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Abstract: The development of upper-air meteorological detection is contingent upon the improvement of detection instruments. Air pressure sensors play a key role in high altitude meteorological measurement, but they can be frequently affected by temperature fluctutations, resulting in less accurate measurement data. The need to address this limitation has served as the core problem for meteorological detection and drawn great attention from the community. In this paper, we propose a calibration model for the DF-RBF air pressure sensor. The proposed method decomposes the detection process and corrects the measurements by fitting the residuals to true pressure values. In particular, we first calculate the error (i.e., residual) between the measured pressure value and the true pressure values, and then build an analytical formula to represent the relationship between the measurement residual and the temperature. Then we decompose the function and fit its parameters through an RBF network. Finally, we generate the calibrated value by combining the measured value and the residual estimated by the analytical formula. In our experiments, we compare against a baseline method which predicts air pressure directly using temperature by fitting an RBF network. We observe that our proposed method, which combines sensor measurement and residual modeling, can achieve much lower measurement error (reduced from 1.5 to 0.7, over 53% error). This shows the feasibility and potential of the proposed method for barometric calibration.
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1  Introduction

With the development of economy, science and technology, there is a growing interest from government and companies in studying climate change research and providing early warnings. The research along these directions require accurate and timely climate and weather information [1], which is often collected by meteorological sounding instrument. The barometric pressure sensor is a core component in meteorological sounding instrument, and is known to achieve good accuracy of measurement.

Theoretically, the air pressure sensor should have a linear relationship with its output air pressure. However, in practice, the air pressure sensor will be affected by fluctuating temperatures. There is a deviation between the real pressure and the measured pressure, the deviation in the air pressure value affects the accuracy of the final air pressure measurement [2]. Hence, there is an urgent need to improve air pressure measurement, which is critical for the development of meteorological research. In this paper, we aim to address the imperfection of such sensor data caused by temperature fluctuations.

Given the recent development of computer technology, there is a huge opportunity for using data-driven methods for calibrating high-altitude meteorological probe measuring instruments. In particular, Artificial Neural Network (ANN)-based methods have shown great promise to improve the accuracy of the software Calibration methods [3,4]. However, these data-driven methods commonly require a large set of training data while also ignoring the available information from air pressure measurement. To overcome such limitations, we leverage the data measured by air pressure sensors and then fix its bias given temperature fluctuations. First, we analyze the scatter graph distribution between the measured pressure and the standard pressure, and then we construct the analytic expression of the function between the error and the temperature. Third, we decompose the parameters of the analytic expression, and then combine the RBF network to obtain the complete analytic expression, and calculate the error value and the calibrated pressure value [5]. Finally, we complete the accurate calibration of the measured pressure. By decomposing the calibration process and fitting the residual (i.e., the error), our method has considerably reduced the need for large training set, and also reduced the fitting time. Besides, it provides improved measurement accuracy for high-altitude weather detection.

2  Materials and Methods

2.1 The Principle Block Diagram of Air Pressure Sensor Error Correction

The air pressure sensor used in this study is a novel M- pressure sensor, with an allowable temperature range [–30°C, 30°C] , and the pressure range [5 hPa, 1100 hPa]. The characteristic curve between the calibration temperature point and the original output pressure value is shown in Fig. 1. In this Figure, the original pressure value is the undeciphered measured pressure value, which is only used to highlight the characteristic changes of the pressure sensor. It can be clearly seen that the change trend at different temperature points is biased. To solve this problem, we aim to build a calibration model of the air pressure sensor to eliminate the error caused by temperature changes.
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Figure 1: The relationship between temperature and air pressure

The pressure sensor of the sounding instrument is an independent module, so the calibration of the pressure sensor is also carried out in an independent way. The whole data acquisition system of the air pressure sensor includes four modules, which are composed of a constant temperature tank, a air pressure controller, and a self-made air pressure detection device. We show the flow chart of the error correction process in Fig. 2.
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Figure 2: Error correction principle framework of the air pressure sensor

Suppose the input and output model of the air pressure sensor can be expressed as:


