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Abstract

:

Seismic impedance inversion is one of the most commonly used techniques for reservoir characterization. High accuracy and high resolution seismic impedance is a prerequisite for subsequent reservoir interpretation. The data-driven approach offers the opportunity for accurate impedance prediction by establishing a nonlinear mapping between seismic data and impedance. However, existing data-driven methods take the raw seismic data directly as input, making it difficult for the network to learn high frequency weak signal information and resulting in low resolution inversion results. In order to mitigate the above issues, a data-driven seismic impedance inversion method based on multi-scale strategy is proposed. The method first obtains seismic data at different scales using frequency division techniques and do normalization on the extracted multi-scale data to ensure the consistency of the seismic signal energy in different frequency bands. The multi-scale seismic data will then be fed into the network, which helps the network to learn the high frequency information features more easily, and ultimately obtain higher resolution inversion results. We use the most commonly used convolutional neural network (CNN) as an example to demonstrate that the proposed multi-scale data-driven seismic impedance inversion method can improve the resolution of the inversion results. In addition, since the above seismic impedance inversion method is executed trace-by-trace, the f-x prediction filtering technique is introduced to improve the lateral continuity of the inversion results and obtain more geologically reliable impedance profiles. The validity of the proposed method is verified in the application of synthetic model data as well as an actual data set.
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1. Introduction


Seismic impedance, the product of density and seismic velocity, directly reflects the nature of subsurface rocks and can be used to indicate oil and gas, calculate reserves, and guide well placement, etc. Compared with the original seismic data, the impedance profile obtained by seismic impedance inversion methods eliminates the tuning effect and improves the vertical resolution of seismic data, which is an important parameter for reservoir prediction in the field of oil and gas exploration [1,2]. Accurate impedance parameters are a prerequisite for subsequent reservoir interpretation. The interpretation of complex and unconventional reservoirs places greater demands on impedance accuracy and resolution. However, from a mathematical point of view, seismic impedance inversion is an inverse problem and is ill-posed. Due to the limitations of incompleteness, noise, and wavelet band limitations of the observed data, multiple geological models can usually be obtained to match the observed data. Moreover, if the given data and the established geophysical-mathematical model do not perfectly match the actual geological model during the inversion process, the solution in the specific geological sense will not exist or the solution will be unstable. Because the Earth medium is complex and variable [3], it is often difficult to accurately establish the relationship between seismic data and subsurface model parameters with a limited number of geophysical parameters and associated mathematical physical models. Although the theory and technology of these seismic inversion methods have been continuously improved, they are not as effective as desired in practical reservoir prediction and lithology characterization [4,5,6,7,8,9,10,11].



Unlike traditional seismic impedance inversion based on a known physical model (i.e., model-driven inversion method), the data-driven inversion method does not require a known physical model as a prerequisite. Deep learning, currently one of the most popular data-driven algorithms, can use a given training dataset to learn a mapping function between the model space and the data space to solve the inverse problem. Deep learning methods, represented by convolutional neural network (CNN), have been very successful in many real-world areas, (e.g., computer vision, image recognition and natural language processing) benefiting from the increase in computing power and the continuous improvement of algorithms [12,13,14]. This has led to a boom in the application of deep learning methods in geophysics and has led to many promising results. For instance, Zhang, et al. [15] use convolutional neural network combined with wavelet transform to achieve lithology/fluid prediction from seismic data. Zhang, et al. [16] further introduce priori information containing Markov chain and Markov random field in deep learning-based lithology/fluid prediction to improve the continuity of the prediction results. Wu, et al. [17] use a single convolutional neural network to predict fault probabilities, strikes and dips. Bi, et al. [18] implement simultaneous 3D seismic horizon and fault interpretation based on the deep learning approach. Deep learning-based seismic horizon and fault interpretation techniques have greatly improved efficiency with no less accuracy than manual interpretation. Saad and Chen [19] propose a fully unsupervised deep learning method to accomplish the suppression of random noise in seismic data. Kaur, et al. [20] implement seismic data interpolation using deep learning with generative adversarial network.



