


 

 

 

 

Comparison between the Non-Adaptive and 

Adaptive Bias Correction on Hourly PM Forecasts 

of the Deterministic Model WRF-CAMx 

by 

YANG HUI 

Final Year Project Report submitted in partial fulfillment 

of the requirement of the Degree of 

 

Bachelor of Science in Civil Engineering 

2016-2017 

 
 

Faculty of Science and Technology  

University of Macau 
 





 

I 

 

DECLARATION 

I declare that the project report here submitted is original except for the source 

materials explicitly acknowledged and that this report as a whole, or any part of this 

report has not been previously and concurrently submitted for any other degree or 

award at the University of Macau or other institutions. 

 

I also acknowledge that I am aware of the Rules on Handling Student Academic 

Dishonesty and the Regulations of the Student Discipline of the University of Macau. 

 

 

Signature : ____________________________ 

Name  : ________YANG HUI__________ 

Student ID  : _________D-B3-2732-2________ 

Date  : ____________________________ 

 

 

 

 

 

 

 

 



 

II 

 

APPROVAL FOR SUBMISSION 

This project report entitled “Comparison between the Non-Adaptive and Adaptive 

Bias Correction on Hourly PM Forecasts of the Deterministic Model WRF-

CAMx” was prepared by YANG HUI in partial fulfillment of the requirements for the 

degree of Bachelor of Science in Civil Engineering at the University of Macau. 

 

 

Endorsed by, 

 

 

Signature : ____________________________ 

Supervisor :  Prof. Dr. MOK Kai Meng 

 

Signature : ____________________________ 

Supervisor :  Prof. Dr. YUEN Ka Veng 

 

 

 



 

III 

 

ACKNOWLEDGEMENTS 

Upon the completion of this Final Year Project, I wish to show my sincere 

thankfulness to Dr. Hoi, who explained me about all the stories and theories behind 

and always helped me out. 

I want to thank Prof. Mok for offering me valuable feedbacks and pieces of advice on 

the project as well as on my continuing education. I will strive to thrive on my 

graduate study and future life. 

I also appreciate the raw forecast data and the other help given by Diogo Lopes, 

without which I could not get on with the project. Obrigada pela sua ajuda. 

And, I would like to thank myself, for not being discouraged in the face of ailments 

and hard time. It is almost there, and I will pull through. 

Whenever thinking of those colorful past days, my sense of happiness and gratitude 

rise and overflow. In here, it is hard to name all the people with whom I shared great 

moments, so this last paragraph is dedicated to you all. 



 

IV 

 

ABSTRACT 

This Final Year Project mainly focuses on the comparison between two bias 

correction approaches carried out on forecasts of Particulate Matters (PM) within 

Pearl River Delta Region that were simulated by the deterministic air quality 

forecasting model WRF-CAMx. The two approaches, namely non-adaptive (or offline) 

bias correction and adaptive (or online) bias correction, were constructed under the 

ordinary least squares principle and the Kalman filter algorithm, respectively, as 

implemented by MATLAB. The obtained corrected data were then fitted into line 

charts and scatter plots for graphical comparison; also, they were processed and 

shown as indicators for numerical evaluations of the correction model’s performance. 

The results verified the efficacy of both correction methods, while highlighted better 

performances of the adaptive (online) correction model, which suggests that the WRF-

CAMx system may be time-varying. Data also shows that WRF-CAMx tends 

underestimate the PM concentration within the study period (January, 2014). 
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CHAPTER 1 INTRODUCTION 

1.1 Background 

From the 1950s, with the development of computational techniques, multiple 

deterministic air-quality-forecasting systems have been developed, after a series of 

serious pollution events (Zhang et al., 2012). However, due to the uncertainties of 

inputs (Borrego et al., 2008; Holnicki and Nahorski, 2015), biases have been found in 

different deterministic systems (Zhang et al., 2014; Tan et al., 2015; Monteiro et al., 

2013), which diminished the accuracy of model-forecasted results. In the study of the 

performance of deterministic model WRF-CMAQ, Zhang et al. (2014) simulated the 

averaged monthly PM10 concentration from 2000 to 2006 in the eastern U.S., and 

observed the mean fractional bias varying between 60%, positively and negatively. 

From another study on WRF-CMAQ within the Baoshan region, Shanghai, China, 

Tan et al. (2015) simulated the hourly SO2 concentration in January, April, July, and 

October in 2010, and found the normalized mean bias to be -48.34%. In the study 

conducted by Monteiro et al. (2013), significant biases of the daily PM10 forecast 

exist in all the five selected models with the concentration underestimated, which may 

due to the underestimation of particulate emissions and general system problems. For 

the air quality forecast (Índice da Qualidade do Ar, 2015) collaborated by Portuguese 

Environment Agency (Agência Portuguesa do Ambiente; APA) and University of 

Aveiro, the model WRF-CHIMERE has been used for the evaluation period from 

October 2013 to September 2014. The IQAs  (Índice de Qualidade do Ar; air quality 

index) are correctly predicted at 66% and 68% of the days for PM10 and O3, 

respectively, which suggests for the necessity to improve the system performance.     

All of the examples above indicate that, for deterministic air quality forecasting 
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models, certain biases inevitably exist among the forecasted results. Thus, a favorable 

position has been left for the use of bias correction. 

