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ABSTRACT 

 Data assimilation (DA) is an important methodology that can integrate physical 

model information and measurements. It plays a significant role in many areas. The 

basic purpose of data assimilation is to estimate state vectors more accurate through 

fusing the advantages of model and measurements. However, there are a lot of 

uncertainties in model and measurements which cause serious negative effects on the 

reliability of data assimilation. Research on quality control methods in sequential data 

assimilation system means to study how to control these uncertainties within the scope 

of application requirements, so as to improve the reliability of sequential data 

assimilation system. The present dissertation mainly does the following researches: 

1. From both model and measurements aspects, uncertainties factors affecting the 

quality of data assimilation system were analyzed, the quality control methods were 

reviewed. Then, existing problems in review were analyzed. The objective of this 

research is the sequential data assimilation system quality control methods from both 

model and measurements aspects. The basic concepts of data assimilation were 

summarized, such as its elements, assimilation methods, etc. Also, the characteristics 

of sequential and continuous data assimilation methods were compared. Then, the 

theory of uncertainties in sequential data assimilation system was introduced, which 

helped to establish theoretical foundation for research on quality control methods. 

2. A systematic study was conducted on filtering divergence, which affected the 

reliability of models in the sequential data assimilation system. To restrain the filtering 

divergence, a new method based on 1L -norm constraints was proposed. The method 

can adjust weights of the model and measurements depending on new measurements 

when filtering divergence is about to occur. The 1L -norm constraint method was 

compared with two other existing methods, i.e., covariance weighted and adaptive 
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methods, in the filtering divergence numerical experiment. Compared with the results 

from the covariance weighted and adaptive methods, the relative root mean square error 

values acquired from the 1L -norm constraint method were reduced by 9.71% and 

3.10%, respectively. Meanwhile, the 1L -norm constraint method proposed was applied 

to the short-term traffic flow prediction of part of the highway network in England. To 

restrain the filtering divergence, the best filter divergence suppression performances 

were produced from L1-norm-constraint-based method. The average root mean square 

error value from the L1-norm-constraint-based method decreased by 88.01% on 

Monday compared to the results from the Kalman filter method with the incorrect 

model and reduced by 90.87% on Saturday. Furthermore, the average mean absolute 

percentage error values from the L1-norm-constraint-based method decreased by 89.05% 

on Monday and 89.64% on Saturday compared to those obtained using the Kalman 

filter method with an incorrect model. This proved that the 1L -norm constraint method 

could deal with the filtering divergence efficiently. 

3. To control the issues caused by colored noise in the model, a modified adaptive 

method based on state residual information was proposed. The method can directly 

estimate the colored noise based on state residuals, which reduced the effects of colored 

noise on the assimilation results. The modified adaptive method was then compared 

with the traditional Kalman filter method, vector amplification method, and covariance 

matrix adaptive method in target tracking experiments. Under three conditions, the 

relative root mean square error values of the modified adaptive method were reduced 

by 60.07%, 18.61%, and 27.30%, respectively, compared to the traditional Kalman 

filter method. Compared with the results from the covariance matrix adaptive method, 

which is a common method for dealing with colored noise, the relative root mean square 

error values acquired using the state residual adaptive method were reduced by 47.41%, 

7.86%, and 10.31% under the three conditions, respectively. Meanwhile, a modified 
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adaptive method was applied to the short-term traffic flow prediction of part of the 

highway network in England. The root mean square error values and mean absolute 

percentage error values of the prediction results based on the modified adaptive method 

were 10.47% and 9.66% lower than traditional Kalman filter method, respectively. 

Conclusions can be drawn that the modified adaptive method proposed in this paper 

could control the effects of colored noise on the assimilation prediction results and 

improve its accuracy. 

4. Research on the quality control in measurements of sequential data assimialtion 

system mainly focused on how to reduce the impacts of local noises in the 

measurements on the assimilation results. A multi-scale sequential data assimilation 

method was proposed. The method was the combination of traditional Kalman filter 

method and three noise separation methods, i.e., the wavelet transform method, 

empirical mode decomposition method, and fast Fourier transform method, respectively. 

The method proposed can reduce influences of noisy information in measurements on 

accuracies of assimilation models construction and results prediction. In addition, an 

adaptive noise separation method was proposed for noise separation in the FFT method. 

This method could separate noisy information based on the observation characteristics. 

The average root mean square error and mean absolute percentage error values of the 

prediction results based on this method were 17.09% and 17.61% lower than the results 

acquired from the traditional Kalman filter method, respectively. This proved the 

effectiveness of the adaptive noise separation method proposed in this dissertation. 

5. The multi-scale sequential data assimilation system for short-term traffic flow 

predictions was built based on the methods proposed in the model and measurements 

for improving the reliability of sequential data assimilation system. It was then applied 

into the short-term traffic flow prediction of the highway network in England. The 

influence of the noise separation scales on the assimilation prediction results was 

discussed. With the optimal noise separation scales, the root mean square error and 
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mean absolute percentage error values of the prediction results obtained from multi-

scale sequential data assimilation system were lower than ones from traditional 

sequential data assimilation system. This proved that the multi-scale data assimilation 

methods could suppress the influence of local noise in measurements on the 

assimilation system and achieve better precision in traffic flow prediction results. 

 

Key Words: Data Assimilation, Quality Control, 1L -norm constraints, State 

Residual Adaptive method, Multi-scale Sequential Data Assimilation 
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CHAPTER 1.  

INTRODUCTION 

1.1 Research background and significance 

In recent years, the Intelligent Transportation System (ITS) has become an 

extremely important research topic. Traffic flow forecasting plays an important role in 

the ITS, and it has a profound impact on people's daily lives. Based on the nature of its 

applications, traffic flow forecasting can be divided into long-term and short-term 

traffic flow forecasting. Zhang (2007) analyzed the differences and applications of them. 

Long-term forecasting usually refers to hours, days, months, quarters, or even years as 

the unit to predict the traffic flow, which is mainly used in transportation planning. 

Because traffic flow is rather random and changes rapidly, incorporating long-term 

traffic flow forecasting into the ITS is generally difficult (Alvarez-Marquez et al., 2015). 

Short-term forecasting refers to predicting traffic flow using seconds and minutes as the 

units, mainly for traffic control and guidance, which can better describe reality. Thus, 

real-time and accurate predictions of short-term traffic flow are very important to the 

development of the ITS (Weng et al., 2006; Xu et al., 2012; Qin, 2013; Gong and Yi, 

2013). This thesis focuses on the short-term traffic flow forecasting as a framework for 

applications. Due to the random nature of short-term traffic flow, simultaneous use of 

measurements and models to predict short-term traffic flow has attracted researcher 

attention. The data assimilation (DA) method uses Bayesian principles, and new 

measurements are introduced to the model in real time. At first, this approach has been 

widely used in the field of atmospheric meteorological forecasting. With the 

development of science and new technology, DA is gradually playing a more important 

role in various fields, such as oceanography, hydrology, and surface and remote sensing 

image processing. In recent years, series methods based on Bayesian principles have 
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also been applied for the prediction of short-term traffic flow and have achieved good 

prediction results (Xie et al., 2010; Jin et al., 2013; Guo et al., 2014). 

The most fundamental idea of DA is combining the strengths of measurements and 

models. They are combined so that they can mutually interact to achieve a more 

accurate estimation and prediction of the state vectors. However, the outcomes of DA 

are affected by uncertainties in the model and the measurements. Uncertainty is an 

extension of traditional errors that includes randomness and fuzziness (vagueness or 

ambiguity) of the research objective (Shi et al., 2003; Shi, 2005), random, systematic, 

and gross errors of the research subject, and other numerical and conceptual measurable 

or non-measurable errors (Tong, 2009). Uncertainty can be expressed as a range that 

contains the true value. The smaller the range is, the smaller the uncertainty is, and vice 

versa (Liu et al., 1999). Uncertainties in models and measurements have a significant 

impact on the accuracy of a DA system, which will affect the accuracy of the 

assimilation results. Therefore, it is imperative to control the uncertainties to improve 

the reliability of DA system. Researchers, such as Tong et al., have studied the quality 

control methods in different areas (Tong et al., 2010; Tong et al., 2011a; Tong et al., 

2011b; Xie and Tong, 2014; Tong et al., 2014a; Tong et al., 2014b; Tong et al., 2015). 

Since the uncertainties of the model and measurements are key factors affecting the 

reliability of DA system, the corresponding control problem of the DA system should 

be considered to determine how to control the uncertainty of the DA system model and 

measurements, ensuring the reliability of model and measurements and improving the 

reliability of DA system while meeting the application requirements. Based on the type 

of DA method, DA systems can be divided into sequential data assimilation (SDA) 

systems and variational data assimilation systems. In this thesis, the control methods 

for improving the reliability of SDA systems are mainly studied.  
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1.2 Overview of uncertainty in sequential data assimilation system 

1.2.1 Model uncertainty 

The role of the model in the SDA system is, as the time evolves, to obtain the 

simulated values of the real system based on the actual dynamic mechanism and 

simulation of the actual physical process. The simulated values are continuous in time 

and space. However, due to the uncertainties in the model, the simulated values tend to 

deviate significantly from reality. Model uncertainties exist in the construction and 

simulation process of the model, which is mainly reflected in the input errors, parameter 

errors, and structural errors of the model (Helton et al., 2006). The structural errors of 

the model present the most challenging task, because their effect on the accuracy of the 

results far exceeds those from the input and parameter errors of the model (Abramowitz 

et al., 2006). The source of the structural error is incomplete knowledge of the real 

system. Although an established model includes as many complex processes and 

parameters as possible, it still does not perfectly reflect reality. In addition, to facilitate 

the analysis of dynamic systems on a computer, it is also a common practice to simplify 

the complex real-world physical processes. Model simplification is another cause for 

model uncertainty. 

In research, the inability to perform perfect mathematical abstraction of a physical 

process of a system readily leads to errors in the model describing the dynamic 

characteristics of the system and in the statistical information of the noise. Consequently, 

the model and the new measured data do not match as the assimilation proceeds. The 

measured data cannot be used for model correction adjustment, which results in filter 

divergence. Therefore, it is necessary to study filter divergence suppression in SDA 

systems. In addition, when constructing a model, researchers strive to establish models 

that perfectly match reality. However, even an accurate model is not perfect. In a DA 

system, it is generally assumed that the structural errors of the model possess the 
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statistical characteristics of Gaussian white noise, which is an ideal form of noise. Noise 

in actual models is generally colored noise, i.e., noise other than white noise. Colored 

noise is correlated. When the correlation is weak, the model noise can be approximated 

by white noise. If the correlation is strong, treating the model noise as white noise will 

affect the reliability of DA results. Thus, a study of the control of the colored noise in 

the model is also necessary. 

To control the influence of model uncertainty on reliability of SDA system, the 

suppression of filter divergence and control of colored noise in the model are studied in 

this thesis. 

1.2.2 Measurement uncertainty 

The advantage of obtaining measurements over performing model simulations is 

that the measured data can represent reality at the present time and location and provide 

direct information about the real state. Nevertheless, the measured data also contains 

some uncertainty. Shi (2005) believed that the data uncertainty arose from four sources: 

the uncertainty within the real system caused by various objective factors, limited 

knowledge of the real system, errors in the data measurements, and data uncertainty 

during data processing. He pointed out that data quality control and evaluation is an 

important research direction following studies on data quality (Shi, 2008a). The 

research on data quality control and evaluation plays an important role in the usability 

of the data and the data quality standardization (Liu et al., 1999). In the SDA system, 

the uncertainty of the measured data mainly arises from the following sources. ① In 

the general calculation process of the DA, the error covariance matrix for the 

measurement is usually assumed to be a diagonal matrix. However, due to the effects 

of instrument, human, systematic, and representativity errors, the error covariance 

matrix in the calculation is not a strict diagonal matrix. ② From the perspective of the 

measured data, the data measurement usually involves in-situ measurements and remote 
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sensing. Although the in-situ measurements represent the present situation at the 

present time and location, their representativity varies from place to place, and the 

limited amount of in-situ measured data reduces the ability to describe the actual 

dynamic process. Remote sensing can prevent the problem of an insufficient quantity 

of data and inadequacy in the representativity associated with in-situ measurements. 

However, for various reasons, remote sensing data contains errors, such as instrument 

errors, radiation errors, geometric errors, and representativity errors, caused by the 

complex heterogeneity of the measured space. In addition, most of the remote sensing 

data is obtained by indirect measurements, so either subsequent inverse models or 

model-based indirect state estimation are typically present rather than large 

uncertainties. Shi (2008b) studied a quality control method for field-based remote 

sensing data from the perspective of uncertainty. ③ Local noises (Xie et al., 2007) 

present in the in situ measured data and remote sensing data. In the study, the local 

noises generalize to all random changes or variations, caused by such as some special 

events, traffic accidents, or periodical changes, etc. The local noises is unpredictable 

and cannot be eliminated. This will have a great impact on quality of measured data. In 

this thesis, the study of quality control methods for measured data in SDA system is 

focused on dealing with reducing the influence of local noisy information while keeping 

the underlying patterns such that the data used to construct assimilation models and to 

predict short-term traffic values more reliable. 

In summary, although DA is an important methodology that can integrate the 

advantages of models and measurements, it does not avoid uncertainties in the models 

and measurements. Significantly affecting the accuracy and quality of DA systems, the 

uncertainty problem is one of the bottlenecks that hinders the development of DA 

systems. Therefore, effective control of uncertainties of models and measured data to 

improve the reliability of DA systems is an important direction in the study of DA 

systems. Control methods for improving the reliability of SDA system is studied in this 
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thesis from the perspectives of modeling and measured data, processing and controlling 

the filter divergence phenomenon, the colored noise problem, and local noise in the 

measured data to improve the accuracy and reliability of SDA systems. 

1.3 Research status of quality control methods for sequential data assimilation 

system 

DA involves introducing new measured data at the measurement time to adjust the 

state of the model, to reduce the forecasting errors of the forecasting model, and to keep 

the model as realistic as possible. McLaughlin (2002) pointed out that DA refers to a 

process of analyzing uncertainty of information from different sources under 

probabilistic conditions and merging them to obtain a more accurate state vector 

prediction value. In this process, the uncertainties of the model and measured data are 

the key factors affecting whether the trajectory of the DA system are close to reality. 

They are also one of the main factors affecting reliability of DA system. Therefore, 

studies on the control method for improving reliability of DA systems essentially 

involves determining how to accurately and appropriately control the model uncertainty 

and measured data uncertainty in the DA system by means of estimation theory, control 

theory, and optimization methods. 

1.3.1 Research of quality control methods for assimilation models 

In an SDA system, the study of the suppression of filter divergence mainly focuses 

on how to accurately determine the model structural error covariance matrix and the 

weights of the measurement and model, or the gain matrices, so that the new measured 

data can be used to achieve model correction and adjustment. The role, in theory, is to 

prevent overestimation of the model error covariance matrix and to avoid assigning 

smaller weights for the measured data. The first commonly used method is a series of 

gain adjustment methods.  
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The fundamental function of these methods is, by adjusting the gain matrix, 

preventing the gain matrix from decreasing as the assimilation proceeds. Qin et al. 

(1998) proposed a constant gain method. It is the simplest method of gain adjustment. 

It uses steady-state gain as the gain matrix in the SDA method. The advantage of this 

algorithm is that it is less computationally complex, and thus, it is suitable for practical 

problems involving computations. However, before the actual gain reaches steady state, 

the assimilation results obtained by this method are sub-optimal. Yang et al. (2005) 

improved the constant gain method and proposed a piecewise constant gain method. 

This method first segments the assimilation process, and then provides each segment 

with a steady-state gain matrix. Although the estimation accuracy of the assimilation 

results is improved compared with the constant gain method, the method ignores the 

dynamic changes of the gain matrix. For this problem, Kobayashi (2005) proposed a 

lower-limit-bound gain method. This method overcomes the deficiency of the first two 

methods, which ignore the dynamic variation characteristics of the gain matrix. In the 

initial stage of evolution of the assimilation method, the gain matrix is calculated based 

on a recursive formula, and a divergence criterion is provided. Once the divergence 

condition is reached, the gain matrix no longer declines, and the current value is 

maintained.  

Combining the above methods, Yang et al. (2016) proposed an adaptive gain 

method. This method is a combination of the constant gain method, the piecewise 

constant gain method, and the lower-limit-bound gain method. The initial stage of the 

method is the same as that of the lower-limit-bound gain method. The covariance matrix, 

Kalman gain, and state vector estimation are calculated according to a normal recursive 

formula. The difference is that at the end of the calculation of each assimilation epoch, 

whether the filter divergence occurs is determined by the discriminating condition. If 

filter divergence does not occur, the calculation continues following the normal 

recursive steps. If filter divergence occurs, the steady-state gain is used as the Kalman 
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gain in the recursive process to participate in the calculation in the next epoch. This 

continues until all the measured epochs have been calculated. The advantage of the 

adaptive gain method is the simplicity of the calculation. However, selecting the steady-

state gain is rather difficult.  

Later, Long and Liu (2006) proposed that the filter divergence phenomenon is 

directly caused by the gain matrix becoming smaller and smaller as the assimilation 

evolution proceeds. The root cause of this situation is that the prediction error 

covariance matrix of the model converges quickly to zero. Based on this, they proposed 

a fading memory method, which adds a fading factor
k and expands the prediction error 

covariance matrix of the model. This prevents the gain matrix from rapidly decreasing 

as the assimilation evolves. However, in the fading memory method, the value of
k

must be known before the start of each assimilation step. Many researchers have 

discussed the calculation of
k (Saber, 2009). Some improved methods include the one-

step approximation method proposed by Zhou et al. (1991), the rapid descent method 

proposed by Ning et al. (2007), and the adaptive fading method proposed by Xu et al. 

(2011). The calculation to determine
k is rather complex. To avoid calculation of the 

fading factor, the limited memory method can be used to suppress the filter divergence 

(Grewal and Andrews, 2001). This method prevents the proportions of the old and new 

measured data from being too large and too small, respectively, in the state estimation. 

Only the measured data within N time points of the current time is used for the 

assimilation calculation. Filter divergence is suppressed by limiting the proportion of 

the old measured data in the state estimation. Liu and Chen (2012) combined the limited 

memory method and the fading memory method and proposed a fading-limited memory 

method. Compared with the limited memory method and the fading memory method, 

this method exhibits better performance for suppressing filter divergence and improves 

the assimilation estimation accuracy of the state vector.  
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However, the calculation of the fading factor
k is rather complicated, and the 

selection of the memory length N is difficult. To overcome the difficulties of the above 

several methods, adaptive methods have emerged. Unlike the abovementioned methods 

of filtering divergence suppression, an adaptive method uses measured data to estimate 

the model parameters and noise statistical characteristics in each step of assimilation 

evolution and suppresses the filter divergence by adjusting the filter gain matrix. The 

estimation of the model parameters can be implemented by Sage–Husa adaptive 

filtering (Lu et al., 2007), strong tracking Kalman filtering, and improved adaptive 

filtering. The statistical characteristics of the model and measurement noise are then 

corrected and estimated in real time with a time-varying noise estimator, thereby 

correcting the filter gain matrix and allowing the DA to have a normal evolution state 

(Jing et al., 2009). The above methods have advantages and disadvantages in 

suppressing the filter divergence phenomenon, and the corresponding method must be 

selected according to the actual requirements. 

Another aspect that affects reliability of SDA system models is the colored noise 

problem in the model. In the calculation process of the SDA method, it is generally 

assumed that the model structural error exhibits the statistical characteristics of 

Gaussian white noise. However, white noise is only an ideal noise. In reality, model 

noise is generally colored. Simply treating colored noise as white noise will 

significantly affect the accuracy and quality of assimilation result. The problem has 

been studied by many researchers.  

The first commonly used method is the covariance inflation method (Anderson，

2001). In this method, a scalar factor is added to the prediction error covariance matrix 

to reflect the structural error characteristics of the model in the assimilation evolution 

process. The prediction error covariance matrix is inflated to partially eliminate the 

impact of the model colored noise on the assimilation results. Whitaker (2004) applied 
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the covariance inflation method to analyze past atmospheric conditions. Negro (2005) 

studied the ocean circulation model and measured data by the covariance inflation 

method and obtained good results through experiments. However, the covariance 

inflation method can easily overinflate the error information in sparse data regions, 

which leads to instability of the model (Hamill and Whitaker, 2012). In addition, the 

determination of the scalar factors is complicated.  

To be able to directly estimate the error information, a state vector augmenting 

method has been proposed (Baek et al., 2006; Dee and da Silva, 2010). This method 

considers the error sequence of the model to be part of the state vectors to be estimated 

and estimates them together with the state vector. The state vector augmenting method 

initially is only able to estimate the error of the prediction model in the state space. Lin 

(2014) extended the method to the measurement model and achieved simultaneous error 

estimates of the prediction and measurement models. In addition, he proposed a method 

for estimating the state vectors when the model noise was correlated and the prediction 

or measurement model contained auto-correlated first-order colored noise. The method 

proposed by Lin is logical and high in precision. However, its drawback is that it can 

only be used for the autocorrelation of the first-order noise model, which limits the 

practical application scope of the method.  

Another method for dealing with the structural error of the model is the time series 

analysis method (Box and Jenkins, 1976; Hamilton, 1994; Brockwell and Davis, 2016). 

The time series analysis method accounts for the colored noise of the model and obtains 

a recursive estimator for calculating the initial value of the prediction model, after 

which it obtains steady-state estimates using a recursive method. This method is not 

limited by the type of colored noise, but it requires a model to be completely observable 

and controllable (Kalman, 1960). The operation process depends on the initial value, 

and the calculation is complex. The method requires many iterations; it is highly logical 

but difficult to code.  
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In addition to the above methods for dealing with colored noise of the model, many 

researchers have performed considerable amounts of research on adaptive methods that 

can improve the model error covariance matrices. The more commonly used methods 

are the covariance matrix adaptive method (Jazwinski, 1969; Bélanger, 1974; Godbole, 

1974; Yoshimura et al., 1978; Chen and Chui, 1991; Dee, 1995; Yang et al., 2001; Jang 

et al., 2002; Jazwinski, 2003; Yang and Xu, 2003; Yang and Gao, 2005, 2006; Yang and 

Cui, 2013) and correlation method (Odelson, 2003; Odelson et al., 2006a; Odelson et 

al., 2006b). Many researchers have studied applications of these methods (Du and 

Cheng, 2014). 

