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Abstract: The traditional path optimization problem is to consider the shortest path of the 

vehicle, but the shortest path does not effectively reduce the logistics cost. On the contrary, in the 

case of one-sided pursuit of the shortest path, it may cause some negative effects. This paper 

constructs a more realistic path optimization model on the path of traditional logistics 

distribution, and designs a path model based on simulated annealing algorithm which taking fuel 

consumption, cost, road gradient and condition of vehicle into account. The algorithm model of 

load capacity and other problems is used to verify the algorithm of the model through a 

simulation case of multiple distribution points. The experimental results show that the path 

optimization strategy considering the gradient of the road reduces the cost of the vehicle path, 

indicating the correctness of considering the vehicle load and road gradient factors in logistics 

transportation. 
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1. Introduction  

According to the data, in the whole process of a delivery of goods, the transport cost accounts for 

up to 40% in China. The main aspects of the transport cost include: wear and tear of vehicle, fuel 

consumption, driver's salary, transportation distance between multiple delivery points, the number of 

delivery points and so on. In these aspects, the transportation distance and the fuel consumption can be 

changed artificially, the driver's salary expenses, the number of distribution point etc. are not 

controllable factors, and the vehicle's fuel consumption mainly determined by the driving road and 

vehicle performance, due to vehicle performance varied, unable to be a criterion. Therefore, this paper 

focuses on vehicle fuel consumption and vehicle path, and strives to reduce the high cost of logistics 

and transportation, and provides a basis for optimizing path optimization. It turns out that through the 

experiments in this paper, the method can provide decision support for the cost of the logistics system 

and provide a better method for the operation of a more advanced logistics system. 

The rapid development of e-commerce also brings about many problems. For example, a large 

number of cost losses lead to the waste of resources, and the complex transportation system cannot 

guarantee the safe driving of vehicles. Then, the reasonable planning of the vehicle's driving path, is an 

urgent problem. The Chinese and international scholars have carried out in-depth analysis on this 

problem, and the solution effect is obvious. For example, the famous VRP (Vehicle Routing Problem) 

is a classic interdisciplinary problem in operations research, mathematics, computer science and so on，

at the same time the problem [1,2] is a combinatorial optimization problem, belongs to N-P problem, 

many scholars of VRP problems to mathematical modeling and algorithm design, and make it better, 

and the problem to be solved in this paper also falls within the scope of this problem. 

The choice of algorithm. Comparing with other meta-heuristic algorithms, the experimental 

methods in this paper use the simulated annealing algorithm (SA) for the following reasons: First, the 

simulated annealing algorithm, is more general, deal with the practical problems well in this paper, 

secondly, SA can increase the acceptance probability of each state by controlling the temperature 

during the annealing process for avoiding stagnation at a localized solution; thirdly and finally, the 

selection space of the optimal solution can be increased by the 2-swap and 3-swap methods, so that the 

optimal solution can be searched in the maximum range.  

The reasons for not using other meta-heuristics in this paper are as follows: For Genetic 

Algorithms (GA), the primary problem of genetic algorithm is encoding the problem, and also need to 

decode when the optimal solution is obtained, which greatly increases the complexity of the program. 

Especially in the case of dealing with problems with greater complexity, the disadvantage of GA will 

be more obvious. In addition, the choice of the parameters of the three operators of genetic algorithm 

will also seriously affect the quality of the solution. From this point, it requires a lot of data sets and 

experience can accurately grasp the choice of three operators; finally, through traversal, the result set of 

the GA will be infinitely close to the optimal solution, but if there is an error in each calculation, the 

final result will also be biased, and this algorithm will be shown in the experimental section. For the ant 

colony algorithm, the disadvantage is that if the parameters α and β are improper, the speed of 

solution is very slow and the quality of the solution is particularly poor; from the application point of 

view, the ant colony algorithm requires all ants to eventually choose the same route. If the number of 

loops is given, it is more difficult to achieve this situation; and the ant colony algorithm has a slower 

convergence rate and is easy to fall into local optimum, and the algorithm lacks pheromone in the 

initial situation, and the algorithm complexity is compared with the SA is quite big. 

