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Abstract

:

The retrieval of the extinction coefficients of aerosols and clouds without assumptions is the most important advantage of the high-spectral-resolution lidar (HSRL). The standard method to retrieve the extinction coefficient from HSRL signals depends heavily on the signal-to-noise ratio (SNR). In this work, an iterative image reconstruction (IIR) method is proposed for the retrieval of the aerosol extinction coefficient based on HSRL data, this proposed method manages to minimize the difference between the reconstructed and raw signals based on reasonable estimates of the lidar ratio. To avoid the ill-posed solution, a regularization method is adopted to reconstruct the lidar signals in the IIR method. The results from Monte-Carlo (MC) simulations applying both standard and IIR methods are compared and these comparisons demonstrate that the extinction coefficient and the lidar ratio retrieved by the IIR method have smaller root mean square error (RMSE) and relative bias values than the standard method. A case study of measurements made by Zhejiang University (ZJU) HSRL is presented, and their results show that the IIR method not only obtains a finer structure of the aerosol layer under the condition of low SNR, but it is also able to retrieve more reasonable values of the lidar ratio.
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1. Introduction


Accurate measurements of atmospheric aerosol properties are essential to the study of climate change, since aerosols affect the Earth’s climate system by scattering and absorbing solar radiation, as well as influencing the cloud properties [1]. The lidar technique is widely recognized as an important tool for remote sensing, which can provide the vertical distribution of aerosols and clouds [2]. However, the requirement for a priori assumptions of the lidar ratio in the retrieval of aerosol optical properties limits the accuracy of elastic backscatter lidars [3,4,5]. Raman Lidar permits the independent measurement of aerosol extinction coefficient and backscatter coefficient by detecting the elastic and Raman scattering signals, but it is mainly used during nighttime because of the large background radiation in daytime [6]. High-spectral-resolution lidar (HSRL) takes advantage of the different spectral broadening of Mie scattering and Cabannes-Brillouin scattering to discriminate aerosol returns from molecular returns with a spectral discriminator. Therefore, the aerosol backscatter coefficient and extinction coefficient can be retrieved directly in HSRL [6,7,8].



The intensity of lidar signals attenuate inversely as the square of the distance. The signal-to-noise (SNR) of the lidar signals is affected by the solar background light and the noise of the acquisition circuit [9,10]. The SNR decreases dramatically with the increase of the detection distance, and to retrieve the aerosol extinction coefficient accurately, the standard method in HSRL requires sufficient SNR [11]. The molecular channel in HSRL, which eliminates Mie scattering by the spectral discrimination filter, has a lower signal intensity. In addition, the standard method based on the numerical derivative makes the retrieval process extremely sensitive to the SNR, which greatly affects the accuracy of the aerosol extinction coefficient in HSRL [12].



In order to obtain aerosol optical properties accurately, various methods have been used to improve the SNR of the lidar signals, such as the application of wavelet transform (WT) filter, ensemble Kalman filter, empirical mode decomposition (EMD) approach, and adaptive filter [13,14,15,16]. These methods employ the low-pass filters at the lidar signals across the temporal and spatial axes, which is beneficial to the retrieval of optical properties. However, the low-pass filters improve the SNR of the lidar signal only to a certain extent. Since the retrieval of aerosol extinction coefficient is sensitive to noise, Pappalardo et al. [17] introduced different algorithms for aerosol extinction and backscatter retrieval in the European Aerosol Research Lidar Network (EARLINET). Esselborn et al. [18] used a first-order Savitzky-Golay (SG) filter to perform sliding window fitting on the optical thickness, which suppressed fluctuations in the aerosol extinction coefficient. However, these methods might introduce unnecessary biases when the observations of aerosols and clouds are not spatially uniform. Pornsawad et al. [12] performed an iterative regularization method to retrieve the aerosol extinction coefficient in Raman lidar, which produced a smoother extinction coefficient profile than the sliding linear fitting method under the condition of high SNR with a low temporal and spatial resolution. Marais et al. [19] proposed an approach to simultaneously denoise and invert aerosol backscatter and extinction coefficient in HSRL, which improved the retrieval under the condition of low SNR. Nevertheless, the proposed method is suitable for the photon-limited atmospheric lidar observations and the retrieval of aerosols is affected by the range of the clear-sky region.



In this work, a novel method based on an iterative image reconstruction (IIR) technique is proposed to retrieve the aerosol extinction coefficient in HSRL with improving accuracy under low SNR conditions. For a photomultiplier tube (PMT) operating in the analog detection regime, a previous study had proved that the noise of the lidar signals is the compounded Poisson noise [20]. As the atmospheric conditions are relatively stable in a short period, lidar signals reflecting similar atmospheric conditions are related. Taking advantage of these properties of lidar signals, the IIR method reconstructs the “image” of the “feature” of the lidar signals on the basis of reasonable estimates of the lidar ratio by minimizing the difference between the reconstructed signals with the observations under an appropriate assumption of signal noises. The “feature” is identified with a scattering ratio profile greater than one standard deviation from the expected clear-sky [21]. Using an iterative regularization method to carry out the best optimization estimates of the lidar ratio, the IIR method transforms the ill-posed problem of the numerical derivative into a well-posed problem of the image reconstruction. The IIR method has the potential to retrieve aerosol optical properties reasonably and automatically as well as significantly improve the detection capability of the HSRL under the condition of low SNR.



The remainder of this paper is organized as follows. Section 2 provides an introduction of HSRL principles, the lidar noise distribution model and the methods of aerosol extinction coefficient retrieval, including the standard method and the IIR method. Section 3 shows the Monte-Carlo (MC) simulations for noise analysis. Section 4 presents a case study from the ambient measurements made by the Zhejiang University (ZJU) HSRL system to demonstrate the capabilities of the proposed approach. Section 5 discusses the results obtained. The paper ends with the conclusions in Section 6.




2. Methodology


2.1. The Basic HSRL Theory


The HSRL technique employs a spectral discrimination filter to discriminate aerosol returns from molecular returns and measures the aerosol extinction coefficient and backscatter coefficient independently. Mie scattering from aerosol particles has nearly the same spectral distribution as that of the incident laser pulse, while the molecular Cabannes-Brillouin scattering is broadened by a few GHz due to the effect of Doppler broadening [22,23]. The general HSRL system we considered in this study with only two channels for the sake of simplicity is shown in Figure 1. The laser beam is collimated and expanded by an expander and then passes through the atmosphere. The backscattered signal carrying atmospheric information is received by the telescope and divided into two channels by a beam splitter, which are referred to as the combined channel and molecular channel. With the combined channel, the backscattered lidar signals of both aerosols and molecules are measured. The molecular channel is equipped with a spectral discrimination filter to eliminate the aerosol returns and pass the wings of the molecular spectrum.



