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1. INTRODUCTION 

Today, a vast amount of geospatial data is collected and there is 

a need for its automatic processing and interpretation. Machine 

learning algorithms are used for automation of various tasks in 

geosciences: from detecting objects and events such as 

hurricanes, estimation of physical variables such as the health of 

vegetation to forecasting trends, and mining relationships such 

as a relationship between sea surface temperatures and 

terrestrial floods. 

 

Geospatial data could be acquired from satellites, sensors placed 

on the ground or data could be a result of modeling and 

simulations. The challenges for machine learning 

implementation over geospatial data are the following: various 

spatio-temporal structures used for storing data, data has 

heterogeneous semantics, data includes complex n-dimensional 

models, huge data volumes, paucity of ground truth, and others 

as elaborated in (Karpatne, 2019). 

 

Machine learning could be supervised, unsupervised, or 

reinforcement learning (Murphy, 2021). When speaking about 

classification in the context of machine learning, classification 

is considered to be a part of supervised learning (Murphy, 

2021). In the context of remote sensing, a classification that is 

based on spectral pattern recognition is divided into supervised, 

unsupervised, and hybrid (Lillesand et al., 2015), where these 

concepts have the same meaning as in machine learning. 

 

 

2. CLASSIFICATION OF MULTISPECTRAL IMAGES 

Classification of multispectral airborne and spaceborne images 

is based on the fact that electromagnetic (EM) waves are 

interacting differently with different materials or land cover 

types on the Earth's surface. For example, in the visible range of 

the EM spectrum, green grass absorbs almost all light from the 

sun, except waves from the green portion of the spectrum which 

are being reflected. By utilization of multispectral scanner that 

can measure, for different wavelength ranges, the amount of 

energy that came from a specific surface, it is possible to 

distinguish different surfaces by employing classification. The 

multispectral scanner produces a multiband image in which, 

after preprocessing, pixel values in each band represent the 

amount of reflected or emitted energy from the corresponding 

surface. Each band matches to specific wavelength range. 

 

Although classification can take into account spatial patterns in 

images, the scope of this paper is limited to the spectral pattern 

recognition in which only pixel values are used in classification 

(Lillesand et al., 2015) and their spatial relationships are 

ignored. The basic principle of classification of multispectral 

images is depicted in Figure 1. In this case, an image with only 

two bands is considered for the sake of simplicity, but the same 

principle can be extended to images with an arbitrary number of 

bands. If values in each band for a particular pixel are used to 

position a point in the so-called feature space (Figure 1), it can 

be expected that points that correspond to pixels that received 

EM energy from the same surface should be grouped (relatively 

close to each other) in the feature space, since they have similar 

spectral characteristics. The goal of classification is to somehow 

determine delineation of grouped points in feature space and 

thus for each pixel in input image determine which class it 

should, based on a used algorithm, belong to. 

 

In supervised classification, the analyst defines pixels in the 

input image for which ground truth data is known (training 

pixels) and assigns those pixels to one of the determined classes 

(water, vegetation, bare land, etc.). Then, after defining training 

data, it is possible to determine characteristics (mean values, 

boundaries, etc.) for each class in feature space. During the 

execution of the desired algorithm, each pixel from input image 

is placed in a class to which it most likely belongs. The simplest 

algorithm is the nearest distance one in which for each class in 

the training phase is determined the mean or the center in the 

feature space. Then, during classification, individual pixels are 

placed in a class for which distance between pixel in feature 

space and class center is the smallest (Figure 2). Other popular 

algorithms include parallelepiped method, maximum likelihood 

classifier, artificial neural networks (ANN), support vector 

machine (SVM), boosting learning techniques, ensemble 

methods (random forests - RF), etc (Camps-Valls et al., 2009; 

Lary et al. 2015; David and Mathew, 2020; Taranto-Vera et al, 

2021). 

 

In unsupervised classification, the analyst defines only some 

input values that a particular algorithm requires, like a number 

of iterations, thresholds, etc. Algorithm than in feature space 

creates clusters of spectrally similar pixels. Contrary to 

supervised classification where information classes are 

obtained, in unsupervised classification, the so-called spectral 

classes that have to be identified by the analyst and then 

transformed into information classes are being outputted 

(Lillesand et al., 2015). Some of the most popular algorithms 

are K-means, ISODATA, fuzzy clustering, expectation 

maximization, artificial neural networks, fusion of multisources 

methods (hierarchical clustering, projection pursuit, graphcuts, 

etc.), hybrid genetic algorithms, etc (Camps-Valls et al., 2009; 

Lary et al. 2015; Lillesand et al., 2015; David and Mathew, 

2020). 

