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Abstract

:

The digital elevation model (DEM) is crucial for various applications, such as land management and flood planning, as it reflects the actual topographic characteristic on the Earth’s surface. However, it is quite a challenge to acquire the high-quality DEM, as it is very time-consuming, costly, and often confidential. This paper explores a DEM improvement scheme using an artificial neural network (ANN) that could improve the German Aerospace’s TanDEM-X (12 m resolution). The ANN was first trained in Nice, France, with a high spatial resolution surveyed DEM (1 m) and then applied on a faraway city, Singapore, for validation. In the ANN training, Sentinel-2 and TanDEM-X data of the Nice area were used as the input data, while the ground truth observation data of Nice were used as the target data. The applicability of iTanDEM-X was finally conducted at a different site in Singapore. The trained iTanDEM-X shows a significant reduction in the root mean square error of 43.6% in Singapore. It was also found that the improvement for different land covers (e.g., vegetation and built-up areas) ranges from 20 to 65%. The paper also demonstrated the application of the trained ANN on Ho Chi Minh City, Vietnam, where the ground truth data are not available; for cases such as this, a visual comparison with Google satellite imagery was then utilized. The DEM from iTanDEM-X with 10 m resolution categorically shows much clearer land shapes (particularly the roads and buildings).
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1. Introduction


An explosion of remote sensing data has led to a spectrum of very useful applications, such as the digital elevation model (DEM). Challenges in developing countries include limited project funding to acquire the high-spatial resolution and high-accuracy digital elevation model (DEM), and its availability is often limited due to confidentiality. This study focuses on a DEM improvement technique. Remote sensing data and an artificial neural network (ANN) are proposed to significantly improve the original remote sensing DEM data for areas where the high spatial resolution and high accuracy DEM is not available. Remote sensing is the process of identifying and monitoring the physical characteristics of a region by measuring its reflected and produced radiation at a distance. This technology has been used in taking images of the Earth’s surface, as well as tracking the growth of an area and changes in land uses; these data are categorized as big data [1,2,3].



One of the focuses in this research is on the satellite DEM, which is crucial in many applications of land surface modeling, such as hydrodynamics, flood simulations, volcanology, ecology, and glaciology modeling [4,5,6,7]. Several elevation data on an almost global scale were provided, for example, by GTOPO30, the Shuttle Radar Topography Mission (SRTM), Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), the Advanced Land Observing Satellite (ALOS) World 3D—30 m (AW3D30) DEM, and TanDEM-X [8,9,10,11]. Some of them are publicly accessible, while some are available at a cost.



The German Aerospace Center (DLR) operates twin synthetic aperture radar (SAR) satellites to generate an updated global DEM. The primary objectives of the TanDEM-X mission are listed in Table 1 [12,13]. SAR interferometry is appropriate for the global mapping of the Earth’s surface in a short period, as it overcomes the day and night effect and all-weather conditions using an X-Band signal [14]. Wessel et al. (2018) conducted an assessment of TanDEM-X elevation with GPS data over different land covers; the assessment showed (1) a low root mean square error (RMSE) ranging from 0.95 to 1.80 m for low vegetation and open developed areas, and (2) a high RMSE ranging from 1.28 to 2.57 m for densely vegetated areas [14].



Sentinel-2 is an Earth observation mission developed by the European Space Agency (ESA) as a part of the Copernicus Programme to perform terrestrial observations in support of services such as forest monitoring, land cover changes detection, and natural disaster management [15]. It consists of twin polar orbiting satellites in the same orbit, with a phase difference of 180 degrees between the two satellites. The Sentinel-2 multispectral instrument (MSI) obtains the reflective wavelength of the multispectral observations with directional effects caused by the reflectance anisotropy of the surface [16]. The MSI aims to measure the Earth’s reflected radiance through the atmosphere in 13 spectral bands spanning from the visible and near-infrared (VNIR) to the short-wave infrared (SWIR) [17]. The multispectral imagery can be used for land use classification, seasonal monitoring, and agricultural and environmental applications [18,19,20]. Sentinel-2 data, with a five-day revisit frequency, are also publicly accessible. Kim et al. (2018) analyzed the different reflectance of Sentinel-2 for different land uses. The reflectance of short-wave infrared (SWIR) bands (Bands 6–8) in forest areas is higher than that in urban areas; on the other hand, the reflectance of near-infrared (NIR) bands (Bands 2–5) in urban areas is higher than that in forest areas [21]. In this study, this multispectral imagery was used to classify the different land covers, which have different error patterns.



