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Abstract: Being able to complete the production of the product project on time is the prerequisite to win more
tasks, many enterprises have begun to study intelligent scheduling algorithms to achieve dynamic control of
the total project duration. However, the production operation time of products is highly volatile, and it is
impossible to predict the possible operation time of future products. In the actual production environment, we
often encounter extreme situations such as mixed production lines, multiple varieties, variable batches, etc. A
dynamic optimization CPM model in the ERP/MES system with the attention mechanism (EMA-DCPM) will
collect, extract and predict the operation time through artificial intelligence technology, and it can accurately
predict the exact operation time of a batch of products that have not yet been produced. Through experiments,
our algorithm can realize the production scheduling and get more than 200% better precision than former
algorithms and realize dynamic optimization of complex projects.

Keywords: Mixed production lines, Multiple varieties, Variable batches, EMA-DCPM, Production schedul-
ing

1. Introduction

Under the high-speed change of market demand, a lot of manufacturing firms present the char-
acteristics of multi-project, multi-variety and batch mixed production. Multi-project refers to the pro-
duction tasks of multiple projects undertaken by enterprises. Multiple varieties refer to a large num-
ber of product items. Variable-batch means that the same item has an unfixed production quantity.
Mixed line refers to simultaneous online production of multiple projects. This complex task situation
brings greater challenges to the research of scheduling algorithms.

Once manufacturing enterprises have the above production characteristics, they will often en-
counter problems such as multi-project preemption of resources, overproduction, poor turnover ca-
pacity, and delayed planning. These problems will greatly affect the production efficiency and reduce
the business ability of enterprises. In addition, in some special industries, the project schedule re-
quirements are very strict. Even in a very complex production environment, it is necessary to achieve
the overall schedule goal without delay.

In order to solve such complex problems, we need to pay attention to the development of com-
puter science and management science and combine them effectively. On the hand, we need to solve
the issue of job time prediction in complex production environment. On the other hand, we need to
provide dynamic control algorithms to realize dynamic control of the total duration of complex pro-
jects and optimization of production plans.

The paper designs a dynamic optimization CPM model in the ERP/MES system with the atten-
tion mechanism (EMA-DCPM) based on machine learning and CPM technology, which can accu-
rately predict the operation time of variable batch products and realize dynamic control of the total
duration of complex projects. This algorithm provides a feasible solution for production planning
control in complex manufacturing environment. The method we proposed consists of two modules.
The first is the operation time prediction module, and the second is the dynamic optimization control

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202306.1138.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 June 2023 d0i:10.20944/preprints202306.1138.v1

module based on CPM technology. The precision of this method are 2 to 3 times higher than those of
earlier control approach, and the calculation amount is small, which can be applied in engineering.

2. Related work

More and more enterprises realize that intelligent scheduling is the fundamental way for enter-
prises to organize efficient production. The current intelligent scheduling algorithm is mainly di-
vided into two directions.

One direction is to continue to optimize heuristic algorithms to solve practical production prob-
lems or improve the efficiency of solving the optimal solution. This kind of more traditional sched-
uling problem solution is mainly based on the traditional heuristic algorithm represented by Ant
colony optimization algorithms, etc. In recent years, scholars have paid more energy to the complex-
ity of the practical and ever-changing production processes. A non-single objective solution based on
genetic algorithm was proposed by Chen et al.[1]. Their goal is to optimize power consumption and
minimize production cycles. A new architecture combining pattern matching with genetic algorithm
was proposed by Liu et al.[2]. This algorithm can minimize latency to the greatest extent possible. Lu
et al.[3] proposed a genetic algorithm based method for modeling three-dimensional problems
through one-dimensional solutions to solve non-pulsating and non-unit manufacturing workshop
scheduling problems. A locally enhanced particle swarm optimization compound algorithm was
used by Marichelvam et al.[4] to solve the multi-layer mixed transportation scheduling problem. For
the no-waiting scheduling problem, Zhao et al.[5] incorporated the advantages of population mech-
anism into particle swarm optimization algorithm, effectively integrating the direct advantages of the
algorithm. The two-level particle swarm optimization enhancement algorithm was proposed by Zar-
rouk et al.[6]. The upper layer is used to process the mapping of operations to equipment, and the
lower layer is used to process the sequence of operations on equipment. A new complex Ant colony
optimization algorithms solution based on crossover and mutation mechanism was designed by
Engin et al.[7]. For the replacement specify task scheduling issues, an algorithm that combines the
techniques of cuckoo search with the techniques of ant colony operation was proposed by Zhang et
al.[8]. Elmi et al.[9] gave a solution method for ant colony optimization of robot tasks was proposed.
There are many research reports on such scheduling algorithms [10-18]. But the research focus is
mainly on algorithm optimization. Few scholars pay attention to the data input and output of the
algorithm. Some of the input data are based on assumptions or random numbers, and some of the
output data are not the results that enterprises care about.

