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ABSTRACT 

 
This paper describes the use of probabilistic graphical models, in particular Bayesian networks 
(BN), for the detection of two problem invasive alien plants, C. odorata and L. camara, from the 
recently-launched 8-band Worldview-2 satellite imagery acquired on 26 September 2010 over 

central Swaziland. The main objective of this work was to apply and evaluate the efficacy of the 
very high resolution multispectral satellite imagery for invasive alien plant detection using  BN 
models. The posterior probabilities (parameters) were estimated using the expectation-
maximization (EM) algorithms. A comparison of the results obtained from the models indicates 
excellent classification accuracies above 95%, and Kappa coefficient values above 0.90. The highest 
classification accuracies of 99% were obtained when using the newer bands. The main result 
obtained in this study is that the new Worldview-2 bands are effective for alien invasive species 

detection. The BN approach considered here provide relatively similar and accurate solutions for 
the classification of the multispectral image although the L. camara model was marginally 
competitive relative to the C. odorata model when measured in terms of the Brier score and the 
logarithmic loss. The results point to the potential usefulness and applicability of the additional 
bands from the Worldview-2 satellite for very high resolution plant species detection and 
monitoring.  
 
 

1. INTRODUCTION 

 
Invasive alien plant (IAP) species have many adverse impacts on biodiversity, ecosystem services, 
agriculture, forestry, the economy and human welfare (Mack et al., 2000, Millennium Ecosystem 
Assessment, 2005 and Hulme, 2006). These invasions are also recognized as having the largest 
impact on biodiversity after direct habitat destruction (Mooney and Hobbs, 2000). The Kingdom of 
Swaziland, like many other countries, is invaded by a variety of invasive alien plants and in recent 

time these have also caused widespread degradation of rangelands, water resources, and croplands 
culminating in their declaration as a national disaster. Therefore, it is imperative that IAP invasions 
be controlled (Carpenter et al., 2002). Due to limited resources it is important that a strategic 
planning, management and implementation approach be adopted. A key element to this is 
information about their distribution, size and density. Although IAP species and invasions have 
been intensively and widely researched, a shortcoming is accurate IAP spatial distribution (range 
and abundance) data (Chytrý et al., 2009). Early detection and a fast response to invasions are 
needed and remote sensing appears to be a relevant tool in order to develop national management 
strategies and policies and for the implementation and monitoring of control activities. Decision 
makers and managers need objective IAP distribution data to assist with policy decisions, strategic 
allocation of funding, determination of clearing priorities and to measure the outcomes of control 
efforts as well as to implement research and policy initiatives over time (McNaught et al., 2006). 
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The latter was recognized by the Swaziland Government, resulting in the implementation of a 
national survey of the range and abundance of selected IAP species.  
Remote sensing is a critical tool for detection, understanding and mapping invasive plant species 
and vegetation in general. Through the use of remote sensing technologies, it is now possible to 
undertake detailed species classification and extraction to better understand individual species or 
groups of species penetrate indigenous plant populations. This can also help in identifying target 

populations or to monitor management and control projects, and ensure the complete removal of 
target species. However, the typical need to balance spectral resolution, spatial resolution and 
project scale to determine the most appropriate image source has limited the applicability and 
effectiveness of most remote sensing platforms for invasive alien plant detection. WorldView-2 is 
the first high-resolution multispectral satellite to provide 8 spectral sensors in the visible to near-
infrared range including the yellow and red-edge bands. The sensor’s imagery provides an 
unprecedented combination of both sub-metre spatial accuracy to assist in mapping the location 
and boundary of vegetation, coupled with improved spectral discrimination potential to map 

vegetation structure, composition, condition and rigour.  
Data driven artificial intelligence and machine learning techniques are increasingly being used to 
classify multispectral remotely-sensed data for practical applications such as land cover 
monitoring. Probabilistic graphical models, especially Bayesian networks (BNs), have become very 
popular as a graphical formalism for handling uncertainty and this is evidenced by increasing 
number of practical applications. Within BNs, the nodes and arcs provide a relatively intuitive 
semantics that helps users to understand and interpret the networks. The propagation of 

information in the form of instantiated variable states forward or backward through nodes allows 
both deductions and abductions. The selected category 1 (most problematic) species were 
Chromolaena odorata (L.) RM King & H Robinson (Triffid weed, locally known as sandanezwe) and 
Lantana camara (L.) (Lantana, locally known as bukhwebeletane). The objective of this study was to 
test the feasibility and applicability of Worldview-2 8-band imagery, to detect these species with 
the aim of creating a distribution and intensity map. This study tested the usefulness of the 
different bands in discriminating these species using probabilistic graphical models.  
 

