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Abstract: The Han Dynasty Great Wall (GH), one of the largest and most significant ancient
defense projects in the whole of northern China, has been studied increasingly not only because
it provides important information about the diplomatic and military strategies of the Han Empire
(206 B.C.–220 A.D.), but also because it is considered to be a cultural and national symbol of modern
China as well as a valuable archaeological monument. Thus, it is crucial to obtain the spatial
pattern and preservation situation of the GH for next-step archaeological analysis and conservation
management. Nowadays, remote sensing specialists and archaeologists have given priority to manual
visualization and a (semi-) automatic extraction approach is lacking. Based on the very high-resolution
(VHR) satellite remote sensing imagery, this paper aims to identify automatically the archaeological
features of the GH located in ancient Dunhuang, northwest China. Gaofen-1 (GF-1) data were first
processed and enhanced after image correction and mathematical morphology, and the M-statistic
was then used to analyze the spectral characteristics of GF-1 multispectral (MS) data. In addition,
based on GF-1 panchromatic (PAN) data, an auto-identification method that integrates an improved
Otsu segmentation algorithm with a Linear Hough Transform (LHT) is proposed. Finally, by making
a comparison with visual extraction results, the proposed method was assessed qualitatively and
semi-quantitatively to have an accuracy of 80% for the homogenous background in Dunhuang.
These automatic identification results could be used to map and evaluate the preservation state of the
GH in Dunhuang. Also, the proposed automatic approach was applied to identify similar linear traces
of other generations of the Great Wall of China (Western Xia Dynasty (581 A.D.–618 A.D.) and Ming
Dynasty (1368 A.D.–1644 A.D.)) in various geographic regions. Moreover, the results indicate that
the computer-based automatic identification has great potential in archaeological research, and the
proposed method can be generalized and applied to monitor and evaluate the state of preservation of
the Great Wall of China in the future.

Keywords: Great Wall; archaeological remote sensing; Han Dynasty; linear traces; identification;
Gaofen-1
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1. Introduction

1.1. Historical and Archaeological Background

A large proportion of the Great Wall of China (GWC) that we see today was built during the
Ming Dynasty (1368 A.D.–1644 A.D.) [1]. However, west of the Yellow River in the Hexi Corridor,
today’s Gansu Province (Figure 1a) lies a section dating back to the Han Dynasty (206 B.C.–220 A.D.),
more than 1300 years earlier than the Ming [2,3]. The Han Dynasty Great Wall (GH), the largest
national defense project of the Han Empire, once spanned over 5000 km across the plains, grasslands,
deserts, mountains, and rivers of northern China [4,5]. As one of the generations of the GWC, the GH
was for centuries used to protect and safeguard the Han Empire against the invasions and attacks of
the various nomadic powers of the Eurasian Steppes and Mongolia, who were looking to expand [6–8].
Around 121 B.C., the Han Empire sent troops to fight against the Huns and re-conquered the lost
territory of the Hexi Corridor [9,10]. Subsequently, in order to protect these recovered lands, the GH
defense system was erected along the corridor over three periods of time (Figure 1b).
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These three periods of time were as follows. (1) In 121 B.C., Han troops regained the Hexi
Corridor; thereafter, the GH was built between Lingju and Jiuquan (Lingju Section, yellow dotted line
in Figure 1b) [11,12]; (2) from 111 B.C. to 110 B.C., the GH was extended from Jiuquan to the Jade-Gate
Pass in Dunhuang (Dunhuang Section, white dotted line in Figure 1b) [9,13,14]; and (3) from 104 B.C.
to 100 B.C., the GH was again extended from the Jade-Gate Pass to Lop-Nor Lake to the west (Lop-Nor
Section, blue dotted line in Figure 1b) [9,14]. So, after twenty years of construction, the GH defense
system in the Hexi Corridor was finally completed, starting from Lingju in the east and ending near
Lop-Nor Lake in the west [9,14]. To consolidate the safety of the frontier region and to unblock the
trade routes, the Han Empire built walls, forts and barriers along the Hexi Corridor to guarantee the
safety and efficiency of trade activities and cultural communication along the ancient Silk Road [15,16].
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Additionally, the defense capability of the GH was strengthened by the construction of beacon towers,
passes, garrison stations, troop barracks, and also signaling capabilities that used flags and smoke in
the daytime and fires at night [17–20].