In addition to the above applications, deep learning-based seismic inversion is also a hot topic of research. Das, et al. [21] predict a seismic impedance model from recorded normal-incidence seismic data based on the convolutional neural network. Li, et al. [22] propose an end-to-end seismic inversion network to achieve deep learning based seismic inversion. Puzyrev, et al. [23] compare the performance of different deep learning methods (e.g., convolutional neural network, recurrent neural network, and fully connected network) for velocity estimation and demonstrate the potential of data-driven methods for seismic inversion. Zhang, et al. [24] introduce the initial model in deep learning-based seismic inversion to achieve stable post-stack and pre-stack inversions using hybrid deep neural networks as an example. Kazei, et al. [25] utilize a convolutional neural network to compute seismic velocity using multiple common-mid-point gathers as input. Cao, et al. [26] develop a deep learning multi-parameter pre-stack seismic inversion method based on sparse reflection coefficient constraints. Zhang, et al. [27] combine the full-wave field simulation method and the deep learning method to obtain higher accuracy inversion results. These methods ignore the energy differences of seismic data in different frequency bands. When raw seismic data is fed directly into the network, the network has difficulty learning high frequency weak signal information resulting in low resolution inversion results.



The multi-scale inversion strategy is a good choice to make full use of the high frequency information. This method can effectively reduce the nonlinearity of the inverse problem and avoid the solution falling into local minima. Some scholars use the Hamming window, Wiener filter and wavelet transform to perform multi-scale decomposition of seismic data for full waveform inversion, which improves both the global convergence of the inversion and the resolution of the predicted subsurface parameters effectively [28,29,30,31]. Inspired by this, we introduce the multi-scale inversion strategy into deep learning-based seismic impedance inversion. In this paper, we propose to obtain seismic data with different scales using frequency division techniques and do normalization on the extracted multi-scale seismic data to ensure the consistency of the seismic signal energy in different frequency bands, which will then be used as input to the network so that the network can learn the high frequency information features more easily. Then, we validate the effectiveness of the multi-scale strategy using a convolutional neural network as the underlying network on synthetic model data and real case. In addition, since the proposed method performs seismic impedance inversion trace-by-trace, we further introduce the f-x predictive filtering technique to improve the lateral continuity of the inversion results and thus obtain more geologically reliable impedance profiles.



The main contribution of this paper is that a data-driven seismic impedance inversion method based on a multi-scale strategy is proposed to help the network learn high-frequency weak signal features more easily and thus improve the resolution of the inversion results. In addition, the f-x predictive filtering technique is introduced to improve the lateral continuity of the inversion results and obtain more geologically reliable impedance profiles. Meanwhile, the proposed method is compared with a data-driven method using raw seismic data as the input and a model-driven seismic impedance method. This paper is organized as follows: we begin with an introduction to the principles of training dataset construction, network building and f-x filtering. Next, we perform numerical experiments on the model and real data to verify the validity of the proposed method. Some conclusions and outlooks are reported in Section 4.




2. Methods


The proposed method still belongs to the category of supervised learning, where the training dataset and the network are two key factors. In this section, we first introduce traditional forward modeling based on known physical models to construct sufficient training datasets. Next, the multi-scale strategy and the proposed deep learning seismic impedance inversion method are reported. Then, a brief description of how the transfer learning strategy is introduced to extend the proposed method to field data with limited well-logs data is presented. Finally, we give a brief report on the principles of the f-x filtering technique.



2.1. Forward Model


The seismic signals in the post-stack profile can be modeled approximately by the convolution of seismic wavelet with reflection coefficients as follows:


  s ( t ) =    ∫  − ∞   + ∞    w ( τ ) r ( t − τ ) d τ    + n ( t )  



(1)




where   s ( t )   represents synthetic post-stack seismogram,   w ( τ )   is the seismic wavelet,   r ( τ )   is the reflection coefficient,   n ( t )   represents observation noise,  t  represents two-way travel time and  τ  denotes a point in time at a given moment. The reflection coefficient   r ( τ )   can be generated by using the difference and summation operators on the impedance model, as expressed in Equation (2):


  r ( t ) =    z  t + 1   −  z t     z  t + 1   +  z t     



(2)




where    z  t + 1     and    z t    represent the seismic impedance of the layer   t + 1   and  t , respectively. Given the impedance model and seismic wavelet, the corresponding synthetic seismic records can be calculated by combining Equations (1) and (2). Then, most deep learning based seismic impedance inversion methods take synthetic seismic data as input and impedance models as output and combined with optimization algorithms can build a mapping function to achieve conversion of seismic data to impedance. Although this is an effective method, this ignores the energy differences in different frequency bands in the seismic data, increasing the difficulty for the network to learn the information of weak signals at high frequency, thus leading to insufficient resolution of the inversion results.




