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Abstract. Segmenting multidimensional images, in particular hyperspectral images, is still an open subject. Two are 8 

the most important issues in this field. On one hand, most methods do not preserve the multidimensional character 9 

of the signals throughout the segmentation process. They usually perform an early projection of the hyperspectral 10 

information to a two dimensional representation with the consequent loss of the large amount of spectral information 11 

these images provide. On the other hand, there is usually very little and dubious ground truth available, making it 12 

very hard to train and tune appropriate segmentation and classification strategies. This paper describes an approach 13 

to the problem of segmenting and classifying regions in multidimensional images that performs a joint two-step 14 

process. The first step is based on the application of cellular automata (CA) and their emergent behavior over the 15 

hyperspectral cube in order to produce homogeneous regions. The second step employs a more traditional SVM in 16 

order to provide labels for these regions to classify them. The use of cellular automata for segmentation in 17 

hyperspectral images is not new, but most approaches to this problem involve hand designing the rules for the 18 

automata and, in general, average out the spectral information present. The main contribution of this paper is the 19 

study of the application of evolutionary methods to produce the CA rule sets that result in the best possible 20 

segmentation properties under different circumstances without resorting to any form of projection until the 21 

information is presented to the user.  In addition, we show that the evolution process we propose to obtain the rules 22 

can be carried out over RGB images and then the resulting automata can be used to process multidimensional 23 
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hyperspectral images successfully, thus avoiding the problem of lack of appropriately labeled ground truth images. 24 

The procedure has been tested over synthetic and real hyperspectral images and the results are very competitive. 25 

Keywords: Hyperspectral imaging, Evolution, Cellular Automata, Segmentation. 26 
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1   Introduction 28 

Multidimensional image processing is becoming a field of great interest. Specifically, hyperspectral imaging is 29 

now a very important source of remote sensing and industrial processing information. It implies the acquisition of 30 

imaging data with a very high level of spectral detail. Unlike more traditional imaging techniques which are based 31 

on a three value representation of the color of each pixel (RGB), hyperspectral images provide hundreds of values 32 

that correspond to the intensity of a large number of bands in the visible and near infrared spectrum. Obviously, this 33 

leads to a very accurate and information intensive definition of the color they capture, making the discrimination of 34 

different elements within the images easier. To provide some order of magnitude values, a hyperspectral image is 35 

made up of two spatial dimensions each comprising anywhere from 250 pixels to a few of thousand pixels and a 36 

spectral dimension of up to a thousand bands per pixel.  37 

Originally hyperspectrometers were applied to remote sensing and the images were obtained from high flying 38 

planes or satellites [1]. Initially, the processing was strongly biased towards determining the content of each pixel in 39 

the image. Thus, classification methods were developed to assign the spectrum of each pixel to one of the possible 40 

classes [2]. These types of applications implied that each pixel could usually correspond to a large area (100 square 41 

meters or more) containing different types of covers (endmembers), and thus, it became a necessity to develop 42 

analysis methods aimed at providing the ratio of endmembers present in every pixel [3][4]. In fact, in all of these 43 

applications the emphasis was placed on the processing of the spectral characteristics found in the different pixels, 44 

mostly without considering spatial or geometric relationships. This is currently not the case for two main reasons, on 45 

one hand, hyperspectrometers have improved their spatial definition drastically and, on the other, there has been a 46 

great drive towards ground based applications [5][6]. In this second case, the images are taken close enough to the 47 

subject to obtain a relatively detailed view allowing for the use of the geometric layout of the pixel sets in order to 48 

provide an adequate identification or classification of the elements present. That is, it is becoming necessary to 49 



perform combined spatial-spectral processing in order to identify morphological features present in the image and 50 

this obviously implies segmenting patterns from the background and classifying them.  51 

To integrate spatial and spectral information within a classification process contemplates using the information 52 

on the spectrum present in the pixel and those of the pixels around it in order to decide to which class this pixel 53 

belongs. To this end, different approaches have arisen in the last decade. Some, such as morphological levels [7] or 54 

Markov random fields [8][9], use fixed window based neighborhoods and thus are not as flexible as would be 55 

required for complex images. Others resort to mathematical morphology based techniques [10][11] or watershed 56 

based algorithms [12] [13] to segment the images and try to extend them to this domain although it is not clear how 57 

to modify the operators involved due to the ordering problem that one finds in high dimensional spaces. Other 58 

segmentation techniques have been proposed [14], mostly extensions of approaches developed for lower 59 

dimensionalities, such as region-merging [15] or hierarchical segmentation [16]. One can find more advanced 60 

techniques that apply intelligent learning algorithms, such as those presented in [17] [18] or [19]. Finally, some 61 

authors [20] even resort to lattice computing techniques. These approaches usually require complex algorithms that 62 

lead to weighty processing stages that are very hard to implement in limited computing resources, making them 63 

inadequate for real time processing.  64 

In this sense, multidimensional images usually involve very large data sets due to the spectral detail they contain 65 

for each spatial pixel. The size of these data sets becomes even larger when high spatial resolutions are involved. 66 

