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SUMMARY 

Processing of aerospace images, the results of which are used in various branches of the 

national economy, is an urgent task today. Very often, when processing images of remote 

sensing of the Earth, it is necessary to carry out a supervised classification of areas of the 

earth's surface according to certain characteristics (for example forest, grass, field, swamp, 

water, concrete, etc.). The problem of high-quality classification of areas of the earth's 

surface on high-resolution images is quite complex and does not have an unambiguous 

solution. Therefore, as a rule, several methods are used to solve it. 

Choosing the best method for multi-class classification of aerial imagery is a challenging 

task. Traditionally, the best solution was to use a set of metrics. However, for non-experts 

and beginners, the correct application of a set of metrics is also very difficult, as the results 

are often contradictory. Therefore, the scalar metrics for assessing the quality of the 

supervised classification of aerospace images based on a nonlinear scheme of compromises 

were investigated in the paper. 

The first NSC0 criterion is formed by nonlinear convolution of the elements of the confusion 

matrix. 

The second criterion NSC1 is also formed from the confusion matrix, but favours the correct 

solutions by introducing weights. 

For the third criterion, it is proposed to use the known quality indicators as partial criteria of 

classification quality: accuracy, recall, precision and F1. 

The conducted studies showed that to assess the quality of the classification of aerospace 

images, it is advisable to use the developed quality indicator NSC2, which is a scalar 

nonlinear convolution of known quality indicators, such as accuracy, recall, precision, and 

F1. This indicator allows you to give preference to one or another classification method when 

the values of typical indicators almost coincide or have contradictions. 
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Introduction 

Today, aerospace images obtained by remote sensing of the Earth are widely used in various sectors 
of the national economy. They are used to solve the problems of monitoring agricultural land, 
controlling the condition of water bodies and forests, and urbanized areas (Palamar et al., 2020). Quite 

often, when processing images of remote sensing of the Earth, it is necessary to carry out a supervised 
classification of areas of the earth's surface according to certain characteristics (for example: forest, 
grass, field, swamp, water, concrete, etc.). The problem of high-quality classification of areas of the 
earth's surface on high-resolution images is quite complex and does not have an unambiguous 
solution. Therefore, as a rule, several methods are used to solve it. For example, ENVI software 
allows you to apply the following methods of supervised classification: Parallelepiped, Minimum 
Distance, Mahalanobis Distance, Maximum Likelihood, Spectral Angle Mapper, Binary Encoding, 
Neural Net (ENVI Tutorial, 2022). 

 
As a machine learning method, supervised classification of aerospace images has several features, 
namely: very large intraclass variability, lack of large data sets for training, lack of ground truth data 
(Ground Truth Regions), and others. These factors complicate the process of automatic classification. 
Often, to carry out supervised classification, it is necessary to manually determine the regions for 
training each class, which are called Regions of Interest (ROI) in ENVI. 
 

To assess the quality of supervised image classification, several metrics are used, such as Confusion 

Matrix, Overall Accuracy, Kappa Coefficient (), and Receiver operating characteristics (ROC) curve 
(Using ENVI, 2022). In classical machine learning, in addition to these metrics, some others are also 
used, such as Precision, Recall, F-score, Area under the curve (AUC), Precision-recall (PR) curve and 
others. Such a number and variety of classification metrics are because none of them individually 

gives an unequivocal answer as to which of the classification methods is better. As a rule, several of 
them are used at the same time. 
 
The wide variety of supervised classification methods and their quality metrics indicates that the 
problem being solved is complex. It is difficult for a non-specialist in this field to choose a 
classification method that is best for a specific task of classifying aerospace images. To facilitate the 
solution of the problem, scalar indicators based on a nonlinear scheme of compromises are studied in 

the work (Voronin et al., 1999). 
 