1.3.2 Research of quality control methods for measured data 

Uncertainty of the measured data will gradually accumulate during its generation, 

processing, analysis, and application processes until it reaches a maximum value 

(Zhang and Yang, 2009). Therefore, it is necessary to study the uncertainty of the 

measured data. Local noise is a kind of noise whose absolute value and sign change in 

an unpredictable way. It cannot be eliminated and will have a significant impact on the 

measured data and reliability of analysis and application of the measured data. Many 

researchers have conducted studies to control the effect of this noise. 

One type of noise processing method performs the noise smoothing directly in the 

time domain. This type includes the mean filtering method (Oppenheim and Schafer, 

1975; Gonzalez and Woods, 2002), the non-local mean filtering method (Kindermann 

et al., 2005; Darbon et al., 2008), and the median filtering method (Yong and Kassam, 

1985; Duncan and Beresford, 1995; Gupta et al., 2015). The mean filtering method uses 

the mean of the measured data in the adjacent time windows as the measured data at 

the current time. The basic principle of the non-local mean filtering method is similar 

to that of the mean filtering method, which also computes the means, but the non-local 

mean filtering method adds a weight value to each measurement in the process of 
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calculating the mean value. This reduces the effect on the means of significantly 

different measured values between the adjacent time windows. The median filtering 

method uses the median value of the measured data in the adjacent time windows as the 

measured data at the current time. These filtering methods are simple and easy to 

implement, but the selection of the window value has a great impact on the accuracy of 

the noise processing, resulting in uncertainty. The mean filtering method and the non-

local mean filtering method are more suitable for processing Gaussian noise. However, 

the actual noise seldomly follow Gaussian distributions. Generally, these types of 

methods have limitations in the application to noise processing for actual measured data 

and are generally applied more to image de-noising processes (Buades, 2005; Kervrann 

et al., 2007; Coupé et al., 2008; Luisier et al., 2011; Van and Kocher, 2011; Tracey and 

Miller, 2012). 

Another common way to deal with local noise is to divide the measured data into 

an overall trend term and a noisy term. This method fits and extracts the overall trend 

of the measured data and then subtracts the trend terms from the measured data to obtain 

the noisy term. The fitting and extraction of the data trend terms are key in this kind of 

processing method. Common methods include the polynomial fitting method (Wang et 

al., 2013), the principal component analysis method (Duarte, 2012), the wavelet 

transform (WT) method (Honglian et al., 2009; Yan et al., 2014), and the empirical 

mode decomposition (EMD) method (Huang et al., 1998; Huang and Wu, 2008; 

Feldman, 2011). Among these, the polynomial fitting method is a relatively mature 

processing method. The fundamental idea of this method is to fit all the measured data 

with a polynomial based on the similarity of the observed data and obtain the objective 

analysis value of the measured data. However, because the polynomial parameters are 

generally obtained using the least squares method, this method has poor robustness. As 

the time series increases, because the errors accumulate, the difference between the 

fitted values and the measured data may become greater and greater. Furthermore, this 
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method must rely on a large amount of historical measured data: the more measured 

data it has, the better the fitting performance is. The principal component analysis 

avoids the aforementioned problems of the polynomial fitting method. The method 

extracts information from the measured data and replaces the original measured data 

with as few principal components as possible, thereby extracting the overall trend terms 

of the measured data. Each principle component can reflect most of the information of 

the original variables. The information contained in them is not duplicated. However, it 

is necessary to further study the number of principal components that are required to 

replace the original measured data. In addition, when the signs of some of the principal 

component factors are negative and positive for the others, a situation that does not 

match reality can occur. This should be handled carefully based on the actual situation. 

The above methods all deal with noises in the time domain. Considering the high-

frequency characteristics of noise, it can be transferred from the time domain to the 

frequency domain for processing. Compared to noises processing in the time domain, 

direct processing of the high-frequency information in the frequency domain will have 

higher accuracy. Of these methods, the WT method and EMD method have been applied 

heavily for de-noising in recent years (Huang et al., 1998; Souza and Monico, 2004; 

Bradley et al., 2007; Xie et al., 2007; Jin and Chen, 2008; Lan et al., 2012; Lin et al., 

2014). The WT method is a multi-scale signal processing method, which can perform 

multi-scale decomposition of the measured data in the frequency domain, process the 

high-frequency noisy component, and then reconstruct the measured data in the time 

domain using low-frequency information. The high-frequency noise in the measured 

data can be eliminated. Use of the WT method to separate noise is quite simple. Xie 

(2010) applied this method to short-term traffic flow forecasting and obtained good 

results. However, when the WT method is used to separate the noisy information, the 

selection of the separation is very important. The larger the separation is, the more 

prominent the characteristic difference between the noise and signal is, and the more 

useful it is for separating the two. However, excessive separation may lead to distortion 
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of the reconstructed measured data. Guo et al. (2011) studied a method for the 

determination of the optimal separation for low-order autocorrelation model data. 

However, the low-order autocorrelation model is an ideal case. The actual situation is 

much more complicated, so its applicability is limited. A suitable separation is generally 

obtained by repeating experiments, which is cumbersome and increases the 

computational cost. Huang et al. (1998) proposed an EMD method that could adaptively 

process signals based on the characteristics of the data in the time and frequency 

domains. This method can perform multilevel noise separation on the noise in the 

observed data. Although the EMD method has been widely applied since its 

introduction, it is more difficult to determine how many redundant terms should be 

superimposed to determine the trends of the measured data. The fast Fourier transform 

(FFT) method can also be applied to deal with high-frequency noise in the frequency 

domain, but the number of studies on the separation of noise in the measured data is 

still less than those on the WT method and the EMD method. 

In summary, to reduce the impact of the local noises in the measured data on 

reliability of SDA system, considering the high-frequency characteristics of noisy 

information, multi-scale methods that can process noises in the frequency domain, such 

as the WT method, EMD method, and FFT method, are applied with the DA method. 

Thus, the noisy information in the measured data of the SDA system can be separated 

to improve the accuracy of the assimilation result. 

1.4 Problems with current research 

Based on the analysis above of the current status of the existing methods, the 

techniques related to the control methods for improving the reliability of SDA systems 

still face the following problems: 

(1) There have been relatively few studies of control methods for improving 
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reliability of SDA systems from models and measurements perspectives. 

(2) The studies on the suppression of divergence filtering phenomena currently 

mostly use adaptive methods and yield good results. An adaptive method indirectly 

adjusts the weights assigned to the measurements and the model by adjusting the model 

error covariance matrix. Errors from indirect calculations are inevitable. The adaptive 

window is also difficult to determine. In addition, complex calculations and storage of 

the error covariance matrix of the prediction model and the measurement model are 

required in each step of the assimilation evolution. 

(3) Using the covariance matrix adaptive method to deal with the model colored 

noise is one of the commonly used methods at present. However, this method also has 

problems, such as the inevitable error of indirect calculations, the difficulty of selecting 

the adaptive window, and the need to predict the error covariance matrix of the model 

and the measurement model by performing complex calculations and storage in each 

step of the assimilation evolution. 

(4) For methods to separate local noise from the measured data, the commonly 

used methods are the WT method and EMD method. The FFT method is less often 

applied, because the noise separation scale will significantly affect the accuracy of the 

assimilation prediction results, and determining how to more accurately separate noise 

in the FFT method is difficult, which limits the applicability of the FFT method for 

separating noise. Therefore, in the FFT method, it is necessary to study how to 

effectively separate noises. In addition, there have been few comparative studies on the 

performances of these three noise separation methods. 

(5) For short-term traffic flow forecasting, the existing methods have certain 

limitations. For example, traditional modeling methods based on statistical calculations 

have the disadvantages of relying on a large amount of measured data and complex 
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computations and ignoring the impact of adjacent road segments. The neural-network-

based prediction method relies on a large number of samples for the training process 

and has processing capabilities outside the neurons. It also has problems such as local 

minimization, slow convergence, and difficulty of online adjustment. The control 

methods for improving reliability of SDA systems may effectively combine the model 

and measured data and control the uncertainty that affects quality of both model and the 

measured data to obtain more reliable forecasting results. However, few studies of its 

application in short-term traffic flow prediction have been conducted. 

1.5 Research goal and research content 

1.5.1 Research goal 

The goal of the thesis is to study the control methods for improving the reliability 

of SDA systems from both model and measured data aspects. Using appropriate 

solutions, the uncertainty problems in the SDA system are controlled to improve quality 

of SDA system. The control method is applied to short-term traffic flow prediction, and 

its effectiveness is demonstrated. 

1.5.2 Research content 

The detailed research content of the thesis is the suppression of the filter 

divergence phenomenon, control of the colored noise problem of the model, reduction 

of the effect of local noise in the measured data on the assimilation prediction results in 

the SDA system, and the study of the control methods in the SDA system from the 

perspectives of the model and measured data. The content is as follows: 

(1) Model control method—to suppress the filter divergence phenomenon 

In the actual DA system modeling process, impacts from various factors make it 
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impossible to construct a model that exactly matches reality. If the constructed 

mathematical model and the noise statistics model are inaccurate and do not represent 

reality, the model will not match the fused measured data, and the state vector estimates 

will gradually deviate from the real state value, resulting in filtering divergence. The 

specific process is as follows. As the assimilation proceeds, the proportion of obsolete 

measured data in the state vector estimates gradually increases, while the proportion of 

new measured data rapidly decreases. This allows the model to be adjusted and 

corrected. To suppress the filter divergence phenomenon, the following are performed 

in this thesis: 

① The causes of the filter divergence phenomenon and the existing filter divergence 

suppression methods are reviewed; 

②  Two common methods for suppressing filter divergence are briefly described; 

③  To suppress the filter divergence phenomenon, a new approach based on the L1 

norm constraint is proposed. The method makes it possible that the weights 

assigned to the model and the measurement can be adjusted according to the 

new measured data, when filter divergence occurs, to achieve suppressing of the 

filter divergence. The method is applied to target tracking numerical examples 

and short-term traffic flow forecasting, and the validity and practicability of the 

L1 norm constraint method are verified by comparing and analyzing the 

assimilation results with other two commonly used methods. 

(2) Model control method—to control the model colored noise problem 

In an SDA system, it is generally assumed that the error of the model possesses 

the statistical characteristics of white noise. However, white noise is an ideal noise, and 

the noise in reality is generally correlated. When the correlation is weak, it can be 

approximated as white noise. If the correlation is too strong to be ignored, treating it as 
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white noise will affect quality of assimilation results (Fu et al., 2003; Lin et al. 2013). 

In reality, the noise of the DA system model is generally colored noise; so, control of 

the colored noise in the model becomes one of the key factors affecting the accuracy of 

the DA system. For the control of the colored noise of the model, the specific studies of 

the thesis are as follows: 

①  The problem of colored noise and control methods are discussed; 

②  Two methods for controlling the colored noise problem of the model—the vector 

augmenting method and covariance matrix adaptive method—are briefly 

described; 

③   For the model colored noise control problem, an adaptive method of noise 

estimation is constructed based on the new state correction innovation. The 

effectiveness and practicability of the method are verified by control 

experiments. The state correction adaptive method is applied to short-term 

traffic flow forecasting. It is verified that the method can control the effect of 

the model's colored noise on the assimilation prediction results. 

(3) Control method of measured data—to separate the local noises from the 

measured data 

Due to uncertainties of the real world and when acquiring measured data, local 

noise is present in the acquired measured data. The local noises in short-term traffic 

flow data mainly include random noises, accidents data and other noises caused by 

some random events. The local noise in the measured data will affect the modeling and 

prediction of the DA system. The separation and elimination of these noises in the 

measured data are studied and discussed, as follows: 

①  Three methods for separating noisy information are briefly reviewed: the WT 
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method, the EMD method, and the FFT method. Because these three methods 

can separate noisy information in the measured data to different extents, to 

facilitate the description, these three methods are referred to as multi-scale noise 

separation method. 

②  In the FFT method, an adaptive noise separation (A-NS) method is proposed, 

which can separate the noise in the measured data based on the characteristics 

of the data itself; 

③ Combining multi-scale noise separation methods with the Kalman filter (KF) 

assimilation method, the concept of a multi-scale sequential data assimilation 

system (M-SDA) is proposed. 

④  The M-SDA system is applied to short-term traffic flow forecasting. Based on 

the model, a measured data control method is proposed for improving reliability 

of SDA system. A multi-scale short-term traffic flow sequential forecasting 

system is constructed. The effects of different noise separation scales on the 

assimilation prediction results are analyzed. The effectiveness of the proposed 

A-NS method is verified using the FFT method. The M-SDA systems based on 

the WT method, EMD method and FFT method are used to forecast the traffic 

flow. The effectiveness of the M-SDA systems is verified. 

1.6 Organization of Thesis 

The control methods for improving reliability of SDA systems are the subject of 

this thesis. The thesis is organized as follows: 

Chapter 1. Introduction. From the perspectives of the model and measured data, 

the uncertain factors affecting reliability of DA system are described. The current status 

of the models and measured data control methods in DA systems are reviewed. The 
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problems with the existing studies are analyzed. The research goal, research content, 

and framework of the thesis are defined. 

Chapter 2. Sequential Data Assimilation System and Its Theory of Uncertainty. 

The concept, basic elements, and main DA methods of DA systems are reviewed. 

Furthermore, the uncertainty and error theory in SDA system is introduced as a 

theoretical foundation for the study of uncertainty control methods. 

Chapter 3. Research on Quality Control Method for Models in Sequential Data 

Assimilation System. To suppress the filter divergence phenomenon, a new approach 

based on the L1 norm constraint is proposed. The method makes it possible that the 

weights assigned to the model and the measurement can be adjusted according to the 

new measured data, when filter divergence occurs, to achieve suppressing of the filter 

divergence. The method is applied together with the covariance weighted method and 

the adaptive method to numerical experiments. The accuracies of the assimilation 

results are compared and analyzed. For the model colored noise problem, an adaptive 

noise estimation method is established based on the state correction innovation. In the 

numerical experiment, the method is compared and analyzed with respect to the vector 

augmenting method and the covariance matrix adaptive method. 

Chapter 4. Research on Quality Control Method for Measurements in Sequential 

Data Assimilation System. In this chapter, from the perspective of measured data, the 

uncertainty control method in the SDA system is studied. Focusing on how to reduce 

the effect of local noises in the measured data on the assimilation prediction results, an 

M-SDA system is established based on the incorporation of multi-scale noise separation 

methods and the KF assimilation method. In the system, the noise in the measured data 

is first treated with multi-scale separation, after which the DA is estimated. In the FFT 

method, an A-NS method is proposed, which can separate the noise from the measured 

data according to the characteristics of the data itself. 
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Chapter 5. Applications of Quality Control Methods in Short-Term Traffic Flow 

Forecasting. The application of uncertainty control methods in SDA system proposed 

in the thesis are examined in this chapter. By forecasting the short-term traffic flow of 

the England highway network, the performance of the model and measured data 

uncertainty control methods proposed in the SDA system are verified. 

Chapter 6. Summary and Prospective. The main work, contributions, and 

conclusions of the thesis are summarized, and prospects and ideas for future research 

are proposed. 



Introduction 

41 

 

 

Figure 1.1 Flowchart of the thesis.
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CHAPTER 2.  

SEQUENTIAL DATA ASSIMILATION SYSTEM AND 

ITS THEORY OF UNCERTAINTY 

2.1 Data Assimilation System 

2.1.1 Data assimilation system concept 

Assimilation is simply the process of turning different things into the same or 

similar things in a specific way. DA in numerical forecasting covers five aspects: ① 

A  is unchanged, B  becomes the same as or similar to A ; ② A is basically 

unchanged, B becomes the same as or similar to A ; ③A and B simultaneously change 

to be the same as or similar to each other by moving closer together; ④B  is unchanged, 

A becomes the same as or similar to B ; ⑤B  is basically unchanged, A becomes the 

same as or similar to B . DA originates from numerical prediction problems. Unlike 

general inverse or feature extraction techniques, it is a tool to help study complex model 

system prediction problems (Daley, 1993). Although the simulation of model dynamic 

characteristics can continuously represent the characteristics of the system state vectors 

in space and time, in many cases the system model is a combination of multiple physical 

processes with a very complex relationship to each other. A mathematical model used 

in the calculation is only a simplification of complex phenomena. It is difficult to 

accurately describe all the characteristics of the real state vectors. The model is also 

susceptible to various uncertainties, such as the initial values and boundary conditions. 

Furthermore, even though the measurement may be able to represent the real system, it 

is difficult to make the continuous measurements in time and space. Different 

measurement methods have different measurement errors, which affect the 

representation of the evolution of various processes in the system. As an important 

methodology, DA can effectively combine the advantages of the model simulation and 
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measurement to obtain more accurate state predictions. It was originally used in 

meteorology and has been gradually applied to many fields, such as the atmosphere, 

ocean, and land system in recent years. As such, researchers from different fields have 

different views on the concept of DA (Talagrand, 1997; Robinson and Lermusiaux, 

2000; Liang and Qin, 2008). 

Although understanding of the concept of DA differs among researchers, 

regardless of how DA is presented, it includes four basic elements (Ma, 2013): a 

forecast model (dynamic model), measured data of the state vector (direct 

measurements, indirect measurements), DA methods, and drive data. 

To summarize, the DA system can be mathematically expressed as follows (Han 

and Xin, 2008): 

 1 1 1 1 1 1Μ C Gk k,k k k,k k k,k kX X u           (2.1) 

 Hk k k ky X     (2.2) 

Equation (2.1) represents a dynamic state model, also referred to as a prediction 

model, where kX  is a system state vector at time k, 1ku   is a system control quantity 

at time k-1, 1k  is a noise sequence of the prediction model, 1Mk,k is the state 

transition matrix from time k-1 to time k, 1Ck,k  is the coefficient matrix of the control 

terms, and 1Gk,k is the noise matrix. Equation (2.2) represents the measurement model, 

where ky  is the systematic measurement sequence at time k, k  is the measurement 

model noise sequence, and Hk is the measurement matrix, also known as the 

measurement operator. 
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2.1.2 Data assimilation method 

The DA method is the key for merging the model with the measured data. The DA 

method can continuously fuse the newly acquired measured data into the evolution of 

the model, so that the model can automatically adjust the model trajectory based on the 

newly acquired measured data and make the model simulation values are closer to the 

true state (Reichle, 2008). DA methods originated in the 1950s. The process involves 

four stages: an empirical method stage, a mathematical method stage, a simple 

intelligent method stage, and an intelligent method stage. A few methods have been 

developed for each stage, as shown in Figure 2.1. 

 

Figure 2.1 Data assimilation methods (Revised from Li and Bai, 2010). 

In general, DA methods can be divided into sequential data assimilation methods 

and continuous data assimilation methods. A DA system that uses the sequential data 

assimilation method is referred to as a sequential data assimilation system. A DA system 

that uses the continuous data assimilation method is referred to as a continuous data 

assimilation system (Li and Bai, 2010). 
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2.1.2.1 Sequential data assimilation method 

Sequential data assimilation methods are also referred to as a dynamic assimilation 

methods (Morel and Talatrand, 1974) or a filtering methods (Mathieu and Alano’Neill, 

2008), which mainly include a KF method (Kalman, 1960), extended Kalman filtering 

method (Talagrand, 1997; Walker and Houser, 2001; Boulet et al., 2002; Kalnay, 2003; 

Kumar and Kaleita, 2003; Montaldo and Albertson, 2003; Sun et al., 2004), ensemble 

Kalman filter series variant method (Hoeben and Troch, 2000; Reichle et al., 2002a,b; 

Crow and Wood, 2003; Evensen, 2003; Margulis et al., 2003), particle filtering method 

(Arulampalam et al., 2002), and hierarchical Bayesian method (Berliner, 1996). The 

theoretical basis of the sequential data assimilation method is Bayesian estimation 

theory, which provides a uniform methodology for sequential data assimilation methods. 

Because the model established in practice is only an approximation of the actual state, 

many factors, such as the initial conditions, boundary conditions, truncation errors, and 

calculation errors, may lead to uncertainty in the operation of the model. In addition, 

the uncertainty of the measured data due to representativity errors or instrument errors 

creates noises in the model and measurements in the data assimilation. The role of the 

Bayesian theory in sequential data assimilation is to accurately estimate the probability 

density function of the current state based on all the previous measurements and to 

minimize impacts on the accuracy of the state vector estimation by the uncertainty of 

the model and measurement. 

The principle of Bayesian estimation theory is briefly introduced as follows. 

Definition:  P A represents the probability of occurrence of event A ,  P B

represents the probability of occurrence of event B ,  P B| A represents the conditional 

probability of occurrence of event B  under the condition that event A  occurs, and

 P AB represents the joint probability that both events A  and B  occur at the same 
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time. If event Α and event B are independent, then      P AB P A P B  . 

Bayes' theorem (Press，2010): 

  
   

 

P B | A P A
P A| B

P B


   (2.3) 

In the sequential data assimilation method, assuming that x  is the simulated value 

of the model and y is the measured data, the DA method fuses the new measured data 

into the evolution process of the model and corrects the model trajectory so that it is 

constantly approaches the true state. Namely, the state variables are obtained based on 

the integration of the new measured data, so that the probability of them being close to 

the true values is the greatest. According to Bayes' theorem, under the condition that 

the measured data y are known, the probability density function of the state vector 

estimate x ,  P x| y  is as follows: 

  
   

 

P y | x P x
P x | y

P y


   (2.4) 

The sequential data assimilation method is based on Bayes’ theorem. Assuming 

that the probability of the measured data is known, the probability that the simulated 

values from the model are close to the true state is maximized, i.e., max  P x| y  ( Li 

and Bai, 2010). 

The computation process of the sequential data assimilation method mainly 

includes two processes: prediction and update (Ma, 2013), as shown in Figure 2.2. 
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Figure 2.2 Computation process of sequence data assimilation method. 

A prediction process initializes the model based on the state value at the initial 

moment. The prediction process introduces new measured data encountered as the 

model runs forward into the model simulation process and predicts the state vector 

value of the model at the current time. The update process assigns weights to the 

measured data and the model simulation value at the current time and obtains the 

optimal value of the state vectors at the current time. After the update process is 

complete, the model is reinitialized based on the optimal estimate of the model state 

vector obtained during the update phase. This cycle of the prediction process and update 

process continues. This methodology originated from the KF method in cybernetics 

(Kalman, 1960; Galantowicz et al., 1999), and later developed into various filtering 

methods, such as the particle filtering method (Arulampalam et al., 2002), extended 

Kalman filtering method (Talagrand, 1997; Walker and Houser, 2001; Boulet et al., 

2002; Kalnay, 2003; Kumar and Kaleita, 2003; Montaldo and Albertson, 2003; Sun et 

al., 2004), ensemble Kalman filtering method and the related variations (Hoeben and 

Troch, 2000; Reichle et al., 2002a,b; Crow and Wood, 2003; Margulis et al., 2003; 

Evensen, 2003). 