There are many studies on improving or correcting satellite DEMs using other remote sensing data and various methods to overcome the aforementioned limitation [22,23,24,25]. Muhadi et al. (2019) derived a DEM using the data fusion technique. It exploited laser scanning and aperture radar to create a new dataset for oil farm plantation. The performance of using two datasets showed less error than using one dataset [26]. Meadows et al. (2021) applied a fully convolutional neural network to improve SRTM using multispectral imagery, nighttime lights, and other freely available global datasets. The author compared the performance of different types of machine learning models, and concluded that training with spatial data outperforms those trained with pixel data [27]. It should be noted that the areas considered by Meadows et al. (2021) are mainly open spaces, not urban cities, as in the present study.



Kim et al. (2020) applied the ANN together with Sentinel-2 multispectral imagery to improve the SRTM_DEM (30 m resolution) in dense urban cities. The results showed that the RMSE of the improved SRTM was reduced by about 35–38%, and the visibility of land shapes, buildings, and roads was significantly clearer than that of their counterparts in the original SRTM [4]. The approach in Kim et al. (2020) is now applied to TanDEM-X (12 m resolution) to see whether this approach could still improve its relatively high spatial resolution DEM. Additionally, the performance of improved TanDEM-X (iTanDEM-X) will be assessed over different land covers to assess the different characteristic of errors using a high-resolution surveyed DEM in Nice (France) and Singapore.



The paper is organized as follows: the available data of the TanDEM-X improvement are summarized in Section 2; the methodology of the scheme, including data preprocessing, the assessment method, and ANN configuration, is shown in Section 3; in Section 4, the assessments of TanDEM-X with different land covers are discussed; the performances of the improved DEM scheme are presented in Section 5; and, finally, summaries and highlights of the main results are discussed and recommendations are made for future studies in Section 6 and Section 7, respectively.




2. Data


2.1. TanDEM-X


TanDEM-X data were received within the TanDEM-X DEM Announcement of Opportunity project of the German Aerospace Center [28]. The data cover three areas: Greater Nice (France), Greater Singapore, and Greater Ho Chi Minh City (Vietnam).




2.2. Sentinel-2 Multispectral Imagery


Sentinel-2 data were downloaded for three areas, as shown in Table 2. The selection of Sentinel-2 imagery was taken based on low cloud presence, as its presence leads to the inaccuracy of the ground reflectance. The cloud filtering process in this study involves the screening of satellite imagery metadata and shortlisting those that are attributed to a known cloud presence of less than 10%. From the shortlisted tiles, visual screening of the least cloud presence at the study area was carried out.




2.3. Ground Truth DEM


The ground truth DEM data (1 m spatial resolution and 40 cm vertical accuracy) in Nice, provided by Nice Côte d’Azur Metropolis, and that in Singapore, provided by Singapore’s Building and Construction Authority, are used for training the ANN. Both DEMs were collected in 2014 and 2011, respectively. The performance of the TanDEM-X and iTanDEM-X was evaluated using these ground truth data.




2.4. Building Footprint


OpenStreetMap (OSM) is a collaborative volunteered geographic information (VGI) project. It provides data that can be used in various ways, including the production of a digitized map to the public at no cost [29]. A building footprint can be downloaded from OSM Buildings (http://osmbuildings.org, accessed on15 February 2021) in a vector data format that can be read in the geographic information system (GIS) software.





3. Methodology


3.1. Data Preprocessing


Since TanDEM-X has a 12 m horizontal resolution, while the reference DEM has a resolution of 1 m and Sentinel-2 has a resolution of 10–60 m, all of the input and output layers were standardized to a 10 m resolution through the nearest neighbor sampling method [30]. Additionally, the elevation used in TanDEM-X was ellipsoidal heights referenced in the WGS84-G1150 ellipsoid [31], while ground truth elevations were referenced in the Earth Gravitational Model 96 (EGM96) geoid heights [32], so all elevations were converted to geoid height.




3.2. Deriviation of Different Land Covers


The Sentinel-2 multispectral imagery can be utilized to classify various land covers using the feature of different wavelengths. This study first distinguishes the various land cover areas (vegetated, built-up, and water areas) from the Sentinel-2 data for Nice and Singapore. Table 3 shows the formula of the land cover index and the threshold value used in this research.



