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Abstract: In the past decades, various Earth observation-based time series products have emerged,
which have enabled studies and analysis of global change processes. Besides their contribution to
understanding past processes, time series datasets hold enormous potential for predictive modeling
and thereby meet the demands of decision makers on future scenarios. In order to further exploit
these data, a novel pixel-based approach has been introduced, which is the spatio-temporal matrix
(STM). The approach integrates the historical characteristics of a specific land cover at a high temporal
frequency in order to interpret the spatial and temporal information for the neighborhood of a
given target pixel. The provided information can be exploited with common predictive models
and algorithms. In this study, this approach was utilized and evaluated for the prediction of future
urban/built-settlement growth. Random forest and multi-layer perceptron were employed for the
prediction. The tests have been carried out with training strategies based on a one-year and a ten-year
time span for the urban agglomerations of Surat (India), Ho-Chi-Minh City (Vietnam), and Abidjan
(Ivory Coast). The slope, land use, exclusion, urban, transportation, hillshade (SLEUTH) model was
selected as a baseline indicator for the performance evaluation. The statistical results from the receiver
operating characteristic curve (ROC) demonstrate a good ability of the STM to facilitate the prediction
of future settlement growth and its transferability to different cities, with area under the curve (AUC)
values greater than 0.85. Compared with SLEUTH, the STM-based model achieved higher AUC in
all of the test cases, while being independent of the additional datasets for the restricted and the
preferential development areas.

Keywords: spatio-temporal analysis; time series; EO data; settlement growth; machine learning;
urban modelling; future prediction

1. Introduction

Remote sensing technology has been providing Earth observation (EO) data for
decades by recording information on the surface of the Earth. The EO data from satel-
lites has the advantage of providing globally-covered long-term measurements as follows:
several satellite missions, such as Landsat [1], advanced very high resolution radiometer
(AVHRR) [2], and moderate resolution imaging spectroradiometer (MODIS) [3], which
have been operated for years and are able to provide historical long-term observations
for creating long-term land use and land cover (LULC) time series products. In recent
years, various thematic LULC time series products have been generated for water [4], snow
cover [5], vegetation index [6], urban/settlement extents [7,8], and general LULC [9]. With
the help of the EO-based time series products, historical records of land surface dynamics
can be derived and used in order to forecast the future trends and dynamics. According to
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Koehler and Kuenzer [10], a variety of EO-based forecast applications have been carried
out for LULC, crop yield, vegetation cover, flood, and urbanization. Although many ap-
proaches have been developed for forecast applications in different fields, most of them
require a variety of complex data in addition to EO-based time series data products, e.g., the
precipitation data for vegetation cover prediction [11] and additional local geometric data,
such as road networks [12] and population data [13], for future urbanization prediction.
The external data sources acquisition increases the complexity of applying such approaches
for the forecast applications.

Since the predictive modelling in the settlement growth context is well established in
the scientific community, the methodological approach of this study has been illustrated
and evaluated with urban/built-settlement test cases. Figure 1 illustrates the general
workflow of the prediction of urban/settlement growth that is based on EO-based time
series products.
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The global population growth, migration, and socio-economic development have
led to rapidly accelerated urbanization processes and have, therefore, brought challenges;
many middle- and small-sized cities face the challenge of lacking public infrastructure
and institutions [14]. Since urban areas become hubs of transportation and industries, the
increased urbanization level causes a rise in carbon emissions [15] and energy demand [16].
Rapid settlement growth also causes land-use conflicts; as one of the most affected land-
use types, cultivated lands have been rapidly transformed into settlement areas [17]. In
addition, with cities turning into centers for social and economic developments, unplanned
settlement growth can take place in areas that are prone to natural hazards, such as flash
floods [18], sea-level rise [19], and landslides [20]. The maintenance of urban areas brings
also challenges for sustainable development. Artificially sealed surfaces and a decrease
in urban green coverage lead to a decrease in and a deterioration of ecosystem services,
e.g., heat mitigation, carbon storage, stormwater retention, and oxygen production [21].
The information products that are derived from EO data have been widely used for urban
modelling for decades and have proven their potential for predicting urban growth [22].
In the last ten years, high-resolution layers outlining the global settlement extent have
been generated from satellite imagery, thus proving the value of remote-sensing-based
products for large-scale urban modelling applications. These include the global human
settlement layer (GHSL) [23], the global annual impervious area (GAIA) [24], and the global
impervious surface area (GISA) [25] products. In particular, the World Settlement Footprint
(WSF) evolution dataset was released [26], which outlines the global settlement extent at
30 m resolution on a yearly basis, from 1985 to 2015.

ian.umces.edu/media-library
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So far, various methods have been employed for future urban/built-settlement growth
prediction. The CLUE-S model [27–29] and the future land use simulation (FLUS) model [30]
are popular for LULC modelling. These models aim for multi-class land cover change
prediction. For prediction focusing on urban development, Gao and O’Neil [13] developed
a data-driven approach, which was the spatially-explicit, long-term, empirical city develop-
ment (SELECT) model. The cellular automata (CA) is another popular method for spatially
explicit urban growth modelling [31,32]. A prominent variant of rule-based approaches
in CA-based urban modelling is the slope, land use, exclusion, urban, transportation, hill-
shade (SLEUTH) model [33], whose acronym is derived from its main input variables as
follows: slope, land use, exclusion, urban, transportation, and hillshade. This method has
been widely used for future urban growth modelling [12,34–38].