Pm=f(P,t)
(1)

where P is the standard air pressure value applied by the pressure controller under the sealed container to the air pressure sensor [6], t is the temperature value at the calibration time, Pm is the real measured air pressure value obtained by the air pressure sensor with the help of self-made air pressure detection equipment. The setting of the P value is 5 hPa~1100 hPa and monotonically increasing. If the air pressure sensor model and the error correction model are reciprocal, the output of the error corrected air pressure model, that is, the true air pressure value is Pc, can be expressed as:


Pc=P=f−1(Pm,t)
(2)

The essence of air pressure sensor error correction is to realize that Pm is infinitely close to 
P
, and 
Pc
is the value corrected by the model, so that the ideal input and output characteristic curve can be obtained [7].

2.2 Air Pressure Sensor DF-RBF Calibration Model

2.2.1 Design of the Decomposition Stage Model

Here we analyze the relationship between the input standard air pressure values and the output original air pressure values from the standard air pressure sensor input, as shown in Fig. 3. It can be seen that the input and output of the air pressure sensor follows a linear relationship and each characteristic curve can be expressed as:


y=kx−e
(3)

In Eq. (3), y is the standard air pressure value, x is the original air pressure value, the original pressure value is the undecrypted measured pressure value. After decryption, the value of the slope k is infinitely close to 1, and e is the error between the measured values and the standard values. According to the data collected in batches, the measured pressure value is greater than the standard pressure value, so the error value E needs to be subtracted. After that, by analyzing the distribution state of the scatter diagram between the input standard air pressure value and the output measured air pressure value, as shown in Fig. 4. It can be found that the standard pressure value and the error at different temperature points follow a certain linear relationship. This relationship can be expressed mathematically as a polynomial form, using polyfit in numpy for fitting [8]. R2 is used to evaluate the fitting degree of the model. The value of R2 is [0,1]. The closer it is to 1, the higher the fitting degree will be. It is generally considered that the model fitting degree above 0.8 is good, while the model fitting degree above 0.9 is excellent [9]. We adopt the optimal order of this polynomial as 2 to avoid over-fitting or under-fitting [10]. In this way, the relationship between the standard pressure value and the error at each temperature point can be expressed as:


e=ay2+by+c
(4)

The y in Eq. (4) is the standard air pressure values. The detailed parameters at different temperature points fitted by polyfit are shown in Tab. 1. The training set at different temperature points dicarboxylic polynomial coefficients a, b, c values. We can observe that the number of training sets is reduced too much compared to directly using the RBF model while the training time is also reduced.

Once we determine the binomial coefficients a, b, and c, we can estimate the error corresponding by the input standard air pressure value. Then we can estimate the final Y value by combining the estimated error and the measured pressure value.
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Figure 3: The characteristic curve between the standard pressure value of the pressure sensor and the measured pressure value
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Figure 4: The linear relationship between the standard pressure and the error of 8 sets of sampled data

The values of R2 in Tab. 1 further elucidate that the curve fitting parameters are reliable. It can be used to predict other temperatures binomial of a, b, c coefficients. According to the input of the different temperature, each coefficient also produces corresponding change with the temperature fluctuation [11]. In the following, we will discuss how to accurately get each temperature point respectively and between a, b, c relation curve line.
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2.2.2 Comparative Study of Models in the Fitting Stage

According to binomial parameters at different temperature points of the fitting problem. Using two data fitting methods, BP neural network and RBF neural network, which are mature and widely used in existing works [12]. The binomial parameters a, b, and c listed in Tab. 1 are fed into the BP neural network and RBF neural network for target training. The input sample is the corresponding temperature. Finally, two kinds of neural networks are compared and analyzed in binomial parameter fitting, and the test result is shown in Fig. 5. It can be seen that the RBF network is better than the BP network in fitting the a, b and c coefficients at different temperatures.
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Figure 5: Comparison of BP and RBF network training data and fitted data (a) BP neural network fitting parameters a (left), RBF neural network fitting parameters a (right), (b) BP neural network fitting parameters b (left), RBF neural network fitting parameters b (right), (c) BP neural network fitting parameter c (left), RBF neural network fitting parameter c (right)

3  Results

Fig. 6 shows the characteristic surface grid diagram when the pressure sensor is not calibrated [13,14]. It can be seen that the characteristic surface is distorted due to the error of the pressure sensor, resulting in the reduction of measurement accuracy.

