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ABSTRACT: The application of Ant Colony Optimization (ACO) in solar energy detection is 

investigated to understand the role and application status of ACO in detecting solar energy, 

thereby promoting the improvement of ACO application. First, the basic knowledge of ACO, 

such as the concept and principle of the algorithm, is discussed. Then, an ACO algorithm model 

is established, which is subsequently applied to the detection of solar energy to construct a 

model of continuous domain ACO based on networked sub-strategy. Afterward, by taking the 

Traveling Salesman Problem as an example, the global solution of ACO is used to optimize the 

optimal variables, and the results are processed to find the sum of the single optimal solutions 

or the optimal solutions. The ACO algorithm can be used to train the solar energy detection 

system to obtain the optimal path, and the ants that meet the load power shortage rate can 

update the pheromone. The lower the cost of the system is, the more pheromones are released 

by the ants. The ACO algorithm has certain effectiveness and superiority in the application of 

solar energy detection, which can optimize the solar energy detection path and can reasonably 

and optimally optimize the solar battery capacity, solar photovoltaic module inclination angle, 

and fan capacity. 
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1 INTRODUCTION  

Ant Colony Optimization (ACO), also known as 

the ant colony algorithm, is a probabilistic 

algorithm for finding the optimal path in a graph [1, 

2]. ACO was first proposed by Marco Dorigo in his 

doctoral thesis in 1992 [3]. ACO was inspired by 

the behaviors of ants when they are looking for food 

[4,5]. The ACO is a bionic algorithm that simulates 

ant pathfinding [6-8]. When information 

transmission. Ants can perceive the substance 

during the movement and ants are moving, they can 

leave a substance called pheromone on their own 

paths for guide the direction of their movement. 

Therefore, the collective behavior of ants composed 

of a large number of ants exhibits positive feedback, 

i.e., the ants travel along a certain path [9,10]. The 

more pheromone is left on the path, the more likely 

ants are choosing this path. The simplified feedback 

process of ants is shown in Figure 1. 

 

Figure 1. A feedback process of ants when finding the path to food 
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The ants start from point A at the same speed 

and eat at point D. The ABD or ACD route may be 

randomly selected. It is assumed that each 

allocation path is an ant, and one step is executed 

per time unit. The figure shows the situation after 9-

time units where the ants who ate the ABD have 

reached the end, and the ants who ate the ACD have 

gone to point C only halfway. 

 

Figure 2. The feedback processes of ants when finding the path to food 

Figure 2 shows the situation at the beginning. 

After 18-time units, the ants choosing the ABD path 

get food at the end and return to the starting point 

A, while the ants choosing the ACD path only get to 

the endpoint D. 

As described above, based on the optimal path 

selection of the ant colony in finding food, an 

artificial ant colony can be constructed to solve the 

optimization problems, such as the Traveling 

Salesman Problem (TSP) [11]. In an artificial ant 

colony, a functional unit with a simple function is 

considered an ant. The similarity between the 

artificial ant colony and real ant colony is the 

preference for paths with high pheromone 

concentrations [12,13]. The pheromone 

concentration of the shorter path is higher; finally, 

all ants can choose the final optimization result. The 

difference between them is that the artificial ant 

colony has a certain memory ability and can 

remember the nodes that have been visited [15]. At 

the same time, when the artificial ant colony selects 

the next path, it will blindly search for the shortest 

path according to certain algorithm rules. For 

example, in the TSP question, the distance between 

the current city and the next destination can be 

known in advance. As shown in Figures 3 below, 

the path marked with distance is shown. At 0, there 

is no pheromone accumulation on the path, and the 

ant chooses any 3 paths. At the same time, as the 

ants accumulate more pheromones on the path, with 

more short pheromones and long pheromones, other 

ants prefer to choose path ABCDE. 

