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Storage reliability is an important index of ammunition product quality. It is the core guarantee for the safe use of ammunition
and the completion of tasks. In this paper, we develop a prediction model of ammunition storage reliability in the natural
storage state where the main affecting factors of ammunition reliability include temperature, humidity, and storage period. A new
improved algorithm based on three-stage ant colony optimization (IACO) and BP neural network algorithm is proposed to predict
ammunition failure numbers.The reliability of ammunition storage is obtained indirectly by failure numbers.The improved three-
stage pheromone updating strategies solve two problems of ant colony algorithm: local minimum and slow convergence. Aiming at
the incompleteness of field data, “zero failure” data pretreatment, “inverted hanging” data pretreatment, normalization of data, and
small sample data augmentation are carried out. A homogenization sampling method is proposed to extract training and testing
samples. Experimental results show that IACO-BP algorithm has better accuracy and stability in ammunition storage reliability
prediction than BP network, PSO-BP, and ACO-BP algorithm.

1. Introduction

Reliability is the primary quality index of military products.
On the battlefield, the unreliable ammunition products will
lead to the failure of military tasks or endanger the lives of
our soldiers. In the weapon system, the reliability is the core
of the design, development, and maintenance of ammunition
products. Sincemost of the life cycle of ammunition products
is the storage period, the storage reliability of ammunition
directly affects the field reliability of ammunition. Quantita-
tive prediction of ammunition products storage reliability is
the key link of ammunition reliability engineering.

In recent years, scholars have carried out extensive
research on reliability in their respective fields. Many models
andmethods are devised to predict and evaluate the reliability
of different products and systems (see [1–6]). On the reliabil-
ity of ammunition storage, the traditional methods are based
on natural storage condition data and accelerated testing
data, respectively. The reliability of ammunition storage is
predicted by mathematical statistical methods. Based on nat-
ural storage condition data, a Poisson reliabilitymathematical

model is established in [7] to predict ammunition storage
life. Binary Logic Regression (BLR) model is obtained in
[8] to evaluate recent system failures in non-operational
storage. Under the assumption of exponential distribution, a
storage reliability prediction model based on time-truncated
data is established in [9]. In [10], Gamma distribution is
used to fit the temperature distribution in the missile during
storage, and proportional risk model is created to predict
the effect of temperature on product reliability. In order to
forecast the residual storage life, second-order continuous-
time homogeneous Markov model and stochastic filtering
model are utilized in [11] and [12], respectively. In [13], an E-
Bayes statistical model is proposed to predict storage life by
using the initial failure number.

Based on the accelerated test data, the storage life of
fuze is evaluated in [14] by applying step stress accelerated
test. The ammunition storage reliability is predicted in [15]
based on ammunition failure mechanism and accelerated life
model. In [16], the storage reliability function expression of
ammunition is established based on the state monitoring
data of accelerated test.TheArrhenius acceleration algorithm
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is used in [17] to design a new model to estimate the
acceleration factor. In [18], a prediction method combining
accelerated degradation test with accelerated life test is
proposed. Monte Carlo method is used to generate pseudo-
failure life data under various stress levels to evaluate reli-
ability and predict life of products. Since the traditional
statistical methods usually need the original life distribution
information in solving the reliability prediction problems,
they are conservative in solving the uncertain life distri-
bution, highly nonlinear problems, and small sample data
problems.

Many scholars recently consider intelligent algorithms
in reliability prediction. Specifically, a comprehensive pre-
diction model which combines SVM with Ayers methods
is given to predict the reliability of small samples in [19].
The wavelet neural network is established in [20] to predict
the data block of hard disk storage system. Two kinds of
missile storage reliability prediction models are designed and
compared in [21]. Two models are BP network and RBF
network. Artificial neural network equipment degradation
model is proposed in [22, 23] to predict the remaining
life of equipment. A particle swarm optimization model is
employed in [24–26] to solve the reliability optimization
problem with uncertainties. The intelligent algorithms based
on the original data keep the information of data to the
greatest extent. It is noted that the intelligent prediction
algorithms do not depend on the prior distribution of
ammunition life. The exploration process of prior distribu-
tion of raw data is eliminated. The intelligent algorithms
provide a new way to predict the reliability of ammu-
nition storage. However, there are still many problems
need to be solved when applying intelligent algorithms
to reliability prediction, such as the local minimum, slow
convergence speed, and high sensitivity of SVM to data
missing.

In this paper, a prediction model of ammunition fail-
ure number is proposed. A new three-stage ACO and BP
neural network is created in the model. This prediction
model excavates the mathematical relationship between the
storage temperature, humidity, and period of ammunition
under natural conditions and the number of ammuni-
tion failure. The reliability of ammunition can be obtained
indirectly by the failure number. In the aspect of sam-
ple selection, “zero failure” data pretreatment, “inverted
hanging” data pretreatment, normalization of small sam-
ple data augmentation, and homogenization sampling are
adopted to achieve sample integrity. Experimental results
show that our IACO-BP out-performs BP, ACO-BP, and
PSO-BP.

The rest of this paper is organized as follows. Section 2
introduces the basic theory of ammunition storage reliability.
Section 3 presents IACO-BP algorithm and describes the
implementation details. Section 4 demonstrates data pre-
treatment methods and training sample and testing sam-
ple extraction strategy. Section 5 shows the experimen-
tal results and compares algorithm performance with BP,
PSO-BP, and ACO-BP. The conclusions are denoted in
Section 6.

2. Basic Theory of Ammunition
Storage Reliability

The storage reliability of ammunition is the ability of ammu-
nition to fulfill the specified functions within the specified
storage time and under the storage conditions. The storage
reliability of ammunition 𝑅(𝑡) is the probability of keeping
the specified function. Here, 𝑅(𝑡) = 𝑃(𝜂 > 𝑡), where 𝜂 is the
storage time before ammunition failure and t is the required
storage time.

According to the definition of reliability, we can obtain
the following:

𝑅 (𝑡) = 𝑁𝑡=0 − 𝑓 (𝑡)
𝑁𝑡=0 (1)

where𝑁𝑡=0 is the initial ammunition number and f (t) is the
cumulative failure number of ammunitions from the initial
time to the time t.