2. METHODS 

 

2.1 Study area 

 
The study site was a 10km x 10km area part of the ranches, which include government and  private 
ranches in central Swaziland, southern Africa (Figure 1). It is largely flat terrain with undulating 
terrain where cattle ranching is the dominant land use and constitutes a part of the western 

lowveld eco-climatic zone. The area was chosen because it is has emerging infestations with 
invasive alien plants and dominated by multiple land cover types. This offered an opportunity to 
test the application and effectiveness of the 8-band imagery to detect subtle and isolated patches of 
invasive alien plants in a complex landscape using a BN modeling framework.  
 

2.2 Field data collection 

 
Field measurements of the distribution were recorded within the study area in order to determine 
both the spatial and spectral variability of the selected species. Stratified random sampling with 
clustering was adopted in the study. A total of 101 points were collected and mapped with ArcGIS 
10 (Environmental Systems Research Institute, 2010) software from the major vegetation units. A 
minimum distance of 200m between each point was maintained and those areas with mixed 
vegetation were particularly noted. 
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It is critical that the field data and images be geolocated as precisely as possible to true locations so 
that GPS located field data are related to the correct pixels. Using a differential GPS and knowledge 
of the area, it was possible to locate individual clumps and match field GPS data to pixels. Each point 
was georeferenced using a  differential GPS and every effort was also made to locate the individual 
clumps/bushes from the satellite imagery using photographs as a visual reference. As such, we 
ensured that every point captured in the field corresponded with the pixel on the Worldview-2 

image. The presence of each species was also recorded at each point including ancillary information 
such as the land cover and general vegetation structure. The GPS points were then converted to 
grid cells of 2m. The data was also supplemented with data from national survey data wherein at 
each point the presence of each species was recorded as well as the age class and density (Kotzé 
and Newby, 2010). 
 

2.3 Image acquisition and pre-processing 

 

The spectral information in the data is enhanced if the timing of the data acquisition maximizes 
phenological differences between the invasive plant species and the native species. In this study, a 
cloud-free Worldview-2 image collected at an off-nadir angle of 19.2˚ on 26 September 2010 was 
obtained from DigitalGlobe. The period of image acquisition corresponds to the period towards the 
end of the dry season in Swaziland when most of the native vegetation is dry, thus offering an 
opportunity to detect the two species which are understorey species. The bundled 8-band imagery, 
which was also radiometrically corrected and orthorectified, had a 2m spatial resolution and also 

included the 0.5m panchromatic band (Table 1). All the images for the area were collected in one 
strip. The 11-bit raw data in each band were converted to reflectance using the Fast Line-of-sight 
Atmospheric Analysis of Spectral Hypercubes (FLAASH) module in ENVI 4.7 (ITTVIS, 2009) and the 
calibration factors in the WorldView-2 metadata file.  All the datasets were combined within the 
geographic information system (GIS) software ArcGIS 10 and consequently a case file, consisting of  
25,542,916 (5054 x 5054) grid cells consisting of 8 predictor variables, was created for the 
development and parameterization of the models. 
 

2.4 BN model development and parameterization 

 
BNs are directed acyclic graphical models for reasoning under uncertainty, where the nodes 
represent random variables (discrete or continuous) and arcs (or links) represent direct causal 
connections between them (Pearl, 1988). BN modeling generally involves learning both the 
structure and parameters (probabilities) from data for which a number of algorithms have been 
developed. Those variables that are not linked directly in the graph are conditionally independent 

of each other. This independence can be exploited since the number of parameters needed to 
characterize the BN is reduced. As already defined, BNs consists of nodes and arcs where the arcs 
signify direct dependencies between the linked variables and the strengths of these dependencies 
are quantified by conditional probabilities as represented in a conditional probability table (CPT).  
 
