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Abstract: This paper introduces a novel decision-making approach grounded in insights into human visual 

perception of change. Modern technologies such as internet of things (IoT) provide us with large amounts of 

sensor data that need to be processed in real-time and decisions made with a high degree of accuracy and 

reliability. Artificial intelligence (AI) methods are welcome in this context and need to be upgraded to meet 

actual challenges. While modern computing capabilities facilitate rapid data processing, the real-time demands 

of vast sensor data necessitate swift responses across the cyber chain, often leading to compromises in solution 

quality to circumvent combinatorial search complexities. Determining the adequacy of a solution entails varied 

approaches, often relying on heuristic methodologies. We illustrate our original approach with an example of 

a selected detail of a differential evolution (DE) algorithm, where we have to make a decision to adopt the best 

solution so far. We propose an approach inspired by human perceptual features that exploits the Weber-

Fechner law to emulate human judgements, and offers a promising way to improve decision making in AI 

applications and real-time requirements fulfillment. Our proposed methodology demonstrates applicability 

across diverse AI scenarios involving numerical data, effectively mirroring human perception abilities. 

Keywords: AI; differential evolution; real-time systems; psychophysics; Weber-Fechner law 

 

1. Introduction 

Modern technologies such as the Internet of Things (IoT) bring the availability of large amounts 

of sensor data. This data needs to be processed appropriately. Often, we need to ensure real-time 

processing in order to establish a cyber-loop of control. Huge amounts of data can be processed 

efficiently by using artificial intelligence (AI) methods. However, the use of AI approaches typically 

requires a lot of computational resources: both hardware and computational time. This is in 

correlation with the requirement to operate in real-time, despite the increasing computing power 

available in modern computing devices. In addition, it makes sense to place the signal processing as 

close as possible to the sensors, which again results in rather limited computational possibilities due 

to the limitations of computers. The authors of this paper are of the opinion that methods close to 

human cognitive processes can be used to compensate for the limited computational resources. With 

our paper, we want to highlight the possibility of using human-inspired decision-making in AI for 

real-time processing of sensor data. We have used insights about human properties of visual 

perception and applied them to the case of a selected detail of a Differential Evolution (DE) algorithm, 

when we have to make a judgment about adopting the best solution so far. With the proposed original 

approach, we have ensured the completion of the DE process within the set constraints of the work 

in real-time and in the way a human would do it.  

The first known theories of the eye and visual perception are owed to Greek philosophers 

(Hippocrates, Aristotle, Plato) [1], but Aristotle linked the eye and the center of sensation, which was 
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the heart; this theory was valid until the experiments carried out by Galen of Pergamon in the second 

century AD. The science linking physical stimuli and psychological processes in humans was 

founded by Gustav Fechner and called psychophysics. Psychophysics define [2] as “study of 

quantitative relations between psychological events and physical events or, more specifically, 

between sensations and the stimuli that produce them”. For our solution, we have resisted the Weber 

- Fechner law of [3], which is based on Weber’s insight that the smallest increase in stimulus that will 

cause a perceptible increase in sensation is coextensive with the pre-existing stimulus, and builds on 

this insight with the formulation that the intensity of our sensation increases with the logarithm of 

the increase in energy, and not as intensely as the actual increase in energy. Interestingly, Gustav 

Fechner confirms [4] that his law [3] has a predecessor in [5,6]. In [5] Bernoulli establishes a principle 

from the field of economic science, that utility increased only logarithmically with return. Therefore 

Fechner’s law has much in common with the economist’s law of diminishing returns.  

Psychophysics as the measurement of sensation in relation to its stimulus provides the 

researcher with insight into the determining relationship between a sensation and the physical 

stimulus that triggered it [7–9]. Increasingly, elements of psychophysics are also being applied to 

machine learning as a result of the growing overlap between biological and artificial perception [10], 

and machine perception that is guided by behavioural measurements [11] has significant potential to 

fuel further progress in AI [12]. 