The storage of modern ammunitions is a complex system
which composes of chemical, mechanical, and photoelectric
materials. Ammunitions are easy to be affected by different
environmental factors. For example, nonmetallic mold leads
to the insulation ability of insulation materials decline, the
charge is moisture to reduce the explosive force of ammuni-
tion, and plastic hardening results in self-ignition of ammu-
nition. Researches show that temperature and humidity are
the main two factors that affect ammunition reliability, and
storage period is an important parameter of ammunition
reliability.

3. IACO and BP Neural Network

3.1. Traditional Ant Colony Optimization Algorithm (ACO).
Ant Colony Optimization (ACO) proposed by Dorigo is
a global strategy intelligent optimization algorithm, which
simulates the foraging behaviors of ants in [27]. Ants that
set out to find food always leave the secretion which is
called pheromone on the path. The following ants adaptively
decide the shortest path to the food position by the residual
pheromone concentration. The overall cooperative behaviors
of ant colony foraging constitute a positive feedback phe-
nomenon. Ant colony algorithm simulates the optimization
mechanism of information exchange and cooperation among
individuals in this process. It searches the global optimal solu-
tion through information transmission and accumulation in
the solution space.

The main steps of ant colony algorithm are described as
follows.

Step 1 (setting the initial parameters value). The number of
ants is set to Q. 𝜂𝑖 (1 ≤ 𝑖 ≤ 𝑛) is n parameters to be
optimized. Each parameter has M values in the range of
values. These values form set 𝐴𝜂𝑖 . At the initial time, each
element carries the same concentration pheromone that is
recorded as 𝜉𝑗(𝐴𝜂𝑖)(0) = 𝑎 (1 ≤ 𝑗 ≤ 𝑀). The maximum
number of iterations is𝑁max.
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Step 2 (choosing paths according to strategy). Start the ants.
Each ant starts from set 𝐴𝜂𝑖 and chooses the foraging path
according to (2) route selection strategy.

𝑃 (𝜉𝑘𝑗 (𝐴𝜂𝑖)) =
𝜉𝑗 (𝐴𝜂𝑖)

∑𝑀𝑗=1 𝜉𝑗 (𝐴𝜂𝑖)
(2)

Equation (2) describes the probability that ant k selects j value
of parameter i. Ants determine the next foraging position
according to the probability maximum selection rule.

Step 3 (updating pheromone). According to selection strat-
egy in Step 2, each ant selects a location element in each set
𝐴𝜂𝑖 . 𝜏 is the time of this process. When ants finish a cycle
of parameter selection, pheromones are updated. Updating
strategies are adopted as follows:

𝜉𝑗 (𝐴𝜂𝑖) (𝑡 + 𝜏) = (1 − 𝜌) 𝜉𝑗 (𝐴𝜂𝑖) (𝑡) + △𝜉𝑗 (𝐴𝜂𝑖) (3)

where 𝜌 (0 ≤ 𝜌 ≤ 1) is pheromone volatilization coefficient;
1 − 𝜌 is pheromone residual degrees.

△𝜉𝑗 (𝐴𝜂𝑖) =
𝑄

∑
𝑘=1

△𝜉𝑗𝑘 (𝐴𝜂𝑖) (4)

where 𝜉𝑗𝑘(𝐴𝜂𝑖) is the increment of the pheromone of ant k
during the time interval 𝜏.
△𝜉𝑗𝑘 (𝐴𝜂𝑖)

= {{{

𝐶
𝐿𝑘 ant 𝑘 selects the 𝑗 element of the set 𝐴𝜂𝑖
0 otherwise

(5)

where C is a constant, and it represents the sum of the
pheromones released by the ants after the completion of
a cycle. 𝐿𝑘 indicates the total path length of ant k in this
foraging cycle.

Step 4 (repeating step 2 to step 3). When all the ants select the
same path or reach the maximum number of iterations𝑁max,
the algorithm ends.

3.2. Improved Ant ColonyOptimizationAlgorithm (IACO). In
traditional ACO algorithm, the initial pheromone concentra-
tion of each location is the same value. These ants randomly
choose the initial path to forage with equal probability strat-
egy. Since the descendant ants choose the paths according
to the cumulative pheromone concentration of the previous
generation ant colony, it may appear that the number of
ants on the non-global optimal paths is much more than
that on the optimal path at the initial selection. This initial
random selection strategy can increase the possibility of non-
optimal paths selection.The algorithm is easy to fall into local
optimum.

Here, we are focusing on revising the pheromone update
strategy of traditional ant colony algorithm. In this paper, the
traditional route selection process of ant colony is divided

into three stages: pheromone pure increase stage, pheromone
volatilization and accumulation stage, and pheromone dou-
bling stage. The path selection strategies of three stages are
shown as (6), (3), and (7).

The strategy of pheromone pure increase stage is formed
as follows:

𝜉𝑗 (𝐴𝜂𝑖) (𝑡 + 𝜏) = 𝜉𝑗 (𝐴𝜂𝑖) (𝑡) + △𝜉𝑗 (𝐴𝜂𝑖) (6)

where the formula for calculating △𝜉𝑗(𝐴𝜂𝑗) is like (4).
The strategy of pheromone volatilization and accumula-

tion stage is the same as the traditional ant colony routing
strategy. The strategy is described in (3).

The strategy of pheromone doubling stage is expressed as
follows:

𝜉𝑗 (𝐴𝜂𝑖) (𝑡 + 𝜏) = (1 − 𝜌) 𝜉𝑗 (𝐴𝜂𝑖) (𝑡) + 𝛾△𝜉𝑗 (𝐴𝜂𝑖) (7)

where parameter 𝛾 is the doubling factor of process
pheromone.