The other direction is to use machine learning algorithm and give full play to its advantages in
efficiency and accuracy. Sha et al.[19] proposed a priority-based parallel reinforcement learning task
scheduling strategy, which verified the high convergence of Q learning. Zhang et al.[20] replaces
automatic learning PDR with end-to-end deep reinforcement learning. Swarup et al.[21] proposed a
double-depth Q learning algorithm using target network and relay technology. Luo et al.[22] ex-
tracted seven general state features to represent the rescheduled production state, and used deep Q
learning for training. Silva et al.[23] uses the concept of reinforcement learning to enable agents to
interact with other agents and environments. Park et al.[24] proposes a RL strategy based on near-
end strategy optimization, which is trained in an end-to-end manner. In recent years, deep learning
has been widely used to solve shop scheduling issues[25,26].

These algorithms have a precondition that the product operation time has been obtained. How-
ever, most traditional manufacturing enterprises only have quota working hours and lack the data-
base of actual working hours of products. The quota working hours are applicable to the internal
business system of the enterprise and cannot be used in the production planning system. Therefore,
mangy traditional manufacturing enterprises fail to use intelligent scheduling algorithm to solve the
actual production scheduling problem.

Under the high-speed of information technology, some enterprises have mastered the actual op-
eration time of some stable products through ERP and MES systems, but it is difficult to obtain the
operation time of multi-variety and variable-batch mixed-line products. With full consideration of
production efficiency, mixed line status, seasonal changes and other factors, such operation time is
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like stock index, which cannot be directly collected or simply predicted[27-30]. In the actual project
plan management process, the most important thing is to determine the future project plan in ad-
vance. We not only care about the production time of the previous products, but also want to know
the possible production time of the products in the future. It can be said that the prediction of pro-
duction operation time is more accurate and the prediction of project plan is more instructive.

This paper believes that if the real task time management and project management technology
are combined, and the former is used as the input of the latter, the relevant management ability of
the enterprise will be greatly improved. CPM technology belongs to the field of operational research
and is a method used for project planning and control. It forms the specific scheme of project con-
struction through time parameter calculation, critical route analysis and other means[31-37]. The tra-
ditional CPM technology focuses on the prediction of the total construction period, but it lacks the
dynamic optimization feature and is difficult to be used for complex project control. Therefore, in this
paper, we optimize the CPM technology to meet the unshakable requirements of total construction
period target control.

3. Method

EMA-DCPM algorithm includes data acquisition, preprocessing, operation time prediction and
dynamic path optimization.
3.1 Data acquisition

The product production project of an enterprise has the characteristics of tree structure. This
type of product is composed of multiple parts or components. Components in the product are also
composed of parts. This composition process can be called process, as shown in Figure 1.
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Figure 1. Concept diagram of product production process

Therefore, we need distinguish between the collection of operation time of finished parts and
the collection of operation time of process processing. Generally speaking, the production of a part
requires 10 to 20 processes. In the true production process, the order of magnitude of the actual pro-
cess operation time generated is far greater than that of the parts. Most enterprises can only obtain
the actual operation time of parts, but cannot obtain the process operation time. In order to obtain the
operation time of a specific process, we decompose the part task list into a part collaboration opera-
tion task list. Because of the collaborative process task list, we can conduct the product handover of
the collaborative process like the product handover through the infrared radio frequency scanning
technology. Through this handover process, we obtained the actual operation time of heat treatment
process of all products of an enterprise in the past two years. This process is shown in Figure 3. Due
to the wide variety of heat treatment products and different batches of each product, more than 40000
items of heat treatment data are actually collected.
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Figure 2. Design of heat treatment process acquisition process.

