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ABSTRACT: Airborne laser scanning (ALS) is widely adopted to acquire digital elevation models (DEMs) of the Earth's surface due to its ability to penetrate tree canopies. DEMs are derived by interpolating ground points acquired from ALS data. In this research, we selected Kriging as the interpolation method, which is popular for its consideration of best linear unbiased estimator (BLUE) and spatial correlation in the data. Kriging assumes data in the space have a certain degree of correlation. The spatial correlation is associated with the spatial distribution and distance of the data and is used to calculate both Kriging estimation and Kriging variance. Kriging estimation represents the DEM, while Kriging variance serves to assess the accuracy of Kriging estimator. For example, in thick canopies areas with limited ground points, the accuracy of Kriging estimation may decrease. In these cases, Kriging variance quantifies the accuracy of Kriging estimator, where a larger value indicates weaker spatial correlation and lower estimation accuracy, and vice versa. The reason why we focused on Kriging variance is that though we can use root mean square error (RMSE) to assess the accuracy of DEM. However, we can only get one value for whole site. If we want to know the accuracy of each grid, kriging variance is the best proxy. Our research encompasses 60 regions, including mountainous and hilly terrains, specifically selected to test the accuracy of void areas. Initially, we created voids of different sizes on mountain peaks, valleys, and slopes to simulate dense canopies areas. Subsequently, we calculated spatial correlation of data through semi-variogram model, with an emphasis on selecting the appropriate theoretical model and adjusting the range, which controls the consideration of spatial correlation within a given distance while disregarding those further away. In our study, range was adjusted based on void sizes to achieve better fit for the semi-variogram model. And the lag distance we used is 0.5 meter because the nominal ground point density is 2 points per meter square. After determining the spatial correlation of the data, we calculated the Kriging estimation and Kriging variance to assess the accuracy of DEM affected by different sizes and locations of voids. Then through cross validation, we calculated RMSE to validate the selection of Kriging parameters and evaluate the performance of it.

introduction
Motivation
In Taiwan, we use a figure called “void diagram” to assess the quality of ground points from ALS point cloud. Void diagram is derived by calculating Delaunay triangulation. When the length of triangle is large, it represents that there is lack of ground points. Thus, we can use this void diagram to get an overview and exam the distribution of points. Figure 1. shows that we define the length into 7 parts. Areas with sparse points are presented as darker colors. However, this method cannot precisely provide the value to quantify the quality. It’s more about visualization. We want to produce something that can evaluate the accuracy of our DEM. Thus, we head to find a much more appropriate interpolation method that can give the quality assessment. Interpolation methods always give the prediction result and then use RMSE to do the accuracy assessment. However, RMSE can only give one value for whole study site. It cannot give furthermore information. But Kriging can do it. Besides providing prediction result, it also calculates Kriging variance, which assess the accuracy of each grid. Rely on this output, we can quantify the quality of ALS derived DEM in detail. 
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Figure 1.  Void diagram of ground points (Kuo et.al 2016)

Aims
Nowadays, ALS is a common way to gather topographical information. It can acquire dense points that involve 3D coordinates, intensity, reflections, and so on. Through the steps of removing noise and classification, we can finally define which point is belong to ground point. Then, by using these ground points, DEMs can be conducted through various interpolation methods. The part of choosing interpolation methods is an important issue that is needed to discuss. And then we finally choose Kriging method depend on its ability to calculate Kriging variance. 
To improve the method of DEM accuracy assessment, we take Kriging method instead of using void diagram. In this research, we design some different scenarios of terrain and test on Kriging parameters to investigate the influence of lack of points.  

Overview
The main body of this paper is consisted of several parts, start with a brief introduction of Kriging algorithms, including three kinds of Kriging, simple, ordinary, and universal. And then the reason why we used ordinary Kriging. The following is the dataset. Then we modified some parts to simulate the scenarios of lack of points in different terrain. After the Kriging calculation, there is the result and discussion. 

Reference to related work
Before, we can only use point density or number of points to examine the quality of ALS point cloud. Now, we adopt Delaunay triangulation to procedure void diagram to inspect the quality, However, these methods cannot quantify the point cloud data. Thus, we adopt Kriging methods to have a proxy for ALS DEM accuracy. These result can help to assess the reliability of ALS flight plan and progress. 