Despite thousands of years of natural erosion and anthropogenic disturbances, there are still traces
of the buried remains of these structures, located in different geographical environments. Over the past
hundred years, the Dunhuang Section of the GH has been the focus of domestic and foreign studies
in the fields of politics, archaeology, history, geography, agriculture, climate, the military and many
other disciplines. Many explorers, geographers and archaeologists, such as Stein [21], Hedin [22],
Xiang [23], Xia [24], Yan [25] and Wu [26], have made valuable contributions (Figure 2) related to,
for example, construction times, management structures and military functions. Comprehensive studies
of the GH have been carried out by combining field investigations, archaeological excavations and
literature analysis with textual research on the Han bamboo slips that have been unearthed [14,27,28].
The achievements of these researchers provide an important and solid research background for the
present study as well as useful archaeological and geographical materials.
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http://dsr.nii.ac.jp/
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The Dunhuang Section of the GH is an important physical carrier of and historical witness to
the development of western China in ancient times. It has outstanding political, military, cultural,
economic, historical, archaeological, geographical, ecological and environmental value and needs to be
well studied and well protected. In terms of ecology, the areas along the GH in Dunhuang are mostly
fragile and sensitive and are vulnerable to frequent environmental damage, which causes varying
degrees of natural and anthropogenic damage to the GH. Therefore, it is particularly important to
quickly and accurately understand the existing situation at the GH sites and to objectively evaluate
and analyze them. This has great practical significance for the protection and sustainable development
of the GH.

At present, the monitoring and protection of the large, linear GH site is mostly based on periodic
ground patrols, especially in northwestern China, where the economy is less well developed and
access to technology is limited. This has some obvious shortcomings: necessary action can be delayed,
and this type of monitoring is time-consuming and costly. The conservation status of the GH is not
good and faces severe challenges. At the same time, most of the GH remains are buried by sand or
are located in remote areas. It is, thus, not easy to find these remains on the ground and making full
use of VHR satellite RS images is necessary. This study is aiming to design an automatic approach
for identifying the linear traces of GH, and provide a computer-based pattern recognition prototype
which would be constantly advanced and used to monitor and evaluate the preserve situations of GH
in the future.

1.2. Archaeological Remote Sensing

Remote sensing (RS) provides a rapid and low-cost way of exploring, mapping and monitoring
archaeological features of interest (AOIs) across the world [29]. Research that involves the identification
of AOIs increasingly employs aerial photographs and spy satellite images [30–33] as well as multispectral
and hyperspectral imagery [34–38], SAR data [39–42], and LiDAR products [43–45]. RS has unique
advantages for detecting the large archaeological sites such as the Silk Road, Grand Canal, Nasca Lines
and Great Wall [4]. In the 1980s, sections of the Ming Dynasty Great Wall in Beijing and Ningxia were
first surveyed using aerial remote sensing [46,47]. Guo [48] discovered two generations of the Great
Wall buried in dry sand in northwestern China by using Shuttle imaging radar data. Chen et al. [49]
completed the first comprehensive survey of the whole Ming Great Wall with the help of RS and GIS.
Additionally, much RS-based research on the military defense systems of the Great Wall have been
carried out [50–52], especially at the regional level.

Nowadays, RS specialists and archaeologists are giving priority to manual visualization, which is
limited to three spectral bands at a time [29]. This means that it is still necessary to intervene manually,
which requires a lot of time, manpower and material resources [53–55]. With the rapid development of
image and signal processing and computer vision, several (semi-) automatic approaches have also been
designed for and applied to archaeological research [56–60]. For instance, Lasaponara et al. [55] designed
a classification-based semi-automatic approach for identifying four buried farm objects at the Hierapolis
site; the identification results were then qualitatively evaluated by combining visual interpretation with
the GPR survey data. Traviglia and Torsello [57] presented an integrated approach for automatically
identifying archaeological landscape patterns based on multi-scale analysis of dominant oriented
response filters, which qualitatively demonstrated that the proposed approach provided accurate
localization of the target linear objects and alignments signaled by a wide range of physical entities with
very different characteristics. Figorito and Tarantino [58] identified artificial monuments indicative
of crop-marks by combining VHR aerial photographs with an image segmentation approach; in this
case, the performance of the proposed algorithm was qualitatively evaluated by classifying traces
according to their visibility and integrity. Using a Circular Hough Transform (CHT) algorithm that
had an average extraction accuracy better than 80%, Luo et al. [59] automatically extracted the shafts
of the ancient irrigation system of Qanat from VHR Google Earth imagery of a homogeneous desert
environment. Only line tops of the Qanat shafts surrounded by spoil, representing line of tunnel
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gathering groundwater, can be observed from space, and their circular archaeological traces can also
be seen in VHR Google Earth imagery [59].

