
area using Land Cover Meta Language/LCCS v.3 (ISO 19144-2:2012).
LCML, which became official international ISO standard in 2012, is a
full object-oriented meta-language used to create class ontologies and
characterize real world objects in an unambiguous way using a phy-
siognomic-structural approach (Di Gregorio, 2016). The LCML is based
on physiognomy and stratification of biotic and abiotic materials,
which allows creation of classes that are transparent and easily re-
producible at different scales, level of detail and geographic location. In
the LCML framework, physiognomy is defined as the overall appear-
ance of a vegetation element, while structure is the spatial distribution
pattern of growth forms in a plant community (horizontal and vertical
arrangements of vegetation elements). The intrinsic structure of the
object-oriented system allows not only an unambiguous description of
real world features more consistent with the logic and structure of
modern databases but also enlarges the capability of the system to
describe phenomena related to anthropogenic activities (land use) (Di
Gregorio, 2016).

However, our final classification schema is a compromise between
what can be surveyed in the field (small-scale floristic compositions)
and what can be mapped in practice using F2 satellite imagery and
auxiliary data (coarser LULC classes). For example, we identified sev-
eral other vegetation types in the field, but since their relative coverage
was small, they were omitted and merged to the most similar class.
Furthermore, although dry savanna grasslands and shrublands were
separated in the Braun-Blanquet vegetation assessment, we could not
confidently differentiate them with satellite and auxiliary data due to
the patchy and disturbed characteristics of the savanna landscape.

Despite these limitations, we tried to utilize ecological information
collected following Braun-Blanquet (1964) as much as possible when
creating the classification schema using LCML. We utilized information
on vegetation layering, coverage and height, dominant species, soil pH
measurements, and visual evidence of disturbance. Our schema con-
tains six land use classes of cultivated and managed vegetation, 10 land
cover classes of natural and semi-natural vegetation, and one land use
class of artificial surfaces and associated areas (Table 3).

4.4. Random Forest classification model

We chose the RF classification algorithm, because it is resilient to
overfitting, training data reduction and outliers (Rodriguez-Galiano and
Chica-Olmo, 2012; Zhu et al., 2016), provides measurements of feature
importance, is relatively easy to parameterize, and has the ability to
characterize high-dimensional data with many collinear features
(Breiman, 2001; Pal, 2005; Foody, 2004; Belgiu and Drăgut, 2016; Fox
et al., 2017).

Throughout the RF model building steps, we applied R packages
caret (Kuhn et al., 2017) and randomForest (Liaw and Wiener, 2002,
2018), which follow the original code of Breiman (2001). We used
proportional stratified random sampling (Kuhn et al., 2017) to split our
1370 ground reference objects into separate training and testing sets.
This sampling method preserves overall class distributions present in
the original data set. We used 70% of the samples (n=967) for training
the classification models, while the remaining 30% (n=403) were
used as an independent hold-out test set for accuracy assessment and
statistical comparisons between different classification models (Duro
et al., 2012a).

4.4.1. Feature selection
RF is robust to high data dimensionality and many collinear

Table 2
Object features. For more detailed list, see Table S2.

Data source, feature set, number of
features

Description Used in models

F2: spectral features (17) Median and ratio of bands 1–4. Median of principal components 1–3 and spectral indices: Green Normalized
Differential Vegetation Index (GNDVI, Gitelson et al., 1996), Normalized Differential Salinity Index (NDSI, Khan
et al., 2005), Normalized Differential Vegetation Index (NDVI, Tucker, 1979), Normalized Differential Water Index
(NDWI, McFeeters, 1996), Ratio Vegetation Index (RVI, Pearson and Miller, 1972), and Soil Adjusted Vegetation
Index (SAVI, Huete, 1988).

1, 6

F2: texture features (22) Standard deviation of bands 1–4, Pan, principal components 1–3 and spectral indices (same as above). Gray-level
co-occurrence matrix (GLCM) texture features (Haralick et al., 1973) calculated from Pan band (in all directions):
angular second moment, contrast, correlation, dissimilarity, entropy, homogeneity, mean, standard deviation.

1, 6

WP & GUF: population features (2) Median population count (WP), Mode of settlement binary mask (GUF) 2, 6
GTCC: canopy cover (1) Median of tree canopy cover percentage 2, 6
OSM: distance to watercourses (1) Median distance to watercourses 2, 6
AW3D: topographic features (7) Median of elevation, slope aspect, slope degree, SAGA Wetness index (Boehner et al., 2002), Topographic Wetness

Index (TWI, Beven and Kirkby, 1979). Standard deviation and range of slope degree.
3, 6

SG: soil features (19) Mediana of soil organic carbon stock and content, pH in H2O, sand, silt and clay content, bulk density of the fine
earth fraction, cation-exchange capacity and proportion of coarse fragments. Mode of soil class (WRB).