The models of the combined channel and molecular channel could be derived from the single-scatter lidar equation [18,24]. For ease of discussion in this study, all parameters will be expressed in a matrix form. Raw data consists of  N  range bins (row axis) and  K  profiles (column axis). The lidar signals can be presented as:


   P C  =  C C  ⋅ (  β a  +  β m  ) ⋅  e  − 2 τ   +  B C   



(1)






   P M  =  C M  ⋅ (  T a  ⋅  β a  +  T m  ⋅  β m  ) ⋅  e  − 2 τ   +  B M   



(2)




where the symbol  ·  indicates that the matrices are multiplied pointwise.   P ∈  ℝ  N × K     represents the received power; the subscripts C and M represent the combined channel and the molecular channel, respectively;   C ∈  ℝ  N × K     is the calibration matrix relative to the system constants, such as the optical efficiency, the sensitivity of detector, the overlap function, the detection range, etc.;   β ∈  ℝ  N × K     is the backscatter coefficient; the subscripts  a  and  m  represent aerosols and molecules, respectively;    T m    and    T a    are the transmittances of the spectral discrimination filter to molecular signal and aerosol signal, respectively;   B ∈  ℝ  N × K     represents the background noise; the   τ ( z ) ∈  ℝ  N × K     describes the atmospheric optical thickness and can be expanded to:


  τ = Q [  α a  +  α m  ]  



(3)




where   Q ∈  ℝ  N × K     represents the integral matrix, which is a lower triangular matrix;   α ∈  ℝ  N × K     is the extinction coefficient.



The only unknowns in this model are the aerosol backscatter coefficient    β a    and the aerosol extinction coefficient    α a   , and the rest are pre-generated calibration matrices. The ‘one-equation, two-unknowns’ problem could be solved by combining the combined channel and the molecular channel. The detailed discussion about how to retrieve the aerosol backscatter coefficient    β a    and the aerosol extinction coefficient    α a    will be presented in Section 2.3 and Section 2.4




2.2. The Noise Model in HSRL


It is well known that the noise of single-shot lidar signals can be modeled by a Poisson probability mass function (PMF) [19,25]. Let    Y i  ∈  ℝ  N × K     be the Poisson noisy observations of lidar signals    P i   . The Poisson PMF of    Y i    is defined as:


  P (  y  n , k   |  P  i , n , k   ) =   ∏  n = 1  N     ∏  k = 1  K       (  P  i , n , k   )    y  n , k        y  n , k   !   exp ( −  P  i , n , k   )      



(4)




where yn,k is the possible observation of n-th row axis and k-th column.



The multiplication process of the PMT changes the primary distribution of incident photons and it can be modeled by a compounded Poisson PMF [20]. However, the compounded Poisson distribution lacks concise mathematical expression. To obtain sufficient SNR, the lidar signals generally would be processed by temporal averaging and the Gaussian PMF can be used as an approximation [20,25]. The Gaussian PMF of    Y i    is defined as:


  P (  y  n , k   |  P  i , n , k   ) =   ∏  n = 1  N     ∏  k = 1  K    1    2 π    σ  n , k     exp ( −   (  y  n , k   −  P  i , n , k   )  ) 2    2  σ  n , k     2    )      



(5)




where    σ  n , k     is the standard deviation of n-th row axis and k-th column of lidar signals.



Although the noise of lidar observations can be reduced by averaging, it only helps to a certain extent. Even in the case of tiny fluctuations of lidar signals, the aerosol extinction coefficient retrieved by the standard method would be severely affected [26]. In the data processing of noisy images, the image reconstruction technique is widely employed in many applications, such as medical imaging systems, confocal microscopy and interferometry [27,28]. It provides the possibility to retrieve optical properties, since the lidar observations could be regarded as a noisy two-dimensional image with temporal axis and spatial axis. Detailed instructions for the retrieval of optical properties based on the image reconstruction technique will be presented in Section 2.4.




2.3. Standard Method


Ideally, where there is no noise and the calibration matrices are fully known, the aerosol backscatter coefficient    β a    and the aerosol extinction coefficient    α a    can be retrieved algebraically [29]. From the HSRL models Equations (1) and (2), the aerosol backscatter coefficient can be obtained from the observations    Y C    and    Y M    as:


   β a  =   (  T m  − K ) ⋅  β m    K −  T a     



(6)






  K =   (  Y M  −  B M  )   (  Y C  −  B C  )   ⋅    C C     C M     



(7)







Substituting Equation (6) into Equation (2), we can obtain the optical thickness from the HSRL:


  τ = −  1 2  ⋅ ln (   ( K −  T a  ) ⋅ (  Y M  −  B M  )   (  T m  −  T a  )  β m  K   )  



(8)







Based on Equation (3), the aerosol extinction coefficient can be readily obtained using:


   α a  =  Q T  ( τ ) −  a m   



(9)




where the matrix    Q T    is the differential operator, which is the inverse matrix of the integral matrix  Q . Then, the intensive parameter, lidar ratio    S a   , can be simply derived by the ratio of extinction to backscatter:


   S a  =    α a     β a     



(10)







However, when the SNR of the lidar signals is insufficient, an averaging function is generally applied to the noisy observations    Y i    to reduce the noise variance. Furthermore, especially for the retrieval of the aerosol extinction coefficient, a denoising filter, such as the SG filter, should also be applied on the spatial axis of the optical thickness. This is equivalent to a linear regression on a specified number of data points within a moving window, and the slope of the fitted straight line in each point is taken as the value of the derivative [18]. In the standard method, as in this present study, the SG filter would be an optional denoising filter performed on the lidar signals and the optical thickness.