For future urban/settlement prediction, two factors are essential, namely the spatial
factor and the temporal factor. In most approaches, the spatial factor can be described as the
spatial structure of the neighbors of the target [39]. Unlike the spatial factor, the temporal
factor is usually achieved by using historical urban layers as inputs for the calibration
process of a model [31]. For the EO-based data, the representation of the temporal factor
remains to be a challenge. So far, only a few studies have explored the temporal factors
for predicting urban development. Wang et al. [40] modeled the temporal evolution of
each pixel. Schneider et al. [41] defined four spatial-lagged variables based on the inverse-
distance weighted leave-one-out cross-validated (IDW-LOOCV) approach. Wang et al. [42]
adapted a smoothing process in order to integrate the different transition rules for different
historical periods.

Recently, studies have concentrated on the continuous temporal trend of historical
urban growth. Inspired by the following assumption: “Recently developed regions have
a higher likelihood to be developed in the near future” from Liu et al. [30], Li et al. [43]
developed a Logistic-Trend-CA, which integrates the temporal weights that are calculated
from the historical pathways of urban sprawls, based on a window that defines the neigh-
borhood of the target pixel. This study is the first of its kind, as it implements continuous
urban observation time series into a CA model and has achieved a good accuracy. Later,
this method was employed by Johnson et al. [44] in order to predict the future urban growth
for flood exposure estimation. Li et al. [45] further applied this model for the hindcast and
the future projection of urban dynamics on a global scale. However, the Logistic-Trend-CA
still requires various external spatial proxies in order to provide extra spatial constraints.

Similar to the other forecast applications, the first challenge of future urban/built-
settlement growth modelling is that the multitude of drivers and factors have resulted in the
abundant use of data-driven probability-based models. This brings about a dependence on
various explanatory variables and necessitates the accurate and timely input of data. While
nowadays reliable maps of the past yearly settlement extent can be generated by means of
EO data, additional information, such as the infrastructure networks, socio-economic statis-
tics, etc., may be hard to come by, especially when historical data is needed [31]. The second
aspect of potential model improvement pertains to the integration of spatial factors and
temporal factors with high temporal resolution. In most cases, the transition probabilities of
CA-based models are computed based on the differences between the discrete observations.
Koehler and Kuenzer [10] found that long satellite time-series data are seldom used in
urban/settlement growth modelling and that the temporal information that is stored in
urban time-series products, such as the WSF-evolution [8], is yet unexploited.

Consequently, this paper proposes the spatio-temporal matrix (STM), which is a
novel pixel-based approach that tackles the aforementioned challenges in thematic future
development modelling. Generated purely from EO-based time-series products, the STM
makes full use of the spatial and temporal information that is stored in time-series data
equally by considering not only the current state of the neighborhood, but also the historical
state of these pixels. Hence, the probability of the future development of the pixel thus
depends on the degree of the development and the spatial structure in its neighborhood
during the past development. This study utilizes the STM-based approach for future
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urban/settlement growth prediction, which is used to evaluate the approach and to discuss
its advantages and limitations in the frame of the current state of the research. Besides
utilizing the STM-based approach for urban growth prediction, it can presumably also be
used for prediction in other thematic domains.

2. Materials and Methods
2.1. Data
2.1.1. Global Urban/Settlement Time Series Data: The WSF-Evolution

The World Settlement Footprint (WSF) suite is an unprecedented collection of open-
and-free global datasets that aim to advance the understanding of urbanization at the
planetary scale. In this framework, the first layer to be released was the WSF2015, a 10 m
resolution binary mask outlining the 2015 global settlement extent, which was derived by
jointly exploiting multitemporal optical Landsat-8 and radar Sentinel-1 imagery [8]. This
layer provides highly accurate and reliable settlement information, which was quantita-
tively assessed by an extensive validation based on 900,000 ground-truth samples labelled
by crowd-sourcing photointerpretation of very high resolution (VHR) satellite imagery.
Since a proper understanding of the past growth is essential for characterizing ongoing
trends, a novel iterative approach has been implemented, starting backward from 2015,
that effectively outlines on a yearly basis the settlement extent based on Landsat data alone
(given the lack of systematically available archived high-resolution radar imagery). Out of
all Landsat scenes available for the given study region, the minimum, maximum, mean, and
standard deviation over time per pixel of different spectral indices are computed for each
year in the past. Among others, these indices include the normalized difference built-up
index (NDBI), normalized difference vegetation index (NDVI), and modified normalized
difference water index (MNDWI). Then, using the WSF2015 as reference, settlement and
non-settlement training samples for the year t are extracted, starting from 2015, by first
applying morphological filtering to the settlement mask generated for the year t + 1, then
adaptively thresholding the corresponding temporal mean of NDBI, NDVI, and MNDWI.
A random forest (RF) classification is eventually applied over the sole pixels marked as the
settlement at time t + 1. After an extensive test phase, the approach has been ultimately
employed for generating the WSF-evolution, i.e., a dataset outlining the global annual
settlement extent at 30 m spatial resolution from 1985 to 2015 [8] with binary properties of
“settlement” and “non-settlement”. In particular, the WSF-evolution has proven to be the
most accurate product of its type, as assessed by means of an extensive campaign, similar
to that carried out for the WSF2015, where overall ~1.2 M samples have been labelled for
the years 1990, 1995, 2000, 2005, 2010 and 2015.

Having a long-term coverage (from 1985 to 2015) with annual data layers, the WSF-
evolution was selected as the underlying EO-time series product for the prediction of future
settlement growth in this study.