4, 6

LTS: spectral-temporal metrics (105) Median of percentile values 10%, 25%, 50%, 75% and 90%, trimmed mean and range (10–90%) for bands 2–7 and
spectral indices: Brightness Index (BI, Khan et al., 2005), Enhanced Vegetation Index (EVI, Huete et al., 2002),
NDVI, Non-Photosynthetic Vegetation Normalized Difference (NPVND, Poitras et al., 2018), RVI, Soil Adjusted
Total Vegetation Index (SATVI, Marsett et al., 2006), Tasseled Cap Brightness, Greenness and Wetness (Crist,
1985).

5, 6

a Calculated separately for topsoil (0–15 cm) and subsoil (15–60 cm).
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features, but many authors recommend reduction of features (Belgiu
and Drăgut, 2016). We used recursive feature elimination (RFE), a
wrapper feature selection method to remove redundant features from
RF models, and used 10 iterations for each set of features (M1-M6) to
get more stable results. First, RFE fits the model to all predictors, and
each predictor is ranked using its importance to the model. At each
iteration, the top-ranked predictors are retained, the least important
predictor is eliminated, the model is refit, and performance assessed
(Kuhn, 2017). To do the validation externally, as suggested by Kuhn,
2017, we applied a 10-fold cross-validation procedure repeated 5 times
as outer resampling method to the RFE procedure.

4.4.2. Parameter tuning
Two parameters need to be set in RF: the number of features used at

each node to generate a tree (mtry) and the number of trees to be grown
(ntree). The ntree parameter should be chosen so that multiple runs of
RF produce consistent results (Fox et al., 2017), i.e. should be large
enough for the generalization error to converge and stabilize (Breiman,
2001), especially when the number of predictor variables is big (Strobl
et al., 2009). According to Breiman (2001), there is no danger of over-
adjustment even with large numbers of ntree. Once the generalization
error of ntree converges, classification accuracy can be tweaked slightly
by tuning the mtry parameter (Pal, 2005; Gislason et al., 2006;
Rodriguez-Galiano and Chica-Olmo, 2012). This is because the mtry
parameter affects both the correlation and strength of each individual
tree and thus affects the generalization error and classification accuracy
(Breiman, 2001). We tuned both parameters to find optimal values for
each model (i.e. parameters that yielded best classification OA). For
ntree, we tried values between 500 and 3000 with increments of 500.

For mtry, we run an exhaustive grid search with 10-fold cross-validation
procedure repeated 5 times.

4.4.3. Training, prediction and accuracy assessment
We trained six RF classification models employing the corre-

sponding reduced feature sets, tuned mtry parameters, and separate
training and testing data sets. It has been shown that if RF classifica-
tions are iterated with the same parameters, training and input data,
slightly different classification results and feature importance measures
are produced (Millard and Richardson, 2015). To overcome this uns-
tableness of RF classifications, we iterated training and prediction steps
50 times for each model. After model training, we classified (predicted)
LULC for all objects.

We used several measures to assess and statistically compare the
accuracy of our classifications. A confusion matrix for each model and
iteration run was calculated based on the holdout independent test data
set. From these matrices, we then quantified overall accuracy (OA, the
proportion of correctly classified objects divided by the total number of
objects in the test data set) for each model to assess the variation of OA.
To quantify class-specific accuracies, we first calculated mode of the
predicted class (i.e. most common predicted class of the 50 RF itera-
tions) for each object and model. Second, we calculated producer's
accuracy (PA), user's accuracy (UA) (Congalton, 1991) and F1 score,
which is the harmonic mean between user's accuracy and producer's
accuracy. F1-score can be calculated for each class i as follows:

=
× ×

+

PA UA
PA UA

(F1) 2
i

i i

i i (1)

F1-score is particularly useful for class-level accuracy assessment, as

Table 3
The LULC classification schema and number of ground reference points per class. See Supplementary material 1 for full UML schema.

No Class name Verbal description Ref data

Cultivated and managed vegetation
11 Cropland, rainfed Fields of rainfed herbaceous (herb) crops such as maize. 140
12 Cropland, irrigated Fields of irrigated herb crops (maize, pulses and vegetables). 95
13 Agroforestry Traditional agroforestry (homegardens). Up to three layers: (1) herb crops (e.g. maize), (2) shrub crops (e.g. bananas)

and (3) fruit and shade trees. Mixed with built-up features (buildings, roads).
80

14 Coffee plantation Plantations of irrigated, permanent shrub crops (Coffea arabica) of open cover and a sparse shade tree layer. 72
15 Sugarcane plantation Plantations of irrigated graminoid crops (Saccharum officinarum). 75
31 Rice paddy Paddy fields of irrigated rice (Oryza sativa) with crop rotation (mostly maize). Water is persistent for the whole day

during rice cultivating period.
72

Natural/semi-natural vegetation
21 Riverine/groundwater forest Disturbed lowland riverine/groundwater broadleaved, evergreen forest with three layers: (1) closed to open tree layer

(Ficus sycomorus, Newtonia buchananii, Khaya anthotheca, Trichilia emetica), (2) closed to open shrub layer, (3) closed to
open herb layer. Close to permanent watercourses (from 25 up to 100m) or groundwater.

