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Abstract: Most of the cultural sites hidden under dense vegetation in the mountains of
China have been destroyed. In this paper, we present a microtopographic feature analysis
(MFA)-based Light Detection and Ranging (LiDAR) data processing approach and an archaeological
pattern-oriented point cloud segmentation (APoPCS) algorithm that we developed for the
classification of archaeological objects and terrain points and the detection of archaeological remains.
The archaeological features and patterns are interpreted and extracted from LiDAR point cloud data to
construct an archaeological object pattern database. A microtopographic factor is calculated based on
the archaeological object patterns, and this factor converts the massive point cloud data into a raster
feature image. A fuzzy clustering algorithm based on the archaeological object patterns is presented
for raster feature image segmentation and the detection of archaeological remains. Using the proposed
approach, we investigated four typical areas with different types of Chu tombs in Central China,
which had dense vegetation and high population densities. Our research results show that the
proposed LiDAR data processing approach can identify archaeological remains from large-volume
and massive LiDAR data, as well as in areas with dense vegetation and trees. The studies of different
archaeological object patterns are important for improving the robustness of the proposed APoPCS
algorithm for the extraction of archaeological remains.

Keywords: archaeological object; LiDAR; Microtopographic feature analysis; fuzzy cluster;
feature extraction

1. Introduction

Advances in remote sensing and space-based imaging have led to an increased understanding
of settlements and landscapes from space and their spatial layouts. During the past 50 years,
aerial photos and satellite images have been the most common remote sensing data sources used in
the field of archaeological identification, investigation, and surveying [1-3]. Visible spectral, infrared,
and multispectral remote sensing are the most common remote sensing approaches, and have been used
extensively to identify targets linked to the presence of archaeological earthworks and remains [3-8].
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Dense vegetation and trees pose considerable challenges during the identification of archaeological
remains hidden in vegetation, especially in regions south of 30° latitude.

Airborne laser scanning (ALS) using Light Detection and Ranging (LiDAR) technology provides
a highly detailed three-dimensional record of the ground as seen from the air by the reflection of
a scanning laser beam. This method has revolutionized the field of topographic surveying [9,10].
The laser beam can penetrate vegetation to accurately obtain terrain characteristics in areas of dense
vegetation and reveal extant archaeological earthwork features. This approach has proven its utility in
remote sensing-based archaeological investigations and landscape studies in forested and non-forested
areas [5,11-26].

LiDAR data processing and its application to archaeological identification, investigation,
and surveying are based on point cloud filtering and classification, which are performed to extract
the microtopographic relief of archaeological features [27-29]. Recent studies on the use of LiDAR
in archaeological studies have achieved considerable progress, especially in the investigation and
identification of archaeological earthworks and remains, even in forested areas with dense vegetation.
However, the use of LIDAR in archaeology still faces serious challenges. Notably, archaeological
earthworks and remains have different geometry features and patterns than the terrain; thus, the current
LiDAR data processing technologies for traditional terrain surveying and modeling are not suitable
for archaeological object extraction and classification. Developing a LiDAR data processing approach
to extract archaeological information from raw LiDAR point cloud data remains a challenging and
valuable research area. The current LiDAR point cloud filtering and classification approach is designed for
terrain surveying and mapping to generate a digital elevation model (DEM) [30-32]. In DEM generation,
the ground structures of artificial works should be removed via special topographic calculations that
treat archaeological remains as artificial structures. Another major challenge is that the feature extraction
algorithms of point cloud data are related to specific archaeological remains. Additionally, the LIDAR
processing approaches for ancient walls, buildings and tombs are quite different, and these differences
limit the application of LIDAR in remote sensing-based archaeology [33-35].