2.2. Inversion Framework of Multi-Scale Strategy


Figure 1 shows the schematic diagram of multi-scale seismic data extraction. Take a three-layer model containing two reflective interfaces as an example. When the synthesized signal (yellow curve shown in Figure 1a) contains both a strong energy low frequency signal (sky blue curve shown in Figure 1a) and a low energy high frequency signal (red curve in Figure 1a), it can be seen that it is almost impossible to distinguish the position of the interface in the synthesized signal (yellow curve shown in Figure 1a). In other words, if we take that synthesized signal as the input of the network, it is difficult for the network to learn the features of the high frequency information at that point. In order to decrease the difficulty of the network to learn high frequency information features, it is necessary to separate the data in different frequency bands from the synthesized signal. Figure 2 shows the amplitude spectrum corresponding to the synthesized signal (yellow curve shown in Figure 1a). It can be seen that the signal of different frequency bands in the amplitude spectrum can be well separated. Therefore, we split the amplitude spectrum of the signal with different windows (green dashed lines shown in Figure 1b) and obtain the multi-scale seismic data by inverse Fourier transform, as shown in Figure 1c. It can be seen that the extracted multi-scale seismic data can match well with the low and high frequency signals contained in the original synthetic signal. After obtaining the multiscale seismic data, we normalize the different frequency band data to ensure that the contribution of different frequency band signals in the network learning process is the same. This can improve the effectiveness of the network for feature extraction of high-frequency signals and improve the resolution of the final prediction results.



Based on the above strategy, we can obtain multi-scale seismic data in different frequency bands from the original seismic data. In this paper, multi-scale seismic data is extracted from the original seismic data in three frequency bands, called low-frequency, mid-frequency and high-frequency seismic data, respectively. It is worth noting that when extracting high-frequency seismic data, the high cut-off frequency does not exceed 80 Hz to prevent high frequency noise from interfering with the results. Different high cutoff frequency will be set for different data based on the main frequency of the seismic data. Low-frequency initial model is a kind of data often used in conventional seismic impedance inversion methods, which can compensate the problem of insufficient low-frequency information in seismic data and, at the same time, can reduce the multi-solution of inversion results and improve the stability of inversion results. The original seismic data contains all acquisition information. After obtaining the multi-scale seismic data, therefore, it is fed into the deep neural network along with the original seismic data and the low-frequency initial impedance model, as shown in Figure 2. The output, or label, of the network is true seismic impedance model. Given seismic impedance models, we can construct sufficient training data sets by combining forward modeling theory and multi-scale data extraction strategy. The constructed training dataset is fed into a deep neural network to pre-train the network, thus establishing a non-linear mapping function between input and output. The trained network then enables seismic impedance inversion. The proposed method is not limited to a particular deep neural network framework, but can be directly applied to most of the deep neural networks, such as convolutional neural networks, fully connected networks and long short-term memory neural networks, etc.




2.3. Convolutional Neural Network


In this paper, we use the most general convolutional neural network as an example to verify the effectiveness of the proposed method. CNNs are developed and inspired by the structure of the visual system and are centered on extracting features from the input data using filters. The deeper the network depth, the deeper the level of features extracted from the input data. From its beginning to now, 1D, 2D and 3D CNNs have been developed. The tasks processed by different methods are usually different. For example, 1D CNN is suitable for processing sequence data, while 2D and 3D CNNs are usually applied to problems such as images, videos and texts [32]. Since the seismic impedance inversion is a multi-sequence input problem and contains coupling between different curves, the convolution of the CNN network used in this study is 1D structures.