The collaboration task in the collaboration task list is expressed by Tx, formula(1l) . Ni is the
product name. nID is a special naming number that can distinguish products. tID is the collabora-
tion task number. Nty is the product category. Si is the task start time. Ei is the task end time. Nui
is the product quantity. Wty the type of heat treatment (such as quenching, tempering, etc.).

Tx = (Ni,nID, tID, Nty, Si, Ei, Nui, Wty) 1)

In this paper, Nty and Wty are used to extract the data of the same heat treatment process of
the same products. Through this method, we obtained real-time processing data of the same heat
treatment process of the same products. During the process, we cleaned up null data and incomplete
data, and retained thousands of data. These data will be used for subsequent data prediction and
analysis.

3.2 Data preprocessing

In this paper, these collaborative task data are transformed into the time vector of single product
processing. This time vector is Tx'. TI is the time sequence. tI is the single product operation time
of the current time. We use the formula(2) and formula(3).

Tx' = (T, tI) )

tl = Y™, (tl;/n) ®)

The advantage of this is to improve the convergence of the calculation. At the same time, it is
convenient to predict the operation time of different batches of products in the same heat treatment
process of unknown similar products in the future.

Through the data acquisition and pretreatment methods in 3.1 and 3.2, the actual operation time
data of quenching process is obtained in this paper. There are 374 pieces of data in this dataset, and
the data distribution is shown in Figure 3. Other types of heat treatment operation time data can also
be processed in this way. This article describes only one type in detail.
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Figure 3. The single operation time for a certain type of product to complete a specific heat treatment
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These data are the operation time of a single piece of a certain product to complete quenching
from 2020 to 2022. It can be seen from the figure that although the product type is the same and the
heat treatment process is the same, but due to different product batches, different mixed batch tasks
and different time intervals, the actual operation time changes irregularly. It can be seen that the
distribution values of high latitude change data on the left side of the figure are mostly higher than
the data distribution values on the right side, as shown in Figure 4.
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Figure 4. Actual comparison between 2021 and 2022.

The operation time data group covers 2021 and 2022. This paper compares the two annual data
in the data, as shown in Figure 4. Through this comparison, it is easier to see that after the production
capacity of the enterprise is improved in 2022, most of the working time data have declined. By anal-
ysis, the main reason for this phenomenon is the development of heat treatment technology and the
improvement of production efficiency. This is why it is necessary to predict the future operation time
through the previous operation time data. Such factors should be taken into account in the operation
time data used for project plan management.
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At the same time, this paper finds that there is a certain rule between the operation time and the
quarter. The operating hours of enterprises increased significantly in the 2st-4st quarters of 2021 and
2022. This is because in the 2st-4st quarters, the enterprise is operating at full capacity. Under the
influence of comprehensive production environment, products cannot be produced according to the
standard operation time. Next, we will use machine learning technology to predict the subsequent
product operation time.

3.3 EMA-DCPM algorithm

Figure 5 shows the EMA-DCPM algorithm structure. EM represents ERP/MES system, A repre-
sents attention mechanism, and DCPM represents dynamic optimization CPM model.

: ERP\MES i
.,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,l ””””””””””” I B l ””””””””” A
process parts
parts production components production
production time production time
time [ time
l Attention Attention
Mechanism Mechanism
4 spare parts . ]

N —~—

spare parts |

AN
process
/

‘ % Components } I

* process

H product

\ \% process ‘ % Components }
spare parts

critical path

Figure 5. EMA-DCPM project control architecture.

The input of this algorithm model is the product processing data recorded in the ERP/MES sys-
tem. Production time data is divided into part processing time and operation processing time. The
parts production time can be directly used as the input of the CPM model. However, considering the
complexity of multi-variety and mixed-line production, process processing time needs to process
data in the way of the above two sections, and add attention mechanism for training and learning.

The output of RNN and the input of several previous moments are related to the state. Therefore,
RNN can retain the correlation between features. However, the recording of each step will lead to
error accumulation, which may cause gradient explosion and gradient disappearance. Because the
attention mechanism can extract key information while ignoring irrelevant information to prevent
gradient explosion. This article cleverly combines the architecture of the RNN model with attention
mechanism, utilizing the advantages of attention mechanism in solving gradient problems to predict
and analyze production data with high fluctuations.