In this paper, we present a microtopographic feature analysis (MFA)-based LiDAR data processing
approach and an archaeological pattern-oriented point cloud segment (APoPCS) algorithm that
we designed for the classification of archaeological objects and terrain points for the detection of
archaeological remains. The archaeological features and patterns are interpreted and extracted from
the LiDAR point cloud to build an archaeological object pattern database. A microtopographic factor
is calculated based on the archaeological object pattern using LiDAR point cloud data, which are
converted to a raster feature image. A fuzzy cluster algorithm that considers archaeological object
patterns is presented to segment the raster feature image and detect archaeological remains. Using the
proposed approach for archaeological remains extraction, we selected four typical areas with different
types of Chu tombs, dense vegetation, and large populations in Central China. Our research results
show that the proposed LiDAR data processing approach can identify and extract the archaeological
remains from large-volume and massive LiDAR data, as well as in areas with dense vegetation and
trees. The study of different archaeological object patterns is important to the proposed APoPCS
algorithm for the robust extraction of archaeological remains.

2. Background

2.1. The Study Area: Balingshan Chu Tomb Group in Jingzhou, China

The study area (33°20'-33°30'N, 112°00'-112°10’E) is located approximately 17 km northwest
of Yingcheng, the first Chu Imperial City, which was built in B.C. 689 (Figure 1). Yingcheng and
Balingshan are located in different parts of the Jing Mountains. In the southeast corner of this region,
the Yingcheng Relic Site was excavated in 1965. Yingcheng was the Imperial City for more than four
hundred years before the Qing Dynasty turned it into ruins in B.C. 278. The Zhujiatai site, a new Stone
Age relic, is also located in this region. The Balingshan district is an important area for tomb research.
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Notably, the tombs of 30 empires were noted in the historical documents and records, and most of
them are Chu tombs [36,37]. These Chu tombs are numerous, totaling approximately 300, and vary in
type. They include empire tombs, nobility tombs, civilian tombs, and slave tombs, and this diversity is
extremely useful and important for studying the hierarchy of the Chu Empire.
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Figure 1. Study Area: Balingshan Chu Tomb Group.

2.2. Difficulties of Tomb Investigation in Balingshan

As the documented research suggests, the Balingshan district is a historical and traditional tomb
area. There are many tombs in this area, including those of 18 Chu kings, kings from other empires,
many nobles, and countless residents. Locating the Chu tombs via remote sensing-based archaeology
is a major challenge in Balingshan. Specifically, three main difficulties exist for Chu tomb investigation
in Balingshan:

(1) The Balingshan district is located at the intersection of the Yangtze River and the Hanjiang
River. Plenty of rain and a suitable climate cause Balingshan to be fully covered by vegetation (Figure 2).
The average height of trees is above 8 m. Thus, LiDAR should be used to overcome the traditional
limitation of dense vegetation cover and identify archaeological remains.

Figure 2. Tombs under dense vegetation.

(2) There are many tombs from different years in the Balingshan district. Our research focuses on
the Chu tombs, which are more than 2000 years old and urgently need to be protected. Both human
activities and natural vicissitude have gradually damaged the Chu tombs, potentially ruining the
bodies. Information about the ruins is scarce, and only some of the Chu tombs exist at the Earth’s
surface. It is difficult to identify the Chu tombs from the ground, and a section of the Chu tombs were
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submerged under the terrain. The traditional LiDAR filtering and classification approach will interpret
the sporadic distribution of the tombs in the study area as normal artificial objects and then remove
them. Thus, creating a LIDAR data processing approach to extract the Chu tombs is a major challenge
based on traditional LiDAR filtering and classification methods.

(3) The Balingshan district is located near the economic center of Jingzhou City. This district also
has many residential blocks and a dense road network that may partly change the state of archaeological
remains (Figure 3). The Chu tomb identification approach should combine all the existing ruin information
and use spatial analysis and computations to obtain full descriptions of the Chu tombs.
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Figure 3. Tomb divided by a road network and residential blocks.

3. Methodology

3.1. Framework of the Proposed Approach

The proposed Chu tomb identification approach based on LiDAR data involves a special
segment-by-segment LiDAR processing and analysis approach for the extraction and identification of
archaeological remains that are hidden below the Earth’s surface. The proposed approach is divided
into five parts: LIDAR data collection, the filtering and classification of ground points, pattern analysis
of Chu tombs in the point cloud, feature transformation and extraction, and verification with visible
remote sensing. The detailed framework of the technique is shown in Figure 4.

