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Abstract: The paper is focused on computer simulation of natural vegetation propagation across two selected disturbed sites. Two 
sites located in the different environments, the abandoned sedimentation basin of a former pyrite ore mine and the ash deposits of a 
power station, were selected to illustrate the proposed spatio-temporal model. Aerial images assisted in identifying and monitoring 
the progress in the propagation of vegetation. Analysis of the aerial images was based on varying vegetation coverage explored by 
classification algorithms. A new approach is proposed entailing coupling of a local dynamic model and a spatial model for vegetation 
propagation. The local dynamic model describes vegetation growth using a logistic growth approach based on delayed variables. 
Vegetation propagation is described by rules related to seed and its dispersal phenomena on a local scale and on the scale of outlying 

spreading. The disturbed sites are divided into a grid of microsites. Each microsite is represented by a 5 m  5 m square. A state 

variable in each microsite indicates the relative vegetation density on a scale from 0 (no vegetation) to 1 (long-term maximum of 
vegetation density). Growth, local vegetation propagation and the effects of outlying vegetation propagation in each cell are 
described by an ordinary differential equation with delayed state variables. The grid of cells forms a set of ordinary differential 

equations. The abandoned sedimentation basin and the ash deposits are represented by grids of 185  345 and 212  266 cells, 

respectively. A few case-oriented studies are provided to show various predictions of vegetation propagation across two selected 
disturbed sites. The first case study simulates vegetation growing without spatial propagations and delayed variables in the 
spatio-temporal model. The second and the third case studies extend the previous study by including local and outlying vegetation 
propagation, respectively. The fourth case study explores delayed impacts in the logistic growth term and the delayed outcome by 
vegetation propagation across the disturbed space. The performed case-oriented studies confirm the applicability of the proposed 
spatio-temporal model to predict vegetation propagation in short-term successions and to estimate approximate vegetation changes in 
long-term development. As a result, it can be concluded that remotely sensed data are a valuable source of information for estimates 
of model parameters and provide an effective method for monitoring the progress of vegetation propagation across the selected sites, 
spaces disturbed by human activities. 
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1. Introduction 

The former mining area and the disposal sites of a 

thermal power station were used for exploration of 

primary vegetation development in the framework of 

long-term natural remediation. In order to describe the 

spatio-temporal propagation, a spatially explicit model 

for discrete space and continuous time can be used to 

perform simulation case studies for selected disturbed 

sites [1-3]. In addition to the models based on a set of 

partial differential equations or ordinary differential 
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equations, many mathematical techniques have been 

proposed, such as the finite-elements method, models 

based on fractal geometry, the catastrophes theory and 

cellular automata [4, 5]. Novel approaches have 

appeared during the last few decades, opening the way 

to some new aspects of research: in particular, 

classification methods in remote sensing for 

evaluation of land cover changes, spatial data 

management in GISs (Geographic Information 

Systems) for integration of spatio-temporal data, and a 

GPS (Global Positioning System) for spatially related 

observations in the field [6, 7]. At the present time, 
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GIS can be used to perform nearly all tasks focused on 

the spatio-temporal modeling of vegetation 

propagation. For time-consuming numerical 

simulations, it is necessary to couple GIS with 

advanced software tools designed for high 

performance in dynamic modeling. However, with the 

increasing power of GIS tools, this relationship needs 

to be reconsidered [8]. 

This paper describes a new approach for studying 

spatio-temporal dynamic systems focused on 

modeling of vegetation propagation across a disturbed 

space linked to GIS and simulation tools designed for 

high performance in dynamic modeling. Two sites 

located in different environments, the abandoned 

sedimentation basin of a former pyrite ore mine and 

the ash deposits of a power station [9], were selected 

to illustrate a proposed spatio-temporal model using 

selected case-oriented studies. Vegetation propagation 

across the disturbed space is considered in the Central 

European climatic environment. In the first stage, the 

varying vegetation coverage is explored by 

classification of aerial images. Images captured in 

2006, 2008 and 2011 are used to assist in identifying 

and monitoring progress in the selected sites. The 

identified temporal land cover enables setting the 

model parameters and validation of the model 

predictions. It is clear from this introduction that a 

pressing challenge for present and future modeling of 

vegetation propagation lies in finding sound 

approaches to develop strategies for data exploration 

and modeling. Other problems are associated with the 

implementation of any approach employing limited 

data. In the absence of appropriate data, the best 

alternative currently available for setting model 

parameters and validation is the use of the ecological 

principles and indirectly known rules. A new approach 

has to be proposed entailing coupling of dynamic and 

spatial models. 

