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Abstract. Due to the poor compensation accuracy, the traditional compensation
algorithm for thermal zero shift of pressure sensor results in large error of pressure
measurement. Therefore, this paper proposes a pressure sensor thermal zero drift
compensation algorithm based on data mining and BP neural network. Combined
with the data mining process, the characteristics of the thermal zero drift of the
pressure sensor are analyzed, and the hysteresis and nonlinear characteristic curve
of the pressure sensor is obtained to prepare for the compensation of the thermal
zero drift. ThenBPneural network is introduced to determine the parameter update
mode, which is effectively combined with artificial fish swarm algorithm, and the
compensation of pressure sensor thermal zero shift is realized by implementing the
thermal zero shift compensation algorithm of pressure sensor. The experimental
results show that the pressure measurement error range of the algorithm in this
paper is 0.30 N–1.45 N. Compared with the three existing algorithms, the pressure
measurement error of the algorithm in this paper is smaller, which indirectly shows
that the algorithm in this paper has a higher thermal zero drift compensation
accuracy, which fully shows that the algorithm in this paper compensates better
performance.

Keywords: Data mining · BP neural network · Pressure sensor · drift
compensation · Artificial fish swarm algorithm

1 Introduction

The three foundations of modern information technology are information collection,
transmission and processing technology, namely sensor technology, communication
technology and computer technology, which constitute the “sense”, “nerve” and “brain”
of information technology system respectively. The most important component of infor-
mation acquisition system is sensor, which is placed in the front of the system. In this
case, sensor can be called cutting-edge technology [1]. With the development of com-
munication technology and computer technology, sensor technology has been improved.
Sensor is a kind of detection device, which can feel the measured information and trans-
form the detected information into electrical signal or other required information output
according to certain rules, so as to meet the requirements of information transmission,
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processing, storage, display, recording and control. Sensor is the first step to realize
automatic detection and control.

The pressure sensor is one of the key types of sensors. The core of the pressure
sensor is the diffused silicon resistance bridge, and the single chip microcomputer tech-
nology is used to collect data, process and output the display results. The piezoresistive
coefficient of diffused silicon is a function of temperature, so there is a temperature drift
of sensitivity. There are many factors that affect the temperature, such as the change of
measuring environment, the change of measuring circuit heat, etc.

The zero point of pressure sensor has thermal drift, electrical drift and time drift [2,
3]. The thermal zero drift of pressure sensor will lead to the increase of temperature
variation and the change of internal circuit parameters, which will lead to the output of
interference signal which has nothing to do with the measurement and greatly affect the
performance of pressure sensor. The existing thermal zero drift compensation algorithm
of pressure sensor mainly includes bridge arm series and parallel constant resistance
algorithm, bridge arm thermistor compensation algorithm and bridge external series
and parallel thermistor compensation algorithm. Through investigation and research, it
is found that the existing algorithms have the problem of large measurement pressure
error.

Based on data mining and BP neural network, a new compensation algorithm for
thermal zero drift of pressure sensor is designed in this paper to overcome the short-
comings of traditional compensation algorithms. The design idea of this method is as
follows:

(1) Combined with the data mining process, the thermal zero drift characteristics of the
pressure sensor were analyzed, and the hysteresis nonlinear characteristic curves of
the pressure sensorwere obtained to prepare for the thermal zero drift compensation.

(2) BP neural network was introduced to determine the parameter update mode, which
was effectively combined with artificial fish swarm algorithm, and then the com-
pensation of pressure sensor thermal zero shift was realized by implementing the
thermal zero shift compensation algorithm of pressure sensor.

(3) Experimental verification shows that: compared with the three existing algorithms,
the proposed algorithm has a smaller error in measuring pressure, which indi-
rectly indicates that the proposed algorithm has a higher compensation accuracy
for thermal zero drift.

