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Abstract. With the rapid development of e-commerce and the logistics industry, accurately
predicting the cargo volume at logistics sorting centers to improve the efficiency and service quality
of the logistics system has become an important research topic. In response to this, this paper
conducts a comprehensive study. First, logistics operation data from the platform are obtained
through the competition's official website, followed by data preprocessing, including time series
conversion, wavelet transform denoising, white noise detection, differencing and smoothing, and
stationarity tests, to transform the cargo volume data of the logistics sorting center into a stationary
series. Next, the ARIMA model is applied to forecast the cargo volume for the next 30 days.
Furthermore, a directed acyclic graph model of the logistics sorting center is constructed, and
historical data is used to calculate node strength. Future transportation route changes are also
considered to update node strength and solve the state transition weight matrix. Ultimately, by using
the model, the overall prediction accuracy of the cargo volume reached over 80%, with an average
predicted cargo volume of 50677.8kg for December, and a total predicted cargo volume of
1520334kg for the entire month of December. This paper holds significant importance in the study
of transportation and cargo volume forecasting within logistics networks.

Keywords: Wavelet Transform, Directed Acyclic Graph, Autoregressive Integrated Moving Average
(ARIMA) Model.

1. Introduction

With the rapid development of e-commerce and the logistics industry, logistics sorting centers play
a crucial role in modern logistics networks. The cargo handling capacity of these centers directly
affects the overall efficiency and service quality of the logistics system. However, as the cargo volume
in logistics sorting centers is influenced by various factors, such as seasonal fluctuations, holiday
promotions, and changes in market demand, accurately predicting cargo volumes has become a
significant research topic [1].

In this study, This paper employed the wavelet denoising algorithm, differencing and smoothing
algorithms, and a distributed consensus algorithm based on directed acyclic graphs (DAG). The
wavelet denoising algorithm, introduced by Donoho, is widely applied in signal processing [2-5].
Drawing on the principles of wavelet denoising, we adapted this method from processing signal
systems to discrete data, which helps ensure stability for solving this issue. The distributed consensus
algorithm based on DAG has proven to be a powerful tool, significantly aiding the coordination and
prediction of the logistics DAG model we established later. This algorithm also plays a significant
role in work scheduling and job assignments.

In this paper, we first preprocess the data by sorting and removing missing values, followed by
wavelet denoising [6], white noise detection, and differencing and smoothing to ensure data stability.
Next, we apply the ARIMA model [7-8] to forecast the cargo volume and obtain prediction values.
Subsequently, we construct the DAG model and adjacency matrix for the logistics sorting center,
calculate and update node strength, and solve the state transition matrix. Finally, by combining the
time series prediction with the state transition matrix, we predict the future cargo volume. It lays an
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important foundation for finding the supply balance of cargo volume and the actual transportation
planning of goods for real-world logistics network companies.

2. Data Source and Preprocessing

These data for this study are the historical records of a logistics company in an actual city selected
for the competition. They come from the website www.mathorcup.org.

2.1. Data Preprocessing

First, consider the time series sorting operation on the dataset to convert irregular data into time
series data. The unit of time for Annex 1 is the date and the unit of time for Annex 2 is the hour.

Due to the missing values in the dataset, the dataset is treated as an outlier as follows, and the
original time series dataset is set as7 ={ (¢, 71),(ts,72), -, (t.,7,) }, Where the time point is denoted ¢,

and the observed valuer; is represented at the time pointt,.
If an observationr; is missing (usually represented by NaN, None, null, or other special markers),
we remove the corresponding value from the dataset. The dataset after the filtering operation is

T' ={(t;,7;) € T|7; is not a missing value } (1)

For example, the trend of the daily cargo volume in the four months after the pretreatment and the
daily and hourly cargo volume in November are shown in Figure 1.
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Figure 1. Daily Volume Trend for Center SC1

From Figure 1, it can be observed that the cargo volume of the Center SC1 shows a changing trend
from August to November and throughout the entire month of November in the future. The monthly
trend is generally higher during the summer holiday period and in November, which can be
approximately attributed to the demand influenced by summer holidays and the Double 11 festival.
The cargo volume in November shows volatility, aligning with market regulation patterns.

2.2. Noise reduction processing and data standardization based on wavelet transform

Due to the multiple influences of time series datasets, there is a high signal-to-noise ratio, so it is
necessary to consider denoising, smoothing, and normalizing the datasets.