As Figure 4 shows, airborne laser scanning (ALS) is used to obtain LiDAR data in the study area,
including point cloud data and visible raster images. The point density is very important in studies of
archaeological remains. An adequate point density can ensure that the detailed information of partial
tomb segments is preserved, while a high point density requires more routes and a low airline height,
which is associated with low efficiency and high costs. The determination of LiDAR point density
is based on the geometric features of specific archaeological remains in different decades. In this
paper, the density of the point cloud was no less than 16 pts/m?, considering the Chu tombs are from
2000 years ago. A Trimble Harrier 56 ALS [38,39] was adopted for data collection with a Y-12 airplane.
The normal flight height of a Y-12 should be above 500 m, which can only obtain approximately
10 pts/m? with the Harrier 56 ALS. To obtain a point cloud with more than 16 pts/m?, a grid is
designed to collect the laser scanning data, as shown Figure 5. Normally, east-west horizontal lines
are adopted in most LiDAR datasets (shown as black lines in Figure 5). The additional north—south
vertical lines are added to increase the density of LIDAR points. The two datasets are matched by
direct georeferencing in WGS 84 coordinates, which are recorded by the ALS.
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Figure 4. Framework of the proposed approach.
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Figure 5. Light Detection and Ranging (LiDAR) data collection flight grid for obtaining a high-density
point cloud.

After obtaining the high-quality point cloud data from the district, filtering and classification
processes are implemented to obtain the ground points, as shown in Figure 4. These processing steps
are the same as those in traditional DEM production, but the classification step must preserve the
archaeological objects to generate an archaeological digital evaluation model (A-DEM), which will
be introduced in Section 3.2. Then, an analysis of the ground point pattern of the Chu tombs is
presented to construct the archaeological object pattern database, which will be described in detail in
Section 3.3. In addition, based on the archaeological object pattern database, the point cloud data are
transformed into a feature space, and the tomb remains are extracted from the large-volume LiDAR
data, as described in Section 3.4. Finally, exact tombs are identified with LiDAR data and visible remote
sensing images, as described in Section 3.5.
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3.2. Filtering and Classification to Obtain Ground Points

LiDAR point cloud processing for tomb classification and identification begins with a ground point
cloud after the trees, vegetation, and buildings are removed using the popular LiDAR point cloud filtering
and classification software Terrasolid. Terrasolid provides both automatic and manual filtering and
classification functions [40,41]. For conventional DEM production, all of the objects above the ground
should be removed [31,32,42]. The information associated with archaeological remains must be preserved,
and the artificial objects under dense trees or vegetation are quite different from other artificial objects,
such as buildings and facilities. Thus, the classification with TerraSolid must use different judgments of
artificial objects based on their surroundings. This type of processing is manual and based on visible
remote sensing images in TerraSolid. Sample point cloud data from the Balingshan district are used to
illustrate the process of obtaining the ground points, as shown in Figure 6.

o = T a0

- T .
P S . —

(8)

Figure 6. LiDAR point cloud filtering and classification to obtain the ground point cloud. (a) Original
point cloud; (b) 3D view of the original point cloud; (c) section of the original point cloud; (d) objects in
a section of the original point cloud; (e) ground point cloud; (f) 3D view of the ground point cloud; and
(g) a section of the ground point cloud.
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Figure 6a is the original point cloud. In the 3D view of the original point cloud, all objects are
mixed together (Figure 6b). TerraSolid software provides section analysis functions for point cloud
filtering and classification (Figure 6¢,d). After removing the objects above the ground (Figure 6d),
we can classify the ground points (Figure 6e) from the original point cloud dataset. Note that we should
combine the visible remote sensing images to assess each object. Additionally, object points under
trees and vegetation should be preserved. From the 3D view of the ground points (Figure 6f), trees,
vegetation, and buildings are removed from the point cloud, and the cross-section of ground points
can be used to assess the classification results (Figure 6g). The final ground points include objects
under the trees and vegetation that are different from the ground points used in DEM generation,
and they may exclude some data associated with archaeological remains. Using these types of ground
points, the A-DEM can be generated for further pattern analysis and to extract and identify tombs.