According to Mok et al. (2017), Several empirical correction methods have been 

commonly used in the recent-year studies (Borrego et al., 2011; Konovlav et al., 2009; 

Mckeen et al., 2005; Monteiro et al.,  2013; Neal et al., 2014; Ridder et al., 2012; 

Silibelo et al., 2015; Struzewska, Kaminski, and Jefimow, 2016; Wilczak et al., 2006), 

which are mean subtraction, multiplicative ratio adjustment, hybrid forecast, Model 

Output Statistics (MOS), and the Kalman filter. For mean subtraction, which is a form 

of additive correction, and multiplicative ratio adjustment, both of the methods use the 

bias observed from the previous days at a particular time. While mean subtraction 

adds the averaged temporal bias to the forecast (Mckeen et al., 2005; Monteiro et al., 

2013; Wilczak et al., 2006), multiplicative correction adjusts the forecast by 

multiplying a ratio (Borrego et al., 2011; McKeen et al., 2005; Monteiro et al., 2013). 

And the hybrid forecast, which is a special case of additive correction, uses the bias 

detected from the previous day only (Neal et al., 2014; Silibelo et al., 2015). For 

Model Output Statistics, a correction model based on linear regression is generated 

between the measured pollutant concentration and the forecast (Monteiro et al., 2013) 

or a set of independent variables such as meteorlogical measurements (with their 

respective parameters) (Konovlav et al., 2009; Struzewska, Kaminski, and Jefimow, 

2016), and is applied to the posterior processing after trained with historical data. The 

Kalman filter is a recursive, adaptive linear model, which estimates the bias at every 

run, based on the previous estimates and the recent air quality measurement (Borrego 

et al., 2011; Ridder et al., 2012). 

It is notable that in the studies using the MOS correction mentioned above, both 

Konovlav et al. (2009) and Struzewska et al. (2016) have chosen an inclusive set of 
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independent variables that contains multiple meteorological measurements to build up 

the linear model. Konovlav et al. (2009) adopted pollutant concentration, air 

temperature in the lowest model layer, wind speed in the lowest model layer, 

temperature inversion, taken as the difference between two lowest model layers, and 

the precipitation rate in their correction implemented with least squares. And in the 

study by Struzewska et al. (2016), seven meteorological parameters were employed in 

the configuration. Meanwhile, in the studies with the Kalman filter involved, Borrego 

et al. (2011) used past ground-based measurements and simulated data at each 

monitoring site to adjust the temporal forecasts; Ridder et al. (2012) also implemented 

the correction with a simple parameter selection. Therefore, it is necessary to conduct 

both methods with a set of comprehensive variables to examine and compare the 

robustness of two correction measures. Under the scenario, by comparing the results 

from the two ways of correction which are typical non-adaptive (offline) and adaptive 

(online) correction measures, we can also seek to verify the time-varying character of 

the deterministic forecasting system. 

 

1.2 Objective of the study 

The aim of the study is to: 

(1) Conduct the non-adaptive (offline) and adaptive (online) corrections on the 

particulate matters (PM) raw forecasts generated by the deterministic air quality 

forecasting system WRF-CAMx, by implementing the ordinary least squares method 

and Kalman filter algorithm; 

(2) Compare between the offline and online bias corrections results to identify the 

efficacy of the two correction methods and whether the air quality system within the 

selected study region is time-varying. 
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1.3 Research method and tools 

The methods adopted for non-adaptive (offline) and adaptive (online) bias correction 

are, respectively, the ordinary least squares (OLS) and the Kalman filter, as 

implemented through MATLAB version R2016b. The comparison between the results 

after two ways of correction was conducted by comparing the performance indicators 

numerically, and visualizing the data into graphical plots. 

The PM concentration forecasts (raw data) and other meteorological data are provided 

by Mr. Diogo Lopes, generated using WRF-CAMx, within the simulated domain 

shown in the picture below. 

Figure 1.3.1: Simulated domain (Lopes et al., 2017) 

 

 

1.4 Introduction to WRF-CAMx 

As a deterministic air quality forecasting model, WRF-CAMx is the combination of 

Advanced Research Weather Research and Forecasting Model (WRF-ARW) and 

Comprehensive Air Quality Model with Extensions (CAMx) (Lopes et al., 2016). 

WRF-ARW is a numerical weather predicting system generating atmospheric data 

using measurements or idealized conditions constructed upon a course domain and 
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several nested domain. CAMx is a gridded, regional photochemical dispersion model 

that can form integrated assessments of air pollution within troposphere under 

meteorological inputs from the weather prediction model, which is WRF in this case. 

 

1.5 Study region and period 

The selected study region is Pearl River Delta (PRD) Region, in which Macau is 

located. The region includes nine cities in Mainland China, and two Special 

Administrative Regions (SAR), namely Hong Kong and Macau. 

To conduct bias correction and comparison of the results, the raw forecast generated 

by WRF-CAMx, meteorological condition simulated by WRF, and measured PM 

concentrations at 20 stations within PRD Region were gathered. Figure 1.5.1 gives a 

brief view of locations of the 20 stations shown on ArcGIS, with each station marked 

by black dots and its code name labeled. Table 1.5.1 below provides the general 

information of the involved stations. 

