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Abstract- This paper presents an adapt filter system to reduce the noise of gyro system of unmanned aerial vehicle. Radial 
basis function network and multiply Kalman filter are used with vector acceleration and angular acceleration. The gyro noise 
feature can be estimated to adjust numbers of Kalman filter layers. The proposed method can increase reliability of gyro data. 
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I. INTRODUCTION 

 
Due to the limitations of the sensor itself and the 

noise effects in nature, any measurement obtained by 

the sensor has often errors. It is difficult to obtain the 

current state of the object accurately. On the basis of 

this, the target's motion state is tracked and estimated 

to ensure that the position and speed of the obstacle 

are not abrupt and accurate.Kalman filter(KF) and 

Extend Kalman filter (EKF) are state estimation 

algorithms that combine prediction (a priori 

distribution) and measurement update (likelihood 

function). These algorithms can be applied to target 

state estimation (targets can be pedestrians, vehicles, 
GPS data, etc.). 

 
Fig.1 MPU6000 output data, real motion and EKF data 

 

II. GYRO SIGNAL ANALYSIS 

 
MPU6000 6 degree of the free sensor is used in this 
paper. In Fig. 1, the green line is constant function of 

the sine wave input from simulation platform. 

MPU6000 output non-linear data as shown as blue 

point. Red line is represented as the data of the EKF. 

 

III. RBF DESIGN 

 

A. Radical Basis Function 

The radial basis function is actually some kind of  

 

 

scalar function that is symmetric along the radial 

direction. A monotonic function of the Euclidean 
distance between any point x in a space to a certain 

center c can be defined, which can be written as 

 

ℎ 𝑥 = 𝑒𝑥𝑝  −
 𝑥−𝑐 2

𝑟2
     (1) 

 

B. RBF Network 

RBF neural network as shown in Fig. 2can be used to 

approximate any continuous function with arbitrary 

precision, and is especially suitable for solving 

classification problems. 
 

𝑦𝑗 =  𝑤𝑖𝑗
ℎ
𝑖=1 𝑒𝑥𝑝  −

1

2𝜎2
 𝑥𝑝 − 𝑐𝑖 

2
 , j ＝ 1,2,…,n       

(2) 

 

 
Fig. 2The difference between RBF Network and common 

neural network. 

 

RBF Network is similar to the common neural 

network structure. It is composed of input layer, 

hidden layer and output layer. In addition, the output 

layer of the last layer is basically similar, which is the 

linear combination of the output of the hidden layer 

(weight control) and then summed. 

 

However, in general, the RBF Network has only 

three layers, in which there is no weight connection 
from the input layer to the hidden layer, but the 

distance or similarity between the RBF of the hidden 

layer and the different centers (hidden layer neurons) 

is directly calculated. In addition, this process can 

also be found from the perspective of Kernel SVM: 

Convert the original low-dimensional data into 

high-dimensional space (The Gaussian kernel 

corresponds to the infinite dimension). Therefore, the 
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hidden layer activation function of the RBF Network 

can be said to be a radial basis function, and the 
activation functions of the general Neural Network 

are some nonlinear functions such as sigmoid 

function and tanh function (hyperbolic tangent). Of 

course, it is obvious that the RBF Network will speed 

up the training because there is only a hidden layer to 

the output layer. 

 

Suppose the dimension of the input data is (d, 1), and 

the number of neurons in the hidden layer is h𝑛 . The 

dimension corresponding to each neuron in the 

hidden layer of the BP neural network is the same as 
the dimension of each neuron in the input layer. And 

that is a number, then the dimension of the entire 

hidden layer is [h𝑛 , 1]. Although the entire hidden 

layer dimension is also ( h𝑛 , 1), but the 

implementation is different, and the input layer of 

RBF is the same as BP.All the dimensions of a data 

point, and each neuron in the hidden layer is the 

entire input data and The current hidden layer neuron 

is the result of calculating the RBF function at that 

center, which represents the similarity. After 
calculating the similarity, the weight of the hidden 

layer to the output layer is combined to obtain the 

final result.To calculate the distance between two 

points, in addition to the Gaussian distance, there are 

some other options, as long as the ||x − c||2 items 

are included. 