2.4. Iterative Image Reconstruction (IIR) Method


It should be noticed that the aerosol backscatter coefficient could be used to constrain the retrieval of the aerosol extinction coefficient, since there is a linear relation (i.e., lidar ratio) between the aerosol backscatter coefficient and extinction coefficient. The range of the lidar ratio is about 0-100 typically. Once the correct estimate of the lidar ratio is obtained, the aerosol extinction coefficient could be algebraically computed by the product of the aerosol backscatter coefficient and the lidar ratio. In this work, the IIR method is proposed to reconstruct the “image” of the “feature” of the lidar signals on the basis of a reasonable estimates of the lidar ratio under appropriate assumption of signals noise. In this study, the Gaussian PMF is utilized when the observations are from the analog mode lidar measurements. The characteristics of the proposed method can be summarized into two points: (1) considering the relation of the lidar signals and utilizing the feature detection method to obtain the “feature” of the “image”, (2) transforming the ill-posed problem of the numerical derivative into a well-posed one of the estimates of the lidar ratio. This “feature” is identified with the Feature Detection Algorithm from a previous work to represent the data associated with aerosols and clouds [21]. The region where the scattering ratio profile is greater than one standard deviation from the expected clear-sky is determined as the “feature.” The reconstruction of the “image” of the “feature” must fit with the observations in HSRL to ensure the accuracy of the optical property retrieval. This process would be achieved by using an iterative optimization method on the basis of an adaption of the sparse Poisson image reconstruction algorithm (SPIRAL) [27,30].



The retrieval of the backscatter coefficient in the IIR method is the same as the standard method. To estimate the lidar ratio, the molecular channel in the lidar signal from Equation (2) can be expressed as a function of the lidar ratio:


  g (  S a  ) =  C G  ⋅ exp ( − 2 Q [  β a  ⋅  S a  +  β m  ⋅  S m  ] ) +  B M   



(11)






   C G  =  C M  (  T a  ⋅  β a  +  T m  ⋅  β m  )  



(12)







For the present study the molecular channel noise is considered as a Gaussian noise for general cases [20]. It would also be feasible to adopt the Poisson noise in a similar way, and detailed information can be seen in [19]. The image reconstruction technique is used to estimate the lidar ratio by minimizing the negative log-likelihood of Equation (5). The negative log of Equation (5) can be expressed as:


  l (  S a  ,  Y M  ) =  {     1 N T  [     (  Y M  − g (  S a  ) )  2    2  σ     2    − ln  1    2 π    σ     ]  1 K   , f e a t u r e     0                                                       ,    c l e a r − s k y      



(13)




where the   σ ∈  ℝ  N × K     is the matrix of the standard deviation and the elements of vectors 1N and 1K are ones. Throughout this paper, Equation (13) is referred to as the loss function. A penalty function is added to the loss function to regularize the estimates of the lidar ratio    S a   . Since the lidar ratio of an aerosol layer is relatively stable, it is reasonable to consider that the total variation (TV) seminorm is an adequate penalty function to constrain the smoothness of the lidar ratio    S a   . The specific TV seminorm used in this paper is:


  p e n (  S a  ) =    ‖   S a   ‖    T V   =   ∑     n = 1 ,       k = 1         N − 1 ,      K       F  n , k    |   S a     , n , k   −  S a     , n + 1 , k    |    +   ∑     n = 1 ,       k = 1         N ,       K − 1        F  n , k    |   S a     , n , k   −  S a     , n , k + 1    |     



(14)




where   F ∈  ℝ  N × K     is 1 for “feature” and 0 for clear-sky; the subscripts are indices to the rows and columns of    S a    and  F . Then, the estimates of the lidar ratio is turned into a regularization problem:


     S a   −  =   arg min    S a  ∈ U   { l (  S a  ,  Y M  ) + λ ⋅    ‖   S a   ‖    T V   }  



(15)




where  λ  is referred to as the regularization parameter;  U  is the constrain set of the lidar ratio    S a   .



This form of regularization problem could be solved using SPIRAL with the constraint of TV seminorm [27]. This iterative optimization algorithm is well established and numerically stable. The principle of the SPIRAL will not be repeated in this work. Instead, an adaption of the SPIRAL is used to implement the data process, where the gradient matrix of the loss function is expressed as:


    ∇ l (  S a  ,  Y M  ) =  1 N T  [ 2 (  Y M  − g (  S a  ) )   ∂ g (  S a  )   ∂  S a    ]  1 K        = 2    (  Y M  −  g (   S a   ) )   β a     σ 2    ⋅  Q T  [ g (  S a  ) ]    



(16)







The IIR method still posed some problems: the initial value of the lidar ratio    S  i n i t i a l     when the first iteration starts running and the determination of the regularization parameter  λ . For the first iteration, the average lidar ratio of the aerosol layer obtained from the standard method is employed as an initial guess. Regularization parameter  λ  can be found by manually tuning parameters and adjusting while it is more practical to choose it automatically. Various methods have been presented to choose the regularization parameter  λ  [12,27,30,31]. In this work, the regularization factor  λ  is selected using cross-validation [30]. The observations    Y i    is separated into two groups    Y  t r a i n i n g     and    Y  v a l i d a t i o n     via hold-out, where    Y i  =  Y  t r a i n i n g   +  Y  v a l i d a t i o n    . The regularization factor is selected from a set of non-negative numbers, for example  λ  = {10−2, 10−1.8, 10−1.6, …, 10} [31]. For every  λ , the IIR method is used with training set    Y  t r a i n i n g     and then the negative log-likelihood of the validation set    Y  v a l i d a t i o n     is calculated. The regularization factor  λ  that minimizes the negative log-likelihood of the    Y  v a l i d a t i o n     is chosen. Figure 2 shows the flow diagram for the retrieval of the optical properties in the IIR method, where    W j    is the retrieval window of profile  j  and wins is the half width of the window. The different region of clear-sky area we utilized may change the results of the “feature” and the retrieval based on the feature detection is easy to reproduce once the “feature” is determined. Therefore, combining the feature detection algorithm with the SPIRAL of Gaussian model, the IIR method has the potential to obtain the optical properties of the “feature” reasonably and automatically. The lidar ratio of each profile could be retrieved through the corresponding retrieval window. Hereafter, the final result is obtained by averaging the lidar ratio in every    W j   . More details about SPIRAL can be seen in [32].





3. Error Analysis Based on Monte-Carlo Simulations


3.1. The Specifications of MC Simulations


In order to verify the feasibility of the IIR method, MC simulations are employed, which allow us to compare the results obtained by different methods with the true values input into the simulations. For this section, the synthetic dataset was created on the basis of real observations of cirrus clouds between 8.5–10 km with 109 profiles and used to estimate the performance of different methods. The measured backscatter coefficient of the cirrus clouds is employed and the extinction coefficient of the cirrus clouds is created with the simulated lidar ratio. The lidar ratio of the cirrus clouds is modeled in Gaussian with a value of 26.28 ± 3.63 sr, while it is set to   8 π / 3   sr for the clear-sky region [33]. The modeled inputs are presented in Figure 3.



