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Abstract
Background
The aim of the study is identification of factors influencing the reduction of the potential maximum yield of winter wheat in weather conditions of dry farming in European part of Russia, Volgograd region. The novelty of the work is forecasting potential yields under uncertainty that allows to assess the risks and potential threats that can influence and maximize the potential yield. To solve this problem, the tool for formalization, analysis and modeling of semi-structured systems and processes Fuzzy Cognitive Maps (FCM) is used.

Results
Based on disparate and heterogeneous information about the multitude of external influences on crop formation during plant photosynthesis, a model for analyzing the level of influencing factors on the target factor is constructed and an effective control impact scenario is developed. This model is used to identify the factors, where each one of them iteratively passes from the initial value to the stable one according to the chosen formula, based on which, the influence of the factors on each other are determined.

Conclusions
The conclusions obtained as a result of the work confirm the concept of precision farming: the quantity and quality of innovation in agriculture depends on the ability to apply it effectively in the field. Developed method of predicting potential yield levels can be used not only to model future agricultural performance, but also to estimate harvested yields.
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Introduction
Agricultural activity is one of the most important parts of the world economy. Agriculture inevitably affects the land and, in many cases, shapes the landscape itself. Supporting economic processes, the agro-industrial complex provides the population with food reserves. In addition, it is a rather conservative sphere of human activity. At the same time, in agriculture a lot of innovations are being introduced, which contribute to reducing production risks and improving the quality of final products taking into account the global environmental situation.
For decades, agriculture has been associated with the production of essential food crops. At present, agriculture beyond farming includes forestry, dairy, fruit cultivation, poultry, beekeeping, mushroom, arbitrary, etc. Today, processing, marketing, and distribution of crops and livestock products, etc. are all acknowledged as part of current agriculture. Thus, agriculture could be referred to as the production, processing, promotion, and distribution of agricultural products. Agriculture plays a critical role in the entire life of a given economy of a country. Agriculture is the backbone of the economic system of a given country. In addition to providing food and raw material, agriculture also provides employment opportunities to a very large percentage of the population.
Forecasting methods are used to draw up expectations about future results on the basis of already available and processed data. In this paper, forecasting is considered as a calculation of theoretically possible yield growth provided by climatic, soil and material-technical resources. It can gives the chance to assume the final result of the process of yield formation during photosynthesis of plants in certain soil–climatic conditions [1]. The purpose of the model is to identify the factors influencing the reduction of the potential maximum yield and to identify effective scenarios of impact on the modelled process.
Fuzzy Cognitive Map (FCM) [2] highlight the factors and the relationships between them. Such a framework reflects an idealized structure of knowledge on the subject area. The main source of information is expert assessment of the state of concepts and mutual cause–effect effects. The principle of point impact on the factors influencing the formation of yield is used in the field of knowledge such as yield programming. By means of stage-by-stage influence on the list of factors, an agronomist optimizes the development of plants during the growing season and thus there is an impact on the development of yield. Decisive factors are fertilizers, cultivation technology, irrigation, variety, plant protection from diseases, pests, weeds, etc. [1]. In this way, we have a list of concepts that can be offered to assessors.
Fuzzy cognitive maps are currently a popular tool for modeling causal relationships between concepts in complex systems.
Thus, in the study [3], FCM is used to identify the relationship of critical factors affecting the transition of energy to bioeconomy options. Areas of this research include scenarios highlighting the impact of energy supply on urbanization and an increase in the number of urban actors influencing low-carbon policy decisions. The tool proposed by the authors helps guide competent authorities and decision makers towards the transition from sustainable energy to decarbonization.
Paper [4] describes an approach to assessing resilience and its impact on investment decisions in the water supply and sanitation sector, which reflects different perspectives of sustainability by identifying and comparing cognitive maps various agents both inside and outside the wastewater treatment plant. FCM is used as a practical tool to identify subjective views on resilience mechanisms and demonstrate co-production methodology with wastewater professionals in the Belfast area of Northern Ireland. The authors believe that the proposed approach can be useful for the purposes of strategic planning within the enterprise and for improving interagency interaction between both internal and external agents.
The authors of [5] use fuzzy cognitive maps (FCM) to optimize municipal waste management systems (MWMS). By applying FCM to Land of Fire, the understanding of the internal dynamics of the MWMS was improved to formulate optimal policy strategies and support decision makers in their efforts to identify problems, gaps and potential solutions.