72

22 Dry savanna woodland Dry disturbed savanna woodland with three layers: (1) open tree layer (Ozoroa insignis, Lannea schimperi, Terminalia
kilimandscharica), (2) closed to open shrub layer (Acacia ssp., Grewia ssp., Combretum ssp., Boswellia neglecta), (3)
closed to open herb layer.

72

24 Dry savanna grass/shrubland Dry disturbed savanna grassland with optional shrub layer: (1) Open broadleaved, semi-deciduous shrub layer as in
No. 22, (2) closed to open herb layer (Themeda triandra, Sehima nervosum, Heteropogon contortus, Hyparrhenia ssp.),
frequently used for grazing.

100

25 Wet savanna shrub/woodland Wet disturbed savanna shrub/woodland with three layers: (1) open to closed broadleaved, semi-deciduous trees
(Acacia xanthophloea, A. robusta, A. albida) (2) open to closed shrubs (Ocimum gratissimum, Leucas grandis, Senna
bicapsularis), (3) open to closed herbs.

72

26 Seasonally flooded alkaline savanna
palm shrubland

Seasonally flooded alkaline savanna palm shrubland with two layers: (1) open shrubs of Hyphaene compressa and/or
Phoenix reclinata, (2) closed herb layer. Groundwater close to surface, alkaline soils.

72

27 Dry alkaline shrubland Alkaline dry savanna shrubland with two layers: (1) open to closed saline-resistant shrubs (Suaeda monoica, Dobera
loranthifolia, Salvadora persica, Megalochlamys revoluta) and (2) open herb layer. Groundwater less close to surface,
alkaline soils.

72

28 Dry alkaline tussock grassland Alkaline dry tussock grassland with a single closed herb layer, poor in species numbers and with tussocks of Sporobolus
consimilis as main species. Groundwater less close to surface, alkaline soils, used for grazing.

72

29 Dry alkaline grassland Alkaline dry grassland with a single closed herb layer, poor in species numbers and with Sporobolus spicatus as main
species. Groundwater less close to surface, alkaline soils, used for grazing.

85

42 Wet alkaline marsh Salt marshes with a single closed herb layer. Poor in species numbers and with Cyperus laevigatus as main species.
Groundwater close to surface, alkaline soils, used for grazing.

72

43 Freshwater marsh Freshwater marsh with single herb layer of permanently or seasonally waterlogged Typha domingensis, Cyperus spp.
and Leersia spp.

72

Artificial surfaces and associated areas
51 Built-up Built-up, continuous impervious surfaces: buildings, roads, pavements, yards, quarries. 75
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it gives equal importance to both PA and UA, by combining PA and UA
into a single measure that can be compared across confusion matrices
(Richard et al., 2017).

We also evaluated the statistical significance of differences between
classifications. We did not use Kappa coefficient of agreement
(Congalton, 1991) since our test datasets for the different classification
models were not independent (Foody, 2004), and because the use of
Kappa in assessing accuracy of land cover classifications has been
strongly discouraged for reasons explained in Olofsson et al. (2014).
Instead, we used McNemar's test without continuity correction, which is
suitable for cases when related test datasets are used (Foody, 2004).

4.4.4. Feature importance
Two types of feature importance measures can be extracted from a

RF model: mean decrease in accuracy and mean decrease in node im-
purity (Liaw and Wiener, 2018). We used the first measure, because it is
considered more reliable indicator directly based on the change in
predictive accuracy (Genuer et al., 2010; Fox et al., 2017). We mea-
sured mean decrease in accuracy for all features in each model aver-
aged over all classes, as well as at class-level. While not showing im-
portant at model-level, some features may have a substantial impact
only on particular classes (Zhu et al., 2016), which can be useful in
understanding the relationship between such features and LULC classes.

5. Results

5.1. Image segmentation

Our aim in segmentation was to delineate objects encompassing
compact habitat patches such as narrow riverine forests and freshwater
marshes, while still being as homogeneous as possible. We gave less
weight on object shape and emphasized spectral homogeneity. After
several iterations, we found satisfactory segmentation result across
different LULC types with scale parameter 9, shape 0.1 and compact-
ness 0.25. The MRS resulted in 47,010 image objects, with median size
of 1.88 ha (± 1.98 ha). For simplicity and reproducibility of the results,
and due to difficulties in objectively determining segmentation para-
meters, we decided to do the segmentation on a single scale, i.e. not
utilizing the multi-resolution segmentation capabilities of the MRS.