Thus it was possible to efficiently compute probabilities of the presence of each of the species in the 
structure given the information from the Worldview-2 bands. For example, given the reflectance 
value at each band (corresponding to an observed wavelength), we calculated the probability of 
each species’ presence. Three BNs were developed for each species and the multiple class case; a 
model for the four widely used bands (excluding the new Worldview-2 bands), all 8 bands and one 
with four bands as selected through the sensitivity analyses. Using the independence statements 
encoded in the network, the joint probability distribution could be determined by the local 
conditional distributions. Classification is then performed by maximizing the à posteriori 
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(posterior) probability which is Bayes’ rule for optimal classification. Because of the symmetric 
nature of conditional probability, parameter estimation can be used to perform classification as 
successfully applied in remotely-sensed image and signal classification.  
 
The tree augmented naïve (TAN) (Friedman et al., 1997), constructed using Netica 4.10, was 
preferred for this study because TAN structures appear to have the edge over other BN structures 

with the same computational complexity and robustness (Friedman et al., 1997). TAN structures 
relax the independence assumption of naïve Bayes networks by allowing links between the 
variables. The TAN structure learning algorithm learns a maximum spanning tree from the 
attributes, but incorporates a naïve Bayes model as part of its structure to bias the model towards 
the estimation of the conditional distribution. 
 
The widely used expectation-maximization (EM) parameter learning algorithm (Lauritzen 1995) 
was employed to estimate the CPTs from the bioclimatic data. The EM algorithm works by an 

iterative two-phase process where the model parameters are updated after each iteration and used 
as the parameters for the subsequent iteration until the model parameters converge. The BN model 
was first run using all the bands and each species presence as dependent variables. At this point, 
every grid cell has a probability of each species being present, the probability of belonging to a 
particular size class and the à posteriori of belonging to a specified class.  
 
 

2.5 Sensitivity analysis 

 
To test the usefulness of each band in the detection of each species,  the mutual information (I)  or 
entropy reduction was calculated. These measures are fundamental concepts in information theory 
and are widely used in many disciplines (Peng et al., 2005). Given a probability distribution p 
defined over two sets of variables X and Y, the mutual information between X and Y, which is 
measured in bits, is:  

∑ 
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where p(x) and p(y) are the probability densities of x and y, and p(x, y) is the joint density; which 
can also be expressed in terms of entropy as: I(X;Y) = H(X) + H(Y) - H(X  Y), where H(X) and H(Y), 
are the entropies of X and Y, respectively, and H(X  Y) is the joint entropy of X and Y. The entropy is 
actually the mutual information between a random variable and itself I (X;X).  
 
Mutual information is a symmetric measure of the degree of dependence between the sets of 
variables X and Y, which is null when the two sets of variables are independent and maximum when 
they are functionally dependent (Laskey 1995). The entropy reduction is the expected reduction in 
mutual information and measures how much uncertainty about the presence or absence of each 

species is expected to decrease when information from each of the bands is available. The mutual 
information was also calculated between all variables pairs instead of conventional correlation 
coefficients and Chi-squared tests because it is able to detect additional non-linear dependencies 
and correlations that are undetectable using the conventional measures (Guyon and Elisseeff 2003). 
Hence, mutual information was also used for variable selection (Guyon and Elisseeff 2003; Peng et 
al., 2005) as a means to test the usefulness of each of the Worldview-2 bands. 
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2.6 Accuracy assessment 

 
The accuracy of each model was then assessed using 10-fold cross-validation that is widely used in 
the machine learning and artificial intelligence community. This involved performing cross 
validations where each proportion of the training set is 25% of the training data, the remaining 
75%, are held for test set. In each case the tests are repeated 10 times in order that each training 

data instance would be used for the training and the test. Both the overall accuracy and Kappa 
coefficient (Congalton 1991, Foody 2002) were used to assess the BN classification performance. 
The average of overall accuracies and Kappa coefficients from each test were used to assess model 
performance. The producer’s and user’s accuracies (Congalton, 1991, Congalton and Green, 2009) 
were also calculated in each case to assess classification accuracy.  
Testing the classification success rate can provide useful information on scoring success by using 
not the most likely state as a prediction of each case but rather the actual beliefs of each state.  
Hence, the logarithmic loss, quadratic loss and spherical payoff measures (Morgan and Henrion 