This represents a severe processing problem that requires the development of specialized techniques and the use of 67 

very high levels of parallelism, especially when real time processing is desired. Thus, it is often the case that one 68 

would like to have an algorithm that iteratively performs simple operations over pixels and their immediate 69 

surroundings so that the current state of the art distributed architectures, such as those based on FPGAs [21] or 70 

GPUs [22], can be used. This is not easy with most segmentation algorithms commented above, as their algorithmic 71 

structure makes them rather cumbersome in this type of architectures and very specialized ad-hoc implementations 72 

have to be developed in order to benefit from their architecture. It is in this context that techniques that are 73 



intrinsically extremely distributed, such as Cellular Automata (CA), stand out and open up a wealth of opportunities 74 

for the development of specialized algorithms. 75 

Cellular automata were first proposed by Von Neumann and Ulam [23] as a biologically inspired distributed 76 

computing paradigm. They demonstrated that using these systems a universal computing machine could be 77 

constructed. Cellular automata are a spatially extended decentralized system made up of a number of cells 78 

distributed throughout a portion of space, usually in some type of grid fashion, and which communicate only with 79 

their neighbors. Each cell defines an automaton (usually a finite state automaton) and, like any other automaton, the 80 

state of a cell each instant of time depends on the state of its neighbors and on its own previous state through a 81 

number of transition rules. The secret to harnessing the power of CAs in order to achieve a particular objective is to 82 

adequately choose the rule set so that by iterating the state transition process in time this objective is achieved.  83 

Thus, the main challenge in order to use CAs for a particular application, especially when complex functions 84 

need to be achieved, is to determine the appropriate rules for the automata. That is, it is necessary to determine what 85 

rules implemented in each cell will produce, as the CA iterates, the desired global behavior for the CA based system. 86 

This is the so called inverse problem which presents a very high level of difficulty. The inverse problem has been 87 

addressed from many points of view by researchers in the CA community (see, for example, [24]). However, the 88 

most popular approach has been to use evolutionary techniques in order to evolve the rule set [25][26][27][28].  89 

This paper deals with a particular realm, namely, hyperspectral imaging. Within this topic, as series of authors in 90 

the field of segmenting low dimensional images such as [29] [30] [31], and some in the high dimensional image 91 

processing area, such as [32] in the case of edge detection, or [13] in the case of watershed based segmentation,  92 

have started to address these problems using CAs. Most of the CAs they have proposed, however, have usually been 93 

hand created ad hoc and, even though some do consider multidimensional images, most are still far from the 94 

dimensions of hyperspectral images. In fact, when multidimensional images are considered, they are usually 95 

projected onto a lower dimension and it is over this dimension that the whole the segmentation process takes place.   96 



Therefore, the field of the application of CAs to multidimensional image processing is still wide open. On one 97 

hand, there is a need to explore algorithms and techniques that permit obtaining the rule sets of the CAs so that a 98 

particular task over a given type of images can be achieved in a repeatable manner. In order to preserve the 99 

representational power of these high dimensional images it is important that these algorithms work with the 100 

complete spectral wealth of the images and do not project them onto lower dimensionality spaces. On the other, it is 101 

necessary to provide methodologies that allow this process to be achieved without having to resort to large training 102 

or labeled sets of images, as in the case of multidimensional hyperspectral images reliably labeled sets of images are 103 

very hard to come by.  104 

These are the problems that will be addressed in this paper for the case of the segmentation of hyperspectral 105 

images. To this end a two-step algorithm is presented in which the first step makes use of Cellular Automata in 106 

order to create spectrally representative relatively homogeneous regions which are then classified using a more 107 

traditional SVM algorithm. This algorithm has been called ECAS (Evolutionary Cellular Automata based 108 

Segmentation) and its main objective here is to explore the possibilities of evolving a CA based system for the first 109 

step of the hyperspectral image segmentation and classification process using spectrally relevant information. That 110 

is, without irreversibly projecting the images onto lower dimensional spaces.  111 

As the evolutionary process requires an evaluation phase and this evaluation needs some type of ground truth, 112 

instead of resorting to complex labeled hyperspectral images, which are usually not very trustworthy, we will 113 

generalize the segmentation function so that the CA can be trained using synthetic RGB images and then directly 114 

applied to hyperspectral images. To this end we consider a particular type of CA, that is, the eight cell neighborhood 115 

CA (usually called a Moore neighborhood) as it has been shown to be capable of universal computation [33] 116 

together with a spectral distance measure that is independent from the dimensionality of the data.  117 

The remainder of the paper is structured as follows. In the next section we will provide an overview of the 118 

procedure we are following to evolve the cellular automata as well as a description of their characteristics and how 119 

the data are processed. Section 3 is devoted to the application of the CA once it has been evolved, that is, how the 120 



segmentation and classification are performed using the information provided by the CA. Section 4 presents the 121 

experiments that were carried out over real hyperspectral images and some comparative results of this approach. 122 

Finally, Section 5 provides some conclusions and indications of future avenues of work. 123 

