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Abstract. SARIMA model and the XGBoost model are both classical time series forecasting tools, 
while the simulated annealing algorithm (SA) is an excellent multi-objective planning method. By 
combining these algorithms, this study aims to forecast the cargo volume of a logistics center and 
arrange the scheduling of the logistics center accordingly. First, the SARIMA forecasting, and 
XGBoost hybrid correction model can more accurately predict the cargo volume of this logistics 
center for the next 30 days. Subsequently, the study will analyze and determine the decision 
variables and constraints in scheduling planning. Finally, the planning problem will be solved by SA, 
which enables the minimum number of personnel to meet cargo volume requirements, scheduling 
constraints, and other constraints. The results of this study have significant practical value, providing 
a replicable forecasting and planning framework for the dynamically changing market environment, 
which effectively helps enterprises to anticipate market changes and optimize resource allocation to 
enhance market competitiveness.  

Keywords: the SARIMA model; XGBoost model; Simulated Annealing algorithm (SA); optimize 
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1. Introduction 

In modern logistics management, accurate cargo volume forecasting is a key factor in improving 
operational efficiency and resource allocation. To meet this challenge, this study firstly adopts 
SARIMA and XGBoost hybrid correction model with a view to achieve more accurate cargo volume 
forecasting. After that, multi-objective scheduling planning is performed with the help of SA. This 
study not only provides a scientific decision support tool for logistics centers, but also this innovative 
approach will provide an effective solution for the market resilience and resource allocation of 
enterprises. 

2. Data collection and pre-processing 

2.1 Data collection 

To predict the volume of shipments for the next 30 days and specific hours, this paper collects data 
on the volume of shipments at a sorting center from August 2023 to December 2023 and sorts the 
raw data by date and date hour using Python software. To make it easy to handle time series data. 

2.2 Filling of missing data 

In the process of sorting for time ordering, some of the data were missing. Based on finding out the 
missing values, we fill the missing values for different dates by Lagrange difference filling method. 

First, the Lagrange interpolation polynomial is constructed, based on the known data points, the 
Lagrange polynomial 𝐿ሺ𝑥ሻ. 
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Next, compute the basic Lagrange polynomials: 

 𝑙௜ሺ𝑥ሻ ൌ ∏
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Finally, the missing value locations are identified, and the missing values are calculated to obtain the 
complete time series data. 

Through the pivot table analysis found that there is a significant surge in the futures volume during 
holidays, double eleven, etc., in order not to affect the prediction results, this paper chooses to remove 
the trend of the time series by one time difference method. After the difference of the data in the ADF 
test P value from 0.312 to 0.042 can be considered as a smooth series, as shown in Fig .1. 

 

Fig. 1 First-order difference processing of data 

3. Cargo volume prediction model based on a mixture of SARIMA and 
XGBoost 

3.1 SARIMA model construction 

Considering the characteristics of the dataset in this paper, the single use of time series forecasting 
model will lead to too fast convergence of the predicted values, so this paper introduces the XGBoost 
model and establishes a hybrid forecasting model of SARIMA and XGBoost. 

SARIMA (Seasonal Autoregressive Integrated Moving Average) time series model is a powerful tool 
for analyzing and forecasting time series data with seasonal trends. The model contains several 
parameters that together determine the structure and performance of the model [1-4]. 𝑝 
(autoregressive order): indicates how many past values (i.e., lagged values) the current value of the 
time series is weighted against to form a forecast. These weights are determined by the autoregressive 
coefficients.𝑑 (difference order): Difference is used to remove trend and seasonality from the time 
series to make the data smoother. The difference order d indicates how many times the difference 
operation is performed on the data.𝑞 (moving average order): the moving average component is used 
to model the errors in the time series, assuming that the current error is related to errors from previous 
periods. q indicates how many past error terms are used in the moving average model. 

