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Abstract: Because solar energy is among the renewable energies, it has traditionally been used to provide lighting in buildings. When solar energy is effectively utilized during the day, the environment is not only more comfortable for users, but it also utilizes energy more efficiently for both heating and cooling purposes. Because of this, increasing the building’s energy efficiency requires first controlling the amount of light that enters the space. Considering that the only parts of the building that come into direct contact with the sun are the windows, it is essential to make use of louvers in order to regulate the amount of sunlight that enters the building. Through the use of Ant Colony Optimization (ACO), the purpose of this study is to estimate the proportions and technical specifications of external louvers, as well as to propose a model for designing the southern openings of educational space in order to maximize energy efficiency and intelligent consumption, as well as to ensure that the appropriate amount of light is provided. According to the findings of this research, the design of external louvers is heavily influenced by a total of five distinct aspects: the number of louvers, the depth of the louvers, the angle of rotation of the louvers, the distance between the louvers and the window, and the reflection coefficient of the louvers. The results of the 2067 simulated case study show that the best reflection rates of the louvers are between 0 and 15 percent, and the most optimal distance between the louvers and the window is in the range of 0 to 18 centimeters. Additionally, the results show that the best distance between the louvers and the window is in the range of 0 to 18 centimeters.
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1  Introduction

Energy consumption is a challenge for global contemporary architecture in general, and for developing-country contemporary architecture in particular [1,2]. Modern attention to climate and its role in the architectural design process is associated with significant changes [3,4]. Today, outstanding architecture has been considered [5], which is the result of estimating and measuring a wide range of variables. The importance of paying attention to the position of daylight in intelligent energy consumption is growing [6]. It has become necessary due to rising energy demand, scarcity of fossil resources, pollution, global warming and the greenhouse effect, and the need to limit fossil fuel consumption and focus on renewable energy. Today, removing heat from lighting systems and lighting residential and commercial spaces both require significant amounts of energy. Using sunlight as a source of illumination has numerous advantages, both economically and environmentally.

Improving the comfort and convenience of interior space by optimizing natural light levels is now one of the most important issues in space reconstruction and improvement, particularly in office buildings [7]. With rising energy consumption, the need for multi-objective optimization and efforts to reduce consumption is growing, particularly in developing countries, prompting architects to excel in architecture and make the best use of renewable energy [8]. It not only provides a favorable environment for users, but it also reduces energy consumption for cooling and heating the environment [9]. Fluorescent lamps emit approximately 75 lm/W of light, whereas incandescent bulbs emit approximately 20 lm/W of light. As a result, when compared to equivalent electric lighting, daylighting generates only half to a fifth of the heat, significantly reducing the building′s cooling burden [10]. Lighting energy consumption can be reduced by up to 65 percent by utilizing active and passive systems that utilize natural light and electronic controls [11]. Because electric lighting can account for 25%–40% of a commercial building’s energy requirements, the combined savings from reduced lighting and cooling loads can be significant. As a result, controlling the amount of light entering the space is an important factor in improving energy efficiency in the building, and since the only part of the building that directly enters the sun is the window, the use of louvers to control the penetration is recommended. The passage of sunlight into space is critical [12]. The use of daylight in a wide range of Indonesian cities, including Jakarta, is noteworthy due to its convenient geographical location and having many sunny hours throughout the year [13]. The effects of the reflection coefficient of skylights were investigated using computer simulation with radiance, and the light coefficients in nearby spaces were reported in the form of formulas with varying reflection coefficients.

In this study, Ant Colony Optimization (ACO) and algorithmic programming will be utilized in order to make an estimate of the dimensions and technical specifications of external louvers, as well as to propose a model for designing the southern openings of educational space in order to maximize energy efficiency and consumption, as well as to provide the necessary light level for indoor space. In order to attain this purpose, there are three crucial actions that must first be taken: first, the background of the subject must be evaluated; second, effective parameters must be retrieved; and third, these parameters must be simulated and optimized.

2  Materials and Methods

In this research, the ACO algorithm was designed. The problem is defined and structured in the form of a graph in the first step, and the amount of initial pheromone that must be placed on each graph in order to start the algorithm is evaluated in the second step. Ants defined the mechanism of graph navigation in the third step, which is known as path selection [14]. The suitability of the ants’ paths was evaluated in the fourth step, and the pheromones of all the ants’ pathways were updated based on their competence. Finally, the convergence condition was added to bring the algorithm to a halt.