Figure 3 shows the detailed architecture of the convolutional neural network used in this paper to facilitate the reader to reproduce the results of the subsequent numerical experiments. The multi-scale data acquired in the previous section is used as input for feature extraction by the convolutional neural network. CNNs can be used for local features processing as they take into account the correlation of local input data. The framework used here consists of two convolutional layers, which have the same parameters   ( 32  ,   3 × 1  ,   1 )  . ReLu activation functions [33] are connected after each convolutional layer to accomplish the nonlinear task. In addition, a dropout layer is added after the second convolutional layer to prevent the network from overfitting. After going through the convolutional neural network for feature extraction, the extracted features are flattened and then fed into the fully connected layer. Finally, the output of the fully connected layer is given to the final output layer to obtain the final prediction of the network. We utilize the mean square error to measure the loss between the network outputs and the given labels, and then the Adam optimizer [34] is adopted to optimize the network parameters (i.e., weights and biases) to obtain a deep neural network that can perform seismic impedance inversion. In this paper, we obtain the relatively optimal network parameters, including the number of layers, the number of neurons per layer and the size of the convolutional kernel, etc., through iterative experiments. This relies heavily on the experimenter’s experience, and it might be good to combine the choice of network parameters with an optimization algorithm.




2.4. Transfer Learning Strategy


Based on the above theory and strategy, we can obtain satisfactory results when the training dataset is sufficient (e.g., synthetic model data). However, in practice, it is difficult, if not impossible, to have sufficient training datasets (i.e., well-logs data) to be used directly for network training. Transfer learning is a research problem in machine learning that focuses on using the knowledge gained in solving one problem and applying it to another different but related problem for the purpose of accomplishing the task of a different problem [35]. The physical system (i.e., seismic forward modeling) used for the synthesized model data is an approximate representation of the actual problem, which is consistent with the conditions applied for transfer learning. Therefore, we introduce the transfer learning strategy for practical data applications to alleviate the problem that data-driven methods cannot achieve good application performance due to the limited amount of training data. The closer the simulated data is to the actual data, the more reliable the pre-trained network will be. In this paper, we first pre-train the network with synthetic model data to obtain a robust network and use the synthetic data for testing and validation. Then, the layers other than the fully connected layers in the pre-trained network are fixed [36] and the network parameters of the non-fixed layers are fine-tuned using the well-logs data so that the updated network is applicable to the actual data. In this way, the proposed method can be easily extended to practice case to obtain reliable seismic impedance.




2.5. f-x Filtering Technique


Since the proposed method performs seismic impedance inversion trace-by-trace, we further introduce the f-x prediction filtering technique to improve the lateral continuity of the inversion results, based on the assumption that the signal can be represented as a superposition of events with linear time differences. For a linear event, the signal in the trace n at any temporal frequency f can be expressed by: [37]


   S n  ( f ) =  S  n − 1   ( f )  e  − i ⋅ 2 π f ⋅ ϑ ⋅ Δ x    



(3)




where    S n  ( f )   represent Fourier transform of the    n  t h     trace of the original signal    S n  ( t )  ,  ϑ  and   Δ x   represent apparent slowness and spatial interval of adjacent trace, respectively, and   i =   − 1    . If p linear times are superimposed in the t-x domain, the following equation can be obtained:


   S n  ( f ) =  a 1   S  n − 1   ( f ) +  a 2   S  n − 2   ( f ) + ⋯ +  a p   S  n − p   ( f )  



(4)







Equation (4) can be written in the form of a prediction error as follows:


    ∑  k = 0  p    g k   S  n − k   ( f )   = 0  



(5)




where    g k    represents the coefficients of prediction error filter and    g 0  = 1  . The filtering operator    g k    is obtained by solving Equation (5), which can then be applied to the spatial trace to obtain the filtered results for frequency f. Once all frequencies have been filtered, inverse Fourier transform is performed to obtain the filtered t-x domain data.





3. Results


To verify the effectiveness of the proposed method, we apply the method to a benchmark Marmousi model and an actual data set, respectively. The seismic impedance inversion results of the multi-scale strategy are compared with those using conventional seismic data as input and those based on the model-driven method. For the validity and fairness of the result comparison, the deep neural networks used in the different methods are identical in the numerical experiments. In the subsequent experiments, the proposed method in this paper is called multi-scale seismic impedance inversion (MSII) and the conventional method is called single-scale seismic impedance inversion (SSII). The model-driven impedance inversion method is denoted MDII. In addition, to quantitatively evaluate the goodness of the inversion results, the root mean square error (RMSE) is introduced as a criterion to evaluate them with the following expression:


  RMSE =    1 n    ∑  i = 1  n     (  y i  −    Y i   ˜  )  2       



(6)




where    y i    and      Y i   ˜    denote reference values and predicted values, respectively.  n  indicates the total number of data points.



