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Abstract

:

Determining the positions of facilities, and allocating demands to them, is a vitally important problem. Location-allocation problems are optimization NP-hard procedures. This article evaluates the ordered capacitated multi-objective location-allocation problem for fire stations, using simulated annealing and a genetic algorithm, with goals such as minimizing the distance and time as well as maximizing the coverage. After tuning the parameters of the algorithms using sensitivity analysis, they were used separately to process data for Region 11, Tehran. The results showed that the genetic algorithm was more efficient than simulated annealing, and therefore, the genetic algorithm was used in later steps. Next, we increased the number of stations. Results showed that the model can successfully provide seven optimal locations and allocate high demands (280,000) to stations in a discrete space in a GIS, assuming that the stations’ capacities are known. Following this, we used a weighting program so that in each repetition, we could allot weights to each target randomly. Finally, by repeating the model over 10 independent executions, a set of solutions with the least sum and the highest number of non-dominated solutions was selected from among many non-dominated solutions as the best set of optimal solutions.
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1. Introduction


Optimal location of facilities and allocation of demands to them are important issues, since the costs of construction are considerable. Fire station location for the purpose of easy response and recovery is a significant problem today. However, it is important to give emergency assistance properly and on time, so as to save the lives of the wounded [1]. If they are not well positioned, they cannot satisfy the needs of, or offer some services to, the customers. In crowded cities where there is insufficient space for positioning these facilities, the issue becomes even more important. Different conditions and goals can be considered in location-allocation problems, further complicating the problem. The location-allocation problem includes some common models. There has been much previous research on different models for the location-allocation optimization problem [2,3,4,5,6] using GIS technologies [7]. Location-allocation problems are NP-hard optimization procedures and the problem becomes very complex if it involves a combination of location-allocation models [8].



Nonetheless, few studies include a combination of such models. The present work considers two common models for this problem, (i.e., coverage and p-median), taking various goals and conditions into account. Much research has been conducted on the location-allocation problem using metaheuristic methods for emergency services [9,10,11], but capacity conditions or multiple objectives were not considered in these studies. Liu et al. applied simulated annealing to solve large-scale location-allocation problems with rectilinear distances. The results showed high solution quality and acceptable computation times [12], but they considered only a single objective, and the capacity constraint was also ignored. Furthermore, ordered demands were omitted. Gonzalez–Monroy and Cordoba compared simulated annealing with a genetic algorithm for optimization of energy supply systems. The results showed that for small problems. The genetic algorithm was more efficient than simulated annealing, but for large problems, the reverse was true [13]. In that research, they considered only a single objective, and the capacity constraint was also ignored. Furthermore, ordered demands were omitted.



A genetic algorithm was applied for solving the location-allocation problem for parks and open spaces optimization, but the capacity of facilities and the order of demands were not considered, and the problem space was continuous [14]. Bashiri and Bakhtiarifar used simulated annealing for a problem with one objective, but the present study has three objectives, which complicates the problem space [15]. In the former study, the capacity constraint and ordered demands were also omitted. Yu and Solvang used multi-objective location-allocation for the management of municipal solid waste, but the capacity constraint was omitted, and their results showed that the CPU running time increased significantly with an increase in the size of the problem. For future development, they proposed using an efficient algorithm such as a genetic algorithm [16]. Ma and Zhao used a multi-objective artificial immune optimization model in land use allocation. However, they did not integrate their model into a GIS environment and the capacities of facilities and the order of demands were not considered [17].



In this research, the ordered capacitated multi-objective location-allocation problem for fire stations is presented with some incompatible objectives, such as minimizing the distance between the demand and the station, minimizing the arrival time from the station, and maximizing the station’s coverage. When the demands are ordered according to their objective functions, this causes the nearer demands to be allocated to a station where it locates a closer distance to the demands. To this end, a demand with a shorter distance or time takes a higher priority to be allocated to a fire station. Selecting ranked or ordered demands can make an optimal solution possible to access the fire stations in a shorter time. The problem space is considered as a discrete space and distances are measured on a network. The demands are ordered based on goals and allocated to the facilities. For solving this ordered capacitated location-allocation model, two efficient algorithms are applied and their results are compared. The outcomes of the ordered capacitated location-allocation problem are presented in a GIS environment. Solving the ordered capacitated multi-objective location-allocation problem has not previously been investigated. Furthermore, integration of the problem into a GIS environment for fire stations using a genetic algorithm and simulated annealing has not previously been investigated.




2. Materials and Methods


The generic goal of this research is solving the location-allocation problem with a large number of demand points, using chosen algorithms and non-dominated solutions. The following objectives have been considered. Firefighters must attend incident sites in less than five minutes. Therefore, routes must be selected so that they can arrive at the accident site in the shortest time. Distance and time are important factors that include parameters such as congestion, maximum speed of road, and so on. In addition, the best possible service should be provided with a minimum number of fire stations, and therefore the coverage of the fire stations should be maximized. The studied space is a discrete space, but the calculations are also performed on the road network. The general objective of this research is optimizing locations for fire stations in Region 11, Tehran, in a GIS, with regard to the three above-mentioned objectives. The sum of these objectives and conditions, which considerably complicate the calculations, distinguishes this research from previous research.