As an object of modeling, the paper considers the features of dry agriculture in Russia, Volgograd region on the basis of data from an experimental farm located in the Mikhailovsky district. The purpose of this study is to determine the theoretically possible maximum yield of winter wheat, which can be obtained in the current meteorological conditions.
To solve this problem, we use the tools of formalization, analysis and modeling of weakly structured systems and processes, as forecasting (in this paper—fuzzy cognitive maps) in general works not only to assess the immediate future, but also gives an approximate economic assessment, evaluation of preliminary work, identification of risks for early impact and minimization of potential losses in the crop. Under different conditions, it would be enough to study the statistical data of yield and build the level of expectations for the period of interest depending on changes in the level of agricultural machinery, mechanization, labor organization and use planning tools.
The purpose of the developed method of forecasting is to identify risks and threats at early stages, to determine the effective impacts, moderation of existing methods of agricultural management and increase the efficiency of agricultural marketing.
Related works
It is traditionally required for the specific support of agrarian branch development to use various conceptual, mathematical and geoinformation models [6, 7]. At the same time, there are a number of limitations to modeling the functioning and development of agrogeosystems. This is due to the fact that any model is a less complex reproduction of the studied object, so it reproduces only a small part of the features of the functioning and development of agrogeosystems in general [8]. An important limitation of modeling is the correct choice of mathematical methods for modeling, which, first, should be as simple as possible, and second, it allowed more adequate interpretation and explanation of the results of modeling. In addition, the feature of agro-geographical studies is in the large volume of used initial information, its heterogeneity and uncertainty. All this causes the need to develop qualitatively new models of decision-making in the agricultural sector to identify and study the territorial laws and features of modern innovative development of agriculture. For these purposes, it is appropriate to use the associated system of traditional methods (optimization models), methods of data intellectual analysis (Data Mining), expert evaluation, simulation of mathematical and geoinformational models [8].
At the moment, several classifications for the development of forecasting models in crop production can be identified. Depending on the objectives of the study, the authors’ views on the problems of crop forecasting change. Harmful factors can be studied, following the development of the mathematical models, which it will manage the yield, predict the potential yield, where the researcher can determine the approximate level of the final product, predict the actual possible yield and where specific figures in measurable units are given. Conclusions and results of the models are checked on the results of the actual yield in production or are given to the expert committee for evaluation.
If we consider in more detail, the forecasts are divided by the directions of study: life expectancy of plants, the factors used in the model and their number (single and multifactor), the methods of forecasting the state of the agricultural system under consideration. Consideration of the territory of the experiments is incorrect, because there is no universal and uniform coverage of all variations of soil and climatic conditions.
In terms of the life expectancy of cultivated crops, there is a division into annual [9–12] and perennial. [13–16]. Different features of crop cultivation are considered, which depend both on the peculiarities of plant systematics (cereals, legumes, etc.) and on the areas of study (India, Brazil, South America, etc.). Researchers either study the peculiarities of a particular plant or make interspecific comparisons. Such direction of researches is actual as an auxiliary technique on calculation of profitability of agricultural works.
Factors of forecasting models are based on different parts of plants: influence on the root system through the spread of organic matter [14, 17–19], plant appearance [10], pest and disease detection [20, 21], Leaf cover participation in carbon movement [22, 23]. In these works, researchers more often consider the unilateral problem of the influence of a group of factors from one area on the final yield level. Different ways of human intervention in natural processes to improve growing technology and fieldwork efficiency are considered. Data from satellite images are seldom used (vegetation indexes, image recognition).
Among the methods used for yield forecasting linear, multiple linear and stepwise linear regression are used [11, 12, 22], machine learning methods [10, 24–26] and Fuzzy Cognitive Maps [6, 14], interpolation [17], random and cubic forests [7, 19, 22]. In many sources, the authors compare several methods and regression analysis is most often taken as the optimal solution [27]. However, these conclusions can be in disagreement on the basis of experimental fields in the Volgograd region. In Fig. 1 (X-axis indicates the number of fields sown in wheat in each particular year, Y-axis indicates the number of harvested crops in centners per hectare), the statistics of yield distribution on experimental fields for the last 5 years, where the dependence in the appearance of fields with a deviation from the general linear trend at the beginning and end is traced for of each of the graphs. Therefore, we suggest that the laws of yield distribution do not always assumes linear dependence. This reasoning should be taken into consideration in a separate study.[image: ../images/40066_2021_314_Fig1_HTML.png]
Fig. 1Yield distribution of winter wheat on test fields