3.3. Pattern Analysis of Chu Tombs in LiDAR Point Cloud Data

The different archaeological remains from different decades have been affected by different
environmental changes, which have different sizes, areas, heights, etc. In this paper, patterns with
specific features are proposed to describe different archaeological remains. To obtain the exact patterns
of Chu tombs, some known Chu tombs are used for pattern analysis. Specifically, the LIDAR data of
the known Chu tombs are used to classify and identify the tomb remains based on the knowledge of
archaeologists. The flowchart of pattern analysis is presented in Figure 7.

Ground point of known Chu Tomb Slope
. - Rendering

Historical materials Archacologists

and records ‘ interpretation

Tomb Multiple Feature
Dimensions Extraction and
Feature Vector Modeling

|

Archaeological

A

Remain Pattern
Database

Tomb edge

Tomb geometry features

Figure 7. Pattern analysis method used to build a database of the patterns of archaeological remains.

As Figure 7 shows, the LIDAR data associated with some known Chu tombs are used to remove
the vegetation and preserve all ground points for pattern analysis. A slope-rendering approach
is implemented for the ground point cloud to generate the slope thematic map and obtain visible
representations of tomb remains near or in the ground surface. Then, some archaeologists with
professional knowledge of the area interpret the tomb remains with the slope thematic map to
identify the tomb features, including the mettla, mound, tomb edge, etc., from the terrain. Next,
the geometric features of the tomb are calculated and extracted based on the interpretation results.
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These features include the height difference, length, width, mettla, and mound size, and they are used
to build a multidimensional feature vector of each tomb. All of these feature vectors are added to the
archaeological remains pattern database for further processing.

3.4. Feature Transformation and Fuzzy Clustering of Tomb Segments

3.4.1. Feature Transformation

To identify and extract the archaeological remains from the point cloud, feature transformation [30]
is performed to enhance the features of archaeological remains. Our proposed approach treats
specific spatial parameters as feature factors based on the archaeological remains pattern database,
and point cloud data are transferred into a feature domain. The feature factor calculation and feature
transformation processes are implemented based on a spatial grid, as described in the following
three steps.

Step 1: Spatial interval selection and grid division. The spatial grid used for feature transformation
must consider the density of the point cloud and the geometric patterns of different archaeological
remains. The spatial grid interval Int can be calculated using Equation (1):

1
Int = {iT|iT < GSDNIT < 31'81'26} 1)

where GSD represents the density of the point cloud, which is the average distance between two
LiDAR points, and iSize is the minimum geometry required to identify the tomb.

Step 2: Feature factor calculation. In this step, the feature value is calculated based on the LIDAR
data in each grid, as shown in Equation (2):

V2-GSD
w{;:aTJrﬂ K- HE ¢)

o)

i (Zmax—hax) 3)
k — 1k k
Hij hmaX hmin

where GSD is the ground spatial resolution of the LiDAR point cloud, which also represents the density
of the point cloud; i and j are the row and column of the grid, respectively; k is the number of point
clouds in the current grid; H ij is the height difference of the current grid; fl’; is the height scale factor of

the current grid; DZ.‘]. is the spatial distance between LiDAR point k and the center of the current grid;
and « and S are the adjustment parameters used in the feature calculation of each grid.

Step 3: Feature raster image generation. In this step, the features of each grid are calculated to convert
the massive LiDAR point cloud into feature raster images. With the feature images, archaeological
remains extraction and identification can be performed in the raster image domain using traditional
image-processing algorithms.

3.4.2. Fuzzy Cluster Algorithm for Tomb Segmentation

Fuzzy clustering is the most popular raster image-processing algorithm for object
segmentation [42,43]. In this paper, a fuzzy c-means clustering (FCM) algorithm is presented for
the tomb segments of the feature raster image.

The cost function of FCM is as shown in Equation (4):

C

J(U,c1,oce) =Y Ji= ZZ“W% @
]

i=1 i=1
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where u;; is a value between 0 and 1, and the sum of u;; is 1; ¢; is the cluster center of fuzzy group [;
dij = |c; — ;|| is the Euclidean distance between the centers of fuzzy groupsIand J;and m € [1,00) isa
weighted index. A new object function, shown in Equation (6), is constructed to constrain Equation (4)
and perform minimization:

c
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where Aj,j = 1,..n, is the Lagrange multiplier of the constraint equation of Equation (4).