First, the data are entered into a GIS environment. The suggested model can be implemented in a GIS environment [18]. Then, the model’s parameters were regulated by a sensitivity analysis for each algorithm, and the data were processed, searching for optimal locations for fire stations via fitness    f  ( x )     rating, in accordance with the problem’s objectives. The results of each of the two algorithms with the same initial point were evaluated, to determine which algorithm should be selected to solve this problem. The chosen algorithm was used for the case study (Figure 1). To find optimal locations for fire stations, three objectives have been taken into consideration. In order to combine them and turn them into an objective function, a weighted objective function was employed, as shown below:


   min f  ( x )  =  [   f 1 ′   f 2 ′   f 3 ′   ]     [   W 1   W 2   W 3   ]   T  ,    W 1  +  W 2  +  W 3  = 1   



(1)




where    f ′    is the normalized rate of f, T is the transposed matrix and W is the weight of each objective function. There are two strategies for allocating a weight to each objective function. Strategy I is a fixed-weight approach that determines the weights from prior knowledge of the objectives, and the weights do not change during the entire evolutionary process. Strategy II represents a random weight approach where weights are randomly reset at each step of the evolutionary process to consider all possible combinations of solutions. This strategy explores the entire solution space [19].



It is often not possible to find a single solution that achieves the best values for all objectives, given the constraints. In an optimization problem with D objectives, a solution x is said to dominate another solution      x ′     (denoted x    >  x ′    ) only if:


     f  i    ( x )  ≥  f  i    (  x ′  )    ∀ i = 1 … D    &     f  i    ( x )  >  f  i    (  x ′  )    for   some i ;    



(2)




where     f  i    ( x )     is the objective function value of objective i for a solution x. This formulation has assumed a maximization problem, but the modifications necessary for a minimization problem are clear [20].



To obtain Pareto-optimal solutions, a random weighting schedule was employed. The random weights were derived as follows:


     W h  =    r h     r 1  +  r 2  + … +  r k        h = 1 ,   2 , … , k    



(3)




where     r h     is a random number between 0 and 1 generated for the   h  th objective function, h = 1, 2, …, k [21]. Since this study has taken three objective functions into consideration, h = 3. In this schedule, the weight vector is (W1, W2, W3) in each repetition and the algorithm is produced by a random non-dominated method in order to produce all non-dominated solutions. In this research, the described method and the second strategy are chosen from among the various available weighting methods, for utilization in the problem under consideration.



Since the objectives of the present research have different units, they cannot be aggregated [22]; therefore, each function must be normalized before aggregation. In this research, the method described below is used to normalize each function [23].




    f k ′  =    f k  − min  f k    max  f k  − min  f k      



(4)





The general goal of this research is to minimize the ordered capacitated multi-objective function, but among the objectives there is one which should be maximized. Multiplying all maximization objective functions by −1, we obtain the multi-objective minimization model [24].



2.1. Minimizing the Distance between the Demand and the Fire Station


Assuming demands are allocated to the nearest station, the objective function will be:


   m i n  f  1   =   ∑   i = 1  m    ∑   j = 1  r    ∑   k = 1  n   w i     x  i j  k     λ k   d  i j     



(5)






    C j  ≥   ∑   I = 1  m   A  i j     j = 1 , 2 , … , r   



(6)






    x  i j  k  =  {      1   if   customer   i   assign   to   fire   station   j ,   a n d   t h e   a s s i g n m e n t   d i s t a n c e    d  i j     is   the   k th   smallest   among   all   demands       0   otherwise         



(7)






    ∑  i = 1  m   ∑  j = 1  r   x  i j  k  = 1   for   each   k = 1 ,   2 ,   … ,   n   



(8)






    ∑  k = 1  n   ∑  j = 1  r   x  i j  k  = 1   for   each   i   



(9)






    ∑  k = 1  n   ∑  i = 1  m   x  i j  k   d  i j   ≤  ∑  k = 1  n   ∑  i = 1  m   x  i j   k + 1    d  i j     for   each   k = 1 ,   2 ,   … ,   n − 1   



(10)







This constrain maintains that partial sum of the kth rank should be less than or equal to the partial sum at the next rank.



where r is the number of facilities, m is the number of demands,     d  i j      is the network-based distance between the facility point j and demand point i based upon Dijkstra’s algorithm,      w i     is the weight of demand point i,     C j     is the maximum capacity of facility j (    C j      = 50,000),     A j     is the allocated demand at facility j, and     λ k     is the weight of the kth rank of service [25].