The aim of this paper is to process a large amount of heterogeneous and unstructured information to determine the reasons for the decrease in the potential maximum yield level. Therefore, a Fuzzy Cognitive Map (FCM) toolkit is used. To unify the disparate information, the expert assessment of the state for each of the selected factors are used. Due to this, we are able to take into account the peculiarities of both the technology of land cultivation and soil–climatic data. The conclusions are more specific and related to the opinion and experience of the experts, but can serve as a basis for future research. The main goal of the method is to identify the influence of each factor on the target value and iterative calculations before the search for a stable state of the model. Machine learning methods can be used to improve Fuzzy Cognitive Mapping (FCM) settings [28].
Consider a study on fruit crop yield prediction based on the content of chemical elements in the soil [14]. In this example, there are nine concepts, of which one is output (yield), three describe soil properties (electrical conductivity, clay and sand content) and the remaining ones are responsible for the content of chemical elements in the soil (zinc, phosphorus, etc.). In the influence matrix, the factors do not influence each other, but only the target yield factor. We believe that for the effective use of Fuzzy Cognitive Map (FCM) tools it is necessary to use various factors of influence. This trend is noticable in the analysis of the following works [13, 14, 29]. For example, the work is not only related to the topic of agriculture, as the study of known electronic information bases (Scopus, etc.). Research in the field of economics is more popular in the Russian segment of science. The Fuzzy Cognitive Map (FCM) method has been used extensively in the field of decision-making. A significant number of research works have been conducted related to the use of Fuzzy Cognitive Maps (FCM) to identify the level of mutual influence of factors and determine the scenarios of behavior of the system [30, 31].
As can be seen from the review of related works, predicting potential yields by identifying risks and threats in the early stages of growing crops is an urgent task, and FCM are a modern and suitable approach for this.
Methodology
This section contains a description of the basic concepts and principles of FCM functioning.
Fuzzy Cognitive Maps (FCMs) is a new methodology for modeling complex dynamic systems (CDS) and has been around only for the last 30–35 years. FCMs exploit the knowledge and experience of people. fuzzy cognitive maps came as a combination of the methods of fuzzy logic and neural networks. They constitute a computational method that is able to examine situations during which the human thinking process involves fuzzy and/or uncertain descriptions [32, 33]. They are directed graphs capable of modeling interrelationships or causalities existing among concepts, such as example, given at Fig. 2. They are the evolution of the Cognitive Maps, which were introduced by Axelrod. It’s a soft computing methodology that gives users the ability to encounter problems in the same way the human mind does; using a conceptual procedure, which can include ambiguous or fuzzy descriptions. Therefore, FCMs offer a simple, fast, flexible, economical, and versatile approach to a variety of problems which are extremely complex and a purely mathematical approach would be time consuming, laborious and require wasting many resources without finding meaningful and realistic solutions at the end.[image: ../images/40066_2021_314_Fig2_HTML.png]
Fig. 2Graphic representation of the fuzzy cognitive map


An FCM consists of: concepts: are all characteristics of a complex system; events, states, inputs, outputs, events, trends, constraints, controls, type of decisions. Nodes: represent the system’s concepts. Arrows: interconnection between nodes. Show the cause–effect relationship between them. Between concepts, there are three possible types of causal relationships that express the type of influence from one concept to another:	[image: $$W_{i j} &gt; 0$$], positive causality. ’When the value of node [image: $$C_i$$] increases, the value of node [image: $$C_j$$] increases, and, respectively, when the value of node [image: $$C_i$$] decreases, the value of node [image: $$C_j$$] also decreases.