2  Cellular Automata and their evolution 124 

As indicated in the introduction, this paper deals with the evolution of cellular automata that can be used to 125 

segment hyperspectral images benefiting from the wealth of information the spectrum associated to each pixel 126 

provides. Consequently, in this section we will first present the cellular automaton we will be using and then we will 127 

dwell on how it will be evolved so as to simplify the process of obtaining appropriate CAs. 128 

 129 

2.1 Definition and operation of the Cellular Automaton 130 

 131 

In this work, a cell of the automaton is placed over each pixel of the hyperspectral image and to preserve the 132 

spectral character of the information, the state of the cell (Si) will be given by an N-band spectrum, initially that of 133 

the pixel over which it is placed. Consequently, the state space is continuous and corresponds to the positive vector 134 

space ℝN. Due to the continuity of the state space, we will speak of state modifications rather than state changes. 135 

During execution, the CA is iteratively applied modifying each iteration the state (Si) of each one of the cells on the 136 

image, that is, modifying the N-band vector that corresponds to the spectrum in that location. This modification 137 

depends on the information of the spectra (state) of the 8 closest neighboring cells (Si1, Si2, …., Si8), on the set of 138 

rules that control the automaton and, finally, on the state of the cell over which the automaton is applied (Si).  139 

The modification that a cell state undergoes is given by a set of transition rules that control the operation of the 140 

CA. These rules can perform different operations over the spectra of the cells. Considering that a spectrum is a 141 

vector of size N (number of bands), these operations may be complex and costly in computational terms. As a 142 



consequence, most approaches found in the literature usually project these spectra onto spaces of lower 143 

dimensionality and then operate over them. Here we are going to do something different, we are going to preserve 144 

the spectral information, that is, work with the whole N-band state vector throughout the segmentation process.  145 

Thus, the operations the transition rules of the CA will have to carry out will somehow modify the spectra that 146 

define the states of the cells based on comparisons of spectra. In order to be able to compare the spectra, a distance 147 

measure must be defined and here we have considered the spectral angle. For a cell i, the spectral angleα ij with 148 

respect to cell j is defined as: 149 

 150 

This value is normalized between 0 and 1. Thus, for each cell of the hyperspectral image, a vector Ai made up of the 151 

eight angles with respect to the eight neighboring cells, can be computed as: 152 

 153 

In terms of the rule set of the cellular automaton, it consists of two threshold angles, ε and θ, and a set of M 154 

rules, each one of them made up of 9 parameters rxj: 
155 

 156 

Every iteration of the CA, only one of these M rules is applied in each cell, that is, over each pixel. To decide 157 

which one is selected, a very simple procedure involving the comparison of spectral angles has been developed. 158 

Thus, to run the CA rule set in a cell over a given pixel i, the first step is to compute vector Ai  for this cell. Then, 159 



and to simplify the rule search space, vector Ai is transformed into a new vector A*i through the transformation of 160 

angles αij into a set of discretized angles (αcij) using the threshold angles of the automaton, ε and θ, and the 161 

following rule: 162 

 163 

Finally, the automaton selects the rule whose first eight r values (rx1, rx2, …., rx8) are most similar to A*i and this 164 

rule is applied in order to change the state of cell i. As similarity measure we have chosen the Euclidean distance. 165 

The ninth parameter of each rule can take discrete values from 1 to 8 representing the cell neighbor that is 166 

selected. Specifically, 1 corresponds to the north-western cell, 2 to the northern one, 3 to  the north-eastern one, 4 to 167 

eastern one, 5 to south-eastern one, 6 to southern one, 7 to south-western one and 8 to western one. Thus, for 168 

example, for a given cell (pixel) i, let’s assume that the CA selects rule j for application and its ninth parameter is 4. 169 

This means that the spectrum of cell i will be modified towards that of the cell on its right (eastern direction). In 170 

other words, the state of a cell will tend to become more similar to that of the cell to which the rule points. Thus, the 171 

change of state of each cell corresponds to a modification of the spectrum of the cell. As a first approximation, we 172 

will consider as modification operator a spectrum averaging operator that implies that the resulting spectrum is the 173 

band by band average of the two spectra. 174 

Finally, it must be pointed out that, in order to make rule selection invariant to rotations and reflections, four 175 

possible rotations and the vertical and horizontal flips of each one of them are taken into account during the rule 176 

selection process.   177 

Following this procedure, the cellular automaton is iteratively applied to all the cells of the image. We can thus 178 

say, by assimilating each cell to an image pixel, that an updated hyperspectral cube is produced every iteration. 179 

 180 



2.2 Evolutionary process 181 

 182 

The selection of the set of rules that make up the cellular automaton is a complex problem that is difficult to 183 

solve manually. As stated above, this problem is addressed here in an automatic manner through the application of 184 

an evolutionary algorithm (EA). Consequently, it has been necessary to establish the individual encoding, the fitness 185 

function and specific algorithm to be applied. 186 

Regarding the encoding of the individuals, the automata that make up the EA population are encoded as a vector 187 

with 9·M + 2 floating point values in the [0, 1] interval. They are a direct representation of the threshold angles and 188 

rules of the automata.  189 

On the other hand, to obtain a cellular automaton that works for a given range of desired image features, it is 190 

necessary to provide a set of sample images over which the prospective automata created by the EA can be 191 

evaluated during evolution in order to provide a fitness value. In the field of hyperspectral imaging this is usually a 192 

problem since there are not that many hyperspectral images appropriately and reliably labeled ground truth, and, it 193 

seems obvious that if the ground truth is not reliable, we might not obtain automata with the desired functionality. In 194 

order to avoid this problem, and as the operations and distance measures the CA described above is considering are 195 

independent of the dimensionality of the images, we decided to make use of synthetic RGB images as samples for 196 

the evolutionary process. This way it is a lot simpler to produce the variability range we wish the CA to generalize 197 

and one can even generate segmentable images and their ground truth in an automatic process.  198 