The conditions required to minimize Equation (6) are given by Equations (7) and (8) based on varying
all input parameters.

c; = Zu?xj/xug (7)
j=1 j=1
i ( dl] > 2/(m—1)
wij=1/) | = ®)
! =1\ %k

To meet the required conditions of Equations (6)-(8), FCM is an iterative process. The cluster
center ¢; and membership matrix U can be determined by the following steps:

(1) Step 1: Initialize membership matrix U with a random number based on the constraint of
Equation (5).

(2) Step 2: Calculate the cluster center ci using Equation (7).

(3) Step 3: Calculate the cost function using Equation (4). The iterative process stops when the
cost function is less than the given threshold or the change in the cost function is less than the
established threshold.

(4) Step 4: Recalculate membership matrix U; then, go to Step 2 to run the iterative process.

3.5. Identification and Verification with LIDAR Data and Visible Remote Sensing Images

The Chu tomb detection and identification approach based on the feature raster image includes
three stages: feature object segmentation, object identification, and verification, as shown in Figure 8.

With the feature raster image, feature object-based image segmentation is presented to obtain
different object sets using the unsupervised FCM clustering algorithm, as discussed in Section 3.4.2.
Then, object-oriented classification based on the archaeological remains pattern database is performed
to identify the tomb objects from the image segmentation object set. The tomb extraction and
identification results must be checked and verified with the original point cloud and visible images.
Different rendering approaches of the LIDAR point cloud, such as height rendering, slope rendering
and local height rendering, are employed to enhance the visualization result for the connection and
merging of tomb objects. In addition, visible digital orthophotos are used for the further verification of
tombs based on spatial relations and surroundings. Finally, the identified tombs can be located with
georeferenced data from both the LiDAR point cloud and the digital orthophotos.
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Figure 8. The identification and verification of archeological remains.

4. Results, Analysis and Discussion

With the proposed approach, we adopted a Trimble Harrier 56 Airborne LiDAR System to obtain
the LIDAR data from the study area (Figure 1) with a density of more than 16 pts/m? in September 2010.
The total area was approximately 180 km?, and the LiDAR data volume was above 1 TB, including
the LiDAR point cloud and visible image. All the data were analyzed with the proposed approach
together with onsite archaeological exploration. We chose the core region of the Balingshan district,
which is approximately 20 km?, for tomb investigation.

4.1. Chu Tomb Identification Result of the Balingshan District

In the study area, we selected 12 sites with the help of archaeologists to obtain the patterns of
Chu tombs. The tombs at the 12 sites cover all types of typical Chu tombs, and have different shapes
and sizes. Additionally, the local cultural relics department provided a database of known tombs for
verification. We discovered and located 315 tombs with the proposed approach.

In Table 1, the 168 known tombs provided by the local cultural relics department are all included
in the list of discovered tombs. Additionally, we identified 147 new tombs, and local archaeologists
visited these sites for confirmation.

Table 1. Statistical results of the discovered Chu tombs.

Tomb Patterns Used Total Number of Discovered Tombs Number of Known Tombs Number of New Tombs

12 315 168 147

In Figure 9, three typical regions with high densities of tomb groups are used to illustrate the
spatial distribution of Chu tombs. Region 1 and Region 2 were approximately 3 km?, and Region 3
was less than 1 km?.
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Figure 9. Spatial distribution of Chu tombs in the Balingshan District: (a) Chu tombs in Region 1;
(b) Chu tombs in Region 2; and (c¢) Chu tombs in Region 3.

As Figure 9 shows, the mounds were well exposed in the A-DEM after we removed the
vegetation and trees from the LiDAR point cloud. Based on the pattern database of known Chu
tombs, we identified and located some unknown Chu tombs. Different types of Chu tombs had
different shapes and sizes, which were used to establish tomb specifications and assign grades.
In addition, the spatial distribution of Chu tombs was grouped by clan and social class. The A-DEM
with archaeological remains is a new geodata product for archaeological research.