One of the advantages of the time prediction model used by artificial intelligence algorithm is
that it can obtain real-time and more accurate production time data according to the passage of time.
We can use this data to predict and control the whole project plan.

More and more enterprises adopt CPM technology to plan and manage complex projects. CPM
technology uses the logical relationship between tasks and the known operation time to calculate the
time parameters, thus predicting the total duration of the project. CPM model is a network graph
path planning model in operational research. In order to better integrate the predicted job time with
the CPM model, The paper define the task in the CPM model as tx, such as formula(4). n; is the
front node of the task, n; is the rear node of the task, R;; is the total float, t is the operation time of
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the task, K; is the node immediately before the task, k; is the node immediately after the task, and
o is the completion status of the task. R;; is the difference between the latest completion time and

tx = (ni,nj,Rij, t,Ki,kj,O) (4)

R;; = max; (tgs(K, i) + t(K, 1)) — ming (t s, k) — t(i,))) (5)

the earliest completion time, seeing equation (5) for details.

The paper has innovatively adopted an algorithm that can dynamically optimize the CPM
model. During the actual project operation, we need to track the total duration according to the actual
completion of various tasks in the project. By comparing the current total construction period with
the target total construction period, company can get the conclusion whether the project is delayed.
Therefore, paper consider the work completion status in tx. In addition, according to CPM theory,
the task of R;;=0 is the key work. Reducing the working time of key work can affect the total con-
struction period. R;;=0 is also an important tag in tx.

The core of CPM optimization model is to compress the operation time of tasks with R;;=0.
When compressing the job time, the paper suggests to compress according to the relative value and
set the compression threshold. In addition, we store the key work found each time in an array. When
compressing key work, priority shall be given to key work with small sequence number and uncom-
pleted work. The optimization logic is shown in the figure below.

Completion time collection and
prediction

Initialize CPM network model

Calculate the total float R;; and Key tasks with R; ;=0 are stored
total duration in a separate array

* H
Calculate total duration and judge
whether the task is overdue

|

Compress the uncompleted key
task until it reach the threshold

|

Compress all uncompleted key
tasks in turn until the total
duration is 0, and jump out of the
cycle.

!

—4 Cycle update task group status

................

All tasks in the task group are
completed

Figure 6. Logical architecture of CPM optimization model.

The algorithm program adopts Python language, uses the NetworkX toolkit, and uses the topo-
logical sequence function for programming. In this paper, the project plan data table is imported, and
the task time parameter data and directed graph are output. express the Critical path method of the
total project duration.
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4. Experimental evaluation and Discussion

4.1 Operation time prediction

As can be seen from Figure 3, the data group of operation time shows a large fluctuation. This is
one of the significant characteristics of product processing in the process of variable batch mixed
production.

In order to select appropriate algorithms for operation time prediction, this paper adopts three
different algorithms, namely MLP (Multilayer Perceptron), LSTM (Long short-term memory) and
Attention Mechanism. The above three methods are often used for training and learning of time series
data. Through comparative experiments, we will show that the attention mechanism has more ad-
vantages than other models in dealing with actual product operation time data.

Through calculation, we get the prediction results of different algorithms and the process of
calculation convergence, as shown in Figure 7-10.
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(a) Prediction result (b) loss result

Figure 7. MLP operation result.
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(a) Prediction result (b) loss result

Figure 8. LSTM operation result.
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Figure 9. Attention Mechanism operation result.
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Figure 10. Comparison of loss values of MLP, LSTM and AM.

It can be seen from Figure 10 that the attention mechanism has obvious advantages over MLP
and LSTM in predicting the operation time of multi-variety and variable batch mixed production.
The main reason for this result is that the attention mechanism can focus on relevant information and
ignore irrelevant information. The attention mechanism directly establishes the dependency between
input and output, enhances the degree of parallelism, and greatly improves the running speed. It
overcomes some limitations in MLP and LSTM. It can extract the characteristics of large fluctuation
data, capture remote information well, reduce the depth of hierarchy and effectively improve the
accuracy.

Then, we compare the data of the first week of operation in 2023 predicted by the three models,
the data of the traditional mean method and the actual data collected, as shown in Table 1.

Table 1. Multiple prediction results and actual results.