The disadvantage of the particle swarm optimization algorithm (PSO) is that it is prone to 

premature convergence (especially in dealing with complex multi-peak search problems) and poor 
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local optimization ability. The PSO algorithm is trapped in a local minimum, mainly due to the loss of 

diversity of the population in the search space. The hybrid models of different PSO algorithms are 

mainly divided into two categories: (1) the global optimization algorithm and the local optimization 

algorithm are mixed; (2) the global optimization algorithm is mixed with the global optimization 

algorithm. Throughout the various hybrid algorithms related to the PSO algorithm, most of them 

basically adopt a strategy to improve them, either with other algorithms or adding mutation operations, 

and there are fewer hybrid algorithms using both strategies. Among the above strategies, there is a 

certain contradiction between the two. For the method one, although it can improve the local 

convergence speed, it also increases the possibility of falling into the local minimum; for the hybrid 

method two, the algorithm local refinement capabilities have still not improved. However, if only the 

mutation operation is added, the detection ability of the algorithm is improved, but the local 

development capability is also impaired. 

The first part of this paper introduces the meaning of the topic and the choice of the algorithm, 

and introduces the factors that need to be considered in the article. The second part introduces some 

senior scholars in the path optimization problem. The third part is to solve the mathematical calculation 

model designed by the problems raised in this paper. The fourth part is the experimental part, and the 

conclusion is drawn by comparison with the traditional genetic algorithm. The fifth part is the 

summary of this article, focusing on the contribution of this paper and the future development 

direction. 

2. Related works 

At present, there are two main goals [3] for logistics transportation path optimization. First, time 

optimization, it is optimized according to the time window, and taken into account the service point [4] 

in the driving path of the vehicle, and added a time window for the customer or a penalty function to 

the transportation vehicle. This method improves transportation efficiency of the logistics by 

improving service quality of the logistics. The second optimization goal is the driving path of the 

vehicle. This goal is mainly to make the vehicle travel the shortest path, consume less fuel, and achieve 

the shortest travel distance in a two-dimensional plane. Find the shortest path by using a variety of 

algorithms to deliver the goods to a sorting center or warehouse center [5] in the shortest amount of 

time. Common typical algorithms include: Ant colony algorithm, simulated annealing algorithm, 

genetic algorithm and so on. 

The author of the article [6] considered the safety issue in vehicle transportation. A real case was 

tested by an adaptive fuzzy neural network model trained by artificial bee colony algorithm, and the 

cost and risk of transporting dangerous goods were accurately evaluation. In the literature [7], the 

improved ant colony algorithm is used to solve the vehicle routing problem with soft time window. The 

problem is solved by updating the solution obtained by the ant colony algorithm, which improves the 

diversity of the problem solution and the global search ability, thus making the algorithm more capable. 

Solve the local optimal problem well. In the literature [8], a multi-warehouse, multi-customer, and 

multi-origin vehicle routing problem is studied. In order to solve the problem of total travel time of 

vehicles, the author proposes a fuzzy logic-guided random search algorithm, and proves its 

effectiveness through simulation results. Document [9] proposes a new vehicle carbon emission 

estimation method and four vehicle effective states. By selecting the dynamic vehicle state with the 

highest probability, and reconstructing the vehicle trajectory every second between consecutive 

sampling times, and verifying the model using the simulation data set, and comparing the linear 

interpolation model, the vehicle is proved. The carbon emission problem is a problem that cannot be 
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ignored in the vehicle routing problem. Document [10] provides a linear relationship between vehicle 

load and fuel consumption based on actual data, and has fully demonstrated that a multi-target vehicle 

dry well problem model with dynamic windows with time windows and random items is established. 

the author of the article[11] using ANFIGS can provide the driver with actual route suggestions as 

needed. Obviously, this method has achieved very significant results, and the experimental results also 

show that the method has very good performance in the decision-making process. In the article [12], by 

classifying the types of vehicles, the authors used adaptive neural networks to model the re-selection of 

travel routes for different vehicle types and to monitor atmospheric conditions. It has played a positive 

role in reducing air pollution and reducing problems caused by vehicles.  

However, on the same issue, most scholars mainly take the length of route into account, that is, 

planning the path of the vehicle [13]. There is less literature on the transportation costs of vehicles. Few 

scholars have analyzed the influence of road conditions on vehicle fuel consumption in logistics. 

