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Abstract—A new shift schedule with 4-parameter of construction
vehicle was discussed and analyzed. The power train model of
construction vehicle is vital to automatic shift and difficult to be
expressed with mathematic model, while intelligent control is
effective for solving the problem. A multi-layer back-propagation
neural network (BPNN) model was proposed to describe the
model of construction vehicle. The BPNN was trained based on
input/output dada taken from experiment before that. Based on
the BPNN, improved algorithms were proposed to accelerate
calculation of optical shift point and control approach.
Experimental results showed that the shift strategy with 4-
parameter was better than that with 3-parameter and could
improve the efficiency of torque converter and save energy, and
BPNN was effective to improve shift decisions intelligence of
construction vehicle.

Keywords—Construction vehicle, Automatic shift, 4-
parameter, back-propagation, neural network.

1. INTRODUCTION

Construction vehicle usually works in the complicated and
execrable environment and its load is changeful, so it is hard
to operate. To relieve the driver’s labor intensity and improve
the power performance and fuel economy, automatic
transmission is now widely used in construction vehicle, and
the shift schedule plays a key role in automatic transmission
of construction vehicle[1][2]

Nowadays, there are many shift schedules of construction
vehicle, such as 2-parameter shift schedule, which use the
throttle opening and vehicle speed as shift parameters, or 3-
parameter shift schedule, where the 3 parameters are throttle
opening and the speeds of the impeller and the turbine of
hydrodynamic torque converter. However, all of those
schedules mentioned above neglect the change of power that
working pump consumed. In fact, when construction vehicle
works, much engine power is consumed by working pump, and
it can even reach to 40% ~ 60% of engine power at most.
Furthermore, the working pump pressure is unstable.
Considering the change of power consumption by working
pump, a new shift schedule with 4-parameter is discussed,
where parameters are the pressure of working pump, throttle
opening, pump speed and turbine speed of torque converter.
Due to the inner complex physical and chemical change in the
course of engine operation, based on mechanism modeling or
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curve approximating, the precision of model obtained is
usually limited[3].In the paper, a multi-layer back-propagation
neural network (BPNN) model will be proposed to describe the
model of construction vehicle and analyze the intelligent
gearshift control.

II.  MECHANICAL MODEL

A power train of construction vehicle with automatic
transmission usually consists of six main components, such as
diesel engine, oil pumps, torque converter, gearbox, output
train, and vehicle. All components can be considered as rigid
bodies, which are connected to each other by ideal rigid joints,
clutches and force elements, as shown in Fig.1.
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Fig.1. Power train model.

As is seen in Fig.1, the engine power is divided into two
parts: one part is consumed to drive by torque converter, and
the other one is consumed to operate by working pump.

III.  SHIFT SCHEDUL

Torque converter is indispensable to construction vehicle,
however, its efficiency is low. From the primary characteristic
of YJ355 torque converter shown in Fig.2[4,5], we can see
that there are two points which meet the operating condition

of 1. =1n_.n Mmin -the lowest efficiency for construction

vehicle, is usually selected as 0.75. So the whole operating
condition of torque converter is divided into three regions by
the two points, low efficiency range with low speed ratio, high
efficiency range and low efficiency range with high speed
ratio. The operating point of torque converter of construction
vehicle moves to the low efficiency range with low or high
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Fig.2 Primary characteristics of torque converter

speed ratio, as the vehicle resistance increases or decreases.

In order to make torque converter work in the high
efficiency range, automatic transmission should downshift or
upshift when the torque converter works in the low efficiency
range with low or high speed ratio.

ZL50E, which has a gearbox with 4 shifts, is taken from
an example to show how shift schedule is used. As is seen in
Fig.2, the automatic transmission needs to downshift in the
low efficiency range with low speed ratio, upshift in the low
efficiency range with high speed ratio, and remain the same in
the high efficiency range. If the efficiency still can not reach

n...i by shifting gear, the speed ratio should be adjusted.

The power consumed by working pump can be transformed
to the corresponding equivalent throttle opening A [6], which
is

Aa=A(N,)=f(p) 0
And the equivalent throttle opening is
o, =a—Aa=f(n,,p) 2)

Where ¢, represents the equivalent throttle opening of
diesel engine. The relation curve between p and A« is
shown as Fig.3, which is based on the experiment at the full
throttle opening. Similarly, the relation curves can be obtained
at diverse throttle opening, and they are saved in the memory

of CPU in computer.
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Fig.3 Relation of the pump pressure and equivalent throttle opening

IV. sHIFT SCHEDUAL BASED ON BPNN

Artificial neural networks, due to their excellent ability of
non-linear mapping, generalization, self-organization and self-
learning, have been proved to be of widespread utility in
engineering, and are also steadily advanced into new
areas[7,8]. BPNN, trained by back-propagation of errors, is
perhaps the most popular network architecture today[9].