The procedure of IACO algorithm is as shown in Figure 1.
Thepheromones are only accumulated andnot volatilized

in the previous N1 iterations of algorithm. This stage is
defined as the stage of pure pheromone addition. The total
amount of pheromone increases △𝜉𝑗(𝐴𝜂𝑗 ) during the time
𝜏. Furthermore, this value is inversely proportional to the
length of ants walking through the path. This means that
the concentration of pheromones of shorter paths increases
more during this process. The difference of cumulative
pheromone concentration between the non-optimal paths
and the optimal path is reduced. This strategy improves the
possibility of optimal paths selection. Since the pheromone
volatilization factor is eliminated in the pure increase stage
of pheromone, the convergence speed of the algorithm slows
down. In the following two stages, we adopt two strategies to
accelerate the convergence of this algorithm. In the middle of
the iterations, the traditional pheromone updating strategy
is adopted. The strategy combines pheromone volatilization
and accumulation. While speeding up the volatilization of
pheromones, the possibility of non-optimal paths can be
taken into account. In the last stage of the iteration, the
process pheromone doubling factor is introduced when
the number of iterations reaches N2. The growth rate of
pheromone is further improved, and the search speed of the
optimal solution is also accelerated. This stage is called the
pheromone doubling stage.

3.3. BP Neural Network. BP neural network [28] is a multi-
layer feedforward artificial neural network. This network
simulates the cognitive process of human brain neurons to
knowledge. BP algorithm updates the weights and thresholds
of the network continuously by forward and backward
information transmission and error back propagation. The
network is trained several times by both positive and negative
processes until the minimum error is satisfied. BP network
has strong self-learning and fault tolerance properties. Fig-
ure 2 shows the topology structure of three layers BPnetwork.
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Figure 1: Flowchart of IACO algorithm.

Input layer (m) Output layer(g)Hidden layer(h)

Rout1

Rout1

Rout

x1

x2

xm

Figure 2: The topology structure of BP neural network.

BP network fitness function can be described as follows:

𝐸 (𝜂𝑖𝑗, 𝜂𝑞𝑘, 𝛼𝑗, 𝛽𝑘) = 1
2
𝑃

∑
𝑝=1

𝑔

∑
𝑘=1

(𝑅𝑝
𝑘
− 𝑅𝑝𝑜𝑢𝑡𝑘)

𝜂𝑖𝑗 ∈ 𝑅𝑚×ℎ, 𝜂𝑞𝑘 ∈ 𝑅ℎ×𝑙, 𝛼𝑗 ∈ 𝑅ℎ×1, 𝛽𝑘 ∈ 𝑅𝑔×1
(8)

where m is the number of nodes in the input layer, h is the
number of hidden layer nodes, and 𝑔 is the number of nodes
in the output layer. P is the total number of training samples.
𝜂𝑖𝑗 and 𝜂𝑞𝑘 are the network weight from node i in the input
layer to node j in the hidden layer and the network weight
from node q in the hidden layer to node k in the output
layer, respectively. 𝛼𝑗 and 𝛽𝑘 are the threshold of node j in the

hidden layer and the threshold of node k in the output layer,
respectively. 𝑅𝑝𝑜𝑢𝑡𝑘 is the network output of training sample 𝑝.
𝑅𝑝
𝑘
is the expected value of sample 𝑝. BP network adjusts

the error function 𝐸(𝜂𝑖𝑗, 𝜂𝑞𝑘, 𝛼𝑗, 𝛽𝑘) through bidirectional
training to meet the error requirements, determines the
network parameters, and obtains a stable network structure.

3.4. IACO-BP Algorithm. When BP neural network is used
to predict, the initial weights and thresholds of each layer
are given randomly. This method brings a great fluctuation
in forecasting the same data. IACO-BP algorithm maps the
optimal solution generated by IACO algorithm to the weights
and thresholds of BP neural network. This strategy solves
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Figure 3: The process of data pretreatment and extraction.

largely the randomness of initial weights and thresholds of
BP network. IACO-BP algorithm improves effectively the
accuracy and stability of BP network prediction. The specific
steps of the algorithm are demonstrated as follows.

Step 1 (normalizing the sample data).

𝑥𝑖 = 𝑥𝑖 − 𝑥min
0.5 (𝑥max − 𝑥min) − 1 (9)

where 𝑥max and 𝑥min are the maximum value and the
minimum value in the sample data, respectively. 𝑥𝑖 is the ith
input variable value. The range of 𝑥𝑖 is in the interval [−1, 1].
Step 2 (establishing three-layer network topology𝑚× ℎ × 𝑔).
Determine the value ofm, h, 𝑔.
Step 3 (initializing ant colony parameters). Set the parame-
ters:M, Q, 𝑎, C, 𝜌,𝑁1,𝑁2,𝑁max and dimension 𝑚 × ℎ + ℎ ×
𝑔 + ℎ + 𝑔 of BP neural network parameters.

Step 4 (starting ants). Each ant starts from a location element
in the set 𝐴𝜂1 to find the shortest path. The pheromone is
updated according to the improved ant colony three-stage
pheromone update strategy.

Step 5. Repeat Step 4, until all ants choose the same path or
reach the maximum number of iterations, and turn to Step 6.

Step 6. Map the global optimal value in Step 5 to the initial
weights and thresholds of BP neural network. Output the
predicted value of the network. Calculate the fitness function
𝐸(𝜂𝑖𝑗, 𝜂𝑞𝑘, 𝛼𝑗, 𝛽𝑘). Propagate the error back to the output layer
and adjust the weights and thresholds. Repeat the above
process, until the terminating condition of BP algorithm 𝜀𝐵𝑃
is satisfied or reaches BP maximum iteration𝑁max.

Step 7. Reverse the test data and restore the form of the test
data.

𝑦 = 0.5 (𝑦𝑖 + 1) (𝑦max − 𝑦min) + 𝑦min (10)

where 𝑦max and 𝑦min are the maximum value and the
minimum value of the network output data, respectively. 𝑦𝑖
is the ith output value.

The framework of IACO-BP algorithm is as shown in
Algorithm 1 .

4. Data Collection and Pretreatment

4.1. Data Set. In this paper, the statistical data of ammunition
failure numbers are selected as sample data at different
temperatures, humidity, and storage period under natural
storage conditions. The data are shown in Table 1. We employ
ammunition failure data to train ammunition failure predic-
tion model. Ammunition reliability is indirectly predicted by
ammunition failure numbers. Each sample capacity in data
set is 10.