5.2. Feature selection and RF parameter tuning

Results of the RFE runs and the impact of feature elimination on OA
are shown in Fig. 4. The numerically best subset size (dashed line), the
number of features that give the best OA, is relatively big for every
model, since RFE only eliminated between 3 and 19 features (6 to 14%
reduction). The actual gain in accuracy through feature elimination is
quite negligible and demonstrates the robustness of RF.

It is apparent that there are many smaller feature subsets that give
almost the same accuracy but with considerably less features, especially
in M5 and M6 (Fig. 4). Since we aimed for more parsimonious model,
we chose to accept a minor loss in accuracy for less features by choosing
the smallest subset size with>1.0% allowed loss in OA as compared to
the numerically best subset size. With this strategy, 7 to 87 features
were eliminated (14 to 60% reduction).

We also investigated which type of features RFE eliminated (Table
S2). The GLCM texture features calculated from F2 panchromatic band
were eliminated from every model, as they did not have any impact on
classification accuracy. On the other hand, majority of texture features
calculated from standard deviation of reflectance values and indices of
the F2 bands were kept. From the topographic features, aspect and TWI
were eliminated. Likewise, tree canopy cover did not improve classifi-
cation accuracy and was eliminated. Many LTS spectral-temporal me-
trics were highly correlated and eliminated (Fig. 4, M5 and M6),
especially features calculated from individual bands, with the exception
of features of the green band, and range of blue, NIR and SWIR1 bands.

Spectral indices, on the other hand, had more impact on OA, and were
mostly kept, with the exception of BI and SATVI.

Tuning of RF parameter ntree did not improve OA for any of the six
models. Since the number of features even after feature selection re-
mained relatively high, we decided to use a constant ntree value of 3000
for each model as suggested by Fox et al. (2017). The optimized mtry
values for models M1–M6 after exhaustive grid search were 19, 17, 14,
11, 17 and 26.

5.3. Classification accuracy assessment and statistical comparison

Variation of OA from 50 iterations of each model is given in Fig. 5.
The models were relatively stable with small variations between the
iterations: M4 had the highest variation in OA (σ 0.54%) while M1 had
the smallest (σ 0.28%). We used the median of OA values to statistically
compare model accuracies.

The baseline model M1 had a moderate median OA of 60.7%. The
inclusion of different auxiliary feature sets in M2, M3, M4, and M5
improved median OA considerably, up to 67.3%, 67.0%, 69.1% and
68.7%, respectively. Thus, the improvement in OA was at the same
magnitude regardless of which auxiliary feature set was included, al-
though M4 with soil features performed slightly better. The best OA,
77.2%, was achieved with M6 including all features. Therefore, the
inclusion of all possible auxiliary features in the classification improved
OA by 16.5 percentage points (pp) as compared to the baseline.

Statistical comparison of the differences in OA between the six
models is shown in Table 4. Statistically significant differences
(p < 0.05) were found between M1 and all other models, and between
M6 and all other models (McNemar's test statistic > 3.84). On the
contrary, differences between M2, M3, M4 and M5 were not significant.
This implies that inclusion of any of the auxiliary feature sets can sig-
nificantly improve OA, and the differences between them are not sig-
nificant. Further, when all feature sets were included in M6, OA sig-
nificantly improved, not only compared to the baseline, but also when
comparing to any of the other models that included only one feature set
(M2–M5).

Confusion matrices reveal further details on UA, PA, and F1 for the
17 LULC classes (Tables S3–S8). In the best performing model (M6),
built-up, dry alkaline tussock grassland and dry alkaline shrubland were
classified most accurately (F1-scores 0.905, 0.870, 0.864), while
wet alkaline marsh, irrigated cropland, and dry savanna grass/shrub-
land had lowest F1-scores (0.595, 0.632, 0.702).

According to McNemar's test, models M1 and M6 were the most
different (Table 4). We compared confusion matrices of these two
models to find further details on which classes benefited most from
auxiliary features (Table 5). F1-score was improved by>3 pp for all but
one class, wet alkaline marsh. The biggest increase was observed with
land use classes rice paddy and sugarcane plantation, followed by land
cover classes freshwater marsh, riverine/groundwater forest and dry
savanna grass/shrubland.

We also analysed differences on class-specific F1-score across
models (Fig. 6). The same general trend of improving accuracy with
auxiliary features can be observed here: no classes were classified with
lower accuracy compared to the baseline. A constant increasing trend in
F1-score can be observed for three classes: sugarcane plantation (15),
dry savanna grass/shrubland (24) and rice paddy (31). Only two
classes, wet savanna shrub/woodland (25) and wet alkaline marsh (42),
were classified with higher accuracy using another model than M6 (M3
and M2, respectively).