1990) were also calculated to compare the classification abilities of the models. These scores don't 
just take the most likely state (species presence/absence) as a prediction, but rather considers the 
actual posterior probabilities of the states in determining how well they agree with the value in the 
training data (Morgan and Henrion 1990). In general, these scoring rules provide an evaluation of 
the predicted probabilities of states over a set of variables (Colwell et al. 1993). These results are 
calculated in the standard way for scoring rules and their respective equations are: 
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where M is the mean probability value of a given state averaged over all cases, Pc is the 
probability predicted for the correct state or class, Pj is the probability predicted for class j, n is the 
number of states for which the training data provides a value for the classification variable (or 
node) (Norsys Software Corporation 2009). The logarithmic loss (equation 2), which has scores 
between 0 and 1, is a cross-entropy estimate which measures the additional penalty for using an 
approximation instead of the true model. According to Colwell et al. (1993), the logarithmic loss is 
the only scoring rule whose value is determined solely by the probability of the outcome that 
actually occurs. Therefore values closer to 0 indicate a lower penalty. The quadratic loss or Brier 
score (equation 3) is similar to the logarithmic loss score but varies in the interval [0,2], with 0 
being the best. The spherical payoff (equation 4) is a very useful index which varies in the interval 
[0,1], with 1 representing best classifier performance. These measures are well explained in 

Morgan and Henrion (1990) and Pearl (1988) and are suitable for the assessment of ‘soft’ 
classifiers for which the traditional error matrix approach may not be appropriate (Lu and Weng 
2007). 
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3. RESULTS 

 
The sensitivity analyses reveal that the newer bands are very useful in detecting invasive alien 
species albeit at different magnitudes for different species (Table 2 to 4). The resulting BNs indicate 
the nodes and their relationships and show that the Worldview-2 bands are inter-dependent in 
determining the presence of C. odorata and L. camara (Figure 3(a) to3(c)). The TAN structure 

including all variables was similar for both the selected invasive alien species models indicating a 
strong and similar relationship between the bands in predicting the species. The TAN BN model is 
therefore superior despite the computational complexity and robustness required in the study 
(Friedman et al., 1997). The maps or spatial predictions are in the form of posterior class 
probabilities providing a soft classification and unlike traditional hard classifiers, the output 
expresses the probability that each pixel belongs is the invasive alien species in question. However, 
the final distribution maps shown in Figure 4 show the classification from the Worldview-2 image 
performed by taking the species or class with the highest posterior probability.  It is evident from 

the findings that these species, in particular C. odorata, is presently confined to watercourses 
thereby pointing to the dominance of rivers or streams as dispersal pathways. On the other hand,  L. 

camara is patchily distributed in disturbed areas such as roads, cultivated areas and possibly 
livestock tracks throughout the study area. Various land cover types seem to have been affected 
which is indicative of the relative influence of differences in site conditions such as edaphic 
conditions and natural vegetation densities.  
 

Despite the limited training data, both models produced very similar and very high overall 
accuracies of greater than 95% and Kappa coefficients of 0.90 (table 5). Figures 4(a) and 4(b) 
shows the results of the BN classifications with the C. odorata and L. camara models. In all the runs, 
the algorithms achieved accuracies higher than 90% and sometimes approaching 100%. On the 
contrary, the models based on the widely used 4 bands produced very low accuracy levels for 
predicting the occurrence of each species. This is evident when considering the Kappa values which 
indicate very low classification accuracy. The Kappa values increases by a factor of almost two 
when incorporating the newer bands and is only very slightly reduced when using the BN model-

selected combinations of both the conventional and newer bands. Similarly, the spherical payoff 
values were both very high (>0.95) for the 8-band and BN-selected band models indicating a very 
high degree of classification accuracy. The logarithmic and quadratic losses were also high when 
using the conventional 4 bands and are largely reduced when incorporating the newer bands. 
 