In Table 1, the unit of temperature is the international
unit, Kelvin. It is represented by the symbol K. Relative
humidity RH% record is used to indicate the percentage
of saturated water vapor content in the air under the same
condition.

4.2. Data Pretreatment. The experimental samples collected
at the scene usually contain samples with “zero failure”
and “inverted hanging” samples. These samples affect the
accuracy of ammunition reliability prediction. It is necessary
to pre-treat the data before the simulation experiments. Bayes
estimation method is applied to treat “Zero failure” and
“inverted hanging” data. Method of artificially filling noise
signal is used to augment small sample size. Homogenization
sampling is introduced to extract training samples and test
samples. Figure 3 shows the process of data pretreatment and
extraction.

(1) “Zero Failure” Data Pretreatment. In the random sam-
pling of small sample ammunition life test, it may appear that
all the samples are valid. This means that the ammunition
failure number is zero. In reliability data prediction, since
zero failure data provides less effective information, it needs
to be pretreated. Aiming at the “zero failure” problem of
samples No. 1, No. 9, and No. 29 in the data set, the increment
function of reliability p is selected as the prior distribution
of p, that is, 𝜋(𝑝) ∝ 𝑝2. The posterior distribution of p
is calculated based on Bayes method. Zero failure data are
treated.

When zero failure occurs, the likelihood function of p is
𝐿(0/𝑝) = 𝑝2. By Bayes estimation method, the reliability 𝑝 is
obtained under the condition of square loss, as shown in (11).
The zero failure 𝑓𝑖 is transformed into 𝑓𝑖, as described in (12).

𝑝 = ∫1
0
𝑝ℎ( 𝑝𝑛𝑖) 𝑑𝑝 (11)

𝑓𝑖 = 𝑛𝑖 (1 − 𝑝) (12)

.
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Table 1: Raw data set.

Number Temperature Humidity Period Failure number
(K) (RH%) (Year)

1 293 40% 3 0
2 293 40% 5 1
3 293 40% 8 1
4 293 40% 12 2
5 293 45% 5 1
6 293 45% 8 1
7 293 45% 15 2
8 293 45% 20 2
9 298 35% 3 0
10 298 35% 6 1
11 298 35% 12 2
12 298 35% 25 3
13 298 40% 5 1
14 298 40% 10 2
15 298 40% 12 1
16 298 40% 20 3
17 303 40% 7 1
18 303 40% 10 1
19 303 40% 12 1
20 303 40% 20 2
21 303 45% 5 1
22 303 45% 10 1
23 303 45% 15 2
24 303 45% 25 3
25 308 50% 8 1
26 308 50% 12 2
27 308 50% 15 1
28 308 50% 20 3
29 308 55% 2 0
30 308 55% 5 1
31 308 55% 15 2
32 308 55% 20 2

After “zero failure” processing, the failure numbers of
samples No. 1, No. 9, and No. 29 in the data set are all
converted to 0.714286.

(2) “Inverted Hanging” Data Pretreatment. Theoretically,
under the same storage conditions, the number of
ammunition failures with longer storage time is relatively
large. During the same storage time, the number of
ammunition failures with poor storage conditions is
relatively large. The failure numbers of samples No.14
and No.15 and samples No.26 and No.27 are arranged
inversely with the storage time, that is, the “inverted
hanging” phenomenon. It needs to be “inverted hanging”
treated.

Two sets of inverted data in the sample can be used to
modify 𝑝𝑖 to 𝑡𝑖 time by selecting 𝑡𝑗 time failure data 𝑝𝑗 as the
reference data in the corresponding period (𝑡𝑗, 𝑡𝑖). Since both
inverted samples are not at the end of the experiment at 𝑡𝑖

time, the uniform distribution U(𝑝𝑗, 𝑝𝑖) is taken as a prior
distribution of 𝑝𝑖. 𝑝𝑖 is revised to 𝑝𝑖.

𝑝𝑖 =
∫𝑝𝑖+1
𝑝𝑗

𝑝𝑓𝑗+1+1 (1 − 𝑝)𝑠𝑗+1 𝑑𝑝
∫𝑝𝑖+1
𝑝𝑗

𝑝𝑓𝑗+1 (1 − 𝑝)𝑠𝑗+1 𝑑𝑝 (13)

where 𝑠𝑗 is the unfailing number in the sample.𝑝𝑖 is the failure
probability corrected after 𝑡𝑖 times. The corrected number of
failures is 𝑓𝑖 = 𝑛𝑖𝑝𝑖. After “inverted hanging” pretreatment,
the failure number of samples No.15 and No.27 in the data
set is converted to 2. The “inverted hanging” phenomenon is
eliminated. The data after zero failure and inverted hanging
pretreatment are shown in Table 2.

(3) Normalization of Data. Temperature, humidity, and stor-
age period in the data set are corresponding to different quan-
tity rigidity and quantity scale. It is necessary to normalize
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{ Initialize the ant colony parameters;
begin:

while(ants i<ants num)
{ants i chooses paths based on pheromone concentration;
ants i ++; }
{ //Select different strategies in stages

if(iterations num<N1)
{Update pheromones according to pheromone pure increase strategy }

if(N1<iterations num<N2)
{Update pheromones according to pheromone accumulation and

volatilization strategy }
if(iterations num>N2)
{Update pheromones according to pheromone doubling strategy }

}
if (current error>margin error)

{ ants i=1;
goto begin; }

else
{ Input ant colony result is the initial solution of neural network;
neural network training;
resulte = neural network training results; }

return resulte;}

Algorithm 1: IACO-BP (improved ant colony optimization Bp).

the data. The normalized data can eliminate the influence of
variable dimension and improve the accuracy of evaluation.
Normalization method is denoted as (9).

(4) Small Sample Data Augment. Since the particularity of
ammunition samples, the problem of small sample size is
usually encountered in the study of ammunition reliability
prediction. In this paper, we add noise signals into the
input signals after normalization. The method is applied to
simulate the sample data and increase the sample size. The
generalization ability of BP network is enhanced.