3.1. Synthetic Data Test


The validity of the proposed method is first tested on a benchmark Marmousi model. The model contains 3201 traces and 600 time samples with a time interval of 2 ms, as shown in Figure 4a. Then, synthetic seismic records can be obtained using the forward modeling method described in the theoretical section. Figure 4b shows the seismogram with a signal-to-noise ratio of two, which will be used in subsequent tests to verify the performance of the method. The seismic wavelet used here is a 20 Hz zero-phase Ricker wavelet. The initial model of low-frequency impedance obtained from the true impedance model using the low-pass filtering method is shown in Figure 4c. Figure 5 shows the multi-scale seismic data extracted using the multi-scale strategy. We randomly select 50 traces from the true impedance models to construct the training dataset, and 15% of this training dataset is used as the validation set. The network is pre-trained using the constructed training dataset, and then the pre-trained network is used in the 2D Marmousi model to implement the seismic impedance inversion of the entire profile.



Figure 6a,c,e shows the inversion results of SSII, MSII and MDII without f-x filtering, respectively. It can be seen that the inversion results of data-driven methods (i.e., SSII and MSII) outperform those of model-driven methods (i.e., MDII). The inversion results of MSII are more stable and have better continuity compared to the inversion results of SSII. Moreover, in some localized regions (black arrows), the inversion results of MSII reveal more details than those of SSII and are more consistent with the reference model. Figure 6b,d,f shows the normalized residuals between the inversion results of SSII, MSII and MDII and the true values. It can be seen that the residuals of the inversion results of data-driven methods are smaller compared to those of model-driven methods. The residuals of the inversion results of the data-driven methods are concentrated around the value of 0, which indicates the effectiveness of the methods, but the residuals of the MSII-based inversion results are smaller compared to the residuals of the SSII-based inversion results. However, since these methods perform impedance inversion trace-by-trace, their inversion results have poor lateral continuity, which increases the difficulty of subsequent interpretation. For this reason, we further introduce the f-x filtering technique to improve the continuity of the inversion results. Figure 7a,c,e show the inversion results of SSII, MSII and MDII with f-x filtering, respectively. It shows that the inversion results with f-x filtering can effectively improve the lateral stability. The normalized residual profiles (Figure 7b,d,f) of inversion results without and with f-x filtering show that the filtering process does not damage the effective signal and also show the better stability of MSII compared to SSII and MDII. In addition, the validity of the proposed method is verified quantitatively by comparing the RMSEs recorded in Table 1.




3.2. Field Data Example


Based on the success of the MSII method on synthetic model data, we further apply it to real data to confirm the applicability of the proposed method to real problems. A small 2D actual seismic data is used to test the effectiveness of the method, as shown in Figure 8a. In addition to the seismic traces, the data set contains data from four wells. The initial model of low-frequency impedance obtained based on the known well-logs data and the horizon information picked up from the seismic data is shown in Figure 8b. Figure 9 shows the multi-scale seismic data extracted using the multi-scale strategy. We select three of the four well-logs data to construct the training dataset, while the other well-log data is used as a blind well to validate the inversion results. Due to the limited well-logs data, it is difficult to obtain a robust network by using them directly for network training. We introduce the transfer learning strategy to overcome this problem. First, the layers of the network pre-trained using model data are fixed except for the fully connected layer. We then fine-tune the network pre-trained from the model data using the training dataset constructed from the well-logs data to ensure the stability of the network and make the updated network applicable to the actual data. Multi-scale data including multi-scale seismic data and low-frequency initial models are used as network inputs to finally realize seismic impedance inversion and obtain 2D seismic impedance profiles.



Figure 10a–e show the inversion results of SSII, MSII and MDII without and with f-x filtering, respectively. Blind well-log curves are also projected on the inversion results at the same time to facilitate comparison. The inversion results from all three methods can be well matched to the well-log curves at the blind well location. The data-driven approach yields higher resolution inversion results than the model-driven approach. In addition, the MSII results reveal more details and have better lateral continuity (black arrows) than the those of SSII. The continuity of the inversion results of SSII, MSII and MDII is further improved by the f-x filtering technique, as shown in Figure 10b,d,f. The normalized residual profiles (Figure 11a–c) of inversion results without and with f-x filtering show that the filtering process does not damage the effective signal. It also indicates that MSII has better stability compared to SSII and MDII. These findings are consistent with the conclusions of the synthetic model numerical experiments, which further validates the validity and applicability of the proposed method. Table 2 lists the RMSE between the blind well-log and the inversion results of SSII, MSII and MDII without and with f-x filtering. It is clear that the RMSE of inverted impedance from MSII with f-x filtering is the smallest. In summary, a series of numerical tests show that MSII has the best performance.





