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The toxic chemical gas leakage is a common safety accident in petrochemical enterprises. Once the leakage 
occurs in the process of storage and transportation, it will cause heavy losses and serious consequences. 
Therefore, it is of great significance to study the chemical gas leakage and diffusion in the plant. With the rapid 
development of internet technology, cloud computing is being more and more widely concerned and applied. 
Due to the dynamic and heterogeneous nature of service resources, developing appropriate resource 
allocation strategy according to the actual characteristics of cloud computing is the urgent problem to solve. In 
this paper, we propose a hybrid resource allocation algorithm based on ant colony algorithm and QoS 
algorithm. Firstly, we introduce the principle of ant colony algorithm and QoS algorithm. Secondly, an 
improved hybrid algorithm based on ant colony algorithm and QoS algorithm is proposed. Through the 
similarity analysis of the ant colony algorithm and the QoS algorithm, we can extract the service resources 
with high similarity. In the end, we make the simulation experiments on the three algorithms under the same 
conditions. The simulation results show that the proposed algorithm is superior to the traditional ant colony 
algorithm and the QoS algorithm in terms of performance and quality of service. We believe that it can be 
better applied to cloud computing environment resource scheduling under large scale tasks. 

1. Introduction 
The petrochemical industry plays an important role in the economic development of the country. The 
characteristics of petrochemical products are easy to corrosion and easy to spread, which can cause 
unexpected events during storage and transportation (Yu et al., 2015). Once the leakage occurs in the 
process of storage and transportation, it is difficult to prevent the diffusion, even cause serious consequences 
(Wang, 2016)). 
The simulation system of dangerous chemical gas leakage diffusion can reduce the risk of gas leakage in 
chemical industry. With the rapid development of information technology, the cloud computing is becoming a 
mainstream computing paradigm. Through the integration of idle computing resources, to a certain extent, 
cloud computing can meet the needs of enterprises or individuals on the performance of computing. Cloud 
computing is a new computational model for task allocation according to requirements, which changes the 
original model of data processing by large servers. As a new computing model, the dynamic resource 
allocation with high efficiency and low cost becomes a hot research topic. Xiong (2012) proposed a task 
scheduling model based on genetic algorithm, which introduces the service quality standard to improve the 
fitness function. However, the ability of searching global optimal solution is relatively low. Liu (2011) proposed 
an improved particle swarm optimization algorithm by introducing the idea of reverse flight for mutation 
particle. This algorithm is relatively high demand for the surrounding environment because it does not consider 
the influence of inertia weight and learning factor on load balancing. Dutta (2013) presented a new version of 
the genetic algorithm which takes time and cost into consideration. The experimental results show that the 
proposed algorithm can guarantee a shorter task completion time and a lower cost. YarKhan (2002) 
introduces the application of simulated annealing algorithm (SA) in resource scheduling and the experimental 
results show that the algorithm has higher allocation efficiency. Li (2003) proposed the artificial fish school 
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algorithm by simulating the behavior of fish. The algorithm has fast convergence speed and strong 
robustness, but it is not suitable for the scene with high precision. 
In this paper, we proposed a hybrid resource allocation algorithm based on ant colony algorithm and QoS 
algorithm. First of all, we make a brief introduction on the principle of ant colony algorithm and QoS algorithm. 
Secondly, an improved hybrid algorithm based on ant colony algorithm and QoS algorithm is proposed. By 
making the similarity analysis on ant colony algorithm and the QoS algorithm, we can extract the high 
similarity service resources. In the end, we make a simulation experiments on three algorithms under the 
same conditions. The simulation results show that the proposed algorithm is superior to the traditional ant 
colony algorithm and QoS algorithm in terms of performance and quality of service. 