2. Methods 

A new method has been developed to provide 

spatio-temporal modelling of vegetation propagation 

across a disturbed space linked to GIS. Vegetation 

productivity is evaluated by classification of a series of 

three aerial images for each disturbed site. In 

dependence on the quality of captured aerial images 

and processing outputs, the obtained results have to be 

adjusted in the GIS for subsequent processing by 

modeling tools. Satellite data and automatic 

classification methods can be used for the described 

tasks as an alternative to the captured aerial images. 

However, digital image processing techniques 

dedicated to high resolution data, such as 

multi-temporal Landsat TM [10], have limited 

potential because very high resolution images are 

needed to provide more detailed information at the 

level of individual trees and plant communities. As an 

alternative to selected classification methods for 

vegetation mapping, object-based image analysis can 

efficiently process a large volume of very 

high-resolution image data, but requires advanced 

software tools and time-consuming testing [11]. 

Following data conversion, final classified datasets 

are used as inputs for the proposed spatio-temporal 

model (Fig. 1). The original resolution of aerial images 

of approx. 50 centimeters was resampled to a 

resolution of 5 meters in order to decrease the number 

of cells in the grid for more efficient and faster 

simulations. Several levels of vegetation density for 

modeling vegetation propagation across a disturbed 

space have been evaluated: high, middle, low and no 

vegetation. The classified datasets originated from 

aerial images captured in 2006 are used to set the 

initial vegetation density on a relative scale from 0 (no 

vegetation) to 1 (long-term maximum vegetation 

density). High density is represented by a value of 0.90, 

which is near the maximum long-term vegetation 

density. Medium density is set at a value of 0.50. Low 

density is represented by the value 0.10, which is near 

the minimum vegetation density. No vegetation is 

assigned a vegetation density value of 0.01 to simulate 

potential growth ability in the future. The approximate 



Computer Based Modeling of Vegetation Propagation across a Disturbed Space Linked to GIS 

 

412

estimates of the vegetation density are adapted to the 

results of the classification methods and to the 

prediction abilities of the proposed spatio-temporal 

model. The image datasets originating from aerial 

images captured in 2008 and 2011 are used to estimate 

the growth parameters in the basic logistic growth term 

of the spatio-temporal model. The numbers of cells 

attached to the defined levels of the vegetation density 

for the former pyrite ore mine and for the ash deposits 

of the power station are depicted in final classified 

datasets (Fig. 1). 

The growth and propagation of vegetation are 

described by a set of ordinary differential equations, 

which are attached to the grid of cells. The time change 

in the vegetation density in a cell located in the ith row 

and the jth column is assembled as the sum of the local 

vegetation growth, the vegetation propagation from 

neighbor cells and the effects of outlying vegetation 

propagation: 

,
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The local vegetation growth in each cell is 

controlled by the growth ratio r(t)i,j and by the 

long-term maximum vegetation density K(t)i,j. The time 

delay d1 is used to include the effects of delayed 

response from the former vegetation age groups in 

each cell. This includes increasing the vegetation 

density by seeding processes and by clonal propagation. 

Spreading of vegetation from/to neighbor cells 

depends on the gradients between the local cell and its 

neighbor cells. The level is adjusted by coefficient kd2. 

The time delay d2 sets the delayed effects of vegetation 

propagation from/to neighbor cells. Vegetation 

propagation by the effects of outlying vegetation 

propagation is represented by the last term in Eq. (1). 