4. Conclusions


We developed a data-driven seismic impedance inversion method based on multi-scale strategy, which improves the resolution and stability of the inversion results of the data-driven method. The proposed method (MSII) is first applied to model data for impedance inversion and the inversion results are compared with those based on SSII and MDII. It is shown that the inversion results based on the data-driven approach (i.e., SSII and MSII) outperform the inversion results based on the model-driven approach (i.e., MDII), while MSII is optimal. In addition, we introduced the f-x filtering technique to improve the continuity of the inversion results and thus obtain a more geologically reliable impedance profile. Then, the transfer learning algorithm was introduced to overcome the limitation of limited training dataset in real data, thus successfully applying the proposed method to real data with satisfactory results. Overall, both synthetic model testing and practical data application qualitatively and quantitatively validate the effectiveness of the proposed method. However, the proposed approach is still fully data-driven and still relies heavily on the training dataset, although the transfer learning strategy alleviates the problem to some extent. Our next work will aim to establish a closed-loop data-driven framework for label-free MSII by introducing a known physical system, and to capture the uncertainty of the inversion results to achieve reliability evaluation of the inversion results.
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Figure 1. Schematic diagram of multi-scale seismic data extraction. (a) Synthesized seismic signal. (b) The amplitude spectrum of the synthesized signal, where the dashed green line indicates the crossover window. (c) The extracted multi-scale seismic data. 
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Figure 2. Deep learning seismic impedance inversion framework based on multi-scale strategy. 
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Figure 3. Network structure diagram of CNN-based seismic inversion. 
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Figure 4. Synthetic data test of Marmousi model: (a) True impedance model. (b) Synthetic seismic records. (c) Initial impedance model. 
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Figure 5. Multi-scale seismic data: (a) Low frequency data. (b) Medium frequency data. (c) High frequency data. 
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Figure 6. (a) The inverted impedance using SSII without f-x filtering. (b) The residual profiles between SSII inversion results without f-x filtering and reference values. (c) The inverted impedance using MSII without f-x filtering. (d) The residual profiles between MSII inversion results without f-x filtering and reference values. (e) The inverted impedance using MDII without f-x filtering. (f) The residual profiles between MDII inversion results without f-x filtering and reference values. 
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Figure 7. (a) The inverted impedance using SSII with f-x filtering. (b) The residual profiles of SSII inversion results without and with f-x filtering. (c) The inverted impedance using MSII with f-x filtering. (d) The residual profiles of MSII inversion results without and with f-x filtering. (e) The inverted impedance using MDII with f-x filtering. (f) The residual profiles of MDII inversion results without and with f-x filtering. 
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Figure 8. Real data test: (a) Original seismic records. (b) Initial impedance model. 
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Figure 9. Multi-scale seismic data: (a) Low frequency data. (b) Medium frequency data. (c) High frequency data. 
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Figure 10. (a) The inverted impedance using SSII without f-x filtering. (b) The inverted impedance using SSII with f-x filtering. (c) The inverted impedance using MSII without f-x filtering. (d) The inverted impedance using MSII with f-x filtering. (e) The inverted impedance using MDII without f-x filtering. (f) The inverted impedance using MDII with f-x filtering. 
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Figure 11. (a) The residual profiles of SSII inversion results without and with f-x filtering. (b) The residual profiles of MSII inversion results without and with f-x filtering. (c) The residual profiles of MDII inversion results without and with f-x filtering. 
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Table 1. The RMSE of the inversion results (Marmousi model) of SSII, MSII and MDII combined with and without f-x filtering.
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	Without f-x Filtering
	With f-x Filtering





	SSII
	0.59
	0.50



	MSII
	0.48
	0.44



	MDII
	0.90
	0.85
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Table 2. The RMSE of the inversion results (blind well) of SSII, MSII and MDII combined with and without f-x filtering.
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	Without f-x Filtering
	With f-x Filtering





	SSII
	1.41
	1.25



	MSII
	1.27
	1.22



	MDII
	1.51
	1.40
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