The number of samples is set to ns, and the sample k
is recorded as 𝑝𝑘 = (𝑥𝑘, 𝑅𝑘𝑜𝑢𝑡), 𝑘 = 1, 2, ⋅ ⋅ ⋅ , 𝑛𝑠. 𝑥𝑘 is the
input signal vector for the sample k, and 𝑅𝑘𝑜𝑢𝑡 is the output
signal of the sample k. The noise vector 𝛿𝑘 is added to the
input signal. The output signal remains unchanged. The new
sample becomes 𝑝𝑘 = (𝑥𝑘 + 𝛿𝑘, 𝑅𝑘𝑜𝑢𝑡). Set 𝛿𝑘 = 0.001.
Firstly, three components of input signal vector are added
with noise𝛿𝑘 , respectively.Then, twoof the three components
are grouped together, respectively. They are added with noise
𝛿𝑘. Finally, these three components are added with noise 𝛿𝑘,
respectively. 32 data sets are extended to 256 data sets. The
increase of sample size provides data support for BP neural
network to mine the potential nonlinear laws in ammunition
sample data. The smoothness of network training curve and
the stability of network structure are improved.

4.3. Homogenization Sampling. In practical application sce-
narios, data have aggregation phenomenon. Aggregation
phenomenon refers that a certain type of data set is dis-
tributed in a specific location of the data set. During analyzing
data, it may occur that the sample data cannot represent

the overall data. In this paper, a homogenization sampling
data extraction method is proposed. Training samples and
test samples are selected in the whole range. The bias of
sample characteristics caused by aggregation sampling is
removed. Ensure that the sample can maximize the overall
data characteristics.

The implementation of homogenization sampling is as
follows: Assuming that there are N sets of sample data, X
sets of data are constructed as training samples, and Y sets
are constructed as test data sets. Every N/Y-1 (if N/Y is a
decimal, take a whole downward) data is test data until it
is countlessly desirable. The remaining N-Y data are used
as training samples. The homogenization sampling rule is
shown in Figure 4.

It is known that the data pretreated in Section 4.2 are
homogenized. InN=256 group samples, Y=10 group samples
are taken as test samples. According to the homogenization
sampling rule, one sample is taken from every [N/Y]-1=24
groups as the test sample, and the rest groups are as the
training sample. Table 3 demonstrates four ammunition
storagemodel precisions.These precisions are obtained based
on homogenization sampling data and non-homogenization
sampling data, respectively.

Table 3 shows the model accuracy of ammunition storage
reliability prediction based on homogenization sampling
much higher than that based on non-homogenization sam-
pling. All algorithms in this paper are modeled and analyzed
on the basis of homogenization sampling.

5. The Simulation Experiments

In this section, we show the specific parameter settings and
the results of the simulation experiment. The mean square
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Table 2: Data after zero failure and inverted hanging treatment.

Number Temperature Humidity Period Failure number
(k) (RH) (Year)

1 293 40% 3 0.714286
2 293 40% 5 1
3 293 40% 8 1
4 293 40% 12 2
5 293 45% 5 1
6 293 45% 8 1
7 293 45% 15 2
8 293 45% 20 2
9 298 35% 3 0.714286
10 298 35% 6 1
11 298 35% 12 2
12 298 35% 25 3
13 298 40% 5 1
14 298 40% 10 2
15 298 40% 12 2
16 298 40% 20 3
17 303 40% 7 1
18 303 40% 10 1
19 303 40% 12 1
20 303 40% 20 2
21 303 45% 5 1
22 303 45% 10 1
23 303 45% 15 2
24 303 45% 25 3
25 308 50% 8 1
26 308 50% 12 2
27 308 50% 15 2
28 308 50% 20 3
29 308 55% 2 0.714286
30 308 55% 5 1
31 308 55% 15 2
32 308 55% 20 2

Table 3: Precision comparison.

Method IACO-BP ACO-BP PSO-BP BP
Non-homogenization sampling 0.8075 0.8201 0.3259 1.2656
Homogenization sampling 6.88e-04 4.29e-03 0.0377 0.0811

error (MSE) and mean absolute percentage error (MAPE) of
performance indicators are used to evaluate the prediction
effect of themodel.The IACO-BPmodel shows its implement
performance in comparison with BP, PSO-BP, and ACO-BP
models.

𝑀𝑆𝐸 = 1
𝑁
𝑁

∑
𝑘=1

𝑅𝑘 − �̂�𝑜𝑢𝑡𝑘  (14)

𝑀𝐴𝑃𝐸 = 1
𝑁
𝑁

∑
𝑘=1


𝑅𝑘 − �̂�𝑜𝑢𝑡𝑘

𝑅𝑘

× 100% (15)

where𝑅𝑘 and �̂�𝑜𝑢𝑡𝑘 are expected reliability and actual reliabil-
ity.N is the total number of data used for reliability prediction
and comparison.

5.1. Parameter Settings. In this paper, the storage temper-
ature, humidity, and storage period of ammunition under
natural storage are used as input variables of neural network
to predict the number of ammunition failure. The storage
reliability of ammunition is indirectly predicted by the
number of ammunition failure.Thenumber of input nodes in
BP network ism=3, and the number of network output nodes
is 𝑔=1. According to empirical formula ℎ = √𝑚 + 𝑔 + 𝑐, the
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Table 4: The results of trial and error.
Hidden layer numbers 2 3 4 5 6 7 8 9 10 11 12 13
The mean of MSE 0.226 0.165 0.198 0.269 0.357 0.266 0.413 0.205 0.288 0.026 0.378 0.566

Group [N/Y]- 1

Group [N/Y]-1

Group [N/Y]-1

Group [N/Y]-1

Group 2[N/Y]

Group (Y-1) [N/Y]

Group [N/Y]

Group Y[N/Y]

1

N

Train Test

Group (YY

Figure 4: Schematic diagram of homogenization sampling.

value range of hidden layer nodes is [2, 12]. c is the constant
in the interval [1, 10]. In order to avoid the contingency of
the result caused by the instability of the neural network, 10
experiments are conducted on the same number of hidden
layer nodes.The value ofMSE of the predicted and true values
is observed. The experimental results of trial and error are
shown in Table 4.

Table 4 indicates that the mean value of MSE is the
smallest when the number of hidden layer nodes is 11.
Therefore, the neural network topology in this paper is 3 ×
11 × 1.

