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1. Introduction 
 
    In this paper, quantum systems with nonlinear dynamics are considered. The problem is formulated by 
parameterizing the quantum feedback control as a nonlinear stochastic control problem. A stochastic control 
approaches the problem into two parts. First, filter is constructed that propagates the estimate the state of the system. 
Secondly, we find the feedback control for the system. The feedback signal is of state feedback form with respect to 
the conditional state. 
 
    The stochastic nonlinear control approach was applied to the quantum feedback control problem in [1]. While the 
work in [1] showed that the system became intractable as the dimension of Hilbert space grow. Therefore, other 
control theories must be investigated. The Kalman filer technique [2]-[7] has been considered for this paper. 
 
    The structure of this paper is as follows. In section 2, an introduction to the physical model is given. Section 3 
introduces the unscented Kalman filter technique [2]. The expected results of this work are presented in section 4. 
 
2. Physical Model 
 
    The model used in this paper is for an experiment in quantum optic [1] that consists of a cloud of atoms 
interacting with an optical field (along with z-axis). After interacting with the system the optical field is detected by 
a homodyne detector, which is a photo detector configuration. A magnetic field along the y-axis is used for 
feedback.   
 
    The system equation is described as [1] 
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defines the flow Us,t of the noise dynamic. At is the standard noise. zL M J=  and H = B(t)Jy . M is the strength of 
the interaction between light and atoms. B(t) is the applied magnetic filed and served as control input. The homodyne 
detector measures the field observable *

t t
A A+   after interaction with the system, corrupted by uncorrelated noise, Bt, 

of strength k > 0. The observation equation is give as 
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t t t
V B B= +  and 2 1(1 )kh -= +  is determined by efficiency of the homodyne detector.   

 
3. The Unscented Kalman Filter  
 
    The extended Kalman filter is the standard technique used in the field of nonlinear estimation. The extended 
Kalman filter applies to the nonlinear system by linearising all the nonlinear models so the linear Kalman filter 
equations can be used. However, the extended Kalman filter performs well only for the systems which are almost 
linear on the time scale of the updated intervals and the linearisation may lead to sub-optimal performance and 
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sometimes can produce highly unstable filters. The unscented Kalman filter, proposed by Julier and Uhlman [2], is 
an approximation of the extended Kalman filter without linearization steps which is required by the extended 
Kalman filter. The state distribution is represented by a Gaussian random variable (GRV), but is uses a minimal set 
of carefully chosen sample points.  These sample points completely capture the true mean and covariance of the 
GRV. Before exploring the unscented Kalman filter, we need to understand the unscented transformation. 
    Consider the n-dimensional random variable x with mean x  and covariance Px. A second random variable y 
related to x through the nonlinear function y = f [x]. To calculate the mean and covariance of y, the authors form a 
matrix x of 2n +1 with corresponding weights Wi  according to the following: 

0 xx =                                  W0 = k/(n+k)  

xx ( ( )P )i ix n k= + +           Wi  = ½(n+k)                                                                                          (3)   

xx ( ( )P )i n ix n k+ = - +      Wi+n = ½(n+k) 

where k is scalar parameter. The term x( ( )P )in k+  is the i th row of the matrix square root. These sigma vectors 
are propagated through the nonlinear function yi = f [xi ]. The mean and covariance for y  are approximated using a 
weighted sample mean and covariance of the transformed sigma points,  
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    The unscented Kalman filter is an extension of the unscented transformation to the recursive estimation xk and 
consists of the following steps: 
- Predict the new state of the system x̂( 1 | )k k+  and its associated covariance P( 1 | )k k+   
- Predict the expected observation ẑ ( 1 | )k k+   and its innovation covariance P ( 1 | )

vv
k k+   

- Predict the cross-correlation matrix P ( 1 | )
xz

k k+   
The readers are referred to [2] and [3] for the more details and explicit equations. 

 

4.  Future Work 

     
     In quantum mechanics, when the system has been measured, the system will collapse to one of the eigenstates. 
This result is chosen randomly according to probability. The purpose of this research is to find the state feedback 
control law such that a quantum measurement can be engineered to collapse onto the eigenstate of our choice. The 
system should be globally stabilizing for any spin. The unscented Kalman filter will be used to estimate the state of 
the system. 
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