According to the literature, in the logistics industry, transportation costs account for 40–50% of the 

total cost, and the road conditions are related to the actual fuel consumption of the vehicle. In the 

literature, the fuel consumption of the vehicle is also the factors are constrained, but the problems 

involved in the route are quite complicated [14], which cannot be enumerated one by one. This paper 

analyzes and calculates the factors that have greater influence: The load of the vehicle and the 

influence of the gradient of the road on fuel consumption. For example, if the vehicle travels from A to 

B, the fuel consumption of the high-gradient vehicle is very large under full load, because it mainly 

receives two factors, one is the load capacity of the vehicle body, and the other is the driving gradient 

of the vehicle. Increasing the friction coefficient, increasing the power consumption of the engine, 

excessive external power, etc., the transportation cost of the vehicle will be greatly improved. 

High-gradient sections are also extremely difficult for the vehicle to travel, because there are many 

uncontrollable factors, the damage to the engine during the vehicle climbing process is great, it is easy 

to cause damage to the vehicle itself, and it is easy to cause some safety problems [15]. However, on 

low-gradient sections, the vehicle has no other load-bearing load than its own load, and the possibility 

of a safety accident is small. The fuel consumption between the low-gradient fuel consumption and the 

high-gradient may be several times different. For the above situation, this paper proposes a path 

optimization model that takes into account the vehicle's load capacity and the vehicle's running 

gradient, so as to provide a basis for the choice of vehicle transportation path.  

3. Model construction and algorithm design 

3.1. Model construction 

The path cost optimization model constructed in this paper is an optimization model considering 

the load capacity and different Road gradient. 

Ordinary trains in the logistics market can be classified into four categories according to their 

type [16]: Heavy goods vehicles, medium goods vehicles, light goods vehicles and mini trucks. 

Heavy-duty trucks are generally used to transport large vehicles such as large equipment and 

non-removable items. Generally, the cargo load is generally more than 120 tons. The medium-sized 

trucks generally carry about 50 tons of cargo. But the effect of medium-sized truck is almost the same 

as that of heavy-duty vehicles. It is a light-duty vehicle with a load capacity of about 26–35 tons, after 

long-distance transportation, it will not cause loss of goods. The load of light-duty trucks is generally 

around 8–12 tons, which is also in line with the needs of logistics. Light vehicles and medium-sized 

vehicles are used as standard delivery vehicles. There are more than 30 types of fuel consumption due 
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to various factors, but in terms of logistics, a distribution center has a total of k vehicles, r 

medium-sized vehicles, and 1 light-duty vehicle. Medium fuel consumption at full load 𝐺𝑓
𝑟, and 

no-load 𝐺𝑒
𝑟. Light vehicles are fueled at full load 𝑆𝑓

𝑙  and no-load 𝑆𝑒
𝑙 . The prerequisite for the entire 

experiment is that A distribution center O, and multiple delivery points 𝑉𝑖 (i∈(1,2,3…m)). Perform 

delivery tasks, the load capacity of the vehicle k is 𝑄𝑘, where each vehicle of the distribution center 

departs from the distribution center and returns to the distribution center after performing the delivery 

task (one or more delivery points). All distribution nodes must be delivered once. The distance between 

vehicle k and the distribution center of i and j is 𝐷𝑖𝑗
𝑘 , the average gradient between the two distribution 

points is 𝑆𝑖𝑗
𝑘 , and the gradient from the distribution center to the distribution point is 𝑆𝑖

𝑘, the fuel 

consumption coefficient a under different gradient. In general, the fuel consumption correction 

coefficient (c) of the vehicle is less than one and more than 0.5. 

According to the literature, the fuel consumption and the load weight of the vehicle are linearly 

related. This paper proposes a method to balance the fuel consumption by the load to calculate the 

actual fuel consumption and describe the method in a streamlined way, as shown in Figure 1. 

 

Figure 1. The ratio of vehicle load can be used to determine the fuel consumption rate. 
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In this paper, the fuel consumption rate is estimated using the load condition of the vehicle, and 

there is a linear relationship between the actual consumption rate of fuel consumption and the load of 

the vehicle. In actual situations, the calculation of fuel consumption is quite complicated (road, 

quality, Engine power and so on). In order to be closer to reality, after the load calculation, the 

constant multiplication should be performed. 

In the formula, F(q) represents the actual fuel consumption rate (L/100km), q represents the 

actual load during driving, Q represents the full load, and c is constant value (random between 0.5 

and 1) and used to reduce the actual weight of the cargo, the experiment also proved that this value is 

more in line with the actual situation. The consumption value is a constant value of the specification, 

generally defined between the values 0 and 1, according to the experiment, value of c should 

between 0.76 and 0.91. 𝐺𝑒
𝑘 represents the empty fuel consumption of the vehicle in the distribution 

center, and 𝐺𝑓
𝑘 represents the full fuel consumption of the vehicle. 