The lidar signals are generated from forward MC simulations based on the HSRL model mentioned in Section 2. Then, a Gaussian distributed random noise with standard deviation equal to the square root of the signals is incorporated into the lidar signals. For the simulation, the scene represents a real dataset with low SNR where the resolution is 7.5 m by 10 s to compare the performance of two methods. The system specifications employed by MC simulations are listed in Table 1, the    T m    is a constant for simplicity, and the    T a    is obtained by the measured length and temperature of the iodine molecular absorption filter.




3.2. Comparison Between the Standard Method and IIR Method


In this subsection, the performance of the standard and the IIR method is compared against each other. The root mean square error (RMSE) is used to indicate the performance of different methods, along with the relative bias. The RMSE can be defined as:


  R M S E =       ∑  i = 1  N     ∑  j = 1  K     (  M  i , j   t r u e   −  M  i , j   r e t r i e v a l   )  2        N × K      



(17)




where   M ∈ {  α a  ,  S a  } ∈  ℝ   N × K    ; the superscript “true” and “retrieval” represent the true value and the retrieval value, respectively.



Hereafter, we only focus on the extinction coefficient retrieval of aerosols and clouds (i.e., features) identified by a feature detection method since the accurate measurements of the clear-sky region is beyond the capabilities of the HSRL. The SG filter is used as the low-pass filter in the standard method for both temporal and spatial axes. The SG filters of both temporal axis and spatial axis are first-order polynomials, whose window sizes are nine profiles and nine altitude bins, respectively. The moving SG window for optical thickness is 71 altitude bins. These SG filter parameters are selected based on the minimization of the extinction coefficient RMSE. The window of the IIR method is nine profiles as a balance of efficiency and accuracy.



Figure 4 shows the results obtained by the standard method (left panel) and the IIR method (right panel). The true values are shown in Figure 3. Figure 4a,c and e are the results obtained by the standard method, which represent the extinction coefficient, the absolute errors of the extinction coefficient of the true values and the retrieval values, and the lidar ratio, respectively. Figure 4b,d and f are obtained by the IIR method. The dashed lines in f are selected for further analysis, whose profile numbers are 19, 48, 78, and 99, respectively. The extinction coefficient obtained by the standard method is smoother than that obtained by the IIR method. However, the absolute errors of the extinction coefficient from the IIR method (Figure 4d) are smaller than those obtained by the standard method (Figure 4c). Comparing to the input values in Figure 3b, it could be noticed that the structure of the extinction coefficient from the IIR method is closer to the input values than that from the standard method. Furthermore, the comparisons of the true values in Figure 3c and the results obtained by two methods indicate that the IIR method is able to achieve better results of the lidar ratio by the image reconstruction technique. The standard method would require more accumulated profiles and altitude bins (i.e., a higher SNR but a lower spatial and temporal resolution) to reduce the variance of the noise to a sufficient level until the slope of the optical thickness are non-negative (see Equation (9)).



The reason why the IIR method does not suffer from the same problem (negative slope of the optical depth) as the standard method is because it does not try to retrieve the aerosol extinction coefficient algebraically. The IIR method estimates the lidar ratio with the loss function Equation (13) in conjunction with the HSRL model to “fit” with the noisy observations. The lidar ratio is always limited to the bounds of 0–100, as it should be physically. Figure 5a,c show four profiles of the extinction coefficient and the lidar ratio obtained by different methods, respectively. The locations of four profiles are shown in Figure 4d. The lines in black are the true values, while the blue and red lines represent the results of the “feature” obtained by the standard and the IIR method, respectively. What we concerned most is the region containing a “feature,” i.e., dense aerosols and clouds. Therefore, a feature detection method is utilized to exclude the clear-sky region [21]. It is obvious that the structures of the extinction coefficient and the lidar ratio obtained by the IIR method are closer to the true values than those obtained by the standard method. The relative biases of the retrieval of the extinction coefficient and the lidar ratio are presented in Figure 5b,d, respectively. It could be found that the extinction coefficient and the lidar ratio obtained by the IIR method have smaller biases than those from the standard method. The relative bias of the extinction obtained by the IIR method is mostly within 20%, while that obtained by the standard method is much bigger. From the Table 2, the mean relative bias of the extinction coefficient obtained by the IIR method is 17.0%, while it is up to 28.5% with the standard method. The maximum relative bias of the lidar ratio obtained by the standard method is up to 100%. It indicates that the standard method is not suitable for the further aerosol analysis under the condition of low SNR, which is sensitive to the extinction coefficient errors, such as the feature classification, the retrieval of microphysical properties, etc. [34]. The relative biases of profile 48 (the second profile) from the IIR method at the start of “feature” may be caused by the system constant and the initial value of the lidar ratio. The mean relative bias of the lidar ratio obtained by the IIR method is 8.5%, while it is up to 22.6% with the standard method. The green lines in Figure 5 represent the results obtained by the IIR method based on the Poisson model. The comparisons between the red lines and the green lines indicate that the results of the Gaussian model are similar to those of the Poisson model and the relative bias of the Gaussian model is smaller than that of the Poisson model.



Results from MC simulations of the IIR method are compared with the standard method. From the error analysis in Table 2, the RMSE of the lidar ratio and the extinction coefficient obtained by the standard method are 2.451 and 0.015, respectively. The RMSE of the lidar ratio and the extinction coefficient obtained by the IIR method are 0.870 and 0.009, respectively. Both are much smaller than those from the standard method. Therefore, it is obvious that the estimates of the extinction coefficient and the lidar ratio based on the standard method are inaccurate relative to the IIR method. The more accurate optical properties from the IIR method are more suitable for the further aerosol analysis. The error analysis from the IIR method based on the Poisson model is also provided in Table 2. The results from two noisy models are similar and the errors of the IIR method are slightly smaller than those from the IIR method based on the Poisson model.



Figure 6a shows the comparisons of the lidar ratio of the “feature” obtained by the standard method, the IIR method, and the IIR method without feature detection, respectively. The profile number is 78. It is obvious that the results from the IIR method are better and closer to the true value. Figure 6b illustrates the results obtained by the IIR method without feature detection have larger relative bias compared with the IIR method. As the results of the IIR method are determined by all pixels of the “image,” the results of the “feature” are severely affected by the clear-sky region when using a Gaussian model (seen in Equation (13)). The results indicate that the weighted TV constraint from the feature detection method can improve the results and the feature detection method is utilized to eliminate the influence of the clear-sky area in the results of the “feature.”