For RS specialists and archaeologists, obtaining spatial information about AOIs from various
sources of data is the original and primary goal of archaeological remote sensing research [59]. In general,
AOIs can be detected in RS imagery as grid data or vector data using visual or automatic interpretation
following image enhancement and data fusion [61]. However, there are some long-standing problems
pointed out by Luo et al. [47], such as low level of automation and extremely limited range of
spatial scales and spectral contrasts in AOIs’ identification. This study aimed to identify the linear
traces of GH Linear traces from GF-1 MS and PAN data using an automatic approach that combined
image segmentation with a Linear Hough Transform (LHT). Section 2 presents the research materials,
including a description of the study area at Dunhuang and the GF-1 satellite RS imagery. Section 3
introduces the automatic approach applied to identify the linear traces of GH. Sections 4 and 5 present
the results and discussion, and the conclusions, respectively.

2. Study Area and Data

2.1. Ancient Dunhuang

In this study, research was performed for a well-documented historic region called Dunhuang
Prefecture located close to the modern city of Dunhuang, in the northwestern Hexi Corridor.
(Figures 1b and 2). Ancient Dunhuang, one of the most import military towns in China during
the whole of the imperial period, was nourished by the ancient Shule River; however, now the area
is characterised by the Gobi, sand dunes and wind-eroded yardang landforms [19]. Additionally,
ancient Dunhuang, located at the western end of the Hexi Corridor, was a strategic spot leading to the
Western Regions (Figure 3), and therefore played an extremely important role in trade and cultural
exchange along the Silk Road. The Dunhuang Section of the GH was an important part of the overall
GH defense system in the Hexi Corridor, as well as being symbolic of the defense system in northwest
China during the Han Dynasty.
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of a military fort at the Jade-gate Pass; (c) photograph of a beacon tower at Yangguan Pass.
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The strategic position of ancient Dunhuang and the convenient communication that it enjoyed
favored continuous anthropogenic activity [19,61] from pre-historic times to the imperial period,
especially during the Han–Tang period, as has been confirmed by various excavated archaeological
materials, monuments, historical remains and ancient documents [9,10,14–16]. The Dunhuang Section
of the GH, distributed about 80 km north of the modern oasis city of Dunhuang, is now one of
the most significant pieces of large-scale linear cultural heritage, and the best-preserved section of
the GH in China [4]. This section was designed and built over several years, and varies in terms
of its spatial, structural and morphological patterns. Generally, beacon towers and military forts
were built first along the line of the GH; defensive walls or ditches were then added when necessary.
In some difficult locations (e.g., rivers, lakes, hills and valleys), only beacon towers and military forts
were built. Today, along the line of the GH in northern Dunhuang, the only preserved remnants are
water-eroded paleochannels, wind-weathered yardang landforms, and small sand dunes [19]. Thus,
it is nearly impossible to discover and identify ancient remains using conventional field surveys in
these less-accessible regions.

2.2. Linear Traces of GH in Dunhuang

The Dunhuang Section of the GH is a huge and complex military defense system. There are
many types of military facilities related to it, including defensive walls, beacons, forts, ditches, fences,
trenches, passes, warehouses and post-stations [14,18]. Due to the severe natural conditions, and also
later damage caused by people, it is hard to find most these original features, and most of them have
disappeared or been buried by sand [19]. Based on well-documented historical literatures [9,10,14]
and comprehensive archaeological maps [21,22], the defensive walls of the GH stretched for about
400 km [12,18] in Dunhuang: they were built to serve as the strongest and most extensive part of the
integrated GH defense system, and indicate the skeletal structure of the GH system. The walls were
made of local materials with the sandy soil, reeds, Tamarix and Euphrates Poplar being built up layer
by layer (Figure 4), [14,20] making the defensive wall solid and sound.

Remote Sens. 2019, 10, x; FOR PEER REVIEW 6 of 24 

 

especially during the Han–Tang period, as has been confirmed by various excavated archaeological 
materials, monuments, historical remains and ancient documents [9,10,14–16]. The Dunhuang 
Section of the GH, distributed about 80 km north of the modern oasis city of Dunhuang, is now one 
of the most significant pieces of large-scale linear cultural heritage, and the best-preserved section of 
the GH in China [4]. This section was designed and built over several years, and varies in terms of its 
spatial, structural and morphological patterns. Generally, beacon towers and military forts were built 
first along the line of the GH; defensive walls or ditches were then added when necessary. In some 
difficult locations (e.g., rivers, lakes, hills and valleys), only beacon towers and military forts were 
built. Today, along the line of the GH in northern Dunhuang, the only preserved remnants are water-
eroded paleochannels, wind-weathered yardang landforms, and small sand dunes [19]. Thus, it is 
nearly impossible to discover and identify ancient remains using conventional field surveys in these 
less-accessible regions.  