2.2. Minimizing the Time for Reaching the Demand from the Fire Station


The minimizing function for the time is as shown below:


   m i n    f  1   =   ∑   i = 1  m    ∑   j = 1  r    ∑   k = 1  n     x  i j  k   λ k   t  i j     



(11)






    C j  ≥   ∑   I = 1  m   A  i j     j = 1 ,   2 , … , r   



(12)






    x  i j  k  =  {      1   if   customer   i   assign   to   fire   station   j ,   a n d   t h e   a s s i g n m e n t   t i m e    t  i j     is   the   k th   smallest   among   all   demands       0   otherwise         



(13)






    ∑  i = 1  m   ∑  j = 1  r   x  i j  k  = 1   for   each   k = 1 ,   2 ,   … ,   n   



(14)






    ∑  k = 1  n   ∑  j = 1  r   x  i j  k  = 1   for   each   i   



(15)






    ∑  k = 1  n   ∑  i = 1  m   x  i j  k   d  i j   ≤  ∑  k = 1  n   ∑  i = 1  m   x  i j   k + 1    d  i j     for   each   k = 1 ,   2 ,   … ,   n − 1   



(16)




where     t  i j      is the travel time between demand point i and facility point j. This research considers the road direction and road width to measure the distance and time respectively. Road width, average road congestion, and direction are descriptive items of information about the road, held in the table relating to the road in the GIS (roads with lesser widths, higher road congestion average, and contrary directions of movement are assigned lesser weights). These two items have an effect on both the time and distance functions.




2.3. Maximizing the Fire Station’s Coverage


Based on Maliszewski et al. [26], the maximizing function of each fire station’s coverage is as below:


   m a x  f 3  =   ∑   i = 1  m   b i   y i    



(17)







The total coverage of all stations can be obtained from the function below:


   max  f 3  =   ∑   i = 1  m    ∑   j = 1  r    ∑   k = 1  n     y  i j  k     b i    



(18)






    y  i j  k  =  {      1   if   customer   i   assign   to   station   j ,   a n d   t h e   a s s i g n m e n t   t i m e    t  i j     is   the   k th   smallest   among   all   demands   t o   5   m i n       0   otherwise         



(19)






    C j  ≥   ∑   I = 1  m   A  i j     j = 1 , 2 , … , r   



(20)






    ∑  i = 1  m   ∑  j = 1  r   x  i j  k  = 1   for   each   k = 1 ,   2 ,   … ,   n   



(21)






    ∑  k = 1  n   ∑  j = 1  r   x  i j  k  = 1   for   each   i   



(22)






    ∑  k = 1  n   ∑  i = 1  m   x  i j  k   d  i j   ≤  ∑  k = 1  n   ∑  i = 1  m   x  i j   k + 1    d  i j     for   each   k = 1 ,   2 ,   … ,   n − 1   



(23)







Here, the number of related demands to each station is calculated if capacity of each station is full, any demand point cannot assign to that station.



    b i    : weight of demand in point i.


     b i  =   (  (   F  T F    )  × 100 +  (   P  T P    )  * 100 )    Fire   Population   Density   Index   



(24)




where P is the population or demand in each district, TP is the total population, F is the number of existing fire stations in each district, and TF is the total number of fires. Since there are four areas in this region, four     b i     values are obtained. Each point is given a     b i     coefficient according to the area in which it is located. Furthermore, in this research, the operation radius for the coverage model is considered to be five minutes [27].



This research seeks to establish appropriate locations for fire stations such that these stations can cover an area with the greatest population (up to 50,000).





3. Proposed Solution Approaches


3.1. Genetic Optimization


Genetic algorithms (GAs) are the search technique to find optimal or nearly optimal solutions invented by John Holland in the 1960s [28]. Its attempt is to mimic the natural evolution processed by the use of genetic operators such as selection, crossover, and mutation [29]. In this GA, a chromosome or solution is given as a string of location variants of x and y (as is also the case in this research). The algorithm starts with a set of solutions (individuals). These initial solutions, which are the coordinates of the facilities, were obtained by service area analysis with a radius of five minutes in ArcGIS. This accelerates the process of reaching optimal solutions. In the first step, it starts with an initial population. Next, the fitness of each individual is measured by means of an objective function (1) and each member that cannot dominate another is stored in the archive (in accordance with a non-dominated function).



In the third step, the parents are selected from the stored individuals using the rank method. Crossover is a recombination operator that combines parts of two parent chromosomes to produce offspring that contain some parts of each of the parent genes. The two-point crossover operator was used in this study. A point on two selected parents is randomly selected, and portions of the two chromosomes beyond this point are exchanged to form the offspring. Reproduction and mutation is performed so that a new population is established and the algorithm is prevented from falling into local optima. The process of mutation is performed to switch a few randomly chosen genes. The produced individuals are added to the population and the fitness of each is measured. To obtain balance in the population size, some of the individuals are omitted based on fitness values, so that individuals with poor fitness are removed. This process is repeated until the final condition (the algorithm’s solutions remain unchanged for 10 iterations) is achieved. Eventually, the non-dominated function is implemented for the individuals stored in each step. The values of x and y are the spatial coordinates of the fire stations.




   Chromosome =  [   x  1    y 1     x 2   y 2  … …  x n   y n   ]    



(25)






3.2. Simulated Annealing (SA) Optimization


The simulated annealing concept is inspired by crystal formation during cooling. The slower the cooling, the more perfect the obtained crystal. The parameters of SA are cooling rate, initial temperature, and absolute temperature. These parameters will be set in Section 5.1.



The steps of the multi-objective SA to produce non-dominated solutions are as follows:



Step 1: Initialization



Select the initial solutions s (the same as the initial genetic solutions) from S (the set of all possible solutions). The same solutions are obtained by service area analysis for the genetic algorithm.