Consequently, to determine its fitness, the prospective CA is run over each RGB image of the evaluation set for a 199 

given number of iterations and the result is compared to a desired ground truth. To this end, the spectral angles that 200 

must be computed for N-band vectors in a hyperspectral images are obtained here from a 3-band vector, the R, G 201 

and B components of each pixel. These evaluation images are generated in an automatic manner incorporating a 202 

predefined set of features we want to include in them. To improve the evaluation process a different image is 203 

generated at execution time for each evaluation. 204 



There are several different possibilities to measure the quality of the segmentation obtained after applying the 205 

automaton in order to provide a fitness value for it. Here, we have chosen an error measure that seeks a balance 206 

between the homogeneity of the segmented regions and the discrimination of the different regions within the 207 

hyperspectral image. Specifically, we have defined fitness function to be minimized as: 208 

 209 

 210 

being 211 

   212 

where K is the number of different regions in the hyperspectral image, N is the number of bands in the image, pi,n is 213 

the reflectance value of the nth band of the pixels belonging to region i, std(pi,n) is the standard deviation of pi,n, nri is 214 

the number of pixels of region i, αl,m is the spectral angle between pixel l of region i and the average spectrum of 215 

region i and αth is a threshold angle value.  216 

Thus, the selected fitness function is an evaluation error e, which is defined as the maximum between two error 217 

measures: the intra-region error and the inter-region error (separated by a comma in the formula). The first one 218 

provides a measure of the homogeneity of the regions in the image, being a region a set of pixels that should have 219 

the same label after segmentation. To this end, the maximum standard deviation is computed band by band for all 220 

the pixels in the region and the intra-region error is obtained as a sum of these values. Therefore, if all the pixels in a 221 



region have the same spectrum, such a region would be completely homogenous and the maximum band by band 222 

standard deviation would be zero. 223 

Regarding the inter-region error, it provides a measure of the dissimilarity of two different regions. To compute 224 

it, for each region, the following steps are carried out: 225 

1. The average spectrum is calculated.  226 

2. The spectral angle , il mα between the average spectrum and the spectrum of the remaining pixels in the 227 

image is calculated. 228 

3. The number of angles above a threshold value thα is computed and normalized with respect to the total 229 

number of pixels out of the region under consideration. 230 

4. Steps 1 t o3 are repeated for all the regions in the image, being their sum the inter-region error. 231 

Thus, if all the pixels in the image have the same spectrum, this inter-region error is maximum because  232 

 233 

Finally, the particular evolutionary algorithm employed in this work is a standard Real Valued Genetic Algorithm 234 

(RVGA) with a configuration of parameters that will be presented in section 4. Once the evolutionary process 235 

finishes, the individual with the highest fitness (minimum error function e) is selected as the resulting CA that will be 236 

applied over the image or images to be segmented.  237 

3   Cellular Automata and their execution: segmentation and classification 238 

As stated before, the main purpose of this work is to propose a particular type of CAs that contemplate a 239 

continuous high dimensional spectral state space and whose rule sets have been evolved using for their evaluation 240 

synthetic images of much lower dimensionality and analyzing their performance in hyperspectral image 241 



segmentation tasks. This type of CA is quite proficient in fusing spectral and spatial information to detect spectrally 242 

homogenous areas in this type of images. But the success of the application of the CA is not easily measurable 243 

unless one performs a classification process over benchmark cases and compares the results using standard metrics. 244 

To this end, this section describes how the complete segmentation and classification processes have been carried out 245 

in this paper in order to evaluate the performance of the CAs, which will be analyzed in section 4. It must be pointed 246 

out that that the whole segmentation and classification algorithms are not the main topic here but rather the 247 

application of CAs within the segmentation process, or the use of the information they provide in order to determine 248 

borders. For the other parts of the algorithms we have chosen to apply well known and published techniques (or 249 

modifications of them) so that the results could be compared to those of other authors. 250 

 251 

3.1 Segmentation 252 

 253 

Segmentation involves two basic processes, on one hand the homogenization of areas that must be differentiated 254 

from other areas and, on the other, the determination of the closed borders that delimit each area so that they can 255 

then be classified in a later process. The homogenization and differentiation of the areas is the process the CAs 256 

described in the previous section carry out. Their final output is an image where each pixel within an area should be 257 

represented by a spectrum that is very similar to that of its neighbors within the area and different from pixels in 258 

other areas. The next step in any segmentation algorithm involves determining where the borders of these areas are. 259 