2.1.2. Study Sites

The following three dynamic urban agglomerations with differing growth patterns
have been selected as test sites: Ho-Chi-Minh City (HCMC) in Vietnam, Abidjan in the
Ivory Coast, and Surat in India (Figure 2).

HCMC is the largest city of Vietnam and has been expanding rapidly since 1985. The
population was 2,820,000 in 1985 and reached 7,348,000 in 2015 [46]. The expansion of the
city shows an irregular growth pattern, with densification and expansion of its fringes, as
well as sprawl along the road network (Figure 2a).

Abidjan is the capital of the Ivory Coast and is the largest city in the country. Being
one of the six largest cities in Africa, Abidjan experienced an enormous population growth,
leading to a rapid urban expansion. From 1985 to 2015, the population has increased from
1,716,000 to 4,533,000 [47]. Abidjan has been characterized by an uneven growing pattern
for the last several decades (Figure 2b). Because of its location on the coast and the wetlands
in the south, the city has expanded mainly in the northern direction.
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Surat is a coastal city located in the Indian state of Gujarat. As the economic and
commercial center of Gujarat, the city is under rapid development and has become one
of the fastest-growing cities in India. Surat’s population increased from 1,094,480 in 1985
to 5,401,214 in 2015 [46]. The city has shown a regular growth pattern in the last decades,
where growth happened mostly along its fringes (Figure 2c).

The study sites are located in the Global South and have experienced a rapid develop-
ment in recent decades, which seems to carry on in the near and mid-term future [46].

Moreover, the selected regions have experienced different types of growing behavior
in the past, which makes them attractive for this study. HCMC faces urban sprawl in a
scattered distributed pattern, due to its widespread and interconnected traffic network.
The growth of Abidjan was directed by physical barriers, terrain, and restricted areas. Surat
has experienced a uniform extension in the past decades, with most of the growth along its
edges and fringes.

2.2. Spatio-Temporal Matrix (STM)

The proposed approach targets specific land surface developments represented by
discrete values that can be interpreted as a continuous spatio-temporal process. Spatially,
the target land surface develops itself along a spatial trend, e.g., expansion and shrinkage;
temporally, the change process is continuous, with a high temporal dependency. For
example, this kind of land surface state change takes place in urbanization, deforestation,
and desertification.

The STM contains both spatial and temporal information of the target pixel and the
pixels of a defined neighborhood. Being a pixel-based feature, the STM can serve as an input
for machine learning (ML) algorithms, providing solid spatial and temporal constraints for
the training and prediction phases of the modelling.
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2.2.1. Assumptions

The STM condenses the spatio-temporal information of the target’s neighborhood into
one single matrix, based on the assumption that the probability of the change on the target
pixel is affected by the spatial structure of the target’s neighborhood [48], as well as the
historical development of the pixels. Being a pixel-based approach, the STM is based on
the following assumptions: (i) The status of a pixel will not change back to the former state
once it has been changed. (ii) The target pixel is more likely to change if its neighboring
pixels have changed in the recent past observation period.

In an urban context, these assumptions can be interpreted as follows: (i) A pixel will
remain an urban pixel once it is urbanized. (ii) If a pixel is adjacent to or enclosed by newly
developed urban pixels, it is more likely that this pixel is concurrently under development
and will be urbanized in the near future. This assumption introduces an attraction effect by
newly developed regions and describes the continuity of the urban development process.
(iii) If the neighboring pixels of a non-urbanized pixel have been urbanized for a long time,
the target pixel is assumed to have a low probability of change in the future. This premise
makes use of the intrinsic information on persistence and introduces a resistance effect by
considering legal, physical, or other restrictions preventing expansion and will continue
to do so in the future (e.g., natural preserved areas, water bodies, areas with steep slopes,
transport infrastructure, military areas, etc.,).

Assumption (i) holds true for the test arrangement of this study. However, in some
special cases, the change can be reversible. For example, after big catastrophes, e.g., se-
vere natural hazards and financial crises, urban areas may decline. The currently exist-
ing globally-covered settlement dataset based on EO data, e.g., WSF-evolution [26] and
GHSL [7], indicate only settlement growth. For this reason, a decline function is not
considered in the following STM set-up but can be introduced if necessary.

2.2.2. Matrix Design

The temporal information of the historical development is extracted from the EO-
based time series product for a defined time span of the past. The length of the time
span is defined by the user. A start year tstart and an end year tend are set to define the
time span of the historical settlement layers that are used for STM generation, with an
annual temporal resolution given by the WSF product. The year for which a given pixel is
marked as a settlement pixel is denoted as tu. This value is set to 0 if the pixel is denoted
as “non-settlement” throughout the entire considered time span. A parameter P named
“Continuation Period” is defined, which specifies the duration of a given pixel being
categorized as a settlement, as follows:

P =


tend − tu, tu ≥ tstart

tend − tstart, tu < tstart

0, tu = 0

(1)

Figure 3 illustrates an example of the calculation of P. The start year tstart is defined as
2001 and the end year tend as 2010. The information of the tu of each pixel is derived from
the WSF-evolution.

P is the key to integrating the observations with high temporal resolution. With this
parameter, the temporal information of the settlement extents is incorporated. Instead of
indicating the class type of the given pixel, the temporal constraint provided by P can be
used to predict the urban/built-settlement growth scenarios described by assumptions (ii)
and (iii). Figure 4 illustrates the continuation period layer of Surat.
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Figure 4. Continuation period layer for Surat, India, generated from the annual WSF-evolution layers
of Surat (2001 to 2010).