	[image: $$W_{i j} &lt; 0$$], negative causality. When the value of node [image: $$C_i$$] increases, the value of node [image: $$C_j$$] decreases, and when the value of node [image: $$C_i$$] decreases, the value of node [image: $$C_j$$] increases.

	[image: $$W_{i j} = 0$$], zero causality. There is no causal relationship between node [image: $$C_i$$] and node [image: $$C_j$$].

	Zero causality also means there is no correlation between node [image: $$C_i$$] and node [image: $$C_j$$].



Remark: We must stress that Causality always implies Correlation, but the reverse does not hold. The numerical value of the weight of each [image: $$W_{i j}$$] interface between the nodes [image: $$C_i$$] and [image: $$C_j$$] indicates the degree to which the value of the variable of a node has a causality with the variable of the interconnected node being taken into account. The numeric value of each [image: $$W_{i j}$$] interface weight belongs to the interval [[image: $$-1.1$$]].[image: $$\begin{aligned} A_i^{(k+1)}=f\left({k_2 A_i(k)+k_1 \sum \limits _{j=1,j\ne i}^{N} A_j(k) W_{j i}}\right), \end{aligned}$$]

 (1)


where:	[image: $$A_i (k + 1)$$]: the value of the node [image: $$C_i$$] at time [image: $$k + 1$$]

	[image: $$A_j (k)$$]: the value of node [image: $$C_j$$] at time k

	[image: $$W_{i}$$]: the weight of the interconnection of node [image: $$C_j$$] to node [image: $$C_i$$]

	[image: $$k_1$$]: constant expressing the effect of interconnected nodes on the configuration of the new node [image: $$A_i$$] value

	[image: $$k_2$$]: constant representing the contribution of the previous node value to the calculation of the new node



and f is the sigmoid function 2:[image: $$\begin{aligned} f=\frac{1}{1+e^{\lambda x}}, \end{aligned}$$]

 (2)


where [image: $$\lambda &gt;0$$] determines the steepness of function f. The FCM’s concepts are given some initial values which are then changed depending on the weights and the way the concepts affect each other. The calculations stop when a steady state is achieved the concepts’ values become stable. In most applications, [image: $$k_1$$] and [image: $$k_2$$] are set equal to 1. The FCM approach is based on expert’s knowledge for the construction of matrix [image: $$W_{i j}$$]. This experience is not always reliable though. That is the reason why the weights [image: $$W_{i j}$$], need to be trained by learning algorithm. Several learning principles originally developed for ANNs have been applied to FCM modelling. These approaches were based on the concept of Hebbian learning.
More specifically Nonlinear Hebbian learning method has been used to many applications. In this learning algorithm the nodes are triggered simultaneously and interact in the same iteration step with their values to be updated through this process of interaction. The training weight algorithm is computed as follows:[image: $$\begin{aligned} W_{i j} (k)=\, &amp; {} g *W_{i j}(k-1) + h *A_j(k-1)*\nonumber \\&amp;*(A_i(k-1) - sgn(W_{i j}) * W_{i j}(k-1)* A_j(k-1)), \end{aligned}$$]

 (3)


where the coefficient h is a very small positive scalar factor called learning parameter, and the coefficient g called weight reduction parameter. Two stopping criteria terminate the procedure. The first one concerns the minimization of the sum of the square differences between each desired output concept i ([image: $$\mathrm{DOC}_i$$]) and a target value [image: $$T_i$$]:[image: $$\begin{aligned} F_1=\sqrt{\sum \limits _{i=1}^m (\mathrm{DOC}_i-T_i)^2}. \end{aligned}$$]