Due to the availability of raw forecast data, the study period is the entire January 

(from January 1 to 31) in 2014. 
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Figure 1.5.1: Selected study region and monitoring stations 

 

 

Table 1.5.1: General information of monitoring stations 

Code name of the station Longitude and latitude City subordinate to 

1349A 23.11, 113.43 Guangzhou 

1354A 23.16, 113.28 Guangzhou 

1361A 22.73, 114.24 Shenzhen 

1363A 22.54, 114.49 Shenzhen 

1367A 22.26, 113.57 Zhuhai 

1369A 22.43, 113.63 Zhuhai 

1372A 22.04, 113.11 Foshan 

1375A 22.76, 113.26 Foshan 

1381A 22.51, 113.41 Zhongshan 
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1383A 22.61, 113.1 Jiangmen 

1385A 22.53, 113.02 Jiangmen 

1388A 22.03, 113.75 Dongguan 

1395A 22.82, 114.32 Huizhou 

1396A 22.74, 114.53 Huizhou 

1695A 22.79, 115.36 Shanwei 

1697A 23.76, 114.69 Heyuan 

1703A 23.71, 113.02 Qingyuan 

KT 22.31, 114.22 Hong Kong 

TAP 22.45, 114.16 Hong Kong 

TG 22.20, 113.54 Macau 

 

1.6 Targeted pollutants 

In this project, the selected pollutant forecasts simulated the hourly concentration of 

particulate matters with diameter under 10 μm and 2.5 μm, commonly called as PM10 

and PM2.5. The reasons to target on PM are: 

(1) According to the study on air qualities within PRD Region conducted by Lopes et 

al. (2016), PM2.5 has been the critical local pollutant during the analyzed year of 2014, 

“with 1-62 (0.3-17%) exceedances of daily limit (75 μg m-3)” (Lopes et al., 2016, 

p.796) among the 43 monitoring stations. Specially, three out of the four monitoring 

stations in Macau had recorded the exceedances of annual limit (35 μg m-3). 

Meanwhile, the times of PM10 exceedances of daily limit (150μg m-3) were observed 

as 0-25 (0-6.8%), which also implies the certain need of attention. 

(2) PMs are known for their adverse effects on health and especially cardiovascular 

and respiratory systems. They also leave a harmful impact on the ecosystem. 

Thus, finding a more effective way of bias correction on PM forecasts through 

comparison is significant due to the above reasons. 



 

8 

 

CHAPTER 2 LITERATURE REVIEW 

2.1 The ordinary least squares (OLS) method 

In Linear Models: Least Squares and Alternatives, Second Edition (Rao & Toutenburg, 

1999), the normal equation is described as: 

                                                                                                                (2.1) 

where X is a vector of  independent variables ( , …, ),  is the dependent 

variable related to X, and , which comes from the set B of all possible 

vectors  and minimizes the sum of squared residuals: 

                                                                                       (2.2) 

For X of full rank K, the unique solution of the normal equation Eq. (2.1) is: 

                                                                                                        (2.3) 

 

2.2 The Kalman filter algorithm 

According to Kalman and Bucy (1961), for a model with information process given by 

a linear system under the excitation of white noise, the time-varying gains of the 

optimal filter can be represented in terms of the error variances, with an additive white 

noise included in the every recorded signal. Figure 2.2.1 by Welch and Bishop (2001) 

in the next page generally shows how the Kalman filter is operated for a linear system. 

In the equations of the algorithm listed in the figure,  is the state to be estimated and 

can be described by: 

                                                                                         (2.4) 

The measurement at each loop is: 

                                                                                                         (2.5) 
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where  and  are the process and measurement noise which are independent from 

each other, following normal probability distribution;  is the relationship between the 

 at present and at the following step without the presence of leading function nor  

(process noise at the kth step);  links  to the control input ;  links  to the 

measurement  at the current step. 

For the rest of parameters:  is the estimated error covariance;  is the measured 

error covariance matrix, and  is the process noise, both of which can be preselected 

before running the filter. 

 

Figure 2.2.1: The operation process of the Kalman filter (Welch and Bishop, 2001) 
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CHAPTER 3 METHODOLOGY 

3.1 Non-adaptive (offline) bias correction 

In a study on the comparison of bias correction on WRF-EURAD system, Hoi et al. 

(2016) suggested that the non-adaptive (also called offline) correction model for the 

forecast is described by series of proposed variables and fixed, uncertain model 

coefficients: 

                                                   (3.1) 

of which in this case, for the correction on WRF-CAMx forecast, zk represents 

measured hourly PM concentration; , , …,  are model coefficients;  is the 

residual between the forecast after correction and the concentrations measured at 

monitoring stations, which follows Gaussian distribution with the standard deviation 

 averaging zero. , , …,  are a batch of variables containing raw forecast 

and meteorological parameters detailed in the following table. 

 

Table 3.1.1 Input variables proposed 

Input variable Description 

 Gridded forecast of the hourly PM (PM10 or PM2.5) concentration on the kth 

hour by  WRF-CAMx at  a certain station 

 Hourly temperature on the kth hour 

 Hourly relative humidity on the kth hour 

 Hourly Planetary boundary layer on the kth hour 

 Hourly eastward ( ; E-W) wind speed  on the kth hour 

 Hourly northward ( ; N-S) wind speed  on the kth hour 

 Hourly atmospheric pressure on the kth hour 
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Notably, for input variables , …, , only meteorological conditions were 

enclosed. The reasons are: 

(1) Due to the limited availability (or efficiency) of pollutant concentration 

measurement, including measurement data as input variables may result the adaptive 

(online) correction loop in the following section failing to continue. Therefore, to keep 

the accordance and to further compare the results with data corrected under the same 

set of parameters, measurements were excluded from the offline correction part. 