Select an initial temperature     T 0    , set the absolute temperature     T  a     , and set the cooling rate    δ T    (   δ T    can be any fraction between 0 and 1).



Step 2: Improving the solution



Set the repetition counter n = 0



Repeat the following operations until     T  a   ≤  T  0     



Randomly produce a solution s’ in the vicinity of each N(s). We created a 1 km buffer around each gene (fire station), and randomly selected a fire station within this buffer to produce a chromosome or vicinity solution.



Calculate    L = f  (  s ’  )  − f  ( s )     for each solution and each function (f(s) is the fitness of each function). If L    ≤ 0    for all functions (in the case of appropriate neighbour solutions), then s = s′.



If L    > 0    for all functions (no fitting in neighbourhood solutions) x is randomly selected from U(0,1). If    x < e x p  (  − L / T  )    , then s = s′, otherwise generate a new neighborhood



Otherwise (improvement in one function and no improvement in other functions) save both s and s′



Remove the dominated solutions to the set of saved solutions in the archive



Set n = n + 1, T = T × δT and t = t + 1



Stop if the stopping condition is met or go to step 2.



Initialized solutions create a string or chromosome. Then, another string called a neighborhood string is created. The fitness value for both strings is calculated according to Equation (1). If the neighborhood solution is better than the previous solution, it will be saved, and the process will continue, otherwise a new neighborhood string will be produced. At this time, the temperature is reduced, and the operations continue until the optimum solution is obtained. The algorithm ends when the same results are obtained 10 times consecutively. When the multi-objective SA uses the weights     (   W 1  =  W 2  =  W 3  = 0.3333  )     in step 1, it produces only one random solution, while at this stage GA produces several solutions, based on the population size.





4. Study Area and Data


4.1. Study Area


Region 11 is one of the most crowded regions of Tehran, being located in the central part of the city. It contains four areas, and the sum of the populations of these four areas is about 280,000. There are only four fire stations in this region; therefore, the number of fire stations in this region is insufficient based on world standards (according to world standards, the capacity of each station is equal to 50,000 persons per station). The total area of the region is 12.6 km2. Figure 2a shows the populations of each census zone in this region. Figure 2b shows the distributed demand points (created and distributed randomly in each census zone in accordance with the population of each census zone and field observations). There are some areas in this figure 2b which are shown in white, indicating military areas where people cannot settle and live.




4.2. Data


To solve the ordered capacitated multi-objective location-allocation problem, some facilities and demands are needed. The former includes potential and existing fire stations, while the latter is the customer or the population using the facilities. The data are entered into a GIS environment in shapefile format. The number of fire accidents reported to each station in 2016, the number of fire stations in each area, and other pieces of required information were obtained from the firefighting organization. In accordance with the standards, a capacity of 50,000 people was considered for each station in the case study and it was assumed that all stations have similar features.



The demands originate from the people dwelling in the four areas of Region 11, whose populations were obtained from both existing statistics and from the municipality. Following this, 280,000 distributed demand points were created in ArcGIS, based on statistics from the population of each census zone and on field visits. The total number of these points is equal to the region’s population. Figure 3 shows 23 potential and four existing fire stations. Since there is no expert view on introducing new stations, the 23 potential fire stations were generated with a 1 km grid in ArcGIS [30]. Investigations revealed that the distance between one fire station and its nearest-neighbor fire station must be within 1–9 km [31].



Since the location-allocation problem only searches for the best locations for fire stations from predefined points, the 1 km distance helps in producing more stations so that we can select the optimal stations from them in accordance with our goals. Though potential points have been created on a grid, and there is no expert view of price, area, and so on, the authors tried to avoid placing potential points on prohibited areas such as rivers or private buildings by undertaking a field visit. The field visit also allowed some points to be deliberately placed on worn-out, state-owned, or military areas which had enough space for the station and were located adjacent to main streets. For this reason, the potential points are partially displaced from the grid, and the distance between the potential points is not exactly equal to 1 km.



Our calculations are performed on the main road network of this region, with each road having its own attributes such as legal speed limit in that segment, road width, etc. Since we wanted to establish optimal stations, and considering the existing population of the region, the minimum number of stations required is six, our goal was to select six stations from 27 potential stations. GA and SA solutions were exploited in order to solve this combinatorial capacitated multi-objective location-allocation problem. It should be added that both of these algorithms have been implemented by MATLAB 2012, and so MATLAB was modified to implement multi-objective algorithms. The calculation results, as well as the final processing and vectors, are given in the ArcGIS environment or presented as tables.





5. Results and Discussion


5.1. Sensitivity Analysis and Tuning the Model Parameters


Initially, the GA and SA models are validated by means of distributed demand points with a number equal to the population of each area of Region 11, Tehran. The considered weights for each function were as follows:      W 1  =  W 2  =  W 3  = 0.3333   . Simultaneously, the best values of the model parameters were determined by sensitivity analysis to produce high-quality solutions. This study has practical importance for the solution of real-world problems when the optimal solutions are completely unknown [32]. After some preliminary evaluations, the sensitivity analysis was performed for different values in the GA for crossover (0.4 to 0.9), population size (10 to 20), and mutation probabilities (0.1 to 0.4). For SA, the values were initial temperature (50 to 300), absolute temperature (0.01), and cooling rate (0.8 to 0.95). These rates are taken from previous research in the literature [19,20,33].