First, hourly forecasts of cargo volumes are made using the SARIMA model in time series analysis: 



 

46 

 ቌ1 െ ∑

௝ୀଵ
೛

𝜙௝𝐿௝ቍ ሺ1 െ 𝐿௦ሻௗ𝜈௜,ℎ ൌ ቌ1 ൅ ∑

௝ୀଵ
೜

𝜃௝𝐿௝ቍ 𝑶ሶ ௜,ℎ (3) 

Where 𝑝 and 𝑞 are the orders of autoregression and moving average, respectively, and 𝑠, 𝑑 are the 
orders and periods of seasonal differentials. 

According to the 𝑝. 𝑑. 𝑞 parameters set in the SARIMA model of this paper, this paper obtains the 
daily and hourly cargo volume data of this sorting center for the next 30 days and generates the 
following prediction graphs as shown in Fig .2. 

 

Fig. 2 Forecasted cargo volume per hour and per day 

3.2 XGBoost Hybrid Correction 

To test the adaptability of the model, this paper fitted the original data with the predicted data and 
found that the single use of the SARIMA model would lead to the rapid convergence of the predicted 
future values, which may be more inconsistent with the actual situation. Therefore, to make up for 
the shortcomings of the SARIMA model prediction, this paper also introduces the XGboost model to 
predict the amount of goods more accurately per day and per hour in each sorting center for the next 
30 days by means of a weighted mixed model [5,6]. 

XGBoost is an optimized machine learning algorithm that builds multiple basis functions and 
combines them to form a synthetic algorithm that fits the data well, is capable of handling large-scale 
datasets and complex models, and also performs well in preventing overfitting and improving 
generalization. In this paper, based on the establishment of the SARIMA model, the XGBoost model 
is used to mix and supplement. After the XGBoost model processing, the prediction results obtained, 
as shown in Fig .3: 

 

Fig. 3 XGBoost model prediction results 
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To make up for the shortcomings of a single model and improve the prediction accuracy or stability, 
so as to obtain more accurate results, this paper carries out a weighted hybrid calculation by assigning 
different weights to the data of XGBoost and SARIMA models. The details are as follows: 

 𝐻𝑦𝑏𝑟𝑖𝑑௧ ൌ 𝑤௑ீ஻ ൈ 𝑋𝐺𝐵௧ ൅ 𝑤ௌ஺ோூெ஺ ൈ 𝑆𝐴𝑅𝐼𝑀𝐴௧ (4) 

Where, 𝐻𝑦𝑏𝑟𝑖𝑑௧ is the predicted value of hybrid model at moment 𝑡.𝑋𝐺𝐵௧ denotes the predicted 
value of XGBoost model at time 𝑡. 𝑆𝐴𝑅𝐼𝑀𝐴௧ denotes the predicted value of SARIMA model at time 
𝑡. 𝑤ௌ஺ோூெ஺ denotes the weight of SARIMA model. 

 

Fig. 4 Hybrid model prediction results 

As can be seen in Fig .4, historical volumes show some volatility and have significant peaks in certain 
time periods. The predicted volume, on the other hand, is predicted based on the historical volume, 
which is similar to the trend of the historical volume on the whole but differs in specific values. 
Meanwhile, the volatility of the predicted volume is relatively small, which is since we reduce noise 
and randomness in building the model. 

At the same time, we first take the shipment volume of each sorting center for three months as the 
data source to establish the resulting time series prediction, which can be seen from the above table, 
the prediction results show a certain volatility, but the overall trend is upward. This may mean that 
this time series data may continue to grow in the coming period. In addition, the blue curve shows 
large fluctuations in some time periods, which reflects the sensitivity of the model to short-term 
events or seasonal changes. These fluctuations may be caused by some temporary factors, such as 
promotional activities, holidays, etc., and its prediction results are in line with the actual situation and 
the prediction effect is better. Choose to call the Pandas library to read the residual data file, and then 
use the matplotlib library to visualize the data, which indicates that the predicted value of the model 
is basically in line with the actual value, proving that the robustness of the model is better. 