(2) As CAMx generates forecasts with meteorological simulations by WRF, it is 

probable to utilize the same kind of parameters at the correction step, while the 

selection of parameters is not within the scope of this study. 

 

For the algorithm of non-adaptive bias correction, the principle of OLS was employed. 

The optimal estimates , , …,  of the model coefficients , , …, are given 

as the following: 

                                                                                                    (3.2) 

where  represents a matrix of the optimal estimates of uncertain coefficients 

according to maximum likelihood criterion.  is the matrix of input variables with 

corresponding values utilized for the forecast on the kth day contained in its each row: 

                                                                                               (3.3) 

and z  is a vector of the training data [z1, …, zN]T set for the purpose of obtaining 

reasonable model coefficients for the correction posterior or at present time. For this 

case, the latter scenario has been adopted. 
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The correction procedure was gone through under the supplement of MATLAB. 

Obtained model coefficients were recorded for online bias correction detailed in the 

following section. 

 

3.2 Adaptive (online) bias correction 

From the study mentioned in the last section, the adaptive (or so-called online) 

correction model is described in a form similar to the offline model, with a k added in 

every subscript to show the time-varying character: 

                                         (3.4) 

where the input variables , , …,  follow the descriptions in Table 3.1.1. 

Since the online model has a time-varying assumption, each uncertain model 

coefficient is expressed as: 

                                                                             (3.5) 

where  is a perturbation on the (k-1)th day to the coefficient . It follows 

Gaussian independent and identically distributed process with the standard deviation 

 averaging zero. 

Rewrite the above equation into vector form: 

                                                                                                      (3.6) 

On the kth day, the parameters  are predicted adaptively with the Kalman filter 

algorithm (Kaman, 1960; Kalman and Bucy, 1961). The parameter vector is related to 

the previous air quality measurements zk-1 till the (k-1)th days, and are thus given by 

the estimate : 

                                                                                                                  (3.7) 

The covariance matrix  describes the uncertainties of the coefficients by prediction: 

                                                                                                        (3.8) 
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where  and  are the covariance matrix of  and , respectively, given 

the previous air quality measurements zk-1. 

The Kalman filter gain matrix is expressed as the following: 

                                                                                  (3.9) 

where , the input variable vector for the prediction on 

the kth day. 

The posterior coefficients on the kth day are then estimated with available latest 

measurements zk: 

                                                                                     (3.10) 

with the estimated covariance matrix  given as: 

                                                                                                (3.11) 

 and  obtained from the equations above will be involved in the forecast for the 

(k+1)th day. 

The correction was conducted by exploiting MATLAB with a “for” loop. 

 

Notably, at the beginning of the correction loop,  is unknown. To facilitate the 

adaptive process and thus a better correction performance, the initial  (i.e. ) 

was set to be of the same value as the optimal estimation  of model coefficients. For 

the covariance matrix  for model coefficients , a diagonal matrix with numbers 

of 100, 10, 10, 10, 10, 10, 10, 10 on the diagonal line was assigned in this project. , 

which is the covariance matrix of the perturbation (i.e. noise) of model coefficients, 

was set as a diagonal matrix with the square of 1/10 the individual coefficient on its 

diagonal line.  in Eq. (3.9) was assigned the value of  the square of RMSE of the 

offline correction results. 
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3.3 Indicators assessing system performance 

The indicators commonly used to evaluate the system performance are listed below: 

3.3.1 Root-mean-squared error (RMSE) 

                                                                                     (3.12) 

where  is the air quality measurement, and  is the prediction by the system. 

3.3.2 Normalized root-mean squared error (NRMSE) 

                                                                                                       (3.13) 

where  represents the average of a group of values, which are raw forecast or 

corrected data (by either offline or online method) in this case. The introduction of 

NRMSE is for clearer comparisons of the data by transforming them in to a 

dimensionless form. 

3.3.3 Correlation coefficient (r) 

                                                                                     (3.14) 

To suggest for a model with better performance, a higher value of r, and lower values 

of RMSE and NRMSE should be achieved. 
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CHAPTER 4 OUTCOMES AND COMPARISONS 

4.1 Graphical comparison between the raw forecast by WRF-CAMx and the 

corrected results 

4.1.1 Plots of time history 

To visualize the system performance before and after implementing bias correction, 

the histories of raw and corrected forecasts were together fitted into line charts, with 

the hourly pollutant concentration versus time. 

Taking the PM2.5 history at monitoring station TG (TG is the abbreviation of Taipa 

Grande; it is the only station located in Macau SAR among the twenty) as an example, 

Figure 4.1.1 shows the evolution of pollutant history for the month January. The line 

in black represents the onsite measurement at the station; the line in rose red shows 

the values of WRF-CAMx generated forecast (which displays certain biases); green 

line means the results after non-adaptive (offline) bias correction; blue line is the 

results after adaptive (online) bias correction. From the chart, it can be observed that: 

(1) The deterministic model WRF-CAMx tends to underestimate the pollutant 

concentration. 

(2) Both non-adaptive (offline) and adaptive (online) bias correction can improve the 

system performance. 