In the case of time-frequency localization, the wavelet transform is more widely applied than the
traditional Fourier transform. Due to the artificial controllability of the transportation of goods in the
logistics center, the time series dataset of this topic contains many frequency components, so the
wavelet transform is considered to denoise the data.

Based on the data characteristics, the following discrete wavelet transform is considered.

[ wwa—o = wa,b@)\/lﬂ(“’) @)

a
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where the wavelet function is denoted« (t), {+.,(t)}is a family of functions transformed by
translation and scaling of (t), whicha,b are all parameters in the process of translation and scaling,
a,beR anda>0.

Fora and b, discretization is performed to complete the discretization process, which yields

Yo =00 *9(ag "t —kby) mnkEL
m = log,a’ 3)
|b'| = kb

wherea’,b’ denotes the coordinates of a,b after discretization. Therefore, the discrete wavelet
transform in the dataset is

Wi (m,m) = / (Ot (Bt @

Wi(m,n)=a, ° / " F ) (a0t — ko)t )

where f (¢t) denotes the inner product of the discrete wavelet transform.

After applying discrete wavelet denoising to the aforementioned time series dataset, the resulting
relatively stable dataset is

7 :{(t1,1,7'1,1)7(t1,2,7'1,2)7'“}

7, :{(t2,1>7'2,1>a(t2,2,7'2,2),"'}

Tw :{(tN,laTN,l)’(tN,QaTN,2)a”'}
Ty = { (t,N,hT,N, l)a(t,N,2aT,N,2)a }

For the logistics sorting center SC1, the trend of the data after wavelet transform compared to the
original cargo volume data is shown in Figure 2.
—— Smoothed
/\ —— Original

[=+]

Quantity (x10%)
()]

Figure 2. Comparison between the Wavelet-Transformed SC1 Data and the Original Data

It is evident from the dataset that the cargo volume in mid-November is relatively high, which can
be approximately attributed to the influence of the "Double Eleven™ shopping festival. Therefore, for
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the logistics sorting center SC1, the volume of sorted cargo around November 11 is higher than on
other dates.

3. ARIMA for Logistics Volume Prediction

3.1. Dataset Smoothing and Stabilization Processing

To stabilize the data, we consider applying differencing to the processed dataset, thereby
transforming the non-stationary and non-smooth data into stationary and smooth data. Here, we use
the smooths function to smooth the processed dataset and obtain a trend chart showing the smoother
changes in the data [9].

To avoid the occurrence of non-stationarity in the time series dataset, we consider further
processing the data using the differencing method. For the dataset sequence(t;,r,), assuming the

original time series is{%}, where t represents the time point, the first-order differenced sequence

{A7} is defined as

~ ~ —~——

AT, =1, — T4 (7)

Here, A7, represents the first-order difference at the time point¢, 7, is the original data value at

the time pointt, andr, , is the data value at the previous time pointz — 1. Additionally, the second-
order difference is defined as

AT =Ar, — A1, =1 —27 1+ T (8)

Taking logistics sorting centers SC1, SC10, SC12, SC14 and SC15 from Attachment 1 as examples,
the trend of the cargo volume in the different datasets over time is shown in Figure 3.
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Figure 3. Different Quantity Data for Multiple Centers

From Figure 3, it can be seen that the cargo volume of centers SC1, SC10, SC12, SC14, and SC15
from August to November 2023 shows fluctuating changes. This aligns with market regulation trends
and provides an effective foundation for the subsequent forecasting.

3.2. Analysis of the ARIMA Time Series Forecasting Model

Based on the processed datasets above, we first conduct stationarity and white noise tests to
determine whether the datasets meet the conditions for time series forecasting [10].
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Y4
AT, =a+ Gt +~1, + E 0, AT, +¢ )
i=1

Conducting the white noise test, the corresponding Box-Pierce Q statistic and Ljung-Box Q
statistic satisfy the following expressions[11]..

Qur(m)=n_ p? (10)
QLB(m)zn(n+2)Zﬁ (11)

Here, p. represents the estimated value of the autocorrelation coefficient at a lag of % periods.

After stationarity testing and white noise processing, the time series dataset has characteristics that
allow for accurate forecasting. Therefore, we consider the following ARIMA model.
In this model, AR represents the autoregressive component andp becomes the autoregressive

coefficient, which depends only on itsp historical values. The corresponding expression is
X=Xy + 0 Xy o +-90, X, ,+& (12)

For the stepwise correlation and processing between sequential data, the differencing order is
defined. Based on the autoregressive model and differencing order calculations, the following moving
average model is defined to represent the time series dataset.