A squared window is used to fill a matrix that includes the P of the target pixel and its
neighbors. For pixels at the edge of an image, a padding value of zero will be added. The
formed matrix of each pixel is named as the spatio-temporal matrix (STM) (Equation (2)).

The window size for forming the matrix sw can be defined by the user based on the
resolution of the input images and the observed land cover changes. The window size is
critical for this approach; if the window size is too small, it will not consider the effects
from more distant neighbors; if it is too big, the STM might consider too much information
from non-relevant pixels. The optimal window size in the following section was chosen by
empirically testing different window sizes in different implementation strategies.
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After being generated, the STM of each pixel is transformed into a single STM vector
(Equations (2) and (3)). This transformation is performed for the following three reasons:

1. The continuation period P of each neighboring pixel will be preserved;
2. The spatial position of each neighboring pixel will be recorded, as the sequence of P

from all elements in the STM will remain in the formed vector;
3. The STM vector of each pixel can be used as the input for further training and predic-

tion processes.

STM =

P11 · · · P1n
...

. . .
...

Pn1 · · · Pnn

 (2)

STM vector =



P11
P12
...

P1n
...

Pn1
...
Pnn


(3)

where n is the window size and P represents the corresponding continuation period
of each pixel.

The generated STM vectors of each pixel can be directly used as inputs for the machine
learning algorithm. During training, a feature space will be established by the STM vector,
and the transition rules between features and the probability of the future settlement
development of the target pixel will be studied. For the training and prediction, the class of
the future target pixel is defined as yi,j as follows:

yi,j =

{
0, No change (non urbanized/urbanized)

1, Newly urbanized
(4)

where i, j are the row and column indices of the target pixel in the raster map.
To conclude, i × j STM vectors are generated. Compared to the currently established

time-series layers stacking that would be used as inputs for predictive models [32], this
feature can reduce the data volume and redundancy by integrating annual settlement
extent layers into one layer.

The workflow of STM generation is shown in Figure 5.
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2.3. Machine-Learning Algorithms

The prediction of future urban/built-settlement growth can be described as a binary
classification task by defining two classes of pixels at a fixed date in the future, repre-
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senting “newly urbanized” and “non-urbanized”. In this paper, RF and a multi-layer
perceptron (MLP) were selected for testing the performance of the STM as inputs for future
growth prediction.

The RF is built by assembling numbers of decision trees [49], generated by samples
drawn from the training set using a bootstrap strategy. The probability of the predicted
class of the whole forest is calculated as the mean predicted class probabilities of every tree
in the forest. The MLP is a type of feedforward artificial neural network (ANN). It consists
of at least three layers as follows: an input layer, a hidden layer, and an output layer. In the
pixel-based classification context, the perceptron input layer contains features of each pixel.
The hidden layer consists of neurons that utilize an activation function. Common activation
functions are the step function, logistic sigmoid function, or rectified linear unit (ReLu).
In this study, the ReLu was selected as the activation function for the implementations
because of its fast and efficient training speed. The MLP is popular with other future urban
growth simulation and prediction approaches [16,50,51].

Both RF and MLP have been selected for the prediction of future settlement growth of
Surat for evaluating the STM as the training input. Additionally, the MLP was operated
on HCM city and Abidjan to test the transferability of STM to other cities. The trained RF
had the number of trees set to 100. Other parameters of the scikit-learn module were set to
default [52]. The MLP in this study was designed with one input layer, one output layer,
and one hidden layer, with the number of neurons set to 100.

2.4. Implementation of STM-Based Urban/Settlement Growth Prediction

The STM contains the local spatial and temporal characteristics that will be learned by
the ML algorithms during the training phase.

The objective of the following tests is to assess the performance of STM with future
urban/built-settlement growth prediction. According to the aforementioned assumptions,
the spatial and temporal constraints determined from the growth behavior of the past
years that are stored in the STM can provide implicit attraction and resistance constraints.
Consequently, the use of constraints provided by additional features, such as terrain infor-
mation, local population density, distance to transportation infrastructures, and distance to
economic centers, etc., for future urban/built-settlement growth prediction was deliberately
not considered. For the evaluation, the global variables that could be used to control the
total growth for a case city were also omitted.

An optimized training/prediction strategy can further support the implementation of
the STM-based approach. The following two strategies were designed and compared for
training and prediction: (1) A one-year strategy based on the full temporal resolution and
one-year time steps for the prediction; (2) A ten-year strategy trained on the full temporal
resolution and a ten-year time span for the prediction. In both strategies, the yearly binary
settlement extent maps have been split into two subsets for training and prediction.

2.4.1. One-Year Strategy

The basic idea of the one-year strategy is to use the existing settlement layers from
the last ten years to generate the STM and to use it to predict settlement growth iteratively
for the following years. The newly predicted settlement growth is then used to update the
existing WSF-evolution. Afterwards, from the updated WSF-evolution, new STM will be
generated, including the predicted result from the last time step. The iteration repeats until
the updated WSF-evolution reaches the target year. In this study, the settlement growth
from 2006 to 2015 was predicted.

The implementation of the one-year strategy is illustrated in Figure 6a, showing the
use of the annual historical settlement layers of the WSF-evolution up to the year 2004. The
settlement growth in the year 2005 was used as a binary reference layer. The STM was
generated for each pixel based on the continuation period map of 1995–2004.
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For the prediction phase, the iterative process continued annually until the prediction
of the urban/built-settlement growth for 2015 was made. By stacking the predicted settle-
ment growth layers of each year, the predicted settlement growth cumulation from 2006 to
2015 was obtained. The resulting layer was compared with the real urban/built-settlement
growth from 2006 to 2015.