5.4. Feature importance

Fifteen most important features for each model are shown in Fig. 7.
The baseline included ten spectral and five texture features, of which
most important were median of green, ratio of red and median of blue
bands. These three features were also the most important for M2, M4
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and M5. In M2, the top-15 was similar to baseline, except for two
auxiliary features; median of population count and distance to water-
courses, which ranked fourth and fifth in importance. In M3, RF con-
sidered median of elevation as most important with highest mean de-
crease in accuracy score of all six models (0.125), while median of slope
degree was 6th and median of SAGA Wetness index 14th important. In
M4, no soil features stood out as particularly important, but median of
subsoil bulk density (7th) and median of topsoil clay content (14th)
were included in the top-15. In M5, five spectral-temporal metrics
calculated from vegetation indices EVI, NPVND and NDVI were among
the top-15 (4th, 7th, 10th, 11th and 15th). Finally, in M6, where all
features were included, auxiliary features dominated the top-15:
median of elevation was again the most important, median of EVI range

Fig. 4. Classification OA versus number of features (feature subset size) selected at each step of the RFE for models M1-M6. Blue line denotes mean of the ten RFE
iterations, dashed vertical line denotes the numerically best subset size, while solid vertical line denotes the smallest subset size with 1.0% allowed loss in accuracy.

Fig. 5. Comparison of OA between models M1–M6.

Table 4
Statistical significance of the difference in OA between the six models compared
using McNemar's test (significant differences indicated with *). McNemar's test
statistic values are on the left side of the diagonal, p-values on the right side.

M1 M2 M3 M4 M5 M6

M1 0.00 0.00 0.00 0.00 0.00
M2 16.9* 0.79 0.45 0.57 0.00
M3 9.93* 0.07 0.33 0.44 0.00
M4 15.52* 0.58 0.94 0.91 0.00
M5 11.86* 0.32 0.59 0.01 0.00
M6 40.33* 19.51* 20.51* 13.14* 29.88*
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the 5th, and median of slope degree the 6th in importance, followed by
six other auxiliary features.

Class-level evaluation of feature importance (Fig. S1) shows 15 most
important features for each LULC class in M6. Thirteen auxiliary fea-
tures were in the top-15 for two classes, rice paddy and coffee planta-
tion, the same classes that gained biggest improvement in F1-score
(Fig. 6). It is also worth to note that there was not any class without
auxiliary features in the top-15. Topographic and spectral-temporal
metrics were the most important auxiliary feature sets: these features
were included in the top-15 for all but one class. Topographic features
were particularly important for distinguishing coffee plantation and
different types of savanna vegetation: dry savanna woodland, wet sa-
vanna shrub/woodland and dry alkaline shrubland. Spectral-temporal
metrics were useful especially for rice paddy and sugarcane plantation.
Population features had a big role in distinguishing two spectrally si-
milar classes, built-up and dry alkaline tussock grassland. Soil features
and distance to watercourse did not stand out as particularly important
for any class, but they were nevertheless in the top-15 for eight and six
classes, respectively.

5.5. Classification output maps and class proportions

Details of the spatial distribution of LULC in the predicted output
maps are shown in Fig. 8(A–F). To compare the differences, a visually
checked and reclassified reference map is given in Fig. 8(G) as well as
the F2 image in Fig. 8(H). These maps show a south-eastern subset of
the study area situated in a transition zone between rapidly intensifying
and expanding agriculture in the northern part, and various types of
disturbed savanna vegetation in the southern part.

In this subset, all models predicted the spatial patterns of the most
common class, dry alkaline shrubland, relatively well (Fig. 8). A con-
siderable improvement in prediction accuracy and ensuing reduction in
class confusion can be observed in patterns of sugarcane plantation and
rice paddy, especially when spectral-temporal metrics are included in
M5 and M6. The two large contiguous patches of wet savanna shrub/
woodland on the western and northern parts of the subset are accu-
rately delineated by M3 and M6, whereas on the other maps they are
confused with dry savanna woodland.

The inclusion of population features in M2 and M6 had an effect on
spatial patterns of dry alkaline tussock grassland and built-up (Fig. 8).
Without population features, their extent is over-estimated and con-
fused with spectrally similar classes. Lastly, the spatial extent of irri-
gated cropland, which was one of the most challenging to classify
(Fig. 6), was under-estimated in all models, although M6 performed
slightly better. The transitional state of this part of the study area might
have affected these patterns, since many of the croplands were in the
process of being cleared from savanna vegetation, creating spectral
confusion and objects with mixed land cover.

We also investigated whether the six models predict different class
proportions, i.e. whether the differences in omission and commission
errors between models would also have an impact on the area each class
occupies. These proportions are depicted in Table S9. Apart from small
variations between models, we did not observe any notable differences.