The normalized difference vegetation index (NDVI) is a basic graphical indicator that can be derived from remote sensing measurements to measure the green vegetation in the target area. The NDVI ratio is calculated from the contribution of visible wavelength and near-infrared wavelengths [33]. Generally, the NDVI values range from −1 to 1, where higher values represent more dense vegetation [34]. The fraction for NDVI is presented in Table 3. The NDVI values calculated for Nice and Singapore varied from −0.77 to 1 and −0.23 to 0.72, respectively. NDVI values greater than 0.3 were considered as vegetated land for both area and visual-based classifications.



The normalized difference built-up index (NDBI) highlights the urban areas with a typically higher reflectance from SWIR than the NIR [35]. The values ranged from −1 to 0.69 in Nice and from −0.59 to 0.41 in Singapore. NDBI values greater than 0.05 were considered as built-up areas for Nice and Singapore.



The normalized difference water index (NDWI) is a normalized ratio between the green band and NIR for measuring the water content in water bodies [36,37]. The values ranged from −1 to 0.77 in Nice and −0.47 to 0.43 in Singapore. The values greater than 0.03 and 0 were considered as water body areas for Nice and Singapore, respectively. The threshold values were based on visual assessment using satellite imagery.



The different land covers from NDVI, NDBI, and NDWI values and the building footprint from OSM were used to assess the performance of TanDEM-X and iTanDEM-X.




3.3. Evaluation Methods


The performance of the DEM improvement scheme was evaluated through visual clarifying, scatterplots, and two statistical measures, the mean error (ME) and root mean square error (RMSE) [4,14,24,38,39].



ME calculates the average magnitude of errors between the surveyed (   y j   ) and simulated (   y i   ) elevations at a number of points (N) in the DEMs by considering their direction (Equation (1)).


  ME =     ∑   i , j  N   (   y i  −  y j   )   N   



(1)







The RMSE is the square root of the average of squared differences between surveyed (   y j   ) and simulated (   y i   ) elevations at a number of points (N) in the DEMs without considering their direction (Equation (2)). The RMSE is the standard way to compute the degree of accuracy between a set of estimates and the actual values [40,41].


  RMSE =       ∑   i , j  N     (   y i  −  y j   )   2   N     



(2)







In a set of estimates, the ME and RMSE can be used together to diagnose the difference in the errors. If the values are close to zero, then the performance of the estimation output is considered good.




3.4. ANN Configuration


The Matlab Neural Network Tool was used to develop the DEM improvement scheme in this research. It provides a neural network to generalize nonlinear relationships between inputs and outputs using feed-forward and backpropagation networks. It contains multiple neurons arranged in layers, and all of these have connections. It consists of an input layer, one hidden layer, and one output layer; thus, the notation is a two-layer feedforward network, as shown in Figure 1 [42]. The training stage is able to converge with the optimal target function by means of the alteration in the weights systematically. Initially, random values are assigned to weights, and the network has to be trained to find the optimal weights. To achieve this, the first output of the neural network has to be compared to the desired output and an error is first determined; using this error, the weights of the network are adjusted proportionally to their contribution to the error in the output using the backpropagation algorithm [43,44].



In this study, the network is trained with the Levenberg–Marquardt (LM) backpropagation algorithm to minimize the error between the target and output layers using the mean squared error for the cost function [45,46]. Table 4 shows the input, target, and output layers in the ANN. In this study, the dataset of the training site was divided into 70% for training, 15% for an overfitting test, and 15% for independent testing of network performance. The selection of the data was conducted randomly. The Sentinel-2 reflectance values (bands 2–8A) and TanDEM-X were placed in the input layer and the ground truth elevations were placed in the target layer. Two separate ANN trainings were used, one only for buildings and the other for the entire area without buildings. Buildings were classified with building footprints from Open Street Map (OSM). The elevations of iTanDEM-X were the output of the resulting ANN process. The outputs from two ANNs were merged into one DEM using a mosaic to create a new raster function in ArcGIS [47]. In this study, the reported results originated from a neural network using only one hidden layer with a hyperbolic tangent activation function.




3.5. Flowchart of the Methodology


The methodology of this research is summarized in Figure 2. Various remote sensing data were collected, including satellite DEM and multispectral imagery. Then, the data were preprocessed to assess TanDEM-X’s accuracy and to prepare for ANN input. Finally, the data were trained in Nice, validated in Singapore, and applied to Ho Chi Minh City.