The stopping condition for each run of the algorithms was 150 generations. Each set of factors generated for the analysis was used for five runs and the result is the average of the fitness over those five runs. The sensitivity analysis therefore considers all the algorithm parameter combinations. Sensitivity analysis was performed on the algorithms. It is necessary to use the best parameters for the GA and SA in order to achieve acceptable results. Table 1 gives the results of the parameter sensitivity analysis for the genetic model, with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )    .



From Table 1, it can be observed that for population size the objective function values do not follow any pattern, but for crossover = 0.4 and mutation = 0.3 to 0.4, the objective function values follow a consistent pattern. Small population size values, small crossover values, and higher mutation values, (e.g., 0.3, 0.4) are preferred by the analysis. Therefore, the preferred parameter combination for solving the problem in this paper is: population size = 10, crossover = 0.4, and mutation = 0.4.



The model results with the best parameters, selecting six stations out of 27, show that the fitness of the final solutions has decreased, while the convergence of the fitness graph demonstrates that these facts ensure the model’s verification. Figure 4 illustrates the locations of the optimal fire stations, their capacity, and their allocations for f1, f2, and f3 in ArcGIS by means of the best GA parameters with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )    . The output graph shows the convergence of the fitness values. The sum of all demands for f1 and f2 is equal to the considered demands for this region, but in f3, it is not equal to the number of considered demands in the region. This shows that all the points have not been covered, and the time between some demand points and the optimal stations was more than five minutes.



Results of the sensitivity analysis for the SA model with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )     are given in Table 2. These rates are close to those obtained by Murray and Church [34]. From Table 2, it can be observed that fitness values decrease with increasing initial temperature. However, cooling rates do not follow any particular pattern, except for the case of initial temperature = 300 and cooling rates of, e.g., 0.8, 0.9, and 0.95, where the objective function values follow a consistent pattern, with the smallest objective function value obtained for initial temperature = 300 and cooling rate = 0.95. Therefore, these parameters are selected by the sensitivity analysis for this problem.



Figure 5 illustrates the locations of the optimal fire stations, their capacity, and their allocations for f1, f2, and f3 in ArcGIS by means of the best SA parameters with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )    . The output graph shows the convergence of the fitness value. Furthermore, Figure 5, like Figure 4, shows that the sum of the demand allocation for f1 and f2 is equal to the demands present in this region. However, the sum of demands allocated to f3 is not equal to the demands in this region, showing that some points have not been covered. Thus, to cover all demand points, it is necessary to increase the number of optimal locations in the case study. Therefore, the goal is to choose seven fire stations from 27 existing and potential stations, using the algorithm selected as the best model in the algorithm evaluation step.



Table 3 compares the computation times for SA and GA, using their best parameters. Both algorithms were used as multi-objective algorithms with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )    . The computer used to run the algorithms was an Intel(R) Core (TM) i7 760 @ 2.93 GHz with 8.00 GB of RAM, 1 TB hard disk, and Windows 7. The SA algorithm could achieve the results of the GA algorithm in approximately twice the number of iterations in this problem.



We wish to estimate the differences between the means with a 95% degree of confidence. According to Freund, if     χ 1     and     χ 2     are the values of the means of independent random samples of sizes      n 1     and     n 2     from normal populations with known variances     δ 1 2      and     δ 2 2    , then:


    (  χ 1  −  χ 2  ) −  z  ∝ / 2   ×      δ 1 2     n 1    +    δ 2 2     n 2        <  μ 1  −  μ 2  <  (   χ 1  −  χ 2  )  +   z  ∝ / 2   ×      δ 1 2     n 1    +    δ 2 2     n 2         



(26)




is a (1 −    ∝   ) confidence interval for the difference between the population means.



For a 95% confidence interval, (1 − ∝) = 0.95 so    ∝ = 0.05     and    ∝ / 2 = 0.025   . From the z_tables for standard normal distribution (Table III in Freund [35]),     z  0.025   = 1.96    [35]. In this study, index 1 refers to the genetic algorithm, while index 2 refers to the simulated annealing method. Table 4 shows the results of the comparison of the genetic algorithm with simulated annealing for data sets 1 and 2, which are used to calculate the confidence intervals.



Since both limits are negative, we can conclude with 95% confidence that the genetic algorithm produces a solution with a smaller average than simulated annealing in each data set.




5.2. Evaluation of the Algorithms


We compare the implementation of GA and SA in the ordered capacitated multi-objective location-allocation problem, solving for fire stations with the criteria of fitness rate and calculation time [8]. The results of two heuristic algorithms are compared. The best algorithm is selected for the final implementation in the case study. SA is a simple and effective method that can produce a good solution for combined and difficult problems. However, the disadvantage of this algorithm is its need for a large amount of CPU time for producing the solutions.