According to Formula 1, when the vehicle is fully loaded, the fuel consumption is 𝐺𝑓
𝑘*c. When 

the vehicle is unloaded, the fuel consumption is 𝐺𝑒
𝑘*c. In the case of load but not full load, the fuel 

consumption cost between the delivery point i and the delivery point j is   ( )*𝐷𝑖𝑗
𝑘 . 
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On the aspect of gradient of the road, the greater the gradient of the road, the higher the fuel 

consumption of the vehicle. According to the literature, there should be a difference between the fuel 

consumption corresponding to the gradient of each longitudinal gradient and the normal driving 

during the running of the vehicle. According to the actual test of the literature. The difference 

between the various longitudinal gradient and the fuel consumption is: 

  𝑖𝑓𝑓        (2) 

In this formula, i is the gradient, a and b are the coefficients and constants of the linear 

expression. According to the analysis of various literatures, the value of a should be between 6–10, 

which is in line with the conventional fuel consumption difference. The fuel consumption difference 

should be compared between 200 and 250, so the total fuel consumption value according to the 

gradient should be: 
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Where F(q) is the actual consumption rate of fuel consumption, and   𝑖𝑓𝑓 is the difference 

between the fuel consumption of the longitudinal gradient and normal driving. 
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3.2. Algorithm design 

The earliest idea of Simulated Annealing Algorithms (SA) [17] was proposed by Metropolis et al. 

in 1953. After 30 years, Kirkpatrick et al. introduced annealing ideas into the field of combinatorial 

optimization [18]. The principle is based on solid matter. The similarity between the annealing 

process and the combination optimization. SA is a probability-based algorithm that warms the solid 

to a sufficiently high temperature and then slowly cools it. When the solid temperature rises, the 

internal particles of the solid become disordered due to the increase in temperature and when the 

temperature decreases, the activity of the particles decreases. According to principle, each 

temperature reaches an equilibrium state, and then reaches the ground state at the normal temperature. 

For the analysis of the process of this experiment, the main idea is to continuously obtain the 

equilibrium state of the particles through continuous iterative (cooling) process, than the current 

solution, and then randomize it by Metropolis [19] criterion. To find the best solution, there is a 
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probability to receive a poor solution, and the local optimum is adjusted to the global optimality [20]. 

Although VRP is different from the simple TSP problem [21], the problems considered are the 

affected road, vehicle performance, vehicle fuel consumption [22], road condition (flatness), route 

congestion [23], vehicle load Capacity, vehicle scheduling [24] and more. However, as a global 

optimization algorithm, in many cases, the problem of converting multiple targets into single targets 

has been recognized by many scholars. 

The implementation process of the algorithm is as follows: 

(1) The initialization function, by generating the initial solution, the initialization process can 

objectively analyze the influence of the initialization node on the fuel consumption cost of the 

vehicle through the function realization. The quality of the initial solution can affect the number of 

iterations of the vehicle in the optimization process, in order to obtain an objective and realistic result. 

Initialization is achieved by a random function. 

(2) The main program of the simulated annealing algorithm: The initial function value is 

generated by the randomly generated new solution, the Markov chain length is set internally in the 

temperature iterative reduction, the double-layered loop is used to globally traverse the generated 

solution, and the three-swap or double is selected by the random function. Exchange is a good idea to 

make the annealing algorithm more efficient, and to ensure global optimization.  

(3) The road gradient value is extracted, and the path cost calculation is extracted. The load 

weight coefficient and the road gradient coefficient are added for the calculation cost when the cost 

distance matrix is calculated. Therefor the cost calculation is more comprehensive, and then the cost 

matrix considering the two is obtained. 

(4) The Metropolis criterion judgement. According to the comparison of the function values of 

the current solution and the new solution, when the function value of the new solution is low, the 

new solution is accepted, and when the function value of the new solution is poor (large), the new 

solution is accepted with a certain probability, and the probability formula is obtained for: 

  {

                          

   ( 
  

 
)                 

 (8) 

In the formula, df = f (new) – f (old), the difference between the new solution and the old 

solution. The result of the solution obtained by this calculation is poor when the new solution is 

larger than the old solution. It indicates that the new solution has a smaller value, and the solution 

can be directly accepted and the next step is traversed when the solution is solved. 