4. Results


A case study of ambient measurements is presented in this section. This case study will also demonstrate that the optical properties retrieved by the IIR method are more stable compared to the standard method. In this case study, observations of the ZJU HSRL at 532 nm were used [21]. We used daytime scenes with a high vertical resolution of 7.5 m and a temporal resolution of 120 s to compare the IIR method and the standard method, since the noisy observations from daytime reflect the performance of different methods under the condition of lower SNR. Figure 7a–c represent the combined channel signals, the molecular channel signals, and the backscatter coefficient measured from ZJU HSRL (30°15′ N, 120°7′ E) between 08:25–15:05 UTC+8, respectively. The detection range is above 1 km to skip the incomplete overlap range between the divergence angle of the laser beam and the field-of-view (FOV) of the receiver, to avoid the possible errors of the correction of incomplete overlap function. The retrieval of the extinction coefficient is extremely sensitive to the correction of the overlap function in HSRL, as the optical thickness is directly affected by the overlap function (seen in Section 2.3, the calibration matrix  C  includes overlap function) [35].



Figure 8a,b show the retrieval of the aerosol extinction coefficient and the lidar ratio based on the standard method using an SG filter. The sizes on the temporal axis and spatial axis are five profiles and nine altitude bins, respectively, while the size of the moving window for the optical thickness is 31. Figure 8c,d correspond to the aerosol extinction coefficient and the lidar ratio on the basis of the IIR method. The window for retrieval is selected as nine profiles. From Figure 8, it is clear that the IIR method is able to retrieve the smoother optical properties than the standard method. Furthermore, the optical properties of the residual aerosol with low aerosol loading around 14:00 UTC+8 could not be retrieved by the standard method due to the low SNR. However, reasonable results for the aerosol extinction coefficient and the lidar ratio can still be obtained by the IIR method. Furthermore, the extinction coefficient obtained by the IIR method has a similar structure with the observations in Figure 7 comparing that from the standard method during 09:00–14:00 UTC+8.



The reconstructed lidar signal and raw signal presented in Figure 9a demonstrate the effectiveness of the algorithm further. The IIR method reconstructs the “image” of lidar signals on the basis of reasonable estimates of the lidar ratio by minimizing the difference between the reconstructed signals with the observations under an appropriate assumption of Gaussian noise model. With the help of the pre-estimated backscatter coefficient, the IIR method obtains a better result. Figure 9b shows two single profiles of the lidar ratio retrieved by the standard method and the IIR method at 08:40 UTC+8, respectively. The average values of the lidar ratio obtained by the standard method and IIR method are 38.60 ± 12.18 sr and 44.90 ± 6.80 sr, respectively. Nevertheless, the lidar ratio obtained by the standard method is drastically changeable via the altitude, while the lidar ratio obtained by the IIR method is much more stable.




5. Discussion


The complex condition of the lidar ratio varying with altitude is considered in MC simulations to evaluate the effectiveness of the proposed method. The results from MC simulations indicate that the structure of the extinction coefficient from the IIR method is closer to the input values than the extinction coefficient from the standard method. Furthermore, smaller values of the RMSE and bias of optical properties are obtained by the IIR method. The results demonstrate that the influence of noise in the estimates of optical properties is suppressed by the IIR method, and the results are more accurate than those from the standard method. Additionally, the error in the initial value of the lidar ratio may cause errors at the start region but the results converge and close to the real values rapidly as the retrieval range increases. The comparison between the IIR method with two models illustrate that the Gaussian model performs well on the extinction retrieval when the observations are from the analog mode lidar measurements. The feature detection method is utilized to eliminate the influence of the clear-sky area in the results of the “feature” and promote the retrieval results.



The results from the measurements of the ZJU HSRL, applying both standard and IIR methods, are compared. The IIR method reconstructs the “image” of lidar signals on the basis of reasonable estimates of the lidar ratio by minimizing the difference between the reconstructed signals with the observations, and the comparisons indicate that the reconstructed signal agrees with the raw signal. The average values of the lidar ratio obtained by the standard method and the IIR method are consistent and reasonable [36,37]. The lidar ratio from the standard method oscillates significantly with the height, and it is difficult to obtain reasonable values for the lidar ratio in the region of low aerosol loading with low SNR. However, the results from the IIR method demonstrate that the IIR method not only obtains a finer structure of the aerosol layer under the condition of low SNR, but is also able to retrieve more reasonable values of the lidar ratio, as the aerosol below the planetary boundary layer is relatively stable and generally well-mixed [38,39].



Compared to the standard method, the method proposed in this study performs well for the retrieval of the optical properties under low SNR conditions and obtains a finer structure of the aerosol layer. However, the limitation of the method is inevitable. First of all, the proposed method should be applied in more complicated scenes, such as when the boundary layer is not well-mixed, as well as the comparison of the results between the lidar and the in situ observations to verify the effectiveness of the method in future studies. Secondly, the method requires a prior initial value of the lidar ratio and the system constant, which plays important roles in the retrieval progress. The average lidar ratio of the aerosol layer obtained from the standard method might be an option for an initial guess, but a better method should be developed to decrease the error resulted from the initial values in future work. In addition, the study of which model is the best candidate to infer the lidar ratio could be conducted in the future, and the IIR method can be applied to improve observations with low SNR from airborne or satellite lidar.




6. Conclusions


An iterative image reconstruction method is proposed for the retrieval of aerosol extinction coefficients based on HSRL data. The IIR method reconstructs the “image” of “feature” of lidar signals on the basis of reasonable estimates of the lidar ratio by minimizing the difference between the reconstructed signals with the observations under an appropriate assumption of signal noises. Compared with the previous studies, the relation of the lidar signals is considered and the “feature” of the “image” is utilized to retrieve the lidar ratio and extinction coefficient in the IIR method. As the numerical derivative makes the retrieval process extremely sensitive to the SNR, the proposed method transforms the ill-posed problem of the extinction coefficient retrieval into a well-posed one by the iterative regularization method, which obtains more stable results. The feature detection method is utilized to eliminate the influence of the clear-sky area to the results of the “feature.” Combining the feature detection algorithm with the SPIRAL of Gaussian model, the IIR method has the potential to retrieve aerosol optical properties reasonably and automatically.