4. Scheduling Planning Model Based on Simulated annealing algorithm(SA) 

4.1 Analysis of constraints 

In scheduling optimization of a sorting center, the core objective of the optimization is to minimize 
the cost of headcount while ensuring that the volume processing is done efficiently. Assuming that 
there are 200 regular workers in the sorting center, the following constraints clearly exist: 1) Ensure 
that the daily volume can be processed efficiently; 2) Minimize the total number of man-days required 
to make human resources utilization more efficient; 3) Pay attention to the balance of the actual hourly 
manpower efficiency per day; 4) The attendance rate of each regular worker does not exceed 85% 
and the number of consecutive days of attendance does not exceed 7 days [5-8]. 
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4.2 Defining Decision Variables 

Set up a binary variable , where 𝑖 ൌ 1,2, . . . . ,200 denotes the 𝑖𝑡ℎ it regular worker, 𝑗 ൌ 1,2, . . . ,6 
denotes six shifts, and 𝑡 ൌ 1,2, . . . ,30 denotes the next 30 days. If the 𝑖𝑡ℎ regular worker attends the 
𝑖𝑡ℎ shift on day 𝑡, then𝑥௜௝௧ ൌ 1; otherwise𝑥௜௝௧ ൌ 0. Set up the integer variable 𝑦௧௝, which denotes 
the number of temporary workers required for the 𝑗𝑡ℎ shift on day 𝑡. 

 𝑚𝑖𝑛 ∑
௧ୀଵ

యబ

∑

௝ୀଵ
ల

ሺ ∑
௜ୀଵ
మబబ

𝑥௜௝௧ ൅ 𝑦௝ሻ𝐷௧௝ (5) 

To equalize the actual hourly ergonomics of each day as much as possible, a penalty term can be 
introduced to measure the sum of the squares of the deviations of the actual hourly ergonomics of 
each shift from the average hourly ergonomics of each day. The objective can be expressed as follows: 
𝐻௧௝ denotes the actual hourly productivity of the 𝑗𝑡ℎ shift on day 𝑡 and 𝑎𝑣𝑔ு denotes the average 
hourly productivity of all shifts: 

 𝑚𝑖𝑛 ∑ ∑ ൫𝐻௧௝ െ 𝑎𝑣𝑔ு൯
ଶ଺

௝ୀଵ
ଷ଴
௧ୀଵ  (6) 

To equalize the attendance of regular workers as much as possible, a penalty term is also introduced, 
which measures the sum of the squares of the deviations of each regular worker's attendance from the 
average attendance. Let the attendance rate of the 𝑖𝑡ℎ worker be 𝑂௜ and 𝑎𝑣𝑔ை denotes the average 
attendance rate of all workers. The objective can be expressed as follows: 
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Combining the above three objectives, a weighted composite objective function is constructed: 
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4.3 Constructing planning constraints 

No more than 85% attendance per regular worker: 

 
∑ ∑ ௫೔ೕ೟

ల
ೕసభ

యబ
೟సభ

ଷ଴
൑ 0.85 ∀𝑖 ൌ 1,2, … ,200 (9) 

No more than seven consecutive days of attendance per regular worker. This is achieved by 
introducing additional logical constraints or by using special mathematical models (e.g., recurrent 
integer programming), which are simplified here: 

 Ensure absence of 7 consecutive days or more ൌ 1 ∀𝑖, 𝑗 (10) 

The manpower (the sum of regular and temporary workers) allocated to each shift each day should 
be able to meet the cargo handling requirements of that shift on that day: 

 ∑ 𝑥௜௝௧
ଶ଴଴
௜ୀଵ ൅ 𝑦௧௝ ൒ 𝐷௧௝ ∀𝑡, 𝑗 (11) 

Variable value range: 

 ቊ
𝑥௜௝௧ ∈ ሼ0,1ሽ∀𝑖, 𝑗, 𝑡

𝑦௧௝ ∈ 𝑍∀𝑡, 𝑗  (12) 
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4.4 Model solving and analysis 

Simulated Annealing (SA) algorithm is a heuristic global optimization method inspired by the 
annealing process of solid materials [7-8]. In physics, annealing is the process of heating a metal to a 
high temperature so that its internal particles are in a highly disordered state, and then cooling it 
slowly so that the particles are gradually ordered and eventually reach a stable structure with lower 
energy. SA draws on this natural phenomenon and applies it to solve complex optimization problems, 
especially those with many feasible solutions and nonlinear, nonconvex objective functions [9-12]. 
Its specific processing flow is shown in Fig .5. 