Isolated tombs and tomb groups were identified in Region 1. Among the isolated tombs, a large
tomb can be seen in the left corner (labeled A) of Figure 10c. This tomb had a main mound size
of 80 m x 70 m and accompanying mound size of 30 m x 40 m, which indicated that it was a
nobility-level tomb. Among the tomb groups, one group exhibited regular alignments (labeled B,
details in Figure 10b). This tomb group for a clan is called an ancestral hall. Some remains were not
actually tombs, but rather sacrificial worship platforms used to offer sacrifices to ancestors, as identified
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after on-site investigation. Region 2 had more isolated tombs than Region 1, but the tombs were smaller
than those in Region 1. We could not deduce that the levels of tombs in Region 2 were lower than
those in Region 1 based on tomb size alone. Notably, the period of tombs is another factor related to
the size and level of tombs. The tombs in Region 3 are all isolated tombs that are larger than those
in Region 1 and Region 2. One tomb is trapezoidal, with a height of 260 m and a perimeter of 180 m.
Another tomb was shaped like an equilateral triangular with a side length of approximately 330 m
and a mound height of nearly 20 m. These two isolated tombs could have a level and grade above
nobility. Region 3 was known as a Fengjia Tomb, which was a high-level tomb group of Chu nobility.
Human activities and economic development are prevalent in this region. A road can be seen that
crosses the trapezoidal tomb and goes around the triangular tomb. In 2011, the Archeology Institute of
Jingzhou started protective archeological excavations in this region. After approximately two years of
detailed investigation, comprehensive exploration, and partial excavations, these tombs were found to
be high-level nobility Chu tombs from the Donghan Period (B.C. 770-B.C. 256). In addition, the group
may include a certain Chu king’s tomb.

4.2. Discovery and Analysis of Four Typical Chu Tombs

We identified approximately 180 km? in Jingzhou County where there were potential tombs.
Although only 20 km? in the Balingshan district was chosen to identify Chu tombs with the proposed
approach, we discovered approximately 300 tombs. It was difficult to check and verify each tomb,
but our results provide useful georeferenced data for archeological research and preservation. We chose
four typical tombs for further analysis with the proposed approach. Figure 10 shows the four typical
Chu tombs. Each tomb was assessed with both the A-DEM to reflect the geometry and the visible
remote sensing image of the tomb’s surroundings.

1 L f | I n f
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Om  25m  50m  TSm  100m  125m  150m Om 2%m  m Tm  10m 125m 150m Om 100m 200m 300m om 100 m 200m 300m

(c) (d)

Figure 10. Typical Chu tombs: (a) trapezoidal tomb; (b) tomb group; (c) tomb with two mounds;
and (d) pyramid mound.
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Figure 10a shows another trapezoidal tomb with a height of 260 m and a perimeter of 120 m.
This tomb was also an ancestral hall with a well-preserved tomb outline. The main mound is located at
the top of the tomb, and the level is clear from bottom to top. Archaeologists call it the ‘"Moon ancestral
hall’, and it might be another Chu king’s tomb. Figure 10b shows the spatial distribution of the tomb
group in Region 1 discussed in Section 4.1. Based on the geometry, shape and structure, it may be a
clan tomb for nobility.

Figure 10c shows a high-grade tomb, which might be of certain nobility, as discussed in Section 4.1.
These types of tombs were popular Chu tombs. One mound might be a certain funerary tomb, but we
are not sure of this designation, and further research is required on this type of tomb. Figure 10d
shows a pyramid mound with clear steps. In fact, the archaeologists and local villagers knew there
was a tomb here, and they reputed it to be a medium-sized tomb no higher than nobility, called the
Lijia Tomb. After studying the A-DEM data, these experts changed their belief and visited the site
for further investigation and exploration. The base of the tomb was 170 m x 160 m, with a height
of approximately 15 m. Figure 11 shows the 3D view of the Lijia Tomb. Based on the tomb research,
A-DEM data and onsite studies, the Lijia Tomb might be a king’s tomb, and the king likely had a
short reign.