Using the KF method in the sequential data assimilation method as an example, 

several sequential data assimilation methods based on Bayesian principles are reviewed 

as follows: 

(1) KF method: 
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First, it is assumed that the error of the prediction model and the error of the 

measurement model are statistically independent, i.e., 
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  (2.5) 

Where Q  is the error covariance matrix of the prediction model and R  is the 

error covariance matrix of the measurement model, which are assumed to be 

independent of each other and the initial state, and ki  is the Kronecker- function, 

defined as follows (Liang et al., 2013):   

 
0

1
ki

k i

k i



 


  (2.6) 

Next, a brief introduction of the derivation process of the KF algorithm based on 

the Bayesian principle is given as follows (Liang et al., 2013). As described above, the 

goal of the sequential data assimilation method is to minimize the difference between 

the estimated value of the state vector and the true value of the state vector, or to 

maximize the probability  t f

k k kP x | y ,x , where t

kx  is the true state value at time k, ky

is the measurement sequence at time k, and f

kx  is the value predicated by the model at 

time k. According to Bayes' theorem (Liang et al., 2013): 

 
 

   
 

f f

k k

t t
k k kt f

k k k f
k k

P x | x P y | x ,x
P x | y ,x

P y | x


  (2.7) 

Combining the prediction model (Equation (2.1)) and measurement model 

(Equation (2.2)) of the DA system yields: 
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  (2.8) 

where P
f

k
is the error covariance matrix of the state vector prediction values. 

To maximize the probability  t f

k k kP x | y ,x , the following objective function can 

be obtained (Lorenc, 1995; Liang et al., 2013): 
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P

H R H

T
a f f a f

k k k k k
a

k T
a a

k k k k k k k
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J





  
 
 
    

min

  (2.9) 

The value of a

kx  when the value of the objective function  a

kJ x is minimal is 

the estimated value of the state vector. a

kx  can be obtained from the derivative of the 

objective function: 

 
 

     
1

1 0P H R H

a

k f a f T a

k k k k k k k ka

k

x
x x y x

x
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  (2.10) 

    
1 1

1 1 0P H R H P H R
f T a f f T

k k k k k k k k k kx x y
 

       
      

  (2.11) 

Solving Equation (2.11) yields 
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  (2.12) 

Letting  
1

K = P H H P H + R
-

f T f T

k k k k k k k
, also known as the Kalman gain matrix 

(Galantowicz et al., 1999), Equation (2.12) can be written as follows: 

  K H
a f f

k k k k k kx x y x     (2.13) 
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where  H
f

k k ky x is called the measurement innovation, and

1 1 1 1=M C
f a

k k,k k k,k kx x u    . 

Equation (2.13) shows that the estimated value of the state vector, a

kx  is 

determined by weighting the model’s predicted values and the measurement innovation, 

and K k  is the weight. The weight is determined based on the error covariance matrix 

of the model’s predicted values and the error covariance matrix of the measurement 

model. When solving K k  at the current time, the error covariance matrix of the 

predicted values at the current time, P
f

k
must be solved first. 

Defining a a t

k k kx x x    as the error of the state vector estimation value, 

f f t

k k kx x x    as the error of the model predicted value, and H
t

k k k ky y x    as the 

measurement error, the model prediction error covariance matrix is as follows (Liang 

et al., 2013): 

  P
T

f f f
k k kE x x 

 
 
 =   (2.14) 

Assuming that the model error   and the estimation error 
a

kx  are not 

statistically correlated, then (Kalman, 1960): 
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The error covariance matrix of the state vector prediction value is as follows 

(Liang et al., 2013): 

 1 1 1 1P M P M Qf a T
k k,k k k,k k   =   (2.16) 

Equation (2.16) shows that the calculation of the error covariance matrix of the 

current state vector prediction value requires the error covariance matrix of the state 

vector estimate at the previous time, 
1P

a

k
, according to 

1 1 1

a a t

k k kx x x     : 

   1 1 1P
T

a a a

k k kE x x       (2.17) 

Assuming that the prediction error is not correlated with the measurement error 

statistically, t

kx is subtracted from the two sides of Equation (2.13), and the result is 

substituted into Equation (2.17) (Kalman, 1960; Liang et al., 2013): 

    1 1 1 1 1 1 1 1 1P = I - K H P I - K H + K R K
Ta f T

k k k- k k k k k k          (2.18) 

Substituting  
1

1 1 1 1 1 1 1K = P H H P H + R
-

f T f T

k k k k k k k      
 into Equation (2.18) yields 

the following: 

   1 1 1 1P I K H P
a f

k k k k       (2.19) 

In summary, based on Bayes’ theorem, the calculated flow of the Kalman filter 

assimilation method is as follows (Kalman, 1960; Galantowicz et al., 1999; Liang et al., 

2013): 

 
1 1 1 1=M C

f a

k k,k k k,k kx x u      (2.20) 

 
1 1 1 1P M P M Q

f a T

k k,k k k,k k   =   (2.21) 

  
1

K P H H P H R
f T f T

k k k k k k k



    (2.22) 

  K Ha f f
k k k k k kx x y x     (2.23) 

  P I K H P
a f

k k k k    (2.24) 
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Given initial conditions 
0

ax  and 
0P
a , the predication → update → 

predication…→ update steps from Equation (2.20) through Equation (2.24) are 

repeated for the model state vector in the data assimilation, and finally the estimate of 

the model state vector a

kx  is obtained. 

(2)  Extended Kalman filtering method: 

As an extended form of the KF method, the extended Kalman filtering method 

solves the linear limitation problem using a Kalman filter and extends the applicability 

to meteorological and oceanographic forecasting and some non-conventional data 

nonlinear operators. The extended Kalman filtering method extends the application of 

DA system to non-linear systems. The basic idea of an extended Kalman filter is first 

to linearize a nonlinear model by the partial derivatives of the prediction model and the 

measurement model and then to calculate the estimated value of the state vector at the 

current time using the Kalman filter assimilation method (Walker and Houser, 2001; 

Boulet et al., 2002; Chen and Hsieh,2008). 

The nonlinear prediction model and a nonlinear measurement model in the DA 

system are expressed as follows (Sengupta, 1993; Montaldo and Albertson, 2003): 

 
1 1 1 1 1 1

1
M C G

k,kk k k,k k k,k k
X X u 

     
     (2.25) 

 1
Hk k k ky X     (2.26)  

where the tangential modes of the nonlinear state transition matrix 1

1Mk ,k
 and the 

nonlinear measurement operator 1
Hk

 are expressed as 
1M

'

k ,k
 and H

'

k
, respectively, 

and the other symbols are the same as those in Equations (2.1) and (2.2). 

When determining the error covariance matrix of the predicted value, the Kalman 

gain matrix and the error covariance matrix of the estimated value, the state transition 
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matrix, and the tangent linear mode of the measurement operator are used. When the 

state transition matrix and the measurement operator use the tangent approximation, in 

general, only the first derivative term is retained, which is suitable for weakly nonlinear 

problems. For strongly nonlinear problems, the second, third, or even higher order 

derivatives are needed to ensure the convergence and stability of the method. However, 

this will also increase the computational cost of the method. The number of orders of 

derivatives retained is based on the actual situation. 

(3) Ensemble Kalman filtering method: 

The ensemble Kalman filtering method is a DA method proposed by Evensen in 

the mid-1990s (Evensen, 1994). It combines ensemble prediction with the KF 

assimilation method. The basic idea is to estimate the prediction error covariance of the 

state vectors and the error covariance matrix of the estimation using Monte Carlo 

methods. The ensemble Kalman filtering method solves the problem that it is difficult 

to predict and estimate the covariance matrix in applications. It can be applied to the 

nonlinear DA system, and it reduces computational costs (Evensen, 2003). The 

ensemble Kalman filter starts from an initial value sequence ensemble that contains 

errors. The size of the ensemble is N. Like the KF assimilation method, it also includes 

prediction and update steps. The basic process flow is as follows (Burgers et al., 1998; 

Reichle et al., 2002a,b; Evensen, 2006): 

 
1 1 1 1=M C

f a

i ,k k,k i ,k k,k i ,kx x u      (2.27) 

  
1

K P H H P H R
f T f T

k k k k k k k



    (2.28) 

   
1

1

1
P

N T
f f f f f

k i ,k k i ,k k

i

x x x x
N 

  

   (2.29) 

       
1

1

1
P H H H

TN
f T f f f f

k k i ,k k i ,k k

i

x x x x
N 

   
  

   (2.30) 
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   (2.31) 

  K Ha f f
ii ,k i ,k k k k i,kx x y d x      (2.32) 

 
1

1 N
a a
k i ,k

i

x x
N 

    (2.33) 

where f

i ,kx  is the state prediction value of element i  in the ensemble at time k, 

a

i ,kx  the state vector analysis value of the state vector of element i  in the ensemble at 

time k, 
a

kx  is the analysis value of the state vector at time k, id is element i  in the 

perturbed measurements, whose mean value is 0 in the ensemble, 1Mk,k is a state 

transition matrix from time k-1 to time k, which is generally nonlinear, Hk is a 

measurement operator at time k, K k is a gain matrix at time k, and P
f

k
 is a state 

prediction error covariance matrix. 

Like the extended Kalman filter, the ensemble Kalman filter can also handle 

nonlinear problems. However, the ensemble Kalman filter avoids the problem of the 

tangent linearity calculations of the Kalman filter and is easier to implement. The 

ensemble-based computational cost of the error variance matrix is small. In addition, 

parallel computations can be implemented in the ensemble Kalman filtering method. 

Nevertheless, the ensemble Kalman filter has certain drawbacks. For example, the 

insufficiency of the elements in the ensemble may lead to filter divergence. In addition, 

the limited number of elements in the ensemble in the actual operation tends to cause 

the obtained gain matrix to be rank deficient. 

(4)  Particle filtering: 

The basis of the particle filtering method is Monte Carlo simulations. Like the KF 

method, it also includes two steps: prediction and update (Gordon et al., 1993; Isard 
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and Blake, 1998): 

 Prediction: 1: 1
1

ky fa
k k

x x

   (2.34) 

 Update: kyf a
k k

x x   (2.35) 

The prediction step is the same as the KF method. The core of the update step is 

using the sequential resampling filtering method to obtain each sample point a

i ,kx  and 

its weight i ,kx , where
1

1
N

i ,k

i

q


 , and a

i ,kx  is the particle in the sample. 

When the particle data is sufficient, the approximation of the posterior probability 

of the state vector is as follows: 

    1:
1

N
a a a
k k i ,k k i ,k

i

P x | y q x x


    (2.36) 

Compared with the KF assimilation method, the particle filtering method has the 

advantage of not requiring linearity assumptions on the system, and it does not require 

the model error to obey a Gaussian distribution. This method uses Monte Carlo 

sampling to estimate the state posterior probability distribution. This can reflect the 

variation of the nonlinear system. The computational cost is small, and parallel 

computing can be readily implemented. In addition, compared with the ensemble 

Kalman filtering method, the particle filtering method can better solve the nonlinear 

problem and non-Gaussian error problem of the model (Pan, 2006; Han and Xin, 2008). 

However, in practical applications, the particle filter is prone to degeneracy problems 

(Doucet et al., 2000), resulting in increased errors of the data assimilation. Currently, 

the main methods to solve the problem of particle degradation involve resampling the 

sampled particles using the importance sampling method and selecting more 

appropriate importance functions. 

(5)  Hierarchical Bayesian method: 
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The hierarchical Bayesian method was first proposed by Berliner (Berliner, 1996) 

to split the complex joint probability solving problem into multiple simple posterior 

probability solving problems (Cressie and Wikle, 2015). Based on conditional 

probability, the DA system can be factorized into three stages: a data modeling stage, a 

process modeling stage, and a parameter modeling stage. The data modeling stage 

mainly includes in situ measured data, remote sensing measured data, and dynamic 

model simulation output data. The process modeling stage represents the 

spatiotemporal distribution of the state vector to be assimilated. The parameter model 

stage contains various parameter information from the assimilation method, such as 

from the data acquisition, modeling, and data. The two stages are associated by a 

conditional probability. In the DA system, the three stages can be regarded as three 

random variables, and a conditional probability distribution model is established for 

each stage. However, in practice, due to the difficulty of calculation and small 

application scope, compared to other DA methods, the hierarchical Bayesian method 

has lagged behind in development and found fewer applications. Hence, it will not be 

described in detail. Introduction and application of the Bayesian method can be found 

in the literature (Wikle et al., 1998; Wikle and Berliner, 2005; Fuentes and Rafery, 2005; 

Clark and Gelfand, 2006; Wikle and Berliner, 2007; Gelfand and Sahu, 2010; Banerjee 

et al., 2014). 

2.1.2.2 Continuous data assimilation method 

As one of the mainstream modern DA methods, the continuous data assimilation 

method mainly includes Monte Carlo global optimization methods and variational 

methods. Monte Carlo global optimization methods are also applicable to the cases 

where dynamic models and measurement models in the system are nonlinear. The 

methods are relatively easy to implement (Li et al., 2004; Yang et al., 2007), but the 

efficiency is not as high as those of variational methods. The three-dimensional 

variational method (3D-Var) and the four-dimensional variational method (4D-Var) are 
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widely used (Courtier, 1997; Reichle et al., 2001a, b). The main idea of the methods is 

to use the cost function to represent errors between the state vector estimate and the true 

value. The optimal solution of the cost function is obtained by adjusting the simulation 

trajectory of the model using all the measured data in the same window. The state 

variables that minimize the difference between the state estimate value and the true 

value are the optimal state estimates. 

(1) Continuous three-dimensional variational method: 

The cost function of the continuous three-dimensional variational method is as 

follows: 
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  (2.37) 

where b

kx  is the state background field, B  is the error covariance matrix of the 

background field, ky is the measured data at time k, Hk is the measurement operator 

at time k, R k  is the measurement error covariance matrix, and a

kx  is the optimal 

estimate of the state vector or the value where the cost function is at the minimum value. 

The methods for determining a

kx  include the descent method, Newton’s method, 

the relaxation method, and the optimal iterative compensation method. 

Since the computation process contains physical processes, the assimilation results 

obtained by the three-dimensional variational method are physically consistent. The 

method can use more complex measurement operators and is more practical for 

measured data that are not directly related or are nonlinearly related to the state vector. 

However, when solving the optimal state vector estimate, it is necessary to calculate the 

adjoint mode and the tangent linear equation, which is not only difficult to achieve but 
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also involves high computational costs. Researchers have proven that if the observed 

sparsity is particularly large, the result of the three-dimensional variational method will 

be close to the results of the ensemble Kalman filtering data assimilation method 

(Houtekamer et al., 2005). 

(2)  Continuous four-dimensional variational method: 

The cost function of the continuous four-dimensional variational method is as 

follows (Reichle et al., 2001a, b): 
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  (2.38) 

where 

   1 1 1 1 1 1 2 2 1 2 2 1 1M C M M C C
a a a

k k ,k k k,k k k ,k k ,k k k ,k k k,k kx x u x u u ...                 . 

If 𝑛 = 0, the four-dimensional variational method in Equation (2.38) is the same 

as the three-dimensional variational method. 

The difference between the three-dimensional and four-dimensional variational 

methods is that in the calculation of the three-dimensional variational method, the 

model error does not change with time and remains constant. The measured data at later 

times is not used to obtain the estimate of the state vector at the current time. The four-

dimensional variational method considers the prior information of the model error, so 

it can better reflect the complex nonlinear constraint relationship. However, with the 

addition of the state transition matrix, the computational cost and coding difficulty 

increase with this method. 
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2.1.2.3 Comparison of two types of data assimilation methods 

The fundamental difference between the two main methods of data assimilation—

the sequential filtering data assimilation method and the continuous variational data 

assimilation method—is that the sequential assimilation method introduces the error 

covariance matrix continually and explicitly at each step of the epoch, while the 

variational method implicitly performs the covariance evolution at the interval of each 

assimilation period. The covariance matrix of the state vector cannot be solved in the 

variational method, which is not suitable for the study of DA system uncertainty control. 

In addition, the variational method requires that the model be free from error and 

discrete in time. Each calculation involves the prediction model, the forward tangent 

integral, and the inverse integral of the adjoint model. It requires many iterations and a 

large computational cost. Furthermore, the adjoint models of the complex model 

operators and measurement operators are complicated to code and difficult to 

implement. 

Prediction errors in sequential filtering data assimilation methods vary with the 

evolution of the dynamic model. The state and variation process of the model are well 

reflected in the operation, and the state vector of each epoch and its corresponding 

covariance matrix can be explicitly calculated, which helps the analysis and control of 

uncertainty problems in DA systems. In addition, a sequential filtering data assimilation 

method is also relatively easy to implement and does not require an adjoint model of 

the computation model. This simplifies the programming and improves the efficiency. 

Based on the two types of DA methods and their characteristics shown in Table 2.1, 

compared with the continuous variational data assimilation method, the sequential 

filtering data assimilation method has greater potential for both practical applications 

and uncertainty processing. Because the latest filtering methods evolved and developed 

based on the KF method, and because the KF method has high computational efficiency 

and requires less computational memory (Haykin, 2001), the control method for 
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improving the reliability of sequential data assimilation system studied in this thesis is 

mainly based on the KF assimilation method. 
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Table 2.1 Common data assimilation methods and their characteristics (Revised from 

Ma, 2013). 

Method Characteristics 
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Kalman Filter 

Continuously uses the new measured data to adjust the trajectory of the 

updated model state vector simulation value to obtain the optimal 

estimate of the current state vector. This is mostly used in linear 

systems. The model and measurement noises are assumed to follow 

Gaussian white noise distributions. 

Extended Kalman 

Filter 

The nonlinear DA system can be transformed to the tangent linear DA 

system. The KF method can be used to obtain the optimal estimate of 

the current state vector. The model and measurement noises are 

assumed to follow Gaussian white noise distributions. 

Ensemble Kalman 

Filter 

Combined with ensemble prediction and KF methods, the Monte Carlo 

method is used to calculate the prediction error covariance matrix of 

the state vector. This can be used in nonlinear DA systems. This method 

involves a lower computational complexity, and parallel computations 

can be implemented. 

Particle Filter 

It can be used in nonlinear DA systems. It does not require model errors 

to follow Gaussian white noise distributions. Parallel computations can 

be implemented in this method. 

Hierarchical 

Bayesian 

The DA system was factorized into three stages: a data modeling stage, 

a process modeling stage, and a parameter modeling stage. The process 

and parameter posterior probability distributions are derived in the form 

of conditional probability models. There are few applications of this 

method. 

C
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3D-Var 

A cost function is used to represent the error between the state vector 

estimate and the true value. The optimal solution of the cost function is 

obtained by adjusting the simulation trajectory of the model using all 

the measured data in the same window. The calculation of the cost 

function requires a gradient function and an adjoint model. It has great 

computational complexity and a high computational cost. 

4-Dvar 

Based on 3D-Var, the time-varying state transition matrix is used to 

obtain the estimate of the state vector. It requires a gradient function 

and adjoint model. The computational cost is enormous. 

2.2 Theory of Uncertainty in Sequential Data Assimilation System 

This section introduces the error theory that leads to the uncertainty in the 

sequential data assimilation systems both in the state space and measurement space. In 
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data assimilation, it is expected that the established dynamic model can accurately 

represent the real model state vector over time. However, for various reasons, in the 

actual processing, it is impossible to represent reality perfectly with mathematical 

models. It is impossible to build a perfect function model and dynamic model. 

According to the mathematical description of the sequence data assimilation system in 

Equation (2.1), assuming that there are no system control items, Figure 2.3 shows a 

schematic diagram of the evolution of the state space error in the SDA system. The 

representation of each error in the system is as follows: 

State prediction error: f f t

k k kx x   , 

State estimation error: a a t

k k kx x   , 

State model error:
1 1M

t t

k k ,k k kx x    . 

 

Figure 2.3 Schematic diagram of state space error in sequential data assimilation 

systems (Brasseur, 2006). 

According to Li (2007), the state prediction error covariance matrix

1 1 1 1P M P M Q
f a T

k k,k k k,k k   =  contains two terms:
1 1 1M P M

a T

k,k k k,k  
 and 1Qk , where
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 1Q
T

k k kE    . The former represents the influence of the internal error, originating 

from the initial state and the dynamic evolution process of the state. The latter 

represents the external error, which reflects that the model does not fully describe reality. 

The measurement space error mainly includes the error of the measurement model 

and the error of the measured data itself. The main reasons for the error in the 

measurement model are as follows: ① Direct measurements are generally 

instantaneous in space and time. If the state vector is continuous, the instantaneous 

measurements must be “transformed” into a data set with spatiotemporal continuity 

using the measurement model, whereas the measurement model cannot accurately 

reflect the complex relationship between the two. ② If the measurement cannot be 

directly made, indirect measurement is needed. Namely, the relationship between the 

measurement and the state is implicit. Meanwhile, other variables are required to 

establish the relationship between the measurement and the state vector. If necessary, 

an a priori information constraint is also introduced. Due to a variety of external or 

internal factors, it is impossible to establish a perfect representation of the relationship. 

In addition to measurement model errors, the measured data itself also contains 

errors. The error can be due to outliers, systematic error caused by the equipment, data 

transmission errors, human operation error, or a representativity error caused by 

complex spatial heterogeneity. In addition, if the construction of the model must rely 

on historical measured data, the local noise of the measured data will have a great 

impact on the accuracy of the DA prediction results. This is also a focus of this thesis 

and will be discussed in the following sections in detail. 

In summary, in the SDA system, uncertainties are present both in the models 

(including the forecasting models and measurement models) and the measured data. In 

this thesis, the method for controlling the uncertainties of the SDA system is studied to 

find appropriate solutions to control the model uncertainty problem and the uncertainty 
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of the measured data in the SDA system. The specific subjects of this thesis are the 

suppression of the filtering divergence phenomenon in SDA systems, the control of the 

colored noise problem in models, and the reduction of the influence of local noise in 

the measured data on the assimilation prediction results. From model and measurement 

aspects, control methods are studied to improve the reliability of SDA system. 