In order to do this, we propose an edge detector that takes into account how the cell over each pixel behaved during 260 

the CA execution stage together with some other clues. This segmentation structure is what we have called the 261 

ECAS (Evolutionary Cellular Automata based Segmentation) algorithm. 262 

A lot of information can be gathered from the way the CA operates when executed over an image in terms of 263 

what cells seem to be more closely related. Most authors using CAs do not make use of this information in later 264 

steps. However, we believe it can improve the border detection processes and, as a consequence, that we should 265 



keep track of it. To this end, an eight-element vector that is updated each iteration has been associated to each cell of 266 

the CA. This vector corresponds to a set of eight counters ( 1 1 8, ,...,i i ic c c ) that allow counting the number of times the 267 

state of the cell (or spectrum of the pixel) has been averaged with each of its eight neighbors. Then, after niter 268 

iterations of the CA over the hyperspectral image, a transformed image is obtained which, together with the 269 

information stored in these counter vectors, can be segmented. The segmentation algorithm used here is based on a 270 

simple edge detection process with the following steps (for a better understanding, Figure 1 displays the resulting 271 

images after applying these steps over a real hyperspectral image): 272 

1. An edge intensity image is obtained (Fig. 1a). To do it, for each pixel: 273 

a. The spectral angle to its eight neighbors 1 1 8, ,...,i i iα α α  is calculated  274 

b. The edge intensity value is calculated from the spectral distances and the counter vector 275 

1 1 8, ,...,i i ic c c  using the following relationship (Fig. 1b): 276 

 277 

2. The edge intensity image is binarized using a threshold value, which in the cases presented here is (Fig. 278 

1c): 279 

 280 

3. This binary image is “cleaned”, using a morphological operator that removes isolated pixels (those with 281 

a value of 1 surrounded by 0 in the eight neighboring positions) 282 

4. A second morphological operator, remove, is applied over the resulting image. This operator changes a 283 

cell value to 0 when its top, left, right and bottom neighbors present a value of 1. This way, only the 284 

boundary pixels are preserved (Fig. 1d) 285 



5. Finally, all the pixels that are connected in this final image are arbitrarily labeled (Fig. 1e), that is, each 286 

self-contained area is given a label that differentiates it from its neighbors. Note that this label does not 287 

correspond to any particular class, i.e. areas corresponding to the same class may be labeled differently 288 

depending on where they are located on the image.  289 

 290 

  291 

            (a)          (b) 292 

     293 

          (c)                         (d)             (e) 294 

Fig. 1. Different steps performed in the segmentation process over a real hyperspectral image (a) extracted from a database of 295 

the Harvard University [35]: (a): RGB representation of the hyperspectral image (b) edge intensity (c) binarized edge intensity (d) 296 

clean & remove operators (e) labeled image 297 

 298 

 299 

 300 

 301 



3.2 Classification 302 

Classification must combine both spatial and spectral information. To do it, a pixel-wise classification process is 303 

performed and this result is combined with the information obtained from the segmentation process described above. 304 

Specifically, the three following steps are carried out: 305 

1. SVM pixel-wise classification: a standard SVM has been applied following the same training procedure as 306 

in the work of Tarabalka et al. [12]. Therefore, a multi-class pairwise (one versus one) SVM classification 307 

of the hyperspectral image is performed using a Gaussian Radial Basis Function (RBF) kernel. The specific 308 

implementation that has been used was that of the LIBSVM library [34], with the C and γ parameters 309 

optimally determined in [12] to C = 128 and γ =0.125. 310 

2. Spatial-spectral classification: the resulting segmentation map is combined with the pixel-wise 311 

classification map. Specifically, all the pixels in a region of the segmentation map are assigned to the most 312 

frequent label in the classification map for that region (majority vote approach). 313 

3. Boundary labeling: all the pixels in the resulting boundaries are assigned the most frequent label of its eight 314 

neighbors. 315 

Figure 2 displays a classification result over the same real hyperspectral image used in Figure 1. Image (a) 316 

corresponds to the result after performing the pixel-wise classification (step 1 in the previously explained 317 

procedure), that is, considering only spectral information. It can be seen that the spectrum mixture is complex, 318 

and the different areas are not clearly defined. Image (b) corresponds to the result obtained after step 2, when 319 

combining spectral and spatial information. Now, it can be clearly observed how the areas are uniformly 320 

defined and the points corresponding to different spectra have been removed. Finally, in order to remove the 321 

boundaries, step 3 is performed over the image and the result is that of image (c). 322 



     323 

(a)               (b)            (c) 324 

Fig. 2. Spatial (a) and spatial-spectral (b and c) hyperspectral classification over a real hyperspectral image after applying steps 325 

1, 2 and 3 of the algorithm described in section 3.2 326 

Considering the segmentation and classification processes described in this section, the CA performance can now 327 

be compared to other techniques. This is the objective of the following section, where the results obtained after 328 

applying this two-step algorithm (CA+segmentation/classification) over real hyperspectral images are presented. 329 

4  Experiments and Results 330 

In this section we present some results of ECAS for segmenting hyperspectral images in an unsupervised manner. 331 