2.4.2. Ten-Year Strategy

For the ten-year strategy, the time span of the reference data has been extended to ten
years. The model based on this strategy predicts the future settlement growth with a single
prediction and computes the future growth for ten years at once.

Figure 6b shows the workflow of the ten-year strategy, in which the STM for the
training was generated based on historical urban layers from 1986 to 1995. The reference
urban extent layer represents the urbanized pixel between 1996 and 2005. For the prediction
phase, the STM generated with the annual settlement extent layers from 1996 to 2005 was
used as the input, with the objective to predict the urban/built-settlement growth from
2006 to 2015.

2.5. Baseline Approach: SLEUTH

With the widespread use, the maturity, and the long- and well-documented experi-
ences of the SLEUTH model for urban growth modelling, it is predestinated to serve as
the baseline for the performance evaluation of the STM approach. The model complies the
following two coupled CA-models: one for urban growth modelling (UGM) and one for
land-use change (LUC) prediction [33]. The SLEUTH model utilizes historical urban/built-
settlement extent layers as references to predict the future, based on the assumption that
the city will continue to grow at a similar pace to that between the historical training
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layers. To adjust the changes of the growing speed, the SLEUTH model is coupled with a
self-modification model. The urban/built-settlement growth prediction for 2006 to 2015 of
the three case cities was conducted with the SLEUTH UGM, and the results were used as a
baseline for comparing the results of the STM-based models.

2.6. Test Arrangement

The tests were arranged in three phases to test the STM’s ability to serve as the
performant input data structure for future settlement growth modelling. Firstly, to find
out an optimal strategy for the training and prediction, a comparison test based on two
strategies was applied on Surat and was conducted with the RF. Secondly, the ten-year
strategy was applied with the MLP for Surat. The results from this test were compared with
the results based on the ten-year strategy and the RF was used to test the STM’s adaptability
to the different ML algorithms. Lastly, to test the STM’s transferability to different cities,
the MLP was integrated with the ten-year strategy and was tested for HCMC and Abidjan.
For the training process, several areas were selected from the reference map of each city to
avoid the imbalance between the amount of developed and undeveloped pixels.

Additionally, the SLEUTH model was employed for settlement growth prediction for
the selected cities from 2006 to 2015. The calibration of the model was implemented with
the genetic algorithm (GA). Similar to the STM-based models, the urban extent layers were
extracted from the WSF-evolution. The layer of 1985 was used as the seed layer for the
calibration; the layers from 1990, 1995, 2000, and 2005 were used as the reference layers. In
addition, the slope and hillshade layers were generated from Copernicus DEM [53], and
the traffic layer was extracted from the global roads open access dataset (gROADS) [54].
Tests of SLEUTH were conducted on the business-as-usual (BaU) scenario.

Lastly, in order to further evaluate the performance of the STM-based model, future
settlement growth predictions based on the WSF-evolution were conducted for Surat,
HCMC, and Abidjan from 2016 to 2025 and were interpreted for conclusiveness.

All tests were implemented in a high spatial resolution of 30 m. The tests of the
STM-based model were conducted with Python 3, using the ML algorithms provided by
the scikit-learn package [52].

2.7. Evaluation

In the testing phases, the STM-based model predicted the settlement growth from 2006
to 2015. The actual settlement growth from 2006 to 2015, derived from the WSF-evolution,
was used to evaluate the results. The receiving operative characteristic (ROC) and Cohen’s
kappa coefficient of the agreement were selected as the evaluation tools.

The ROC is an ideal evaluation tool for binary classification [55] and has been widely
used for the evaluation of urban growth simulation [34,35,56]. The ROC curve is created by
plotting and connecting the points of the true positive rate (TPR) against the false positive
rate (FPR) concerning the outcomes from the different probabilities. The area under the
curve (AUC) can be calculated from the ROC curve, ranging from 0 to 1. The optimal case
would be a TPR of 1 and an FPR of 0, which leads to an AUC of 1. An AUC score equaling
0.5 is interpreted as a random classification. If the value is between 0.7 and 0.9, the classifier
has a sufficient classification ability. A score higher than 0.9 indicates a high precision of
the classified results. For the evaluation, the following nine different probability thresholds:
10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, and 90% were selected for the decomposition
of the results and the generation of the probability maps with a probability higher than
the corresponding probability thresholds. These probability maps were laid over the real
settlement growth from the corresponding years to create a ROC curve space.

Cohen’s kappa coefficient is widely used for image classification tasks by revealing
the agreement and shape similarity between the predicted settlement growth and the
actual settlement growth [35,50,57]. The kappa coefficient ranges between −1 and 1 and is
interpreted as shown in Table 1.
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Table 1. Kappa coefficients and the corresponding agreement level [8].

Kappa Coefficient Agreement Level

<0 No agreement
0–0.2 Slight agreement

0.2–0.4 Fair agreement
2.4–0.6 Moderate agreement
0.6–0.8 Substantial agreement
0.8–1 Perfect agreement

Being under discussion [58], the kappa coefficient is controversial because it focuses
on the agreement rather than the disagreement and establishes the comparison to a baseline
of randomness. Therefore, in this study, the evaluation of the prediction quality was
majorly based on AUC. The kappa coefficient was used for comparison and to select the
best-performing probability threshold for illustrating the results. Additionally, a second
method, the SLEUTH model, was introduced as a baseline.