6. Discussion

6.1. Improvement in accuracy

Our results confirm that inclusion of free and open access global
scale auxiliary features to complement spectral and texture features
from satellite images significantly improve object-based LU/LC classi-
fication OA in heterogeneous savanna landscape. By including all

Table 5
Change in percentage points (pp) of producer's accuracy (PA), user's accuracy
(UA) and F1-score for each LULC class between models M1 and M6.

Class Change in PA
(pp)

Change in
UA (pp)

Change in F1
(pp)

31 Rice paddy 36,67 38,10 38,03
15 Sugarcane plantation 21,43 40,91 33,72
43 Freshwater marsh 29,67 33,33 31,52
21 Riverine/groundwater forest 27,37 28,57 28,05
24 Dry savanna grass/shrubland 29,25 23,33 26,11
14 Coffee plantation 24,02 19,05 21,65
26 Seasonally flooded alkaline

savanna palm shrubland
29,61 14,29 20,68

13 Agroforestry 14,74 20,83 17,67
22 Dry savanna woodland 18,86 14,29 17,30
28 Dry alkaline tussock grassland 13,33 19,05 15,85
25 Wet savanna shrub/woodland 3,00 19,05 10,50
51 Built-up 0,88 13,64 8,42
27 Dry alkaline shrubland 10,61 4,76 8,10
11 Cropland, rainfed 13,97 0,00 7,10
29 Dry alkaline grassland 9,62 4,00 7,03
12 Cropland, irrigated 0,53 7,14 3,90
42 Wet alkaline marsh −1,84 −4,76 −3,70

Fig. 6. Comparison of F1-score for LULC classes across models M1–M6.
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auxiliary features, we were able to increase OA significantly by 16.5 pp,
which compares well with the average increase of 8.5 pp (± 1.1 pp) in
pixel-based classifications (Khatami et al., 2016). The OA of the best
performing model M6 (77.2%) was satisfactory when considering the
characteristics of the landscape and high number of target classes (17).
We expect to have achieved better accuracy by merging structurally or
spectrally similar LULC classes, such as different shrublands or crop-
lands, into higher-level classes (Yu et al., 2006), since OA decreases as
the number of classes increase even with comprehensive amounts of
high quality training data (Wulder et al., 2018; Yu et al., 2014). Fur-
thermore, Ma et al. (2017) found a weak but significant negative cor-
relation between number of classes and OA in their meta-analysis of
220 studies on object-based land cover classifications.

6.2. Importance of auxiliary features

Features that RF identified as important mostly coincided with our
expectations. Overall, the five most important auxiliary features were
median values of elevation, EVI range, slope degree, population count,
and 25% percentile of NPVND. Topographic features was the most
useful feature set, which confirms that elevation (and factors strongly
related to it, such as precipitation and temperature) is the main de-
terminant for changes in floristic composition on Kilimanjaro (Hemp,
2006a). Furthermore, many studies have shown elevation to be the
most important auxiliary variable on pixel-based land cover classifica-
tions (Sesnie et al., 2008; Na et al., 2010; Rodriguez-Galiano and Chica-
Olmo, 2012; Corcoran et al., 2013; Zhu et al., 2016), which we can
agree to be the same for object-based approach. Another topographic
feature, slope degree, was particularly important for classifying riverine
forests, and dry savanna grass-, shrub- and woodlands, on the one hand
because river valleys provide suitable habitats for these vegetation
types, and on the other because steep slopes are difficult to convert into
cultivations or settlements. Spectral-temporal metrics were the second
most useful feature set, providing additional discriminatory

information on surface reflectance properties from the full vegetation
growth cycle. Population features provided additional information on
settlement patterns, which is difficult to obtain from spectral and tex-
ture information. Soil and distance to watercourses features were useful
for some specific LULC classes.

GLCM texture features did not show any discriminatory potential
and were eliminated in feature selection, while standard deviations
calculated from the multispectral bands and principal components of F2
were moderately important in M1, M2, M3 and M5 (Fig. 7). This im-
plies that standard deviation texture features were able to describe
differences in vegetation structure better than GLCM. In the top-15 of
the best performing model (M6), however, texture features were dis-
placed with more important auxiliary features, apart from some parti-
cular classes (Fig. S1). This is contrary to findings of Khatami et al.
(2016), who found texture features to be more important than auxiliary
features in pixel-based classification, and Mishra and Crews (2014),
who found GLCM and other texture-related features to be important in
discriminating savanna vegetation morphology using object-based
classification, although auxiliary features were not included in their
study.