The automata were obtained using the algorithm described in section 2 and the classification results after applying 332 

the segmentation and classification algorithms described in section 3 over the image resulting from the application 333 

of the CA. For the sake of clarity, this section has been organized into three sub-sections. The first one is devoted to 334 

the specific details of the CA evolution process that has been carried out and a preliminary analysis of the practical 335 

segmentation that this type of CA performs depending on its parameterization. The second contains the 336 

classification results the two-step algorithm provides in perfectly labeled synthetic images. Finally, in the third sub-337 

section, a benchmark real image is used and the results are compared to other methods.  338 



In order to provide standard metrics for the quality of the classification results and be able to compare them to the 339 

results of others in the literature, in all the cases where classification was involved the following measures have been 340 

computed [12]: 341 

1. Overall Accuracy (OA): is the percentage of correctly classified pixels 342 

2. Average Accuracy (AA): is the mean of class-specific accuracies, that is, the mean of the percentage of 343 

correctly classified pixels for each class 344 

3. Kappa coefficient (κ): is the percentage of agreement (correctly classified pixels) corrected by the number 345 

of agreements that would be expected purely by chance. 346 

4. Class-specific accuracies: is the percentage of agreement of each class (correctly classified pixels). 347 

 348 
4.1 CA evolution and parameterization 349 

 350 

As indicated in section 2.2, to evaluate the individuals of the genetic algorithm during the evolution of the CAs, 351 

simple RGB synthetic images that contain a predefined set of features similar to those one wants to segment from 352 

the hyperspectral images were generated. Specifically, for this particular evolutionary process image (a) of Figure 3 353 

has been used as ground truth. It is a 25x80 pixel image with 8 classes. Color and noise variations of this image are 354 

generated each generation of the evolutionary process to evaluate the individuals in a more general and robust 355 

manner. For example, images (b) and (c) of Figure 3 are training images created from the ground truth.  356 

      357 

   (a)                 (b)               (c) 358 

Fig. 3. (a): Ground truth image. (b) and (c): Training images  359 

 360 



The automata that have been evolved are made up of 20 rules. As each rule has 9 components and we have two 361 

additional parameters corresponding to the threshold angles, we end up with 182 real valued parameters for each 362 

automaton. A summary of the parameters used in the RVGA used for their evolution is displayed in Table I. It can 363 

be observed that the configuration of the algorithm is very simple and standard. 364 

TABLE I.  PARAMETERS OF THE RVGA USED IN THE EXPERIMENTS 365 

GENETIC ALGORITHM PARAMETERS 

Type of parameters Real 

Number of parameters 182 

Population size 182 

Number of generations 50 

Crossover method Scattered 

Crossover fraction 0.8 

Elitism  

(number of individuals) 
2 

Mutation method  Gaussian 

Selection method Tournament (size = 4) 

Stopping criterium Maximum number of generations 

 366 

Figure 4 displays the evolution of the fitness of the best individual and the average fitness of the population for a 367 

typical evolutionary process. The fluctuations that can be observed in the fitness curves are due to the fact that the 368 

evaluation of the individuals is carried out over different images each generation. However, the global decreasing 369 

trend of the error followed by the curves is clear.  370 



 371 

Fig. 4. Fitness function value (minimized) during a typical CA evolutionary process with the parameters of Table I. 372 

 373 

The best individual after evolution has been chosen as the CA that will be used within the image segmentation 374 

processes that follow.  375 

First of all, it must be pointed out that the two threshold parameters evolved together with the rules for the CA, ε 376 

and Θ, are very relevant parameters in terms of adjusting the segmentation detail level (number of areas that are 377 

segmented). This segmentation detail level is something that completely depends on the application and the user and 378 

cannot really be finely adjusted during the evolutionary process. Obviously, the way the training images are 379 

constructed, that is, the size of the features they contain and the types of borders found in them provide a coarse 380 

dimensionality for the segmentation detail level. Small details and many types of features lead to automata that 381 

segment smaller and more complex regions, larger primitives and a smaller number of them lead to CAs that 382 

produce larger segmented areas. However, to achieve a finer control over the segmentation detail level once the 383 

automata have been evolved in order to be able to adjust them to the particular images and desires of the user a 384 

scaling factor (Sf) parameter has been defined. This factor is introduced to scale the threshold angles of the CA, ε 385 



and Θ, which are those provided by the evolutionary process based on the characteristics of the RGB training 386 

images. 387 

   388 

           (a)             (b) 389 

   390 

          (c)               (d)     (e) 391 

Fig. 5. Hyperspectral image (a) and the resulting images provided by the CA after evolution with different values of the 392 

scaling factor: (b) Sf = 8, (c) Sf = 9, (d) Sf = 12 and (e) Sf = 14 393 

 394 

Thus, and just to show how the segmentation process works over hyperspectral images and the effects of 395 

changing Sf, in what follows we present the results of the application of the CA over a quite simple and recognizable 396 

real 31 band spectral image. Each band corresponds to a bandwidth of approximately 10nm from 420nm to 720nm 397 