2.1 Structuring Solutions in Graphs

The multi-objective optimization method was created using the approach of archives to the dominant solutions, while taking into account the fundamental structure of the ants optimization algorithms. The main solution in this technique is to assign an ant society to each of the goals of an optimization problem. What matters is how the communities relate to the aforementioned goals. At each computing step in the current method, all of the solutions developed in one society are transferred to the opposite community, where the ants of that community attempt to improve the answers based on their criteria. The first step in using the ACO metaheuristic algorithm to solve problems is to graph the existing solutions. Each column in the graph represents a cube block. In fact, a node that the ant must pass through [15,16]. As previously stated, our goal is to reverse the density model’s achievement at various depths. According to the graph generated by this algorithm, the ants construct a variety of models by traversing each cube block and assigning a value as a density difference to that cube. He finally selects the best model as the final answer after examining each of the models in each iteration.

2.2 Primary Pheromone

To begin the algorithm, consider the pheromone value as the initial value () on each node of the graph. To increase the level of exploratory search at the start of the algorithm, the path's initial pheromones are assumed to be superimposed. As a result, the initial search phase will be very exploratory, preventing the algorithm from achieving early or local convergence, because, despite the high pheromone, the algorithm will have enough time to search for a wider area of probability space.

2.3 Select the Path and Navigate the Graph

To decide on the different density values for each cube block, a relation that not only works on the basis of probability but also has random choices must be designed. Four relations were created for this purpose based on the intended purpose [17]. Using this relationship, the ants can decide which node to go to next based on probability or chance.

Gi={Max{phi(t)} if q0>qiJ Otherwise (1)

{phi(t)} is the amount of pheromone on the nth node in the t-th iteration, and Max{phi(t)} indicates the selection of the node that has the most pheromone accumulated on it. In the above relation, J is a random function, in fact, it is a vector function with dimensions of the number of rows of graphs, each of which is attributed to one of the nodes of a column of the graph [18]. This vector’s numbers are filled at random, so that all of its numbers are zero and only one of its assets is one. The ants should visit the node to which the number one is assigned as the next node. In the preceding relationship, qi is a random value in the interval [0,1] that is generated for each cube block in each iteration and is compared to q0, which is the problem parameter. Each ant traverses the entire graph to generate a matrix, which can be computed by putting this matrix in the relation of three anomalies for all stations.

2.4 Fit Calculation (Value Function)

The fit function is obtained by applying an appropriate conversion to the target function, which is the function to be optimized. This function assigns a numerical value to each ant solution to determine its quality. The higher the quality of the answer, the more suitable it is, and the more likely its nodes will participate in the paths made by the ants in subsequent repetitions. Greater fit will be synonymous with maximization or minimization of the objective function, depending on whether the problem is maximization or minimization. Because determining the density of each cube block follows the maximization of the function, the minimization problems must be converted to maximization. That is, the maximum pheromone (maximum fit) attributed to the nodes present (density of each block) in the matrix structure should be the minimum sum of the absolute magnitude of errors (sum of the absolute magnitude of the anomalous difference calculated from the measured anomaly) at all observation stations on the ground be pertinent Finally, the fitness function used in this study was designed using Eq. (2) by performing various tests and examining the relationship between the sum of the absolute magnitude of errors and the amount of pheromones attributed to the nodes [19].

Δphik=1(eSum of Erorr )0.5

Sum of Error =∑i=1N|gobservation −gCalculate |(2)

In the above relation, N indicates the number of observation stations and Δphik the amount of pheromone (suitability) attributed to the density selected for the cube blocks by the second ant. gobservation  is an anomaly of gravity measured by a gravimeter that enters the algorithm as an observation. gCalculate  shows the anomaly of gravity calculated from Eq. (3). Using the high fit function, the lower the total value of the absolute error of the path traversed by an ant, the higher the amount of pheromone calculated to belong to the path traversed by that ant, and vice versa. The advantage of using this function over the other methods mentioned is that the fit function with an exponential behavior leads the ants to navigate through nodes that give us high accuracy, the relationship between the sum of the absolute magnitude of the errors. The amount of pheromone calculated by Eq. (4) is not a linear relationship but an exponential relationship, and the closer the absolute value of the error is to zero, the more strongly the amount of competency calculated [20].

2.5 Evaporation of Pheromones

Evaporation of pheromones in this algorithm, in proportion to the pheromone on each node, is done from all nodes, Eq. (3):

phi(t)=(1−v)phi(t−1),∀i∈G(3)

In the above relation, phi(t) of the pheromone of node i in the repetition of t th and phi(t−1) of the pheromone of the node i in the repetition of t − 1. M May i < 1 Parameter v is used to prevent the unlimited accumulation of pheromones on a node and enables the algorithm to forget past bad decisions. Using such a procedure to evaporate pheromones will make the algorithm more exploratory, because by using this method, evaporation from nodes that have more pheromones will occur more than from nodes that have less pheromones [21].