“Can machines think?” is a question that has intrigued us since the 1950s, when Turing’s seminal 

paper in Mind [13] was published. But, it has long been accepted that the human brain is superior to 

machines, despite the enormous advances in computing power, in the case of perceptual tasks that 

appear intuitive to humans [14], while on the other hand machines prove to be efficient at cognitive 

tasks that require extensive mental effort for humans [15] as well as in learning processes [16], 

repetitive tasks [17] or managing large databases [18]. We should note that AI was still in its 

beginnings linked to human cognition processes, especially in the field of expert systems started with 

the work of Edward Albert Feigenbaum. AI systems emulate human decision-making. Machines 

perform tasks that normally require human intelligence: reasoning, learning, perception, decision-

making and problem-solving. The pioneering field of AI are expert systems. Expert systems are 

computer programs that emulate the knowledge and reasoning of human experts in a specific domain 

[19–21], for example medicine [22], environmental monitoring [23] or computer vision [24].  

The contribution of fuzzy set theory by mathematician Lotfi Aliasker Zadeh [25] establishes the 

field of fuzzy logic, which also seeks to go beyond the binary world of Boolean logic by taking into 

account that truth values are in the range between completely false and completely true, and is 

inspired by the human properties of perception. The fuzzy systems approach can be effectively 

applied to technical, engineering and social science applications [26–28]. 

Similarly, the field of artificial neural networks (NN) is conceptually closely linked to the human 

nervous system in its early days. The theoretical basis for the development of artificial NN can be 

found in the work of psychologist William James (1842-1910). The invention of the perceptron 

algorithm [29] and its hardware implementation [30] caused artificial NN to diverge significantly 

from their roots - biological neural systems. Artificial NN are used to solve AI learning tasks in 

particular. We are now talking about third-generation NN, called spiking NN, which are again closer 

to biological NN in terms of constructing large-scale brain models and describing key aspects of 

neural function. The brain can be considered the ultimate inspiration for the development of NN and 

new machine learning techniques [31,32], as well as for the development of new hardware [33] or 

software solutions [34,35]. Visual recognition NN models with a high correlation to human 

perceptual behavior also have a high correlation with the corresponding neural activity [11]. 

Psychologically faithful deep neural networks could be constructed by training with psychophysics 

data [36].  

More recently, the growing influence of psychophysics on specific segments of AI is again 

becoming apparent. We are witnessing the development of biologically inspired models that have 

attempted to mimic the human visual system [37]. With the rise of black-box AI, the need to formulate 

explanations for AI results is increasing sharply, the potential of the field of psychology to provide 
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solutions is becoming apparent [38] and the notion of Artificial Cognition is gaining ground. 

Researchers are finding that black-box models and modern machine-learning and NN algorithms are 

failing to negate the insights of psychophysics and that insights from both fields need to be integrated 

for successful, explainable AI [39–42]. Applying the insights of psychophysics appears to be the way 

forward for successful human interpretation of data through AI. Human visual and mental abilities 

have evolved over millions of years, and understanding and using them can help improve AI in new 

ways [43]. 

The differential evolution algorithm is a fairly simple and enviably powerful in minimization 

procedures can also be nonlinear and non-differentiable continuous space functions, proposed by 

Rainer Storn and Kenneth Price [44,45]. It is also very useful in solving specific engineering problems 

[46]. The DE algorithm has been an attractive optimization algorithm for more than two decades 

[47,48]. Setting the DE parameters depends on the characteristics of the problem to be solved, and is 

a challenging task. Various DE parameter tuning methods have been proposed [49–53]. In [54] we 

find a proposal for an efficient self-adaptation solution to tune the parameters F, CR and NP to 

directly influence the mutation, crossover and selection processes in DE algorithm. They have an 

impact on exploration and exploitation of the search space. We estimate that the black-magic tuning 

of the key parameters of the DE algorithm, which is sensitive to the choice of the mutation strategy 

and associated control parameters, is already well researched, although improvements would still be 

welcome. Here we are referring in particular to the need to involve a human expert in the time-

consuming process of parameter tuning, who usually has to perform the parameter tuning according 

to the task to be solved. The authors of this paper note that the termination of a solution search in DE 

algorithm is also temporally unpredictable and highly dependent on the properties of the search 

space, i.e., the nature of the problem to be solved [55,56], and hence it is found that, as a general rule, 

human judgement of the termination of the search is more efficient than solutions that are embedded 

in a computational algorithm. Uncertainty in the estimation of the time needed to complete the DE 

process, and often the need for human intervention to assess the acceptability of the result, is a 

problem when using DE in real-time. This fact motivated our work described in the following 

sections, as the DE method was useful for off-line procedures, but not for real-time work, for example 

when processing instantaneous data from a set of sensors.  