The AUC values and kappa coefficients were calculated using the “sklearn.metrics”
module from the scikit-learn package [52].

3. Results
3.1. Surat

The AUC values from both of the strategies exceeded 0.9. Compared to the one-year
strategy, the ten-year strategy resulted in a higher mean AUC. The statistical results of the
ROC curves from two strategies are shown in Table 2.

Table 2. Statistical results of ROC curves from the two strategies applied to Surat.

One-Year Strategy Ten-Year Strategy

AUC 0.9216 0.9183
Mean AUC 0.5852 0.6827
Max AUC 0.8958 0.9045

TPR of Max AUC 0.9252 0.8781
FPR of Max AUC 0.1337 0.0691

Figure 7 illustrates the ROC curves of the two strategies.
In the second test phase, the MLP was then applied to Surat. Figure 8 shows the

comparison between the results of MLP and RF.
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Figure 9 illustrates the settlement growth prediction maps of the different strategies
that are based on the probability maps with the highest kappa coefficient.

Land 2022, 11, x FOR PEER REVIEW 14 of 25 
 

 

Figure 8. Comparison between the RF-based model and the MLP-based model. 

Figure 9 illustrates the settlement growth prediction maps of the different strategies 

that are based on the probability maps with the highest kappa coefficient. 

 
 

(a) (b) 

Figure 9. Cont.



Land 2022, 11, 1174 14 of 23Land 2022, 11, x FOR PEER REVIEW 15 of 25 
 

  

(c) (d) 

 

Figure 9. Actual settlement growth map and predicted settlement growth maps (2006–2015) of Su-

rat, based on the STM-based model: (a) actual settlement growth map of Surat, generated from the 

WSF-evolution; (b) predicted settlement growth map based on the one-year strategy and RF; (c) 

predicted settlement growth map based on the ten-year strategy and RF; (d) predicted settlement 

growth map based on the ten-year strategy and MLP.  

Figure 9. Actual settlement growth map and predicted settlement growth maps (2006–2015) of
Surat, based on the STM-based model: (a) actual settlement growth map of Surat, generated from
the WSF-evolution; (b) predicted settlement growth map based on the one-year strategy and RF;
(c) predicted settlement growth map based on the ten-year strategy and RF; (d) predicted settlement
growth map based on the ten-year strategy and MLP.

3.2. HCMC and Abidjan

In the third test phase, the STM-based model coupled with MLP was applied to HCMC
and Abidjan with the ten-year strategy. The evaluations of both of the cities were carried
out for the settlement growth from 2006 to 2015. The ROC curves are shown in Figure 10
and the statistical results of the ROC curve of these two cities are shown in Table 3.
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Table 3. Statistical results of ROC curves from HCMC and Abidjan.

HCMC Abidjan

AUC 0.8753 0.8746
Mean AUC 0.6437 0.6842
Max AUC 0.8303 0.8695

TPR of Max AUC 0.8839 0.7713
FPR of Max AUC 0.2233 0.0321

The AUC of both of the curves reached around 0.87, and the mean AUC values were
higher than 0.6, which categorizes the results from both of the cities as good. In Figure 10,
the curve of HCMC possesses a more convex shape and has a slightly higher overall AUC
than the result of Abidjan. At the same time, the mean AUC and the max AUC of Abidjan
were slightly higher than those from HCMC. The prediction of HCMC had a higher TPR
and a higher FPR.

Figures 11 and 12 show the comparison between the predicted settlement growth and
the actual settlement growth for HCMC and Abidjan.

Land 2022, 11, x FOR PEER REVIEW 17 of 25 
 

  

(a) (b) 

 

Figure 11. Actual settlement growth map and predicted settlement growth map of HCMC based on 

the STM-based model from 2006 to 2015. (a) Actual settlement growth map of HCMC, generated 

from the WSF-evolution; (b) predicted settlement growth map based on the ten-year strategy and 

MLP. 

  

(a) (b) 

 

Figure 12. Actual settlement growth map and predicted settlement growth map of Abidjan based 

on the STM-based model from 2006 to 2015: (a) actual settlement growth map of Abidjan; (b) pre-

dicted settlement growth map from based on the ten-year strategy and MLP. 
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Figure 12. Actual settlement growth map and predicted settlement growth map of Abidjan based on
the STM-based model from 2006 to 2015: (a) actual settlement growth map of Abidjan; (b) predicted
settlement growth map from based on the ten-year strategy and MLP.

3.3. Comparison with SLEUTH

The results of the STM-based model integrated with the MLP for the three cities were
compared with the results of the SLEUTH model. Based on the comparison, the differences
in growth patterns of the two models were analyzed and discussed. In Figure 13, the
predicted urban/built-settlement growth patterns from 2006 to 2015 of the STM-based
model and the SLEUTH model are compared with the actual settlement growth. The AUC
values and kappa coefficients were calculated and are displayed in Table 4, in order to
further quantify the accuracy of the two prediction models.

Table 4. Comparison between results of the STM-based model and results of SLEUTH. Results from
the STM-based model were generated with the ten-year strategy based on MLP.