4. Assessment of TanDEM-X over Different Land Covers in Nice, France


To better quantify the quality of TanDEM-X, elevation values were categorized by different land cover types. Three major land cover classes were considered—built-up area, vegetation, and water bodies—from the derived NDBI, NDVI, and NDWI, respectively. In addition, to separate the effect of open space in built-up areas, such as roads, airports, and stadiums from NDBI, pure building areas from building footprints were compared. Figure 3a shows three land covers, NDBI, NDVI, and NDWI, derived from Sentinel-2 in Nice. Figure 3b shows the building footprints provided by OSM. The area of the study domain was 74.3 km2 and its elevation ranged from 0 to 380 m.



Figure 4 shows the scatterplot of TanDEM-X against the reference DEM for each land cover class. The performance of TanDEM-X over the NDBI area is shown in Figure 4a. The scatterplot and ME calculation show that TanDEM-X underestimated the elevation in the built-up area, with an RMSE of 7.69 m. Figure 4b shows the performance of TanDEM-X in the NDVI area. The calculated RMSE and ME were 5.96 m and 2.19 m, respectively. The scatterplot shows that TanDEM-X overestimated the vegetated area. Figure 4c–f shows the scatterplots with the ME and RMSE over NDWI, including buildings and the rest of the area (i.e., the area not classified in NDBI, NDVI, and NDWI).



Overall, there was a reasonable agreement between TanDEM-X and the reference DEM, with an RMSE of 6.75 m. The building area showed the greatest RMSE in different land cover areas, and the NDWI area showed the lowest RMSE of 3.36 m. Generally, TanDEM-X underestimated the elevations in built-up areas, buildings, and the rest of the area, while the elevations of vegetation areas were overestimated by TanDEM-X.




5. Performance of iTanDEM-X, Trained in Nice, When Applied in Singapore and Ho Chi Minh City (Vietnam)


Kim et al. (2020) [4] showed that the ANN trained in Nice with SRTM_DEM (30 m resolution) could be applied to a faraway site, Singapore, to produce a DEM that is visually much clearer and with a much-reduced RMSE than the original SRTM_DEM. In this study, of greater interest is to see whether the ANN trained in Nice can generate a DEM in Singapore, with a significantly better quality than the original TanDEM-X. Note that Singapore has a high-resolution surveyed DEM (1 m resolution) for validation. To evaluate the performance of the iTanDEM-X in Singapore, elevations, classified by different land cover types, were assessed. Figure 5a shows the boundary of the study area in Singapore, while three DEM products, the reference DEM, TanDEM-X, and iTanDEM-X, are shown in Figure 5b–d, respectively. The reference DEM showed the clearest land shapes (i.e., buildings and roads), and iTanDEM-X captured the characteristics of the buildings much better than those of their counterparts in the original TanDEM-X.



The scatterplots of TanDEM-X vs. the reference DEM are shown in Figure 6. Among the six scatterplots in Figure 6, NDVI and the building areas showed clear characteristics in the bias. The scatterplot of NDVI (Figure 6b) shows that the TanDEM-X values overestimated the elevation compared to the reference values, while the TanDEM-X values in the building area (Figure 6d) underestimated the elevation. This is a similar trend with the data from Nice. Overall, the RMSE value from the entire area was 14.56 m, and there were two clusters in the scatterplot, which reflected the overestimation in the vegetation area and underestimation in the building area.



Figure 7 clearly demonstrates that the improved TanDEM-X had a better agreement with the reference DEM from all of the different land cover areas. In particular, the RMSE in NDVI was reduced from 15.31 to 5.32 m, which was a 65% improvement. The two clusters that were seen in the original TanDEM-X scatterplots had weakened outlines, and the points are placed at the centerline. As shown in Figure 7e, the RMSE was reduced from 14.56 to 8.21 m (a 43.6% reduction).



Table 5 summarizes the error statistics of TanDEM-X and iTanDEM-X compared to the reference DEM. The ME of the original TanDEM-X suggests that the error of the underestimated cluster contributed more weight than the overestimated cluster for built-up/building areas, while the overestimated cluster contributed more to vegetation areas. The error statistics demonstrated that iTanDEM-X significantly improved the overestimated vegetation areas of the original TanDEM-X.



The ANN trained in Nice was then applied to Ho Chi Minh City, where the ground truth DEM was not made available to the study team. The network performance, however, can use Google satellite imagery for visual comparison.



