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ABSTRACT: 
 
Automatically extracting DTM from DSM or LiDAR data by distinguishing non-ground points from ground points is an important 
issue. Many algorithms for this issue are developed, however, most of them are targeted at processing dense LiDAR data, and lack 
the ability of getting DTM from low resolution DSM. This is caused by the decrease of distinction on elevation variation between 
steep terrains and surface objects. In this paper, a method called two-steps semi-global filtering (TSGF) is proposed to extract DTM 
from low resolution DSM. Firstly, the DSM slope map is calculated and smoothed by SGF (semi-global filtering), which is then 
binarized and used as the mask of flat terrains. Secondly, the DSM is segmented with the restriction of the flat terrains mask. Lastly, 
each segment is filtered with semi-global algorithm in order to remove non-ground points, which will produce the final DTM. The 
first SGF is based on global distribution characteristic of large slope, which distinguishes steep terrains and flat terrains. The second 
SGF is used to filter non-ground points on DSM within flat terrain segments. Therefore, by two steps SGF non-ground points are 
removed robustly, while shape of steep terrains is kept. Experiments on DSM generated by ZY3 imagery with resolution of 10-30m 
demonstrate the effectiveness of the proposed method. 
 
 

1. INTRODUCTION 

DTM (Digital Terrain Model) is an important surveying product, 
which can be used in many applications such as terrain analysis 
(White and Wang, 2003; Martha et al., 2010; Zhan et al., 2015) 
and generation of DOM (Digital Ortho Map) or TDOM (True 
Ortho Map) (Habib et al., 2007), etc. DTM contains only 
terrain information while elevation dataset like LiDAR data or 
DSM (Digital Surface Model) generated by image 
matching consists of both terrains and surface objects which are 
known as ground points and non-ground points, 
respectively. Therefore, in order to get DTM, non-ground points 
need to be identified and removed from LiDAR data or DSM, 
such process is called as filtering (Vosselman and Sithole, 2004). 
 
Advancement of LiDAR (Light Detection and Ranging) 
techniques impels abundant of valuable research achievements 
for extraction of high resolution DTM from LiDAR data in 
urban area, such as mathematical morphological methods 
(Zhang et al., 2003;  Chen et al., 2007; Pingel et al., 2013), 
interpolation based methods (Kraus and Pfeifer, 1998), TIN 
based methods (Axelsson, 2000), slope based methods 
(Vosselman, 2000; Sithole, 2001), and scan line based methods 
(Meng et al., 2009), etc. LiDAR dataset usually has a density of 
at least one point per square meter, thus topographic relief 
prominently differs from non-ground points in perspective of 
elevation variation (Figure 1). Therefore, filtering algorithms 
hold an assumption that elevation variation of topographic relief 
is smooth while that of non-ground points is abrupt. As a result, 
most of filtering methods perform well in flat terrains but they 
are prone to fail in steep terrains, where there is almost no 
difference between topographic relief and non-ground points. 
 
Though DTM from LiDAR is of great significance, especially 
in urban areas, low resolution DTM can be useful in a coarser 
and larger scale. Low resolution DTM is usually generated by 

filtering DSM, which is produced by dense matching of satellite 
imagery (Gruen, 2012). However, in contrast of the generation 
of DSM, the automatic extraction of DTM from DSM has been 
scarcely studied, and DTM is usually produced by manual 
editing.   
 
It seems possible that methods for LiDAR filtering can be used 
for DSM. However, characteristic of DSM does not fit the 
assumption of such methods. When point cloud density is low, 
or with a low resolution, slope caused by non-ground points will 
decrease evidently, which will make the elevation variation 
caused by steep terrains and non-ground points unable to 
distinguish (Figure 1). Therefore, it’s conflict to keep the shape 
of steep terrains and filter the non-ground points at the same 
time. Recently a method proposed by Sreedhar et al. (Sreedhar 
et al., 2015) is aimed at solving this problem by densifying 
DSM data, and making it similar to LiDAR data, thus 
mathematical morphological methods can be used to handle this 
problem. However, multi-source DSM data is needed, which 
leads to the limitation of the practicability. 
 