The proposed method was compared with the standard method by both synthetic data and real experimental data. The comparison based on the MC simulations between the standard method and the IIR method demonstrates that our proposed method yields the aerosol extinction coefficient and the lidar ratio with smaller RMSE and relative bias. The comparison between the IIR method and the IIR method based on the Poisson model illustrates that the Gaussian model performs well on the extinction retrieval when the observations are from the analog mode lidar measurements. The RMSE of the lidar ratio and aerosol extinction coefficient obtained by the IIR method are 0.870 and 0.009, respectively. The mean relative bias of the lidar ratio obtained by the IIR method is 8.5%, while it is up to 22.6% for the standard method. Finally, a case study from the ambient measurements by the ZJU HSRL system is presented. The results show that the IIR method not only obtain a finer structure of the aerosol layer under the condition of low SNR, but also is able to retrieve more reasonable values of the lidar ratio.



We will focus on the application of the method in more complicated scenes and in airborne or satellite lidar in our future work. The improvements of the choice of the initial value of lidar ratio and system constant should be studied in the future studies. Furthermore, the determination the best candidate of the model to retrieve the optical properties should be studied in future work.







Author Contributions


Conceptualization, D.X. and D.L.; methodology, D.X. and D.L.; data curation, D.X., N.W., X.S., and T.Z.; writing—original draft preparation, D.X.; writing—review and editing, N.W., E.L., and D.L.; funding acquisition, D.L. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Key Research and Development Program of China (2016YFC1400900, 2016YFC0200700); the National Natural Science Foundation of China (NSFC) (41775023); the Excellent Young Scientist Program of the Zhejiang Provincial Natural Science Foundation of China (LR19D050001); the Public Welfare Project of Zhejiang Province (2016C33004); Fundamental Research Funds for the Central Universities (2019FZJD011); the State Key Laboratory of Modern Optical Instrumentation Innovation Program.




Acknowledgments


The authors would like to express their appreciation to Shuhang Chen and Shichao Li from The Hong Kong University of Science and Technology for their kind help of formula analysis. The authors want to thank engineer Bing Qi at the Hangzhou Meteorological Bureau for his support of the sounding data. We thank Sijie Chen, Ju Ke, Yuhang Rong, Yicheng Tong, Kai Zhang, and Binyu Wang at the State Key Laboratory of Modern Optical Instrumentation, College of Optical Science and Engineering, Zhejiang University, Hangzhou, China, for their support in the field experiment.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Solomon, S.D.; Qin, D.; Manning, M.; Chen, Z.; Marquis, M.; Avery, K.; Miller, H. Climate Change 2007: The Physical Science Basis. Working Group I Contribution to the Fourth Assessment Report of the IPCC. Available online: https://www.google.com.hk/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&cad=rja&uact=8&ved=2ahUKEwiwuNvn4fHrAhUGq5QKHdrTABUQFjACegQIBBAB&url=https%3A%2F%2Fwww.ipcc.ch%2Fsite%2Fassets%2Fuploads%2F2018%2F02%2Far4-wg1-frontmatter-1.pdf&usg=AOvVaw1MGSugu1rfFBiMKOeBC8ey (accessed on 20 June 2020).

	



Mattis, I.; D’Amico, G.; Baars, H.; Amodeo, A.; Madonna, F.; Iarlori, M. EARLINET Single Calculus Chain – technical—Part 2: Calculation of optical products. Atmos. Meas. Tech. 2016, 9, 3009–3029. [Google Scholar] [CrossRef]

	



Böckmann, C.; Wandinger, U.; Ansmann, A.; Bösenberg, J.; Amiridis, V.; Boselli, A.; Delaval, A.; De Tomasi, F.; Frioud, M.; Grigorov, I.; et al. Aerosol lidar intercomparison in the framework of the EARLINET project. 2. Aerosol backscatter algorithms. Appl. Opt. 2004, 43, 977–989. [Google Scholar] [CrossRef] [PubMed]

	



Li, Y.; Wang, B.; Lee, S.-Y.; Zhang, Z.; Wang, Y.; Dong, W. Micro-Pulse Lidar Cruising Measurements in Northern South China Sea. Remote Sens. 2020, 12, 1695. [Google Scholar] [CrossRef]

	



Chan, P.W. Determination of Backscatter-Extinction Coefficient Ratio for LIDAR-Retrieved Aerosol Optical Depth Based on Sunphotometer Data. Remote Sens. 2010, 2, 2127. [Google Scholar] [CrossRef]

	



Eloranta, E.E. High Spectral Resolution Lidar. In Lidar: Range-Resolved Optical Remote Sensing of the Atmosphere; Weitkamp, C., Ed.; Springer: New York, NY, USA, 2005; pp. 143–163. [Google Scholar]

	



Liu, D.; Yang, Y.; Cheng, Z.; Huang, H.; Zhang, B.; Ling, T.; Shen, Y. Retrieval and analysis of a polarized high-spectral-resolution lidar for profiling aerosol optical properties. Opt. Express 2013, 21, 13084–13093. [Google Scholar] [CrossRef] [PubMed]

	



Hair, J.W.; Hostetler, C.A.; Cook, A.L.; Harper, D.B.; Ferrare, R.A.; Mack, T.L.; Welch, W.; Izquierdo, L.R.; Hovis, F.E. Airborne High Spectral Resolution Lidar for profiling aerosol optical properties. Appl. Opt. 2008, 47, 6734–6752. [Google Scholar] [CrossRef]

	



D’Amico, G.; Amodeo, A.; Mattis, I.; Freudenthaler, V.; Pappalardo, G. EARLINET Single Calculus Chain – technical—Part 1: Pre-processing of raw lidar data. Atmos. Meas. Tech. 2016, 8, 10387–10428. [Google Scholar] [CrossRef]

	



Li, H.; Chang, J.; Xu, F.; Liu, Z.; Yang, Z.; Zhang, L.; Zhang, S.; Mao, R.; Dou, X.; Liu, B. Efficient Lidar Signal Denoising Algorithm Using Variational Mode Decomposition Combined with a Whale Optimization Algorithm. Remote Sens. 2019, 11, 126. [Google Scholar] [CrossRef]

	



Eloranta, E. High Spectral Resolution Lidar Measurements of Atmospheric Extinction: Progress and Challenges. In Proceedings of the 2014 IEEE Aerospace Conference, Big Sky, MO, USA, 1–8 March 2014; pp. 1–6. [Google Scholar]

	



Pornsawad, P.; D’Amico, G.; Böckmann, C.; Amodeo, A.; Pappalardo, G. Retrieval of aerosol extinction coefficient profiles from Raman lidar data by inversion method. Appl. Opt. 2012, 51, 2035–2044. [Google Scholar] [CrossRef]