2.6 Pheromone Update

After the pheromone evaporates from all nodes, it is time to update the pheromone in the nodes surveyed by the ants.

phi(t)=phi(t−1)+∑k=1mδphik,∀i∈G(4)

In the above relation Δphik is the amount of pheromones that the km ant leaves on the nodes that it has passed along its path, and this value is adopted by the km ant in proportion to the degree of competence of the selected solution. Using the equation for evaporation and pheromone 7 and 6 will cause more pheromones to accumulate on the optimal nodes after a while and as a result they will have a better chance of being selected by the next ants and the non-optimal nodes will have less pheromones and vice versa. They also have less to choose from next ants [22].

2.7 Convergence Condition

Very different modes can be considered for the algorithm’s convergence condition in meta-heuristic algorithms, and this condition varies depending on the problem conditions. Again, the algorithm’s convergence condition is such that, in each iteration, if 60% of the ants follow a single path, and we do not have the result of improvements over previous iterations, the path chosen by at least 1% of the ants is accepted as a convergence path. As a result, the algorithm will continue until this condition is met, and it will stop as soon as this condition is met. Fig. 1 depicts the algorithm's implementation process [23].
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Figure 1: AOC designed for inverse modeling

2.8 Simulated Space Specifications

All simulations are run for all days of the year and from 8:00 AM to 1:00 PM for various states of variables in a specific period. Simulations that produce the desired outcome are examined. It should be noted that the amount of light in the simulations is also measured at a height of 85 cm (the height of the study surface in class) and under Jakarta, Indonesian climatic conditions.

For Revit simulation, use a class with dimensions of 800 cm × 600 cm and a height of 300 cm, as well as windows with dimensions of 160 cm × 160 cm (35% of the wall area) that are 85 cm from the floor on the south wall (Fig. 2). The window’s dimensions to the external wall have been estimated to be 30% to 40%. In this case, the window can minimize energy exchange while still providing adequate lighting. As a result, the window area accounts for 35% of the wall area. The interior walls and ceiling were simulated with materials that were very white in wall texture, and the space floor was made of materials that were close to ceramic and white. The reflection coefficient of this room's interior surfaces is as follows: (Table 1).

[image: images]

Figure 2: Characteristics of the simulated space in plane and section of room
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Jakarta weather information is available on the website of the Office of Energy Efficiency and Renewable Energy, which has been used for simulation. The location of the shutters in the external state and the amount of light required in the spaces with different uses, the amount of light in the space is 350–550 lux. It should be noted that the type of shutter adjustment is based on climate. In this study, the climate of Jakarta with a longitude of 106.8 and a latitude of −6.2 is examined. Since the working hours in Jakarta class are from 8:00 AM–01:00 PM, in the simulation, the same time range is considered for working hours. Therefore, in the ACO algorithms, the objective function (brightness) is considered according to the educational space use of 350–550 lux space in the horizontal level 85 cm above the floor level (studding level). This surface is divided into 30 by 30 cm squares. The goal is to find the optimal amount of variables for the design of louvers that have a brightness level of 350–500 lux in 65% of the time of desk and work surface productivity.

2.9 Specifications of the Simulated Louvre System

The angle of rotation, number, depth, distance of the louvers from the window, and reflection of the louvers were extracted after testing the sensitivity of the parameters. These five parameters comprise a design algorithm in which the shape of the Louvre changes as the parameters are changed. The following parameters and the range of their changes are defined (Fig. 3):
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Figure 3: Effective parameters in the design of louvers

The distance of the louvers from the glass surface (a), which in this study varies between 0–40 cm with distances of 15 cm. Depth of louvers (x) which in this study is defined according to the degree of overlap of louvers between 15–45 cm with distances of 15 cm. The angle of rotation of the louvers (ϴ) varies between 0–90 degrees with distances of 10 degrees. The number of louvers (n) in this study is defined between 2 to 10 according to the dimensions of the window, which also determines the distance between the louvers (h). The reflection of the Louvres (R) varies in the range between 0%–100%.

3  Results and Discussion

The origin of AOC algorithm is inspired by the effect that ants have on movement. Pass. Many species of ants leave a substance called a pheromone on the ground in their path of motion, creating an effect that is used to mark the path taken. This effect is their communication tool, and in fact, by sensing the effects of the pheromone, other food-seeking ants can find their way to the food source that others have discovered [24].