The activation function of the hidden layer of BP network
is “tansig”, the activation function of the output layer is “pure-
lin”, and the training function of the network is “trainlm”.The
learning rate is set to 0.1. The expected error is 𝜀𝐵𝑃 = 0.001.
The weights and thresholds parameters dimension of BP
neural network are 56. Each parameter is randomly assigned
to 20 values in the internal [−1, 1]. The number of ants is
𝑄 = 80. Pheromone initial value is set to𝑎 = 1.The coefficient
of pheromone volatilization is 𝜌 = 0.1. The increment of
pheromone is 𝐶 = 1. The number of terminations of the
pheromone pure increase stage is set to 200, the number of
initial iterations of the pheromone doubling stage is set to 500,
and the number of iterations between 200 and 500 is the stage
of pheromone volatilization and accumulation. The doubling
factor of process pheromone is 𝛾 = 2. Maximum iteration of
ant colony is set to𝑁max = 800.

The algorithm is coded by MATLAB 2016a. The failure
numbers of ammunition storage are generated by BP neural
network algorithm, ACO-BP algorithm, PSO-BP algorithm,
and IACO-BP algorithm, respectively. Then the results are
compared and analyzed.

5.2. Results Analysis. In order to evaluate performance of
the four algorithms, 20 simulation tests are conducted on

each algorithm to obtain the value of the prediction error
evaluation index MSE and MAPE. The arithmetic mean
values of MSE and MAPE in 20 tests are used to characterize
the accuracy of four algorithms. The variance, standard
deviation, and range of MSE and MAPE are applied to
evaluate the stability of algorithms. The results are shown in
Tables 5 and 6.

Themean value of MSE of IACO-BP algorithm is 1.2e-03,
which is 92%, 95%, and 99% lower than that of ACO-BP, PSO-
BP, and BP algorithm, respectively. Themean value of MAPE
of IACO-BP algorithm is 2.1e+00, which is 66%, 79%, and
83% lower than that of ACO-BP, PSO-BP, and BP algorithm,
respectively. It can be seen that, in the four intelligent
algorithms, the IACO-BP algorithm has the highest accuracy.
For IACO-BP algorithm, the variance of MSE is 4.6e-07,
the mean standard deviation of MSE is 6.8e-04, and the
range of MSE is 2.2e-03. Each stability index of IACO-BP
is the minimum value of corresponding index in the four
algorithms. Hence, IACO-BP algorithm has better stability.
The MSE value of the BP algorithm fluctuates significantly
higher than the other three optimized BP algorithms, as
shown in Figure 5. IACO-BP algorithm is the best stability
among these three intelligent BP optimization algorithms, as
shown in Figure 6. Table 6 shows the statistical value of the
number of iterations obtained from 10 random trainings of
four networks. The maximum number of iterations in the
networks is 10000, and the network accuracy is 0.001. As
shown in Table 6, the 10 simulations of PSO-BP network fail
to satisfy the accuracy requirement of the network during
10000 iterations and terminate the algorithm in the way of
achieving the maximum number of iterations. The average
number of iterations in IACO-BP network is 339.8, which
is the smallest among these four algorithms. The MSE of
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Table 5: Simulation results.

Serial ID IACO-BP ACO-BP PSO-BP BP
MSE MAPE MSE MAPE MSE MAPE MSE MAPE

1 2.3e-03 3.0e+00 4.8e-04 1.6e+00 3.8e-02 1.3e+01 3.8e-02 9.8e+00
2 4.3e-04 1.4e+00 3.3e-03 3.7e+00 2.6e-02 1.2e+01 3.8e-02 1.0e+01
3 9.4e-04 2.1e+00 3.2e-03 4.1e+00 7.9e-03 5.4e+00 1.0e-02 6.1e+00
4 1.1e-03 2.2e+00 3.4e-03 4.3e+00 2.1e-02 8.8e+00 1.0e-02 6.9e+00
5 2.1e-03 2.7e+00 9.1e-03 6.2e+00 1.2e-02 9.0e+00 7.7e-03 5.1e+00
6 1.1e-03 2.3e+00 2.6e-02 8.3e+00 4.0e-02 1.3e+01 1.2e-02 7.8e+00
7 1.3e-03 2.0e+00 4.6e-02 1.3e+01 1.1e-02 7.0e+00 1.1e+00 4.1e+01
8 2.0e-03 2.7e+00 4.0e-02 1.1e+01 1.7e-02 7.8e+00 1.8e-03 2.6e+00
9 6.7e-04 2.0e+00 2.1e-03 2.6e+00 3.7e-02 1.1e+01 2.7e-03 3.8e+00
10 2.5e-03 2.4e+00 2.0e-03 2.6e+00 1.1e-02 8.7e+00 6.1e-02 1.4e+01
11 1.0e-03 1.8e+00 4.3e-02 1.2e+01 4.3e-02 1.3e+01 1.1e+00 4.1e+01
12 4.3e-04 1.6e+00 1.4e-03 2.5e+00 9.0e-03 7.1e+00 5.4e-03 4.6e+00
13 3.4e-04 9.7e-01 3.7e-03 3.6e+00 2.2e-02 9.0e+00 2.6e-02 1.1e+01
14 2.0e-03 2.7e+00 1.3e-03 2.1e+00 2.1e-02 8.5e+00 4.1e-02 1.1e+01
15 1.7e-03 3.0e+00 4.5e-04 1.4e+00 7.8e-02 1.9e+01 1.6e-03 2.4e+00
16 1.1e-03 2.1e+00 2.1e-03 2.7e+00 7.6e-02 1.7e+01 4.4e-03 4.3e+00
17 4.9e-04 1.6e+00 4.0e-03 4.4e+00 2.6e-02 9.2e+00 8.9e-03 6.1e+00
18 8.7e-04 1.8e+00 1.2e-02 6.4e+00 3.4e-03 3.7e+00 1.1e+00 4.1e+01
19 4.9e-04 1.5e+00 4.6e-02 1.2e+01 8.8e-03 6.4e+00 8.3e-03 4.4e+00
20 1.3e-03 2.2e+00 2.0e-02 8.4e+00 2.3e-02 9.4e+00 3.5e-02 1.2e+01
mean 1.2e-03 2.1e+00 1.5e-02 6.1e+00 2.7e-02 9.9e+00 1.7e-01 1.2e+01
Variance 4.6e-07 3.1e-01 2.9e-04 1.4e+01 4.3e-04 1.5e+01 1.5e-01 1.7e+02
Standard deviation 6.8e-04 5.6e-01 1.7e-02 3.7e+00 2.1e-02 3.8e+00 3.8e-01 1.3e+01
Range 2.2e-03 2.0e+00 4.6e-02 1.1e+01 7.5e-02 1.6e+01 1.1e+00 3.9e+01

Table 6: Comparison of iterations.