	



Mao, F.; Gong, W.; Li, C. Anti-noise algorithm of lidar data retrieval by combining the ensemble Kalman filter and the Fernald method. Opt. Express 2013, 21, 8286. [Google Scholar] [CrossRef]

	



Raghunath, K.; Sarvani, M.; Rao, S. Lidar signal denoising methods- application to NARL Rayleigh lidar. J. Opt. (India) 2015, 44, 164–171. [Google Scholar] [CrossRef]

	



Song, Y.; Zhou, Y.; Liu, P.; Shi, G.; Wang, Y.; Di, H.; Hua, D. Research on an adaptive filter for the Mie lidar signal. Appl. Opt. 2019, 58, 62–68. [Google Scholar] [CrossRef] [PubMed]

	



Zhou, Z.; Hua, D.; Wang, Y.; Yan, Q.; Li, S.; Li, Y.; Wang, H. Improvement of the signal to noise ratio of Lidar echo signal based on wavelet de-noising technique. Opt. Lasers Eng. 2013, 51, 961–966. [Google Scholar] [CrossRef]

	



Pappalardo, G.; Amodeo, A.; Pandolfi, M.; Wandinger, U.; Wang, X. Aerosol Lidar Intercomparison in the Framework of the EARLINET Project. 3. Raman Lidar Algorithm for Aerosol Extinction, Backscatter, and Lidar Ratio. Appl. Opt. 2004, 43, 5370–5385. [Google Scholar] [CrossRef]

	



Esselborn, M.; Wirth, M.; Fix, A.; Tesche, M.; Ehret, G. Airborne high spectral resolution lidar for measuring aerosol extinction and backscatter coefficients. Appl. Opt. 2008, 47, 346–358. [Google Scholar] [CrossRef]

	



Marais, W.J.; Holz, R.E.; Hu, Y.H.; Kuehn, R.E.; Eloranta, E.E.; Willett, R.M. Approach to simultaneously denoise and invert backscatter and extinction from photon-limited atmospheric lidar observations. Appl. Opt. 2016, 55, 8316–8334. [Google Scholar] [CrossRef]

	



Liu, Z.; Sugimoto, N. Simulation study for cloud detection with space lidars by use of analog detection photomultiplier tubes. Appl. Opt. 2002, 41, 1750–1759. [Google Scholar] [CrossRef]

	



Wang, N.; Shen, X.; Xiao, D.; Veselovskiy, I.; Zhao, C.; Chen, F.; Liu, C.; Rong, Y.; Ke, J.; Wang, B.; et al. Development of ZJU High-spectral-resolution Lidar for Aerosol and Cloud: Feature Detection and Classification. J. Quant. Spectrosc. Ra. 2020. under review. [Google Scholar]

	



Liu, D.; Hostetler, C.; Miller, I.; Cook, A.; Hair, J. System analysis of a tilted field-widened Michelson interferometer for high spectral resolution lidar. Opt. Express 2012, 20, 1406–1420. [Google Scholar] [CrossRef]

	



Cheng, Z.; Liu, D.; Zhang, Y.; Yang, Y.; Zhou, Y.; Luo, J.; Bai, J.; Shen, Y.; Wang, K.; Liu, C.; et al. Field-widened Michelson interferometer for spectral discrimination in high-spectral-resolution lidar: Practical development. Opt. Express 2016, 24, 7232–7245. [Google Scholar] [CrossRef]

	



Liu, D.; Zheng, Z.; Chen, W.; Wang, Z.; Li, W.; Ke, J.; Zhang, Y.; Chen, S.; Cheng, C.; Wang, S. Performance estimation of space-borne high-spectral-resolution lidar for cloud and aerosol optical properties at 532 nm. Opt. Express 2019, 27, A481–A494. [Google Scholar] [CrossRef] [PubMed]

	



Liu, Z.; Hunt, W.; Vaughan, M.; Hostetler, C.; McGill, M.; Powell, K.; Winker, D.; Hu, Y. Estimating random errors due to shot noise in backscatter lidar observations. Appl. Opt. 2006, 45, 4437–4447. [Google Scholar] [CrossRef] [PubMed]

	



Shcherbakov, V. Regularized algorithm for Raman LIDAR data processing. Appl. Opt. 2007, 46, 4879–4889. [Google Scholar] [CrossRef]

	



Harmany, Z.T.; Marcia, R.F.; Willett, R.M. This is SPIRAL-TAP: Sparse Poisson Intensity Reconstruction ALgorithms—Theory and Practice. IEEE Trans. Image Process. 2012, 21, 1084–1096. [Google Scholar] [CrossRef]

	



Liu, D.; Shi, T.; Zhang, L.; Yang, Y.; Chong, S.; Shen, Y. Reverse optimization reconstruction of aspheric figure error in a non-null interferometer. Appl. Opt. 2014, 53, 5538–5546. [Google Scholar] [CrossRef]

	



Cheng, Z.; Liu, D.; Luo, J.; Yang, Y.; Su, L.; Yang, L.; Huang, H.; Shen, Y. Effects of spectral discrimination in high-spectral-resolution lidar on the retrieval errors for atmospheric aerosol optical properties. Appl. Opt. 2014, 53, 4386–4397. [Google Scholar] [CrossRef] [PubMed]

	



Oh, A.K.; Harmany, Z.T.; Willett, R.M. Logarithmic total variation regularization for cross-validation in photon-limited imaging. In Proceedings of the IEEE International Conference on Image Processing, Melbourne, VIC, Australia, 15–18 September 2013; pp. 484–488. [Google Scholar]

	



Veselovskii, I.; Kolgotin, A.; Griaznov, V.; Müller, D.; Wandinger, U.; Whiteman, D.N. Inversion with regularization for the retrieval of tropospheric aerosol parameters from multiwavelength lidar sounding. Appl. Opt. 2002, 41, 3685–3699. [Google Scholar] [CrossRef]

	



Beck, A.; Teboulle, M. Fast Gradient-Based Algorithms for Constrained Total Variation Image Denoising and Deblurring Problems. IEEE Trans. Image Process. 2009, 18, 2419–2434. [Google Scholar] [CrossRef]

	



Tao, Z.; Liu, D.; Zhong, Z.; Shi, B.; Nie, M.; Ma, X.; Zhou, J. Effective Lidar Ratio of Cirrus Cloud Measured by Three-Wavelength Lidar. Chin. J. Lasers 2016, 43, 0810003. [Google Scholar]

	