 
4. DISCUSSION 

 
The results indicate that the new bands are very important in detection the selected invasive alien 
plants. In particular, the red edge and the second near infrared band are very important in 
detecting C. odorata whilst the yellow band becomes an important new band for L. camara 
detection. The importance of the red-edge in C. odorata affirms the observed importance for this 
band for vegetative analysis, directly related to plant health revealed through chlorophyll 
production. The NIR-2 band, although overlapping with the NIR-1 and is less affected by 
atmospheric influence, was observed to be very useful for C. odorata discrimination. The high 
sensitivity of the L. camara to the yellow band is largely due to the fact that the L. camara plants in 
the study area are mainly short which leads to an increase in reflectance within the yellow portion 
of the electromagnetic spectrum. This is also due to the fact that when the leaf begins to change, due 
either to dehydration or senescence resulting from the dry season, chlorophyll production slows in 
L. camara, and reflection in the blue and red bands is increased. The reason for the differences in 
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the sensitivities is that the two species have different leaf pigmentation. The slight differences were 
also expected because the C. odorata has varied spectral signature due to the lower contrast with 
nearby vegetation and other objects thus reducing the spectral separation. 
 
Both the additional near infra red and red edge bands appear to offer improved discrimination of 
both indigenous and invasive alien vegetation. The sensitivity of both C. odorata and L. camara’s 

presence and attributes to the red-edge and near infrared bands is in line with the premise that 
subtle vegetation changes and characteristics variations are prominent in these portions of the 
electromagnetic spectrum. Hence, both species attributes can be probabilistically determined in 
terms of various combinations of the red, red-edge and near infrared band reflectance. The near-
infra red bands coupled with the red edge and yellow bands, therefore, contribute to vegetation 
mapping offer broader discrimination than previously seen with other sensors. The incorporation 
of the red edge also offers more sensitivity to some of the exposed land patches, including those 
adjacent to the river channel, potentially reflecting differences in edaphic conditions.  

 
The low accuracies obtained from using the conventional bands demonstrates their limited spectral 
sensitivity for discriminating invasive alien species from native vegetation. The substantial 
increased in the Kappa values when incorporating the newer bands and is only very slightly 
reduced when using the BN model-selected combinations of both the conventional and newer 
bands. This demonstrates that BNs can achieve very good prediction accuracies even with a rather 
small sample training sizes.  When considering the logarithmic loss and Brier score results, the L. 

camara model slightly outperformed the C. odorata model. This implies that without taking into 
account the predicted plant cover, the actual parameters (posterior probabilities) of the plant cover 
of the L. camara model agreed slightly better with the values in the training data than those of the C. 

odorata and the multiple-class models. Since the logarithmic loss and Brier scores take into account 
the posterior probabilities, they can be regarded as very good measures for evaluating and 
comparing probabilistic or ‘soft’ classifiers. The posterior probabilities from the BN models are also 
an indicator of the uncertainty in making a particular hard class allocation but provides a relative 
measure of class membership and can be used as an indicator of sub-pixel proportions (Foody 

2004). Although there is not a direct link between the proportional coverage of a class and its 
posterior probability, in practice useful sub-pixel thematic information may be derived by this 
approach. 
 
In general, the 8-band Worldview-2 satellite imagery is found to be very suitable for invasive alien 
plant classification and monitoring. The findings point to the significant improvement in the overall 
accuracy of the classification results that can be largely attributed to the additional WorldView-2 

spectral bands. From the BN models, we can see that despite the similarities between the spectra of 
some of the vegetation, and most importantly, the appearance of the individual pixels for various 
class objects, the BN accurately separated most of the individual plant species.  The success of the 
BN approach used in detecting both C. odorata and L. camara is that they capitalized on 
probabilistically identifying unique phenological or reflectance properties that can be measured by 
the Worldview-2 imagery based on their spectral characteristics or their spatial patterns. The 
advantage of the BN classification approach is that the number of parameters to learn from the data 
is low, improving in this way the accuracy of the estimations (Duda et al. 2001). The success of BNs 
over other classification methods has also been recorded by various authors such as Kalácska et al. 
(2005) and Nikolov et al. (2009). The BNs also have an important advantage in that they can also 
show which variables contribute most to classification accuracy. Notwithstanding these advantages, 
the use of this kind of data involves some problems in traditional per-pixel classification 
approaches which result in ‘salt and pepper’ effects in the final classification maps or output (Lu 
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and Weng 2007). Compared with the field data, the probability maps reveal more details at the 
spatial level and are indicative of the level of uncertainties and confidence regarding each species’ 
presence.  
 