2. Basic theory and method 
2.1 Ant colony algorithm 

Ant Colony Optimization (ACO) is an algorithm of finding the optimal path, which is proposed by Marco Dorigo 
in 1991. The principle of ACO is based on the behaviour of ant looking for shorter paths during foraging. ACO 
is a random search algorithm that the choice of path between different points depends on the choice of ant 
ahead. In other words, the more a path is selected in the past, the easier it is to be selected at present (Wang, 
2014)). 
Assuming that set P represents the collection of n points, and set L represents the collection of arbitrary lines 
between two points. 

3{ , , , }1 2 nS s s s s=                                                                                                                                             (1) 

{ | , }ij i jL l p p P= ⊂                                                                                                                                           (2) 

Ant colony algorithm is based on the assumption that the ants will not choose the same point after passing it. 
We set a tabu table tabux for each ant to prevent it from passing again. According to the behaviour of ants, the 
tabu table is set for each ant in the algorithm. When an ant passes through a certain point, the point is added 
to its tabu list to avoid selecting the point secondly. As the ants move, new elements are added to the tabu 
table at any time. At moment, we can get the transition probability of ant x from point i and point j. 
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Ux is the collection of points that ants have not visited before. α and β respectively represent the importance of 
pheromone and path intrinsic attributes. 

1( )ij
ij

t
l

λ =                                                                                                                                                           (4) 

In the above formula, lij represents the distance between point i and point j. 
When all the points are added to the tabu table tabux, the ant completes a traversal, and the best path 
information is updated accordingly. 
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where, ρ(0≤ρ<1) indicates the volatilization coefficient of pheromone, and (1-ρ) represents the residual 
coefficient of information. Δμx 

ij (t) represents the pheromone of ant x between point i and point j in at reversals. 
Δμij(t) represents the total amount of pheromone on the loop path, and Δμij(0)=0. 
For Ant-Cycle model: 
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For Ant-Quantity model: 
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For Ant-Density model: 

     
( )

0       
x
ij

R ant x pass (i, j) between t and t + t
t

otherwise
μ

Δ
Δ = 


                                                                                          (9)

 

In the above formula, R is a constant, which represents the total amount of pheromone released during the 
loop. Cx is the total length of the path traversed by ant x. 
The ant colony algorithm has good robustness that it can find a new path when the system is abnormal. In 
addition, because the ant colony algorithm adopts the distributed mechanism, it is easy to combine with other 
methods to adapt to different situations 

2.2 QoS algorithm 

When a cloud task is submitted to the cloud platform, the task analyser will firstly analysed the need and then 
upload it to the server. The server will match the resource information with the demand parameters, and find 
the appropriate resource for distribution (Jiang, 2012). 
Assume that the current collection of tasks is T and n represents the number of tasks. 

1 2 3{ , , , }nT T T T T=     (10) 

( , , , )T IP C N E=    (11) 

In the above formula, IP represents the primary key of the task, C means the type of the task, N represents a 
set of computations and the vector E is the expectation vector of QoS. 
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In the above formula, eiA is the expectation of the task Ti to the time, eiB is the expected value of the cost, eiC is 
the expected value of bandwidth and eiD is the reliability expectation value of the node. Thus, the task Ti can 
be represented as follows. 

( , , , )i i i ikT ip c w e=                                                                                                                                              (13) 

Where, the parameters satisfy the following conditions. 
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In this paper, the priority of task execution is determined by the matching satisfaction variance of the tasks in 
the system. The greater the variance of the matching satisfaction is, the larger the difference of the task in the 
system is. The specific sorting process is as follows. 
(1) Calculating the matching degree between task and resource by weighted Euclidean distance formula. 
According to the QoS demand vector of task and the performance parameters of the computing resources, we 
can get the matching degree to find the optimal matching combination. The formula of the matching degree 
between user requirements and resource nodes is as follows: 
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Where, σA, σB, σC and σD are the partial coefficients of QoS parameters. aj, bj, cj and dj are the ability of 
providing relevant QoS requirements. The larger Mij is, the lower the matching degree between the task and 
the resource node is, which will decrease the satisfaction of user. On the contrary, the smaller Mij is, the 
higher the customer satisfaction is. When the value of Mij is 0, the task can get the optimal solution in the 
resource node, and users can get the highest quality of service too. 
(2) Getting the match satisfaction. 
We use weighted Euclidean distance to calculate the matching degree of task and node. The satisfaction 
degree of task Ti on execution node j is as follows. 