Figure 11. 3D views of the Lijia Tomb.

In addition, we found some tombs that were threatened by human activities and economic
development. As we noted in the background section, the Jingzhou district has a high population
density, and it was known as a Chu region for more than 2000 years. We do not know exactly how
many archaeological sites are in this district. Preservation and research efforts face unpredictable
challenges, and archaeologists must continuously perform rescue excavations. The preservation of
these archaeological remains is a problem for the local government. With the proposed approach,
we discovered that many tombs might have been destroyed by construction, such as road networks,
industrial factories, and real estate development. Fortunately, only small parts of these tombs were
damaged, and there was no damage to the tomb bodies, as Figure 12 shows.

Although the tomb bodies of these tombs were not destroyed, the threat still exists. The proposed
approach provides the possibility of discovering and locating archaeological remains for both local
government and archaeologists.
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Figure 12. Identification and verification of archaeological remains. (a) Road across near the mound;
(b) Road across the bottom of the tomb.

4.3. Discussion

Technological developments in LiDAR are changing how archaeologists investigate and study
the history of archaeological remains under vegetation and even under water in rivers or seas [44].
Microtopographic feature analysis using airborne LiDAR data has been proven to effectively identify
Chu tombs in Jingzhou. This method is ideal for tomb investigation and surveying in the historical
districts of South China.

However, as in all archaeological prospecting, using microtopographic feature analysis to obtain
an A-DEM for tomb identification has inherent methodological and interpretive limitations. The first
issue is comparing its classification of the ground points of tombs for historical object preservation
with typical ground point classifications. In this case, we focused on the unknown archaeological
objects under the vegetation. Artificial objects such as buildings and facilities can be identified based
on the surrounding situation. Thus, ground point classification requires manual user assessment with
visible remote sensing images. This approach is time consuming, and those performing the point
cloud classification must have knowledge of the local archaeology. We only processed 20 km? of
180 km? in the core region of Balingshan. Although many types of algorithms are available for point
cloud classification, the ground point classification required to create an A-DEM poses a continuous
challenge due to the different types of tombs in different periods.

Another issue involves the pattern database for tombs. Notably, we knew that most of the tombs
in Balingshan were Chu tombs. In addition, we knew the locations and features of some Chu tombs in
the district. Thus, we used the LiDAR data from the known Chu tombs to analyze the tomb patterns
and support archaeological efforts. The discovered tombs are relatively large tombs, and we are
sure there are some archaeological remains that were not identified by the proposed method. Thus,
the proposed approach has inherent uncertainty, and we would not repeat the success in other districts
without historical records. However, such situations are not common, and archaeological investigation
and surveying require interdisciplinary collaboration between remote sensing and archaeology to
achieve better results [45]. Moreover, communication with local archaeologists is more important than
algorithm optimization.

Issues may be encountered when applying the proposed approach to a wide range of other
archaeological remains. One issue is the density of LIDAR point cloud data. We must improve the
density of the LiDAR point cloud and obtain more knowledge of archaeological remains in the study
area to extract and identify more remains using the algorithm. Although full-wave LiDAR can be
used to extract more points under vegetation [5,6], the point density should be determined based
on the specific archaeological remains. The associated technology is not the key problem; a lack of
historical information and records hinders such studies. Another issue is the efficiency and cost of
LiDAR processing for the extraction and identification of archaeological remains.
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5. Conclusions

In this study, microtopographic feature analysis was used for tomb discovery and identification
in dense vegetation districts using airborne LiDAR data. A new DEM product, A-DEM, was proposed
for the detection of archaeological remains. Archaeological features and patterns were interpreted and
extracted from the LiDAR point cloud to build an archaeological object pattern database. Based on the
patterns of tombs, a fuzzy clustering algorithm considering archaeological object patterns was used
for raster feature image segmentation and the detection of archaeological remains. The Chu tombs in
the Balingshan district of Jingzhou were used as a case study, and the results show that the proposed
approach can identify and extract the different types of Chu tombs from large-volume and massive
LiDAR data, including in areas with dense vegetation and trees. These findings can be used by both
local governments and archaeologists for archaeological site preservation and research.
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