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Abstract 

With the rapid development of the Internet, in order to centrally manage network 
resources and understand the operating status of network application services, 
operation and maintenance monitoring systems have emerged. In the operation and 
maintenance monitoring system, KPI data types are mainly time series, and most of the 
current monitoring software lacks in-depth research on time series forecasting methods. 
Therefore, this paper proposes a time series decomposition prediction algorithm, and 
based on this algorithm, designs a type of B/S architecture data prediction system. This 
paper selects real open source data sets for simulation experiments to verify the 
effectiveness of the decomposition prediction algorithm and gives the effect of the 
algorithm in the actual system. 
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1. Introduction 

With the popularization of the Internet, especially the rise of the concept of "Internet +" in 
recent years, network equipment and application services have shown an explosive growth 
trend, and all walks of life are integrated with the Internet. This has brought many 
opportunities to the development of Internet technology, but also brought huge challenges to 
the availability, stability and user experience of Internet-related services. 

In recent years, many IT companies have experienced large-scale service failure accidents. In 
August 2013, Amazon's service was shut down for 40 minutes, and it was estimated that it 
caused more than $5 million in economic losses afterwards. Although it is said that it is not too 
late to make up for it, but from the many accidents mentioned above, if we can prevent trouble 
before it happens, more losses will surely be restored. Therefore, in the face of various network 
service failures that may occur at any time, the data prediction system has great research 
significance. 

In order to improve the accuracy of time series forecasting, this article takes the idea of 
decomposing the original series first, then predicting each component separately, and finally 
combining the forecast results. At present, common sequence decomposition methods include 
STL decomposition [1], empirical wavelet transform, empirical mode decomposition [2], and 
variational mode decomposition. Based on these decomposition methods, the time series is 
decomposed into seasonal components and trend components, or high-frequency components 
and low-frequency components. Combining actual business scenarios, the system uses STL 
decomposition method to decompose seasonal time series in multiple seasons, and then uses 
Holt-Winters model and third-order exponential smoothing model to predict seasonal 
components and trend components respectively. In order to verify the effectiveness of a 
decomposition prediction algorithm proposed in this paper, this paper compares it with the 
direct prediction algorithm. 
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2. System Model 

2.1. System Development Model 

The data prediction system is developed with a B/S architecture based on the MVC model, and 
the development environment is IntelliJ IDEA. The MVC model is a strict hierarchical definition, 
which divides the system into three layers, as shown in Figure 1. Data is transferred between 
layers through interfaces, and their functions are as follows. 

View. The View mainly realizes the function of database data display, and is also responsible 
for recording the data input by the user; 

Controller. The controller is mainly responsible for processing business logic functions such as 
the request data of the presentation layer; 

Model. The model is mainly responsible for connecting to the database and implementing 
operations such as adding, deleting, modifying, and checking data. 

View Controller Model Database

Provide users with an 

interactive operation 

interface

complete operations 

related to business 

requirements

Realize the operation 

of database access

 
Figure 1: MVC design pattern 

2.2. Data Model 

In O&M scenarios, the monitoring data type is usually time series. The time series {𝑋𝑡: 𝑡 ≥ 1} 
can be decomposed into an additive model directly or through transformation, as shown below. 

𝑋𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝐶𝑡 + 𝐼𝑡                                                                     (1) 

As shown in formula (1), 𝑇𝑡 is a trend item, reflecting the changing trend of the time series. 𝑆𝑡 
is a seasonal period item, which reflects the periodic change trend of the time series with a fixed 
period. 𝐶𝑡 is the cyclic period item, which reflects the unfixed fluctuation of the period of the 
time series. 𝐼𝑡  is a random item, which reflects the changing characteristics of random 
fluctuations in the time series. Generally speaking, KPI time series in operation and 
maintenance scenarios are trendy, seasonal, and random. Therefore, this paper simplifies the 
formula (1) and obtains the model shown in formula (2). 