Wang, J.; Liu, W.; Liu, C.; Liu, J.; Chen, Z.; Xiang, Y.; Meng, X. The Determination of Aerosol Distribution by a No-Blind-Zone Scanning Lidar. Remote Sens. 2020, 12, 626. [Google Scholar] [CrossRef]

	



Shen, X.; Liu, D.; Wang, N.; Xiao, D.; Rong, Y.; Zhong, T.; Liu, C.; Zhang, K.; Zhou, Y.; Chen, S. Development of ZJU High-spectral-resolution Lidar for Aerosol and Clouds: Calibration of Overlap Function. J. Quant. Spectrosc. Ra. 2020. under review. [Google Scholar]

	



Müller, D.; Ansmann, A.; Mattis, I.; Tesche, M.; Wandinger, U.; Althausen, D.; Pisani, G. Aerosol-type-dependent lidar ratios observed with Raman lidar. J. Geophys. Res. 2007, 112, D16202. [Google Scholar] [CrossRef]

	



Xie, C.; Nishizawa, T.; Sugimoto, N.; Matsui, I.; Wang, Z. Characteristics of aerosol optical properties in pollution and Asian dust episodes over Beijing, China. Appl. Opt. 2008, 47, 4945–4951. [Google Scholar] [CrossRef] [PubMed]

	



Ruijun, D.; Yang, Y.; Li, H.; Hu, F.; Wang, Z.; Huang, Z.; Zhou, T.; Zhang, T. Atmosphere Boundary Layer Height (ABLH) Determination under Multiple-Layer Conditions Using Micro-Pulse Lidar. Remote Sens. 2019, 11, 263. [Google Scholar] [CrossRef]

	



Zhong, T.; Wang, N.; Shen, X.; Xiao, D.; Xiang, Z.; Liu, D. Determination of Planetary Boundary Layer height with Lidar Signals Using Maximum Limited Height Initialization and Range Restriction (MLHI-RR). Remote Sens. 2020, 12, 2272. [Google Scholar] [CrossRef]








[image: Remotesensing 12 03047 g001 550] 





Figure 1. The configuration of a general high-spectral-resolution lidar (HSRL) with the combined channel and molecular channel. ‘E’ = Expander, ‘M’ = mirror, ‘IF’ = Interference filter, ‘L’ = Lens, ‘R’ = Reflector, ‘BS’ = Beam splitter, ‘SD’ = Spectral discriminator. 
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Figure 2. Flow diagram for the aerosol extinction coefficient and the lidar ratio retrieval in the iterative image reconstruction (IIR) method. The details of the adaption of sparse Poisson image reconstruction algorithm (SPIRAL) are described in Section 2.4. 
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Figure 3. (a) The backscatter coefficient, (b) the extinction coefficient, and (c) the lidar ratio used in the simulation experiment. The lidar ratio inside the clouds is modeled in Gaussian with a value of 26.28 ± 3.63 sr, while it is   8 π / 3   for the background region. 
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Figure 4. Comparisons of the results obtained by the standard method (left panel) and the IIR method (right panel) based on the simulation experiments. (a,c,e) are obtained by the standard method, which represent the extinction coefficient, the absolute error of the extinction coefficient of the true values and the retrieval values, and the lidar ratio, respectively. (b,d,f) are obtained by the IIR method. The dashed lines in (f) are selected for further analysis, whose profile numbers are 19, 48, 78, and 99, respectively. 
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Figure 5. Comparisons of the extinction coefficient and the lidar ratio obtained by different methods. (a) The profiles of the extinction coefficient, whose profile numbers are 19, 48, 78, and 99, respectively. The lines in black are the true values, while the blue, red, and green lines represent the results obtained by the standard method, the IIR method, and the IIR method based on the Poisson model, respectively. The area within the dotted pink line is the valid area of clouds. (b) The relative biases of the extinction coefficient. The blue, red, and green lines represent the relative biases obtained by the standard method, the IIR method, and the IIR method based on the Poisson model, respectively. The black dotted line represents a relative bias of 10 percent, while the yellow dotted line represents a relative bias of 20 percent. The area within the dotted pink line is the valid area of the clouds. (c) and (d) represent the profiles of lidar ratio and the relative bias of the lidar ratio, respectively. 
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Figure 6. Comparisons of the lidar ratio and the relative biases. (a) The profile of the lidar ratio, whose profile number is 78. The line in black is the true values, while the blue, red, and green lines represent the results obtained by the standard method, the IIR method, and the IIR method without feature detection, respectively. The area within the dotted pink line is the valid area of clouds. (b) The relative biases of the lidar ratio. The blue, red, and green lines represent the relative biases obtained by the standard method, the IIR method and the IIR method without feature detection, respectively. The black dotted line represents a relative bias of 10 percent while the yellow dotted line represents a relative bias of 20 percent. The area within the dotted pink line is the valid area of the clouds. 
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Figure 7. The image of the combined channel (a), the molecular channel (b), and the backscatter coefficient (c), respectively. 
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Figure 8. Comparisons of the aerosol extinction coefficient (left panel) and the lidar ratio (right panel) obtained by different methods based on the observations from Zhejiang University (ZJU) HSRL. The parameters in (a,b) are obtained with the standard method with the SG filter, and those in (c,d) are obtained with the IIR method without any extra filter. 
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Figure 9. Results of the observations from ZJU HSRL. (a) The profiles of the reconstructed signal and the raw signal, respectively. (b) The profiles of the lidar ratio obtained by the standard method and the IIR method, respectively. 
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Table 1. System specifications employed by Monte-Carlo (MC) simulations.
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	Specifications
	Value





	Laser wavelength (nm)
	532



	Laser energy (mJ)
	200



	Diameter of primary telescope (mm)
	280



	Interference filter bandpass (nm)
	0.3



	Range resolution (m)
	7.5



	Temporal resolution (s)
	10



	Molecular transmittance of spectral discrimination filter    T m   
	0.19



	Aerosol transmittance of spectral discrimination filter    T a    (e-12)
	2.52



	Type of noise
	Gaussian










[image: Table] 





Table 2. Error analysis of optical properties. RMSE: root mean square error.
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	Extinction
	RMSE
	Relative bias



	Standard method
	0.015
	0.285



	IIR method
	0.009
	0.170



	IIR method (Poisson)
	0.010
	0.176



	Lidar Ratio
	RMSE
	Relative bias



	Standard method
	2.451
	0.226



	IIR method
	0.870
	0.085



	IIR method (Poisson)
	0.950
	0.105











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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