Xi=pt+e+0ig,1+-+0,6_, (13)

Thus, this time series forecasting model can be integrated into the following form [12].
p
X, = Z¢z’Xt—z’ +&
i=1
< Xt:AXt:Ath:A3Xt:"'ApXt (14)

q
X, =pu+ E 0,641+ ¢
=1

The predicted changes in cargo volume at logistics sorting center SC1 from Attachment 1 over the
next 30 days and hourly changes for the next 30 days are shown in Figure 4.
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Figure 4. Comparison of ARIMA Time Series Prediction Results
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Figure 4 shows that the prediction (represented by the red line) closely follows the trends in both
the actual and test data, highlighting the accuracy of the time series forecasting model. The application
of wavelet transform denoising effectively minimized noise, resulting in smoother and more stable
data. This improvement in data quality significantly enhanced the model’s predictive performance.
The combination of this preprocessing technique with ARIMA modeling ensures reliable and
accurate estimates of future cargo volumes, particularly in scenarios where the logistics data is
complex and subject to significant fluctuations.

4. Logistics Network Modeling Based on Directed Acyclic Graph

4.1. Construction of the Directed Acyclic Graph Model for Logistics Sorting Centers

The dataset provided in Attachment 3 contains both the originating and destination logistics sorting
centers, with specific constraints on whether each pair of centers is connected. Additionally, the cargo
volume corresponding to each connecting line segment is also provided [13-14].

Therefore, we consider constructing a directed acyclic graph (DAG) that encompasses all logistics
sorting centers, routes, and cargo volumes, satisfying the following conditions.

G=(V,E,W) (15)

cij:{ W(eij) 6ij:(vi>vj)€E (16)

0 €ij :(Ui,vj)EEE

Here, n represents the number of nodes, and the number of sorting centers in the logistics network.
In this case, n =57 W (e,) represents the weight of the edgee;;, which corresponds to the cargo volume

on each transportation route between the sorting centers.
Finally, the directed acyclic graph constructed using MATLAB is shown in Figure 5.

Figure 5. Directed Acyclic Graph of the Logistics Sorting Center

From Figure 5, we can see a directed acyclic graph with the logistics sorting center SCi as the node.
This graph reflects the sequence and directional relationships of transportation between the centers.

4.2. Node Strength Calculation Based on Edge Weights

For any node in the logistics network, v< Vrepresenting each sorting center. On one hand, the
weighted in-degreeW, (v,) of this node is represented by the sum of the weights of all edges pointing
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to the node v (the total cargo volume transported to this sorting center from other centers), reflecting
the center's ability to receive goods. Thus, we can get
Wi (v) = Z W (e]-i) (17)
v,eV,e; €E
On the other hand, the weighted out-degreeW, (v;) of the nodewv is represented by the sum of the

weights of all edges originating from this node (the total cargo volume transported from this sorting
center to other centers), reflecting the center's ability to send goods. Thus, we can obtain

Wo(w)= >, Wle) (18)
v,€V,e,; €E
Let the node strength of node v, S;be, representing the importance and influence of the sorting
centerv; within the logistics network. This satisfies the following conditions

S, =W, (’Uz) + W, (vz) (19)

At this point, each obtained node strength S; corresponds to the previous node strength value
from the historical data in the dataset corresponding to the website.

Due to the complexity of the logistics network, this paper no longer considers the changes in cargo
volume on the transportation routes between sorting centers caused by route changes between centers,
i.e., the weights of the directed edges.

When an edgee, = (v,v;) € E is disconnected, meaning that the logistics sorting centerv, no
longer transports goods to the logistics sorting centerv,, the weighted in-degree and weighted out-

degree satisfy the following conditions.

{w; (0) = Wi (v) ~ W (eu) 00
Ws (v) = Ws () — W (ew)
Thus, the corresponding new node strength satisfies the following conditions[15].
St = Wi (ve) + W5 (v) = Wi (i) + Wa () — W (ew) = S — W (ew) (21)
S =Wy (v) +Ws(v) =Wy (v) + Wa(v) — W (ew) =S, — W (ew) (22)

When an edge e, = (v,,v)€E is connected, meaning the logistics sorting center v, begins
transporting goods to the logistics sorting centerwv;, the weighted in-degree, weighted out-degree, and
new node strength satisfy the following conditions.