𝑋𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝐼𝑡     𝑡 = 1,⋯ ,𝑁                                                             (2) 

Based on formula (2), this system uses STL decomposition method to decompose seasonal time 
series. The STL algorithm is based on LOESS regression, which decomposes the time series 𝑋𝑡 
into trend components, seasonal components and residual components [3, 4]. LOESS is Robust 
LOWESS, which is a more robust regression method proposed by Cleveland on the basis of 
LOWESS. This method can avoid the influence of abnormal points on regression. LOWESS is a 
common method for smoothing two-dimensional data, which not only maintains the ease of 
linear regression fitting, but also has the flexibility of nonlinear regression. When fitting 
processing is required, first select a subset near the point to be measured, and then obtain the 
estimated value of the point to be measured based on the weighted least squares regression. 
Finally, the estimated value of each point is obtained by iterative calculation to achieve curve 
fitting. LOESS determines the weight ν𝑖(𝑥𝑖)  corresponding to 𝑞  data points in the subset 
according to the distance from the point to be measured 𝑥0, as shown in formula (3). 

ν𝑖(𝑥𝑖) =  𝑊(
|𝑥𝑖−𝑥0|

𝜆𝑞(𝑥0)
)                                                                     (3) 

Where 
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𝑊(𝑢) = {(1 − 𝑢
3)3        0 ≤ 𝑢 ≤ 1

0                        𝑢 ≥ 1
                                            (4) 

𝜆𝑞(𝑥0) = 𝜆𝑛(𝑥0)
𝑞

𝑛
                                                                         (5) 

In formula (5), 𝑞 is the number of subset data points in the local regression operation; 𝑛 is the 
total number of samples; 𝜆𝑛(𝑥0) is the maximum distance from the point 𝑥0 among the 𝑞 points. 
Based on LOESS, the realization of STL decomposition algorithm is divided into inner loop 𝑁𝑖𝑛 
and outer loop 𝑁𝑜𝑢𝑡. The inner loop is mainly to isolate the seasonal components of the time 
series and to achieve trend fitting, and the outer loop is to avoid the influence of abnormal 
points on the regression by updating the weight ν𝑖(𝑥𝑖). Among them, the weight update method 
is shown in formula (6). 

ν𝑖(𝑥𝑖)𝑛𝑒𝑤 = 𝜌νν𝑖(𝑥𝑖)𝑜𝑙𝑑                                                                (6) 

Where 𝜌ν is the robustness weight. The calculation method of 𝜌ν is shown in formula (7). 

𝜌ν = 𝐵(|𝐼𝑡|/6𝑠)                                                                     (7) 

Where 𝐼𝑡  is the residual component, 𝑠 is the median value of |𝐼𝑡|; 𝐵 function is the bisquare 
function. The 𝐵 function is shown in formula (8). 

𝐵(𝑢) = {(1 − 𝑢
2)2        0 ≤ 𝑢 ≤ 1

0                        𝑢 ≥ 1
                                             (8) 

The STL algorithm flow is shown in Table 1. 

Table 1: STL decomposition algorithm implementation process 

Algorithm: STL decomposition algorithm 

Input: Time series 

Step:  

1: Initialize the number of outer loops 𝑁𝑜𝑢𝑡 and the number of inner loops 𝑁𝑖𝑛; 

2: Calculate the robustness weight 𝜌ν; 

3: Remove the trend by 𝑋𝑡 − 𝑇𝑡
(𝑘)

; 

4: Obtain the smooth periodic subsequence 𝐶𝑡
(𝑘+1)

 from LOESS; 

5: Subsequence 𝐶𝑡
(𝑘+1)

 low-pass filtering：𝐶𝑡
(𝑘+1)

 is successively made a moving average of 

length 𝑛𝑝, 𝑛𝑝 and 3, and subjected to LOESS smoothing processing to obtain 𝐿𝑡
(𝑘+1)