Figure 8 shows the satellite imagery and topography from TanDEM-X and iTanDEM-X near Tan Son Nhat International Airport in Ho Chi Minh City. Buildings, roads, and shapes of the grounds were much clearer in the iTanDEM-X. Two areas are highlighted for comparison; one area, Area 1, is mainly a vegetated area, while the other area, Area 2, is mainly a built-up area. In Area 1, the shapes of green patches and different land covers are clearly distinguished in iTanDEM-X. In Area 2, the roads and building blocks are clearly recognized, and matched well with the satellite imagery.




6. Discussion


The DEM improvement scheme was developed using an ANN with TanDEM-X, together with Sentinel-2 multispectral imagery. Firstly, the accuracy of TanDEM-X was assessed with ground truth data in Nice and Singapore over different land cover areas (NDBI, NDVI, and NDWI). These different land cover areas were derived from Sentinel-2 multispectral imagery, which exhibits different reflectance values for different wavelengths. In addition, the building footprints from OSM were used to distinguish the pure building areas. The areas that are not classified in the three land cover types above were expressed as the rest of the area. The different biases of the TanDEM-X elevations are observed in different land cover areas. The values are overestimated in the NDVI areas, clearly due to the X-band signal having little penetration into the vegetation cover [48]. On the contrary, TanDEM-X underestimates the elevation in NDBI and building areas; this is expected, as the NDBI value for a grid represents the average elevations of a low-lying area (or road) and high-rise buildings [49,50]. It is suggested to develop a method to set the threshold to complement the visual assessment with satellite imagery.



The trained ANN was able to classify the different land covers with the assistance of eight bands in Sentinel-2. Based on the various land characteristics, different weights were calculated to reduce the error between the elevation of TanDEM-X and the reference DEM. As summarized in Table 5, the performance of the iTanDEM-X showed a significant RMSE reduction of 43.6% over the entire area. The NDVI area showed the greatest improvement (65% reduction), while the NDBI area showed the least improvement (21% reduction). This can be explained by the fact that the building heights (higher than 60 m) did not clearly match with ground truth data (Figure 5), as the building heights in the Nice area are mostly less than 60 m, which is not as high as Singapore’s buildings [4].



Using more data from other remote sensing data sources (data fusion technique) should be considered to further improve the DEM scheme, as one sensor’s limitations could be compensated by another sensor’s strengths [26]. Additionally, different types of machine learning models should be investigated to assess the model performance for different land cover areas.



Therefore, it is necessary to pay more attention to use different deep learning methods, such as super-resolution based on a convolution neural network (CNN), together with various kind of geospatial and remote sensing data in future work.




7. Conclusions


This study demonstrated the robustness of a DEM improvement scheme, developed by Kim et al. [4], for a high-resolution satellite DEM (TanDEM-X, 12 m resolution). The artificial neural network was trained in Nice with a surveyed 1 m resolution DEM and then applied to two faraway sites, one with an equally high-resolution DEM in Singapore and another with no surveyed DEM in Ho Chi Minh City. The scheme used multispectral imagery and an ANN to reduce the error of the original TanDEM-X. The accuracy of TanDEM-X was first compared for different land covers in Nice and Singapore. Overall, the RMSE of TanDEM-X was assessed to be 6.75 and 14.56 m in Nice and Singapore, respectively. The error patterns were different over various land covers derived from NDBI, NDVI, and NDWI calculation and building footprints.



The ANN was trained in Nice with high-resolution ground truth data and validated in Singapore. The iTanDEM-X showed an over 43% RMSE reduction in the Singapore study domain. The degree of improvement, ranging from 21% to 65%, is different based on land covers. Upon completing the successful experiment, the ANN trained in Nice was then used with high confidence to improve TanDEM-X elsewhere, namely Ho Chi Minh City in this study. As no surveyed DEM of HCM City was made available to the team, only visual comparisons were conducted with Google satellite imagery. The iTanDEM-X showed much clearer land shapes (particularly roads and buildings) than its counterpart, the original TanDEM-X.