2. Materials and Methods 

In this section, we will present the solution for determining the termination of a DE procedure 

using insights from human visual perception. By not interfering with the DE algorithm, we retain the 

possibility of using all previous developed DE parameter tuning methods. However, we increase the 

usefulness of the DE method for real-time systems by determining the execution time, because we 

make the decision to terminate the DE execution dynamically, as a human would, and the DE 

execution is terminated in fewer or the same number of steps as it would have been with a statically 

set termination criterion for the DE algorithm. 

The method we will consider is the DE method [44,45]. In Figure 1 we see a flowchart of the DE 

algorithm. We will not interfere with the DE algorithm except at the branching point.  
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Figure 1. Flow diagram of the DE algorithm. 

At the branch point of the algorithm in Figure 1, we will introduce a condition that takes into 

account the insights of psychophysics regarding human visual perception of change. We will use the 

Weber-Fechner law [57], which states that a person’s subjective sensation is proportional to the 

logarithm of the (objectively measured) intensity of the stimulus. The law, written in equation form, 

reads:  

 
� = � �� � 

�

��

� (1) 

where: 

- p denotes human perception, 

- S denotes stimulus, 

- S0 denotes a sensory threshold, 

- and k is a sense-dependent constant to be determined.  

Let us return to solving the problem with DE. The algorithm stores the best solution so far [45], 

and the mutation and crossover mechanisms ensure that it searches over the whole definition range. 

We know from experience [55,56], that we approach the true solution along the curve shown in Figure 

2.  
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Figure 2. Idealized solution search curve. 

Figure 2 shows the current best solution. We are particularly interested in the final part of the 

search results curve. As the number of iterations increases over time, we are getting closer and closer 

to the final solution, or asymptotically closer to it. The closer we are to the final solution, the closer in 

value the current best solutions are. We usually form a predefined interval around the value of the 

current best solution and count how many new solutions are within this interval. The width of the 

interval is determined experimentally. It is clear that convergence in the DE method is a matter of the 

shape of the search space and cannot be guaranteed, otherwise the whole search space would have 

to be scanned, which would be too time-consuming. In order to stay on the “safe side” we set static 

parameters with a large reserve, which means a large or too large number of iterations. When a 

chosen number of hits within the chosen interval is reached, we conclude that the best solution will 

not change anymore and that we have reached the final solution. We stop the DE process. The number 

of DE iterations required sometimes increases beyond a reasonable limit, so we often intervene and 

expertly assess whether the best solution has already been reached; sometimes we also change the 

relevant parameters of the algorithm. Our approach aims to avoid static parameters that determine 

the termination of the DE process. 

Let us ask ourselves, how did we decide that the current solution is already the final solution? 

We need a visual representation of the solution process, which is similar to the one shown in Figure 

2. The number of iterations mirrored in the runtime and the number of last successful hits around the 

best value are decisive. Let us denote the number of all executions by Sa and the last number of 

successful hits by Ss. In equation (1) we can set sensory threshold values to 1, as well as the value of 

sense-dependent constant to 1. By considering the logarithmic relation from the Weber-Fechner law, 

we can write the heuristic with the formula (2): 

��(��) + ��(��) = ��(�� ∗ ��) = ��    (2) 
This equation describes the static characteristic, or the limit at which we decide and accept the 

solution as final, whether to proceed with new iterations of DE. The decision constant Kd is chosen 

experientially according to the nature of the task, or it is determined according to the time we have 

available to perform a DE iterations. The number of iterations required, and hence the required DE 

execution time, can also be reduced, depending on the fulfilment of the criterion we have defined. 