; 

6: Remove the trend in the subsequence  𝐶𝑡
(𝑘+1)

：𝑆𝑡
(𝑘+1)

= 𝐶𝑡
(𝑘+1)

− 𝐿𝑡
(𝑘+1)

; 

7: Remove the seasonal item by 𝑋𝑡 − 𝑆𝑡
(𝑘+1)

; 

8: Obtain the smoothed trend item 𝑇𝑡
(𝑘+1)

 from LOESS; 

9: Repeat the above 3~8 steps until the end of the inner loop; 

10: Repeat the above 2~9 steps until the end of the outer loop. 

Output: trend component 𝑇𝑡, seasonal component 𝑆𝑡, residual component 𝐼𝑡  

3. Main Results 

At present, there are a variety of prediction algorithms, such as Holt-Winters, ARIMA [5], RNN, 
and LSTM [6]. Most of these methods directly train and analyze historical data, and then realize 
prediction. In order to improve the prediction accuracy, this paper proposes a decomposition 
prediction algorithm. This section will give the specific implementation of the algorithm and 
verify its effectiveness through experiments. 

Based on the model shown in formula (2), this paper chooses the third-order exponential 
smoothing model and Holt-Winters model [7, 8] to predict the trend component 𝑇𝑡  and the 
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seasonal component 𝑆𝑡 respectively. As for the residual component, the literature shows that 
the residual component is usually small and can be discarded in the prediction. 

Assuming that {𝑋𝑡: 𝑡 ≥ 1}  is a set of observation time series, the third-order exponential 
smoothing model performs exponential smoothing twice on the value after one exponential 
smoothing, which has higher fitting accuracy [9]. The fitting sequence of the third-order 
exponential smoothing model {𝑃𝑡: 𝑡 ≥ 2} is shown in equation (9). 

{

𝑃𝑡
(1)
= 𝛼𝑋𝑡−1 + (1 − 𝛼)𝑃𝑡−1

(1)

𝑃𝑡
(2) = 𝛼𝑃𝑡

(1) + (1 − 𝛼)𝑃𝑡−1
(2)

𝑃𝑡
(3) = 𝛼𝑃𝑡

(2) + (1 − 𝛼)𝑃𝑡−1
(3)

       𝑡 ≥ 2                                          (9) 

Where smoothing coefficient 𝛼 ∈ [0,1] and 𝑃1
(1)
= 𝑃1

(2)
= 𝑃1

(3)
= 𝑋1. Based on formula (9), the 

calculation method for predicting the estimated value 𝑥𝑡+𝑇  in the future 𝑇 period is shown in 
equation (10). 

𝑥𝑡+𝑇 = 𝐴𝑇 + 𝐵𝑇𝑇 + 𝐶𝑇𝑇
2   𝑇 = 1,2,⋯ , 𝑛                                    (10) 

Where 

{
 
 

 
 𝐴𝑇 = 3𝑃𝑡

(1)
− 3𝑃𝑡

(2) + 𝑃𝑡
(3)

𝐵𝑇 =
𝛼

2(1−𝛼)2
[(6 − 5𝛼)𝑃𝑡

(1) − 2(5 − 4𝛼)𝑃𝑡
(2) + (4 − 3𝛼)𝑃𝑡

(3)]

𝐶𝑇 =
𝛼2

2(1−𝛼)2
[𝑃𝑡

(1)
− 2𝑃𝑡

(2)
+ 𝑃𝑡

(3)
]

            (11) 

The cumulative Holt-Winters seasonal model [10] is shown in formula (12). 