The ability of ants to adapt to changes in their environment is an important aspect of ant colony life. For instance, when the shortest path is blocked by an obstacle. They can no longer track the pheromone’s effect. As a result, some ants choose to turn right while others choose to turn left at random. Ants that take the shorter path at random amplify the previous pheromone faster than ants that take the longer path. As a result, more ants choose the shorter path with more pheromones. Most ants quickly choose a new shorter path as a result of this positive feedback [25,26].

The optimization problems in the ACO algorithm are organized as a graph with vertices and edges. In this graph, problem states are the sum of all possible ants to navigate. In the ACO algorithm, each possible solution is represented as a graph with edges and nodes. The amount of pheromones attributed to a node determines how many times it is selected by ants. The amount of pheromones on each node is proportional to the degree of competence of that node, and thus the number of times it is selected by ants is determined. Furthermore, the pheromone from each node evaporates from all nodes [27,28].

The window without the Louvre is tested first as a base, and then the various dimensions and angles of the Louvre are examined in various conditions. At this stage, the simulation space is tested and simulated as a base mode without the Louvre light control system, and the brightness of the space at the working level (85 cm above the ground) is determined during the summer revolution, winter solstice, and equinox.

It is demonstrated by Fig. 4 that an excessive amount of light enters the room, which, in addition to producing glare, also causes the room’s temperature to rise, while certain areas of the room do not receive an adequate amount of light. This pattern was modeled for all four seasons, and each simulation showed the same effect in terms of the light quality in space (glare and a lack of light in certain areas of the space). After that, the solution of putting louvers was incorporated into the simulation, and its many configurations were examined for their effectiveness. As a result, the test area was replicated in the Revite environment at the beginning without taking into account the Louvre system as the starting point. After that, the simulation volume is loaded so that the parametric louvers can be designed and the parameters that are defined in the Grasshopper plugin may be determined. For each of the variables, a particular interval has been created; this period shifts depending on the Louvres′ shape and the amount of effect they have. The Galapagos plugin is introduced to the algorithm so that evolutionary calculations may be used to find the most effective ways for variables to interact with one another. This allows the variables that have been defined to be optimized. The simulation and optimization procedure is depicted in a concise manner in Fig. 5. With the assistance of parametric simulation of daylight and optimization of effective parameters utilizing ACO algorithm, the goals of this study were to optimize the daylight control system (Louvre) and to determine the design requirements of this type of system. Both of these goals were to be accomplished with the help of this study. As a result, numerous distinct parameters are altered all at once, and the outcomes are utilized. The ultimate goal of enhancing the performance of this kind of system is to reduce energy consumption while simultaneously maximizing the amount of natural light that is let in.

[image: images]

Figure 4: The average brightness of the simulated sample across each of the four seasons
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Figure 5: The processes while highlighting a variety of simulation and optimization tools explaination

Although the number of variables and the large number of cases make it impossible to study all compounds in a multivariate function, metric simulation allows the study of daylight performance by changing the parameters. In this study, complex geometry models T and L with different densities were used to further evaluate the efficiency of the ACO algorithm designed for inverse linear modeling. 0 (ACO algorithm regulatory parameters), q0 (ACO algorithm regulatory parameters), and are 0.5, 0.6, and 0.08, respectively. According to the use of the simulated space, the intervals between 350 to 550 have been selected as optimal conditions, in order to achieve the most optimal states, the intervals between 360–440, including 50 modes, were selected as optimal conditions (Fig. 6).
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Figure 6: The results of applying the brightness optimization to the simulated sample

The distance of the louvers from the glass surface (a) in the simulation performed in the intervals between 0–50 cm with distances of 10 cm has changed. Among the 53 final optimal samples, the distance of the louvers from the window was 0 in 38.8% of cases and 10 cm in 38.4% and 20 cm in 25.5% of the samples. In none of the desirable cases, a distance of 40 and 50 cm has been recorded. Depth of louvers (x) which in this study is defined according to the degree of overlap of louvers between 10–50 cm with distances of 10 cm. Among the 53 optimal final samples, in 37.9% of the cases, the depth of the louvers was 2.13 in, 30 cm in 1.30 in, 20 cm in 10 cm, in 13.3% in 40 cm and 11.9% in 50 cm have been registered. The angle of rotation of the Louvres (ϴ) in the simulation varied between 0–90 degrees with distances of 15 degrees. Cases of 60 degrees were recorded in 14.6% of 45 degrees, in 16.1% of 30 degrees and in 12.2% of cases of 15 degrees; other angles were repeated in less than 10 samples. The number of louvers (n) is defined between 2 and 10 according to the dimensions of the window. The results of the analysis of 53 simulated favorable conditions show that in 20.7% of cases the number of Louvres is 4, in 17.9% of cases 5, in 11.2% of cases 6, in 14.2% of cases 3 and other items are small. The reflection coefficient of the Louvres (R) varies between 0%–100%. The results of the analysis of 53 simulated favorable conditions show that in 77.3% of cases 0%, in 18.8% of cases 10% and in 3.9% of cases the reflection rate of 20% was recorded. The number of louvers (n) is defined between 2 and 10 according to the dimensions of the window. The results of the analysis of 53 simulated favorable conditions show that in 20.7% of cases the number of louvers is 4, in 16.9% of cases 5, in 13.2% of cases 6, in 13.2% of Items 3 and other items are small. The reflection coefficient of the Louvres (R) varies between 0%–100%. The results of the analysis of 53 simulated favorable conditions show that in 77.3% of cases 0%, in 18.8% of cases 10% and in 3.7% of cases the reflection rate of 20% was recorded. In none of the cases was the reflection rate 30% to 100% recorded.