It is understood from Table 3 that the fitness value of GA is better than SA, since GA uses the elite individuals in each repetition, whereas SA only studies random solutions and their neighborhoods. With 95% confidence, we can state that the GA can produce better results than SA. SA with many repetitions can produce the same optimal locations as GA, but the convergence time and the number of repetitions in GA is less than for SA. The slowest part of these algorithms is the allocation of demands or customers to the stations, where the algorithms must analyze and then order all the distances between the demands and the chosen stations in each step, in order to find the best demand allocation for each station.



These calculations require a lot of memory resources. With respect to computational resources, GA showed better efficiency. After 150 repetitions, it was clear that the computational time for achieving optimal solutions for SA is about twice as long as for GA. As a result, GA is selected for the final implementation in the case study. In summary, GA produced better results than SA in this problem with a large number of allocations (280,000 demands) for time and fitness values for fire stations.




5.3. Implementation of Genetic Model in Case Study


5.3.1. Increasing the Number of Fire Stations While Retaining Existing Fire Stations


In this section, we increase the number of fire stations (as mentioned in Section 5.1) so that all 280,000 demand points are covered. Therefore, our aim is to select seven fire stations. We retain the existing stations, and therefore our goal becomes the selection of only three new optimal stations out of 23 potential stations. In this case, the ordered capacitated multi-objective function is obtained from function (1) with fixed weights    (  W 1  =  W 2  =  W 3  = 0.3333 )   . The GA parameters are in accordance with the best parameters mentioned previously, and the number of repetitions is 150. Figure 6 shows the locations of three optimal stations, obtained from the ordered capacitated multi-objective function with fixed weights    (  W 1  =  W 2  =  W 3  = 0.3333 )    together with the four existing stations (considered to be fixed), and the output fitness (in this case, since the weights in each step of the algorithm’s repetition are fixed, the algorithm can eventually achieve a general optimization).



The three stations are located near crowded areas, and the four fixed stations participate in the demand allocation step. Figure 7 shows the optimal location of fire stations with fixed weights    (  W 1  =  W 2  =  W 3  = 0.3333 )    and the demand allocation to each function. Since the locations of optimal stations result from function (1), the location of optimal stations is the same in all maps, as indicated by Figure 7. Here, only the allocation capacity of each station is given by each function.



The sum of demand allocations for f1, f2, and f3 is equal to the existing demands of the region, which indicates that all demand points have been covered and that the number of fire stations in this region is sufficient. The radius of demand coverage on the road network is considered to be five minutes; therefore, this number of facilities can meet the demands.




5.3.2. Non-Dominated Solutions Retaining the Existing Fire Stations


In practical ordered capacitated multi-objective optimization problems, finding a unique solution that optimizes all objectives simultaneously is very difficult or impossible. A set of non-dominated solutions representing a compromise between objectives is obtained and forms the optimal Pareto front [29]. In this case, since the weights differ with each algorithm’s repetition, the algorithm seeks local optimizations each time among the produced solutions of the same step, and our general aim here is not to achieve the general optimization, but to find all optimizations, even the local ones. This is so that each decision maker can find a desired optimization based on his own criteria, among the set of produced solutions, taking into account the utilized weights.



By retaining the four existing stations, this paper seeks non-dominated solutions. Thus, the produced non-dominated solutions that include four existing stations, along with three others, contain different weights and demand allocations. Here, the ordered capacitated multi-objective function is derived from function (1) and the weights from a random weighting program (function (2)). Model parameters are regulated as follows: the number of generations is 150 repetitions of the model and the population size is 10 individuals or chromosomes.



Table 5 shows the solutions of several independent implementations of the model with 150 repetitions, including the total number of non-dominated solutions in each implementation of the model, the given weights for each objective function, the minimum and maximum distances between adjacent stations, the demand allocations of f3, and the sum. In this table, for purposes of generalization, some solutions have been removed. Consequently, the decision makers can select their desired solutions (Pareto optima) based on these weights.



Among the independent implementations of the model, the best implementation or run is run 5, as it has the lowest value of the sum and the highest number of non-dominated solutions compared to the other runs [14]. Figure 8 shows the non-dominated solutions in 150 repetitions of each model’s run. These solutions cannot dominate one another. Maximum and minimum values are found in the Pareto-optimal sets presented in Table 6. Repeated runs of the model can lead to the generation of different solutions with various weights. Given the information in Table 5 and Table 6, the decision makers can easily select solutions in accordance with the importance of different objectives, as well as in accordance with budget constraints. Furthermore, Using GIS in management is considered to be more significant when the manager must make important decisions in complicated conditions [36].






6. Conclusions


In this paper, three objective functions were taken into consideration in order to solve the ordered capacitated multi-objective location-allocation problem for fire stations. Initially, the parameters of SA and GA were tuned for this problem by sensitivity analysis. While tuning the parameters, the algorithms’ verification was determined via demand data. Then, both algorithms were implemented using the best parameters, for fire stations located in Region 11, Tehran. All our calculations took place on the road network. The implementation of both algorithms showed that the number of optimal stations was not enough to cover all demand points. Furthermore, results from the algorithms’ evaluation, based on the output fitness of both algorithms, as well as the computational time, showed that the GA is more efficient than SA at the 95% confidence level for solving this optimization problem with large sizes. Thus, GA was selected for the final implementation of the model in the case study.