City Parameters STM-Based Model SLEUTH

AUC 0.9076 0.8851
Surat Kappa 0.3845 0.4391

Probability threshold 0.40% 30%

AUC 0.8753 0.8444
HCMC Kappa 0.3182 0.4034

Probability threshold 40% 30%

AUC 0.8745 0.8289
Abidjan Kappa 0.4524 0.4375

Probability threshold 30% 10%
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Figure 13. Comparison between the actual settlement growth patterns, the predicted settlement
growth patterns from the STM-based model, and the predicted growth patterns from the SLEUTH
model. Results are illustrated in binary images, with dark red pixels representing urbanized cells
from 2006 to 2015.

3.4. Settlement Growth Prediction to 2025

The ten-year strategy, in combination with MLP, was employed for the urban/built-
settlement growth prediction to 2025.

The predicted results from 2016 to 2025 are shown in Figure 14. The statistical results
are shown in Table 5.
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Figure 14. Predicted settlement growth of the near future based on the STM-based model: (a) pre-
dicted growth of Surat; (b) predicted growth of HCMC; (c) predicted growth of Abidjan.

Table 5. Predicted settlement growth of the case cities from 2016 to 2025 (unit: number of pixels).

City Settlement Pixel
in 2015

Predicted Settlement
Pixel Predicted Growth Predicted Growth

Rate (%)

Surat 515,399 631,447 116,048 22.52%
HCMC 1,670,879 2,062,928 392,049 23.46%
Abidjan 406,340 456,712 50,372 12.40%

4. Discussion
4.1. Test Results

The STM-based approach demonstrated a good ability to predict the future urban/built-
settlement growth. The AUC values of all of the tests exceeded 0.85, and the AUC value of
Surat was above 0.9. The overall results indicated comprehensible shape similarities between
the predicted settlement growth and the actual settlement growth (Figures 9, 11 and 12). The
first test compared the two training strategies in the test city of Surat. The comparison
between the two strategies demonstrated that the STM could be implemented variably.
The results further showed that the ten-year strategy could achieve a better performance
than the one-year strategy, because the one-year strategy presumably introduced an error-
propagation effect. The second test investigated the use of STM with two different ML
algorithms. Overall, both of the ML algorithms achieved promising results. The MLP
showed a slightly better performance than the RF, when comparing the average kappa and
the average AUC (Figure 8).

According to the annual settlement extent layers of the WSF-evolution, Surat showed
a relatively regular growth pattern between 2006 and 2015, as most of the growth occurred
along the city’s existing fringes. In comparison to the reference map, the STM-based model
predicted a similar growth pattern. Notable growth along roads was also observed with
the prediction. The visual interpretation of the future settlement growth prediction to
2025 showed reasonable results without any apparent anomalies. Compared with Surat,
HCMC had a relatively heterogeneous settlement growth from 2006 to 2015. The reference
map reveals the following two growing hotspots: the southeast part of Tan An, which is
located in the south of HCMC, and the city agglomerations of Thuan An and Thu Dau
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Mot, which are located in the north of HCMC. The STM-based model predicted a slightly
over-estimated growth from 2006 to 2015. According to the STM-based model’s forecast to
2025, the two hotspots in the north and south of the city will keep growing, especially Tan
An, which seems reasonable when comparing it with the current development. Abidjan
experienced irregular settlement growth from 2006 to 2015. According to the reference
map, the city developed along edges on the eastern and western sides. Meanwhile, the
southern parts of the city, where the city opens up towards the sea, hardly grew. The results
from the STM-based model show a good performance on the settlement growth prediction
from 2006 to 2015. The visual interpretation of the future settlement growth prediction of
Abidjan to 2025 did not provide any inconclusive developments.

Overall, the STM-based prediction results achieved higher AUC values than the results
of the SLEUTH model (Table 5). The SLEUTH model achieved higher kappa coefficients
than the STM-based model in the case of Surat and HCMC. In contrast, the performance of
the STM-based model in Abidjan was better than that of the SLEUTH. In the case of Surat,
the STM-based model and the SLEUTH model both generated similar growth by predicting
further growth along the existing fringes, while the results from the SLEUTH model were
slightly underestimated. In the case of Abidjan, the STM-based model managed to predict
irregular growth patterns along the city, while the predicted patterns from the SLEUTH
model appeared to be evenly distributed (Figure 13). The SLEUTH model controlled the
growth of the entire study area by utilizing the same set of coefficients, which resulted in a
similar growing speed along the entire region. The STM-based model overcame this issue
by generating the urbanization probability of each pixel independently.

4.2. Advantages and Limitations

The results of the first test phase confirmed the STM’s adaptability to the different ML
algorithms, with RF and MLP achieving similar accuracies. Because the STM contained
intrinsic information on attracting and resisting the growth based on the spatial and
temporal constraints that were derived from past developments, it allowed the predictive
models to predict the growth without the need of including external spatial information
layers. For example, the excluded area layers were used in the SLEUTH model in order
to provide spatial resistant factors for settlement development, e.g., water masks, natural
preserved regions, and planned infrastructures. The results demonstrated the STM’s ability
to detect such areas without having them as input data. In all of the tests, predicted future
urban expansion into water bodies was barely found. In HCMC (Figure 11), minimal
growth was predicted at the airport of Tan-Son-Nhat. In the case of Abidjan (Figure 12),
the growth towards the National Park Banco has been avoided. Aside from the excluded
areas, the road network is also an essential factor that can potentially affect the future
settlement growth by attracting settlement growth. The STM-based results shared similar
road-attracted growth patterns as the results from the SLEUTH model, with only the latter
having road networks as input layers. At the same time, the STM condensed the historical
settlement extent layers into one continuation period layer and further reduced the data
redundancy. Without considering the external layers, the STM-based model utilized only
the continuation period layer as the input. In the test case of Surat, the continuation period
layer took up 33 MB. In comparison, the annual settlement extent layers from the same
time period took up 490 MB.