In this paper, the initial route map is first obtained through the initial logistics node, then each 

route is weighted on the vehicle load, and the gradient of the road is also weighted; when passing a 

certain node, the vehicle is the load capacity is reduced, and the fuel consumption of the next section 

is reduced. At the same time, the gradient data is extracted, and the adjustment of the gradient will 

also affect the analysis of fuel consumption. The overall process is shown in Figure 2. 

4. Experiments and results 

4.1. simulated annealing algorithm 

In this paper, the data of 52 data nodes on the Tsplib data platform are used for analysis. 

According to the initial position information of 52 points, the initial distance matrix is obtained. The 

initial path of the distance matrix diagram (the initial path starts from 1) is shown in Figure 3. 
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Figure 2. Algorithm flow. 

The gradient matrix is to calculate the average gradient between the two distribution points. The 

average gradient is an important indicator to measure the road condition. It is also an important 

factor to measure the fuel consumption of the vehicle. The Table 1 below shows the first 23 points 

and the distribution points 1, 2 and 3. 

In the actual logistics and transportation process, the transportation task of a vehicle is fixed, so 

the transportation demand for one vehicle at each demand point is fixed; at the same time, the load 

capacity of the vehicle during transportation is changed. The static distribution requirements between 

total load capacity and distribution point requirements simulate the cost of the vehicle. 

The cost of a single vehicle in the above case is: 

  𝐷𝑖𝑗
𝑘  (     ) (9) 
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Figure 3. Schematic diagram of the distance between nodes. 

In the formula, the first term of the polynomial is the distance traveled by the vehicle k to 

between two points i and j, and the value of i is taken from the gradient value in the above table, that 

is, if i is 1, j is 2, then the value of i is 0.56. The above formula is the fuel consumption of the vehicle 

gradient cost between two points. Also considering the load of the vehicle, the transportation cost of 

a single vehicle between two points i and j can also be solved as follows: 

  𝐷𝑖𝑗
𝑘  (𝐺𝑒

𝑘  (𝐺𝑓
𝑘  𝐺𝑒

𝑘)  (
 𝑖𝑗

𝑄
))    (10) 

Calculating the ratio of the load difference between i and j to the full load, calculating the 

real-time fuel consumption difference by calculating the fuel consumption difference between i and j 

of vehicle k, and then accurately Calculate the fuel consumption of the vehicle. 

In the following, the two-point replacement method [25] (also called 2-swap exchange) adopted 

by the traditional SA is changed to the two-point replacement method or the three-point replacement 

method according to the random function by the neighborhood operation method [26]. The solution 

space search ability of the permutation method is not strong, and most of them are searched in the 

sequential neighborhood, the search range is small. It means that through the random two points in 

the solution space, three child node lists are generated, and the solution is searched in the child node 

list. However, as the scale of the problem increases, the time to search for solutions usually increases 

exponentially. This paper uses a three-point exchange method or a two-point exchange method. 

Based on the probability theory method, a specific exchange method is used to determine the 

neighborhood operation, which greatly improves the randomness of the new solution space, and 

increases the possibility for the algorithm to jump out of the local optimum; such a problem is also 

considered by many scholars; the literature [27] in order to overcome the classical particle swarm 

The shortcomings of optimization (PSO), by introducing adaptive mutation operator and selection 

operator into particle swarm optimization algorithm, improve the fitness of particle swarm 

optimization, improve the local search ability of the algorithm, and finally pass the change of the 
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fitness of the global optimal particles adaptively adjusts the selection operator and the mutation 

operator; the literature [28] introduces a genetic algorithm based on diversity, which increases the 

diversity by injecting new orthogonal individuals in the search process. Optimality of the obtained 

individual. 

Table 1. Gradient matrix. 