2.3 Summary 

In this chapter, the concept of the DA system, basic components, the sequential 

data assimilation method, and the continuous data assimilation method in DA systems 

were introduced. Based on the Bayesian principle, the derivation process for Kalman 

filter assimilation methods was described, and the sequential data assimilation method 

was introduced. Compared with the characteristics of the continuous data assimilation 

method, theory of uncertainty in the SDA system was introduced. This laid a theoretical 

foundation for the study of control methods for improving the reliability of SDA system. 
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CHAPTER 3.  

RESEARCH ON QUALITY CONTROL METHOD FOR 

MODELS IN SEQUENTIAL DATA ASSIMILATION 

SYSTEM  

3.1 Study of filtering divergence suppression methods 

A DA system model has inevitable errors due to its inability to perfectly 

mathematically represent the physical processes of the system. There are two main 

triggers of filter divergence. First, since the lengths of computer variables are finite, the 

effect of rounding errors is not negligible. As the assimilation process evolves, the 

rounding error will gradually accumulate, resulting in estimation error and the 

covariance matrix being no longer non-negative or symmetrical, which produces filter 

divergence. Second, due to limitations in knowledge, the model describing the dynamic 

characteristics of the system and the statistical information of the noise are inaccurate 

and cannot reflect the actual process, which may cause the simulated values of the 

model to be mismatched with the measured data, the proportion of the old data in the 

state estimates to be too large, and the proportion of the new measured data to be too 

small, which also leads to the filtering divergence (Price, 1968). The filtering 

divergence caused by this factor is the subject of this chapter. 

In theory, the key to the KF assimilation method is the determination of the weights 

of the forecast information and measured data, i.e., the Kalman gains. If the weight 

assigned to the state vector prediction value is large, the weight assigned to the 

measured data will be small, and the DA system will consider the prediction model to 

be more accurate because the prediction error covariance matrix becomes smaller and 

smaller. In subsequent calculations, more weights are assigned to the simulation values, 

resulting in a greater amount of the new measured data being ignored. When the error 
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variance matrices of the state estimate and prediction tend to be stable or bounded, the 

large error covariance matrix will result in the measured data being unable to adjust 

from an inaccurate state to an accurate state. 

Selecting target tracking with uniform motion as an example (Yang et al., 2016), 

the phenomenon of filter divergence can be demonstrated intuitively. The assimilation 

models are expressed as follows: 

 

1k k k

k k k

x x V k w

y x v

    


  

 (3.1) 

where kx is the position of the tracking target, V is the speed, ky denotes 

measurements of the target position, and kw  and kv  are the noise of the state model 

and measurement model with  0 Qk ww N ,  and  0 Rk kv N , , respectively. Qw

and R k were assumed to be 1 in this test. 

Because of cognition limitations, it is supposed that the model in Equation (3.1) 

was mistaken as the following: 

 

1k k k

k k k

x x w

y x v

  


  

 (3.2) 

The KF assimilation method was used to estimate the target position under the two 

models given by Equations (3.1) and (3.2). The errors between the predicted values and 

the real measurements were calculated through 1000 simulations. The results are shown 

in Figure 3.1. 
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Figure 3.1 Errors of assimilation results under the two models. 

As shown in Figure 3.1, the simulation errors acquired from the correct model 

(Equation 3.1) were far smaller than those obtained from the incorrect model (Equation 

3.2). Filter divergence has occurred on the forecasting results of the target position 

under the wrong forecasting model using KF method. The main reason that filter 

divergence occurred in the incorrect model was that this model does not consider the 

speed information. V k items are missing in the incorrect model, which causes the 

model errors to be underestimated. 

In theory, the primary cause of the filter divergence is the underestimation of the 

error covariance matrices. That is, the underestimation of the model forecasting error 

covariance matrices in Equation (2.21) during the Kalman filter assimilation method 

process. Furthermore, the value of the Kalman filter gain in Equation (2.22) decreases 

accordingly. This means that the estimated values of the state vector will become 

increasingly close to the simulated values from the assimilation models with the 

evolution of the assimilation process. Meanwhile, the effects of the new measurements 

on the model become increasingly weak, which ultimately leads to a filter divergence 

phenomenon. 

3.1.1 Overview of filter divergence suppressing methods 

To solve the filtering divergence problem in an SDA system based on the KF 
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assimilation method, many in-depth studies have been conducted and many solutions 

have been proposed. This chapter briefly introduces a covariance weighted method and 

an adaptive method that are widely used for filter divergence suppressing. 

(1) Covariance Weighted method 

The covariance weighted method controls the effects of the new measurements on 

the assimilation results by adding weights or coefficients to the forecasting error 

covariance matrices (Long and Liu, 2006). The method can cause the error covariance 

matrices P
f

k
 to expand and the gain matrix K to increase, enhancing the correction 

effects of the new observation on the filter model and causing the assimilation results 

to not only depend on the incorrect model simulation. The covariance weighted method 

is often used in fields that require accuracy and computational efficiency. The flow 

chart of the algorithm is shown in Figure 3.2 (Long and Liu, 2006). 

 

Figure 3.2 Flow chart of covariance weighted method. 

(2) Adaptive method 

The adaptive method estimates the model parameters and statistical noise 

characteristics using new measurements at each step of the assimilation evolution to 
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correct the Kalman filter gain matrix and suppress the filtering divergence phenomenon 

(Mohamed and Schwarz, 1999; Lu et al., 2007; Zeng et al., 2009). The model 

parameters can be estimated using filters such as the Sage–Husa adaptive filter (Lu et 

al., 2007), the strong tracking Kalman filter, and the improved adaptive filter. The 

statistical characteristics of the model and observation noise can be corrected and 

estimated through time-varying noise estimators in real time (Jing et al., 2009). 

Furthermore, the Kalman filter gain matrix is corrected, and the SDA system process is 

then made into the normal evolution state. The flow chart of the adaptive method 

introduced and used in this paper is shown in Figure 3.3 (Yang and Xu, 2003): 

 

Figure 3.3 Flow chart of adaptive method. 

3.1.2 Filter divergence suppressing method based on L1-norm constraint 

Filter divergence occurs when the simulated values from the assimilation model 

and measurements do not match. Furthermore, the Kalman gain matrix K  in the KF 

method plays a significant role in suppressing the filter divergence. If the Kalman gain 

matrix can be modified in time, it will solve the problem of the mismatch between the 
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model simulations and measurements, and further suppress the filter divergence 

phenomenon. Hence, the key to suppressing the filter divergence is to calculate the 

proper weights of the state estimation and new measurements, i.e., the Kalman gain 

matrix K . From this perspective, an approach based on L1-norm constraint is proposed 

to force the simulated values from state model to be close to the measurements to solve 

the mismatching problem when the divergence is about to occur. 

A more commonly used criterion for judging filtering divergence is as follows (Hu 

and Ou, 1999): 

  +
T f T

k k k k k k
v v r H P H R  (3.3) 

where f

k k k k
v y x  H  and 1r  . Filtering divergence will occur if Equation (3.3) 

is not satisfied. 

This method involves the process for finding the minimum values of the objective 

function. Traditionally, the L1-norm and L2-norm are commonly used as constraints in 

the objective function to solve this problem. However, the L2-norm constraint is 

sensitive to non-Gaussian noise. Furthermore, it easily falls into local minima and fails 

to obtain ideal results when faced with the various strong noise present in actual 

measurements. The objective function based on the L1-norm constraint has a better 

resistance to noise ratio. Tarantola (1987) and Crase et al. (1990) believed that the L1-

norm was insensitive to noise. Furthermore, mixed-norms such as the Huber-norm 

(Huber, 1973) also performs well. However, they are sensitive to the threshold value, 

which requires a large number of computations to estimate the threshold values. Thus, 

in this study, the L1-norm constraint was used to find minimum values of the objective 

function, which can assign appropriate weights to model simulations and measurements. 

The L1-norm constraint function for calculating the Kalman gain matrix K is as follows: 
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1

cal obs
y yK   (3.4) 

Where 
cal

y  is the estimated measurement calculated from the state information, 

and 
obs

y  is the new measurement. To solve the optimization problem of the L1-norm 

constraint shown in Equation (3.4), a gradient projection method or conjugate gradient 

method can be used. 

① Gradient projection method (Barzilai and Borwein, 1988; Dai and Fletcher, 2005) 

In this method, the following is calculated: 

   1
K K K

k k k k
P f

 
    (3.5) 

where the iteration step length is 0
k

  .  K
k

f  is the gradient information of

 Kf .  P


 denotes the operator projection onto the feasible region . The gradient 

projection method can judge whether 1
K

k  is acceptable through Equation (3.6). If it 

is acceptable, the method can proceed to the next iteration; if not, the iteration step 

length k
  is adjusted and 1

K
k  is recalculated until the following condition is 

satisfied: 
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 (3.6) 

As the effects of the gradient projection method are greatly affected by the iteration 

step length, it is of great importance to select the appropriate length, which includes 

choosing, accepting, and adjusting the iteration step length. Many scholars have carried 

out studies on the iteration step length selection methods (Barzilai and Borwein, 

1988；Dai and Fletcher, 2005). 
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②  Conjugate gradient method (Touati-Ahmed and Storey, 1990; Hager and Zhang, 

2006) 

This method only requires first derivative information to construct the descent 

direction used for the gradient conjugate through the gradient such that the most rapid 

descent direction is conjugate. The description above can improve the effectiveness and 

reliability of the algorithm. The search direction of the conjugate gradient method is 

expressed as follows: 

   1 1
K

k k k k
d f d

 
    (3.7) 

There are many ways to calculate k
  and different ways represents different 

linear search methods. Furthermore, different parameters correspond to different 

conjugate gradient methods. Hager and Zhang (2006) summarized eight categories of 

conjugate gradient methods. The more commonly used methods include the following: 
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 (3.10) 

These three methods are named the HS, FR, and PRP conjugate gradient 

algorithms, respectively. The PRP conjugate gradient method globally converges under 

the appropriate search conditions (Hager and Zhang, 2006). The FR conjugate gradient 

method globally converges only with accurate step length values. The HS conjugate 

gradient method has a similar convergence to that of the PRP method. 
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In addition to the methods introduced above, the most rapid descent method, 

Newton’s method, and the iterative contraction method are all effective calculation 

methods. A suitable calculation method can be selected based on the specific scenario. 

In summary, the key of the proposed filter divergence suppression method based 

on the L1-norm constraint is to realize the real-time weight adjustment between the 

model simulation values and measurements through Equation (3.4). The proposed 

method is shown in Figure 3.4 and the procedure is as follows. 

 

Figure 3.4 Framework of filter divergence suppressing method based on L1-norm 

constraint. The main contents are shown in red. 

I. Given the initial conditions of the method:
0

ax , 
0P
a , and measurement sequences, 

the process of the KF assimilation method shown by Equations (2.20) and (2.21) 

is carried out. 

II. Before calculating the Kalman gain matrix, whether the filter divergence occurs 

at the current moment is judged by Equation (3.3). 

III. If filter divergence occurs, the L1-norm constraint is needed to calculate the 

Kalman gain matrix through the conjugate gradient method. The state vector 
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values are then estimated using Equations (2.23) and (2.24). If filter divergence 

does not occur, the state vector values are directly estimated by Equations 

(2.22)–(2.24). 

IV. These steps are repeated until all the measurements have been used. 

3.1.3 Numerical calculation and analysis 

In this section, the covariance weighted method, adaptive method, and the 

proposed method based on the L1-norm constraint are applied in the numerical 

examples of filtering divergence suppression, as shown in Figure 3.1. The results are 

compared and analyzed. Experimental frame is shown in Figure 3.5. 

 

Figure 3.5 Experimental frame. 

To evaluate the quality of assimilation results, the relative root mean square error 

(RRMSE) and cumulative absolute errors average (Cum-AEA) values are introduced 

as the evaluation criterion (shown in Equation (3.11) and Equation (3.12)): 
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   (3.12) 

where  x̂ k  denotes the forecast traffic flow value and  x k  denotes the 

corresponding true value. The RRMSE Cum-AEA values reflect the accuracy and 

quality of assimilation results. The smaller the RRMSE and Cum-AEA values are, the 

better are the forecast performances become. 

 Table 3.1 displays the RRMSE values of the assimilation results acquired from 

the original KF method, covariance weighted method, adaptive method, and the 

proposed method based on L1-norm constraint (shown as Proposed Method). Figure 3.6 

shows the cumulative absolute errors average (Cum-AEA) values of the target position 

acquired using the above four methods.  

 

Figure 3.6 Cum-AEA values of assimilation results acquired from four methods. 
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Table 3.1 RRMSE values of assimilation results acquired from four methods. 

 RRMSE 

KF Method 0.5636 

Covariance Weighted Method 0.0381 

Adaptive method 0.0355 

Proposed method 0.0344 

As shown in Figure 3.6 and Table 3.1, a filtering divergence phenomenon occurs 

using the KF method. The corresponding RRMSE value was 0.5636. Compared with 

results from the KF method, filter divergence was suppressed to various degrees under 

the covariance weighted method, adaptive method, and the proposed method based on 

the L1-norm constraint. The RRMSE value obtained using the proposed method was 

0.0344, which was the smallest value of all the methods. 

The analysis of each method and corresponding results are listed as follows: 

①  The RRMSE value of assimilation results from the covariance weighted method 

was 0.0381. Although this value was the largest among all three methods, the 

covariance weighted method is useful for filter divergence suppression, which 

can be seen from the Cum-AEA values in Figure 3.6. As this method increases 

the weights of the forecasting error covariance matrix in the KF assimilation 

method, the gain matrix K does not always decrease to almost zero. Thus, the 

method is useful to avoid the filter divergence phenomenon. The advantage of 

this method is that the number of calculations is small, and the calculations are 

simple. However, the weights in the method can only be obtained empirically 

and are not precise enough. 

②  In terms of the RRMSE values of the assimilation results, the adaptive method 

had a better effect than the covariance weighted method, with an RRMSE value 

of 0.0355. In the adaptive method, measurements are used constantly at each 
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time interval to estimate the statistical properties of the model noise and correct 

the assimilation models to make the model simulations close to the ones in the 

actual system. Although the accuracy of this method is a great improvement over 

that of the covariance weighted method, the operation process is relatively 

complicated, and the number of calculations is relatively high. 

③ The proposed method is based on the L1-norm constraint to modify the gain 

matrix K by constantly using measurement information. The gain matrix K can 

be adaptively adjusted according to the actual conditions. Compared with the 

adaptive method, this method is simpler and requires fewer calculations. 

Furthermore, the method adjusts the gain matrix K directly without the process 

of adjustment of the model error covariance matrix. It avoids the influence of 

uncertainties of indirect operations in the adaptive method using the assimilation 

results. As the RRMSE values from all four methods shown in Table 3.1 indicate, 

the assimilation results acquired from the proposed method based on the L1-

norm constraint had the highest accuracy. Compared with the covariance 

weighted and adaptive methods, the RRMSE values of the assimilation results 

obtained from this method were reduced by 9.71% and 3.10%, respectively. 

3.2 Study of colored noise control methods 

In the SDA system, the precondition that the KF assimilation method can be used 

as the optimal linear unbiased estimation is that it must be applied to a linear system. 

Furthermore, the forecasting model and measurement model errors are assumed to 

follow the statistical characteristics of Gaussian white noise. However, white noise is 

an ideal case. In reality, noise is always colored noise. If colored noise is treated as 

white noise in a DA system, the accuracy of the assimilation results will be influenced 

(Lin, 2014). In this section, a modified adaptive method is constructed using the state 

residuals to handle the model colored noise problems. The method can directly estimate 

the model colored noise based on state residuals directly and reduce the effects of 

colored noise on the assimilation results. The modified adaptive method based on state 
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residual was compared with the traditional KF method, vector augmenting method, and 

covariance matrix adaptive method in target tracking experiments. The results show 

that the method proposed in this section can reduce the effects of colored noise on the 

assimilation prediction results and improve the accuracy. This verifies that this adaptive 

method is effective and practical for colored noise control in an SDA system. 

The influence of colored noise on an SDA system cannot be ignored. Assuming 

that the functional model of colored noise is a first-order auto-regressive (AR) model, 

the model noise in Equations (2.1) and (2.2) can be expressed as follows (Lin, 2014): 

 1 1 1Ek k ,k k k=      (3.13) 

 1 1 1Fk k ,k k k=      (3.14) 

where k  is the colored noise sequence in the forecasting model, k  is the 

colored noise sequence in the measurement model, E  and F  are the coefficient 

matrices of the colored noise model of the forecasting and measurement model, 

respectively, and  0 QN ,    and  0 QN ,    are unrelated Gaussian white 

noise sequences. 

(1) When colored noise exists in the forecasting model, the noise model is shown 

by Equation (3.13), and models in the SDA system (assuming that there is no control 

vector) can be expressed as follows (Lin, 2014): 
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where the error sequences  0 QN ,    and  0 QN ,    are not statistically 
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correlated. 

(2) When colored noise exists in a measurement model, models in the SDA system 

(assuming that there is no control vector) can be expressed as follows (Lin, 2014): 
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 (3.16) 

where the error sequences  0 QN ,    and  0 QN ,    are not 

statistically correlated. 

(3)When colored noise exists in the forecasting and measurement models, models 

in the SDA system (assuming that there is no control vector) can be expressed as follows 

(Lin, 2014): 
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where the Gaussian white error sequences  0ς QN ,   and  0 QN ,    are 

not statistically correlated. 

3.2.1 Overview of colored noise and control methods 

The following two methods are briefly introduced to control the colored noise of 

the models in the SDA system. 

(1) Vector augmenting method 

Before using the vector augmenting method, it is necessary to determine the model 
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parameters E  and F  in the colored noise models shown in Equations (3.13) and (3.14) 

in advance. At present, the commonly used method is the least squares estimation 

method, which can estimate the model parameters based on state and measurement 

residual vectors. 

State residual vector (Cui and Fan, 2002): 

 
k

a f
x k kV x x   (3.18) 

Measurement residual vector (Cui and Fan, 2002): 

 Hk k k

f
kV yx   (3.19) 

The state residual vector and measurement residual vector reflect the statistical 

characteristics of the noise in the forecasting and measurement model, respectively. 

First, parameter E  of the colored noise model is estimated. At this time, 

expression of the colored noise model in the forecasting model is as follows (Lin, 2014): 

 
1 1E ς

k k kx xV V
    (3.20) 

Assuming that the sample size of the state residual is N, each sample value is 

inserted into Equation (3.20), and it is written in the form of an error equation as follows: 

 B xe E V   (3.21) 

where e  is the residual vector defined as
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design matrix defined as
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 , and xV  is the pseudo-observation vector of the 

measurement colored noise defined as
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The estimated value of the parameter in colored noise mode using the least squares 

method (when N  ) is as follows (Cui and Fan, 2002): 
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where 0  and 1  represent the zero- and first-order self-covariance function 

values of the state samples, respectively. 

Second, parameter F  of the colored noise model is an estimate. The expression 

of the colored noise model in the measurement model is as follows (Lin, 2014): 

 1 1Fk k kV V     (3.23) 

Using the same estimation process as that of the forecasting model, the parameter 

estimation value of the colored noise model in the measurement model is as follows 

(Cui and Fan, 2002): 
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where 10  and 11  represent the zero- and first-order self-covariance function 
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values of the measurement samples, respectively. 

After the estimation of the parameters in the colored noise models, the calculation 

is carried out under three conditions: colored noise is present in the forecasting model, 

colored noise is present in the measurement model, and colored noise is present in both 

the forecasting and measurement models: 

① When colored noise is present in the forecasting model, models in the SDA 

system are shown in Equation (3.15). The key of vector augmenting is to rebuild 

the forecasting and measurement models taking colored noise as one of the state 

vectors to participate in the forecasting updating. The reconstructed model is as 

follows (Lin, 2014) : 
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   and   are unrelated Gaussian white noise, which meet the precondition of 

the KF method. Thus, Equations (2.20)–(2.24) are used as the assimilation 

method for the forecasting values calculation. 

② When colored noise is presented in the measurement model, models of the SDA 

system are shown in Equation (3.16). Vector augmenting method is used to 

rebuild the models in the SDA systems (Lin, 2014): 
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where 1k k ky y yF̂   and 1=H Gk k k k kV    . 

Unlike the KF assimilation method, the noise sequence of the forecasting model 
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and that of the measurement model are not independent. In this case, the KF 

assimilation method based on the related noise must be carried out. This specific 

process was shown by Lin (2014). 

③ When colored noise is present in both the forecasting and measurement model, 

the model of the SDA system is shown in Equation (3.17). The vector augmenting 

method is used to re-build the models in the SDA systems (Lin, 2014): 
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 (3.28) 

 where 1k k ky y yF̂  . 

    The noise in the forecasting and measurement model shown in Equation (3.28) is 

white noise. The KF assimilation method can be used as the assimilation method 

directly. The algorithm flow is shown in Equations (2.20)–(2.24), which are not 

repeated here. 

(2) Covariance matrix adaptive method 

The purpose of the covariance matrix adaptive method is to estimate and correct 

the parameters and noise while introducing measurements to reduce the influence of 

the model errors and force the filter results to be closer to the true values. The method 

changes the forecasting error covariance matrix and measurement error covariance 

matrix with epochs changing under the KF method. Thus, Q k and R k  in Equations 

(2.21) and (2.22) are changed to the adaptive covariance matrices Qk
 and R k

. Thus, 

the colored noise in both the forecasting and measurement models are taken into 

account to control the effects of colored noise on the state vector estimation and 
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improve the accuracy of the assimilation results. The adaptive covariance matrices Qk
 

and R k
 are expressed as follows (Yang and Xu, 2003): 
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ŝ x x V
N N

V x x

 









 

 

 

 


         




 



     

  



 

 

 (3.29) 
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 (3.30) 

3.2.2 Modified adaptive method based on state residuals 

In the KF assimilation method, statistical information of the is reflected in the 

calculation of the error covariance matrices. The related adaptive series method is 

carried out to better express these noise statistics. However, existing adaptive methods 

are commonly an indirect way to control colored noise. There are some transmission 

errors in the calculation process. In addition, residuals and covariance matrix 

information from former epochs must be stored, which are used to adaptively estimate 

the error covariance matrix of the colored noise in the current epoch. Hence, the 

memory of the algorithm is increased. The computation is also increased with 

increasing sequential data assimilation dimension. To solve this problem and better 

control the influence of colored noise on the assimilation results, a modified adaptive 

method based on state residuals is proposed in this section. 
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Although Equations (2.1) and (2.20) are both forecasting models in the SDA 

system, the former is the real model (assuming that the model is consistent with the 

actual situation) and the latter is the forecasting model in the KF assimilation method. 