(3) Comparing to non-adaptive (offline) correction, adaptive (online) correction gives 

a more precise estimation of pollutant concentration, and better estimates the pollution 

episode. 

Same findings have been found upon the other time history plots (Figure 4.1.2 to 

Figure 4.1.12, as followed) of the rest 19 monitoring stations regarding both PM2.5 and 

PM10 concentrations. 
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Figure 4.1.1: Time history of PM2.5 concentration at station TG 
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Figure 4.1.2: Time history of PM2.5 concentration at station 1349A, 1354A, 1361A, 1363A 
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Figure 4.1.3: Time history of PM2.5 concentration at station 1367A, 1369A, 1372A, 1375A 
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Figure 4.1.4: Time history of PM2.5 concentration at station 1381A, 1383A, 1385A, 1388A 
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Figure 4.1.5: Time history of PM2.5 concentration at station 1395A, 1396A, 1695A, 1697A 
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Figure 4.1.6: Time history of PM2.5 concentration at station 1703A, KT, TAP, TG 
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Figure 4.1.7: Time history of PM10 concentration at station 1349A, 1354A, 1361A, 1363A 
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Figure 4.1.8: Time history of PM10 concentration at station 1367A, 1369A, 1372A, 1375A 
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Figure 4.1.9: Time history of PM10 concentration at station 1381A, 1383A, 1385A, 1388A 

 



 

25 

 

Figure 4.1.10: Time history of PM10 concentration at station 1395A, 1396A, 1695A, 1697A 

 

In this figure, the sharp downfalls at three stations at the end of January are due to the missing of measurement data. 
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Figure 4.1.11: Time history of PM10 concentration at station 1703A, KT, TAP, TG 
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4.1.2 Scatter plots 

Scatter plots, with the amassment of a series of discrete points, intuitively suggests for 

the correlation and consistency between the variables represented by x and y axes. In 

this section, scatter plots of all the stations for both pollutant scenarios (PM2.5 and 

PM10) are provided to show the efficacy of two bias correction methods (especially 

the adaptive one). The measured concentration serves as the y coordinates, while 

forecast by WRF-CAMx, non-adaptive (offline) correction and adaptive (online) 

correction are marked as x coordinates, respectively. The points may appear more 

scarce or dense in different plots, confined by the availability of onsite measurement 

data at stations. 
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Figure 4.2.1: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1349A 
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Figure 4.2.2: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1354A 
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Figure 4.2.3: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1361A 
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Figure 4.2.4: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1363A 
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Figure 4.2.5: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1367A 
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Figure 4.2.6: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1369A 
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Figure 4.2.7: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1372A 
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Figure 4.2.8: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1375A 
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Figure 4.2.9: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1381A 
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Figure 4.2.10: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1383A 
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Figure 4.2.11: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1385A 
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Figure 4.2.12: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1388A 
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Figure 4.2.13: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1395A 
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Figure 4.2.14: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1396A 
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Figure 4.2.15: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1695A 
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Figure 4.2.16: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1697A 
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Figure 4.2.17: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station 1703A 
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Figure 4.2.18: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station KT 
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Figure 4.2.19: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station TAP 
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Figure 4.2.20: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM2.5 at station TG 
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Scatter plots of PM10 measurements versus raw forecast and corrected forecasts: 

 

Figure 4.2.21: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1349A 
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Figure 4.2.22: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1354A 
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Figure 4.2.23: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1361A 

 



 

51 

 

 

Figure 4.2.24: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1363A 
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Figure 4.2.25: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1367A 
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Figure 4.2.26: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1369A 
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Figure 4.2.27: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1372A 
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Figure 4.2.28: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1375A 
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Figure 4.2.29: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1381A 
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Figure 4.2.30: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1383A 
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Figure 4.2.31: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1385A 
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Figure 4.2.32: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1388A 

 



 

60 

 

 

Figure 4.2.33: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1395A 
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Figure 4.2.34: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1396A 
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Figure 4.2.35: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1695A 
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Figure 4.2.36: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1697A 
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Figure 4.2.37: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station 1703A 
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Figure 4.2.38: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station KT 

 



 

66 

 

 

Figure 4.2.39: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station TAP 
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Figure 4.2.40: Scatter plot of measurement against WRF-CAMx, offline and online bias corrected forecasts for PM10 at station TG 
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4.2 Numerical comparison by indicators between the raw forecast by WRF-

CAMx and the corrected results 

4.2.1 Comparison with RMSE and NRMSE 

RMSE and NRMSE values for PM2.5 and PM10 forecasts before and after bias 

correction are calculated by Eq. (3.12) and Eq. (3.13), and listed in the following 

tables. 