Table 2 represents the correlation between five independent variables and dependent variables using Kendall Tau test. The highest correlation is related to the two independent variables of louver reflection coefficient (R) and louver rotation angle (ϴ) with a confidence coefficient of 0.81 and a direct correlation coefficient of 0.59 Between the two independent variables, the depth of the louvers (x) and the distance of the louvers from the window (a) with a confidence coefficient of 0.99, a direct correlation coefficient of 0.48 was recorded. Between two independent variables, the distance of the Louvres from the window (a) and the angle of rotation of the Louvres (ϴ), a correlation coefficient of −0.55 has been recorded indirectly with a confidence coefficient of 0.98, and between the two independent variables, the depth of the Louvres (x) and the angle of rotation of the Louvres (ϴ) With a reliability coefficient of 0.99, a correlation coefficient of −0.4 has been recorded indirectly. Regarding the correlation between the independent variables and the dependent variable, shows that the average correlation of the brightness level in terms of lux (dependent variable) with the number of louvers (n) has a correlation coefficient of 0.052 and a direct relationship with the depth of the louvers (x). The correlation coefficient is 0.59 and the indirect relationship with the distance of the Louvre from the window (a) is the correlation coefficient of 0.32 and the indirect relationship.

[image: images]

4  Conclusion

According to the simulations that were carried out during the summer revolution, the winter revolution, the spring equinox, and the autumn equinox in the city of Jakarta, the amount of lighting was greater than what was required for educational space (−400). This results in an increase in the amount of energy required to cool the environment. As a result, the application of light control systems like louvers plays a vital part in the process of controlling and improving the quality of the light that is available within. The results of both the simulation and the installation of external louvers show that the installation of this system in the southern wall of the building in the city of Jakarta has a significant effect on controlling the amount of incoming light and lighting level of educational space for energy efficiency and intelligent consumption, as well as providing the required light level inside the building. It has quite a few. According to the findings of this research, there are five key considerations that need to be made when designing external louvers. These include the number of louvers, the depth of the louvers, the angle of rotation of the louvers, the distance of the louvers from the window, and the reflection coefficient of the louvers. The results of the study that simulated 2000 different modes in the city of Jakarta show that the best reflection from the louvers is between 0 and 15 percent, and the optimal distance between the louvers and the window is in the range of 0 to 18 centimeters. These findings are based on the findings of the study that was conducted in Jakarta.
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Table 1: Characteristics of simulated room surfaces

Modeled features Reflection coefficient
Floor 0.42
Wall 0.55

Roof 0.85






OEBPS/Images/CMC_33274-fig-5.png
Lightening
Simulation

3D Simulation Parametric Simulation Optimization

Fd B OEBE g fc E R (R
FIXXEE LY
Z] “‘" ‘ e m.L'j"t
e ik

~.'

200 200






OEBPS/Images/CMC_33274-fig-3.png





OEBPS/Images/CMC_33274-fig-6.png
AAJLED . _BR2NE
siocnninls
T Iy
Ekanddn i =
hiklanannx

0 I 2000






OEBPS/Images/logo.png





OEBPS/Images/CMC_33274-fig-4.png





OEBPS/Images/table-2.png
Table 2: Relation between the variables of the optimized brightness of the simulated sample

Variables  lux R a ® X n

lux 1 0.087 -0.21 0.066 —0.025 0.052
R 0.087 1 -0.31 0.81 0.073 -0.04
a -0.21 -0.31 1 —0.55 0.59 0.09
® 0.66 0.81 —0.55 1 —-04 -0.6
X —0.025 0.073 0.59 —-04 1 0.6

n 0.052 0.04 0.09 -0.6 -0.6 1
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