 

Figure 3. The optimal paths for ants when finding the food 
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2 METHODOLOGY 

2.1 Mathematical model of ACO 

In the path search process, the ants pass heuristic 

information between the nodes according to the 

number and distance of pheromones on the path. At 

time t, the state transition probability of ant K from 

node i to node j is calculated. In addition, in order to 

avoid excessive pheromone residuals leading to 

heuristic information flooding, each ant should 

update the remaining information after completing 

one step or traversing all n elements. Therefore, the 

amount of information on the path (i,j) at time t+n 

can be adjusted according to the following rules, 

and the update rules are as follows: 

τij(t+n)=(1-ρ)∙τij+∆τij(t)     (1) 

∆τij(t)= ∑ ∆τij
k(t)m

k=1    (2) 

Since the updating strategies of pheromone are 

the difference, when the value of the urban scale is 

in an appropriate scope, the global search can obtain 

better solutions. Therefore, the global pheromone 

updating strategy is adopted, which is expressed as 

follows: 

τij
k(t)= {

Q

Lk
, if the k-th ant passes (i, j) in this cycle

0, otherwise
            

(3) 

In the above equation, Q represents the amount 

of pheromone secreted by ants in one cycle, which 

affects the convergence speed of the algorithm to a 

certain extent; Lk represents the length of the lines 

that ant K has passed in this cycle. 

2.2 The application of ACO 

ACO can be used to solve most optimization 

problems and can also be turned into optimization 

problems. At present, its applications have been 

extended to the fields of multi-objective 

optimization, data classification, data clustering, 

pattern recognition, telecom QoS management, 

biological system modeling, process planning, 

signal processing, robot control, decision support, 

simulation, and system identification. The theory 

and methods of swarm intelligence provide a new 

way to solve such application problems. With the 

continuous development of swarm intelligence 

theory and application algorithms, researchers have 

tried to apply it to various engineering optimization 

problems and achieved unexpected results. Various 

studies have shown that swarm intelligence has 

good search performance in both discrete solution 

space and continuous solution space. Also, it has 

outstanding performance in combination 

optimization problems. Although ACO is not the 

best solution to TSP, it provides a new method for 

solving the combinatorial optimization problem and 

is quickly applied to other combinatorial 

optimization problems. Typical applications include 

network routing optimization, data mining, and 

some classic combinatorial optimization problems. 

The ant colony algorithm has achieved certain 

application effects in telecom route optimization. In 

the mid-to-late 1990s, both HP and BT conducted 

research in this area and designed Ant Colony 

Routing (ACR). Similar to the ACO algorithm, each 

ant dynamically updates routing entries based on its 

experience and performance on the network. If an 

ant has a large delay due to blocking routes in the 

network, the entry will be greatly enhanced. At the 

same time, the system information is updated 

according to the pheromone volatilization 

mechanism, and the outdated routing information is 

discarded. In this way, when the current optimal 

route is congested, the ACR algorithm can quickly 

search for another candidate optimal path, thereby 

improving the balance, load, and utilization of the 

network. At present, the application research in this 

field is still in its infancy. The distributed 

information structure of the communication 

network, the unstable random dynamic 

characteristics and the asynchronous evolution of 

the network state are very similar to the nature and 

characteristics of the ant colony algorithm. The 

clustering algorithm based on swarm intelligence 

originated from the classification of ant colony 

eggs. Lumer and Faieta applied Deneubourg’s ant 

nest classification model to data clustering analysis. 

The basic idea is to randomly distribute the data to 

be clustered into a two-dimensional plane and then 

distribute the virtual ants into space and move 

randomly. When an ant encounters a piece of data 

to aggregate, it acquires the data and continues to 

move randomly. If the similarity between the data 

near the moving path and the data it carries is higher 

than the set criteria, it will be placed at that location. 

Then, the data processing process is continued and 

repeated. According to this method, similar data can 

be clustered. The ACO algorithm is also 

successfully applied to classical combinatorial 

optimization problems such as quadratic 

programming, robot path planning, workflow 

planning, and graph coloring. After years of 

development, ant colony algorithm has become one 

of several important algorithms to effectively solve 

the actual quadratic programming problem. The 

application examples of AS in job shop scheduling 

are given, and the application potential of AS in this 

field is illustrated. The ideal result is obtained by 

using MAX-MIN to solve PAQ. The experimental 

data show that the SA algorithm which uses this 

method to process PAQ earlier is better, and its 
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performance is equivalent to the tabu search 

algorithm. The ACO algorithm is used to optimize 

production processes and material management. 