2 Research on Compensation Algorithm for Thermal Zero Drift
of Pressure Sensor

2.1 Analyze the Characteristics of the Thermal Zero Drift of the Pressure Sensor
Through Data Mining

The so-called zero point output of the pressure sensor refers to the output of the pressure
sensor when there is no external pressure under a certain reference temperature and
a certain excitation source. The zero output voltage can sometimes be larger than the
output voltage at full scale. At this time, a resistor can be connected in series or in parallel



96 Y. Li and D. Zhao

with a certain bridge arm to make the bridge output zero, which is easy to achieve at
a certain temperature [4]. The parameter to judge the quality of the zero point output
of a pressure sensor is the ratio of the maximum zero point output to the upper range
limit of the sensor. If the ratio is less than 0.8%, the zero point output of the sensor is
considered to be small and can be ignored; if it is greater than 4%, the zero point output
is equivalent big.

The main reasons for the zero-point output of the pressure sensor include: first,
the difference between the design size of the force sensitive resistance bar and the
actual size formed by lithography, and the inconsistency in the resistance value of the
resistance bar due to the uneven doping concentration; Second, the stress introduced by
the package is applied to the sensor to produce the output. Therefore, this study analyzes
the characteristics of thermal zero drift of pressure sensors through data mining, and the
process is as follows:

The relationship curve between the output voltage of the pressure sensor and the
pressure is shown in Fig. 1.
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Fig. 1. Schematic diagram of relationship between output voltage and pressure of pressure sensor

In Fig. 1, U represents the output voltage of the pressure sensor; P represents the
pressure value of the pressure sensor.

As shown in Fig. 1, it shows the relationship between the typical output voltage of
the pressure sensor and the pressure under a certain excitation source. The three straight
lines respectively represent the output conditions of the sensor at 0 °C, 25 °C and 50 °C.
The zero point of the pressure sensor affected by temperature has changed significantly.
This is because the doping of the force-sensitive resistor strips is inconsistent, resulting
in a difference in the temperature coefficient of resistance. Considering only a single
temperature situation, the zero-point output voltage offset can easily be offset by adjust-
ment [5]. However, after the temperature changes, a new zero point output will appear.
This phenomenon is called temperature drift of the zero point output voltage, or thermal
zero point drift for short. When the three curves in Fig. 1 are subjected to the same initial
pressure P0, the output difference is caused by the thermal zero drift. Thermal zero drift
is one of the important indicators of the performance of pressure sensors. Generally, the



Thermal Zero Drift Compensation of Pressure Sensor 97

thermal zero drift coefficient α0 is used to represent:

α0 = Umax
0 (T ) − Umin

0 (T0)

�T
[
UF − U 0

] × 100%FS/oC (1)

In Eq. (1), Umax
0 (T ) is the maximum zero point output at a reference temperature T ;

Umin
0 (T0) is the minimum zero point output at a reference temperature T0; �T is the

temperature working range of the sensor;UF is the average value of the full-scale output
at each reference temperature; U 0 is the average value of the zero point output at each
reference temperature; FS is the unit name of the thermal zero point drift coefficient α0.

Full scale output refers to the maximum effective output of the pressure sensor
within the required range under the specified reference temperature and certain excitation
current or voltage conditions [6]. As shown in Fig. 1, the full scale output is:

UN
sig(T0) = UN (T0) − U0(T0) (2)

In formula (2), UN
sig(T0) is the maximum effective output at a reference temperature T0;

UN (T0) is the upper limit of the standard full scale at a reference temperature T0;U0(T0)
is the zero point output value at a reference temperature T0.

When the force-sensitive resistor is distributed in the appropriate area of the silicon
diaphragm, the output signal will be the largest when under pressure, and the full scale
should be widened as much as possible. The sensitivity is usually used to describe the
performance of the pressure sensor. The sensitivity S is defined as:

S = 1

VB

UN − U0

PN
= 1

VB

UN
sig

PN
(3)

In formula (3), VB is the external excitation voltage; PN is the upper limit of the sensor
range. It can be seen from the formula (3) that the full-scale output UN

sig is equal to the
sensitivity, VB multiplied by the upper limit of the range, that is, the full-scale output is:

UN
sig = S × VB × PN (4)