Nonetheless, there are some shortcomings of STM-based approaches that could be
observed. Based on the assumption that the information from the neighboring pixels is
steering the probability of the urbanization of the target pixel, the STM-based models are
not able to predict spontaneous urban/built-settlement growth. Therefore, without any
further modification, it is challenging for STM-based models to introduce new sites that
do not show adjacent building activities in administrative units with specific planning
regulations. Another challenge is the definition of a meaningful window size for the STM.
An adaptive solution has to be identified based on the resolution of the input images and
the observed land cover changes. For the case cities of this study, different window sizes
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have been tested empirically for the one-year and the ten-year strategies. For the examined
cities, the resulting optimal window size for the one-year strategy is five and nine for the
ten-year strategy. Another general limitation that all of the predictive models share is the
total time span of data availability. For this study, the WSF-evolution product was available
only from 1985 to 2015, which restricts the modelling and evaluation of the model outputs
with real measurements to certain constellations. With the continuation of the EO missions,
this challenge will gradually be reduced. The STM depends on continuous time series
observations. This leads to a potential issue when data gaps exist in the time series. The
WSF that was used in this study closed the gaps mainly resulting from a low coverage and
cloud cover in the Landsat 5/7. When using other datasets, measures to overcome the issue
of missing data have to be considered [59,60].

5. Conclusions

This paper introduced the spatio-temporal matrix (STM), which is a novel pixel-based
approach for data prediction that is based on long-term EO-based time series data products.

The approach was applied and tested for urban/settlement growth prediction based
on the WSF-evolution data, which was an EO-based time series data product that outlined
the global settlement extents annually, from 1985 to 2015, at a high spatial resolution (30 m).
The following three cities were selected as test sites: Ho-Chi-Minh City (HCMC) in Vietnam,
Abidjan in the Ivory Coast, and Surat in India.

RF and MLP were employed in order to test STM’s adaptability to different ML
algorithms. The models were implemented with two training and predicting strategies that
were based on different time spans, the one-year and ten-year time span strategies. The
urban/settlement growth from 2006 to 2015 was predicted by the approach, using historical
urban extent layers from the WSF-evolution and was compared with the real growth of
that period for evaluation. The results were evaluated with AUC that was generated from
the ROC and Cohen’s kappa index. In addition, the SLEUTH model was selected as the
baseline method for comparison. Furthermore, the STM-based model was utilized in order
to predict the urban/settlement growth of the case cities from 2016 to 2025, based on STM
that was generated from WSF-evolution from 2006 to 2015.

The AUC values of all of the tests exceeded 0.85, proving the good ability of the
STM-based model to predict the future settlement growth. In the evaluation setting, the
best results were achieved by the combination of MLP and ten-year strategy. The results of
the predictive model that were based on this combination were further compared with the
predicted results of the SLEUTH model. The AUC that was calculated from the STM-based
approach of all three of the case cities surpassed that of the SLEUTH model, achieving
0.91 for Surat, 0.88 for HCMC, and 0.87 for Abidjan. In comparison, the SLEUTH model
achieved an AUC of 0.89 for Surat, 0.84 for HCMC, and 0.83 for Abidjan (Table 5). The
STM-based model was able to predict irregular growth patterns though its local pixel-based
design, while the predictions of the SLEUTH model appeared to be evenly distributed
(Figure 13).

According to the predicted results, the growth rate of HCMC from 2016 to 2025 will
reach 23.46%. Surat can expect a growth rate of 22.52%. In the same time period, Abidjan
will expand by 12.4%. The predicted urban/settlement growth map also indicates the
growing hot spots of the three cities (Figure 14).

The STM brings several assets to the growth prediction based on the time-series
products, as follows:

1. The utilization of the STM approach is highly flexible as it can be easily integrated with
different ML algorithms. In this study, RF and MLP were selected, were integrated
with STM, and were tested for Surat. Both of the ML models performed well, with
similar accuracies;

2. STM makes full use of the spatio-temporal characteristics of the EO-based time series
products by condensing the annual information into one continuation period map;
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3. The matrix approach reduces the data volume and redundancy by integrating discrete
EO-based time-series information into one feature vector;

4. The presented results show the self-sufficiency of the STM-based approaches by reduc-
ing the dependence on additional data layers. Without providing the corresponding
layers, the settlement growth that was predicted by the STM-based models barely
expanded in the areas that were restricted for growth or were beyond natural barriers.

Further investigations are needed in order to understand the full potential of the
methodological approach. Firstly, the effect of different window sizes will be investigated.
Secondly, the STM-based model can be enriched with additional social-economic features,
e.g., population density maps, distance to existing cities, and distance to economic centers
for the settlement growth prediction in order to improve the robustness of the approach.
In order to overcome irregular planning rules and separated construction, an external
weighting layer can be included as a controlling factor for the entire region, supporting
the STM-based predictions. In addition, the ability of STM to be integrated with different
growth scenarios will be evaluated.

The EO provides a wealth of time series data in the urban domain. The STM-based
approaches have the potential to contribute to the predictive modelling of other land surface
dynamics, as long as their general patterns and trends fit the general assumptions of the
method. Allowing increasing and decreasing trends with adaptive continuation maps will
enable applications in deforestation, shrub encroachment, and soil and landscape degradation.
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