 

IV. KALMAN FILTER 

 

First, a system with discrete control processes can be 

represented by a Linear Stochastic equation： 

 

X 𝑘 = 𝐹𝑋 𝑘 − 1 + 𝐵𝑈 𝑘 + 𝑊 𝑘 (3) 

 

The measured value of the system isgiven as 

 

Z 𝑘 = 𝐻𝑋 𝑘 + 𝑉 𝑘               (4) 
 

𝑋 𝑘  the state of the system at time k 

𝑈 𝑘  
the amount of control of the system 

at time k 

F, B 
system parameters, for multi-model 

systems, they are matrices 

Z 𝑘  the measured value at time k 

H 

the parameter of the measurement 

system. For multi-measurement 

systems, H is the matrix. 

𝑊 𝑘 ,𝑉 𝑘  

the noise of the process and 

measurement, respectively, which 

are assumed to be Gaussian white 

noise, and the covariance points are 

Q and R, assuming that they do not 

change with the state of the system. 

 
For systems to satisfy the above conditions (linear 

stochastic differential systems), the noise of both 

process and measurement is Gaussian white noise.KF 

is the best information processor, and then combined 
with their covariance to estimate the best output 

value. 

First, the system's process model is used to estimate 

the state of the system. If the current system state is k, 

then according to the system's process model, the 

current state can be estimatedby 

𝑋 𝑘 𝑘 − 1 = FX 𝑘 − 1 𝑘 − 1 + 𝐵𝑈 𝑘        (5) 

 

In (5), X(k|k-1) is the result of prediction using the 

previous state. X(k-1|k-1) is the result of the system 

in the previous state, and U(k) is the system input. 
 

So far, the system results have been updated, and then 

we need to update the covariance of X(k|k-1) and the 

covariance of P： 

𝑃 𝑘 𝑘 − 1 = 𝐹𝑃 𝑘 − 1 𝑘 − 1 𝐹𝑇 + 𝑄     (6) 
 

In (6), P(k|k-1) is the covariance corresponding to 

X(k|k-1), and P(k-1|k-1) is the corresponding 

X(k-1|k-1) covariance, 𝐹𝑇represents the transposed 
matrix of F, and Q is the covariance of the system 

process; In (5) and (6) are the first two of the five 

formulas of the KF, which is the prediction of the 
state of the system.ow with the condition of 

estimation result, it is necessary to obtain the current 

state measurement value (Z(k)), and then combine the 

estimated value and the measured value to calculate 

the current state (k) the best estimated value X(k| 

k)： 

H X 𝑘 𝑘 = H X 𝑘 𝑘 − 1 + 𝐾𝑔′ 𝑘  𝑍 𝑘 −

𝐻𝑋𝑘𝑘−1 (7) 

 

The corresponding covariance is： 

 

H P 𝑘 𝑘 𝐻𝑇 =
𝐻𝑃 𝑘 𝑘 − 1 𝐻𝑇 − 𝐾𝑔′ 𝑘 𝑃 𝑘 𝑘 − 1 𝐻𝑇(8) 
 

From the previous definition, we can know that the 

unit conversion matrix between Z(k) and X(k) is H, 

and the covariance of Z(k) is R： 

 

𝑍 𝑘 = 𝐻 𝑋 𝑘 + 𝑉 𝑘  
 

At this time, Kg'(k) is the scale ratio, which is 

determined by the covariance of H X(k|k-1) and Z(k), 

and is calculated as： 

 

𝐾𝑔′ 𝑘 = 𝐻 𝑃 𝑘 𝑘 − 1  𝐻𝑇  𝐻 𝑃 𝑘 𝑘 − 1 𝐻𝑇 + 𝑅    
(9) 

 

The covariance of H X(k|k-1) is： 

 