Pressure sensitivity S and full-scale output UN
sig both decrease with increasing tem-

perature. This is because the pressure sensitivity is proportional to the piezoresistive
coefficient, and the piezoresistive coefficient decreases with increasing temperature. In
addition, the thermal stress is caused by the difference between the two sides of the force
sensitive resistor p−n junction and the thermal expansion coefficient of the surface SiO2
or the passivation layer Si3N4, resulting in an additional piezoresistive effect, which is
also related to temperature. The thermal sensitivity drift is also a measure of the quality
of the pressure sensor. One of the important indicators [7]. The expression of thermal
sensitivity drift coefficient K0 is:

K0 = �Umax
F (T ) − �Umin

F (T0)[
UF − U 0

]
�T

× 100%FS/oC (5)

In Eq. (5),�Umax
F (T ) refers to themaximumvalue of full-scale outputminus zero output

at a reference temperatureT ;�Umin
F (T0) refers to theminimumvalue of full-scale output

minus zero output at a reference temperature T0.
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2.2 Analysis of Hysteresis and Nonlinear Characteristics of Pressure Sensors
Through Data Mining

Based on the analysis results of the thermal zero drift characteristics of the pressure
sensor, the hysteresis nonlinear characteristic curve of the pressure sensor is obtained
through the data mining process, as shown in Fig. 2.
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Fig. 2. Hysteresis and nonlinear characteristic curve of pressure sensor

As shown in Fig. 2, the hysteresis nonlinearity refers to the degree of inconsistency
between the positive and negative stroke input and output curves of the sensor in the
full range. The hysteresis nonlinear characteristics widely exist in sensors, piezoelectric
ceramics, ferromagnets, semiconductor materials and smart materials, etc. field. As a
pressure sensor with excellent performance, the pressure sensor also has hysteresis and
nonlinear characteristics, which limits the accuracy of the measurement [8]. The magni-
tude of hysteresis nonlinearity can be determined by pressure calibration experiments. In
the calibration experiment of the pressure sensor, first calculate the difference between
the arithmetic mean of the forward output and the arithmetic mean of the reverse output
at a set pressure measurement point:

�yHi = y+i − y−i(i = 1, 2, 3, · · ·) (6)

In Eq. (6), y+i and y−i refer to the arithmetic mean value of forward output and backward
output respectively; the value range of i is (1,+∞).

The calculation formula of sensor hysteresis is:

ξH = |�yH |
yFS

× 100% (7)

In formula (7), ξH is the hysteresis value of the sensor; yFS is the full-scale output.
Solve the hysteresis and nonlinear problems of pressure sensors. Generally, data

fusion algorithms are used to compensate. The pressure sensor designed in this research
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uses the BP neural network algorithm to compensate for the hysteresis. Formula (7) is
used to calculate the change in the hysteresis of the sensor before and after compensation
to verify the effect of the hysteresis correction.

2.3 BP Neural Network Algorithm Introduction

BP neural network algorithm is a multilayer feedforward network trained by error back
propagation algorithm, which is usually used for data classification and prediction. The
most important part of BP neural network algorithm is the learning part of its weight
and threshold. Generally, the learning process is divided into two parts. One part is the
forward transmission process, that is, the input samples are transferred from the input
layer, and then processed layer by layer by each hidden layer, and then transferred to
the output layer. The other part is the process of error reverse transmission, that is, if the
actual output of the output layer is not the same as the expected output, the error is used
as the adjustment signal to reverse the transmission layer by layer, and the connection
weight matrix between neurons is processed to reduce the error. After repeated learning
process, the error is finally reduced within the initial set range [9].

BP neural network is composed of input layer, output layer and intermediate layer
between them. The middle layer can be single-layer or multi-layer. Because the middle
layer is not connected with the external environment, it is also called hidden layer. The
input layer, hidden layer and output layer are connected with each other, but the nodes
of single layer are not connected. The structure of BP neural network is shown in Fig. 3.
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Fig. 3. BP neural network structure diagram