Number of iterations IACO-BP ACO-BP PSO-BP BP
Mean 339.8 438.7 10000 708.3
MSE 144.88 901.17 0 1110.08

Table 7: Comparison of reliability prediction.

Actual reliability 0.8 0.9 0.7 0.9 0.9 0.9286
IACO-BP 0.8012 0.8956 0.6984 0.9041 0.9059 0.9256
ACO-BP 0.7967 0.9112 0.7020 0.8949 0.9000 0.9293
PSO-BP 0.8128 0.8924 0.7018 0.8656 0.8926 0.9341
BP 0.8025 0.8985 0.7019 0.8470 0.9012 0.9286

iteration is 144.88, which is also the smallest value among
these three algorithms which satisfy the iterative precision
termination procedure.

Six failure data samples are randomly selected from
the field records, and the failure numbers are predicted
using by the four trained networks. The storage reliability of
ammunition is indirectly predicted by using (1). The results
are described in Table 7 and Figure 7.The indirect prediction
of ammunition storage reliability model based on IACO-BP

algorithm has the best fitting degree and the highest accuracy
among the four algorithms.

6. Conclusion

In this paper, a prediction model of the ammunition storage
reliability is considered under natural storage conditions.
IACO-BP neural network algorithm is proposed to solve this
problem. Reliability is indirectly predicted by the number
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of ammunition failures obtained by IACO-BP ammunition
failure number prediction model. In order to improve the
accuracy and stability of network prediction, the data pre-
treatment and algorithm are promoted. In data pretreatment
aspect, the standardization and rationality of the data sample
are derived by using the methods of “zero failure” pretreat-
ment, “inverted hanging” pretreatment, small sample data
augmentation, and homogenization sampling. In algorithm
aspect, we improve a pheromone updating strategy from the
traditional ant colony to a three-stage updating strategy of
pheromone pure increment, volatilization and accumulation,
and doubling. Compared with BP, PSO-BP, and ACO-BP
model, the experimental results prove that IACO-BP model
has great advantages in precision, stability, and iteration
times.

Data Availability

The raw data used to support the findings of study are
included within the article.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work was supported in part by Open Foundation
of Science and Technology on Electro-Optical Informa-
tion Security Control Laboratory (Grant no. 61421070104),
Natural Science Foundation of Liaoning Province (Grant
no. 20170540790), and Science and Technology Project of
Educational Department of Liaoning Province (Grant no.
LG201715).

References

[1] Z. Xiaonan, Y. Junfeng, D. Siliang, and H. Shudong, “A New
Method on Software Reliability Prediction,”Mathematical Prob-
lems in Engineering, vol. 2013, Article ID 385372, 8 pages, 2013.

[2] P. Gao, L. Xie, and W. Hu, “Reliability and random lifetime
models of planetary gear systems,” Shock and Vibration, vol.
2018, Article ID 9106404, 12 pages, 2018.

[3] S. Wang, “Reliability model of mechanical components with
dependent failure modes,”Mathematical Problems in Engineer-
ing, vol. 2013, Article ID 828407, 6 pages, 2013.

[4] X. Chen, Q. Chen, X. Bian, and J. Fan, “Reliability evaluation
of bridges based on nonprobabilistic response surface limit
method,” Mathematical Problems in Engineering, vol. 2017,
Article ID 1964165, 10 pages, 2017.

[5] G. Peter O’Hara, “Dynamic analysis of a 155 mm cannon
breech,” Shock and Vibration, vol. 8, no. 3-4, pp. 215–221, 2001.

[6] Z. Z. Muhammad, I. B. Shahid, I. Tauqeer, Z. E. Syed, and F.
P. Zhang, “Nonlinear material behavior analysis under high
compression pressure in dynamic conditions,” International
Journal of Aerospace Engineering, vol. 2017, Article ID 3616932,
15 pages, 2017.

[7] B. Zheng, H. G. Xu, and Z. B. Jiang, “An estimation method
of ammunition storage life based on poisson process,” Acta
Armamentarli, vol. 26, no. 4, pp. 528–530, 2005.

[8] L. J. Gullo, A. T. Mense, J. L. Thomas, and P. E. Shedlock,
“Models and methods for determining storage reliability,” in
Proceedings of the 2013 Annual Reliability and Maintainability
Symposium (RAMS), pp. 1–6, Orlando, Fla, USA, 2013.

[9] C. Su, Y.-J. Zhang, and B.-X. Cao, “Forecast model for real time
reliability of storage system based on periodic inspection and
maintenance data,” Eksploatacja I Niezawodnosc-Maintenance
and Reliability, vol. 14, no. 4, pp. 342–348, 2012.

[10] Z. Liu, X. Ma, and Y. Zhao, “Storage reliability assessment for
missile component with degradation failure mode in a temper-
ature varying environment,” Acta Aeronautica Et Astronautica
Sinica, vol. 33, no. 9, pp. 1671–1678, 2012.

[11] X. S. Si, C. H. Hu, X. Y. Kong, and D. H. Zhou, “ A residual
storage life prediction approach for systemswith operation state
switches,” IEEE Transactions on Industrial Electronics, vol. 61,
no. 11, pp. 6304–6315, 2014.

[12] Z. Wang, C. Hu, W. Wang, Z. Zhou, and X. Si, “A case study of
remaining storage life prediction using stochastic filtering with
the influence of condition monitoring,” Reliability Engineering
& System Safety, vol. 132, pp. 186–195, 2014.