The intensity of vegetation propagation across the 

whole area of interest is controlled by setting 

coefficients kd3 and ke3. The time delay d3 sets the 

delayed effects of vegetation propagation across the 

whole area of interest. 

The initial conditions of a set of ordinary differential 

equations in the spatio-temporal model are based on 

vegetation densities estimated from the 2006 aerial 

image. For each selected site, this is given by the 

equation: 

, ,           (2) 

where the value of x(2006)i,j is: 0.90 for the high 

vegetation density, 0.50 for the middle vegetation 

density and 0.10 for the low vegetation density. If no 

vegetation was detected, the initial value is set at 0.01. 

The setting of the growth ratio r(t)i,j for each cell 

originates from the estimate of parameter r in the 

equation for logistic growth [12]: 

,
,

, ,
 ,         (3) 

where k = 1, 2 and 3 for years 2006, 2008 and 2011, 

respectively. For example, an estimate of growth ratio 

r for values x2006 = 0.10, x2008 = 0.50, x2011 = 0.90 and 

the long-term maximum vegetation density (carrying 

capacity) c = 1.00 is: r = 0.87 (a = 2.02). 

There is also stagnation of vegetation density or 

even a decrease in the vegetation density due to the 

local working activities in some parts of the two 

selected sites. Thus, the growth ratio can be zero or 

even have a negative value. For final predictions 

focused on the various effects of vegetation 

propagation, the values of the growth ratio r and other 

coefficients must be revised and balanced in order to 

adjust the model predictions to the terrain data. The 

numerical solution of a spatio-temporal model 

represents a part of data processing outside of the GIS. 

The numerical solution is based on the MATLAB 

solver for DDEs (delay differential equations) with 

constant delays. 

3. Results and Discussion 

The simulation outputs are tested for a few selected 

case-oriented studies. The first case study can simulate 

vegetation growing without any neighbor-neighbor 
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Fig. 1  Experimental data: Image datasets represented by two selected sites with images captured in 2006, 2008 and 2011. 
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interactions and delayed variables for both the sites. 

The second and the third case studies for both the sites 

extend the previous study to include local vegetation 

propagation and the effects of outlying vegetation 

propagation, respectively. The final fourth case study 

in addition to the previous case studies explores the 

delayed impacts in the logistic growth term and the 

delayed outcome by vegetation propagation across the 

disturbed space. Computer based modeling of 

vegetation propagation for both the selected sites 

illustrated by a processing schema (Fig. 2). 

The final image datasets are adjusted and stored at 5 

meter resolution in order to balance local disturbances 

and to decrease the number of cells for more efficient 

simulation runs of the spatio-temporal modeling. Thus, 

the spatio-temporal model for the former pyrite ore 

mine and the ash deposits of the power station is 

represented by sets of 185  345 and 212  266 

ordinary differential equations, respectively. Manual 

correction of the classified datasets was finally used 

instead of various techniques of supervised 

classification that were more sensitive to individual 

aerial images and to setting of training samples. For 

very high resolution satellite images in an explored 

period, there was an incomplete range of images in the 

archive database for classification or clustering by a 

number of other techniques, such as vegetation indexes, 

etc. [6]. 

The classified image datasets originate from the 

years: 2006, 2008 and 2011. These datasets are stored 

in the GIS and exported to the BSQ (band sequential) 

scheme for storing pixel values of images in a file. The 

BSQ schemes are selected in order to provide 

integration of the model inputs, classified images, and 

predictions of vegetation density at the defined time 

points in the framework of the data cube [13]. The data 

cubes mainly used in a data mining approach turned 

out to be an efficient scheme for the described 

spatio-temporal modeling that deals with data 

management of large image datasets. The classified 

image datasets and model predictions are stored in a 

data cube with two dimensions formed by the (x) and 

(y) spatial axis of the image display and the third (z) 

formed by the time of dataset acquisition or prediction. 

In addition to a data cube file, it is necessary to load a 

header file with setting of the data cube dimensions 

and extra information about the time points of image 

dataset acquisition, as well as time points of the 

attached model predictions in the simulation period. 