It can be seen from Fig. 3 that the BP neural network algorithm is composed of
multiple input layers, hidden layers and output layers. Specifically, the input layer accepts
external input by a series of input signals from X1 to X2. Correspondingly, the output
layer is composed of a series of network output values, which is Y1,Y2, · · · ,Ym in the
figure above. The hidden layer between the two is represented by the corresponding
network weightsWij andWjk . In addition, θj and θk can be used to represent the network
threshold between two adjacent layers. Then the output of each node can be obtained by
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the following formula:
⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

x∗
j = f

(
n∑

i=1
wijxj − θj

)

yk = f

(
l∑

j=1
wjkx∗

j − θk

) (8)

In Eq. (8), f represents the function transformation relationship between the input and
output of neurons, which is called the excitation function and type S function:

f (x) = 1

1 + e−x
(9)

The prediction error E of BP neural network can be obtained, where ok is the expected
value of BP neural network:

E = 1

2

m∑

k=1

(ok − yk) (10)

If the error at this time is less than the previously set error, the calculation ends, otherwise
it enters the error reverse transmission part.

Minute. In order to further reduce the error, the gradient descent method is used to
adjust and update the weights and thresholds. The so-called gradient descent method
is to adjust the weights and thresholds to the negative gradient direction, so that the
adjustment amount of the two and the gradient of the error fall into direct ratio. The
parameter adjustment formula is:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

W ′
ij = wij − η ∂E

∂wij

W ′
jk = wjk − η ∂E

∂wjk

θ ′
j = θj − η ∂E

∂θj

θ ′
k = θk − η ∂E

∂θk

(11)

In formula (11), η represents the learning rate, and the value range is [0, 1]. Train the
BP neural network according to the result of formula (11). If the error is less than the
set error, the learning ends, otherwise it will enter the next round of learning.

2.4 Design of Thermal Zero Drift Compensation Algorithm

Based on the above introduced BP neural network algorithm combined with artificial
fish school algorithm, a pressure sensor thermal zero drift compensation algorithm is
introduced.

Since the artificial fish school algorithm can iteratively optimize in the global scope,
combining the artificial fish school algorithm with the BP neural network can combine
the advantages of the two to make up for its own shortcomings. In other words, the
artificial fish swarm algorithm can be used for global optimization to solve the problem
of BP neural network being easily trapped in local minimums [10, 11]. Assuming that
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each artificial fish in the artificial fish school represents a BP neural network, the initial
weights and thresholds of the BP neural network need to be optimized to correspond to
the individual state of the artificial fish, and the best position of the BP neural network is
obtained by finding the optimal artificial fish position. Optimal weights and thresholds,
and then use the obtained optimal weights and thresholds to train the BP neural network.
This study defines the fitness function F of the artificial fish school as the reciprocal of
the mean square error value E of the BP neural network output result and the expected
value result.

The specific steps of the pressure sensor thermal zero drift compensation algorithm
are as follows:

Step 7: if num reaches the maximum number of iterations trynumber or the error of
the solution is less than the set minimum error ε, the behavior ends and the calculation
result is output, otherwise num = num + 1, go to step 4.

Through the above process, the thermal zero drift compensation of pressure sensor is
realized, which provides effectivemeans for the application and development of pressure
sensor.

3 Simulation Experiment and Result Analysis

The above process realizes the design of thermal zero drift compensation algorithm of
pressure sensor based on datamining and BP neural network, but whether it can solve the
problems of existing algorithms is uncertain. Therefore, MATLAB software is used to
design simulation experiments to verify the compensation performance of the proposed
algorithm.

3.1 Simulation Experiment Data Acquisition and Experiment Preparation

The experiment of the temperature influence of the pressure sensor is carried out in
an experiment box. The equipment used in the experiment is: two pressure sensors, a
thermostat, a signal simulator, and a standard thermometer.

During the measurement, it needs to wait for the pressure value at each set tempera-
ture point before reading, and it needs to carry out 10 repeated experiments and read 10
times of data, and then it needs to average the 10 times of data corresponding to each
observation point, so as to complete the acquisition of the measured value of the pressure
sensor. For the calculation of the standard value of the pressure sensor, it is necessary to
make further correction on the basis of the measured value of the pressure sensor, that
is, to add the corresponding correction value on the basis of the average value of each
test point. Some of the data are shown in Table 1.

