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Fig.1 RMSE of each algorithm when different parameters
change for the two-state polynomial system with
Gaussian noise
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Tab.2 Performance comparison of three algorithms un-
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E
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Fig.2 RMSE of each algorithm when different parameters
change for the two-state polynomial system with
non-Gaussian noise
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Tab.3 Performance comparison of three algorithms under

non-Gaussian noise
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Tab.4 Simulation environment for the quadruple water tank
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Fig. 4 RMSE of two algorithms for the quadruple water tank
system
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Tab.5 Performance comparison of two algorithms in the

quadruple water tank system
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Kalman State Estimation Algorithm Based on Q-learning Under Unknown Model Parameters
YANG Wenying, LUAN Xiaoli*, LIU Fei

(Key Laboratory for Advanced Process Control of Light Industry of Ministry of Education, Institute of Automation, Jiangnan University, Wuxi 214122, China)
Abstract:

Objective Kalman filtering (KF), as a widely used state estimation algorithm, plays a crucial role in estimating system state variables. The high-
precision Kalman state estimation algorithm requires accurate knowledge of model parameters and noise statistical characteristics. Otherwise, esti-
mation performance significantly degrades, and filter divergence can occur. However, in practical applications, many system model parameters
and noise statistical characteristics are often unknown or inaccurate. Therefore, a Q-learning-based Kalman filtering (QL—KF) algorithm is pro-
posed that learns and estimates simultaneously when model parameters and noise statistical characteristics are unknown.

Methods The Q-learning policy iteration algorithm, which was divided into two parts, policy improvement and policy evaluation, was employed
to address the issue of unknown model information. In the policy improvement stage, a state-action value function (Q function) that evaluated the
estimated state value was defined. Then, a formula transformation was utilized to ensure that the estimated value depended only on observed val-
ues rather than model parameters, eliminating the need for model parameters. In addition, two adjustable weight matrices were introduced to cal-
culate the Kalman gain, avoiding reliance on the system noise statistical characteristics. Then, an estimation policy for obtaining system state esti-
mates was derived from the Q function. In the policy evaluation stage, the estimation of the Q function was transformed into the estimation of its
information matrix, and the recursive least squares algorithm was applied to identify the information matrix. Afterward, based on the identified in-
formation matrix, the estimation policy was followed to execute the corresponding actions and update the estimated values of the state variables.
Finally, the proposed algorithm was applied to estimate the state of a two-state polynomial system and the water level of a quadruple water tank
system to verify the effectiveness and feasibility of the algorithm. In addition, the proposed algorithm was compared to a joint state and parameter
estimation algorithm.

Results and Discussions The estimation performance of the QL—KF algorithm was analyzed under conditions of unknown model parameters and
noise statistical characteristics. A Monte Carlo experiment was conducted, and 50 Monte Carlo simulations were performed to enhance the cred-

ibility of the simulation. Uncertainty was introduced into each parameter to verify the robustness of the proposed algorithm. The root mean square
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error (RMSE) and the average RMSE (ARMSE) were used as performance evaluation metrics. For the two-state polynomial system, when both
the system process noise and measurement noise were Gaussian noise, the simulation results showed that the RMSE of the QL—KF algorithm ex-
hibited a strong convergence trend, demonstrating the effectiveness of the algorithm. Because the initial estimates were randomly assigned and
the Q-learning algorithm required some data accumulation during application, the initial RMSE was slightly larger and fluctuated, but showed a
decreasing trend with an increasing number of iterations and gradually stabilized. Compared to the standard KF algorithm, when the model param-
eters were known in the KF algorithm, the RMSE value of the KF algorithm was low and very stable. However, when the model parameters of
both algorithms were unknown, the proposed QL—KF algorithm achieved significantly better estimation accuracy than the standard KF algorithm,
demonstrating stronger robustness. Compared to the EVIU algorithm (joint state and parameter estimation algorithm), the RMSE of the QL-KF
algorithm was smaller and more stable after convergence, with an average ARMSE reduction of 34.66%, indicating higher estimation accuracy. It
also demonstrated stronger robustness under parameter uncertainties. In addition, the algorithm required less computational time, reducing the av-
erage running time by 44.38%, and exhibited high real-time performance. When both the system process noise and measurement noise were non-
Gaussian noise, the simulation results still showed that the RMSE of the QL—KF algorithm exhibited a convergence trend, confirming the algo-
rithm’s effectiveness. When the system parameters were unknown, the estimation error of the proposed algorithm was lower than that of the KF
algorithm and similar to that of the EVIU algorithm. The running time of the QL—KF algorithm was reduced by 45.03% compared to the EVIU al-
gorithm, indicating higher real-time performance. However, compared to the Gaussian noise system, the estimation error of the QL—KF system
increased, indicating that different types of noise affected the estimation accuracy of the proposed algorithm. For the quadruple water tank sys-
tem, the RMSE of the QL—KF algorithm for both state components showed favorable trends, demonstrating the effectiveness of the algorithm.
Compared to the EVIU algorithm, the proposed algorithm exhibited stronger robustness under parameter uncertainties, with smaller estimation er-
rors, an average ARMSE reduction of 79.93%, and a decrease in running time of 47.78%, indicating good real-time performance.

Conclusions The findings indicate that the proposed QL—KF algorithm can utilize only observations, without identifying system parameters, to
estimate the internal state of systems when the model parameters and noise statistical characteristics are unknown. The estimation accuracy of the
algorithm is influenced by the type of system noise. For Gaussian noise systems, the algorithm demonstrates high estimation accuracy, robust per-
formance, and strong real-time capability. However, for non-Gaussian noise systems, the estimation accuracy decreases. Future work will focus
on further improving estimation accuracy.

Key words: Kalman state estimation; Q-learning; unknown model parameters; unknown noise statistical characteristics
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