High spatial resolution images can, however, cause a lot of confusion and misclassification for 
traditional classifiers. Machine learning approaches such as probabilistic graphical models, 

especially those associated with BNs, are very popular as a formalism for handling uncertainty 
which is common in satellite imagery as a result of the mixed pixel problem. Such a mixture 
becomes especially prevalent in species-rich landscapes where various plant species can all occur 
within a pixel such as observed in this study. In addition to providing insights into the spatial 
distribution of invasive alien plants, the Worldview-2 imagery was also able to provide the 
segmentation necessary to evaluate small scale details, like the identification of individual clumps 
within the studied landscape. Although the incorporating of other ancillary information such as 
texture might also improve the classification accuracy, the additional bands from Worldview-2 

were adequate.  
 
A BN can handle instances where data is missing because of the encoding of interdependencies 
between variables. BNs have the ability to represent causal relationships and therefore, they can be 
used in predicting the occurrence of certain species using conditional probability distributions 
derived from field data. The advantages of BN representations are largely in simplifying and 
modeling conditional independencies, making decisions under uncertainty and explaining the 

outcome of stochastic processes. BNs, therefore, offer a powerful framework for the modeling of 
uncertain interactions among variables in a given domain. Such interactions are represented in a 
qualitative manner, by means of the directed acyclic graph, and in a quantitative manner through 
specifying a conditional probability distribution for every variable represented in the network. 
Over the last decade, BNs have become a popular representation for encoding uncertain expert 
knowledge in expert systems. Generally, BNs and, in particular the EM algorithm, have the 
advantage of handling missing data, learning causal relationships and can facilitate a combination 
of domain knowledge and data. As such, plant spectral relationships could also be derived from 

very high resolution multispectral data.  
 
Despite the limitations of BNs (as reviewed by Uusitalo 2007), the findings of this study highlight 
the efficacy of BNs in remote sensing. In a comparison of several knowledge-based techniques, 
Comber et al. (2004) found that Bayesian methods were most useful. Despite the inherent non-
linear and transient nature of heterogeneous and complex vegetation characteristics, the 
correlative and causal relationships of the BN models graphically and probabilistically represented 

them using the Worldview-2 imagery and the derived indices. BNs have been found valuable in 
spatial knowledge representation, spatial classification, spatial clustering, and spatial prediction in 
the context of spatial data mining (Huang and Yuan 2007). The BN models used in this study were 
able to intelligently discover the spatial patterns and probabilistic relationships between the 
remotely-sensed data and the invasive alien plant species characteristics of the area studied. BNs 
have generally been and are increasingly being successfully applied in the classification of satellite 
imagery (e.g. Ouyang et al., 2006; Solares and Sanz, 2007; Qi and Jianwen, 2008; Qu et al. 2008, 
Nikolov et al. 2009). The TAN structure used in this study, in particular, has been observed (e.g. 
Friedman et al., 1997) to embody a good tradeoff between the quality of the approximation of 
correlations among attributes and the computational complexity in structure and parameter 
learning. The BN models can also be converted to dynamic BNs to possibly model and monitor the 
spatio-temporal dynamics of alien plant invasion. The findings also point to the possibility of using 
and testing the ability to detect alien invasive species across seasons and phenological cycles. 
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5. CONCLUSION 

 
The usefulness of the innovative partitioning of the electromagnetic spectrum through the newer 
wavelengths such as the red edge, near-infrared 2, yellow and coastal blue bands was particularly 
useful in this study. The new bands have been shown to be effective in discriminating between 
invasive alien plant species. In this study we utilized BN models on 8-band Worldview-2 satellite 

imagery for the detection of two problematic invasive alien plants in central Swaziland. The 
findings are useful in broader applications such as vegetation mapping and alien plant monitoring 
and in as far as the design of future sensors. We believe that the adoption of Worldview-2 imagery 
to the detection, mapping and assessment of individual plant species will offer users a more robust, 
repeatable and defensible solution which bridges the gap between scientific studies and practical 
applications. 
The results show that the BN models were equally competitive in classification accuracy. However, 
more detailed performance comparisons with other machine learning approaches should be 

undertaken using multiple runs against dissimilar sets of training and testing data. The BN 
classifiers are useful because they reveal the probabilistic relationships among variables, whilst 
reducing the number of input variables required for classification. The innovative approach used to 
map alien invasive plants directly from satellite imagery was successful even without incorporating 
a lot of other variables or even complex indices. This has advantages over approaches based upon 
ground surveys or hyperspectral imagery which may be costly. The BN methods for remotely 
sensed image classification are promising alternatives to conventional models and manual methods 