Though steep terrains and non-ground points cannot be 
distinguished by local slope, two characteristics of low 
resolution DSM make it possible to extract DTM automatically: 
Firstly, large slope is very dense at steep mountainous terrains, 
and relatively sparse at flat terrains with non-ground points, 
which means steep terrains and flat terrains (with non-ground 
points) have different non-local terrain characteristic. Secondly, 
it’s almost unnecessary to filter steep mountainous terrains of 
low resolution DSM, while it’s the flat terrains with large 
ground objects that is the key areas for filtering. Thus, the 
objective of this paper is to recognize and filter the flat terrain 
areas of DSM while keep the steep terrains from damaged. 
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(a)                                            (b) 

  
(c)                                            (d) 

Figure 1. Comparison of dense LiDAR data and low resolution 
DSM.  (a) LiDAR data with 0.5m GSD supplied by ISPRS; (b) 
DSM with 10m GSD interpolated with the LiDAR data; (c) 
Elevation profile of LiDAR data; (d) Elevation profile of DSM. 
It is demonstrated by (c) and (d) that elevation variation or local 
slope caused by non-ground points is abrupt in LiDAR data and 
smooth in DSM, which makes elevation variation of non-
ground points in DSM indistinguishable from that caused by 
topographic relief. 
 

  
(a)                                           (b) 

Figure 2. (a) Low resolution DSM; (b) Slope map of (a). This 
figure shows that slope of buildings and steep mountainous 
terrains tends to be large. Since buildings scattering in flat 
terrain areas are relatively sparse, thus, density of large slope at 
flat areas is relatively small, while that of large slope at 
mountainous terrains is large. Therefore, the above overall 
pattern can be used in non-local filtering to distinguish flat 
terrains from steep mountainous terrains. 

 
Therefore, extracting of DTM can be divided into two steps: 1) 
Find flat terrains on DSM. Since there are little non-ground 
points in steep mountainous areas, we can first exclude this part 
of data in order to keep mountainous terrains. The non-local 
filtering of slope map can be used to increase the distinction 
between steep mountainous terrains and flat terrains (Figure 2). 
2) Remove non-ground points on flat terrains by filtering of 
DSM. Filtering of both slope map and DSM can be modelled as 
a labelling problem in which the labels correspond to slope 
levels and elevation levels, respectively. Take slope map 
filtering as an example, we’ll first introduce the energy function 
for filtering in consideration of the non-local terrain 
characteristic. Slope map is the 2-D image of slope data at every 
point on DSM. Filtering of slope map is to assign new slope 
value to each point, which should be as close to as the original 
image, and as smooth as the neighbourhood points. Therefore, 
energy function for this issue can be constructed as follow: 
 

( ) ( ) ( ) ( , ) ( )
p

data smooth p p q
p q N

E s E s E s C p s s s


 
     

 
 

    (1) 

 
Where, )(sEdata  represents the similarity of slope before and 

after filtering, ( )smoothE s represents the smoothness of 

neighbourhood points after filtering. The optimization of 
function (1) is the minimization of the whole filed energy )(sE , 

by assign proper slope ps  to every point p . In addition, in order 

to keep steep terrains, piecewise smooth rather than pixelwise 
smooth should be used here. 
 
2-D energy minimization with piecewise smooth is a NP hard 
problem and to solve it two kinds of methods are used: 1) 
Global optimization using MRF-MAP, such as simulated 
annealing (Kirkpatrick et al., 1983), ICM (Besag, 1986), graph 
cut (Boykov and Kolmogorov, 2004), belief propagation (Sun et 
al., 2003), etc. Algorithms of this category are easily trapped 
into local optimization or too complicated and inefficient. 2) 
The other kind of methods is based on simplified energy 
function model, i.e. firstly, the 2d problem is simplified as 1d 
problem, then solved by dynamic programming, which easily 
cause strip problem. Hirschmüller proposed the semi-global 
optimization method (Hirschmüller, 2008), which modified the 
dynamic programming method and got good results in dense 
matching. And it will be used in this paper to take the overall 
terrain characteristic in consideration. 
 
Based on the above analysis, a filtering method called two-steps 
semi-global filtering (TSGF) for the generation of DTM from 
low resolution DSM is proposed. Firstly, the slope map of DSM 
is calculated and smoothed by semi-global filtering, which is 
then binarized and used as mask of flat terrain areas. Secondly, 
DSM of flat terrain areas is segmented with the restriction of 
flat terrain mask. Lastly, each segment is filtered with semi-
global algorithm in order to remove surface objects, which will 
produce the final DTM. The proposed method is similar to the 
semi-global filtering recently proposed by Hu et al. (Hu et al., 
2015). However, a locally calculated balance coefficient is 
added in the smooth term ( )smoothE s  of energy function proposed 

by Hu, which makes the energy function rely on local slope 
heavily, thus it’s impropriate to use in DSM filtering. 
Contribution of this paper includes two aspects: firstly, 
characteristic of low resolution DSM is analyzed, and non-local 
method used to detect steep mountainous terrains and flat 
terrains before filtering is proposed. Secondly, non-local 
filtering with segment constraint removes non-ground points 
and keeps terrains at the same time. 
 