These results show promising, wide-ranging applications of a well-trained ANN, which, with a rich variety of patterns, can be very useful for developing countries, where a DEM is mostly not available/confidential or of low quality. In addition, one clear benefit of the developed scheme is that the trained ANN can be used to produce high-accuracy DEMs elsewhere quickly and at a relatively low cost.
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Figure 1. Schematic diagram of a two-layer feedforward network. 
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Figure 2. Flowchart of the methodology. 
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Figure 3. Different land covers derived from Sentinel-2 and the building footprint in Nice, France: (a) Different land covers, (b) Building footprints. 
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Figure 4. Scatterplots with ME and RMSE comparison of TanDEM-X over different land covers in Nice, France: (a) NDBI, (b) NDVI, (c) NDWI, (d) Building Area, (e) The Rest, (f) The Entire Area. 
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Figure 5. Visual assessment of TanDEM-X and iTanDEM-X of the urban area in Singapore: (a) Satellite Imagery, (b) Reference DEM (1 m), (c) TanDEM-X (12 m), (d) improved TanDEM-X (10 m). 
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Figure 6. Scatterplots of TanDEM-X vs. the reference DEM and performance measures ME and RMSE: different land covers in Singapore: (a) NDBI, (b) NDVI, (c) NDWI, (d) Building Area, (e) The Rest, (f) The Entire Area. 
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Figure 7. Scatterplots of iTanDEM-X vs. reference DEM and performance measures ME and RMSE: different land covers in Singapore: (a) NDBI, (b) NDVI, (c) NDWI, (d) Building Area, (e) The Rest, (f) The Entire Area. 
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Figure 8. Visual assessment of iTanDEM-X in Ho Chi Minh City, Vietnam: (a) Satellite Imagery, (b)TanDEM-X (12 m), (c) improved TanDEM (10 m). 
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Table 1. Primary objective of the TanDEM-X mission [13].
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	Parameter
	Specification
	Requirement





	Relative vertical accuracy
	90% linear point to point error in 1° cell
	2 m (slope < 20%)

4 m (slope > 20%)



	Absolute vertical accuracy
	90% linear error
	10 m



	Spatial resolution
	Independent pixels
	12 m (0.4 arcseconds)
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Table 2. Property of collected Sentinel-2 multispectral imagery.
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	Property
	Nice, France
	Singapore
	Ho Chi Minh City, Vietnam





	Entity ID
	L1C_T32TLP_A016836_20180912T103308
	L1C_T48NUG_A004863_20180210T033204
	L1C_T48PXS_A010583_20190317T033028



	Acquisition Date
	12 September 2018
	10 February 2018
	17 March 2019



	Tile Number
	T32TLP
	T48NUG
	T48NUG



	Cloud Cover (%)
	1.5258
	5.6381
	1.0181



	Platform
	SENTINEL-2A
	SENTINEL-2B
	SENTINEL-2B



	Processing Level
	LEVEL-1C
	LEVEL-1C
	LEVEL-1C
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Table 3. The formula of the land cover index and the value of the threshold used in this research.
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Land Cover Index

	
Formula in Sentinel-2

	
The Range of the Values and Threshold




	
Nice, France

	
Singapore






	
NDVI

	
      Band    8    (  NIR  )  −  Band    4    (  VIR  )     Band    8    (  NIR  )  +  Band    4    (  VIR  )      

	
−0.77–1;

>0.3

	
−0.23 to 0.72;

>0.4




	
NDBI

	
      Band    11    (  SWIR  )  −  Band    8    (  NIR  )     Band    11    (  SWIR  )  +  Band    8    (  NIR  )      

	
−1–0.69;

>0.05

	
−0.59–0.41;

>0.05




	
NDWI

	
      Band    3    (  Green  )  −  Band    8    (  NIR  )     Band    3    (  Green  )  +  Band    8    (  NIR  )      

	
−1–0.77;

>0.03

	
−0.47–0.43;

>0
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Table 4. Input variable, target, and output layers in ANN training.
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	Input Variable
	Target Layer
	Output Layer





	Reflectance values of Sentinel-2, multispectral imagery (Band 2–8A)

TanDEM-X elevations
	Ground truth
	Improved (Rectified) TanDEM-X
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Table 5. The error patterns of TanDEM-X and iTanDEM-X for different land covers in Singapore.
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Land Covers

	
TanDEM-X

	
iTanDEM-X




	
ME (m)

	
RMSE (m)

	
ME (m)

	
RMSE (m)






	
NDBI

	
−2.10

	
14.04

	
−2.42

	
11.11




	
NDVI

	
8.76

	
15.31

	
−0.87

	
5.32




	
NDWI

	
6.69

	
24.09

	
−5.96

	
14.85




	
Building Area

	
−11.68

	
15.28

	
−2.09

	
11.90




	
The Rest

	
14.92

	
15.89

	
−3.08

	
10.17




	
Entire Area

	
4.12

	
14.56

	
−2.21

	
8.21
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