By comparison, in the evolution of the DA, the latter model does not include the error 

part of the real model, i.e., 
1 1k ,k - k -G . As colored noise in the forecasting model can be 

reflected by state residuals (Cui and Fan, 2002), the proposed modified adaptive method 

based on state residuals takes average values of the state residual vector from the former 

N moments as the estimated values of the noise in the forecasting model to directly the 

control the influences of colored noise in the forecasting model on the assimilation 

evolution and improve the accuracy of the assimilation results. In addition, the method 

only must update the error covariance matrix in the measurement model. Compared 

with the covariance matrix adaptive method introduced earlier, the memory 

requirement can be reduced by half. The flow chart of this modified adaptive method 

based on state residuals is shown in Figure 3.7. 

 

Figure 3.7 Algorithm flow of modified adaptive method based on state residual. 
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Compared with the traditional KF assimilation method, the modified adaptive 

method based on state residuals has the following advantages: 1) full use of state 

residual information is made to estimate the colored noise in forecasting the 

assimilation model and reduce the calculation number by half; 2) it has a strong ability 

to control the colored noise of the forecasting model in the SDA system; 3) the 

algorithm exhibits high calculation accuracy; 4) a colored noise model is not required, 

and the algorithm is not restricted by the colored noise model. Furthermore, the memory 

requirement is reduced by half compared with the covariance matrix adaptive method, 

which is more practical when the assimilation system dimension is large. 

3.2.3 Numerical calculation and analysis 

Without loss of generality, taking the target position tracking as an example (Deng, 

1991), the KF method (shown as KF Method), vector augmenting method (shown as 

V-A Method), covariance matrix adaptive method (shown as CM-A Method), and 

modified adaptive method based on state residuals (shown as Proposed Method) are 

taken as assimilation methods to estimate the target position for three cases: ① e = 0.8, 

f = 0, i.e., colored noise is present in the forecasting model; ② e = 0, f = 0.8, i.e., 

colored noise is present in the measurement model; ③ e = 0, f = 0.8, i.e., colored noise 

is present in both the forecasting and measurement models. The SDA system of the 

target position tracking is expressed as follows: 
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where  kk

T

kx S V , kS  and kV  are the position and volume of the target at

k T , T  is the sampling period with T = 0.3,  is the parameter of the forecasting 

model with  = 0.8, and    ~ 0,4k N  and  ~ 0,4k N  are independent white 

Gaussian noise terms. The data length was set as k = 600. The forecasting noise 

covariance matrix and measurement covariance matrix were both assumed to be unit 

matrices. It was also assumed that  0 10 2
T

x  , 0 0.1w  , and 0 0.1v  . It should be 

emphasized that before the DA evolution, the measurement sequence can be acquired 

from the Equation (3.31) for the three cases. 

 

Figure 3.8 Cum-AEA values of assimilation results from each method under case ①. 

 

Figure 3.9 Cum-AEA values of assimilation results from each method under case ②. 
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Figure 3.10 Cum-AEA values of assimilation results from method under case ③. 

Figures 3.8–3.10 show the assimilation results of the tracking target position for 

the three cases. The abscissa is time. The ordinate is the cumulative absolute error 

average (Cum-AEA) of the target position, which can be calculated using Equation 

(3.12). Table 3.2 lists the relative root mean square error (RRMSE) values of the 

assimilation results, and they are calculated using Equation (3.11). 

Table 3.2 RRMSE values of assimilation results from each method under three cases. 

Assimilation method 
RRMSE 

Case ① Case ② Case ③ 

KF Method 0.2442 1.5423 1.5020 

V-A Method 0.0899 1.1861 0.9477 

CM-A Method 0.1854 1.3624 1.2173 

Proposed Method 0.0975 1.2553 1.0919 

As shown in Figures 3.7–3.9 and Table 3.2, under all three cases, compared with 

the traditional KF method, the estimation accuracy of the assimilation results were 

improved using the other three methods, which accounted for colored noise. The 

specific analysis is presented as follows. 1) When colored noise is present in the 
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forecasting model, the RRMSE values of the assimilation results from KF method, 

vector augmenting method, covariance matrix adaptive method, and modified adaptive 

method based on state residuals were 0.2442, 0.0899, 0.1854, and 0.0975, respectively. 

Compared with the KF method that neglects colored noise, the accuracy of the 

assimilation results were improved by 63.19%, 24.08%, and 60.07% using the vector 

augmenting method, covariance matrix adaptive method, and modified adaptive 

method, respectively. Moreover, compared with the covariance matrix adaptive method, 

which is used often for controlling colored noise, the assimilation estimation accuracy 

acquired from the modified adaptive method based on state residuals was improved by 

47.41%. 2) When colored noise was present in the measurement model, the gap 

between the assimilation results from the covariance matrix adaptive method and 

modified adaptive method was small. The reason for this is that the core of the modified 

adaptive method was to directly estimate the state errors in the process of DA evolution. 

The calculation of the measurement error covariance matrix is the same as that in the 

covariance matrix adaptive method. From Table 3.2, the results show that the vector 

augmenting method performed best to control the colored noise, with a corresponding 

RRMSE value of 1.1861. Compared with the KF method, the accuracies of the 

assimilation results were improved by 11.66% and 18.61% using the covariance matrix 

adaptive method and modified adaptive method, respectively. Moreover, compared 

with the covariance matrix adaptive method, the assimilation estimation accuracy 

acquired from the modified adaptive method based on state residuals was improved by 

7.86%. 3) When colored noise was present in both the forecasting and measurement 

model, the modified adaptive method also performed well, with a RRMSE value of 

1.0919. The accuracies of the assimilation estimations from this method were improved 

by 27.30% and 10.31% compared to those from KF method and covariance matrix 

adaptive method, respectively. 

To solve the problem of colored noise in models in the SDA system, a modified 
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adaptive method based on state residuals is proposed. Together with the traditional KF 

method, vector augmenting method, and covariance matrix adaptive method, the 

method was applied to the numerical example target position tracking. The analysis 

showed the following. 

①  Compared with the traditional KF method, the assimilation estimation accuracies 

were improved by using the other three methods, which account for colored 

noise. Among these, the vector augmenting method performed best in all three 

cases. However, applications of this method are based on the precondition that 

the colored noise model is known previously. In addition, only the first-order 

AR colored noise model can be processed. Therefore, this method is ideal in 

theory but limited in practical application. 

②  The covariance matrix adaptive method can control the effects of colored noise 

in the SDA system on the estimation results to a certain extent by continually 

updating the forecasting and measurement error covariance matrices. 

Calculation of the method depends on the historical average values. Thus, it is 

difficult to choose an appropriate window width. In addition, it is necessary to 

store both the residuals and error covariance matrix information at each step of 

the assimilation evolution. This increases the memory requirement of the 

algorithm. Furthermore, the computational amount will increase as the system 

dimension increases. 

③  Under the three cases, the accuracies of the assimilation results acquired from 

the modified adaptive method based on state residuals are higher than that from 

the covariance matrix adaptive method. When calculating the forecasting values 

of the state, the modified adaptive method takes the corresponding error 

information into consideration and directly controls the influences of colored 

noise on the assimilation results. This not only reduces the calculation but also 

improves the accuracy of the forecasting results. Furthermore, the memory 

requirement is reduced by half compared with the covariance matrix adaptive 

method. Although the accuracies of the assimilation results acquired from the 

modified method were lower than those obtained from the vector augmenting 
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method for all three cases, this method is more practical, as it does not restrict 

the previous information about the colored noise model. 

3.3 Summary 

The chapter focused on methods for controlling reliability of models in the SDA 

system. The filter divergence phenomenon and the colored noise of the assimilation 

models that affect the reliability of assimilation models were studied systematically. To 

suppress the filter divergence phenomenon, the reason for filter divergence was 

explained theoretically and numerically. Based on the L1-norm constraint, the proposed 

method adds a constraint function to force the model simulation values to be close to 

new measurements when filter divergence is about to occur. This method resolves the 

mismatch between the simulations and measurements and provides appropriate weights 

for them. Meanwhile, together with the covariance weighted and adaptive methods, the 

proposed method based on the L1-norm constraint is applied into a numerical filter 

divergence test. Compared with the former two methods, the RRMSE values of the 

assimilation results acquired using the proposed method were reduced by 9.71% and 

3.10%, respectively. This verified the effectiveness of the method based on the L1-norm 

constraint for suppressing filter divergence. 

 Aiming at the problem of model colored noise in the SDA system, a modified 

adaptive method based on state residuals was proposed. The method can directly 

estimate the model colored noise based on stated residual information to reduce the 

effects of colored noise on the SDA system. The KF method, vector augmenting method, 

covariance matrix adaptive method, and the modified adaptive method based on state 

residuals were taken as assimilation methods to estimate the target tracking position for 

three cases. By comparing the RRMSE values of the assimilation results from the four 

methods, it can be seen that the accuracies of the proposed modified adaptive method 

were higher than those from the covariance matrix adaptive method. When calculating 
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the forecasting values of state, the modified adaptive method takes corresponding error 

information into consideration and directly controls the influences of the colored noise 

on the assimilation results. This not only reduced the cost of calculation but also 

improved the accuracy of the forecasting results. Furthermore, the memory requirement 

was reduced by half compared with the covariance matrix adaptive method. Although 

the accuracies of the assimilation results acquired from the modified method were lower 

than those from vector augmenting method for all three cases, it is more practical as it 

does not restrict previous information about the colored noise model. 

In the process of controlling reliability of sequential assimilation models, each 

method has its own advantages and disadvantages. When faced with practical problems, 

it is necessary to select appropriate assimilation methods based on a specific scenario 

to improve the reliability of the assimilation model and estimation results. 
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CHAPTER 4.  

RESEARCH ON QUALITY CONTROL METHOD FOR 

MEASUREMENTS IN SEQUENTIAL DATA 

ASSIMILATION SYSTEM 

4.1 Introduction 

Measurements play an important role in SDA system. In each step of the 

assimilation evolution, the measurements are integrated into the dynamic operation of 

the assimilation model to adjust the model parameters and improve the forecasting 

accuracy. Measurements in the DA system mainly include point observation data and 

remote sensing data in space (Liang et al., 2013). Uncertainties exist in all 

measurements. To improve the quality of assimilation forecasting results, uncertainties 

in the measurements of SDA system must be controlled. There are many aspects of 

uncertainties in the measurements, such as errors, randomness, incompleteness, and 

vagueness of data or concepts. The analysis in this chapter mainly focuses on how to 

reduce the influences of local noises in measurements on the accuracy of the 

assimilation prediction results. 

It is generally required use historical measurement information to build a model 

in the SDA system. Information such as the underlying patterns of the variation 

tendency can be used to analyze and extract the processes of model simulation. The 

model can then be constructed by fitting methods. For example, the models used in 

Shen et al. (2011) for short-term traffic flow forecasting were built through historical 

measurements. Over a certain period, there are certain regularities of the historical 

traffic flow measurements at the same spatial point. For example, the variation 

tendencies of traffic flow values on consecutive Mondays are roughly the same. The 
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regularity is useful for the construction of the assimilation model. However, due to 

human or instrument errors, as well as the stochastic features of traffic flow values, 

random changes will occur. In the SDA system, noisy information in historical 

measurements influences the assimilation model construction and assimilation results 

accuracy considerably. If the local noise in the measurements can be processed before 

building the assimilation models and the processed data is used to predict the short-

term traffic flow values, it will be of great help to improve the accuracy of the 

assimilation results. 

To solve the problem of local noise in measurements, an M-SDA system based on 

the WT method, EMD method, and FFT method is constructed in this section. The 

system can separate noises from the historical and current measurements to reduce the 

influence of local noise on the accuracy of the assimilation models and forecasting 

results. 

First, a brief introduction of the noises separation methods, which include the WT 

method, EMD method, and FFT method, are given. As these three methods can separate 

noises from measurements to various degrees, they are called the multi-scale noise 

separation methods. 

4.2 Multi-scale noise separation methods 

4.2.1 WT method 

Since the concept of WT method was proposed in the 1970s, it has been widely 

applied in many research fields, such as signal processing, image processing, speech 

recognition, geophysical exploration, and aerospace. The method is one of the more 

effective methods for processing the non-stationary signals. 

(1)  Method introduction 
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The WT method can decompose the data into different frequency components to 

facilitate better characterization of the local characteristics of signals in the time and 

frequency domains. Furthermore, it can capture jump signals and suppress the 

interference noise. The continuous WT method, also known as the integral WT method, 

is defined as follows (Gopinath and Ramesh, 1998): 
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where the function  ,a b
ψ t  is called the wavelet function,  ψ t is the prototype 

of the wavelet function, a is the scale factor, b is the time shift factor, and the 

parameter 
1

2a


 is the normalization factor. 

In computer processing, continuous signals must be discretized before they are 

used. The discrete wavelet function  ,j k
ψ t  can be written as follows (Gopinath and 

Ramesh, 1998): 
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The discrete coefficient of the WT method can be expressed as follows: 

    , ,j k j k
C f t ψ t dt




   (4.4) 

The formula for the signal reconstruction is as follows: 
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    , ,j k j k
f t C C ψ t

 

 

   (4.5) 

where C  is a constant value that is independent of the signal. 

(2)  Mallat method 

The method is a simple and efficient implementation of the WT method. First, a 

wavelet transformation is performed on the original signal to obtain the low- and high-

frequency components. The separated low-frequency components are decomposed step 

by step without considering the high-frequency components. 

A given signal    2f t L R  can be expressed as a linear combination of a series 

of scale functions  ,j k
φ t  and wavelet functions  ,j k

ψ t , namely (Mallat and Hwang, 

2002): 
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 (4.6) 

where Z  represents all possible integer values, 0
j  is the starting scale, which is 

usually set to 0, n
j  is an integer, which is usually greater than or equal to 0

j , and 
0 ,j k

c  

and 
,j k

d  are coefficients. The basic scale function  φ t  and wavelet function  ψ t  

can be determined by the given mother wavelet. The other scale and wavelet functions 

can be obtained by the following two scale functions (Mallat and Hwang, 2002): 
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    22 2
,

j j

j k
ψ t ψ t k   (4.8) 

In theory, the coefficients 
0 ,j k

c  and 
,j k

d  can be acquired from the inner products 

of signal  f t  with  0,j k
φ t  and  ,j k

ψ t , respectively. In practical applications, the 

filter banks method is usually used to calculate them (Gopinath and Ramesh, 1998). 

Figure 4.1 shows a schematic diagram of a simple three-layer (scale) wavelet 

decomposition. D1, D2, and D3 represent the decomposed high-frequency data (noisy 

information) of layer 1, 2, and 3, respectively, which are separated by wavelets through 

the filter bank method. A1, A2, and A3 correspond to the decomposed low-frequency 

parts (mean measurements after noise is separated). 

 

Figure 4.1 Schematic diagram of three-layer wavelet decomposition (Adapted from 

Xie et al., 2010). 

(3) Numerical examples of noises separation using WT method 

To better show the effects of noise separation using the WT method, the traffic 

flow measurements of path 6296 (LM87) on February 10, 2014 are examined, which is 

a highway of England (shown in Figure 4.2), as an example to show the noise separation 

over multiple scales. Figures 4.3 and 4.4 show noise (D1, D2, D3, and D4) and 

processed measurements (A1, A2, A3, and A4) with noise separated at four separation 

scales. The x-coordinate is time, and the y-coordinate is the traffic flow. 
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Figure 4.2 Traffic flow measurements of path 6296 (LM87) on February 10, 2014. 

 

Figure 4.3 Noises separated from traffic flow measurements of path 6296 (LM87) 

using WT method. 
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Figure 4.4 Processed traffic flow measurements of path 6296 (LM87) with noises 

separated using WT method. 

Figures 4.3 and 4.4 show that the noises and processed measurements with the 

noise separated became increasingly smooth as the separation scales increase. 

Compared with the processed measurements under scale II, III, and IV (shown in 

Figures 4.4(b), (c), and (d), respectively), those under scale I (shown in Figure 4.4(a)) 

retained more detail of the original measurements. Compared to the case with the noise 

separated, as shown in Figures 4.3(a), 4.3(b), and 4.3(c), the noisy information shown 

in Figure 4.3(a) is stronger, which represents the highest degree of noisy in all the 

separated noise. Under scale IV, the noise was too gentle and contained some effective 

measurements information with non-noise. Hence, it is necessary to consider which 

separation scale should be chosen to decompose the signal to achieve appropriate 

optimal noise and improve the accuracy of the assimilation models and results. In the 

next chapter, the influence of the noise separation scales using the WT method on the 

assimilation results are discussed and analyzed. 
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4.2.2 EMD method 

This method was proposed by Huang et al. in 1998 and makes it possible to 

decompose the raw signals based on the characteristics of the data in the time domain. 

No basis functions need to be set up in advance. The basic principle of the method is to 

decompose complex signals into a finite number of intrinsic mode functions (IMFs). 

The decomposed IMF components contain local characteristic signals of the original 

signals at different time scales. Each IMF can then be processed using the Hilbert 

transformation method. The instantaneous frequency and amplitude of each IMF can 

be acquired. Furthermore, the complete time–frequency distribution information of the 

complex signal can be obtained (Huang et al., 2003). The advantage of the EMD 

method is that it is suitable for nonlinear and non-stationary signals and can be 

decomposed based on the characteristics of the raw signals. It is a good adaptive time–

frequency processing method. 

(1)  Method introduction 

For a given signal, the MED method can be expressed as follows (Huang et al., 

1998): 

      
1

g

i

i

f t c t r t


   (4.9) 

where  f t  denotes the original signal, which can be decomposed into several 

IMFs,  i
c t  denotes the ith IMFi, and g is the number of decomposed IMFs.  r t

denotes the separated noise. Different numbers of IMF combinations to rebuild the data, 

such as the sum of IMF2 to IMFg or the sum of IMF3 to IMFg, result in different pure 

series. Because the excessive separation of noise results in low accuracy of the pure 

series, the noise separation level in this study was taken to be sum of IMF2 to IMFg 
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based on many experiments. 

The specific steps of the EMD method are as follows (Huang et al., 2003): 

I. All maximum and minimum points on the original signal  f t are calculated. 

II. The envelope of the maximum value  max
e t  and the minimum value 

 min
e t  are fitted by a cubic spline function. 

III. The mean value of the maximum and minimum envelope is calculated as 

follows: 

       1

1

2
max min

m t e t e t   (4.10) 

IV. The difference between the original signal and the envelope mean value is 

calculated as follows: 

      1 1
h t f t m t    (4.11) 

V. A check of whether  1
h t  satisfies all the conditions of the IMF is performed 

(Huang et al., 2003). If it is satisfied,  1
h t  can be represented as a first-order 

IMF component  1
c t . A new signal  1

r t  can be acquired by subtracting 

 1
h t  from the original signal  f t .  f t  is replaced by  1

r t : 

      1 1
r t f t h t   (4.12) 

If it is not satisfied, the original signal  f t  is replaced with  1
h t , and the 

process is repeated. 

VI. 
Steps I–V are repeated until the residual  i

r t  satisfies one of the following 

termination conditions:
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1) The residual  i
r t  or the ith-order IMF component is less than the preset 

threshold value or they become a monotonic function that cannot be used to 

extract more IMFs. 

2) The number of zero crossings and extremum points is equal to the number of 

steps in the continuous filtering process. 

(2) Numerical examples of noise separation using EMD method 

The actual traffic flow measurements at section 6296 (LM87) on February 10, 

2014 are again used as an example to perform numerical examples of the noise 

separation using the EMD method. Following the steps of the EMD method introduced 

above, Figure 4.5 shows the results of the decomposition of original signal into four 

IMF components (IMF C1, IMF C2, IMF C3, and IMF C4) and a residual component 

(IMF C5). The short-period (or high-frequency) components of the raw signal, namely 

the noise in the traffic flow measurements, were extracted from the former components, 

such as IMF C1. The long-period (or low-frequency) component were extracted from 

latter components, such as IMF C4 and IMF C5. Figure 4.6 shows the traffic flow data 

reconstructed using the remaining IMF components after the noise was separated. 
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Figure 4.5 Decomposed traffic flow measurements of path 6296 (LM87) using EMD 

method. 

 

Figure 4.6 Comparison between reconstructed traffic flow data and raw data: (a) the 

sum from IMF C2 to IMF C5; (b) the sum from IMF C3 to IMF C5; (c) the sum from 

IMF C4 to IMF C5. 

As shown in Figure 4.6, the reconstructed data based on the sum from IMF C2 to 

IMF C5 abandoned the high-frequency data component, i.e., the part containing noise, 
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making the curve smoother. This reflects the trend of the traffic flow. However, as the 

separation scale increased, the rebuilt data became increasingly distorted. As shown in 

Figure 4.6(c), the traffic flow data could even be negative. Therefore, similar to the WT 

method, the appropriate scale of the noise separation was also the key to improving 

quality of measurements when using the EMD method. 

4.2.3 FFT method 

Fourier analysis is a common basic tool in signal processing (Bracewell, 1986; 

Bracewell, 2009). It can be used to obtain all the harmonic components of a signal 

conveniently and effectively through spectrum functions. The Fourier transform is a 

basic part of Fourier analysis, which can transform the signal between time and 

frequency domains. After the Fourier transformation, the time domain signal became a 

superposition of multiple sinusoidal signals. By analyzing the frequency of the sine 

wave, the signal can be changed from the time domain to the frequency domain. In the 

frequency domain, signal characteristics that are not evident in the time domain can be 

seen clearly. Hence, performing Fourier transforms on the signals is crucial to analyze 

their nature. 

(1) Method introduction 

In practical applications, computer processing generally requires discretization of 

the signal information in the time and frequency domains. The Fourier transform on a 

discrete periodic signal meets this requirement. To ensure its finiteness, the Fourier 

transform on a discrete periodic signal was only carried out on the period in the time 

and frequency domains. This transformation is called Discrete Fourier Transform (DFT) 

method, and it is expressed as follows (Winograd, 1976): 
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The corresponding inverse transformation is as follows: 
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where N is the interval length of the Fourier transform and
2

exp
nk

N

π
W j

N

 
  

 
. 

However, the DFT method has some disadvantages, such as complicated 

computations, low efficiency, and large numbers of required calculations. The number 

of computations is approximately 2N  for multiplication and  1N N   for addition. 