2. TWO-STEPS SEMI-GLOBAL FILTERING 

Since non-ground points on low resolution DSM are mainly 
distributed in flat terrain areas, DTM can be produced by first 
detecting flat terrain areas, then filtering these areas to remove 
non-ground points. Therefore, the proposed method contains 
two steps: first detecting flat terrain areas, second filtering the 
detected areas. Flowchart of the proposed method shows in 
Figure 3. Slope of every point on DSM is firstly computed, and 
then slope map is processed by semi-global filtering, which 
could smooth the slope of flat terrains at a low level and keep 
that of steep mountainous terrains at a relative large level. 
Afterwards, the filtered slope map is binarized as the mask of 
flat terrains. Flat terrain mask is then segmented, and semi-
global filtering is used to process on each DSM segments, 
which will decrease the elevation of non-ground points at flat 
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terrains, and get a classification surface, which will be used to 
classify ground points from non-ground points. DTM is finally 
generated by the interpolation of ground points. 
 

 
Figure 3. Flowchart of TSGF. (a) Low resolution DSM; (b) 
Slope map of (a); (c) Slope map filtered by the first SGF; (d) 
Flat terrain mask; (e) Segmentation of flat terrain mask; (f) 
Classification surface generated by the second SGF; (g) 
Classification results in which non-ground points are labelled in 
white colour; (h) DTM. 

 
2.1 Semi-Global Filtering of Slope Map 

Slope is one of the most important DSM characteristics, which 
can be used to distinguish steep terrains from flat terrains. Two 
methods are usually used to calculate slope, the first one is 
percentage method, and the other one is degree method, which 
is used in this paper (Equation 2). 
 

                     arctan( )
p

pH
S

GSD


                            (2) 

 
As mentioned in the introduction, large slope value is densely 
distributed in mountainous terrains, while relatively sparsely 
distributed in flat terrains. Therefore, non-local filtering can be 
used to strengthen the terrain discrimination for future terrain 
detection. Semi-global optimization (Hirschmüller, 2008) is 
used here for this purpose. 

 
Semi-global optimization is originally used in dense matching, 
the algorithm is first aggregating matching cost for each point 
from at least 8 directions independently. The aggregating 
function is given by 1-D energy function with piecewise smooth 
constraint. Then optimal disparity of each point is got by the 
principle of WTA (winner takes all). The original algorithm is 
modified in this paper as semi-global filtering by replacing 
matching cost with filtering cost designed for the DSM filtering 
problem. 
 
Energy function of semi-global filtering for slope map is: 
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In the Equation (3), the first term is )(sEdata while the second 

term represents ( )smoothE s  in correspondence with Equation (1). 

Specifically, s represents slope, 1P and 2P  are constants, which 

are the penalty for slope change.  
 
The aggregated cost of slope s  in r direction of every point p is 
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where, the first term is cost of slope s  at point p , which could 

be implemented as absolute of slope difference; the second term 
is the minimization of 4 candidate costs based on the previous 
point in direction r. min ( , )r

k
L p r k  represents the optimal cost 

of previous point of p in direction r. Subtracting of this term 

will prevent ' ( , )rL p s  from increasing infinitely and not affect 

slope selection of point p , since the final value of s will not be 

affected by this term. 
 
Cost should be aggregated in at least 8 directions independently 
and then summed up as the final energy E (p, s): 
 

                    ( , ) ( , )r
r

E p s L p s                                (5) 

 
At last, slope at point p could be assigned by the principle of 
WTA, 
 

                  arg min ( , )p
s

S E p s     (6) 

 
Slope used in semi-global filtering are discrete values, while 
initial slope map is continuous, thus, it is discretized before 
filtering. In this paper, slope is discretized by the unit of 1 
degree, and the discretized slope map has 90 levels. Though the 
process of discretization will lost precision, it has little effect on 
the result of future flat areas detection. 
 
2.2 Recognition and Segmentation of Flat Terrain 

After the semi-global filtering of slope map, the large slope 
caused by non-ground points in flat terrain areas is smoothed, 
while that caused by steep mountainous terrains is kept. Thus 
binary segmentation can be used here to generate a mask of flat 
terrains. Threshold used in this paper is 5 degree. However, 
since there are inevitably errors during binarization, thus flat 
terrain mask cannot be used to classify the DSM directly, which 
is used as prior information as an indication of the possible 
existing non-ground points. 
 