[35]. Figure 5a displays one band of this image. It has been chosen due to the clear boundaries it contains, which 398 

allows the visual evaluation of the CA response. Figure 5b displays the result of applying the CA and the 399 

segmentation algorithm described in section 3.1 over image (a). Note that the image has been segmented but no 400 



classification process has been carried out. This implies that the colors assigned as labels for each segmented area do 401 

not mean anything, they just help to visually discriminate the areas. That is, two areas with the same color do not 402 

necessarily contain the same material. Anyway, it can be observed that the result quite good, with most of the areas 403 

and boundaries of the original image clearly defined and the window areas with reflections generating many more 404 

segmented areas. This is a very interesting result because, as displayed in Figure 4, only 50 generations of evolution 405 

were required to obtain a CA that is able to operate with images whose dimensionality is much higher than that of 406 

those used in evolution. 407 

The result shown in Figure 5 (b) was obtained with Sf = 8 in the CA. The next three images of Figure 5 display 408 

the segmentation results obtained after applying the same CA with Sf = 9 (c), Sf = 12 (d) and Sf = 14 (e). It can be 409 

clearly observed that, as the value of Sf increases, the number of areas segmented in the image increases too. 410 

Consequently, Sf is a very important parameter because it allows regulating the segmentation detail level of the 411 

process using the same CA. Thus, depending on the application or depending on the definition level of the ground 412 

truth, the CA response can be easily adjusted. 413 

 414 

4.2 CA classification over synthetic images 415 

 416 

To analyze the CA response in perfectly labeled and controlled cases, a set of synthetic images have been 417 

generated. They were constructed using five 64-band base spectra that were spatially corrupted by noise and 418 

artifacts. Figure 6 displays the result of applying the resulting CA and the segmentation and classification algorithms 419 

described in section 3 over one of these synthetic hyperspectral images containing 5 different classes. Image (a) 420 

shows the ground truth for the image. Image (b) corresponds to a 2D transformation of the synthetic 64-band 421 

hyperspectral image where each pixel corresponds to the angle between the spectrum of the pixel and a reference 422 

spectrum with all of its bands at the maximum value. Image (c) displays the result provided by the segmentation 423 

algorithm, that is, the segmented image with the areas arbitrarily labeled. Image (d) contains the output provided by 424 



the SVM pixel-wise classification, that is, considering only spectral information. Finally, image (e) shows the final 425 

classification obtained with the classification algorithm described in section 3.2.  426 

 427 

       (a)               (b) 428 

     429 

      (c)            (d)                    (e) 430 

Fig. 6. (a): Ground truth. (b): 2D transformation of a synthetic 64 band hyperspectral image. Each pixel displays the angle 431 

between the spectrum of the pixel and a reference spectrum with all of its bands at the maximum value. c): Output provided by 432 

the segmentation algorithm. (d): SVM pixel-wise classification (e) Final classification  433 

 434 

A simple visual analysis of these images shows that the final classification (e) and the ground truth (a) are very 435 

similar, with the same areas clearly defined. Moreover, in the SVM pixel-wise classification image (d), one can 436 

observe the spectral mixtures that are really in the image, and that must be processed considering the spatial 437 

information. After iterating the CA 100 times over the synthetic image, the following results (Figure 6c) were 438 

obtained:  439 

• OA: 98,8 % 440 

• AA: 99,3 % 441 



• Kappa: 98,4 % 442 

• Class specific accuracies: 443 

o Class 1: 99,8 % 444 

o Class 2: 100,0 % 445 

o Class 3: 99,9 % 446 

o Class 4: 99,9 % 447 

o Class 5: 98,4 % 448 

 449 

From these data, it can be concluded that the classification accuracy is very high and the preliminary successful 450 

results obtained in the previous section have been confirmed now using an image whose classification results are 451 

perfectly known. In fact, most of the small classification error present stems from pixels right on the borders, which 452 

is something that will have to be addressed in further iterations of the segmentation algorithm. Anyway, the most 453 

relevant result here is that from a spectrally quite inhomogeneous hyperspectral image as the one shown in Figure 6b 454 

the CA that was evolved using RGB training samples, is able to provide a very homogeneous pre-segmented image 455 

that is really easy to segment and classify.  456 

 457 

4.3 CA classification over benchmark images 458 

 459 

To compare the two-step algorithm presented in this work with other existing techniques, a benchmark 460 

hyperspectral real image has been selected. Specifically, that of the University of Pavia displayed in Figure 7. It is a 461 

610x340 pixel image that contains 103 spectral bands ranging from 430 to 860 nm and where 9 different classes 462 

haven been defined (they are shown in Table II). Image (a) of Figure 7 displays a 2D angular transformation of the 463 

original hyperspectral image where each pixel corresponds to the angle between the spectrum of the pixel and a 464 

reference spectrum with all of its bands at the maximum value. Image (b) shows the ground truth with the 9 classes 465 



that are considered. This image is only partially labeled and, even though many authors use it in order to perform 466 

comparisons; the labeling is at least dubious in some cases, especially in the areas corresponding to shadows. 467 