If N is large, the number of calculations will be very large. Hence, a commonly used 

method in numerical calculations is the fast Fourier transform (FFT) method (Cooley 

et al., 1977), which uses the periodicity and symmetry of nk

N
W  in the DFT method to 

improve the operation efficiency. Figure 4.7 shows the relationship between the amount 

of computation and the number of calculation points for the DFT and FFT methods. 

The FFT method was superior to the DFT method in terms of calculation efficiency. 

 

Figure 4.7 Relationship between computation amount and calculation points in DFT 

and FFT method. 
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(2) Numerical examples of noise separation using FFT method 

 Traffic flow measurements at section 6296 (LM87) on February 10, 2014 were 

used as an example again to demonstrate the noise separation using the FFT method. 

Based on FFT method, traffic flow data could be converted into the frequency domain. 

After separating the high-frequency part in different degrees (scales) in the frequency 

domain, the separated noises and the remaining processed data could be obtained after 

signals are inverted back to the time domain. Figures 4.8 and 4.9 show the details. 

Unlike the WT method and EMD method, before separating the high-frequency part in 

the frequency domain in the FFT method, a cutoff frequency should be provided. Data 

in the frequency domain that were greater than the cutoff frequency were regarded as 

high-frequency information and eliminated. Figures 4.8(a)–(d) show the noise 

separated under four cutoff frequencies. They were Frequency1 = 2.8435 × 10−5 Hz, 

Frequency2 = 8.5305 × 10−5 Hz, Frequency3 = 1.4218 × 10−4 Hz, and Frequency4 

= 1.9905 × 10−4 Hz. Figures 4.9(a)–(d) show the corresponding processed data with 

the noise separated. 

 

Figure 4.8 Noises separated from traffic flow measurements of path 6296 (LM87) 

using FFT method. 



Research on quality control method for measurements in sequential data assimilation system 

107 

 

 

Figure 4.9 Processed traffic flow measurements of path 6296 (LM87) with noises 

separated using FFT method. 

As shown in Figures 4.8 and 4.9, the traffic flow became smoother as the cutoff 

frequency decreased. The original measurement contained two clear peaks at about 7:00 

in the morning and around 15:00 in the afternoon. While there are not two clear peaks 

in Figure 4.9(a), they are evident in Figures 4.9(b)–(d). This indicated that under the 

first noise separation scale, some effective information was treated as noise, and the 

remaining data were distorted. Therefore, how to effectively separate the high-

frequency information, i.e., the noise, using the FFT method is an issue to be studied 

further. 

4.3 Adaptive Noise Separation (A-NS) Method 

As mentioned in the precious section, how to effectively separate the high-

frequency information to remove noisy information from the measurements using the 

FFT method must be further studied. The noise separation experiment shows that, in 

the frequency domain, the lower the cutoff frequency in the frequency domain is, the 

greater the amount useful information that will be regarded as noise becomes. The 

higher the cutoff frequency is, the greater the amount of noise that will be added into 
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the pure series and affect the accuracy of rebuilt data becomes. It is difficult to 

distinguish the high frequency part of useful signals from the high frequency 

interference caused by noise during de-noising process in FFT method. In the practical 

application of signal de-noising, FFT method is usually used to de-noise the noisy 

signal with known noise frequency. But it is difficult to know the noise frequency. 

Therefore, an adaptive approach for choosing the appropriate cutoff frequency in FFT 

method is necessary to be researched. A-NS approach for separating noises in FFT 

method is proposed here. Considering the distribution characteristics of noise in 

frequency domain, the method combines the cross validation and FFT method to 

determine the optimal cutoff frequency. Then the noises can be separated depending on 

the optimal cutoff frequency using FFT and its inverse method. The method can 

effectively filter out the high frequency noise when separating the high frequency noise 

frequency and the low frequency useful signal frequency with fast, accurate and simple 

characteristics. 

The approach including following steps: 

1) Collecting traffic flow data T_F (n, m) from the same days (like consecutive 

Mondays, shown in Figure 4.11) in m consecutive weeks. The data length of each day 

is n. Sampling frequency is fs. 

2) Getting the median values of the traffic flow data Med_T_F (n, 1) from m days. 

3) Obtaining the frequency domain signal F_T_F (n, m) of original traffic flow 

data T_F (n, m). 

4) Giving a lower sampling frequency low_fs, then set the threshold value T from 

low_fs to fs. The reason for giving a lower sampling frequency is that useful information 

mainly focus within a certain lower frequency range. The low_fs is set to be 25 in later 

study. 
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5) Using the threshold value T to process the frequency domain signal. The high 

frequency noise whose frequency is higher than the threshold value T will be filtered 

out to obtain the pure frequency domain signal. 

6) Acquiring the pure time domain signals P_T_F (n, m) with noises removal 

using the inverse FFT method.   

7) Calculating the quadratic sum values E2 (m, T) from (P_T_F (n, m)- Med_T_F 

(n, 1))2 

8) Finding the smallest values E2 (m, T) of each traffic flow data and taking these 

m corresponding T values as the optimal cutoff frequency to remove noises of each 

traffic flow dataset.  

The overall technical framework of the algorithm is shown in Figure 4.10. And its 

effectiveness will be verified in next section.  

  

Figure 4.10 Flow chart of the A-NS algorithm. 
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Figure 4.11 Traffic flow measurements of path 6296 (LM87) on the same Monday in 

consecutive eight weeks. 
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4.4 Multi-scale sequential data assimilation system for short-term traffic flow 

prediction 

After the noise is separated at multiple scales using the above methods, more 

precise historical measurements remain. Furthermore, different models can be 

constructed using multi-series historical measurements with multi-scale noise separated. 

These different models are treated as multi-scale models. Multi-scale models will be 

used for different traffic flow forecasting situations to achieve high precision of the 

assimilation results. Based on these, a schematic of the proposed M-SDA system for 

short-term traffic flow predictions is presented in Figure 4.12. First, historical traffic 

flow measurements on the same day in consecutive weeks were selected to build an 

assimilation model for the traffic flow forecasting. Noise in these historical 

measurements were separated using the WT, EMD, and FFT methods. Different noise 

separation scales produced multi-series historical measurements, after which they were 

used to build multi-scale assimilation models in the M-SDA system. Finally, the 

predicted traffic flow values of the next time interval were obtained after estimating the 

state equation parameters. 

 

Figure 4.12 Schematic of M-SDA system for short-term traffic flow prediction. 
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4.5 Summary 

This chapter focused on how to reduce influences of the noise in measurements on 

the SDA system. Three multi-scale noise separation methods were introduced: the WT, 

EMD, and FFT method. Actual traffic flow measurements were taken as an example to 

display noise separation effects in each method. Furthermore, an adaptive noise 

separation method was proposed in the FFT method. The method can separate noise 

from measurements according to own characteristics of the data. In addition, an M-

SDA system was constructed. The system can reduce the influences of noise on the 

assimilation results. The effectiveness and practicability of the methods proposed in 

this chapter will be discussed and analyzed in short-term traffic flow forecasting 

experiments in next chapter. 
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CHAPTER 5.  

APPLICATIONS OF QUALITY CONTROL METHODS 

IN SHORT-TERM TRAFFIC FLOW FORECASTING 

5.1 Introduction 

Since the 1960s and 1970s, many prediction models and artificial intelligence 

technologies have been applied for short-term traffic flow prediction. In general, these 

models can be classified as parametric and non-parametric techniques, briefly and 

broadly introduced as follows: 

(1) Traditional models based on mathematical statistical calculations (Smith and 

Demetsky, 1997; Voort et al., 1996; Williams, 2001; Williams and Hoel, 2003), such 

as history average models, regression analysis prediction models, periodic 

autoregressive integrated moving average models, and time series models. However, 

there are certain limitations of traditional modeling methods. For example, the earlier 

developed historical average model is a static prediction method, which is simple but 

not high in accuracy. It cannot be used in unconventional and unexpected scenarios. 

Regression analysis requires the establishment of a linear regression equation between 

the parameters of each road segment, which has certain requirements on the data 

volume. The time series model has a high prediction accuracy based on a large amount 

of continuous data. However, it requires abundant historical measurements, which are 

expensive to obtain. Moreover, the process of parameter estimation is very complicated. 

The cost of the coding and calculations are very high. 

(2) Prediction methods based on neural networks (Dougherty and Cobbett, 1997; 

Messer and Thomas, 1998; Lint et al., 2002; Ishak, 2004; Zhao et al., 2006; Zhao et 

al., 2015). These kinds of method can be used to recognize complicated nonlinear 
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systems and have a high prediction precision. However, as these methods are “black 

box” learning models, they rely on a large number of samples for the training process. 

In addition, there are problems such as local minimization, slow convergence speeds, 

and difficulty in making on-line adjustments. 

(3) Prediction methods based on nonlinear theory (Yang et al., 2005). Methods 

developed in this category include chaos theory and wavelet analysis. The wavelet 

analysis method has great application and research prospects. However, it has not been 

used much in short-term traffic flow forecasting. 

(4) Prediction methods based on time series technologies (Liu and Peng, 2005), 

such as DA methods. DA is a methodology that can estimate the state vectors by 

integrating physical model information and measurements while considering the data 

distribution in time and space as well as measurements and background field errors. It 

plays a significant role in meteorology, oceanography, hydrology, and land surface 

systems. Kalman filter is a commonly used method in DA system. The strength of the 

Kalman filter method is that it makes it possible that the selected state variable can be 

updated continuously. Related DA system based on Kalman filter are suitable for 

application in short-term traffic state predictions (Okutani et al., 1984; Jin et al., 2013; 

Guo et al., 2014). 

The main topic of this chapter is the application of control methods for improving 

the quality of models and measurements in an SDA system for short-term traffic flow 

forecasting. An M-SDA system for short-term traffic flow prediction was constructed 

based on the proposed control methods. The system could improve the quality of 

assimilation forecasting results. To analyze the effectiveness of each control method for 

improving the quality of assimilation models and measurements conveniently, methods 

based on an L1-norm constraint and state residuals were applied first to solve the 

problems in the assimilation models. Based on the multi-scale DA method, influences 
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of the different noises separation scales on the short-term traffic flow forecasting were 

discussed and analyzed. Meanwhile, the effects of the A-NS method proposed in FFT 

method were verified. Finally, an M-SDA system was applied to achieve short-term 

traffic flow forecasting to verify its effectiveness. The following topics are discussed in 

this chapter: experimental material description, experimental data preprocessing, 

applications of methods based on based on the L1-norm constraint and state residuals in 

short-term traffic flow forecasting, analysis of the influences of noise separation scales 

on the assimilation prediction results, construction of an M-SDA system for short-term 

traffic flow forecasting based on control methods, application of M-SDA system into 

short-term traffic flow forecasting, and experimental results and analysis. Finally, a 

summary is provided. 

5.2 Experimental materials description 

5.2.1 Study area 

Control methods to improve the reliability of assimilation models and 

measurements were applied to the short-term traffic flow predictions of English 

highways (shown in Figure 5.1), and the network of England’s highways is shown in 

Figure 5.2. 
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Figure 5.1 Study area. 

 

Figure 5.2 Network of England highways. 
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5.2.2 Experimental data 

5.2.2.1 Data description 

To verify the effectiveness of the control methods for the assimilation models and 

measurements in the SDA system, the experimental dataset contained the annual traffic 

flow measurements of England’s highways in 2014. The datasets were downloaded 

from the Internet of “Highways England”. There was a total of 2794 paths, and data 

from January 1 to December 31, 2014 of each path were collected. The time interval 

for the data was 15 min. Information for each selected path mainly included the 

following: path number (legacy ID), path name and endpoint coordinates (site name), 

date (local date), time (local time), date type (day type ID), total carriageway flow, total 

flow of vehicles less than 5.2 m long, total flow of vehicles 5.21–6.6 m long, total flow 

of vehicles 6.61–11.6 m long, total flow of vehicles longer than 11.6 m, and speed 

values. The state vector to be estimated in the SDA system was the total carriageway 

flow of each path. 

5.2.2.2 Data preprocessing: path network extraction and measurement 

classification  

First, in the original data file, the whole highway network must be extracted based 

on the path name and endpoint coordinates in the site name. The extracted network is 

shown in Figure 5.2. 

The measurements of each path were classified based on the day type ID. The day 

type ID denotes the date type, i.e., the categories classified based on the working days 

and holidays in England. A total of 13 categories was considered, such as weekdays, 

Christmas, and New Years. The reason the measurements were classified by date type 

is that the characteristics of the traffic flow on holidays and non-holidays were different. 

In addition, morning and evening peaks were generally not evident during the holidays, 
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unlike on non-holidays. Even for measurements acquired on the non-holidays, the 

traffic flow of each day in the same week was also different. Hence, compared with 

analysis of the total dataset, analyzing the data on the same day of different weeks or 

the same type holiday in every year can better avoid the influences of the differences in 

traffic information due to different date types on the assimilation prediction results. The 

specific data type and the corresponding day type ID are given in Table 5.1. 

Table 5.1 Date classification comparison table (TRIS-User Guide Revision 3). 

Day Type ID Day Type 

0 First working day of normal week 

1 Normal working Tuesday 

2 Normal working Wednesday 

3 Normal working Thursday 

4 Last working day of normal week 

5 Saturday, but excluding days falling within type 14 

6 Sunday, but excluding days falling within type 14 

7 First day of school holidays 

9 
Middle of week-school holidays but excluding days 

falling within type 12,13 or 14 

11 
Last day of week-school holidays but excluding days 

falling within type 12,13 or 14 

12 
Bank Holidays, including Good Friday, but excluding 

days falling within type 14 

13 
Christmas period holidays between Christmas day and 

New Year’s Day 

14 Christmas Day/New Year’s Day 
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After the measurement classification of each path based on the day type ID, the 

classified files were stored in the corresponding folder of each path, and the details are 

shown in Figure 5.3. The data preprocessing procedures, including the path network 

extraction and measurement classification, were completed. As the characteristics of 

the traffic flow values were different on each day in one week, the following tests 

mainly focused on the short-term traffic flow forecasting of highways for each day in a 

week. 

 

Figure 5.3 Classification processing of raw measurements. 

5.2.2.3 Data analysis: time series analysis of highway dynamic traffic flow 

measurements 

The dynamic traffic flow will show different characteristics at the same time but 

different spatial location, or the same spatial location but different times. Based on the 

different time organization, dynamic traffic data can be generally divided into 

horizontal and vertical time sequences. A horizontal time series represents a series of 

dynamic traffic data arranged in chronological order for the day. The vertical sequence 

expresses the changes of the dynamic traffic flow at the same time on the same day in 

different weeks (Li，2009). Taking traffic flow values of path 6296 (LM87) on Mondays 

(0-First working day of normal week) in eight consecutive weeks as an example, 

horizontal and vertical time sequence diagrams are shown in Figures 5.4 and 5.7. 
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In the same manner, horizontal and vertical time sequence diagrams of path 6296 

(LM87) on Saturdays (“05- Saturday, but excluding days falling within type 14”) and 

path 3338 (LM89) on Mondays (“0-First working day of normal week”) in eight 

consecutive weeks were also made. The results are shown in Figures 5.5–5.9. February 

17th, 2014 was excluded from the eight consecutive weeks, as it belongs to the type of 

“7- First day of school holidays.” 

Analysis of horizontal time sequence diagram 

Figure 5.4 displays the horizontal time sequence of the traffic flow values of path 

6296 (LM87) on eight consecutive Mondays (“0-First working day of normal week”). 

As shown in Figure 5.4(a)–(g), over 24h, traffic flow before 05:00 was low, and vehicles 

in this section could travel at any safe speed. Traffic flow increased sharply after around 

05:00, which meant it began to enter the morning peak hour phase. This lasted until 

08:00, followed by a period of sharp decline, which meant the end of the morning peak 

moment appeared until 09:30. Traffic flow values after this fluctuated between 300–

400 vehicles per hour. This phase lasted until about 14:00. Later, the evening peak 

moment occurred at approximately 18:00 and disappeared at the end of the day. The 

traffic dwindled until early morning. 

Figure 5.5 shows the horizontal time sequence of the traffic flow values of path 

6296 (LM87) on eight consecutive Saturdays (“05- Saturday, but excluding days falling 

within type 14”). Taking Figure 5.5(a) as an example, the traffic flow on Saturday was 

different from that on Monday. Traffic flow values on the target path were still small 

from early morning to approximately 05:00. After, the traffic flow values began to 

increase gradually and reached the first peak at around 12:30. The range of this peak 

was wide. A second short peak appeared at about 17:00. The traffic flow values began 

to decline over time and tended to flatten until the early hours of the following Sunday 

morning. The traffic flow data of non-workdays were different from those of workdays. 
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The evident differences were the peak moment and corresponding values. The peak 

values on non-workdays were significantly lower than those on workdays. 

Figure 5.6 shows the horizontal time sequence of the traffic flow values of path 

3338 (LM89) on eight consecutive Mondays (“0-First working day of normal week”). 

Similar changes occurred for the horizontal time sequence of path 6296 (LM87), except 

that the peak values in the morning and evening were quite different. This may have 

been because path 3338 (LM89) was not the main road and had less traffic flow overall. 

Through the above analysis of the three horizontal time sequence diagrams, it is 

known that the horizontal time sequence can reflect the variation of the target path over 

24 h and can conveniently compare differences in the traffic flow values between 

different paths. However, in terms of the analysis time, it also had certain limitations 

when the fluctuations of the traffic flow values were large over time. 
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Figure 5.4 Horizontal time sequence of traffic flow values of path 6296 (LM87) on 

eight continuous Mondays. 
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Figure 5.5 Horizontal time sequence of traffic flow values of path 6296 (LM87) on 

eight continuous Saturdays. 
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Figure 5.6 Horizontal time sequence of traffic flow values of path 3338 (LM89) on 

eight continuous Mondays. 
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Analysis of vertical time sequence diagram 

Figures 5.7 and 5.8 show vertical time sequence of the traffic flow values of path 

6296 (LM87) on eight consecutive Mondays (“0-First working day of normal week”) 

and Saturdays (“05- Saturday, but excluding days falling within type 14”), respectively. 

Figure 5.9 shows the vertical time sequence of the traffic flow values of path 3338 

(LM89) on eight consecutive Mondays (“0-First working day of normal week”). 

Although the variations of the traffic flow values were similar for the same date type, 

those for different date types or the same type for different paths were significantly 

different. 

As shown in Figures 5.7–5.9, the variation trends were similar at the same time on 

the same day when there were no traffic incidents. The analysis of the time axis showed 

that two peaks were present in both paths 6296 (LM87) and 3338 (LM89) on eight 

consecutive Mondays, as shown in Figures 5.7 and 5.9. Moreover, the corresponding 

times for the peak appearance were almost the same. In addition, traffic flow values on 

each day were similar, exhibiting good repetition. Figure 5.8 shows similar behavior. 

However, traffic flow values on the same day in consecutive weeks were not exactly 

the same. They fluctuated within a small range. 

The vertical time sequence can be used analyze the nature and rationality of 

dynamic traffic parameters from a macroscopic perspective. Analysis of the vertical 

time sequence also lays a foundation for the construction of assimilation models in SDA 

systems, which will be considered in the next section. 
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Figure 5.7 Vertical time sequence of traffic flow values of path 6296 (LM87) on eight 

continuous Mondays. 

 

Figure 5.8 Vertical time sequence of traffic flow values of path 6296 (LM87) on eight 

continuous Saturdays. 
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Figure 5.9 Vertical time sequence of traffic flow values of path 3338 (LM89) on eight 

continuous Mondays. 

5.3 Applications of quality control methods for assimilation models into short-

term traffic flow forecasting 

To analyze the effectiveness of each control method for improving the quality of 

assimilation models and measurements conveniently, methods based on an L1-norm 

constraint and state residuals are applied first for the short-term traffic flow forecasting. 

Based on a multi-scale data assimilation method, influences of different noise 

separation scales on short-term traffic flow forecasting are discussed and analyzed. 

Meanwhile, the effects of the A-NS proposed for the FFT method was verified. Finally, 

an M-SDA system was applied to perform short-term traffic flow forecasting and verify 

its effectiveness. 
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5.3.1 Traditional sequential data assimilation system (T-SDA) for short-term 

traffic flow forecasting 

To introduce T-SDA systems for short-term traffic flow forecasting conveniently, 

the traffic flow of path 3339 (LM91), which was in a network containing five paths, as 

shown in Figure 5.10(b), on April 7, 2014 was predicted. Figure 5.10(b) shows the 

correlation of adjacent paths. The traffic flow values in the time interval [  1 ,k T kT ] 

of paths 3339 (LM93), 6200 (LM844), 3339 (LM91), 3338 (LM89), and 6296 (LM87) 

are denoted as  1q k ,  2q k ,  3q k ,  4q k , and  5q k , respectively. T is the 

forecasting time period, and T = 15 min in later tests. From Figure 5.10(b), it is known 

that the traffic flow of path 3339 (LM91) at time interval [  , 1kT k T ], expressed as

 3 1q k  , was not only related to its own n previous time interval traffic flow values 

     3 3 31 1q k q k , q k, n,      but also to the corresponding values of its m adjacent 

paths:  1q k ,  2q k ,  4q k ,  5q k ,  1 1q k  ,  2 1q k  ,  3 1q k  ,  4 1q k  , 

 5 1q k  , ,  1 1q k n  ,  2 1q k n  ,  4 1q k n  , and  5 1q k n  , where 

k=1, 2 … Therefore the traffic flow prediction of  3 1q k   can be expressed as 

follows (Shen et al., 2011): 

         3 1 1 1q k f F k ,F k , ,F k n      (5.1) 

where            1 2 3 4 5F k q k ,q k ,q k ,q k ,q k     denotes the traffic flow 

values of the current and adjacent paths at time k.  f  denotes a nonlinear function. n 

was set to three in this study. 
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Figure 5.10 Correlation of adjacent paths. 

Based on the analysis of the horizontal and vertical time traffic flow sequences, 

traffic flow values of the same road and date type ID generally followed certain rules 

with static properties. Therefore, historical measurements were used to construct an 

assimilation model, as expressed in Equation (5.1). Its form can be further described as 

follows (Shen et al., 2011): 
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 (5.3) 

where  1q k ,  2q k ,  3q k ,  4q k , and  5q k  denote the traffic flow average 

values of paths 3339 (LM93), 6200 (LM844), 3339 (LM91), 3338 (LM89), and 6296 

(LM87), which were calculated by historical flow measurements of the same day in the 
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previous eight consecutive weeks at time interval [  1 ,k T kT ].  1fq k  is the traffic 

flow value of path 3339 (LM91) at next time interval [  , 1kT k T ], which is the 

ultimately required predicted value.  para _ a k ,  para _b k , and  para _ c k  are 

model parameters, which are the state vectors that must be acquired first from the SDA 

system 

For the sake of calculation in the SDA system, the form in Equation (5.2) can be 

transferred into the following: 

(1) Forecasting model: 

 1 1 1Mk k ,k k kx x      (5.4) 

with state vector      
T

kx para _ a k , para _b k , para _ c k 
  . The state 

matrix M is time-invariant, and 1M =Ik ,k . 