Binarization will generate small patches in the mask. A simple 
region growing based segmentation method is used to remove 
these patches, which is to keep the labels of 4-connected points 
within one segment from varying. The points of all segments 
below a certain size will be identified as invalid patches, of 
which mask labels will be reversed. Figure 4(b) shows the 
effectiveness of this method. 
 
After detection of flat terrain areas, segmentation is employed to 
generate processing unit of DSM filtering. Two purposes are 
considered to use segmentation here. Firstly, flat terrain areas 
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that are not connected with each other have different elevation 
range, thus they should be processed separately, otherwise they 
will affect each other and lead to bad results. Secondly, 
elevation variation will also be quite large if the area of 
connected flat terrains is very large, which is bad for non-local 
filtering as well. Segmentation algorithm used here is superpixel 
method (Achanta et al., 2012), which could be replaced with 
other over-segmentation methods. After segmentation, flat 
terrain mask is divided as several segments and within each 
segment semi-global filtering of DSM will be implemented 
independently. 
 

  
 (a)                                        (b) 

Figure 4. Removal of small patches. 
 

2.3 Semi-Global Filtering of DSM with segment constraint 

DSM filtering within each segment has 3 steps: firstly, elevation 
of the segment is discretized and a noise removal process is 
done by simple histogram statistics method afterwards. 
Secondly, balance coefficient of every point in the segment is 
calculated. Lastly, DSM is processed by semi-global filter with 
the balance coefficient. 

 
Discretization method used on elevation is 1) Set step number N 
for the processed segment, all segments will have the same 
number 2) Extract the maximum and minimum elevation in 
each segment, which will get the elevation range; 3) Divide the 
elevation range by step number, which will get elevation 

step istepHei . 

 

               
(max min ) /i i istepHei Hei Hei N      (7) 

 
In Equation (7), max iHei and min iHei  represent the largest and 

smallest elevation in segment ( )S i . It means that both elevation 

step and overall elevation range for each segment will be 
different. 
 
Noise removal based on histogram is to first compute elevation 
frequency in each elevation step, and then remove elevations 
with frequency lower than a given threshold. After noise 
removal, discretization of elevation should be calculated again 
by Equation (7). 

 
Equation (8) shows how to calculate the balance coefficient: 
 

                  
( )

min
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In Equation (8),   is constant, which is set to 0.1 in this paper. 

pH is the elevation at point p . The balance coefficient makes 

the optimal elevation selection associated with original 
elevation. 

 

At last, an energy function is constructed for DSM filtering, 
which is similar to Equation (3) with an additional balance 
coefficient. 
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In Equation (9), hi is the index of elevation step, thus 

]1,0[  Nhi . It also has the restriction of ( )p S i  and 

( )q S i . With the balance coefficient, small elevation will be 

kept while large ones will be smoothed, which corresponds with 
the purpose of DSM filtering because non-ground points tend to 
have larger elevation than surrounding ground points. The 
balance coefficient will be added in Equation (4) and Equation 
(5) accordingly in order to aggregate the cost of DSM filtering. 
 
WTA is used afterwards with 
 

arg min ( , )p
hi

hi E p hi                    (10) 

 
, and elevation of each point is given by 
 

min * , ( )p i i pH Hei stepHei hi p S i     (11) 

 
2.4 Classification 

After DSM filtering, a surface from discrete height levels is 
generated, which will be used as classification surface to 
classify the DSM data into ground and non-ground points. The 
classification method is to calculate elevation change of points 
on classification surface and the original DSM, if the change is 
large then the point will be classified as non-ground points and 
removed. Finally, DTM is interpolated with the ground points. 
 

3. EXPERIMENT 

3.1 Data 

 
Figure 5. Low resolution DSM of Beijing used in the 
experiment which contained mountainous terrains with both 
dramatic and mild topographic relief and flat terrains with large 
amount of urban buildings. 

 
ZY-3 satellite was launched in 2012. Forward and backward 
resolution of ZY-3 was 3.5m, and nadir resolution was 2.1m. 
DSM with GSD of 10-30m generated by dense matching of ZY-
3 imagery was used as experiment data in this paper. The 
experiment area was at Beijing, which contained mountainous 
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terrains with both large and small elevation variation and flat 
terrains with large amount of urban buildings (Figure 5). 
 
3.2 Experiment Results and Analysis 

Progressive morphological filtering (PMF) is a simple yet 
frequently used method for automatic extraction of DTM from 
LiDAR datasets, which was used here as a comparison of the 
proposed method. Visual verification and quantitative 
comparison between PMF and TSGF are analysed in this 
section.  
 