 (4)


[image: $$T_i$$] is defined as the mean value of the range of [image: $${\rm DOC}_i= [T_i^{\rm min}, T_i{^{\rm max}}]$$] and m is the number of the desired output nodes. The second criterion is the minimization of the variation of two subsequent values of desired output concepts [33]:[image: $$\begin{aligned} F_2=|\mathrm{DOC}_i^{k+1}-\mathrm{DOC}_i^k|. \end{aligned}$$]

 (5)


There are modifications to the Eq. (1), where the level of confidence in the solution is calculated in addition [34] or where a proportion of the contribution of the previous value of the concept is added to the equation in the calculation of the new value and the influence of the related concepts on the configuration of the new state is separately taken into account [image: $$A_i$$] [6].
The analysis of the fuzzy cognitive map begins with the determination of the total influence of the factors on each other, taking into account both direct and indirect influence, when one factor affects the other through a chain of intermediate factors. For this purpose, the fuzzy cognitive map is first presented in the form of a matrix of contiguity, in which the weights of the direct connections between the factors are set out. Then a matrix of transitive closure is constructed for it. As a result, we obtain maximal positive and negative connections between the concepts by module. Then the final mutual influence of factors on each other is calculated:[image: $$\begin{aligned} p_{i j}=\mathrm{sign}(a_{i j}+b_{i j})*\mathrm{max}(|a_{i j}|,|b_{i j}|), \end{aligned}$$]

 (6)


where [image: $$\mathrm{sign}$$]: signum function, [image: $$a_{i j}$$]: total positive impact, [image: $$b_{i j}$$]: the total negative impact. The signal function shows which sign the actual number has. If the number is negative, the function has a value of [image: $$-1$$]. If the number is positive, the function is equal to one. If the number is zero, the value of the function will also be zero [35].
The starting point of modeling is the vector of initial values of input factors. At the preparatory stage the target and control factors are singled out. Concepts, on which the subject of control has an opportunity to influence, are chosen as control factors. Concepts that characterize the state of the control object and the purpose of model construction are chosen as target factors.
Then, there is a structurization of information for the selection of basic concepts, that characterize a particular indicator of influence or group of such, which is reasonable to use as a single factor (for example, the concept “Hostile factors” changed after several experiments and combines the negative impact of factors on the yield “Weeds”, “Pests”, “Disease”, because in this study it is not important to us, where we are getting the negative impact from, and it is advisable to combine them together). For each of the concepts, development trends are defined. For links, values are set according to the scale of linguistic scores, the numerical equivalent of which is stored in the range from minus to plus units (see Table 1).Table 1Linguistic scale


	Linguistic evaluation
	Numerical assessment

	Very weakly increases (decreases)
	0.1; 0.2 ([image: $$-0.1$$]; [image: $$-0.2$$])

	Weakly enhances (weakens)
	0.3; 0.4 ([image: $$-0.3$$]; [image: $$-0.4$$])

	Moderately enhances (weakens)
	0.5; 0.6 ([image: $$-0.5$$]; [image: $$-0.6$$])

	Strengthens (weakens) strongly
	0.7; 0.8 ([image: $$-0.7$$]; [image: $$-0.8$$])

	Very strong (weakens)
	0.9; 1 ([image: $$-0.9$$]; [image: $$-1$$])