The input image datasets for the spatio-temporal 

model represent two selected sites in different 

environments, the abandoned sedimentation basin of a 

former pyrite ore mine, and the ash deposits of a power 

station. For the investigated period (2006-2011) and 

available aerial images, the first site indicates sparse 

human activities whereas some parts of the second site 

were highly disturbed during the whole investigated 

period. The classified image datasets for the ore mine 

indicate an increase in the number of cells classified as 

high-density vegetation to the detriment of cells 

classified as no vegetation or low-density vegetation. 

For the ash deposits, there is an increase in the number 

of cells classified as high-density vegetation to the 

detriment of the cells classified as low-density 

vegetation. The increase in the number of cells 

classified as no vegetation is related to the human. 

The proposed spatio-temporal model deals with 

prediction of the vegetation density for each cell (5  5 

meters). The grid sizes are 185  345 and 212  216 

for the former pyrite ore mine and the ash deposits of 

the power station, respectively. The original models 

described by many authors were extended to include 

delayed variables, local vegetation propagation 

between each cell and its neighboring cells and by the 

effects of outlying vegetation propagation across the 

whole area. 

These phenomena are tested on two selected sites. 

The initial estimate of the growth ratio r for the logistic 

growth is based on a simplified assumption of the first 

case study that is focused on the logistic growth with 

no delayed variables and no propagation effects. 

Instead of various generalized versions of the logistic 
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Fig. 2  Computer based modeling of vegetation propagation linked to GIS for both the selected sites based on individual 
steps, such as processing of primary data and classifications by software tools for remote sensing, preprocessing of model 
input data in the GIS, numerical solution in MATLAB and post-processing of the simulation results for presentation of 
various case-oriented studies. 
 

growth [14], a basic form is used to test proposed 

extensions in the next case-oriented studies. Only three 

available image datasets could be used to estimate 

growth ratio r in each cell in the grids of both the 

selected sites. To provide an estimate and to test the 

influence of various growth ratios r in all the cells, the 

cells classified as having no vegetation are assigned an 

initial vegetation density of 0.01. As shown in the 

histograms (Fig. 1), some cells indicate a decrease in 

the vegetation density in the subsequent periods due to 

the local human activities. This leads to negative 

values of growth ratio r. 

In order to test a proposed numerical model based 

on the DDE solver in MATLAB, the first case study is 

calculated without delayed variables and without the 

effects of vegetation propagation. The initial 

vegetation densities are set at the levels: 0.90 (high 

density), 0.5 (middle density), 0.1 (low density) and 

0.01 (no vegetation). Thus, the changes in the 

vegetation density are dependent only on the estimates 

of the growth ratio, r. Positive values of r result in 

increasing vegetation densities to the long-term 

maximum in correspondence with the anticipated 

revitalization. Negative values of r cause a decrease in 

the vegetation density, which corresponds to 

short-term human activities in some parts of the areas 

of interest, mainly the ash deposits of the power station. 

After verification of the spatio-temporal model and 

putting into operation the data exchange with a data 

cube scheme in the framework of the first case study, 

extended studies were started to explore the effects of 

the local vegetation propagation, of outlying vegetation 
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propagation and of delayed variables (Fig. 2). 

4. Conclusions 

The presented spatio-temporal model focused on 

vegetation propagation across a disturbed space linked 

to GIS was developed to predict the vegetation density 

in two disturbed sites. Based on the described case 

studies, setting of the growth and the propagation 

coefficients enables us to use the spatio-temporal 

model for a number of similar sites. Using a data cube 

schema for storage of image datasets offers high 

flexibility for data exchange among the model solvers, 

GIS and other software tools. Numerical solutions of 

larger grids are limited by the power of the computing 

tools. It is anticipated that the use of modern computer 

systems based on parallel computing and new 

advanced remote sensing technology will bring new 

insights into the studied processes of vegetation 

propagation. The created GIS project makes it possible 

to complement the output image datasets by a wide 

range of environmental data that can be used for 

decision-making processes in order to optimize 

remediation processes at selected sites and similar 

areas of interest. 
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