 

Table 4.2.1: RMSE and NRMSE of PM2.5 forecasts before and after bias correction 

Station 

Raw forecast After offline correction After online correction 

RMSE Avg. NRMSE RMSE Avg. NRMSE RMSE Avg. NRMSE 

1349A 54.30 44.92 1.21 34.59 82.90 0.42 15.32 83.43 0.18 

1354A 50.88 54.01 0.94 31.29 89.61 0.35 14.92 89.48 0.17 

1361A 39.98 35.39 1.13 24.14 66.33 0.36 10.62 66.05 0.16 

1363A 36.12 29.51 1.22 23.76 54.62 0.44 18.66 53.78 0.35 

1367A 42.30 35.81 1.18 24.42 66.73 0.37 11.00 66.45 0.17 

1369A 49.98 33.73 1.48 27.39 70.27 0.39 15.84 79.02 0.20 

1372A 71.97 56.16 1.28 39.73 117.21 0.34 20.44 105.50 0.19 

1375A 49.20 49.17 1.00 34.77 79.16 0.44 16.57 79.61 0.21 

1381A 41.01 42.64 0.96 27.43 63.00 0.44 14.08 62.68 0.22 

1383A 59.84 47.48 1.26 36.95 86.09 0.43 18.40 85.78 0.21 

1385A 40.19 46.90 0.86 26.89 66.75 0.40 12.41 66.66 0.19 

1388A 56.19 43.05 1.31 35.26 84.11 0.42 16.64 83.83 0.20 

1395A 47.71 37.71 1.27 33.66 70.62 0.48 17.32 69.15 0.25 

1396A 38.13 32.33 1.18 23.67 61.10 0.39 9.75 59.95 0.16 

1695A 45.84 28.90 1.59 30.05 61.67 0.49 18.67 61.66 0.30 

1697A 54.44 30.86 1.76 28.64 74.65 0.38 14.73 74.64 0.20 

1703A 67.48 47.29 1.43 36.24 93.30 0.39 21.35 92.85 0.23 

KT 32.70 32.46 1.01 20.73 56.27 0.37 8.85 56.26 0.16 

TAP 31.28 29.96 1.04 17.89 53.42 0.33 7.46 53.39 0.14 

TG 40.47 33.68 1.20 24.00 62.47 0.38 12.31 63.04 0.20 
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Table 4.2.2: RMSE and NRMSE of PM10 forecasts before and after bias correction 

Station 

Raw forecast After offline correction After online correction 

RMSE Avg. NRMSE RMSE Avg. NRMSE RMSE Avg. NRMSE 

1349A 82.58 50.98 1.62 49.76 112.46 0.44 28.74 113.72 0.25 

1354A 82.64 62.07 1.33 37.30 130.96 0.28 20.56 125.27 0.16 

1361A 72.31 37.96 1.90 35.39 97.35 0.36 28.05 93.23 0.30 

1363A 58.34 30.89 1.89 28.70 79.24 0.36 21.82 78.28 0.28 

1367A 67.96 37.30 1.82 35.27 91.09 0.39 27.98 91.08 0.31 

1369A 89.51 37.69 2.38 46.27 102.97 0.45 44.83 119.73 0.37 

1372A 141.63 62.68 2.26 56.55 196.50 0.29 35.24 178.82 0.20 

1375A 89.97 54.13 1.66 52.49 121.68 0.43 25.19 120.44 0.21 

1381A 60.21 46.72 1.29 34.00 87.73 0.39 22.44 81.62 0.27 

1383A 125.64 50.54 2.49 58.65 153.72 0.38 29.80 153.70 0.19 

1385A 62.42 48.93 1.28 36.48 92.54 0.39 20.11 91.44 0.22 

1388A 76.24 48.94 1.56 41.30 108.75 0.38 18.69 106.14 0.18 

1395A 59.67 43.56 1.37 32.61 90.53 0.36 19.43 97.65 0.20 

1396A 76.63 36.11 2.12 37.50 101.04 0.37 21.37 99.96 0.21 

1695A 66.88 29.87 2.24 36.96 85.33 0.43 21.32 83.95 0.25 

1697A 90.05 32.45 2.78 41.80 109.98 0.38 25.43 109.51 0.23 

1703A 77.64 52.84 1.47 40.91 110.64 0.37 29.94 109.91 0.27 

KT 64.37 33.75 1.91 29.90 88.36 0.34 11.76 88.39 0.13 

TAP 61.59 30.82 2.00 26.18 83.17 0.31 11.36 83.23 0.14 

TG 74.20 34.44 2.15 32.94 96.66 0.34 15.53 97.30 0.16 

 

From the table, smaller values of RMSE and NRMSE are observed for corrected data. 

The percentage less of NRMSE indicator is shown in Table 4.2.3 and Table 4.2.4, 

which indicates the order of system with better performance to be: forecasts corrected 

by adaptive (online) method > forecasts corrected by non-adaptive (offline) method > 

raw forecast generated by WRF-CAMx. 
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Table 4.2.3: Comparison between NRMSE of raw and corrected PM2.5 forecasts 