Assessments are made after interviews or interviews with experts and decision makers. Where information is insufficient, it is supported by analysis of available information in the form of texts or information bases.
Once the list of concepts has been defined and the relationship between them has been defined, we move on to build a Fuzzy Cognitive Map in the form of a oriented graph, where the input concepts are the basic factors from which we model the output variables.
To have an effective impact on the simulated situation, it is necessary to analyze the cause–effect relations between the factors. For this purpose, it is possible to carry out a structural analysis of fuzzy cognitive map factors to determine the consistency of control purposes with the purposes of forecasting, the effectiveness of the influence of control factors on the target ones. In this process, the consistency of the goals vector is revealed, as the control influence is made to achieve the desired changes. Managed situations are created so that the impact brings the desired result of the target factors. Therefore, it is advisable to assess the consistency of target and control factors, so that after the impact does not get an unexpected version of the development of events.
Modeling can be performed in the mode of independent and controlled development. independent development assumes preservation of existing tendencies and extrapolates the influence of other input factors. Managed development implies a point impact on the current values of the factors, which will be transferred along the chain to other concepts.
After the conclusions on the created model of the fuzzy cognitive map are formulated, the structure of the model can be corrected, the purpose of construction or criteria of estimation of results of modeling can be updated. Key Performance Indicators (KPIs) can be calculated, where qualitative indicators of reporting documentation performance for a specific agricultural division of the test company will be checked. Reporting is related to the assessment of past fieldwork and the identification of factors that affect the potential yield.
Experiments
This section contains a description of the initial situation, a set of concepts (target and control factors), edges (control vectors) and their levels of influence, formed by the authors and experts, depending on the scenarios that determine the effective control factors. For clarity, a graphical representation of the resulting FCM is formed.
According to the process of developing fuzzy cognitive maps, the number and type of concepts were defined by the expert group. The experts were representatives of the Test Farm Agronomical Service and a representative of the management staff. Individual experts were consulted on the cognitive maps. The answers of the experts during the interviewing were combined, translated according to the scale of linguistic assessments and formed into the initial vector of the concept state. The experts’ assessments were translated into the following rules “if-then”, that made up the interaction matrix. The same experts were presented with the results of the modeling to check compliance with expectations.
Description of the starting situation: there is an enterprise on the territory of Volgograd region with fields on the territory of about 20,000 ha. We consider the potential level of winter wheat yield as of 2019 sowing year. The specifics of agricultural activity lies in the technology of dry farming with zero tillage (No-Till), where it is important to qualify the operator and operator of the agricultural technological apparatus, timely introduction of drugs into the soil. Another distinctive feature of this technology is the mulch covering of the ground surface, which is designed to preserve the soil from erosion and contribute to the accumulation of moisture [36]. Preservation of autumn and spring moisture reserves is important for the cultivation of winter wheat. Especially when folding the conditions of dry summer. The combination of several weather factors has a strong impact on the final harvest, not only affecting the plants, but also contributing to the development of hostile factors. Previous crops are mainly winter and spring wheat (about 50% of experimental fields), chickpea (about 35%), sunflower, flax and steam. At the time of writing, not all fields have been selected, but most of them have phosphorus content of about 11–16 mg/kg, nitrogen up to 100 mg/kg and humus level of about 3–5%. Qualification of the agronomic service influences the timely and effective application of plant protection products (IPP) and fertilizers.
The target factors are “The potential yield level”, which should strive for the highest possible value, and the concept of “Hostile factors”, the value of which should be as low as possible. This choice characterizes our expectations for the dynamics and direction of development of the modeling process. These goals are equally important for us, as the potential threat from pests and diseases can damage crops in production. The selected management factors are: “Fertilizers”, “Plant protection products (PPP)”, “Land cultivation technology”, “Qualification of the agronomic service” (code each of the factors into a separate scenario of impact on the system), because by making a financial infusion into each of the concepts, we can provide a precise impact on the factor and consider how this intervention will affect the system. Thus, the basic direction for all concepts except “Hostile factors” should tend to grow positively. The values of all factors are given in the Table 2. To present the information in a compact way, the table shows four scenarios by which we will identify the effective management factors: additional impact on the qualification of the agronomical service by means of training, addition of new systems for recording the ongoing works, etc. (Scz. 1); increase in the amount of fertilizers, point application according to the soil selection, etc. (Scz. 2); increase in the number of lilacs, point impact on the origins (Scz. 3); partial replacement of the elements of land cultivation technology (Scz. 4).Table 2Base factors and control vectors


