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Abstract:

Torsional vibration of the transmission system on the fracturing truck is an important factor triggering the
vibration of the whole equipment. In this study, the sensitivity analysis of the total parameter model of the
transmission system is conducted to find the structural parameters of the transmission system that have a
greater influence on the response of torsional vibration. The ant colony optimization (ACO) algorithm is
introduced into the continuous domain optimization problem by adding a coding disk, and the improved
heuristic function is introduced. The improved ACO has better global search capability and convergence
speed compared with the traditional algorithm. After 25 times of optimization search, the global optimal
combination of optimized parameters is obtained, and the torsional vibration amplitude at the engine
crankshaft output is reduced by 17.2%.
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Introduction

swarm algorithm (PSO) [3], ant colony algorithm
optimization (ACO) [4], etc. The ACO is a
population-based heuristic bionic algorithm that
employs a distributed positive feedback parallel
computing mechanism, which is easy to combine
with other methods and has strong robustness. The
ACO is widely used in the field of discrete system
optimization such as combinatorial optimization

Torsional vibration has always been a critical
concern for the operation of the transmission
system. The current research on torsional
vibration control methods mainly focuses on
frequency adjustment method to change the
relevant parameters of the system and vibration
energy reduction method to add vibration
dampers. For devices with limited installation

space, the frequency adjustment method is a
preferable approach. The parameter optimization
algorithms based on frequency adjustment method
mainly include genetic algorithm (GA) [1],
simulated annealing (SA) algorithm [2], particle

problem, such as reconfiguration of electrical
networks [5], path planning problem [6], wireless
sensor network (WSN) [7], graph coloring
problem (GCP) [8], target tracking problem (TTP)
[9] and pipe routing design (PRD) [11-12], etc.
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However, in continuous domain optimization
problems such as dimensional parameter
optimization, the ACO suffers from the defects of
difficult solution and low accuracy [13-20].

In this study, the ACO algorithm is purposefully
improved and introduced into the continuous
domain optimization problem to solve the
engineering problem of structural optimization of
the equipment transmission system on the
fracturing truck platform.

The rest of this study is organized as follows:
Section 2 presents the mathematical optimization
model. Section 3 introduces the traditional ACO
algorithm and the improved mechanisms. In
Section 4, a set of experiments are conducted and
results are analyzed. Finally, Section 5 introduces
the conclusion.

2 Mathematical optimization model

2.1 Equipment transmission system on the
fracturing truck platform

The transmission system of equipment on the
fracturing truck generally consists of three
components: the engine crankshaft system, the
hydraulic ~ transmission  system and the
reciprocating fracturing pump crankshaft system,
and its simplified model is shown in Fig 1. The
three main mechanisms of the transmission
system are simplified based on the principles of
simplification related to the aggregate parametric
model, and the aggregate parametric models
obtained are shown in Fig 2~Fig 4.

Figure 1 Transmission system model
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Figure 2 Diagram of engine crankshaft equivalent system
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Figure 3 Parameter model of gear speed mechanism set
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Figure 4 Parameter model of fracturing pump crankshaft set

The aggregate parameter model of the transmission system can be simplified as shown in Fig 5.

The engine Kio | Ku The hydraulic K The r. "C"f”‘ ocating
crankshaft system transmission system fracturing pump
crankshaft system
Ju
Figure 5 Parameter model of the total set of equipment transmission system on the fracturing
truck

The simplified mathematical model expression of the transmission system is shown in Eq (1).
JO+CO+KO=T (1)

2.2 Sensitivity Analysis
In this study, the sensitivity problem is solved based on the direct derivative method, as shown in Eq (2).

AJ[A]- K[A] =0 2

The physical parameter p (rotational inertia or torsional stiffness) of Eq. (3) is derived by taking the partial
derivative and substituting it into Eq. (2). The total set of parameters undamped free vibration satisfies the
requirement of vibration orthogonality, and the left multiplication of the above equation yields Eq. (4).

20 9% 3 + 2 .
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(4)

Denote s(w | p) :%“;, when is the sensitivity of the intrinsic frequency with respect to the rotational inertia J;,

as shown in Eq. (5). When s(w | p) Is the sensitivity of the intrinsic frequency with respect to the torsional
stiffness K;, as shown in Eq. (6).
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From Eq. (5) and (6), it can be seen that the
sensitivity of the rotational inertia at the inertia
disc with larger relative amplitude is higher for
the inherent frequency, and the sensitivity of the
torsional stiffness at the inertia disc with larger
amplitude difference between the two ends is
higher for the inherent frequency.