Station 

Offline vs. Raw Online vs. Raw Online vs. Offline 

Difference 
Percentage 

less 
Difference 

Percentage 

less 
Difference 

Percentage 

less 

1349A 0.79 65.47% 1.03 84.81% 0.23 55.99% 

1354A 0.59 62.93% 0.78 82.30% 0.18 52.26% 

1361A 0.77 67.77% 0.97 85.77% 0.20 55.83% 

1363A 0.79 64.46% 0.88 71.65% 0.09 20.23% 

1367A 0.82 69.03% 1.02 85.99% 0.20 54.77% 

1369A 1.09 73.70% 1.28 86.48% 0.19 48.58% 

1372A 0.94 73.56% 1.09 84.89% 0.15 42.85% 

1375A 0.56 56.11% 0.79 79.20% 0.23 52.62% 

1381A 0.53 54.74% 0.74 76.65% 0.21 48.41% 

1383A 0.83 65.94% 1.05 82.98% 0.21 50.03% 

1385A 0.45 52.98% 0.67 78.28% 0.22 53.79% 

1388A 0.89 67.89% 1.11 84.79% 0.22 52.65% 

1395A 0.79 62.33% 1.01 80.21% 0.23 47.46% 

1396A 0.79 67.16% 1.02 86.22% 0.22 58.02% 

1695A 1.10 69.27% 1.28 80.90% 0.18 37.85% 

1697A 1.38 78.25% 1.57 88.81% 0.19 48.57% 

1703A 1.04 72.78% 1.20 83.88% 0.16 40.80% 

KT 0.64 63.43% 0.85 84.39% 0.21 57.33% 

TAP 0.71 67.92% 0.90 86.61% 0.20 58.25% 

TG 0.82 68.02% 1.01 83.75% 0.19 49.19% 

 

Table 4.2.4: Comparison between NRMSE of raw and corrected PM10 forecasts 

Station 

Offline vs. Raw Online vs. Raw Online vs. Offline 

Difference 
Percentage 

less 
Difference 

Percentage 

less 
Difference 

Percentage 

less 

1349A 1.18 -72.68% 1.37 -84.40% 0.19 -42.89% 

1354A 1.05 78.61% 1.17 87.67% 0.12 42.38% 

1361A 1.54 80.91% 1.60 84.20% 0.06 17.24% 

1363A 1.53 80.82% 1.61 85.24% 0.08 23.02% 
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1367A 1.43 78.75% 1.51 83.14% 0.08 20.66% 

1369A 1.93 81.08% 2.00 84.24% 0.07 16.68% 

1372A 1.97 87.26% 2.06 91.28% 0.09 31.53% 

1375A 1.23 74.05% 1.45 87.42% 0.22 51.51% 

1381A 0.90 69.93% 1.01 78.67% 0.11 29.06% 

1383A 2.10 84.65% 2.29 92.20% 0.19 49.19% 

1385A 0.88 69.10% 1.06 82.76% 0.17 44.23% 

1388A 1.18 75.62% 1.38 88.70% 0.20 53.63% 

1395A 1.01 73.70% 1.17 85.47% 0.16 44.77% 

1396A 1.75 82.51% 1.91 89.93% 0.16 42.42% 

1695A 1.81 80.66% 1.99 88.66% 0.18 41.37% 

1697A 2.40 86.30% 2.54 91.63% 0.15 38.91% 

1703A 1.10 74.84% 1.20 81.46% 0.10 26.31% 

KT 1.57 82.26% 1.77 93.03% 0.21 60.68% 

TAP 1.68 84.25% 1.86 93.17% 0.18 56.63% 

TG 1.81 84.18% 1.99 92.59% 0.18 53.18% 

 

Comparing to original PM2.5 forecast, that corrected by non-adaptive (offline) and 

adaptive (online) methods have 66.19% and 82.93% reductions of NRMSE on average. 

Adaptively corrected results have the NRMSE value averaged 49.27% smaller than 

non-adaptively corrected results. For PM10 raw and corrected forecast, the average 

lessening on NRMSE are 79.11% for non-adaptive correction and 87.29% for adaptive 

correction. The adaptively corrected results have the NRMSE 39.31% smaller than 

non-adaptively corrected ones on average. These numbers all suggest for the efficacy 

of two bias correction approaches, particularly the adaptive (online) approach. 

4.2.2 Comparison with r 

Correlation coefficients for PM2.5 and PM10 forecasts before and after bias correction 

are calculated by Eq. (3.14). Tables below show the calculated r values of raw and 

corrected forecasts against PM measurements at each station, as well as the 

comparison (by percentage increase). 
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Table 4.3.5: r of raw and corrected PM2.5 forecasts against onsite measurements 

Station Raw Offline Online 
Offline vs. 

Raw 
Online vs. 

Raw 
Online vs. 

Offline 

1349A 0.310 0.450 0.922 45.26% 197.42% 104.75% 

1354A 0.279 0.448 0.910 60.38% 225.59% 103.01% 

1361A 0.314 0.483 0.927 53.66% 195.22% 92.12% 

1361A 0.431 0.572 0.795 32.56% 84.32% 39.05% 

1367A 0.361 0.584 0.934 61.70% 158.63% 59.94% 

1369A 0.410 0.634 0.901 54.65% 119.65% 42.04% 

1372A 0.351 0.634 0.921 80.47% 162.17% 45.27% 

1375A 0.280 0.389 0.904 38.72% 222.73% 132.65% 

1381A 0.102 0.444 0.898 334.31% 777.42% 102.03% 

1383A 0.066 0.397 0.899 501.67% 1262.73% 126.49% 

1385A 0.045 0.415 0.915 818.58% 1925.00% 120.45% 

1388A 0.237 0.435 0.907 83.63% 282.74% 108.43% 

1395A 0.316 0.377 0.884 19.24% 179.62% 134.50% 

1396A 0.392 0.454 0.932 15.99% 137.97% 105.17% 

1695A 0.291 0.449 0.848 54.35% 191.37% 88.78% 

1697A 0.139 0.399 0.886 186.08% 535.72% 122.22% 

1703A 0.006 0.630 0.896 9896.83% 14117.46% 42.22% 

KT 0.500 0.601 0.943 20.19% 88.66% 56.97% 

TAP 0.562 0.699 0.956 24.43% 70.12% 36.72% 

TG 0.358 0.583 0.915 62.56% 155.30% 57.05% 

 

Table 4.3.6: r of raw and corrected PM10 forecasts against onsite measurements 

Station Raw Offline Online 
Offline vs. 