	No.
	Model factors
	Initial trend
	Target value
	Control vectors

	Scz 1
	Scz 2
	Scz 3
	Scz 4

	C1
	Potential yield level
	0
	1
	–
	–
	–
	–

	C2
	Previous culture
	0.2
	–
	–
	–
	–
	–

	C3
	Soil condition
	0.4
	–
	–
	–
	–
	–

	C4
	Sum of accumulated temperatures
	0.4
	–
	–
	–
	–
	–

	C5
	Moisture stockpile
	0.9
	–
	–
	–
	–
	–

	C6
	Hostile factors
	0.6
	0.25
	–
	–
	–
	–

	C7
	Fertilizers
	0.5
	–
	–
	0.25
	–
	–

	C8
	PPP
	0.6
	–
	–
	–
	0.25
	–

	C9
	Land cultivation technology
	0.2
	–
	–
	–
	–
	0.25

	C10
	Qualification of the agronomic service
	0.2
	–
	0.25
	–
	–
	–




The matrix representation of the fuzzy cognitive map (the [image: $$W_{i j}$$] Weight matrix) obtained after expert interviews is shown in Table 3. As we can see, some concepts (C8, C9 and C10) according to experts, do not have a direct impact on the output concept (C1).Table 3Relationship matrix, [image: $$W_{i j}$$]


	Concept
	C1
	C2
	C3
	C4
	C5
	C6
	C7
	C8
	C9
	C10

	C1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0

	C2
	0.2
	0
	0
	0
	0.4
	0.4
	0
	0
	0
	0

	C3
	0.6
	0
	0
	0
	0
	0
	0
	0
	0
	0

	C4
	0.6
	0
	0
	0
	0
	0.4
	0
	0
	0
	0

	C5
	0.9
	0
	[image: $$-0.1$$]
	0
	0
	0.6
	0
	0
	0
	0

	C6
	[image: $$-0.8$$]
	0
	0
	0
	0
	0
	0
	0
	0
	0

	C7
	0.8
	0
	0.6
	0
	0
	0.6
	0
	0
	0
	0

	C8
	0
	0
	[image: $$-0.2$$]
	0
	0
	[image: $$-0.8$$]
	0
	0
	0
	0

	C9
	0
	0
	0.8
	0.2
	0.4
	[image: $$-0.6$$]
	0.8
	0.8
	0
	0

	C10
	0
	0
	0
	0
	0
	0
	0.8
	0.8
	0.9
	0




Graphical representation of the fuzzy cognitive map is shown in Fig. 2. The output concept of C1 has five positive and one negative impact arcs. All concepts, except C2 and C10, have both input and output impact pulses. We believe that this model reflects the simplified structure of the factors influencing the yield to a sufficient extent to obtain an adequate assessment of the modeling results.

Discussion of results
In the process of simulation calculations, the concepts were stabilized at the third iteration (Fig. 3). After obtaining the final solution vector for free and controlled development (Table 4), we will compare the results of modeling. The table immediately ranks the scenarios of impact from the best to the worst based on the correspondence of the desired behavior of the system in comparison with the target factors. Scenario 3 is the best, where the controlling influence is the plant protection products that suppress the development of hostile factors. The rest of the scenarios are worse for reducing the negative factors, but still contribute to the growth of yields.[image: ../images/40066_2021_314_Fig3_HTML.png]
Fig. 3Calculation process

Table 4Modeling results


	No.
	Initial trend
	Desirable dynamics of the factor
	Target value
	Free development
	Scz 3
	Scz 1
	Scz 4
	Scz 2

	C1
	0
	+ 1
	1
	1
	1
	1
	1
	1

	C6
	0.6
	[image: $$-1$$]
	0.25
	0.97
	0.77
	0.82
	0.85
	1




It can be concluded that with free development, when there is no controlling influence, the system does not achieve our goal of reducing hostile factors. Therefore, it is necessary to use control factors that will influence the system already in the process of plant development. Let us compare the simulation results with the amount of economic investments and time costs (Table 5). In this situation, the third scenario wins according to the average assessment of the three factors considered. In second place is the first scenario, which gets the second place only on the basis of rounding off the average score. It may be worth considering a scenario in which the use of plant protection products should be combined with human development.Table 5Script rating