The location with higher sensitivity can be
identified and dynamically modified, or the

8- -lncrﬁa sensitivity
-Stiffness sensitivity do0.15
6
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sensitivity of a location can be calculated
separately and modified individually. The
sensitivity analysis of the first four orders of
torsional inherent frequency of the transmission
system to each part of the rotational inertia and
torsional stiffness can be obtained from the
sensitivity of each component as shown in Fig 6 -
Fig 9.
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Figure 6 Sensitivity of first order fixed frequency Figure 7 Sensitivity of second order fixed frequency
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Figure 8 Sensitivity of third order fixed frequency

From the above figure, it can be seen that the
higher sensitivity parts are at the engine
crankshaft and transmission drive shaft. Due to
the more complex structure of the engine
crankshaft, higher production cost and more
influencing factors after modification, structural
modification is considered at the higher sensitivity
of the transmission drive shaft to change the
torsional vibration characteristics of the shaft
system. From the above sensitivity analysis, it can
be found that after ignoring the first 12 inertia
discs where the engine crankshaft is located, the
higher sensitivity of rotational inertia and
torsional stiffness are at the intermediate drive
shaft of transmission gear 1 and gear 2. Therefore,
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Fig 9 Sensitivity of fourth order fixed frequency

in this study, the dynamics parameters are
modified for the intermediate drive shaft in the
transmission to achieve the purpose of vibration
reduction.

2.3 Design Variables

The structural dimensions of the drive shaft
directly affect the torsional stiffness and rotational
inertia of the system, which in turn influence the
torsional  vibration characteristics of the
transmission system. Therefore, the optimized
design of the key structural dimensions can
improve the performance of the transmission
system and even the whole machine to a certain
extent. The structural dimensions of the
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intermediate drive shaft are shown in Fig 10.
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Figure 10 Diagram of optimized dimensions

Due to the fact that the drive shaft needs to be
assembled with gears on both sides and the
distance between the two gears is fixed, the radius
dimensions and shoulder lengths at the journals on
both sides cannot be varied. In order to reduce the
difficulty of the optimization scheme, the
structural dimensions that do not affect the
assembly relationship of the system are selected

as design variables. The seven parameters of
journal radius R; and R, shoulder radius R,, and
each step length L;~ L, of the intermediate drive
shaft were selected as design variables in order to
optimize the performance of the drive shaft by
reconfiguring  these  crankshaft  structural
dimensions that do not affect the assembly
relationship of other components.

Table 1 Range of values of design variables

Variables Initial Value | Constraint range | Variables Initial Value | Constraint range
/mm /mm /mm /mm

Ry 50 45~55 L, 137 120~150

R, 60 58~68 Ls 149 134~164

R3 50 45~52 Ly 40 36~44

L; 40 36~44

2.3 Optimization Objectives

The optimization objective of this study is to
reduce the maximum torsional amplitude of the

min fi(x)

subject to x; " < x, < x,

in which, f; is the maximum torsional amplitude of
the engine crankshaft output produced by the i-th
iteration; | is the maximum number of iterations;
xi is the optimization parameter; xi”, %’ are the
maximum and minimum values of the
optimization parameter, respectively.

3 ACO algorithm and its Improvement
3.1 Design Code Disk
In order to overcome the defects of the traditional

engine crankshaft output in one response cycle,
the mathematical expression of which shown in

Eq (7).

()

ant colony algorithm in the continuous domain
optimization problem, a code disk is designed in
this study. By setting the number of optimized
parameters to n, and the parameters are accurate
to L decimal places, a code space of size 0 ~ 9 is
designed, and each column is arranged with ten
numbers from 0 ~ 9 in turn, as shown in Fig 11.
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Figure 11 Schematic diagram of the code disk

The ants depart from the left side of the coding obtained nL series, denoted as d; (j=1. 2.
disk, taking only one code number per column, 3...nL), and the parameter taking coefficient Si
and after its passage through the code space, the can be derived from Eq. (8).

S= > Qoumxa) (8)

j=G—1DL+1
Based on Eq. (8), the optimization parameters can be expressed as Eq. (9).
% = (Ximax () = Xinin (1)) 83+ Xoin (0) 9)

in which: x,.. is the maximum value of the 3.2 Improved state transfer strategy and heuristic
optimized parameter and x,;,iS the minimum function

value of the optimized parameter. After
completing the encoding, the continuous domain
optimization problem is transformed into a
discrete path finding problem within the encoding
disk, which is the strength of ACO.

In the ACO algorithm, the ants select the coding
number of the next coding column based on the
pheromone and heuristic information on the path,
and the transfer rule is shown in Eq (10) - Eq (14)

5 { arg (max <rf,S<;>i1.z....,lo>> 1= (10)
S, = find(Peum (i.j) = rand) (11)
Peum (i,j) = Z(%) (12)

P (i) =z (0)]“[nG))]” (13)
n(ij)= fék) (14)

number selected by roulette, is the roulette

In which, Sy retums the independent variable function, Py (i, j) is the probability function of the

when the function is maximum; Pcum is the node
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ant to select the next node, «is the pheromone
importance factor; 4 is the heuristic function

importance factor; 7@ is the heuristic function, is
the torsional amplitude of the engine crankshaft
output obtained by generating the path after
selecting k nodes. k nodes after the unselected
nodes are predicted by roulette method. By using
this method, a random set of parameters is
generated for heuristic calculation at the
beginning of the algorithm execution, while the

;(t+D)=1U—p)r; (1) + 4

At

T (t ) = Tnax  Tjj (t ) > Tinax
() =9 7 () =7;(t)

Ty (t ) = Tonin

in which: =z, is the maximum value of
pheromone; 7z, IS the minimum value of
pheromone, ,_ % , . _ . The pheromone

Phos 20
concentration increment Q is the number of
pheromones released by ants in a single pass. The

0= e—0A7(1—1>/1,,mx
in which: 7 is the current number of iterations;
I« 1S the maximum number of iterations,
L =100,

4 Experimental simulation and analysis
In this study, the traditional ACO and the

’j:

current optimal parameters are heuristically
selected after the pheromone convergence.