Firstly, results of three typical regions were picked out to 
visually compare effectiveness of the two methods. The first 
row in Figure 6 shows DSM of flat terrains (with large amount 
of non-ground points), mild mountainous terrains (with some 
non-ground points) and steep mountainous terrains (with no 
non-ground points),  respectively.  The second and third row of 
Figure 6 show results of PMF and TSGF on the above three 
regions, respectively. From the figure, it is clear that the 
proposed TSGF is better than PMF especially in mountainous 
terrains (b and c) since the former filtered the non-ground points 
as well as kept the terrains while PMF spoiled the terrains. 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
Figure 6. Visual comparison of DSM and DTM in different terrains. The first row is the DSM in flat terrains with large amount of 
non-ground points (a), mild mountainous terrains with some non-ground points (b), and steep mountainous terrains (c). The second 
and the third row are the DTMs processed with PMF and TSGF, respectively. 

 
 
Secondly, elevation profiles of the results help to compare these 
two methods, which show more detailed information than visual 
examination on the results. Figure 7(a) shows the location of the 
two profiles. Figure 7(b) is the profile1 in Figure 7(a), which 
located at mild mountainous terrain areas with some non-ground 
points. This profile indicates that both PMF and TSGF 
successfully removed non-ground points in this area (red circle 
in the figure). However, PMF also damaged terrains of mild 
mountainous area, while TSGF kept the terrains of this location. 
Figure 7(c) is the profile2 in Figure 7(a), which shows result of 

flat area with more non-ground points. Both methods removed 
non-ground points at this area, however, PMF smoothed the 
terrains heavier than that of TSGF, which indicated that TSGF 
works better on filtering of DSM. 
 
Lastly, quantitative analysis of the result was done with the 
reference of 30m resolution open dataset SRTM (Smith and 
Sandwell, 1997; Becker et al., 2009). Three indicators were 
used to analyse the influence on accuracy of DSM by different 
filtering methods: MAE (Mean Absolute Error), SDE (Standard  
Deviation of Error) and LP90 (Line Deviations at the 90th 
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percentage). It is noticed that SRTM might has a systematic 
offset with the ground truth. Therefore, MAE and LDP90 
cannot reflect the accuracy of DSM exactly. In comparison, 
SDE will be more objective for ground filtering. Table 1 shows 
the results of the three indicators, in which we can find that the 
accuracy of DTM after processed by PMF was much lower than 
the original DSM in all three indicators. Meanwhile, the 
accuracy of DTM processed by TSGF was better than the 
original DSM. The MAE indicator was slightly lower than the 
original DSM, however, SDE and LDP90 decreased evidently, 
which demonstrated the effectiveness of the proposed method. 
 

 
(a) 

 
(b) 

 
(c) 

Figure 7. Visual comparison of DSM and DTM in mountainous 
terrains (b), and flat terrains(c), by elevation profiles in (a). 
 

 MAE/m SDE/m LDP90/m 
DSM 10.53 7.55 11.48 

DTM(PMF) 12.97 10.79 13.21 
DTM(TSGF) 10.44 6.91 10.38 

Table 1. Accuracy of DSM and DTM extracted by PMF and 
TSGF. 
 
Another experiment on the effect of filtering method was done 
by filtering sampled DSM of the original data into 4 different 
resolutions: 10m, 15m, 20m and 30m. Accuracy of filtering 
results showed that the proposed method was effective for the 4 

resolutions. However, with more decrease of the resolution, the 
proposed method would be less useful (Figure 8). It was 
possibly caused by the lost of land surface objects, which would 
lead to the effect that the elevation variation of non-ground 
points on DTM was very small thus not able to be detected. 
 

 
Figure 8. RMSE of TSGF results with different resolutions. 

 
4. CONCLUSION 

Because of small differences between steep terrains and 
elevation of non-ground points, local filtering methods used for 
dense LiDAR data are not suitable for low resolution DSM. 
However, difference in overall characteristic of steep terrains 
and flat terrains (with non-ground points) makes it possible to 
remove the non-ground points with non-local filtering method. 
A two-steps semi-global filtering method was proposed to 
automatically extracting DTM from DSM. Experiments on 
DSM produced by dense matching using ZY-3 satellite imagery 
demonstrated the effectiveness of the proposed method. The 
proposed method might be used to replace manual editing in 
DTM production from low resolution DSM. 
 
However, the slope threshold in the proposed method used to 
detect flat terrains still has some shortcomings. If the threshold 
is too large, some steep terrains will be detected as flat terrains 
which might damage the steep terrains, while if it is too small, 
some non-ground points would not be removed in the 
processing. Therefore, how to make this threshold adaptive and 
robust is our future work. 
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