1ij ijTM M= −                                                                                                                                                   (16) 

(3) Getting the satisfaction variance. 
2 2

i ijMvar TM A= −                                                                                                                                          (17) 

Where, A is the average satisfaction degree of the whole service systems. 
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(4) Getting the priority of resource scheduling. 
According to the value of the task and the QoS preference, the tasks are sorted according to the order from 
large to small. In the process of task priority setting, the influence of a single task on the whole tasks is an 
important index of task urgency. 

3. Improved hybrid allocation algorithm 
The hybrid allocation algorithm is based on ant colony algorithm and QoS algorithm, which makes up for the 
shortcomings of the two algorithms. In this paper, the optimal allocation strategy is obtained by calculating the 
similarity between ant colony algorithm and QoS algorithm. 
Assume that the current task set is represented by vector Ti(0<i≤m), and the set of computing resource is 
represented by vector Rj(0<j≤n), we can represent the matrix of demand coefficient for computing resources in 
ant colony algorithm by the matrix as follows. 
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On the same principle, we assume that the matrix of demand coefficient for computing resources in ant colony 
algorithm can be represented by the matrix Qosij as follows. 
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We use Pearson algorithm to make analysis on the result matrix of the two algorithms. 
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Where, Taq is the intersection of the two results.  

aqT Ant Qos=                                                                                                                                                 (22) 

4. Simulation experiment and result analysis 
Cloudsim is a cloud computing simulation tool launched by Melbourne University's Grid Laboratory in Australia 
and the Gird bus project, which can be used to perform task scheduling in cloud environments. In order to 
show the performance of the improved algorithm more intuitively, experiments are carried out by ant colony 
algorithm, QoS algorithm and hybrid algorithm under the same conditions. The simulation experiment is 
carried out from the following two dimensions. 
(1) The number of computing resource nodes is constant. 
The number of tasks in the simulation environment is gradually increased from 50 to 1000, while the 
computing resource is constant. 
(2) The number of tasks is constant. 
The number of computing resources nodes in the simulation environment is gradually increased from 20 to 
200 when the number of tasks is constant. 

 

Figure 1: The relationship between the number of tasks and time 

Figure 1 is the simulation comparison of three algorithms when the number of the resource nodes is 200. It 
can be seen in the figure that the computation time increases as the number of tasks increases. When the 
number of tasks reaches a certain value, the computing resources tend to be saturated and the subsequent 
tasks need to queue for resource allocation. As a whole, due to the better allocation method, the hybrid 
algorithm has better performance in time consuming. 

 

Figure 2: The relationship between the number of resource node and time 

Figure 2 is the simulation comparison when the number of tasks is set to 300. In the figure, we can get that the 
computing time is gradually reduced with the increase of computing resource nodes. When the resource node 
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reaches a certain value, since the three allocation algorithms do not need to wait in line, the change of 
computing time tends to be smooth. Compared with the other two algorithms, the hybrid algorithm has better 
performance in general. 
Due to the huge amount of calculation, the dynamic simulation system for chemical gas diffusion requires high 
performance servers as the foundation. Through the experimental analysis, we can get that the improved 
algorithm can effectively reduce the cost of hardware in chemical plant or industrial park. 

5. Conclusion 
According to the characteristics of petrochemical industry and the present situation of safety management, 
combined with the development trend of information technology, a simulation platform for chemical gas 
leakage diffusion based on cloud computing is proposed. As for the resource allocation algorithm for cloud 
computing, this paper proposes a hybrid algorithm based on ant colony algorithm and QoS algorithm. Through 
the similarity analysis of the above two algorithms, a better resource allocation strategy is obtained. Simulation 
results show that the improved algorithm has higher resource scheduling strategy. 
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