Method and Theory 

In most cases, the main classification quality indicators are calculated based on the confusion matrix. 
A confusion matrix is a table used to describe the performance of a classifier. It is usually extracted 
from a test data set for which the underlying true values are known. Here, the results of assignment to 
each class are analyzed and the proportion of incorrectly assigned classes is determined. In the 
process of constructing the confusion matrix, we deal with several key metrics that play a very 

important role in machine learning. For a classification problem, given a verification label and a 
predicted label, the first thing we can do is divide our samples into 4 segments (Canty, 2019): 
True Positive (TP): actual = 1, predicted = 1;        False Positive (FP): actual = 0, predicted = 1; 
False Negative  (FN):  actual = 1, predicted = 0;   True Negative (TN): actual = 0, predicted = 0. 
 
Thus, the correct classification values and the two types of classification error values are calculated 
here. 

 
Quite often, when using different classification algorithms, similar quality indicators are obtained, and 
it is difficult for the user to choose one of them. This especially applies to the "best classifier" 
criterion, which is calculated for each task separately and depends entirely on it. Then the selection of 
the best classifier can be considered a multi-criteria optimization problem. Here, the authors propose 
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to apply the method of solving multi-criteria problems based on a nonlinear scheme of compromises, 
presented in the work of A. M. Voronin (Voronin, 2017), which looks like this: 
 

𝑥∗ = arg min ∑ 𝐼𝑚𝑖[𝐼𝑚𝑖 − 𝐼𝑖(𝑥)]−1 .

𝑛

𝑖=1

 
(1) 

where Imi is the upper limit for the partial criterion Ii. 
 
If necessary, weighting factors can be entered into the nonlinear convolution Ci. 

𝑥∗ = arg min ∑ 𝐶𝑖𝐼𝑚𝑖[𝐼𝑚𝑖 − 𝐼𝑖(𝑥)]−1 .

𝑛

𝑖=1

 
(2) 

Entering coefficients allows you to give preference to certain criteria that are better adapted to a 
specific business task. 

 
Since the best quality of the classification algorithm is required, the efficiency criterion must be 
maximized, and then the calculation formula takes the following form: 

𝑁𝑆𝐶 = arg max ∑ 𝐼𝑚𝑖[𝐼𝑚𝑖 − 𝐼𝑖(𝑥)]−1 ,

𝑛

𝑖=1

 
(3) 

where NSC  is the scalar indicator on a nonlinear scheme of compromises. 

 
The advantages of the method of the nonlinear scheme of trade-offs are that this method is quite 

simple in terms of computational costs and allows obtaining solutions from the Pareto set taking into 
account the constraints according to the principle "as far from the constraints as possible". Secondly, 
the scalar convolution with the convexity of the partial criteria has the property of unimodality (that 
is, the problem becomes one-sided). 
 
Using different approaches to partial criteria, different quality indicators can be obtained. This work 

considers three of them, calculated according to formulas (46), which are adapted for image 

classification. 
 
The first criterion is formed from the confusion matrix itself: 
 

𝑁𝑆𝐶0 = arg max (
𝑁𝑁

𝑁𝑁 − 𝑇𝑃
+

𝑁𝑁

𝑁𝑁 − 𝐹𝑃
+

𝑁𝑁

𝑁𝑁 − 𝐹𝑁
+

𝑁𝑁

𝑁𝑁 − 𝑇𝑁
) (4) 

where NN  is the total number of pixels of the Earth's surface image. 

 
The second criterion is also formed from the confusion matrix, but gives preference to the correct 
solutions by introducing weighting factors: 
 

𝑁𝑆𝐶1 = arg max (
0,4 × 𝑁𝑁

𝑁𝑁 − 𝑇𝑃
+

0,4 × 𝑁𝑁

𝑁𝑁 − 𝐹𝑃
+

0,1 × 𝑁𝑁

𝑁𝑁 − 𝐹𝑁
+

0,1 × 𝑁𝑁

𝑁𝑁 − 𝑇𝑁
) (5) 

 
For the third criterion, it is proposed to use the known quality indicators as partial criteria of 
classification quality: accuracy, recall, precision and F1. Then the calculation formula has the final 
form: 

𝑁𝑆𝐶2 = arg max (
1

1 − 𝐴𝑐𝑐
+

1

1 − 𝑃𝑟
+

1

1 − 𝑅𝑒𝑐
+

1

1 − 𝐹1
) (6) 

 
where Acc is accuracy; Pr is precision; Rec is recall; F1 is F1-score. 
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The resulting scalar number will have no physical meaning. Its values can also vary from units to tens 
of thousands. The highest scalar value of the NSC indicator will determine the best algorithm for 
implementing a particular classification task. 
 