[13] Y. Zhang, M. Zhao, S. Zhang, J. Wang, and Y. Zhang, “An
integrated approach to estimate storage reliability with initial
failures based on E-Bayesian estimates,” Reliability Engineering
& System Safety, vol. 159, pp. 24–36, 2017.

[14] B. Zheng and G.-P. Ge, “Estimation of fuze storage life based
on stepped stress accelerated life testing,”Transactions of Beijing
Institute of Technology, vol. 23, no. 5, pp. 545–547, 2003.

[15] W. B. Nelson, “A bibliography of accelerated test plans,” IEEE
Transactions on Reliability, vol. 54, no. 2, pp. 194–197, 2005.

[16] J. L. Cook, “Applications of service life prediction for US army
ammunition,” Safety and Reliability, vol. 30, no. 3, pp. 58–74,
2010.

[17] Z. G. Shen, J. C. Yuan, J. Y. Dong, and L. Zhu, “Research on
acceleration factor estimation method of accelerated life test of
missile-borne equipment,”Engineering &Electronics, vol. 37, no.
8, pp. 1948–1952, 2015.

[18] Z.-C. Zhao, B.-W. Song, and X.-Z. Zhao, “Product reliability
assessment by combining accelerated degradation test and
accelerated life test,” System Engineering Theory and Practice,
vol. 34, no. 7, pp. 1916–1920, 2014.

[19] X. Y. Zou and R. H. Yao, “Small sample statistical theory and IC
reliability assessment,” Control and Decision, vol. 23, no. 3, pp.
241–245, 2008.

[20] M. Zhang and W. Chen, “Hot spot data prediction model
based on wavelet neural network,” Mathematical Problems in
Engineering, vol. 2018, Article ID 3719564, 10 pages, 2018.

[21] H. J. Chen, K. N. Teng, B. Li, and J. Y. Gu, “Application of neural
network on missile storage reliability forecasting,” Journal of
Projectiles, Rockets, Missiles and Guidance, vol. 30, no. 6, pp. 78–
81, 2010.

[22] J. Liu, D. Ling, and S. Wang, “Ammunition storage reliability
forecasting based on radial basis function neural network,” in
Proceedings of the 2012 International Conference on Quality,
Reliability, Risk, Maintenance, and Safety Engineering, pp. 599–
602, Chengdu, China, 2012.

[23] Z. G. Tian, L. N. Wong, and N. M. Safaei, “A neural network
approach for remaining useful life prediction utilizing both
failure and suspension histories,”Mechanical Systems and Signal
Processing, vol. 24, no. 5, pp. 1542–1555, 2010.

[24] E.-Z. Zhang and Q.-W. Chen, “Multi-objective particle swarm
optimization for uncertain reliability optimization problems,”
Control and Decision, vol. 30, no. 9, pp. 1701–1705, 2015.



Complexity 13

[25] H. Gong, E. M. Zhang, and J. Yao, “BP neural network
optimized by PSO algorithm on ammunition storage reliability
prediction,” in Proceedings of the 2017 Chinese Automation
Congress (CAC), pp. 692–696, Jinan, China, 2017.

[26] X. Liu, L. Fan, L. Wang, and S. Meng, “Multiobjective reliable
cloud storage with its particle swarm optimization algorithm,”
Mathematical Problems in Engineering, vol. 2016, Article ID
9529526, 14 pages, 2016.

[27] LinYuan, Chang-AnYuan, andDe-ShuangHuang, “FAACOSE:
a fast adaptive ant colony optimization algorithm for detecting
SNP epistasis,” Complexity, vol. 2017, Article ID 5024867, 10
pages, 2017.

[28] F. P. Wang, “Research on application of big data in internet
financial credit investigation based on improved GA-BP neural
network,” Complexity, vol. 2018, Article ID 7616537, 16 pages,
2018.



Hindawi
www.hindawi.com Volume 2018

Mathematics
Journal of

Hindawi
www.hindawi.com Volume 2018

Mathematical Problems 
in Engineering

Applied Mathematics
Journal of

Hindawi
www.hindawi.com Volume 2018

Probability and Statistics
Hindawi
www.hindawi.com Volume 2018

Journal of

Hindawi
www.hindawi.com Volume 2018

Mathematical Physics
Advances in

Complex Analysis
Journal of

Hindawi
www.hindawi.com Volume 2018

Optimization
Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Engineering  
 Mathematics

International Journal of

Hindawi
www.hindawi.com Volume 2018

Operations Research
Advances in

Journal of

Hindawi
www.hindawi.com Volume 2018

Function Spaces
Abstract and 
Applied Analysis
Hindawi
www.hindawi.com Volume 2018

International 
Journal of 
Mathematics and 
Mathematical 
Sciences

Hindawi
www.hindawi.com Volume 2018

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Hindawi
www.hindawi.com Volume 2018Volume 2018

Numerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical AnalysisNumerical Analysis
Advances inAdvances in Discrete Dynamics in 

Nature and Society
Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

Di�erential Equations
International Journal of

Volume 2018

Hindawi
www.hindawi.com Volume 2018

Decision Sciences
Advances in

Hindawi
www.hindawi.com Volume 2018

Analysis
International Journal of

Hindawi
www.hindawi.com Volume 2018

Stochastic Analysis
International Journal of

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/jmath/
https://www.hindawi.com/journals/mpe/
https://www.hindawi.com/journals/jam/
https://www.hindawi.com/journals/jps/
https://www.hindawi.com/journals/amp/
https://www.hindawi.com/journals/jca/
https://www.hindawi.com/journals/jopti/
https://www.hindawi.com/journals/ijem/
https://www.hindawi.com/journals/aor/
https://www.hindawi.com/journals/jfs/
https://www.hindawi.com/journals/aaa/
https://www.hindawi.com/journals/ijmms/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/ana/
https://www.hindawi.com/journals/ddns/
https://www.hindawi.com/journals/ijde/
https://www.hindawi.com/journals/ads/
https://www.hindawi.com/journals/ijanal/
https://www.hindawi.com/journals/ijsa/
https://www.hindawi.com/
https://www.hindawi.com/