The engineering application value of ACO is 

proved by comparison with a genetic algorithm, 

simulated annealing algorithm, and tabu search 

algorithm. Many researchers have applied ACO 

algorithms to application optimization problems 

such as weapon attack target allocation and 

optimization, vehicle path planning, regional RF 

automatic allocation, Bayesian network training, 

and set coverage. Costa and Herz also proposed the 

extended application of AS in planning problems 

and graph coloring problems, and the obtained 

results that were comparable to other heuristic 

algorithms. 

2.3 The design of ACO for solar energy 

detection 

The ACO algorithm for solar energy detection 

can use the model of continuous domain ACO 

based on networked sub-strategy, as shown in 

Figure 4. 

 

Figure 4. Model of networked sub-strategy continuous domain ACO 

Table 1The major dynamic response features of energy storage technology 

Energy storage 

model 

The output power Discharge duration The response time Cycle life (10.000 

times) 

Free wheel 0 – 0.21 1ms – 14min 1ms – 20min 2 

Super slow capacitor 0.01 – 9 1ms – 7s 1ms – 5ms 10 

Nitric acid battery 0 – 48 1ms – 1h 1ms – 5ms 5 

Sodium sulfur battery 0.02 – 2 Seconds – 10h Seconds – 10h 1.2 

 

Table 1 shows the main dynamic response 

characteristics of energy storage technology. It can 

be seen from the table that superconducting 

magnetic energy storage, supercapacitor, and 

flywheel have the characteristics of large output 

power and fast response speed. However, the self-

loss of energy storage is large, which is not suitable 

for long-term energy storage. The battery has low 

self-loss during energy storage and is suitable for 

long-term energy storage. However, it has a slow 

response speed and low cycle life, which can be 

used as a load regulation or backup power supply. 

At present, the cost of superconducting magnetic 

energy storage, supercapacitor, and flywheel energy 

storage is relatively high, and it is difficult to realize 

large-capacity technology. But they are more 

suitable for dynamic power compensation or short-

term emergency backup power. In order to meet the 
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needs of solar energy detection systems, the 

advantages of two energy storage technologies 

should be combined, that is, the large-capacity 

battery energy storage technology is combined with 

supercapacitors, flywheel or superconducting 

magnetic energy storage and fast response 

characteristics. 

By taking the TSP as an example, in this study, 

the basic flow of solar energy detection system 

based on ACO algorithm is briefly introduced, as 

shown in Figure 5: 

 

Figure 5. The flowchart of ACO solar energy detection 
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According to the above figure 5, the solar energy 

detection system can be trained to obtain the 

optimal path by using ACO. 

3 RESULTS AND DISCUSSION 

3.1 The optimization allocation of ACO in 

solar energy detection system 

Advantages and disadvantages of solar energy 

detection 

Advantages of solar energy detection: Utilizing 

the natural complement of wind energy and solar 

energy, the use of meteorological resources can 

more fully realize day and night power generation. 

It improves continuity, reliability, and stability. An 

abundance of wind and solar resources and good 

complementarity, optimized design and matching of 

various component configurations, operating modes 

and load dispatching systems, the power system can 

be supplied essentially by solar energy, with little or 

no backup power, achieving better economic and 

social benefits. The initial investment and unit 

capacity operating cost of the complementary 

system is lower than that of the independent 

photovoltaic system. If the positive energy 

resources are complementary, the capacity of the 

battery can be greatly reduced, and the investment 

cost of the system can be reduced. Disadvantages of 

solar energy detection: Compared with single 

photovoltaic power generation or wind power 

generation, the design of complementary systems is 

more complicated, and the requirements for system 

control and management are higher. Since the two 

generator sets coexist in the system, the 

maintenance of the system is more difficult than the 

single power generation mode. 