(2) Measurement model: 

 Hk kk ky x    (5.5) 

with measurement operator      1 2Q Q QH T T T

k k , k , k      and 

measurements  1ky r k  . 

(3) Assimilation method: KF assimilation method: 

5.3.2 Method based on L1-norm constraint for suppressing filter divergence 

The datasets used in the experiment were downloadable from the Internet of 
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Highways England. The data are from a sub-area of highway between Leeds and 

Sheffield, England, as shown in Figure 5.11(b). Data of each path from Monday to 

Sunday were collected. The time interval for the data was 15 min. The data for each 

path contained eight days in consecutive weeks. Data sets of the former seven days 

were used for model construction of the SDA system, and the 8th day data were 

employed to test the effectiveness of the proposed approach. Furthermore, as traffic 

flow in early mornings and late nights was small and of little concern to traffic 

management, prediction results from 06:00 to 21:00 were used. 

 

Figure 5.11 Study area. 

In the SDA system, filter divergence will occur if the assimilation model is not 

correct. The essence of filtering divergence is that the Kalman gain matrix K becomes 

increasingly small, even approaching zero over the assimilation evolution. The relative 

deviation between the estimated state values and the true values will become 

increasingly large. In this study, it assumed that the understanding of the traffic flow 

forecasting system was incomplete and inaccurate. The improper system in Equation 

(5.3) is selected as follows: 
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 (5.6) 

As an example to display filter divergence more intuitively, the traffic flow 

forecasting results of path 7768 (LM838), which was an English highway, under the 

correct and incorrect models are shown in Figure 5.12. Without loss of generality, the 

forecasting results on workday Monday and non-workday Saturday are given. Figure 

5.12 shows that a filter divergence phenomenon occurred on both Monday and Saturday 

under the incorrect model using an SDA system based on the KF method. 

 

Figure 5.12 Traffic flow forecasting results under two assimilation models: (a) 

Forecasting results on Monday; (b) Forecasting results on Saturday. 

To verify the effectiveness of the filter suppression approach based on the L1-norm 

constraint, two commonly used and effective methods for suppressing filter divergence, 

the covariance weighted method( shown as C-W Method) (Long and Liu, 2006) and 

adaptive KF method (shown as A-KF Method) (Mohamed and Schwarz, 1999; Yang 

and Xu, 2003 ), were used. The C-W method controls the effects of the measurements 

by adding weights or fading factors to expand the error covariance matrix. After, the 

dependence of the forecasting results on the inaccurate models could be reduced, and 
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the purpose for suppressing the divergence of the filtering could be achieved. It is often 

used in fields that require a balance of precision and computation. The A-KF method 

can estimate the state model error and measurement error covariance matrices online in 

real time to suppress filtering divergence. It is usually used in fields where an accurate 

noise model is not available but high precision is required. First, an SDA system based 

on the proposed L1-norm-constraint-based method together with the traditional KF 

method, C-W method, and A-KF method were applied to acquire traffic flow 

forecasting results and verified the effectiveness of the proposed method through a 

comparison. As a detailed example of the analysis, the forecasting performances of six 

paths shown in Figure 5.13 are listed. 

 

Figure 5.13 Part of study area. 

In Figures 5.14 and 5.15, traffic flow predictions of path 7078(LM862), which was 

part of the study area shown in Figure 5.13, were taken as an example to show the 

performance details both on workday Monday and non-workday Saturday. Under the 

incorrect model shown in Equation (5.6), the forecasting results obtained from the KF 

method, C-W method, A-KF method, and the proposed L1-norm-constraint-based 

method are given. The results presented in Figures 5.14 and 5.15 show that a filter 

divergence phenomenon occurred when only the KF method was used under the 

incorrect model. However, the divergence of the filtering was alleviated to different 

degrees after using the C-W method, A-KF method, and L1-norm-constraint-based 
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method. Furthermore, true values were also added to verify the effectiveness of these 

three filter divergence suppressing methods. The best performance for filter divergence 

suppression was acquired from the L1-norm-constraint-based method on both Monday 

and Saturday. 

 

Figure 5.14 Assimilation forecasting results of path 7078(LM862) on Monday 

 

Figure 5.15 Assimilation forecasting results of path 7078(LM862) on Saturday 

To evaluate the assimilation forecasting results, two commonly used evaluation 

criteria, root mean square error (RMSE) (Wild, 1997; Yin et al., 2002; Xu, et al., 

2016) and mean absolute percentage error (MAPE) (Chen and Grant-Muller, 2001; 

Park, 2002; Xu, et al., 2016), were used. They were calculated as follows: 
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where  x̂ k  denotes the forecasted traffic flow value, and  x k  denotes the 

corresponding true value. The smaller the RMSE and MAPE values are, the better the 

forecast performances are. 

RMSE and MAPE values of the traffic flow prediction results of path 7078 

(LM862) acquired from four methods are listed in Tables 5.2 and 5.3. Using the model 

that led to filter divergence, the RMSE and MAPE values were relatively large using 

the traditional KF method. From Monday to Sunday, the MAPE values were all above 

99%, indicating that filter divergence occurred. RMSE and MAPE values were reduced 

to different degrees when using the C-W method, A-KF method, and L1-norm-

constraint-based method, which indicated that the filter divergence phenomenon was 

suppressed. Among these three methods, the L1-norm-constraint-based method 

performed the best. In particular, for the traffic flow forecasting on Friday, the RMSE 

value from the L1-norm-constraint-based method was reduced by 823.30 (from 901.86 

to 78.56, corresponding to a relative accuracy improvement of 91.29%) when compared 

with that from the traditional KF method. The corresponding MAPE value was also 

reduced by 92.51% (from 99.75% to 7.24%), and the relative accuracy was improved 

by 92.74%. In terms of the weekly traffic flow forecasting results, the RMSE values 

obtained from the L1-norm-constraint-based method were reduced by 263.08 (from 

334.56 to 71.48) and 96.23 (from 167.71 to 71.48) compared to those of the C-W and 

A-KF methods, respectively. 
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Table 5.2 RMSE values of path 7078(LM862) from Monday to Sunday. 

 RMSE 

 KF C-W A-KF Proposed method KF (right model) 

Monday 842.65 387.85 152.55 85.37 77.38 

Tuesday 829.18 368.32 178.67 85.69 74.59 

Wednesday 857.94 375.42 164.94 88.85 80.74 

Thursday 856.66 373.19 227.82 84.82 75.18 

Friday 901.86 414.34 211.86 78.56 69.80 

Saturday 584.92 251.64 134.08 41.29 39.22 

Sunday 579.88 171.19 104.04 35.77 30.16 

Average 779.01 334.56 167.71 71.48 63.87 

Table 5.3 MAPE (%) values of path 7078(LM862) from Monday to Sunday. 

 MAPE (%) 

 KF C-W A-KF Proposed method KF (right model) 

Monday 99.56 40.25 15.31 7.23 6.76 

Tuesday 99.71 39.71 17.99 7.91 6.82 

Wednesday 99.70 39.08 15.15 7.58 7.00 

Thursday 99.69 40.53 22.18 7.56 6.66 

Friday 99.75 42.33 20.83 7.24 6.26 

Saturday 99.65 43.09 22.05 6.70 6.15 

Sunday 99.48 32.51 21.58 6.60 5.74 

Average 99.65 39.64 19.30 7.26 6.48 

Table 5.4 shows the differences in the RMSE and MAPE values between the 

results acquired using the traditional KF method with the correct model and those from 

three filter divergence suppressing methods using the filter divergence model. The 
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results showed that the RMSE and MAPE values obtained from L1-norm-constraint-

based method were closest to those from the correct model, with minimum differences 

of 2.07 and 0.47%, respectively. 

Table 5.4 Differences of RMSE and MAPE values between three filtering divergence 

suppressing methods and KF method under right model. 

 RMSE  MAPE (%) 

   C-W A-KF Proposed method  C-W A-KF Proposed method 

Monday 310.47 75.17 7.99  33.49 8.55 0.47 

Tuesday 293.73 104.08 11.10  32.89 11.17 1.09 

Wednesday 294.68 84.20 8.11  32.08 8.15 0.58 

Thursday 298.01 152.64 9.64  33.87 15.52 0.90 

Friday 344.54 142.06 8.76  36.07 14.57 0.98 

Saturday 212.42 94.86 2.07  36.94 15.90 0.55 

Sunday 141.03 73.88 5.61  26.77 15.84 0.86 

The RMSE and MAPE values of the six paths shown in Figure 5.13, acquired from 

the SDA system based on the KF method, C-W method, A-KF method, L1-norm-

constraint-based method using the incorrect model, and KF method using the correct 

model are presented in Figure 5.16 and 5.17. The reason for calculating the RMSE and 

MAPE values using the KF method with the correct model was to set a reference to 

prove the effectiveness of each filter divergence suppression method. As shown in 

Figure 5.17, the MAPE values of each path acquired using the KF method with the 

incorrect model reached almost 100%, which indicated that a filter divergence 

phenomenon occurred. The traffic flow forecasting performances improved by different 

degrees when using the C-W method, A-KF method, and L1-norm-constraint-based 

method. The RMSE and MAPE values of each path on Monday to Sunday acquired 

from the C-W method, A-KF method, and L1-norm-constraint-based method were 
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smaller than those from the KF method with the incorrect model. Furthermore, 

compared with the results from the C-W and A-KF methods, the results from the 

proposed L1-norm-constraint-based method were much closer to those from the correct 

model. This indicated the effectiveness of the proposed L1-norm-constraint-based 

method. 

 

Figure 5.16 RMSE values of six paths from Monday to Sunday. 



Applications of quality control methods in short-term traffic flow forecasting 

139 

 

 

Figure 5.17 MAPE (%) values of six paths from Monday to Sunday. 

The traffic flow of all the paths, as shown in Figure 5.11(b), under the SDA system 

based on the KF method, C-W method, A-KF method, and proposed L1-norm-

constraint-based method were predicted. Tables 5.5 and 5.6 showed the average RMSE 

and MAPE values of each path from Monday to Sunday. It can be seen that the average 

MAPE values of all the paths from Monday to Sunday using the KF method with the 

incorrect model were all above 97%. This indicated that filter divergence occurred. 

Average MAPE values acquired from the C-W method, A-KF method, and L1-norm-

constraint-based method decreased to different degrees. For the sake of analysis, the 

forecasting results of all the paths on workday Monday and non-workday Saturday were 

taken as examples. The best filter divergence suppression performances were produced 

from an L1-norm-constraint-based method. The average RMSE value from the L1-

norm-constraint-based method decreased by 524.82 (from 596.29 to 71.47), and the 

relative accuracy improved by 88.01% on Monday compared to the results from the KF 

method with the incorrect model. The corresponding relative accuracy improved by 
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90.87% on Saturday. Furthermore, the average MAPE value from the L1-norm-

constraint-based method decreased by 89.05% (from 98.39% to 9.34%) on Monday and 

89.64% (from 98.50% to 8.86%) on Saturday compared to those obtained using the KF 

method with an incorrect model. 

Table 5.5 Average RMSE values of all paths from Monday to Sunday. 

 RMSE 

 KF C-W A-KF Proposed method KF (right model) 

Monday 596.29 218.22 156.13 71.47 55.70 

Tuesday 591.97 199.18 145.24 70.72 53.58 

Wednesday 607.66 201.87 143.08 72.54 54.74 

Thursday 606.60 206.17 161.15 95.87 52.45 

Friday 649.17 239.25 201.79 68.37 50.28 

Saturday 419.31 127.98 111.44 38.30 26.53 

Sunday 414.71 101.04 96.44 36.77 23.62 

Table 5.6 Average MAPE (%) values of all paths from Monday to Sunday. 

 MAPE (%) 

 KF C-W A-KF Proposed method KF (right model) 

Monday 98.39 30.14 21.60 9.34 7.12 

Tuesday 98.88 27.98 19.97 9.63 7.19 

Wednesday 98.43 27.62 19.08 9.57 7.07 

Thursday 97.99 28.38 21.58 10.06 6.87 

Friday 98.15 31.12 24.79 8.90 6.55 

Saturday 98.50 26.60 22.57 8.86 6.42 

Sunday 97.94 25.63 24.12 9.23 6.71 



Applications of quality control methods in short-term traffic flow forecasting 

141 

 

Table 5.7 represents the differences in the average RMSE and MAPE values of all 

paths for the filter divergence suppressing methods using the incorrect model and the 

KF method using the correct model. The data in Table 5.8 show that the average RMSE 

and MAPE values acquired from the L1-norm-constraint-based method were much 

closer to those from the KF method under the correct model. On workday Monday, the 

differences in the average RMSE and MAPE values between the C-W and KF methods 

with the correct model were 165.52 and 23.02%, respectively. The corresponding 

differences between the A-KF and KF methods were 100.43 and 12.26%. The 

differences in the average RMSE and MAPE values between the proposed L1-norm-

constraint-based method and the KF method were 15.77 and 2.22%, respectively. 

Similar results were obtained for non-workday Saturday. The smallest average RMSE 

and MAPE differences were 11.77 and 2.44%, respectively, which were acquired from 

the L1-norm-constraint-based method. 

Table 5.7 Differences of average RMSE and MAPE values between three filtering 

divergence suppressing methods and KF method under right model. 

 RMSE  MAPE (%) 

   C-W A-KF Proposed method  C-W A-KF Proposed method 

Monday 165.52 100.43 15.77  23.02 12.26 2.22 

Tuesday 145.60 91.66 17.14  20.79 10.34 2.44 

Wednesday 147.13 88.34 17.80  20.55 9.51 2.50 

Thursday 153.72 108.70 43.42  21.51 11.52 3.19 

Friday 188.97 151.51 18.09  24.57 15.89 2.35 

Saturday 101.45 84.91 11.77  20.18 13.71 2.44 

Sunday 77.42 72.82 13.15  18.92 14.89 2.52 

Overall, the results in Table 5.2–5.7 suggest that to suppress the filter divergence 

and improve the short-term traffic flow forecasting accuracy, the L1-norm-constraint-
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based method outperformed the C-W and A-KF methods. This supports the theory that 

it is effective to use the proposed L1-norm-constraint-based method to suppress the filter 

divergence. 

5.3.3 Modified adaptive method based on state residuals for controlling model 

colored noise 

The modified adaptive method based on state residuals was used to control the 

colored noise in the assimilation models. The results were compared with those 

acquired from the traditional KF method without considering assimilation model 

colored noise. The datasets used in this test were downloaded from the Internet of 

Highways England. The data were from a sub-area of highway near Birmingham, 

England, as shown in Figure 5.18(b). Data for Monday to Sunday of each path were 

collected. The time interval for the data was 15 min. The data for each path contained 

eight days in consecutive weeks. Datasets of the former seven days were used for the 

model construction of SDA systems, and data from the 8th day were employed to test 

the effectiveness of the proposed approach. Furthermore, as the traffic flow in early 

mornings and late nights was small and of little concern to traffic management, 

prediction results from 06:00 to 21:00 were used. 

 

Figure 5.18 Study area. 
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Figure 5.19 Part of study area. 

For convenience of analysis, the traffic flow of each path shown in Figure 5.19 

was forecasted as an example to obtain results for workday Tuesday and non-workday 

Sunday using the traditional KF method and the modified adaptive method based on 

state residuals. The results are given in Figures 5.20 and 5.21. Furthermore, the 

corresponding RMSE and MAPE values are listed in Tables 5.8 and 5.9, respectively. 

 

Figure 5.20 Assimilation forecasting results of each path on Tuesday. 



Applications of quality control methods in short-term traffic flow forecasting 

144 

 

 

Figure 5.21 Assimilation forecasting results of each path on Sunday. 

Table 5.8 RMSE values of each path on Tuesday and Sunday. 

 Tuesday  Sunday 

 KF 

Method 

Modified 

Adaptive Method 

 KF 

Method 

Modified 

Adaptive Method 

30013544(AL467) 53.20 44.68  43.12 36.31 

8303(LM178) 34.24 29.08  100.40 81.19 

8305(LM176) 76.58 72.51  70.02 86.52 

8399(LM180) 49.68 48.57  58.30 54.61 

9315(LM921) 61.99 44.11  38.86 36.16 

Average 55.14 47.79  62.14 58.96 
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Table 5.9 MAPE (%) values of each path on Tuesday and Sunday. 

 Tuesday  Sunday 

 KF 

Method 

Modified 

Adaptive Method 

 KF 

Method 

Modified 

Adaptive Method 

30013544(AL467) 8.83 7.28  14.31 10.13 

8303(LM178) 3.83 3.21  16.43 8.90 

8305(LM176) 5.01 4.71  7.97 8.23 

8399(LM180) 5.68 5.31  8.01 6.36 

9315(LM921) 12.12 7.37  12.17 9.33 

Average 7.09 5.58  11.78 8.59 

As shown in Figures 5.20 and 5.21, the accuracy of the short-term traffic flow 

forecasting results obtained using an adaptive method proposed previously was 

improved compared to that without considering colored noise in the assimilation model. 

Besides, the obvious jitter occurred in Figure 5.21, which is resulted from KF method. 

The reason for this jitter mainly because that the measurement error covariance matrix 

at previous time interval is small and the system gives large weight to the observations. 

However, the newly measurements maybe unusual at current time interval, which 

affects a lot to the prediction results and make results exceptional. As shown in Table 

5.8, in terms of the RMSE and its corresponding average values, the forecasting 

accuracy obtained from the modified adaptive method was higher than that from the 

traditional KF method. For example, an average RMSE value of the five paths acquired 

using the traditional KF method on Tuesday was 55.14, while that from the modified 

adaptive method was 47.79, corresponding to a relative accuracy improvement of 

13.33%. On Sunday, the average RMSE value from the modified adaptive method was 

reduced by 3.18 (from 62.14 to 58.96, corresponding to a relative accuracy 

improvement of 5.12%) compared to that from the traditional KF method. Table 5.9 



Applications of quality control methods in short-term traffic flow forecasting 

146 

 

also shows that the average MAPE value of five paths acquired using the traditional KF 

method on Tuesday was 7.09%, while that from the modified adaptive method was 

5.58%, corresponding to a relative accuracy improvement of 21.29%. On Sunday, the 

average RMSE value from the modified adaptive method was reduced by 3.19% (from 

11.78% to 8.59%, corresponding to a relative accuracy improvement of 27.08%) 

compared to that from the traditional KF method. 

Table 5.10 Average RMSE and MAPE values of all paths. 

 RMSE  MAPE（%） 

 KF 

method 

Modified 

Adaptive method 

 KF 

method 

Modified 

Adaptive method 

Monday 54.14 50.98  13.43 12.71 

Tuesday 52.08 48.18  12.24 12.21 

Wednesday 57.75 52.98  12.31 12.00 

Thursday 63.31 55.08  14.38 10.51 

Friday 61.73 56.41  12.53 12.45 

Saturday 45.79 40.23  14.07 11.68 

Sunday 53.49 43.72  18.85 16.80 

Average 55.47 49.65  13.97 12.62 

The average RMSE and MAPE values of the short-term traffic flow forecasting of 

the paths shown in Figure 5.18(b) from Monday to Sunday are listed in Table 5.10. The 

modified adaptive method outperformed the traditional KF method. Taking the traffic 

flow forecasting performances on workday Thursday and non-workday Sunday as 

examples, the average RMSE value on Thursday obtained from the modified adaptive 

method was reduced by 8.23 (from 63.31 to 55.08, corresponding to a relative accuracy 

improvement of 12.30%) when compared with that from the traditional KF method. On 

Sunday, the reduced value was 9.77 (from 53.49 to 43.72), corresponding to a relative 
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accuracy improvement of 18.27%. The corresponding average MAPE values were 

reduced by 3.87% (from 14.38% to 10.51%, corresponding to a relative accuracy 

improvement of 26.91%) and 2.05% (from 18.85% to 16.80%, corresponding to an 

accuracy improvement of 10.88%) on Thursday and Sunday, respectively. In terms of 

the weekly average RMAE and MAPE values of the traffic flow forecasting result, the 

values acquired from the traditional KF method were 55.47 and 13.97%, respectively, 

while the ones obtained from modified adaptive method were reduced by 5.81 (from 

55.47 to 49.65) and 1.35% (from 13.97% to 12.62%), corresponding to relative 

accuracy improvements of 10.47% and 9.66%, respectively. 

Based on the above analysis, the short-term traffic flow forecasting accuracy 

acquired from the modified adaptive method based on state residuals was higher than 

that from the traditional KF method. The modified adaptive method based on state 

residuals was beneficial for controlling the influence of colored noise in the assimilation 

models on the assimilation forecasting results and improving the reliability of SDA 

systems. 

5.4 Applications of reliability control methods for measurements into short-term 

traffic flow forecasting 

5.4.1 Construction of multi-scale sequential data assimilation system for 

short-term traffic flow prediction 

After the noise was separated under multiple scales using the methods introduced 

in Chapter 4, more precise historical measurements remained. Furthermore, different 

models could be constructed using multi-series historical measurements with multi-

scale noise separated. These different models are treated as multi-scale models. Multi-

scale models were used for different traffic flow forecasting scenarios with the purpose 

of achieving high precision of the assimilation results. Based on these, a schematic of 
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the built M-SDA system for short-term traffic flow prediction is presented in Figure 

5.22. First, historical traffic flow measurements on the same day in consecutive weeks 

were selected to build the assimilation model for traffic flow forecasting. The noise in 

these historical measurements were separated by using the WT method, EMD method, 

and FFT method. Different noises separation scales produced multi-series historical 

measurements, and then they were used to build multi-scale assimilation models in the 

M-SDA system. Finally, predicted traffic flow values of the next time interval could be 

obtained after estimating the state equation parameters. 

 

Figure 5.22 Schematic of M-SDA system for short-term traffic flow forecasting. 

5.4.2. Influences of different noise separation scales on sequential data 

assimilation results 

In this section, an example of multi-scale noise separated using the above three 

methods is given. The original data were the 15-min traffic flow measurements of path 

3339(LM91), which was an English highway as shown in Figure 5.10. The original data 

of the three Mondays in consecutive weeks, which had similar variation tendencies but 

were affected by local noises, are shown in Figure 5.23(a). These original data series 

were decomposed into several purer and noisy series at the seven separation scales. 