Item Time(days)
MLP prediction results 3.20
LSTM prediction results 4.15
AM prediction results 1.02
Average method prediction results 3.70

Actual value 0.92
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From the results, the attention mechanism selected in this paper has more advantages and higher
accuracy than the other two algorithms in the prediction of operation time. The difference between
the traditional method data and the actual data is about 3 days. This difference data will affect the
final result of the scheduling algorithm, resulting in inaccurate project schedule forecast. In other
words, the traditional calculation method cannot be used for the complex production environment
scheduling of mixed line and variable batch production.

4.2 Dynamic optimization CPM model validation

Through the new calculation model, the paper quickly obtains the digraph before and after the
planning. In order to verify the function of the calculation model, we analyze the classic calculation
example. The model operation results are shown in the Figure 11. Red lines represent critical paths.

(] o o 9
[ ] [ ] ’—I—‘/
o o
(a) Initialization (b) Change (1, 3) task status (c) Optimization results

Figure 11. Verification of optimization results of total construction period objectives.

It can be seen from the above figure that the total construction period is delayed because the
duration of (1, 3) key tasks is changed. The initialization duration is 51 days. After the task status
changes, the duration changes to 53 days. After the model judges that the total construction period is
delayed, the duration of the key work (5, 6) that has not been started will be compressed until the
original total construction period target is met. The optimized duration is the same as the expected
duration. In addition, we also found that the compressed critical work will affect the results of the
critical path and even generate new critical paths.

In order to verify the effectiveness of the model, the paper uses random data sets for testing. The
test results are shown in Figure 12.

[
|
@

(@) Initialization (b) Change task status (c) Optimization results

Figure 12. Model validation experiment results.

It can be seen from Figure 12 that the total construction period target obtained from the random
data set is 59 days. By importing random actual task data, the total duration is 61 days. According to
the current task, it is predicted that the project will be delayed by 2 days. After the optimization of
the model, the total construction period is 56.4 days, and the project is completed 2.6 days ahead of
schedule. The optimization model achieves the project control objectives. Because the key operation
time is compressed in a certain proportion, it may be completed ahead of schedule.
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From the optimized results, it can be seen that the algorithm can achieve dynamic control and
adjustment of the duration, and the task operation time on the critical path is compressed within a
controllable range. Further, paper find that the original critical path may change and a new critical
path will be generated when the critical path is compressed. The new critical path will not affect our
dynamic control of the total duration.

The EMA-DCPM model meets the design expectations and achieves the dynamic control of the
project schedule objectives. In addition, the EMA-DCPM can be used for projects with high planning
rigidity, that is, the plan can only be advanced but not postponed. The EMA-DCPM model has the
following advantages compared with the traditional CPM model. See Table 2. The main reason for
the improvement of the accuracy of the plan is that the attention mechanism is used to predict the
operation time of the process.

Table 2. Performance comparison of traditional CPM and EMA-DCAM algorithms.

Method Prediction accuracy = Dynamic characteristics Objective
control
Traditional CPM method Low No Yes, non-rigid
EMA-DCPM High Yes Yes, rigid

5. Conclusion

(1)The paper focuses on the production operation time is the important basic data of intelligent
algorithm, and carries out data collection and prediction research. Through information technology
and taking the collaborative task list as the carrier, the process-level operation time collection is real-
ized. Flexible use of time data processing methods, combined with artificial intelligence models, to
predict the production time of unknown batches of products in the future.

(2)The paper optimizes the CPM model and proposes a new EMA-DCPM algorithm based on
the dynamic prediction characteristics of machine learning. Compared with traditional calculation
methods, the accuracy of the prediction results has been significantly improved. It solves the problem
that the operation time of multiple varieties, variable batches and mixed line products cannot be de-
termined. Through the end-to-end characteristics of machine learning models, to some extent, the
paper considers the complex factors in the actual production environment.

(3)For the prediction of the operation time of the heat treatment process, the project adopts three
different artificial intelligence model algorithms. Through comparative study, it is found that the at-
tention mechanism model is more suitable for the prediction of production time.

(4)By optimizing the CPM algorithm, an algorithm that can dynamically track the project pro-
gress and dynamically optimize the path is proposed. Combined with the previous work time pre-
diction results, the algorithm can further improve the manufacturing enterprise's control ability of
the total duration of complex projects.
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