	 	Achievement of targets
	Price of impact on the resource
	Time of effect manifestation
	The final place

	Skills development (scenario 1)
	2
	1
	2
	2

	Fertilizer increase (scenario 2)
	4
	1
	1
	2

	Increase in PPPs (scenario 3)
	1
	1
	1
	1

	Technology change (scenario 4)
	3
	3
	3
	3




Consider the influence of factors affecting the level of yield on the consistency of expert opinion (Fig. 4).[image: ../images/40066_2021_314_Fig4_HTML.png]
Fig. 4Impact on the factor “Potential yield level”


To do this, the agronomists first act as experts who make an initial assessment of the concepts, then the input data are fed into a cognitive model, the results of which are then used in the annual summary reporting. It turns out that agricultural machinery, mechanization, labor organization and fertilizers applied have the greatest positive impact (concepts C10, C9, C7). In other words, these are controllable factors that we can influence with a certain economic price. In addition, there are natural factors (water reserves, soil conditions, etc.) that are more difficult and expensive to influence, but which can be indirectly influenced by cultivation technologies.
In the process of modeling, the fuzzy cognitive map changed its configuration depending on the experts’ corrections. It was found that if a negative value was specified in the initial concept state estimation vector, then the results of modeling by the influence of factors would be inverted (so hostile factors contributed to the growth of yield). When constructing the graph, we tried to avoid using loops between the two factors. The current fuzzy cognitive map reacts quite sharply to the change of factors “Technology of land cultivation”, “Qualification of the agronomic service”, “Water reserve”. This is manifested in the change in the picture of the impact on the factor “Potential yield level”.
Conclusions
In this research study, the factors influencing the reduction of the potential maximum yield of winter wheat in weather conditions of dry farming in European part of Russia, Volgograd region is considered and analyzed. The method of Fuzzy Cognitive Maps (FCM) is used to address this problem and very interesting results have been obtained.
The obtained conclusions as a result of this research work confirm the concept of precision farming: the quantity and quality of innovations in agriculture depends on the ability to apply effectively them in the field. This method of predicting potential yield levels can be used not only to model future agricultural performance, but also to estimate harvested crops. To do this, the agronomic service can use the FCM toolkit to model and assess factors that influenced yields. This study thoroughly examined the importance of agriculture and farming and their role in daily life. Structural changes in the agricultural sector have created a healthy demand for scientists with deep knowledge of mathematical methods, business and agricultural economics. The benefits to be obtained, from this research study are chiefly due to increased yields and/or increased profitability of production to the farmer. Other benefits come from better working conditions, increased animal welfare and the potential to improve various aspects of environmental stewardship.
Economists based on the results of this research study and acquired skills find employment easier in the private and public sectors; potential employers include banks, financial institutions, advisory services, agricultural cooperatives, supportive and lobbying organizations, and government authorities. Some of our students are also self-employed, either as consultants or in their own agricultural business. Graduate students are also well prepared for conducting their doctoral studies.
A stable agricultural sector ensures food security for the nation. The main requirement of any country is food security. Food security prevents malnutrition and famine, which have traditionally been considered one of the main problems facing developing countries. Most countries rely on agricultural products as well as related industries as their main source of income.
Future resaech would involve to use the Advanced Fuzzy Cognitive Maps (AFCM) which utilizes the state space approach and learning methods to further explore the potential maximum yield of winter wheat in weather conditions of dry farming in various parts of Russia as well on other regions of northen regions of Europe, [37–39]. Variables to appropriate farming practices such as tillage, seeding, fertilization, herbicide and pesticide application, harvesting and animal husbandry can be considered when the FCM model is developed. Needed software tools for the proposed method should be developed.
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