Details of the seven noise separation scales are listed in Table 5.11. Scale-VII was 

acquired using the A-NS approach with the FFT method. After noise separation, 
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different purer series (P in Figure 5.23(b)–(h)) and noise series (N in Figure 5.23(b)–

(h)) were obtained. The purer series were smoother than the original series, but the 

profiles changed except at Scale-VI. These series can be treated as de-noised data for 

further multi-scale model building. The noisy series were regarded as noises and 

removed. At Scale-VI, the de-noised data was distorted and even became negative. This 

was because too much useful information was treated as noises and removed. Figure 

5.23 indicates that different separation scales yielded different noise separation results. 

Table 5.11 Details of seven noises separation scales. 

Scale-I Scale-II Scale-III Scale-IV Scale-V Scale-VI Scale-VII 

A1 A2 A3 Sum 

(IMF2-IMFg ) 

Sum 

(IMF3-IMFg ) 

Sum 

(IMF4-IMFg) 

A-NS 

Note: Ai means i-th level of decomposed pure data in WT method. Sum (IMF1-IMFg) means using sum of IMF1 to IMFg to 

acquire measurements in EMD method. 

 

Figure 5.23 Traffic flow data with noises separated under seven scales. 

The short-term traffic flow prediction of path 3339 (LM91), which is shown in 

Figure 5.10, was taken as an example to illustrate the impacts of different noise 

separation scales on the assimilation prediction results. There were four paths adjacent 
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to path 3339 (LM91): path 3338 (LM89), path 3339 (LM93), path 6200 (LM844A), 

and path 6296 (LM87). Without loss of generality, the predicted results obtained on 

Thursday and Saturday, which were a workday and non-workday, respectively, can be 

analyzed. As shown in Figure 5.23, the noise separated at Scale-VI was too large, 

making the pure series negative and distorted. Thus, Scale-VI in Table 5.11 will not be 

considered in later tests. For comparative analysis of the experimental results, the 

results predicted using raw data without the noise separated were added. Models 1–7 

were built using historical measurements with noise separated at the seven scales. 

Model 1 was actually the model in the T-SDA system. 

Table 5.12 Details of seven noises separation scales and seven models. 

Scale-I Scale-II Scale-III Scale-IV Scale-V Scale-VI Scale-VII 

Raw data A1 A2 A3 Sum 

(IMF2-IMFg ) 

Sum 

(IMF3-IMFg ) 

A-NS 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 

Note: Ai means i-th level of decomposed pure data in WT method. Sum (IMF1-IMFg) means using sum of IMF1 to IMFg to 

acquire measurements in EMD method. 

Figure 5.24 shows the predicted results on Thursday with seven noise separation 

scales. Figure 5.25 shows the predicted results on Saturday. Table 5.16 shows the 

corresponding RMSE and MAPE values of the short-term traffic flow prediction results 

on Thursday and Saturday, respectively. 
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Figure 5.24 Traffic flow prediction performances of path 3339(LM91) on Thursday.  

 

Figure 5.25 Traffic flow prediction performances of path 3339(LM91) on Saturday.  

Table 5.13 RMSE and MAPE values under seven models in M-SDA system on 

Thursday and Saturday. 

 Thursday  Saturday 

 RMSE MAPE (%)  RMSE MAPE (%) 

Model 1 45.77 9.26  35.89 10.10 

Model 2 39.11 7.81  28.24  8.21 

Model 3 41.08 8.52  26.45  8.21 

Model 4 53.90 10.11  25.96  7.77 

Model 5  40.47 7.72  25.93  8.46 

Model 6 40.17 8.07  24.44  7.51 

Model 7 38.10 7.59  23.79  7.51 
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The results in Table 5.13 show that except for the results acquired using Model 4, 

the results from models constructed using historical measurements with the noise 

separated outperformed those from the model in the T-SDA system (Model 1). Model 

4 was built using historical measurements with the noise separated by the WT method 

using a three-level decomposition. The reason for the poor performance of Model 4 

may have been that too much pure information was classified as noise, making the pure 

information incomplete for model construction. 

In addition, good performances were produced using the different models. For 

example, the RMSE and MAPE were 39.11 and 7.81% from Model 2 on Thursday, and 

the RMSE and MAPE values decreased by 5.3 (from 45.77 to 40.47) and 1.54% (from 

9.26% to 7.72%) under Model 5 when compared with results from Model 1. Similar 

situations occurred for the predicted results using the data collected on Saturday. The 

RMSE and MAPE acquired from Model 2 were 28.24 and 8.21%, which decreased by 

7.65 (from 35.89 to 28.24) and 1.89% (from 10.10% to 8.21%) compared with the 

results from Model 1, respectively. The corresponding RMSE and MAPE results from 

Model 6 were 24.44 and 7.51%, respectively. Furthermore, the best performing model 

on Thursday and Saturday was Model 7, which was built using historical measurements 

with noise separated from the proposed A-NS method. Compared to the results from 

Model 1, Model 7 reduced the RMSE on Thursday by 7.67 (from 45.77 to 38.10), 

corresponding to a relative accuracy improvement of 16.76%. The corresponding 

MAPE decreased by 1.67% (from 9.26% to 7.59%). On Saturday, the RMSE and 

MAPE from Model 7 were 23.79 and 7.51%, respectively. 

Conclusions can be drawn from Figures 5.24 to 5.25 and Table 5.13 that different 

noises separation scales had different impacts on the assimilation prediction results. 

Furthermore, based on the lower RMSE and MAPE values shown in Table 5.16 and the 

better distributions displayed in Figures 5.24 and 5.25, the results were superior when 

using Model 7, which was built using historical measurements with noise separated 
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from the proposed A-NS method. This indicated that the A-NS method proposed 

previously was effective for improving the prediction accuracy of the SDA system. 

5.5. Performance of M-SDA system for short-term traffic flow forecasting 

In this section, the built M-SDA system was applied to the short-term traffic flow 

prediction of all the paths, as shown in Figure 5.2 from Monday to Sunday. To facilitate 

detailed comparison, short-term traffic flow prediction of paths shown in Figure 5.10 

(b) was taken as an example first to illustrate performance of the built M-SDA system. 

As Model 4 behaved worse as noises separated unduly, in later experiments, five models 

were used in M-SDA system. They were constructed using historical measurements 

with noise separated at five, as shown in Table 5.14. Together with Model 1, which was 

the original model in T-SDA system, there were totally six models. The RMSE and 

MAPE values of the prediction results using the six models from Monday to Sunday 

are given in Figure 5.26 and 5.27, respectively. The average RMSE and MAPE values 

of the five paths are shown in Tables 5.15 and 5.16, respectively. 

Table 5.14 Details of six noises separation scales and six models. 

Scale-I Scale-II Scale-III Scale-IV Scale-V Scale-VI 

Raw data A1 A2 Sum 

(IMF2-IMFg ) 

Sum 

(IMF3-IMFg ) 

A-NS 

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Note: Ai means i-th level of decomposed pure data in WT method. Sum (IMF1-IMFg) means using sum of IMF1 

to IMFg to acquire measurements in EMD method. 
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Table 5.15 Average RMSE values of five paths under six models. 

Path Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

3338 (LM89) 15.43 12.53 11.79 11.96 12.49 11.78 

3339 (LM91) 43.32 34.60 36.03 34.53 34.79 33.99 

3339 (LM93) 29.96 22.85 23.18 22.70 39.88 22.22 

6200 (LM844A) 95.36 83.11 83.09 82.24 104.59 81.51 

6296 (LM87) 43.03 35.51 35.54 35.21 45.14 33.84 

Table 5.16 Average MAPE (%) values of five paths under six models. 

Path Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

3338 (LM89) 15.35 11.83 11.04 11.54 11.10 10.54 

3339 (LM91) 10.04 8.00 8.44 8.18 8.41 7.88 

3339 (LM93) 10.53 8.31 8.38 8.24 14.33 8.04 

6200 (LM844A) 7.81 6.61 6.62 6.73 8.24 6.60 

6296 (LM87) 9.82 7.94 8.10 8.04 9.65 7.79 
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Figure 5.26 RMSE values of five paths under six models from Monday to Sunday. 

 

Figure 5.27 MAPE (%) values of five paths under six models from Monday to 
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Sunday. 

The predicted performances using the six models in the M-SDA system were 

different. As shown in Tables 5.15 and 5.16, compared with prediction results from 

Model 1, which was built using the T-SDA system, various average RMSE and MAPE 

improvements were achieved when using the other six models. Taking path 3339 

(LM91) as an example, the average RMSE and MAPE acquired from Model 1 were 

43.32 and 10.04%, respectively, and the best prediction performance was acquired from 

Model 6. Its average RMSE was reduced by 9.33 (from 43.32 to 33.99), and the relative 

accuracy improved by 21.54%. The corresponding average MAPE was reduced by 2.16% 

(from 10.04% to 7.88%), and the relative accuracy improved by 21.51%. The results 

were similar for the other four paths. 

However, although Models 2–6 outperformed Model 1 in terms of average RMSE 

and MAPE values, this does not indicate that each model in the M-SDA system was 

superior to Model 1 in the T-SDA system. As show in Figure 5.26, which shows the 

RMSE values of five paths for six models from Monday to Sunday, some RMSE values 

obtained from Model 5 were larger than those from Model 1, such as the RMSE values 

on Thursday and Friday of path 3339 (LM93) and on Wednesday, Thursday and Sunday 

of path 6200 (LM844A), etc. The MAPE values of the five paths using the six models 

from Monday to Sunday showed similar results, as shown in Figure 5.27. The reason 

for these poor performances was that too much pure information was classified as noise. 

However, after averaging, these poor performances were hidden. Experiments showed 

that the constructed M-SDA system could improve the accuracy of the short-term traffic 

flow forecasting using Model 2 (WT method), Model 4 (EMD method), and Model 

6(proposed A-NS method in FFT method). 

The forecasting results of the paths using the M-SDA system were analyzed, and 

Tables 5.17 and 5.18 list the average RMSE and MAPE values of all the paths, as shown 
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in Figure 5.2 form Monday to Sunday. In the T-SDA system, the average RMSE and 

MAPE values of all the paths under Model 1 were 57.12 and 11.06%, respectively. In 

the M-SDA system, different accuracies were produced using the different models. 

Among all five models, the smallest average RMSE and MAPE values were 42.63 and 

8.61%, respectively, which are acquired using Model 6. The relative accuracies were 

improved by 17.09% and 17.61%, respectively, when compared with those from the T-

SDA system. In addition, the forecasting results of each day in a week show that the 

average RMSE and MAPE values from Models 2 and 4 were smaller than those from 

Model 1. In terms of the average RMSE values, the relative accuracies improved by 

11.15% and 4.99%, respectively. In terms of the average MAPE values, the relative 

accuracies were improved by 13.29% and 6.78%, respectively. 

Table 5.17 Average RMSE values of all paths under six models in M-SDA system. 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Monday 57.12 50.75 51.41 54.27 116.58 48.09 

Tuesday 57.05 51.42 66.31 55.82 103.04 49.25 

Wednesday 57.86 51.66 52.28 56.62 132.73 49.44 

Thursday 58.28 51.30 51.66 53.94 85.31 48.67 

Friday 58.10 49.70 49.82 52.14 92.90 47.38 

Saturday 35.73 29.25 28.50 34.18 38.06 27.83 

Sunday 35.80 29.21 28.38 33.21 35.17 27.73 

Average 51.42 44.76 46.91 48.60 86.26 42.63 
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Table 5.18 Average MAPE (%) values of all paths under six models in M-SDA 

system. 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Monday 11.06 9.59 9.62 10.31 35.50 9.41 

Tuesday 10.73 9.17 9.78 9.77 17.95 8.90 

Wednesday 10.54 9.10 9.14 10.05 19.54 8.78 

Thursday 10.20 8.75 8.87 9.37 15.43 8.47 

Friday 9.72 8.12 8.15 8.54 15.13 7.89 

Saturday 9.88 8.08 8.02 9.32 10.37 7.90 

Sunday 11.02 9.49 9.04 10.53 11.60 8.91 

Average 10.45 8.90 8.95 9.70 17.93 8.61 

In the M-SDA system, though the average RMSE and MAPE values from Model 

3 were both smaller than those from Model 1, the RMSE value from Model 3 on 

Tuesday was 66.31, which was larger than that from Model 1. Thus, the forecasting 

accuracy of Model 3 was not higher than Model 1. Furthermore, the average RMSE 

and MAPE values from Model 5 were significantly larger than those from Model 1. 

Thus, the assimilation forecasting accuracy was higher using the M-SDA system at 

certain scales than using the T-SDA system. Based on many experiments, the M-SDA 

system based on Models 2, 4 and 6 could control the influence of local noise in the 

measurements on the forecasting accuracy and improve the quality of assimilation 

results. 

In conclusion, the proposed control methods were effective for improving the 

reliability of SDA system. Considering the colored noise of the assimilation model, the 

M-SDA system based on the FFT method had the highest accuracy for short-term traffic 
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flow forecasting, which also verified the effectiveness of the A-NS method proposed in 

the previous chapter. 

5.5 Summary 

(1) The short-term traffic flow forecasting methods were classified and 

summarized first. The study area and experimental data were then introduced. Data 

preprocessing of the path network extraction and classification was performed before 

the experiments. Path network extraction was beneficial for analyzing the relationship 

between the traffic flow values in each path to achieve short-term forecasting of the 

target path. The purpose of the data classification was to better avoid the influences of 

traffic flow differences, which were caused by different date types, on the assimilation 

results. It also significantly improved the forecasting accuracy. 

(2) Horizontal and vertical time sequence of traffic flow measurements are 

analyzed to understand the characteristics of traffic flow in target path. It is beneficial 

to the follow-up research on SDA system for short-term traffic flow forecasting. 

(3) The proposed L1-norm-constraint-based method was applied to the short-term 

traffic flow forecasting to test its effectiveness for suppressing the filter divergence 

phenomenon caused by improper construction of the assimilation model. The traffic 

flow of all the paths, as shown in Figure 5.11(b), under the SDA system based on the 

KF method, C-W method, A-KF method, and proposed L1-norm-constraint-based 

method were predicted. The results showed the phenomenon of filter divergence 

occurred when using the KF method with an incorrect model. A filter divergence 

phenomenon could be suppressed to different degrees using the C-W method, A-KF 

method, and L1-norm-constraint-based method. For the sake of analysis, the forecasting 

results of all the paths on workday Monday and non-workday Saturday were taken as 

examples, and the best filter divergence suppressing performances were produced from 
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the L1-norm-constraint-based method with the relative accuracy improved by 88.01% 

and 90.87%, respectively, in terms of RMSE values on Monday compared with results 

from the KF method using the incorrect model. Furthermore, the smallest average 

RMSE and MAPE difference values were also acquired from the L1-norm constraint 

based method. 

(4) The short-term traffic flow forecasting accuracy acquired using the modified 

adaptive method based on state residuals was higher than that from traditional KF 

method. In terms of the weekly average RMAE and MAPE values of the traffic flow 

forecasting result, the values acquired from the modified adaptive method were reduced 

by 5.81 (from 55.47 to 49.65) and 1.35% (from 13.97% to 12.62%), corresponding to 

relative accuracy improvements of 10.47% and 9.66%, respectively, compared to those 

from the traditional KF method. This indicates that the modified adaptive method based 

on state residuals was useful for controlling the influences of colored noise in the 

assimilation models on the assimilation forecasting results and improving the reliability 

of SDA system. 

(5) The proposed A-NS in the FFT method was confirmed to be effective at 

controlling the influences of local noise on the assimilation results. Average RMSE and 

MAPE values for Model 6, which was built based on an A-NS, were reduced by 17.09% 

and 17.61% compared to those from the T-SDA system. Furthermore, the assimilation 

forecasting accuracy was higher using the M-SDA system at certain scales than using 

the T-SDA system. Based on many experiments, the M-SDA system based on Models 

2, 4, and 6 could control the influence of local noise in the measurements on the 

forecasting accuracy and improve the quality of assimilation results.
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CHAPTER 6.  

SUMMARY AND PROSPECTIVE 

6.1 Summary 

DA is an important methodology that can integrate physical model information 

and measurements which makes it play a significant role in many areas. The basic 

purpose of DA is to estimate state vectors more accurate through fusing the advantages 

of model and measurements. However, there are a lot of uncertainties in model and 

measurements which cause serious negative effects on the reliability of DA. Research 

on quality control methods in SDA system means to study how to control these 

uncertainties within the scope of application requirements, so as to improve the 

reliability of SDA system. The present dissertation mainly does the following 

researches: 

1. From both model and measurements aspects, uncertainties factors affecting the 

quality of DA system were analyzed, the quality control methods were reviewed. Then, 

existing problems in review were analyzed. The objective of this research is the SDA 

system quality control methods from both model and measurements aspects. The basic 

concepts of DA were summarized, such as its elements, assimilation methods, etc. Also, 

the characteristics of sequential and continuous data assimilation methods were 

compared. Then, the theory of uncertainties in SDA system was introduced, which 

helped to establish theoretical foundation for research on quality control methods. 

2. A systematic study was conducted on filtering divergence, which affected the 

reliability of models in the SDA system. To restrain the filtering divergence, a new 

method based on 1L -norm constraints was proposed. The method can adjust weights 

of the model and measurements depending on new measurements when filtering 
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divergence is about to occur. The 1L -norm constraint method was compared with two 

other existing methods, i.e., covariance weighted and adaptive methods, in the filtering 

divergence numerical experiment. Compared with the results from the covariance 

weighted and adaptive methods, the RRMSE values acquired from the 1L -norm 

constraint method were reduced by 9.71% and 3.10%, respectively. Meanwhile, the 1L

-norm constraint method proposed was applied to the short-term traffic flow prediction 

of part of the highway network in England. To restrain the filtering divergence, the best 

filter divergence suppression performances were produced from an L1-norm-constraint-

based method. The average RMSE value from the L1-norm-constraint-based method 

decreased by 524.82 (from 596.29 to 71.47), and the relative accuracy improved by 

88.01% on Monday compared to the results from the KF method with the incorrect 

model. The corresponding relative accuracy improved by 90.87% on Saturday. 

Furthermore, the average MAPE value from the L1-norm-constraint-based method 

decreased by 89.05% (from 98.39% to 9.34%) on Monday and 89.64% (from 98.50% 

to 8.86%) on Saturday compared to those obtained using the KF method with an 

incorrect model. This proved that the 1L -norm constraint method could deal with the 

filtering divergence efficiently. 

3. To control the issues caused by colored noise in the model, a modified adaptive 

method based on state residual information was proposed. The method can directly 

estimate the colored noise based on state residuals, which reduced the effects of colored 

noise on the assimilation results. The modified adaptive method was then compared 

with the traditional KF method, vector amplification method, and covariance matrix 

adaptive method in target tracking experiments. Under three conditions, the RRMSE 

values of the modified adaptive method were reduced by 60.07%, 18.61%, and 27.30%, 

respectively, compared to the traditional KF method. Compared with the results from 

the covariance matrix adaptive method, which is a common method for dealing with 
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colored noise, the RRMSE values acquired using the state residual adaptive method 

were reduced by 47.41%, 7.86%, and 10.31% under the three conditions, respectively. 

Meanwhile, a modified adaptive method was applied to the short-term traffic flow 

prediction of part of the highway network in England. The RMSE and MAPE values of 

the prediction results based on the modified adaptive method were 10.47% and 9.66% 

lower than traditional KF method, respectively. Conclusions can be drawn that the 

modified adaptive method proposed in this paper could control the effects of colored 

noise on the assimilation prediction results and improve its accuracy. 

4. Research on the quality control in measurements of SDA system mainly focused 

on how to reduce the impacts of local noises in the measurements on the assimilation 

results. A multi-scale sequential data assimilation method was proposed. The method 

was the combination of traditional KF method and three noise separation methods, i.e., 

the wavelet transform method, empirical mode decomposition method, and fast Fourier 

transform method, respectively. The method proposed can remove noisy information 

from the measurements. In addition, an A-NS method was proposed for noise 

separation in the FFT method. This method could separate noisy information based on 

the observation characteristics. The average RMSE and MAPE values of the prediction 

results based on this method were 17.09% and 17.61% lower than the results acquired 

from the traditional KF method, respectively. This proved the effectiveness of the A-

NS method proposed in this dissertation. 

5. The M-SDA system for short-term traffic flow predictions was built based on 

the methods proposed in the model and measurements for improving the reliability of 

SDA system. It was then applied into the short-term traffic flow prediction of the 

highway network in England. The influence of the noise separation scales on the 

assimilation prediction results was discussed. With the optimal noise separation scales, 

the RMSE and MAPE values of the prediction results obtained from M-SDA system 

were lower than ones from T-SDA system. This proved that the multi-scale data 



Summary and prospective 

164 

 

assimilation methods could suppress the influence of local noise in measurements on 

the assimilation system and achieve better precision in traffic flow prediction results. 

6.2 Prospective 

Although a series of discussions on control method for improving the reliability 

of SDA have been made in this thesis, there are still many problems to be further 

considered and researched: 

1. Methods for classification of colored noises in assimilation models. 

In reality, the colored noises are always complicated. The colored noises in SDA 

system are usually a mixture of a variety kinds of colored noises. If they can be 

categorized, then different solutions can be established to deal with different kinds of 

colored noises. It will be very helpful to control complex colored noises. However, it is 

difficult to classify the colored noises, which needs to be further studied. 

2. Control methods for improving the reliability of measurements. 

There are many other things included in uncertainties of measurements. Among 

them, it is often encountered that a large amount of measurements are missing. The 

problem can be solved by using compressed sensing method. It is necessary to do 

further explorations and researches in future. 

3. Extension application areas of the proposed methods. 

In summary, the methods proposed for controlling uncertainties in SDA system 

from both assimilation model and measurements aspects are effective under 

applications into short-term traffic flow forecasting. While in reality, there are maybe 

tens of thousands paths contained in one network. Spatio-temporal factor should be 

considered under the complex network to construct more accurate assimilation models 
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and to acquire more precise prediction. Quality control methods proposed in SDA 

system in this study could also be used to reduce corresponding uncertainties problems. 

Besides, as methods are proposed for improving quality of SDA system, related 

problems in other areas solving using SDA system could consider the methods proposed 

in the study to acquire more precise assimilation results. The specific contents need 

further researches. 

 

. 
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