{

𝑃𝑡 = 𝛼(𝑋𝑡 − 𝑆𝑡−𝐿) + (1 − 𝛼)(𝑆𝑡−1 + 𝑇𝑡−1)

𝑇𝑡 = 𝛽(𝑃𝑡 − 𝑃𝑡−1) + (1 − 𝛽)𝑇𝑡−1
𝑆𝑡 = 𝛾(𝑋𝑡 − 𝑃𝑡−1 − 𝑇𝑡−1) + (1 − 𝛾)𝑆𝑡−𝐿

       𝑡 > 𝐿                       (12) 

Where 𝛼 ∈ [0,1] represents data smoothing coefficient; 𝛽 ∈ [0,1] represents trend smoothing 
coefficient; 𝛾 ∈ [0,1] represents seasonal smoothing coefficient; 𝐿  represents the length of a 
seasonal period; 𝑃𝑡 represents 𝑡 The data smoothing value of removing seasonal components 
at time; 𝑇𝑡 represents the trend smooth value at time 𝑡; 𝑆𝑡 represents the seasonal smooth value 
at time 𝑡. Based on formula (12), the data prediction model for the future m period is shown in 
formula (13). 

𝑥𝑡+𝑚 = 𝑃𝑡 +𝑚𝑇𝑡 + 𝑆𝑡−𝐿+1+𝑚𝐿
+                                            (13) 

Where 

𝑚𝐿
+ = (𝑚 − 1) 𝑚𝑜𝑑 𝐿                                                               (14) 

From equation (12), it can be seen that a seasonal model cannot be established in the first 
seasonal cycle of the time series. Therefore, this paper establishes a Holt-Winters two-
parameter model for the time series in the first period, as shown in equation (15). 

{
𝑃𝑡 = 𝛼𝑋𝑡 + (1 − 𝛼)(𝑆𝑡−1 + 𝑇𝑡−1)

𝑇𝑡 = 𝛽(𝑃𝑡 − 𝑃𝑡−1) + (1 − 𝛽)𝑇𝑡−1
   𝑡 ≥ 2                                     (15) 

Where 𝛼 ∈ [0,1]  represents the data smoothing coefficient; 𝛽 ∈ [0,1]  represents the trend 
smoothing coefficient. In this paper, the initial value of the model is set as shown in formula 
(16). 

{
 
 

 
 𝑃1 =

∑ 𝑋𝑖
𝐿
𝑖=1

𝐿

𝑇1 =
∑ (𝑋𝐿+𝑖−𝑋𝑖)
𝐿
𝑖=1

𝐿2

𝑆𝑖 = 𝑋𝑖 − 𝑃1    𝑖 = 1,… , 𝐿

                                                    (16) 
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The specific process of forecasting based on the third-order exponential smoothing model is 
shown in Table 2, and the specific process of forecasting based on the Holt-Winters model is 
shown in Table 3. 

Table 2: Third-order exponential smoothing algorithm realizes the prediction process 

Algorithm: third-order exponential smoothing algorithm 

Input: time series 

Step:  

1: Initialize parameters 𝑃𝑡
(1), 𝑃𝑡

(2) and 𝑃𝑡
(3); 

2: Obtain the optimal 𝛼 by the grid search method and the single-step prediction based on 
formula (10); 

3: Calculate  𝑃𝑡
(1), 𝑃𝑡

(2) and 𝑃𝑡
(3) by formula (9); 

4: Calculate 𝐴𝑇、𝐵𝑇 and 𝐶𝑇  by formula (11); 

5: Realize multi-step forecasting according to the forecast period 𝑇 and formula (10). 

Output: Forecasted time series 𝑥𝑡+𝑇  

 

Table 3: Holt-Winters algorithm to realize the prediction process 

Algorithm: Holt-Winters algorithm 

Input: time series 

Step:  

1: Initialize parameters 𝑃𝑡、𝑇𝑡 and 𝑆𝑡； 

2: Obtain the optimal 𝛼, 𝛽 and 𝛾 by the grid search method and single-step prediction based 
on formula (13); 

3: Calculate 𝑃𝑡, 𝑇𝑡 by formula (15) when the time series length is less than the seasonal period 
length 𝐿; 

4: Calculate 𝑃𝑡, 𝑇𝑡 and 𝑆𝑡 by formula (12) when the length of the time series is greater than 
the length of the seasonal period 𝐿; 

5: Realize multi-step forecast according to the forecast period 𝑚 and formula (13). 