3.2 Design steps of the solar energy 

detection system 

The fundamental purpose of solar energy 

complementation is to effectively use clean 

renewable energy to complement wind power and 

solar power. Reasonable design is the basic steps 

for building a solar complementary system. The 

overall design steps are as follows: the 

meteorological and geographical environment data, 

such as solar energy resources and wind energy 

resources at the installation site, are collected and 

measured. These data mainly include monthly wind 

speed, wind direction data, maximum long-term 

stable hour, maximum wind speed and occurrence 

month, seven-year wind frequency data, Weibull 

distribution coefficient, annual sunshine hours, and 

the solar radiation energy received per square meter 

per year at water level. The solar photovoltaic cells 

on the surface of the solar radiation at daily peak 

hours have a certain inclination and solar radiant 

energy. Data of easements, scales, elevations, 

longest continuous rainy days, annual maximum 

temperatures, and monthly and annual minimum 

temperatures and occurrence months should also be 

collected and measured. The conditions of local 

loads should be mastered, including the nature of 

the load, the operating voltage of the load, the rated 

power of the load, the distribution of loads over 

time, and the power consumption throughout the 

day. Then, the share of solar photovoltaic power 

generation and wind power generation are 

determined separately. The capacity of the solar 

power generation and the wind power generation 

device is calculated based on the determined load 

distribution share. 

3.3 The optimized allocation of solar energy 

complementation system 

Solar photovoltaic modules and wind turbine 

models are selected to determine and optimize the 

system structure. Other components of the solar 

complementary system are determined, including 

batteries, rectifiers, inverters, controllers, and 

auxiliary backup power supplies. Then, an 

investment budget for the entire solar 

complementary system is established, and the cost 

per kWh of electricity generated is calculated. The 

hybrid energy storage unit is a combination of 

energy storage and supercapacitor that provides 

energy storage capability and supercapacitor 

regulation system power variation. Photovoltaic 

arrays, wind turbines, batteries, and inverters are 

each composed of different models. Different types 

of equipment have different performance and cost 

price. They are concentrated together and 

complement each other. Under the premise of 

meeting the system indicators, a more economical 

power generation plan can be obtained. The main 

function of the energy consumption load is to 

prevent the battery from overcharging and assure 

the inverter working normally when the system 

generates a large amount of electric energy and the 

battery is full. The controller will turn on the energy 

load and consume more power. To simplify the 

calculation, the step size is set up to one month, 

assuming that the monthly wind speed and sunshine 

time are the same as the monthly average. The 

capacity of solar modules and wind turbines are 

calculated; the calculations of battery capacity, 

installation height of wind turbines, and tilt angle of 

solar PV modules based on local average hourly 

average radiation and average wind speed are 

simplified. Some required configurations are 

contained. The system configuration is analyzed 

based on data such as temperature, average wind 
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speed, and average sunshine intensity provided by 

the local department during the year. Ants that meet 

the load power shortage rate can perform 

pheromone updating. The lower the cost of the 

system is, the more pheromones are released by the 

ants. The top ten ants are selected by ant colony 

search. 

4 CONCLUSION 

Wind energy photovoltaic hybrid power 

generation systems can make better use of clean 

renewable wind and solar energy. The optimal 

configuration of the devices in the system plays an 

important role. The important knowledge of wind 

power generation, solar power generation, and 

hybrid energy storage is introduced. The installation 

height of the wind turbines and the influence of the 

inclination of photovoltaic modules on the output 

power of the system are analyzed. The ACO 

algorithm is introduced for calculating the number 

of wind turbines. The system mounting height, 

power supply reliability, and installation costs are 

optimized. The main research results of this study 

include battery capacity, solar PV module tilt angle, 

and fan capacity impact on system performance. 

The optimization model of ACO algorithm is 

established, and the optimal solution is optimized 

by the global solution of ACO algorithm. The 

optimal ants form a set of optimal solutions and 

process the results to find the sum of the individual 

optimal solutions or optimal solutions. There are 

still areas for further improvement. For example, 

considering the randomness of wind speed and the 

intermittent nature of solar power generation, the 

simulation steps of the whole system are longer. 

The improvements will be the focus of subsequent 

researches. 
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