Raw 
Online vs. 

Raw 

Online 

vs. 

Offline 

1349A 0.2882 0.3866 0.8581 34.14% 197.74% 121.96% 

1354A 0.1539 0.3332 0.8654 116.50% 462.31% 159.72% 

1361A 0.3161 0.5141 0.7769 62.64% 145.78% 51.12% 

1361A 0.3884 0.5969 0.816 53.68% 110.09% 36.71% 

1367A 0.296 0.5452 0.7831 84.19% 164.56% 43.64% 

1369A 0.192 0.6002 0.6955 212.60% 262.24% 15.88% 

1372A 0.4136 0.6912 0.9012 67.12% 117.89% 30.38% 
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1375A 0.1599 0.3722 0.9023 132.77% 464.29% 142.42% 

1381A 0.1375 0.5426 0.8544 294.62% 521.38% 57.46% 

1383A -0.0525 0.4304 0.899 -919.81% -1812.38% 108.88% 

1385A -0.0007 0.3731 0.8743 -53100.17% -124297.40% 134.33% 

1388A 0.1992 0.4475 0.9182 124.65% 360.94% 105.18% 

1395A 0.2564 0.4386 0.8563 71.06% 233.97% 95.23% 

1396A 0.2308 0.4273 0.8672 85.14% 275.74% 102.95% 

1695A 0.3279 0.4221 0.8602 28.73% 162.34% 103.79% 

1697A 0.1628 0.4129 0.8466 153.62% 420.02% 105.04% 

1703A 0.0216 0.6133 0.8366 2739.35% 3773.15% 36.41% 

KT 0.3782 0.5867 0.9501 55.13% 151.22% 61.94% 

TAP 0.4585 0.6944 0.952 51.45% 107.63% 37.10% 

TG 0.2406 0.5817 0.928 141.77% 285.70% 59.53% 

 

Comparing to the raw PM forecasts, data corrected by non-adaptive (offline) and 

adaptive (online) correction methods have higher values of correlation coefficient, 

thus are more correlated with and linearly dependent on measurements. Adaptively 

corrected data shows a better correlation against measurements, comparing to data 

corrected by the non-adaptive approach. 
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CHAPTER 5 CONCLUSIONS 

5.1 Comment on the performance 

This study has proved the robustness of the use of bias correction (especially the 

adaptive bias correction). From the graphical and numerical comparison, we can see 

that the non-adaptive (offline) and adaptive (online) bias corrections implemented on 

raw WRF-CAMx forecast are effective, among which the adaptive (online) correction 

gave a superior result. Both approaches significantly reduced the RMSE (hence reduce 

the NRMSE), and build a stronger correlation to the measurement concentration, 

comparing to the original forecast (which tends to underestimate the pollutant 

concentrations). The results successfully verified the efficacy of the both bias 

correction methods, and suggested for the time-varying characteristic of the 

deterministic WRF-CAMx forecast model. 

 

5.2 Future work 

As observed in the results, during the study period, WRF-CAMx generally 

underestimated the PM concentrations. Meanwhile, apart from PM, Pearl River Delta 

Region has also been experiencing the exceedances of other pollutants, such as O3 and 

NO2. For example, in 2014, 75% monitoring stations in Macau recorded NO2 

concentration beyond the annual limit (Lopes et al., 2016). Therefore, more study is 

recommended to be conducted regarding these issues, to further discuss whether the 

system tends to underestimate concentrations of different pollutants during a longer 

period. What is more, future work can be done on investigating the correction model’s 

ability to detect pollution episodes, which could not be carried out due to the 

unavailability of relative standards on hourly PM limit. 
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APPENDIX: MAIN PROGRAM 

1. Main body of the MATLAB code for non-adaptive (offline) bias correction: 

All0 = xlsread(filename,1,'A2:H745','basic'); 

d=isnan(All0); 

id1=find(d==0); 

zeroindex = find(id1==0); 

numnan = length(zeroindex); 

All = rmmissing(All0,'MinNumMissing',1); 

z1 = All(:,8); 

All(:,8) = []; 

phi0 = All; 

A = ones(size(phi0,1),1); 

phi = [A phi0]; 

theta = inv(phi'*phi)*phi'*z1; 

 

phiAll0 = xlsread(filename,1,'A2:G745','basic'); 

B = ones(size(phiAll0,1),1); 

phiAll = [B phiAll0]; 

zk = phiAll*theta; 

 

2. Main body of the MATLAB code for adaptive (online) bias correction: 

for n = 1:744 

    thetaf = thetaa; 

    thetahistory(:,n)=thetaf; 
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    pf = pa + sigmaF; 

    Xk = phi(n,:)'; 

    Kk = pf*Xk*(sigman2+Xk'*pf*Xk)^-1; 

    zk(n) = Xk'*thetaf; 

    if isnan(z(n)) ~= 1 

      thetaa = thetaf+Kk*(z(n)-Xk'*thetaf);    

      pa = (eye(size(phi,2))-Kk*Xk')*pf; 

    else 

      thetaa = thetaf;  

      pa = pf; 

    end 

    

end 

 