algorithms
There are several kinds of Kriging that have different assumptions: simple Kriging with constant mean, ordinary Kriging with local mean, universal Kriging with the trend, and so on. The algorithms of different Kriging methods are similar with minor differences. There are two main outputs of it are Kriging prediction and Kriging variance. Kriging prediction gives the interpolation result and Kriging variance gives the confidence of Kriging prediction. In this task, we mainly adopt ordinary Kriging without trend. 
To produce the kriging mean we need to focus on two important concepts in kriging algorithms first, covariance, and variogram, some studies call it semi-variogram. Covariance represents the correlation between two variables and the variogram represents the degree of different between two variables. These two are contrast concepts. The covariance formula is like below: 
			(1)
			(2)
			(3)
			(4)
where 	C = covariance
	E = exception
	Z = union of sample data
	 = mean
	u = value of specific location
	h = distance 

Then the variogram formula is like below: 
			(5)
where 	 = variogram
	
We can notice that variogram is not related to the value of sample mean. It is important that the definition of sample mean in different type of kriging are different. Through the calculation, we can product a figure that represents the relationship between variogram and the distance. Figure 2. has some parameters. We can regard nugget as a noise sometimes, its name is from mining field. Because the distribution of gold is discrete and far from each other, it means that in a very short distance, there would be some degree of different. Sill is the variance, exactly. It represents the maximum difference between the variables. When the range is reaching the distance that the variogram does not increase, we can regard those data is not correlated with the specific point. Thus, we don’t need to consider them. These parameters are adjusted depend on our data and experiments in this research. 
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Figure 2.  Variogram features (Emanuele Barca et al. 2016)

As Figure 2. shows, when the distance between points is getting longer, the variance also gets larger. After the calculation, which model better fit the experimental variogram needs to be considered. There are five kinds of common variogram models in Figure 3., spherical, circular, exponential, linear, and Gaussion model. The main difference of these model is that the degree of difference in the beginning. We can notice that in Gaussion model, the slope increases slowly in short distance, this characteristic better fit the data we use. We test hundreds of our terrain ground points data and it always shows the pattern of Gaussion model. 
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Figure 3.  Different kinds of theoretical model (Open Source Geospatial Foundation)

Once the variogram model determined, we can head to calculate prediction result and Kriging variance. 
When we finish the variogram model, we can keep calculating the several kinds of kriging. In kriging methods, best linear unbiased estimator (BLUE) is a core concept. Best means to minimize the variance. Linear means kriging formula is a linear composition. Unbiased can be explained by the relationship between measurements and the mean. That is, the expectation of the difference between them is zero. 
Steps of calculating kriging is first calculate the variogram. Second, fit the variogram model. Third, the kriging system calculation. In this step, we use the covariance between variables to calculate the weights. Them, we can get the kriging mean and kriging variance through their different definitions.
In simple kriging, it satisfies the second order stationary, in other words, it satisfies that the mean is known and does not change with the position. And the covariance only related to the distance between variables. The below formula shows the kriging mean  and kriging variance , the 0 represent the specific position we want to get. 
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In ordinary kriging, the mean is not always the same. It’s a constant. However, it’s a trade off. OK needs to satisfy a constraint: the accumulated of weights equals to one. This, Lagrange multipliers is adopted. OK can also conduct kriging mean and kriging variance individually.
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Universal kriging no longer satisfies the station assumption. Thus, the mean value of it is differ in a deterministic way in different positions. Only the variance is a constant. It also considers the trend of the dataset. 
In my data, each dataset is 200 meter squared. We only to consider the spatial relationship within 70 meters to reduce the computing time. Thus, we conduct a variogram model as Figure 4. shows. It only computes the spatial correlation within 70 meters. After acquiring the variogram model, we can use it for kriging computations. In this task, I use ordinary kriging with trend, ordinary kriging without trend(detrend), and universal kriging. My data is related to terrain, thus it has some kind of trend that influence the data. We can consider it as a first order, second order, or third order trend. In this case, we calculate the second order trend and them minus it before Kriging calculation, as Figure 5. as an example. 
· Ordinary kriging: the computation is simple, use weighted to calculate the result 
· Detrended ordinary kriging: before the ordinary kriging algorithm, minus the trend surface in elevation 
· Universal kriging: consider the trend into the algorithm 
The reason why we adopted detrended ordinary Kriging is that we need to consider the trend because of the data we used is about terrain. And then we can better define the type of trend if we simulate it by ourselves. When finishing the kriging methods, we would have kriging prediction and kriging variance. Then, adopting cross validation to exam the fitness of each variogram models.