Wi(v) =W, (v) + W (ew)
W3 (v) = Wa (v) + W (ew)
Si=Wi(v) + W3 (v) = Wi (vi) + Wa (v) + W (ew) = Si + W (ew)
S =W (v) + W3 (v) =Wy (v) + W (v) + W(ew) =S + W (ew)

(23)

Using the logistics sorting center SC60 as the central node, its situation is illustrated in Figure 6.
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Figure 6. Node Transfer Diagram of Logistics Sorting Center SC60

Figure 6 shows the state transition changes of center SC60. After the calculation, it was found that
the transferred logistics sorting center should not include SC39, reflecting the update in node strength.

4.3. Cargo Volume Prediction Model Based on the Weighted State Transition Matrix

The adjustment of the cargo volume transported between sorting centers is represented by the ratio
of the adjusted node strength to the original node strength for each transportation route. A state
transition matrix H is established, which satisfies the following conditions.

H=(hy) ,n n=>57
S . .
5= 24
ho=3 5 ') ijen 4
0 i#j

Each row of the matrix represents a vector that characterizes the change in weight values of the
corresponding logistics sorting center's features before and after route adjustments. This can be used
to weight the prediction data, thereby obtaining the sorting volume of the logistics center after route
adjustments.

LetX Dbe the matrix representing the predicted cargo volumes for each of the 57 logistics sorting

centers over the next 30 days before route adjustments, and Y be the matrix representing the cargo

volumes for each of the 57 sorting centers over the next 30 days after route adjustments, which needs
to be determined. According to the principle of matrix multiplication, the state transition equation for
the daily cargo volume matrix is as follows.

57 57 57

> Z TR Z iyt (25)

i=1 j= i=1 j=1 k=1 [I=

Similarly, the corresponding cargo transfer matrix for each hour over the next 30 days satisfies

720 720
Z 2 v = Z Z Z 2 i (26)
i=1 j= i=1 j=1 k=1 I=

Using the cargo volume prediction model from Problem 1 and the dataset from Attachment 1, the
future daily cargo volumes for the next 30 days for the 57 sorting centers are predicted. By multiplying
X, with the state transition matrixH,;, we obtain the matrixY;, which represents the adjusted daily

cargo volumes for the next 30 days.

185



Highlights in Business, Economics and Management MFEM 2024
Volume 51 (2025)

Similarly, using the dataset from Attachment 2 ("Hourly Cargo Volume for Each Sorting Center
Over the Past 30 Days"), we predict the hourly cargo volumes for the next 30 days for the 57 sorting
centers, resulting in the matrix X, . After multiplying it by the state transition matrix, we obtain the

matrixY-, representing the adjusted hourly cargo volumes for the next 30 days.

Finally, using the logistics sorting center SC1 as an example, the obtained data is shown in the
Figure 7[16].
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Figure 7. Logistics Sorting Center SC1 Cargo VVolume Prediction Results for December

Based on Figure 7, the cargo volume forecast for the logistics sorting center SC1 shows that its
distribution aligns with the fluctuating trend. The data’s variation is consistent with stable fluctuations.
Under this distribution, cargo transportation can effectively regulate the market, managing both
surpluses and shortages, facilitating the operation of the logistics sorting center.

5. Conclusion

This study addresses the logistics network problem by first preprocessing the given data, including
sorting, removing missing values, and applying wavelet transform for denoising. The ARIMA model
is then used for time series forecasting, predicting daily and hourly cargo volumes for the next 30
days for each sorting center. Next, a directed acyclic graph model is constructed based on the complex
relationships between sorting centers, incorporating a distributed consensus algorithm and updating
the state transition matrix. Combined with the time series forecasting model, future cargo volumes
are predicted.

For example, the predicted cargo volume for SC1 on December 1, 2023, is 57868 kg, and on
December 30, is 51661 kg. This data falls between the maximum and minimum values of the early
cargo volume data for center SC1, fully reflecting the stable fluctuations in the data. The logistics
sorting center SCi can use the predicted data from the above model to effectively regulate surpluses
and shortages, achieving smooth control and development of production and transportation.

This study presents a research approach and framework that combines time series forecasting with
a network graph model, which can be widely applied in supply chain management. The use of wavelet
transformation for denoising, the accurate prediction of the ARIMA model, and the introduction of a
distributed consensus algorithm based on directed acyclic graphs, along with the calculation of node
strength and updating of the state transition matrix, resulting in more accurate cargo volume
predictions. When compared with actual scenarios, the application proves highly effective,
demonstrating the feasibility of the overall method and significantly contributing to logistics networks
and production management.
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