 

Various authors have been using and assessing different 

machine learning methods for the classification of vegetation. 

For example, Kranjčić et al. (2019) have been using SVM, 

ANN, naïve Bayes, and RF algorithms for supervised 

classification of vegetation in urban areas from Sentinel-2 

satellite images. Their results showed that the SVM classifier 



 

yielded the highest overall accuracy, followed by RF. 

Gašparović and Dobrinić (2020) have been using multitemporal 

Sentinel-1 synthetic-aperture radar images for mapping urban 

vegetation. Among supervised methods that have not been 

mentioned before, they used extreme gradient boosting, multi-

layer perceptron (MLP), AdaBoost.M1, and extreme learning 

machines. Best results for single-date images were achieved by 

utilizing SVM classifier, while the best results for 

multitemporal images were achieved by MLP. As a direction for 

further research, it would be interesting to investigate the 

inclusion of a spatial component, not only spectral, in the 

vegetation classification process. This can be particularly 

interesting in urban areas where green spaces have some 

specific spatial characteristics, e.g., they are very often in form 

of linear corridors. 

 

 
 

Figure 1. The basic principle of classification 

 

 

 
 

Figure 2. Black pixel corresponds to the black point in feature 

space, and it will be assigned to the “blue” class by minimum 

distance algorithm since its distance to the center (black x 

symbols) of the “blue” class is the smallest (according to 

Lillesand et al., 2015) 

 

 

REFERENCES 

Camps-Valls, G., 2009: Machine learning in remote sensing 

data processing. 2009 IEEE International Workshop on 

Machine Learning for Signal Processing, 1–6. 

https://doi.org/10.1109/MLSP.2009.5306233. 

 

David, N., Mathew, R., 2020: Review of Machine Learning in 

Geosciences and Remote Sensing. Proceeding of the 

International Conference on Computer Networks, Big Data and 

IoT (ICCBI - 2019), 195–204. https://doi.org/10.1007/978-3-

030-43192-1_22. 

 

Gašparović, M., Dobrinić, D., 2020: Comparative Assessment 

of Machine Learning Methods for Urban Vegetation Mapping 

Using Multitemporal Sentinel-1 Imagery. Remote Sensing, 

12(12), Article 12. https://doi.org/10.3390/rs12121952. 

 

Karpatne, A., Ebert-Uphoff, I., Ravela, S., Babaie, H. A., 

Kumar, V., 2019: Machine Learning for the Geosciences: 

Challenges and Opportunities. IEEE Transactions on 

Knowledge and Data Engineering, 31(8), 1544–1554. 

https://doi.org/10.1109/TKDE.2018.2861006. 

 

Kranjčić, N., Medak, D., Župan, R., Rezo, M., 2019: Machine 

Learning Methods for Classification of the Green Infrastructure 

in City Areas. ISPRS International Journal of Geo-Information, 

8(463), 1–15. https://doi.org/10.3390/ijgi8100463. 

 

Lary, D. J., Alavi, A. H., Gandomi, A. H., Walker, A. L., 2016: 

Machine learning in geosciences and remote sensing. 

Geoscience Frontiers, 7(1), 3–10. 

https://doi.org/10.1016/j.gsf.2015.07.003. 

 

Lillesand, T. M., Kiefer, R. W., Chipman, J. W., 2015: Remote 

sensing and image interpretation (Seventh edition). John Wiley 

& Sons, Inc. 

 

Murphy, K. P., 2021: Probabilistic machine learning: An 

introduction. MIT Press, Cambridge, Massachusetts, USA. 

https://probml.ai (5 April 2021). 

 

Taranto-Vera, G., Galindo-Villardón, P., Merchán-Sánchez-

Jara, J., Salazar-Pozo, J., Moreno-Salazar, A., Salazar-Villalva, 

V., 2021: Algorithms and software for data mining and machine 

learning: A critical comparative view from a systematic review 

of the literature. The Journal of Supercomputing. 

https://doi.org/10.1007/s11227-021-03708-5. 

 

 

 