data and study areas
We use ALS point cloud data with Taiwan 1/5000 map sheet as a unit and cut it into 200 meter squared as per study area. After the steps of removing noises and classification, we get the point cloud which only include ground points. The density is at least 2 ground points per square meter. We have these point cloud data of whole Taiwan and choose two kinds of terrain, mountainous and hilly areas because of the difference of high, distribution, roughness, and tree species. For the reason of simulating the scenarios of thick canopies, which results in sparse or no ground points acquired, we dig out different radius of circle of point cloud on peak, slope, and valley areas. The radius is from 5 meter to 25 meter. The reason why we choose these three kinds is that we want to see if the pattern of the terrain is different, it would affect the result of Kriging method or not. Thus, we finally use these three kinds from two main terrain, mountainous and hilly, and hollow different sizes of void to simulate thick canopies. 

methodology
As the modification we did on our dataset, we hollowed the ground point cloud with different sizes of circle to simulate thick canopies that results in lack of points. We selected three kinds of topography variations: slope, valley, and peak in two kinds of terrain: mountainous and hilly. The reason why is that we think different terrain variations have its own pattern, and the pattern would affect the result of interpolation. After the preparation of data, we need to consider the trend of our dataset. The point cloud we used is about terrain. As we know, Kriging method consider the spatial correlation between points in the space. Thus, we need to simulate the trend surface and minus it to avoid the affection. Generally, we consider second order trend surface due to the consideration between computation time and precision. Once we get the second order surface, we minus it before doing Kriging calculation.
In Kriging calculation, there are so many parameters we can adjust. We can simply split the progress into three parts: variogram, prediction, and Kriging variance generation. In variogram generation, we set the parameters like Figure 2. shows, nuggets, sill, and range. Worth mentioning, the range we set is 70 meters. Consider the observation points of our data is sufficient even excessive, we need to decrease the computation time and also consider the spatial correlation. Then, choose Gaussion model as theoretical model to make the variogram model. Once the variogram model is determined, we can use it to compute Kriging prediction and Kriging variance. In this step we made 200-meter length of grid to do the interpolation to get 1-meter resolution result. The main part of this step is to set suitable points to calculate. There are two ways to constraint the points taken to consider. One is using distance and another uses number of points. We finally take second one and use neighbour 200 points to do the Kriging calculation. Then, after getting prediction result and Kriging variance, we adopted cross validation to see the appropriateness of the model. 

results and discussion
We simulated around 60 different scenarios of point cloud to produce Kriging prediction and Kriging variance. Firstly, fit the second order trend of each data like Figure 4. shows. It contains 6 different scenarios. Upper ones are mountainous and lower ones are hilly terrain. From left to right is peak, slope, and valley in order. Here we only show 5-meter radius of hollowed circle for visualization. After we get the trend surface, minus it in Z value and head to calculate the variogram model. After calculating, fit the experimental model and theoretical model together to get the variogram model we want to use. The variogram models are shown in Figure 5. They all show the same pattern of Gaussion model and have good fitting in short ranges. These variogram models ensure the correlation between points in each dataset. Then, we can do the Kriging calculation. The output would be Kriging prediction (DEM) as Figure 6. shows and Kriging variance as Figure 7. shows. Left figure shows radius of 5-meter void. It doesn’t show much different with other locations because the void area is small, similar as other where are lack of points. The range is around 0.16 to 0.56. However, the right figure has range from 0.14 to 2.73. It shows a big circle where we crop the points. Thus, it proves that we can use it to as a proxy for ALS DEM accuracy. We output them into .tif format that we can put them into GIS software to do the analysis. We also output then into csv that record the prediction result and Kriging variance of each grid. Through our experiment, the value of Kriging variance is from 0 to 4 in 5-meter radius void data and from 0 to 20 in 25-meter radius void data. The terrain variation, peak, slope, and valley do not affect the result of Kriging method instead. However, there is a situation needed to be discussed. There are some values of Kriging variance very close to zero, about 1e-14. When we examine the data in detail, those pixels all have an observation point in the middle of each grid. This situation causes Kriging variance present close to zero. In other words, the prediction is accurate. 
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Figure 4.  Second order trend surface of different study sites
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Figure 5.  Variogram model of different study sites 
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Figure 6.  Kriging prediction result of different study sites(up 95181029M, down 96221039H,left2right PSV, void=10)
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Figure 7.  Kriging variance comparison of 5-meter and 25-meter radius void

Conclution
We designed different scenarios and parameters of Kriging to test whether Kriging variance can become a proxy of ALS DEM accuracy or not. The result shows that it can give a value of accuracy of each grid. This can help to assess the accuracy of ALS DEMs. Though the flight plan and overlap influence the data a lot. Data we used is from different companies with different LiDAR. Thus, the range of Kriging variance would have some degree of difference that affect the results. The steps of filter the raw data and classification also affect our experiment. However, we examine the Kriging variance and design different scenarios to prove that Kriging variance is a suitable proxy to assess the accuracy of estimator instead of using void diagram. 
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