Output: Forecasted time series 𝑥𝑡+𝑚  

In this paper, in order to find the optimal smoothing coefficient 𝛼, 𝛽, 𝛾 ∈ [0,1], the grid search 
method and the root mean square error RMSE are introduced to obtain the optimal solution. 
The expression of RMSE is shown in formula (17). 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ 𝑒𝑡

2𝑛
𝑡=1 = √

1

𝑛
∑ (𝑃𝑡 − 𝑋𝑡)

2𝑛
𝑡=1                                                (17) 

Where 𝑋𝑡  represents the actual observed value at time 𝑡 ; 𝑃𝑡  represents the single-step 
predicted value at time 𝑡 . Regarding the grid search method, the essence is an exhaustive 
method, and the size of iterative step 𝜆=0.1. 

In summary, this paper uses the data in Figure 2 as the experimental object to study the two 
types of prediction mechanisms, Holt-Winters model and decomposition prediction model. 
Observing the Figure 2, we can see that the time series contains two seasonal components, and 
the period length is 24 and 168 respectively. In addition, the time series also contains 9 
abnormal points. First, this article selects the data between the first data point and the 1176th 
data point of the time series as the training sample, which contains 3 abnormal points. Then, 
select the 1177th point to the 1344th point of the sequence as the verification sample, which 
contains 6 abnormal points. Perform z-score standardization on the entire sample, and finally 
get the research object shown in Figure 3. 
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Figure 2: Original time series           Figure 3: Time series based on z-score processing 

As shown in Figure 3, the blue curve is the training sample, and the red curve is the verification 
sample. Based on the above analysis, the prediction results of each prediction model in this 
article are shown in Figure 4 and Figure 5. 

     
Figure 4: Direct predict result                 Figure 5: Decompose predict result 

In the above experiment process, when the Holt-Winters model is directly established for 
prediction, the seasonal cycle L=168, the optimal parameters 𝛼=0.9, 𝛽=0.1 and 𝛾=0.1. The 
optimal parameters of the decomposition prediction model are shown in Table 4. 

Table 4: the optimal parameters of the decomposition prediction model 

component prediction model T=24 T=168 

trend component 
Third-order exponential 

smoothing model 
none 𝛼=0.9 

seasonal 
component 

Holt-Winters model 
𝛼=0.9 𝛽=0.7 

𝛾=0.1 
𝛼=0.9 𝛽=0.4 𝛾=0.9 

Moreover, this paper uses the root mean square error RMSE shown in formula (17) to analyze 
the prediction deviation of each model, as shown in Table 5. 

Table 5: RMSE comparison of various prediction models 

Direct prediction model 0.180 

Decomposition prediction model 0.156 

It can be seen from Figure 4 that the direct prediction model has a good prediction effect in the 
interval [0, 120], but in the interval [120, 168], this model shows an upward trend and deviates 
from the actual value. By comparing Figure 4 and Figure 5 in conjunction with Table 5, it can be 
seen that compared to direct prediction model, the RMSE of the decomposition prediction 
model is lower, and it has a better prediction effect in the interval [120, 168]. 
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Based on the above method, the WEB display interface of the data prediction system is shown 

in Figure 6. 

 
Figure 6: Data prediction system interface 

4. Conclusion 

This paper mainly introduces the design of the data prediction system and the realization of 
key technologies in the operation and maintenance scenario. The system obtains basic 
information such as the server CPU and memory based on the SNMP protocol, and then predicts 
the processed data through a decomposition prediction algorithm. Through predictive analysis 
of collected data, the system manager can grasp the operating status of each monitored object 
in real time. At present, the system is in normal use and works well. 
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