We found that rice paddy, sugarcane plantation and freshwater
marsh benefited most from auxiliary features, as their F1-score im-
proved by> 30 pp (Table 5). Spectral-temporal metrics dominated as
the most important features of these three classes (Fig. S1), which im-
plies that spectral and texture information from single-date F2 images
alone could not describe the variations in crop rotation and phenology,
and discriminating these spectrally dynamic vegetation types from
more stable vegetation. For riverine/groundwater forest, dry savanna
grass/shrubland and coffee plantation, the increase in F1-score was
between 21 and 28 pp, and most important were topographic features
and spectral-temporal metrics, while distance to watercourse and soil
features played a smaller role. On the other hand, rainfed and irrigated
cropland, which together covered 40% of the study area, only moder-
ately benefited from auxiliary features (7.1 and 3.9 pp increase in F1-

Fig. 7. Fifteen most important features for models M1–M6. See Table S2 for list of feature abbreviations.
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score), which implies that for these classes auxiliary features were less
important.

The spatial distribution LULC in our study area is a reflection of the
spatial heterogeneity in topography (elevation and slope), ecological
mechanisms (water availability, soil characteristics) and anthropogenic
disturbance (grazing, irrigation, expansion of croplands and settle-
ments, firewood collection), which all have an impact on vegetation
structure and composition. For an accurate classification model, these
features should be included when possible. Alteration of input auxiliary
features does influence the spatial patterns of LULC (Fig. 8). This is
quite clear for those classes, which benefited most from auxiliary fea-
tures (Fig. 6), such as rice paddy and sugarcane plantation. Spectral-
temporal metrics were most important for these two classes, so maps
predicted by models that were missing these features (M1-M4) show
confused spatial pattern. Another interesting example is dry alkaline
tussock grassland, which thrives only on the lowlands and on alkaline
soils, and does not have any permanent settlements. The extent of this
class is highly over-estimated in maps predicted by models M1 and M5,

but when population, elevation, and soil features are included in M2,
M3, and M4, the confusion is reduced considerably. Overall, instability
of the RF models, evident especially in the salt-and-pepper pattern of
the baseline classification, decreased, as auxiliary features were in-
cluded. Although we found considerable differences in the LULC pat-
terns between the models, this did not reflect in the proportional dis-
tribution of the classes (Table S9).

6.3. Auxiliary data uncertainties

Discrepancies in spatial and temporal resolution between the aux-
iliary and satellite data might have affected classification accuracy and
spatial patterns of the output maps. Coarse datasets, such as SoilGrids
with 230m pixel size, might have had a smoothing effect on the pat-
terns of those classes where soil features dominate. The Landsat-8
imagery used to calculate spectral-temporal metrics were acquired
1–3 years later than the Formosat-2 imagery, so changes in LULC that
took place during that time might have also affected our results to some

Fig. 8. Subsets of land use/land cover output maps predicted with models M1–M6 (A–F), visually checked and reclassified reference map (G), and Formosat-2 image
(Green/NIR/Red) (H).
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extent. The AW3D used to characterize topography is a surface model,
so objects higher than ground surface also affect the topographic fea-
tures calculated from it. This effect is visible in Fig. 2F and G, where
tree canopies of the forest patches are clearly visible in elevation and
slope patterns. The watercourse features from OSM, on the other hand,
were missing some important rivers and streams, and the WP & GUF
population datasets had commission errors in unpopulated savanna
vegetation.

6.4. Image segmentation

Determination of segmentation parameters, such as the scale para-
meter that controls the dimension and size of segmented objects, may
directly affect classification outcome (Myint et al., 2011; Drăgut et al.,
2014). Therefore, the subjective trial-and-error parametrization might
have influenced our output classifications. Räsänen et al. (2013) and
more recently, Ma et al. (2017) provide good overviews of supervised
and unsupervised methods to determine optimal segmentation para-
meters as an alternative to the approach used in this study. Generally,
supervised methods (e.g. Ma et al., 2015) may obtain optimal seg-
mentation results for different LULC types, but require reference LULC
objects with similar classification schema, mapping scale, and known
accuracy, which we did not have. Unsupervised methods (e.g. Drăgut
et al., 2014), on the other hand, suggest a single optimization scale or
require a difficult threshold, which might not be optimal for all LULC
types. However, during our experiments with different scale parameters
(see chapter 5.1), it became obvious to us that due to the heterogeneous
nature of the landscape in our study area, it is not possible to find a
single scale that would be optimal for all 17 classes.

Apart from qualitative evaluation, we did not evaluate the goodness
of our segmentation objectively with quantitative empirical methods. A
good segmentation is a prerequisite for a good classification, as objects
and their derived properties should relate to meaningful and coherent
landscape features (Clark and Pellikka, 2009; Räsänen et al., 2013).
However, there is no clear definition of what makes a good segmen-
tation. Therefore, the impact of segmentation goodness in our classifi-
cation accuracy is unknown.