The sum of the logarithms of the product of Sa and Ss must be greater than Kd for the solution to be 

declared final. In psychophysics terms, the logarithm of the stimulus product in equation (2) must be 

large enough to induce a perception or initiate a decision to complete the DE procedure! This is the 

condition that appears in the branch in Figure 1. 

With the proposed approach, we implemented the DE termination decision by following the 

human perception mode - as described by equation (2). In the dynamic criterion, we included both 

the number of iterations performed and the number of hits in the neighborhood of the best value. If 

the number of iterations is high, and the search space is better searched, then the number of 

a
c

tu
a

l b
e

st
 v

a
lu

e

time

final value

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 July 2024                   doi:10.20944/preprints202407.2012.v1

https://doi.org/10.20944/preprints202407.2012.v1


 6 

 

consecutive hits can be smaller. This is how a human would make the decision to terminate the 

process. 

3. Results 

Let’s look at an example of using the approach we have described. Let’s generate a Table1 using 

the written equation (2) of the static characteristic of the DE algorithm result evaluation. Let us 

assume that we have enough time to run 10000 iterations of DE. Due to the requirement to work in 

real-time, we should not exceed this limit. So: 

����� = 10000 

From this we determine Kd: 

�� = ��(�����) = 9,21 

From the static characteristic equation, we can tabulate the values, given in Table 1, using 

equation (3). 

�� =  �(����� (��)      (3) 

Table 1. Table of the evaluation characteristics. 

Sa=number of iterations Ss=number of hits on last target 

10.000 1 

5.000 2 

3.333 3 

2.500 4 

2.000 5 

1.667 6 

1.429 7 

1.250 8 

1.111 9 

1.000 10 

500 20 

333 30 

250 40 

200 50 

167 60 

143 70 

125 80 

111 90 

100 100 

For ease of reference, let’s look at the results in Figure 3. 
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Figure 3. Example of the solution evaluation characteristic. 

Figure 3 clearly shows the demarcation between the area where the current best solution of the 

DE process is adopted in the DE branch and the area where the DE process is continued. This is done 

in the same way as a human would use to make a decision. The decision depends on the number of 

DE iterations performed and the number of hits in the interval around the last best solution. The 

number of hits required decreases as the total number of iterations performed increases. When the 

allowed real-time processing time has elapsed, the final solution is the last best solution from the DE 

procedure. 

With the proposed innovative solution equation (2), using the insights of the Weber-Fechner law 

equation (1), that describe human visual perception, we have defined a criterion function to evaluate 

the DE result in a way that a human would intuitively use in judgment.  

The time to find a solution, or the number of iterations of the DE algorithm, can be reduced 

compared to using a static criterion, as our dynamic estimation also contains a search space 

searchability component, and this estimation is similar to the estimation that would be perceived - 

made - by a human. Moreover, a solution is guaranteed within a chosen number of iterations of the 

algorithm, as can be seen in Figure 3. This has extended the applicability of the DE algorithm to real-

time processes requirements. 

4. Discussion 

In this paper, we present an approach that allows to define the criterion function used in the DE 

algorithm in a way that is similar to human perception. 

The advantages of this approach are  

- a maximum number of iterations of the algorithm is defined, so that we stay within the time 

requirements for real-time work, 

- there is no fixed parameter for the termination of the process, it is dynamic, 

- the number of iterations required can be reduced compared to a statically defined limit, and 

this happens in the way a human would use it, 

- after the allowed time has elapsed, a solution is obtained (which is better than no solution). 

The disadvantages are: 

- the need to determine a new coefficient K,  

- increased need for computational power due to the dynamic criterion, 

- we cannot guarantee that the global minimum has been reached, since we have not interfered 

with the original DE algorithm, and we do not check the transparency of the par-parameter space. 

We have described how we can improve the usability of a well-known DE procedure and extend 

its applicability to the processing of sensor datasets when we need a real-time result. The proposed 

approach is based on Weber-Fechner law and could be applied to various cases in the AI domain 
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when we have numerical data and need to make a judgement that could be well performed by a 

human. 
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