3.3 Improved Pheromone Update Rule

When the iteration is completed, the pheromone is
added to the current optimal path, and the
pheromone is evaporated once for all paths with a

maximum-minimum range restriction on the

pheromone. The initial pheromone is set to

T =5, @S shown in Eq (15) - Eq (17).
(15)
7o (15)
else (17)

Ty (t) < Toin

larger Q is, the stronger the positive feedback of
the algorithm and the faster the convergence,
while the randomness and global search ability
will be weakened. In this study, an adaptive
method is used to update the pheromone
concentration increment, as shown in Eq (18).

(18)

improved ACO are used to optimize the nonlinear
system, and the two algorithms are performed 25
times respectively, and the simulation results are
shown in Table 2.

Table 2 Comparison of algorithm optimization results

Comparative items Traditional ACO Improved ACO
Average number of convergences 63.8 18.2

Global optimal solution 0.48748° 0.48546°
Number of global optimal solutions 6 24

Probability of global convergence 24% 96%

From Table 2, it can be seen that the improved
ACO algorithm outperforms the traditional ACO
algorithm in terms of global optimal solution and
convergence speed. The convergence curves
obtained using the traditional and improved ACO

algorithms are shown in Fig. 12 and Fig. 13,
separately, and the pheromone matrices at the end
of the algorithm are shown in Fig. 14 and Fig. 15,
respectively.
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Figure 12 The convergence curve of the traditional ACO
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Figure 13 The convergence curve of the improved ACO
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CURRENT SCIENCE CS 4 (5), 770-780 (2024) 777



CURRENT SCIENCE

Liping Tan and Hongyan Wang et al.

AN[eA QuowWoIYJ

Figure 15 The final pheromone of the improved ACO

From the convergence curve, it can be seen that
the traditional ACO algorithm converges after 80
iterations, and the magnitude of the original
system decreases by 16.85%, while the improved
ACO converges after 7 iterations, and the
magnitude of the optimization decreases by
17.19%, which indicates that the traditional ACO
algorithm falls into local convergence. From the
final pheromone graph, it can be found that the
final pheromone of the traditional ACO algorithm
does not converge to a path. The final pheromone
diagram shows that the pheromone of the
traditional ACO does not converge to a path and
is irregularly discrete, and the difference between

Torsional () 7() -
amplitude
value (°)

035\
0.00

-0.35}

S

-0.70 A
0.000 0.025

the maximum and minimum pheromone values is
large, which is easy to fall into the local optimum.
However, the final pheromone of the improved
ACO converges to a path, and the difference
between the maximum and minimum pheromone
values is not large, which still retains a better
global search ability in the convergence state. The
improved ACO is used for 25 optimizations, in
which the best optimization solution is found in
24 times, and only one converges in the middle,
and the global convergence rate of the algorithm
is 96%. The comparison of the torsional vibration
at the output of the engine before and after the
improvement is shown in Fig. 16.

Torsional vibration response
before improvement

Torsional vibration response
after improvement

1 J
0.050 0.075

Running time ($)
Figure 16 Comparison of torsional vibration response of the traditional and improved ACO

The optimal combination of each key dimension
of the structure to be optimized in the drive train
of the fracturing truck obtained by using the
improved ACO algorithm is [45,58,45,36, 120,
134,36]. Compared with the before and after
optimization, the torsional amplitude value of the

transmission system of the equipment on the
fracturing truck decreased by 17.199%. The
maximum torsional amplitude value of the
optimized transmission system is 0.48546°, which
does not exceed the maximum torsional angle of
0.5° permitted by safety, and the optimization
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effect of the improved ACO algorithm is
significant, and the optimized transmission system
meets the industry standard.

Conclusion

In this study, the torsional vibration optimization
of the equipment transmission system on the
fracturing truck stage is conducted by the
improved ACO algorithm. The traditional ACO
algorithm is improved and introduced into the
continuous domain optimization problem by
adding coding disks to solve the structural size
optimization problem. Furthermore, in order to
solve the shortcomings of the traditional ACO
which is easy to be premature, the parameter
design and the improved heuristic function are
also proposed to predict the untraveled path of
ants according to the pheromone distribution. The
improved ACO algorithm is applied to optimize
the torsional vibration amplitude of the equipment
transmission system on the fracturing truck
platform, so that the torsional vibration amplitude
of the engine crankshaft output is reduced by
17.199%. Compared with the torsional vibration
response of the system before and after the
optimization, the results of the improved ACO
algorithm are apparent, and the optimized
transmission system meets the requirements of
operation.
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