Another uncertainty in the segmentation relates to the character-
istics of the landscape. In fine-grained heterogeneous landscapes with
continuous anthropogenic disturbance, such as in our study area, it
might be difficult to delineate boundaries between objects, when there
is a lack of hard, sharp boundary, and weak contrast, or in the case of
mixed and fuzzy LULC. Intensively managed land use types, such as rice
paddies or sugarcane plantations, have sharp and clear boundaries,
whereas less intensively managed rainfed croplands might be difficult
to differentiate from savanna grass- and shrublands when on fallow
period due to reduced contrast. Anthropogenic disturbance of the semi-
natural vegetation, such as intensive grazing, timber felling, firewood
collection, and burning of biomass for cultivation leads to mixed and
fuzzy LULC patterns and complicates accurate delineation of mean-
ingful image objects.

The third segmentation uncertainty can be attributed to the F2 sa-
tellite images themselves. The four multispectral bands (blue, green,
red and near infrared) might not provide enough spectral resolution
and contrast to locate and delineate the boundary between spectrally
similar LULC objects, which leads to mixed objects. Characteristics of
the imaging conditions play a role as well: variations in soil moisture
also have an effect in segmentation, particularly for wet savanna classes
and freshwater marshes.

In summary, a more accurate delineation of LULC objects might
have resulted in objects that are more homogeneous, which would have
reduced the number of objects with mixed LULC, and would have re-
sulted in better classification accuracy. Regardless of this, our main
findings would have been the same, since all classifications were done
on the same image objects.

6.5. Random Forest

We were able to considerably reduce the number of object features
used in the RF models by applying the RFE algorithm, while main-
taining comparable overall classification accuracies. It is important to
note that feature selection methods for RF generally do not improve
classification accuracy (Fox et al., 2017), but removing features of
lesser importance produces more stable classifications (Millard and
Richardson, 2015), and may be desirable for reasons of interpretability,
reproducibility, parsimony, or processing speed (Genuer et al., 2010;
Duro et al., 2012b; Maxwell et al., 2018). In accuracy assessment, we
used separate training and testing ground reference sets instead of the
out-of-bag error estimate provided by RF, since it has been shown to
give misleading results (Fox et al., 2017). This is because the data used
to select features is not independent of the data used to assess the
performance of the model (Ambroise and McLachlan, 2002).

6.6. Ground reference data uncertainties

We delineated the LULC classes on the base of a representative and
extensive ground reference dataset using not only simple structural
parameters, but also species composition information. Therefore, our
classes, based on the Braun-Blanquet plots, are also ecologically
meaningful, since they combine structural with floristic elements, al-
though we had to adjust the level of detail to what we could derive from
F2 and auxiliary data. It is recommended that the training data sets
should be as large as possible (Lu and Weng, 2007), especially when
using machine learning classifiers, such as RF, which is highly sensitive
to training data characteristics of sample size, class proportions, and
spatial autocorrelation (Millard and Richardson, 2015). Less abundant
classes are commonly under-predicted relative to their true proportions,
which might favour the ‘majority’ classes within the training data
(Millard and Richardson, 2015; Maxwell et al., 2018). We tried to en-
sure large enough sample size for each class, allocating the samples in
proportion to their abundance, but despite our efforts, some un-
certainties remain due to difficulties in visual interpretation. For ex-
ample, wet alkaline marsh was the only class that suffered a minor loss
in F1-score, which can be explained by uncertainties in ground re-
ference data, which for this class was mostly collected through visual
interpretation.

7. Conclusion

Our results demonstrate that open-access global-scale geospatial
datasets can be used to significantly improve the accuracy of LULC
classification. This was the first time that this has been demonstrated
for an approach based on OBIA, providing particularly novel insight for
classification methods in fragmented and heterogeneous landscapes in
sub-Saharan savannas.

We showed that geospatial datasets describing patterns of topo-
graphy, soil characteristics, settlement patterns, distance to water-
courses, and vegetation phenology can significantly improve dis-
criminatory potential of challenging LULC classes, improving
classifications over complex heterogeneous landscapes. This approach,
which makes use of open and globally available data, shows good po-
tential for improving LULC mapping across a multitude of fragmented
and heterogeneous landscapes worldwide. We must caution, however,
that the relationships between vegetation and direct, indirect and re-
source gradients will likely change from location to location, so as the
quality and accuracy of these datasets.

For an effective operational object-based LULC classification system,
we recommend

• use of standardized classification schemes such as LCML, enabling
transparency and interoperability of the classification legends,

• a representative and extensive ground reference dataset where the
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proportions of LULC classes are balanced relative to their actual
proportions in the landscape, split into independent training and
validation datasets if the size of the dataset allows (otherwise cross-
validation can be applied),

• quantitative and objective method to tune classification parameters,

• rigorous feature selection procedures to remove redundant features
to simplify the classification model and improve interpretability.
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