A. Topology of BPNN
The number of nodes on each layer is determined
according to practical situation. In the paper, the input vector

is X(i, o, p) and the output vector is Y(y;, v, ¥3, ¥4). According
to the following empirical formula

s= \/0.43mn +0.12n> +2.54m+0.77n+0.35 +0.51
from [10], the network has 5 nodes in hidden layer. So, the
topology of BPNN used in this paper is 3—5—4, as is shown
in Fig.4.

shift
1234

yi 1000

I —Q y2 0100
& — y; 0010
P — vs 0001

hidden layer

input layer output layer

Fig.4. Topology of BPNN

Where m, s and n represent the numbers of input mode, the
numbers of hidden mode and the numbers of output mode.

(2)

Wl-(/l) and w; are weights of input layer and hidden layer

respectively.

Y=(1000),0100),0010),000 1) represent from the
first gear to the fourth one of gearbox.

B.  Learning arithmetic of BP neural network model

Define Wl;l) (1<i<3,1<j<5) as the weight
connecting the ith input node with the jth hidden node. Define
Wl.(jz) (1<i<5,1< j<4) as the weight connecting the ith
hidden node with the jth output node. Similarly, " and 8

are the threshold nodes of the hidden layer and the output
layer respectively. Then the above interrelationship forms a

non-linear mapping from the input space vector X € R” to

the output space vector ¥ € R".
Here, according to the input vector X , the ith output
node of the hidden layer is

0,(m)=f (Z wy (), (m) =0 (n)) ()

The ith output node of the output layer is
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Where f(x) refers to the activation function, and the

most widely used activation function is the sigmoid function,
which can be described as:

1
f)=—— ()
I+e
Then the square deviation for this step of training is
(di —J)i (n))2
e’ (n) =——1— (6)

2

The mean square deviation is
1 N
E _(n)=—) e’(n ()
w (1) = o Z::l i (n)
Where N represents the number of the training samples, and

d, is the desired output.
Suppose the learning rate is 77, the error signal of the jth

node in the hidden layer is 5]1 (n), and the error signal of the

jth node in the output layer is 5]" (n), the BP algorithm can
be described with the following formula (8)—(13):

67 (m)=y (m(1=y,(m)d, (n)=y,(m) @®
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Fig.5 The flow chart of BPNN
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AwP (n) = 18! (n) - x,,(n) (10)
Awl;z) (n)= 775].0 (n)-0,(n) (11)
wi (n+1) = wi (m) + Awi (n) (12)

[=1,2 (13)

The calculating flow chart for BP neural network is
shown as Fig.5.

C. Improved BPNN

BP Neural network has increasingly gained wide attention
from researchers in recent years because of its high
nonlinearity and strong ability of error tolerance. However,
the traditional BP algorithm needs long convergent time, and
sometimes the convergent results can not be obtained because
of local minimum areas[11][12]. In this paper, an improved
BP neural network is proposed to solve the problems.

1) Adding Momentum Term method
The momentum terms are added in weights and thresholds
to avoid the local minimization, which can be expressed as

Aw® (n) =D (n) + oAw' (n—1) (14)
JdE(n)

D! (ny =~ 2E(). N

=S 3

l = 1, 2 (16)

Where o represents momentum coefficient. And Di](”(n) and
D,;z)(n) are the inverse gradient at the time of » in the hidden
layer and output layer. Similarly, Dl_j(”(n_l) is the inverse

gradient at the time of n-1. 7} is learning rate, which is a

positive number between 0 and 1. Then the fluctuation in
process of learning is alleviated and the constringency is
improved.