 

Fig. 5 The sensitivity of the model 

4.4.1 Iterative process 

Starting from the current solution, a random perturbation (e.g., operations such as swapping, flipping, 
adding noise, etc.) produces a candidate solution that is different from the current solution. These 
perturbations are designed to explore neighboring regions in the solution space. The difference 
between the objective function (or energy) values of the new solution and the current solution is 
compared and denoted as △ 𝐸. The probability of accepting the new solution is computed according 
to the Metropolis acceptance criterion: 

 𝑃ሺ𝑎𝑐𝑐𝑒𝑝𝑡ሻ ൌ 𝑒𝑥𝑝ሺെ ௱ா

்
ሻ (13) 

Where 𝑇is the current temperature. If the new solution is better than the current solution (△ 𝐸 ൏ 0), 
the new solution is accepted; if the new solution is inferior (△ 𝐸 ൐ 0), the decision of acceptance is 
based on this probability. If accepted, the new solution is taken as the current solution; otherwise, the 
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current solution is kept unchanged. Regardless of acceptance, the optimal solution record is updated, 
and if the new solution is better than the known optimal solution, the optimal record is updated with 
the new solution. 

4.4.2 Cooling process 

We are given the initial temperature 𝑇଴ and set the initial temperature as 1. The cooling coefficient 
is selected 𝑎 , and after each iterative process, the cooling temperature 𝑇ଵ is obtained, where the 
cooling equation is 𝑇௟ ൌ 𝑎𝑇௟ିଵ. After several transfers at temperature 𝑇௟, a new cooling temperature 
is obtained, i.e., 𝑇௜ାଵ ൏ 𝑇௜. and the cooling process is repeated at the new temperature, constantly 
searching for a new solution and alternating with the slow reduction of temperature. The optimal 
result of the problem is finally obtained. 

4.4.3 Ending process 

End condition. We choose the termination temperature as 𝑇௘௡ௗ ൌ 10ିହ଴  (when the temperature 
drops to 𝑇௘௡ௗ, the simulated annealing process is judged to be finished, and then the output solution 
is the global optimal solution. 

The initial temperature 𝑇଴  and the termination temperature 𝑇௘௡ௗ  are selected, and the annealing 
process selects the appropriate cooling coefficients 𝑎 and let the error acceptance range be 0.005. 
The solution is solved by using Python. Through SA, we obtain the optimized scheduling table, as 
shown in Table 1: 

Table 1. Scheduling optimization prediction results 

sorting center date shift regular worker temporary worker 

SC1 2023/12/1 00:00-08:00 12 212 

SC1 2023/12/1 05:00-13:00 17 192 

SC1 2023/12/1 08:00-16:00 27 199 

SC1 2023/12/1 12:00-20:00 25 196 

SC1 2023/12/1 14:00-22:00 16 203 

SC1 2023/12/1 16:00-24:00 24 214 

SC1 2023/12/2 00:00-08:00 13 199 

SC1 2023/12/2 05:00-13:00 16 158 

SC1 2023/12/2 08:00-16:00 10 162 

SC1 2023/12/2 12:00-20:00 10 153 

SC1 2023/12/2 14:00-22:00 48 158 

5. Summary 

In summary, this study successfully constructed an efficient and accurate cargo volume prediction 
framework by combining the SARIMA model and the XGBoost model. Based on the predicted cargo 
volume, the simulated annealing algorithm (SA) is used to realize multi-objective scheduling 
planning, which enables the minimum number of personnel to meet cargo volume requirements, 
scheduling constraints, and other constraints, achieving the effect of rationalizing resource allocation. 
The results show that the integrated model can significantly improve the operational efficiency and 
market competitiveness of logistics enterprises and provides a useful reference for similar forecasting 
and planning problems in other industries. 
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