𝐻 𝑃 𝑘 𝑘 − 1  𝐻𝑇 
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Then simplify (7) and multiply 𝐻−1 to derive the 

third basic formula of the KF： 

 

𝑋 𝑘 𝑘 =
𝑋 𝑘 𝑘 − 1 + 𝐾𝑔 𝑘  𝑍 𝑘 − 𝐻 𝑋 𝑘 𝑘 − 1  (10) 

 

In the formula, Kg is H-1 * Kg', which is obtained by 

formula (9) 

 

𝐾𝑔 𝑘 = 𝑃 𝑘 𝑘 − 1 𝐻𝑇  𝐻 𝑃 𝑘 𝑘 − 1 𝐻𝑇 + 𝑅     
(11) 

 

So far, the best estimated value X 𝑘 𝑘  in the k state 

has been calculated, but in order to allow the KF to 

continue to run, it is necessary to update the 

covariance of X 𝑘 𝑘 , simplifying (8) can get： 

 

P 𝑘 𝑘 = 𝑃 𝑘 𝑘 − 1 − 𝐾𝑔 𝑘  𝐻 𝑃 𝑘 𝑘 − 1  
→ P 𝑘 𝑘 =  𝐼 − 𝐾𝑔 𝑘  𝐻  𝑃 𝑘 𝑘 − 1 (12) 

 

For a single model, single measurement system, the 

system enters the k+1 state, P 𝑘 𝑘  will be (6) 

P(k-1|k-1), so the algorithm can keep going recursion. 
 

However, one of the biggest problems is that it only 

supports linearity. It is assumed that the measured 

value is Gaussian near the true value, that is, the 

Gaussian distribution is still subjected to a Gaussian 

distribution after the x prediction, and the Gaussian 

distribution of x is transformed into the measurement 

space and still obeys the Gaussian distribution. 

However, if F and H are nonlinear transformations, 

then the above conditions are not true, and there is 

any linearity in the actual application, so EKF is 
introduced, and EKF is an extension kit of KF.The 

KF is used to linearize the actual nonlinear system 

through Taylor's expansion.In mathematics, the 

Taylor formula is a formula that uses a function to 

describe the value of a point at a certain point. If the 

function is sufficiently smooth, the Taylor formula 

can use these derivatives to construct a polynomial to 

approximate the value of the value in the 

neighborhood of the point at which the function is 

known at a certain point.  

 

V. ADAPT FILTER SYSTEM DESIGN AND 

RESULTS ANALYSIS 

 

 
Fig. 3 Adapt filter 

 

The MPU6000 outputs angular acceleration and 

vector acceleration. The angular acceleration and 
angular velocity after one integration, and the angular 

rate of the two integrals are the same as the vector 

data. When calibration is used, one axis is only used 

for the angle required velocity data. The radial basis 

function compares the ratio before and after the EKF 

to adjust the level of the EKF. The adaptive filter can 

be filtered out of noise and faster response by a 

constant amount of EKF. 

 
Fig. 4 Twice EKF data and original source 

 

 
Fig. 5 Three times EKF data and original source 

 

 
Fig. 6 Four times EKF data and original source 

 

 
Fig. 7 Five times EKF data and original source 
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VI. CONCLUSION 

 
Based on the above results, it can be seen that the 

continuous and linear angle data output by combining 

the RBF and EKF filter adaptive calculation methods 

adjusts the level of the EKF function by the radial 

basis function and the EKF function. Faster response, 

lower noise, low-pass filter against external 

interference and improved signal source 

reliability.But in embedded systems experiment 

environment. This function required more memory, 

buffer and faster CPU clock speed. In application of 

multiply gyro systems environment like high speed 

unmanned aerial vehicle case. This function can use 
less number of gyro and adjust in different mission 

environment. Use more EKF when landing, use less 

EKF on high mobility and avoid resonance problem. 

And can be applied in a limited hardware 

environment in the future. More accurate and 

continuous angle information applications, such as 

drones, Stewart platforms, optical payloads, robotic 

arms, etc. 
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