Point 1 2 3 

1 0 0.54 0.48 

2 0.56 0 0.55 

3 0.17 0.04 0 

4 0.17 0.28 0.20 

5 0.32 0.16 0.34 

6 0.07 0.29 0.38 

7 0.02 0.19 0.46 

8 0.26 0.02 0.21 

9 0.21 0.49 0.54 

10 0.54 0.11 0.53 

11 0.25 0.52 0.10 

12 0.36 0.17 0.05 

13 0.56 0.28 0.02 

14 0.58 0.44 0.09 

15 0.16 0.06 0.30 

16 0.36 0.32 0.16 

17 0.13 0.11 0.07 

18 0.47 0.35 0.43 

19 0.33 0.51 0.55 

20 0.10 0.42 0.08 

21 0.45 0.39 0.59 

22 0.33 0.58 0.31 

23 0.40 0.33 0.34 

24 0.25 0.36 0.59 

25 0.20 0.17 0.29 

In this paper, after completion distribution path of a certain vehicle, the total cost matrix is 

obtained. For the nodes in the figure, the cost matrix (i and j) two-point exchange method or 

three-point exchange method is performed by a random function. Random solution, by the cost of the 

solution to optimize, rather than the vehicle's transport distance; for example, in the transport cost 

matrix, the total transport cost of vehicle i is 575.4, and the transport distance has passed 12 nodes. 

Although the previous transportation optimization plan only passed 10 nodes, the transportation cost 

increased to 603.7. 

Through the above method, the distance cost of the initial distance matrix is about 10240, and 

the order of node transportation is as follows (Figure 4). 
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Figure 4. Node sequence diagram and optimal cost reduction curve. 

After increasing the load factor and fuel consumption of the vehicle, every time the vehicle 

starts, the fuel consumption cost must be considered. The vehicle will re-measure the cost of 

short-distance and high-gradient sections, which will reduce the driving height during the driving 

process. The probability of the gradient route increases the stability of the driving and reduces the 

probability of traffic accidents. Compared with the vehicle routing problem considering the fuel 

consumption factor, only the transportation distance of the vehicle is considered during the operation 

of the vehicle, and it has a large cost value in terms of cost measurement. From the aspect of vehicle 

safety, various logistics companies have been consider the safety of the vehicle and the logistics 

vehicle is driving on a higher slope. However, due to the limited carrying capacity of the engine, the 

vehicle itself is subject to greater damage when transporting heavy cargo. If a large amount of goods 

or casualties are caused by the quality of the vehicle itself, this will not only lead to the destruction of 

the logistics chain, but also the reputation of the logistics company. The cost of consumption will be 

huge [29]. 

The figure below shows the comparison of the fuel consumption map and the vehicle's delivery 

point sequence after optimization (Figure 6). 

Through the comparison of the two pictures, it shows that the vehicle's driving path is optimized, 

Figure 4 is the vehicle transportation cost and distribution path curve optimized for the shortest path, 

and Figure 5 is the vehicle transportation with the minimum fuel consumption of the vehicle. Cost 

and distribution roadmap, as shown in the above figure, while taking into account the demand of the 

distribution point, the fuel consumption goal of increasing the gradient shows a superior cost in terms 

of cost, and the fuel consumption cost is reduced by about 10–15%. 
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Figure 5. Optimized node sequence diagram and optimal cost reduction curve. 

4.2. Genetic algorithm 

This article lists a 30-city example in TSPLIB, and tests the performance through the traditional 

genetic algorithm, and obtains the following results. When the algorithm is iterated to the 454th 

generation (maximum time is 500), the effect is not very obvious, and the result is not obtained. 

 

Figure 6. Optimized roadmap (GA). 
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Figure 7. Distance optimization curve (GA). 

From Figures 6 and 7, it can be concluded that the results are not ideal under the premise of 

using traditional genetic algorithms, which further proves that the method used in this paper is more 

worthy of recognition. 

5. Conclusions and future works 

This paper mainly introduces a model of simulated annealing algorithm successfully applied to 

vehicle path optimization based on cost considerations. The Studies have shown that simulated 

annealing algorithms are a very successful and very effective tool for this application. This paper 

proves that more road factors should be considered in the vehicle routing optimization problem, and 

should not only consider the path optimization scheme under the influence of traditional factors. 

From the article's Figures 4 and 5, it can be seen that the transportation cost has been 

reduced by 10–15%. The experiment also proves the potential utility of the method. From 

Figures 5 and 7, it can also be concluded that the method in this paper is a better choice. 

It can be seen from the results obtained in this paper that the gradient and load of the road will 

provide decision support for measuring logistics cost in the future, and better meet the needs of the 

logistics system. 

At the same time, because the logistics system is affected by many factors, the current method 

can meet a certain degree of demand under the current situation. However, as far as the logistics 

system is concerned, there are still many influencing factors that are worth studying. In the actual 

logistics system, it is necessary to further extract more influencing factors (such as real-time road 

conditions, cargo classification, air pollution) to obtain the optimal optimization model. 
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