and have the added advantage of applicability to areas without or with limited pre-existing ground-
based data. Because our approach uses an easily programmable method, it would be possible to 
apply the BN to other remote sensing problems. Furthermore, the study has demonstrated that it is 
possible to develop a method automatically based on only spectral information. This could include 
extending the general idea presented here into testing other BN structures thereby providing a very 
useful and novel solution to the image classification problem and task. 
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Table 1: Worldview-2 image bands and their spectral characteristics 
 

Band Spectral range (µµµµm) Central wavelength 

(µµµµm) 

Coastal  0.400-0.450 0.4250 
Blue 0.450-0.510 0.4800 
Green 0.510-0.580 0.5450 
Yellow  0.585-0.625 0.6050 
Red 0.630-0.690 0.6600 

Red-Edge 0.705-0.745 0.7250 
Near Infrared 1 0.770-0.895 0.8325 
Near Infrared 2 0.860-1.040 0.9500 
Panchromatic 0.450-0.800 0.6250 

 
 
 
Table 2: Sensitivity of the different bands to Chromolaena odorata presence 
 

Band  Mutual information (bits) Entropy reduction (%) 

Near Infrared 1 0.16306 23.4 

Red edge 0.11843 17.0 

Near Infrared 2 0.11338 16.3 

Blue 0.09474 13.6 

Red 0.08654 12.4 

Yellow 0.10452 15.0 

Coastal 0.08701 12.5 

Green 0.04788 6.86 

 
 
 
 
Table 3: Sensitivity of the different bands to Lantana camara presence 
 

Band  Mutual information (bits) Entropy reduction (%) 

Blue 0.10661 20.3 

Yellow 0.10219 19.4 

Red 0.09245 17.6 

Green 0.07978 15.2 

Red edge 0.07182 13.7 

Coastal  0.0554 10.5 

Near Infrared 1 0.04685 8.91 

Near Infrared 2 0.038 7.23 
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Table 4: Sensitivity of the different bands for the multiple class model 
 

Band  Mutual information (bits) Entropy reduction (%) 

Near Infrared 2 0.46756 40.3 

Red  0.40938 35.3 

Yellow 0.39469 34.0 

Near Infrared 1 0.38399 33.1 

Red edge 0.3785 32.7 

Green  0.36428 31.4 

Blue 0.34005 29.3 

Coastal 0.29444 25.4 

 
 
 
Table 5: Accuracy assessment results for the BN models. 
 

Bands BN 

model 

Overall 

accuracy 

(%) 

Kappa 

coefficient 

AUC Logarithmic 

loss 

Quadratic 

loss 

Spherical 

payoff 

All 8 bands  C. 

odorata 
99.01 0.9682 0.961 0.09448 0.0198 0.9901 

L. 

camara 
99.01 0.9597 0.947 0.1457 0.0198 0.9901 

Multi-
class 

98.02 0.9509 0.943 0.2178 0.0396 0.9802 

BN selected 
bands (4 
bands)includin

g new bands 

C. 

odorata 
97.03 0.9047 0.894 0.04759 0.03405 0.9802 

L. 

camara 
98.02 0.9054 0.898 0.03342 0.02371 0.9863 

Multi-

class 

95.05 0.8932 0.885 0.1305 0.07522 0.9589 

Conventional 4 
bands  

(blue, green 
red, NIR1) 

C. 

odorata 
82.18 0.4166 0.503 0.4407 0.274 0.8487 

L. 

camara 
87.13 0.4078 0.500 0.3482 0.2013 0.8896 

Multi-
class 

75.25 0.4553 0.511 0.7388 0.3737 0.7856 
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Figure 1: Location of the study area within Swaziland. 
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Figure 2: A Worldview-2 false colour composite image (red edge; NIR2; coastal) of the study area 
showing the sample sites. 
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Figure 3: The 8-band TAN BNs for the (a) C. odorata, (b) L. camara and (c) Multi-class models.  
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(a) 

 
(b) 
 
Figure 4: The classification maps generated from BN classification for (a) C. odorata and (b) L. camara. 