To solve the ordered capacitated multi-objective problem in the case study, we increased the number of optimal stations, retaining the existing stations in our processing, and used the fixed weight vector    (  W 1  =  W 2  =  W 3  = 0.3333 )    in the ordered capacitated multi-objective function. The model’s output showed that GA could successfully provide optimal locations for fire stations in Region 11, while considering a capacity of 50,000 individuals for each station. Following this, to generate non-dominated solutions, we used a weighting program to allocate weights to each objective in each run of the program. Here, too, we retained the existing stations in our processing. Eventually, after several independent runs of the model with 150 repetitions, we selected the best set of solutions from among the set of non-dominated solutions. More repetitions of the model, as well as increasing the number of independent runs, leads to the generation of more weights and non-dominated solutions, with the result that the decision makers are offered more alternatives.



Ordered capacitated multi-objective location-allocation problems are complicated problems that can include several conditions and incompatible objectives. This paper proposes implementation of an efficient facility ranking method for output solutions based on other criteria, such as cost, accessibility indicator, and so on, in future. The authors suggest using other weighting schemes and comparing the results in future work.
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Figure 1. Methodological procedure. 
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Figure 2. (a) The populations of each census zone in region 11, Tehran; (b) The distributed demand points. 
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Figure 3. Potential and existing fire station locations. 
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Figure 4. Optimal location of fire stations, their capacity, and allocations in ArcGIS by means of best GA parameters with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )     for functions (a) f1, (b) f2, (c), f3, and (d) fitness output graph. 
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Figure 5. Optimal location of fire stations, their capacity, and allocations in ArcGIS by means of the best SA parameters with fixed weights     (   W 1  =  W 2  =  W 3  = 0.3333  )     for functions (a) f1, (b) f2, (c) f3 and (d) fitness output graph. 
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Figure 6. Optimal locations of fire stations, obtained from ordered capacitated multi-objective function with fixed weights (    W 1  =  W 2  =  W 3  = 0.3333 )    and output fitness. 
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Figure 7. Optimal locations of the fire stations, obtained from capacitated multi-objective function with fixed weights    (  W 1  =  W 2  =  W 3  = 0.3333 )    and demand allocations of (a) f1, (b) f2, and (c) f3; (d) the service areas of the individual fire stations. 
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[image: Ijgi 07 00044 g007]







[image: Ijgi 07 00044 g008 550] 





Figure 8. Non-dominated Pareto-front solutions. 
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Table 1. Effect of crossover, mutation rate, and population size on objective function in genetic algorithms (GA) by sensitivity analysis.
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Crossover

	
Mutation

	
Pop Size

	
Fitness






	
Data set 1

	

	

	




	
0.4

	
0.1

	
10

	
0.2009




	
0.2

	
0.1921




	
0.3

	
0.1925




	
0.4

	
0.1889




	
0.5

	
0.1

	
10

	
0.2099




	
0.2

	
0.2108




	
0.3

	
0.2217




	
0.4

	
0.2011




	
0.6

	
0.1

	
10

	
0.2099




	
0.2

	
0.2094




	
0.3

	
0.2092




	
0.4

	
0.2001




	
0.7

	
0.1

	
10

	
0.2148




	
0.2

	
0.2155




	
0.3

	
0.2287




	
0.4

	
0.1999




	
0.8

	
0.1

	
10

	
0.2148




	
0.2

	
0.2196




	
0.3

	
0.2199




	
0.4

	
0.2019




	
0.9

	
0.1

	
10

	
0.2542




	
0.2

	
0.2012




	
0.3

	
0.2227




	
0.4

	
0.2007




	
Data set 2

	

	

	




	
0.4

	
0.1

	
20

	
0.2109




	
0.2

	
0.1995




	
0.3

	
0.1984




	
0.4

	
0.1971




	
0.5

	
0.1

	
20

	
0.2198




	
0.2

	
0.2199




	
0.3

	
0.2200




	
0.4

	
0.1993




	
0.6

	
0.1

	
20

	
0.2195




	
0.2

	
0.2191




	
0.3

	
0.2201




	
0.4

	
0.2001




	
0.7

	
0.1

	
20

	
0.2455




	
0.2

	
0.2222




	
0.3

	
0.2280




	
0.4

	
0.2021




	
0.8

	
0.1

	
20

	
0.2317




	
0.2

	
0.2264




	
0.3

	
0.2266




	
0.4

	
0.2017




	
0.9

	
0.1

	
20

	
0.2431




	
0.2

	
0.2132




	
0.3

	
0.2241




	
0.4

	
0.2019
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Table 2. Best initial temperature for simulated annealing (SA).
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Initial Temperature

	
Cooling Rate

	
Fitness






	
Data set 1

	

	




	
50

	
0.8

	
0.3222




	
0.9

	
0.3015




	
0.95

	
0.3110




	
100

	
0.8

	
0.2914




	
0.9

	
0.2999




	
0.95

	
0.2814




	
Data set 2

	