     468 

  (a)     (b)         (c)              (d) 469 

Fig. 7. (a): 2D angular transformation of the PAVIA image. (b): ground truth. (c): final image provided by the two-step algorithm 470 

considered here showing only the labeled areas. (d):  final classification result provided by the algorithm for the whole image.  471 

 472 

The resulting classification provided by the algorithm is that of images (c) and (d) of Figure 7. Image (c) 473 

corresponds to the final image where only the labeled areas are displayed while image (d) contains the classification 474 

of all the areas in the original image. Again, a simple visual comparison of images (b) and (c) shows the high degree 475 

of success that has been obtained, which is quantitatively confirmed by the class-specific accuracy contained in 476 

Table II. The main differences between the images are in very specific areas. For instance, it must be pointed out 477 

that the lower accuracy obtained for class 9 (shadows) is mainly because it is quite a confusing label, which does not 478 

really correspond to a specific spectrum but to several different ones with a lower definition.  479 

To compare the overall classification results obtained with this image, three reference algorithms have been 480 

selected. First, and to provide reference values, we have we have included in the comparison a purely spectral 481 



algorithm based on a pixel-wise SVM (data extracted from [12]). In addition, we have considered two spatial-482 

spectral algorithms. The first one is the EMP (extended morphological profiles), originally presented by Plaza et al. 483 

in [36] and the second one is a watershed transformation-based algorithm presented by Tarabalka et al in [12] which 484 

has been labeled as W-RCMG in Table III. This algorithm considers a SVM based classification with majority vote 485 

where the watershed pixels are assigned to the regions with the closest median before the majority vote is performed 486 

(With a WHEDS approach) and which uses a Robust Color Morphological Gradient (RCMG) to obtain the gradient 487 

image. It is this second algorithm the one that provided the best results in the comparison the authors performed over 488 

the same image in [12].  489 

TABLE II.  CLASS-SPECIFIC ACCURACY (%) FOR THE UNIVERSITY OF PAVIA IMAGE 490 

Area Class OA(%) 

1 Asphalt 94,63 

2 Meadows 98,92 

3 Gravel 98,57 

4 Tree 86,29 

5 Metal sheets 95,17 

6 Bare soil 99,66 

7 Bitumen 96,62 

8 Bricks 91,01 

9 Shadows 84,16 

 491 

 492 

The comparative overall classification results over the University of Pavia image are those of Table III. The 493 

ECAS approach proposed here using a SVM for classification obtains the best overall results in the three measures 494 

considered. 495 

 496 



TABLE III.  OVERALL ACCURACY (%) FOR DIFFERENT ALGORITHMS 497 

 
ECAS+SVM 

Pixel-wise 

SVM 
EMP W-RCMG 

Kappa 94,99 75,86 80,86 81,30 

OA 96,22 81,01 85,22 85,42 

AA 93,89 88,25 90,76 91,31 

 498 

It is important to note here that, in addition to the good results the algorithm provides, since it is mostly a CA 499 

based algorithm its distribution over high speed GPU based platforms is quite simple thus allowing it to be used in 500 

real time applications which is not the case of the other algorithms.  501 

 502 

4   Conclusions  503 

Segmentation and classification is basic task that must be performed when processing hyperspectral images. 504 

Consequently, this task should be as efficient as possible in order to be able to reliably execute it in real-time when 505 

in the field. In this line, the use of Cellular Automata (CA) based structures for performing spatial-spectral 506 

operations over hyperspectral images is quite a promising approach given the fact that these structures are well 507 

adapted to their implementation in very efficient high performance processing hardware such as GPUs. Nonetheless, 508 

this approach poses the problem of how to determine the rule set for the CA to perform the task it has been assigned.  509 

In this paper we have shown that through evolution it can be quite simple to obtain these rule sets. In fact, the main 510 

problem in evolving the CAs within this realm is to provide appropriately labeled samples over which to test the 511 

candidate CAs during evolution since reliably labeled hyperspectral images are quite hard to find. This problem has 512 

been addressed in the approach presented here by adopting a dimension independent distance metric within the 513 



operation of the CAs that permits evolving the automata using perfectly labeled synthetic images of much lower 514 

dimensionality. In addition, and with the objective of preserving the large amount of information provided by the 515 

spectra, the CAs work and modify the spectral information and do not project it onto a lower dimension. Thus, their 516 

output is really a hyperspectral image with different spectrally homogeneous regions.  517 

The automata obtained this way were run over a typical hyperspectral benchmark image and the results they 518 

provided compared to other approaches presented in the literature. These results have shown that the approach is 519 

very competitive and, more importantly, that it permits adapting better to the way in which the user wants the 520 

segmentation to be performed than other more traditional approaches. This is achieved by choosing what types of 521 

features one includes in the training sets as well as through the use of a scale parameter that permits a finer tuning of 522 

the degree of segmentation desired by the user. 523 

ECAS still has room for improvement, especially in terms of the classification of pixels on the borders between 524 

regions. At the same time an in depth study of the way the RGB training sets must be constructed in order to better 525 

adapt to the desires of the users in terms of segmentation detail would be of great interest. These are the areas where 526 

our work is currently focused. 527 
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