2) adaptive learning rate method

Learning rate 77 plays a significant role in neural network,

that is, if 77 is too big or too small, the neural network will
oscillate or converge too slowly. The lower the learning rate is,
the slower constringency speed is. A too big learning rate may
cause excess modification which results in oscillation or
divergence. So it is better to modify 7] according to the
iterative error change quantity AE(n). If AE(n) is smaller
than 0, it means that the iterative result is close to the global
minimum, and that 77 should be doubled. If AE(n) is bigger

than 0, it means that the iterative result deviates from the
global minimum, and 77 should be halved. The algorithm of

adaptive learning rate is provided as follows:

Aw'" (n) =n(n)D{ (n) (17)

i

n(n)=2*n(n-1) (18)



Mean square deviation

Mean square deviation

A=sgn(AE(n)) (19)
AE(n)=E(n)—-E(n-1) (20)

[=1,2 21

If Adding Momentum Term method is applied,

formula(14) can be modified by the following formula(22):
AwS? (n) =n(n)D}" (n)+ oAw’(n—1)  (22)

Learning rate can be adjusted to suit the connecting weight
during iterating, so the local minimum is avoided and the time
of training is decreased. Improved BP algorithm has good
nonlinear approximation ability, short convergent time and
high discrimination rate.

D.  Simulation results for improved BPNN

In order to show the effect of BPNN for four-parameter
shifting schedule, a test simulation is carried out based on the
input/output data which are obtained from a shift experiment
on the automatic transmission system. The training
calculations are made by MATLABJ[13].

In the experiment, we choose the mean square error as
0.001 and the learning rate as 0.01. The simulation results
based on traditional BPNN are shown in Fig.6, and the
simulation results based on improved BPNN are shown in
Fig.7. As is seen from the figure, the traditional BP algorithm
criterion converges with the required accuracy after 1584
iterations. However, the improved BP algorithm only needs
242 iterations. The convergence rate of improved BPNN is
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Fig.6 Convergence times of traditional BP algorithms
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Fig.7 Convergence times of IBP algorithms

quicker than that of traditional BPNN, and the training curve
of error is smoother.

V. EXPERIMENTAL RESULT ANALYSIS

In order to validate the shift schedule, an experiment is
carried out on the electronic-controlling test bench of
construction vehicle, which consists of an engine, a torque
converter, a working pump, an overflow valve, a gearbox, a
speed increaser, and an electric eddy current dynamometer.
The diesel engine is a power supply. The electric eddy current
dynamometer is a power dissipation device used to simulate
the load of construction vehicle, in which the brake load is
controlled by adjusted winding current. The speed increaser is
used to match the rotational speed of torque converter and that
of the electric eddy current dynamometer. And the overflow
valve is used to simulate the operating equipment.

In the experiment, the time interval is set to 2 seconds to
restrain the shift cycle, that is, the next shift is permitted not
less than 2 seconds after finishing previous shift. Furthermore,
the time interval of separation and combination of the clutch is
set to 0.02 seconds to avoid the phenomenon of friction
component “overlap more” or “overlap less”.

The efficiency of torque converter is controlled to be over
75%, and the experimental time is 100 seconds. The points,
whose efficiency 1. is 75%, are considered as the judging shift
points of automatic transmission. The experimental results are
shown in Fig.8 and Fig.9. In Fig.8, the four curves are throttle
opening curve, shift curve, the impeller and torque rotational
speed curve of torque converter and efficiency curve of torque
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Fig.8 Experimental results based on throttle opening variation
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Fig.9 Experimental results based on pump pressure variation

converter in 100 seconds. Similarly, in Fig.9, the four curves
are working pump pressure curve, shift curve, the impeller and
torque rotational speed curve of torque converter and
efficiency curve of torque converter in 100 seconds.

As is seen from Fig.8 and Fig.9, the automatic transmission
will upshift if throttle opening increases. If the pressure of
working pump decreases, the automatic transmission will
upshift, too. So the shift schedule can make torque converter
work in the high efficiency range. Similarly, when the pump
pressure increases, that is, the load increases, the output power
of the turbine converter will be decreased, and it will directly
influence the efficiency of torque converter. So the gearbox
will downshift to improve the drive power and its efficiency.
The four-parameter shift schedule can be better adapted to the
actual working condition according to the throttle opening and
the pressure of working pump, and it can ensure the
performance demand of construction vehicle better.

CONCLUSION

¢ A mechanical dynamical model of construction vehicle
is developed for the whole power train and verified by
experiment.

e Based on three-parameter shift schedule, a new four-
parameter shift schedule is discussed and analyzed,
which takes the influence of working pump into
sufficient consideration. The experimental results show
that four-parameter shift schedule can be better
adapted to the actual working condition, and it
improves the efficiency of torque converter according
to different pressure of working pump.

e The automatic shift schedule based on IBPNN can
identify the optional gear position and obtain control

precision in shorter time, and provide the theoretical
basis for the development of the intelligent control
system of construction vehicle.
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