	




	
200

	
0.8

	
0.2805




	
0.9

	
0.2807




	
0.95

	
0.2799




	
300

	
0.8

	
0.2791




	
0.9

	
0.2774




	
0.95

	
0.2764
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Table 3. The comparison of GA and SA over 150 iterations with the same initial solution.
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	Model
	Time (min)
	Fitness





	SA
	10.46
	0.2771



	GA
	5.41
	0.1892
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Table 4. Table of results.
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	Data Set
	      χ  1     
	     δ 2 2     
	      χ  2     
	     δ 2 2     





	1
	0.210017
	0.000188
	0.301233
	0.012312



	2
	0.216258
	0.000187
	0.279000
	0.019462







For data set 1    − 0.18018 <  μ 1  −  μ 2  < − 0.00226   ; For data set 2    − 0.06274 <  μ 1  −  μ 2  < − 0.05702   .
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Table 5. Non-dominated solutions of 10 independent implementations with 150 iterations.






Table 5. Non-dominated solutions of 10 independent implementations with 150 iterations.





	
Run

	
     w 1   f 1 ′     

	
     w 2   f 2 ′     

	
     w 3   f 3 ′     

	
Min Dist (m)

	
Max Dist (m)

	
Sum

	
Demand Allocations of f3

	
Number of Solutions






	
1

	
0.1537

	
0.0081

	
0.5576

	
1019.776

	
2625.404

	
−0.3024

	
274,253

	
10




	
0.0145

	
0.0238

	
0.4922

	
993.009

	
1738.385

	
254,578




	
0.2622

	
0.0006

	
0.3068

	
1061.513

	
2309.535

	
258,854




	
0.0005

	
0.2376

	
0.3635

	
973.342

	
2625.404

	
264,658




	
0.0934

	
0.0202

	
0.6232

	
1022.032

	
2625.404

	
274,589




	
0.1756

	
0.0027

	
0.3636

	
1002.435

	
1839.701

	
249,858




	
0.0033

	
0.0849

	
0.6478

	
1047.78

	
2309.535

	
274,548




	
0.0045

	
0.0244

	
0.6163

	
1047.78

	
1794.085

	
270,001




	
0.5262

	
0.0005

	
0.0993

	
782.465

	
2025.198

	
252,157




	
0.0492

	
0.0419

	
0.6825

	
635.148

	
2913.485

	
276,671




	
2

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.2852

	
-------

	
7




	
3

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.2820

	
-------

	
9




	
4

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.2334

	
-------

	
17




	
5

	
0.0140

	
0.0771

	
0.6456

	
983.523

	
2875.103

	
−0.3437

	
278,621

	
17




	
0.0248

	
0.0606

	
0.5994

	
990.272

	
1941.282

	
271,894




	
0.0005

	
0.1846

	
0.4826

	
1098.580

	
1941.282

	
269,995




	
0.1343

	
0.0001

	
0.3958

	
661.675

	
2625.404

	
248,444




	
0.1000

	
0.0061

	
0.4351

	
661.675

	
2625.404

	
256,841




	
0.0418

	
0.0482

	
0.4703

	
661.675

	
2309.535

	
259,654




	
0.1133

	
0.0098

	
0.4802

	
661.675

	
2309.535

	
269,415




	
0.0711

	
0.0447

	
0.4355

	
661.675

	
2309.535

	
280,000




	
0.0503

	
0.0474

	
0.4514

	
635.148

	
2309.535

	
259,587




	
0.0002

	
0.2447

	
0.2358

	
1022.032

	
2625.404

	
262,356




	
0.0857

	
0.0136

	
0.4546

	
928.856

	
2625.404

	
262,221




	
0.1086

	
0.0354

	
0.4566

	
585.251

	
2937.662

	
262,549




	
0.0841

	
0.0373

	
0.4587

	
585.251

	
2937.662

	
266,425




	
0.0131

	
0.1456

	
0.5803

	
585.251

	
2625.404

	
275,527




	
0.0000

	
0.2508

	
0.3526

	
585.251

	
2625.404

	
277,458




	
0.0120

	
0.0780

	
0.5754

	
585.251

	
2625.404

	
276,457




	
0.0995

	
0.0502

	
0.6200

	
585.251

	
2937.662

	
275,248




	
6

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.1496

	
-------

	
10




	
7

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.3346

	
-------

	
8




	
8

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.1648

	
-------

	
16




	
9

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.3434

	
-------

	
7




	
10

	
-------

	
-------

	
-------

	
-------

	
-------

	
−0.1996

	
-------

	
10








Num: total number of non-dominated solutions in each run of the algorithm; Sum: the average sum of the values of the three functions; Min Dist: minimum distance between two adjacent stations; Max Dist: maximum distance between two adjacent stations.
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Table 6. Maximum and minimum values are found in the Pareto-optimal sets.
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	Min
	# of Execution
	Max
	# of Execution





	    w 1   f 1 ′    
	0
	5
	0.5262
	1



	    w 2   f 2 ′    
	0
	10
	0.4808
	6



	    w 3   f 3 ′    
	−0.6825
	1
	−0.0477
	4
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