After calibration of the measurement data collected by the air pressure sensor through the DF-RBF network model prtoposed in this paper, its characteristic surface is shown in Fig. 7. By comparing Figs. 6 and 7, it can be seen that the characteristic surface after using model calibration is smoother, which effectively reduces the error of the air pressure sensor and improves the measurement accuracy [15].
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Figure 6: Uncalibrated feature surface grid

Through the characteristic surface grid graph, we conclude that the DF-RBF network model can reduce the measurement error of the air pressure sensor. To better display the calibrated air pressure value and deviation of the DF-RBF model [16], the deviation [17] is shown in Eq. (5), we choose different Temperature points and different barometric pressure values as the test set data for model verification, and some of the test results are shown in Tab. 2.


Deviation=(calibratedairpressurevalue−standardairpressurevalue)/standardairpressurevalue
(5)
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Figure 7: Characteristic surface mesh after calibration
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Figure 8: Test performance comparison of different algorithms
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It can be seen from Tab. 2 that the deviation degree after calibration is no more than 0.1%, which confirms the superiority of this model for the error calibration of the air pressure sensor.

In order to clearly observe the excellent characteristics of this model and conventional BP and RBF network models [18], we also tested two traditional models. To keep the sample data unchanged, we use Pm and t as training samples, P as the training target, and train through BP and RBF networks respectively. We obtain respective network model weights and thresholds [19], according to the trained network for new sample prediction. In Fig. 8, we represent these two methods as “BP (convention)” and “RBF (convention)”.

Fig. 8 can be seen, the error of the DF-RBF models as compared to conventional based RBF and BP network model [20,21] of the error value is small, the deviations are also less than 0.1%, and therefore, use of DF-RBF network model correction pressure sensor The error is feasible.

4  Conclusions

In this paper, we aim to address the imperfection of air pressure measurement. First, we analyze the distribution state of the scatter diagram between the input standard pressure value and the output measured pressure value. We construct an analytical formula of the function between the error and the temperature, and calculate the parameters of the analytical formula. We then decompose the detection problem and use the RBF network to fit the relevant parameters of the analytical formula. By combining the estimated error and the measured data we obtain the calibrated pressure value. This proposed decomposition and calibration model has been shown to enhance the high measurement accuracy meteorological instruments, reduce the need for large training sets, and reduce the training time. The final experimental results show that the error is reduced from the original 1.5 hPa to 0.7 hPa, which reduces the measurement error by 53.33%. Hence, we anticipate the proposed method to be a feasible new method for barometric sensor calibration.
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Table 1: Bmomial coetficients at difterent temperature points fitted by polyfit

Temperature (°C) a b c R?

30 4.34E-06 —3.59E-03 1.4722 0.93
25 4.23E-06 —3.33E-03 1.0903 0.94
20 3.30E-06 —2.92E-03 1.3482 0.92
15 4.17E-06 —3.62E-03 1.3153 0.94
10 2.64E-06 —1.60E-03 1.7295 0.91
5 3.27E-06 —3.34E-03 1.3732 0.94
-15 5.15E-06 —5.81E-03 1.9580 0.97
-25 5.45E-06 —5.58E-03 1.6905 0.95
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Table 2: Test set calibration accuracy table

Standard pressure Air pressure before calibration/hPa Air pressure after calibration/hPa Deviation

/hPa 1%

1100 1102.27 1100.25 0.023
1000 1001.53 1000.68 0.068
900 900.97 900.24 0.027
800 801.08 800.66 0.082
700 700.56 700.16 0.023
600 600.4 600.6 0.100
500 500.50 500.22 0.044
400 400.77 400.29 0.073
300 300.98 300.14 0.047
200 201.17 200.03 0.015
100 101.5 100.46 0.460

5 5.59 5.01 0.200
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