If it is necessary to carry out multi-class classification, the calculation of metrics is complicated. If the 
task of classification into K classes is put as KK tasks of separating each class from the others, then 
for each of them it is possible to calculate its confusion matrix. Then there are two options for 
obtaining the final value of the metric from KK confusion matrices: 
1. Confusion matrix elements (TP, FP, TN, and FN) between binary classifiers are averaged. Then, a 
scalar quality indicator is calculated from one averaged confusion matrix. 
2. Partial indicators (Accuracy, Precision, Recall, and F1-score) are calculated for each classifier 
separately, and then they are averaged and applied in formula (6). 

 

The order of averaging affects the result in the case of class imbalance. TP, FP, and FN  are pixel 
counters. Let some classes have a small capacity (let's denote it by M). Then the values of TP and FN 
when classifying this class against others will not be greater than M, i.e. also small. We can't say 
anything for sure about FP, but most likely, with class imbalance, the classifier will not predict the 

rare class too often, because there is a high chance of getting it wrong. So FP is also small. Therefore, 
averaging firstly will make the contribution of a small class to the overall metric unnoticeable. And 
averaging by the second method is already carried out for normalized values, so the contribution of 
each class will be the same. 
 
Results 

Initially, scalar indicators of classification quality were investigated on model examples of binary 

classification. Some research results for an image of 512×512 pixels are presented in Table 1. 
 
Table 1 

TP TN FP FN NSC0 NSC1 Acc Prec Rec F1 NSC2 

132320 62030 41054 26740 5,6285 1,5616 0,7414 0,7632 0,8319 0,7961 18,9418 

130253 60152 43254 28503 5,6048 1,546 0,7263 0,7507 0,8205 0,748 17,865 

98162 56564 49132 58286 5,3903 1,4012 0,5902 0,6664 0,6274 0,6464 10,951 

98162 56564 72315 35103 5,4093 1,4031 0,5902 0,5758 0,7366 0,6464 10,9501 

98162 56564 83115 24303 5,4402 1,4061 0,5902 0,5415 0,8016 0,6464 12,4882 

67802 62740 73132 58470 5,3375 1,3328 0,498 0,4811 0,537 0,5075 8,1091 

 
Analysis of the results of the research shows that NSC0 is sensitive to class imbalance and errors. 
Entering weights (NSC1) does not help. The NSC2 indicator gives the best and the most stable result. 
An example of using the NSC2 indicator to select the best multi-class classification method is shown 

in Fig. 12. 
 
According to the results of the calculations, the best classification method for this case is 
Parallelepiped. 
 

Conclusions 
Thus, it is proposed to use the developed quality indicator NSC2, which is a scalar nonlinear 
convolution of known quality indicators, such as accuracy, recall, precision, and F1, to assess the 
quality of classification of aerospace images. This indicator allows you to give preference to one or 
another classification method when the values of typical indicators almost coincide or have 
contradictions. The conducted studies confirmed the performance of the proposed NSC2 indicator. In 

the future, it is advisable to more deeply study the behaviour of NSC2 in various situations and 
develop recommendations for its use. 
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a)                                      b)  )                                      c)   

Figure 1 Image preparation and classification: a) initial image; b) selection of ROI; c) the 

image is classified by the Parallelepiped method 
 

    
a)                                      b)  )                                      c)   

Figure 2 Classification results: a) classification by the Minimum Distance method;  

b) classification by the Mahalanobis Distance method; c) classification by the Maximum 

Likelihood method 
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