The difference between the measured value of the pressure sensor and the standard
value is taken as the measurement error value of the pressure sensor, the temperature
value is taken as the abscissa, and the measurement error value is taken as the ordinate.

The temperature influence error curve of the pressure sensor corresponding to each
temperature is drawn, as shown in Fig. 4. Based on the data in Fig. 4, BP neural network
algorithm was trained to prepare for the simulation experiment.
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Table 1. Part of simulation experiment data table

Interference amount (°C) Measured value Standard value Error

20 23.08 23.55 0.47

25 22.57 25.05 2.48

30 45.89 48.25 2.36

35 45.59 48.00 2.41

40 68.65 71.20 2.55

45 67.65 71.25 3.60

50 88.77 90.35 1.58

55 85.40 92.30 6.90

60 92.50 96.50 4.00

65 91.88 97.60 5.72
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Fig. 4. Temperature influence error curve of pressure sensor

3.2 Analysis of Results

In order to clearly show the performance of the proposed algorithm, the bridge arm
series and parallel appropriate constant resistance algorithm, the bridge arm thermistor
compensation algorithm and the bridge outside series and parallel thermistor compen-
sation algorithm and the proposed algorithm are used for simulation and comparative
experiments. In order to facilitate the experiment, the above existing algorithms are
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called existing algorithm 1, existing algorithm 2 and existing algorithm 3, and the mea-
surement pressure error is obvious after compensation It shows the performance of the
algorithm.

The measured pressure error data obtained by simulation experiment is shown in
Table 2.

Table 2. Data sheet of measurement pressure error

Interference
amount (°C)

Measurement pressure error/N

The algorithm in this
paper

Existing
algorithm 1

Existing
algorithm 2

Existing
algorithm 3

20 0.30 2.13 2.56 2.48

25 1.23 2.00 2.01 2.44

30 1.20 2.10 3.10 2.69

35 1.11 2.11 3.00 2.58

40 1.01 2.05 2.99 2.15

45 1.00 2.56 2.01 2.12

50 1.03 2.48 2.55 2.30

55 1.22 2.55 2.41 3.10

60 1.45 2.97 3.01 3.00

65 0.98 3.01 3.12 3.05

According to the data in Table 2, the measurement error range of the existing algo-
rithm 1 is 2.00–3.01; the measurement error range of the existing algorithm 2 is 2.01–
3.12; the measurement error range of the existing algorithm 3 is 2.12–3.10; the mea-
surement error range of the proposed algorithm is 0.30–1.45. Through the comparative
study, it is found that the pressure measurement error of the proposed algorithm is far
lower than the existing three algorithms.

The reasons for the above results are as follows: compared with the existing three
algorithms, the proposed algorithm has smaller pressure measurement error, which indi-
rectly indicates that the proposed algorithm has higher accuracy of thermal zero drift
compensation, and fully indicates that the proposed algorithm has better compensation
performance. The reason for the above results is that the algorithm in this paper combines
the data mining process to analyze the thermal zero drift characteristics of the pressure
sensor and obtain the hysteresis nonlinear characteristic curve of the pressure sensor,
which makes sufficient preparation for the thermal zero drift compensation. Then, BP
neural network is introduced to determine the parameter updating mode, which is com-
bined with artificial fish swarm algorithm effectively, thus improving the accuracy of
thermal zero drift compensation.
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4 Conclusion

In this paper, data mining and BP neural network are applied to the process of pressure
sensor thermal zero drift compensation, which greatly improves the accuracy of pressure
sensor thermal zero drift compensation, reduces the pressure sensor measurement error,
and provides a certain reference value for the research of pressure sensor thermal zero
drift compensation. Although the existing experimental results can prove the effective-
ness of the proposed algorithm, the explanability of the obtained experimental results is
low due to the lack of experimental data in the simulation experiment, and there are also
certain deviations. Therefore, in the following research, the compensation algorithm of
thermal zero shift of pressure sensor will be further studied and discussed, the amount
of simulation data will be increased, and the compensation results will be optimized.

Fund Projects. Research on temperature compensation method of silicon sapphire high
temperature pressure sensor (CJGX2016-KY-YZK032).
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