2.2. Linear Traces of GH in Dunhuang 

The Dunhuang Section of the GH is a huge and complex military defense system. There are 
many types of military facilities related to it, including defensive walls, beacons, forts, ditches, fences, 
trenches, passes, warehouses and post-stations [14,18]. Due to the severe natural conditions, and also 
later damage caused by people, it is hard to find most these original features, and most of them have 
disappeared or been buried by sand [19]. Based on well-documented historical literatures [9,10,14] 
and comprehensive archaeological maps [21,22], the defensive walls of the GH stretched for about 
400 km [12,18] in Dunhuang: they were built to serve as the strongest and most extensive part of the 
integrated GH defense system, and indicate the skeletal structure of the GH system. The walls were 
made of local materials with the sandy soil, reeds, Tamarix and Euphrates Poplar being built up layer 
by layer (Figure 4), [14,20] making the defensive wall solid and sound.  

 
Figure 4. Field photograph showing the natural profile of a typical segment of the GH with remained 
walls on the ground in Dunhuang. 

According to historical records [9,10] and recent archaeological researches [14,16,19,21,22], a 
parallel trench or ditch was usually dug outside the wall after the original soil and sand had been 

Figure 4. Field photograph showing the natural profile of a typical segment of the GH with remained
walls on the ground in Dunhuang.



Remote Sens. 2019, 11, 2711 7 of 22

According to historical records [9,10] and recent archaeological researches [14,16,19,21,22],
a parallel trench or ditch was usually dug outside the wall after the original soil and sand had
been carried away. The defensive walls represent a unique construction technology that demonstrates
the innovative utilization and creative transformation of local conditions as well as the use of indigenous
knowledge in the development of a military presence in frontier regions where construction materials
were in short supply. In this study, the most characteristic features of the GH, the defensive walls,
were selected as the research objects. Figure 4 shows a typical segment of GH in Dunhuang. The wind
erosion and anthropogenic vandalism in a long term of years have told severely on the preservation of
the GH in Dunhuang. Nearly all of the defensive walls disappeared and their linear traces are hard to
see on the ground (Figure 5d–g). Fortunately, high-resolution satellite RS, in particular, provides a new
perspective for prospecting the GH, allowing its traces to be observed from above (Figure 5a–c).
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In Dunhuang, the defensive walls of the GH usually appear similar to archaeological soil-marks
and can be seen as approximately linear features in VHR RS data. The linear traces of the GH are visible
owing to variations in color, texture or shape (Figure 5b,c). As these were major features and symbols
of the GH in ancient Dunhuang, observing the linear traces in VHR satellite RS data required a proper
method for identifying them in different environmental settings. In this study, it was crucial to identify
the linear traces so that spatial patterns and defense policies employed along the Hexi Corridor could
be better understood. Those traces had a mean width of around 10–12 m. This allowed an extraction
approach for identifying them from VHR satellite remote sensing imagery to be designed.

2.3. Remote Sensing Data

A total of 10 GF-1 images (see Table 1, Figure 6), acquired between 30 July and 25 September 2014
were procured for use in this study. The GF-1 satellite RS data used in this study was obtained from
the Centre for REsources Satellite Data and Application (CRESDA), China. The GF-1 satellite is fitted
with two panchromatic and multispectral (PMS) cameras (Table 2) which can provide PAN and MS
data with nadir resolutions of 2 m and 8 m, respectively, across an imaging swath of 60 km. It is worth
noting that all the GF-1 images used in this study are cloud-free and are imaged at approximately the
same local time (10:30 a.m.)

Table 1. GF-1 panchromatic and multispectral (PMS) data used in Dunhuang.

ID (See Figure 2 for Location) Sensor Acquisition Date

GF1_PMS1_E93.6_N40.3 PMS 2014-07-30
GF1_PMS1_E93.9_N40.3 PMS 2014-08-03
GF1_PMS2_E94.1_N40.5 PMS 2014-07-30
GF1_PMS2_E94.4_N40.5 PMS 2014-08-03
GF1_PMS1_E94.9_N40.5 PMS 2014-09-17
GF1_PMS2_E95.3_N40.5 PMS 2014-04-06
GF1_PMS2_E95.7_N40.5 PMS 2014-09-17
GF1_PMS1_E96.1_N40.5 PMS 2014-08-15
GF1_PMS2_E96.4_N40.5 PMS 2014-09-25
GF1_PMS1_E96.6_N40.5 PMS 2014-04-18

Table 2. Characteristics of GF-1 PMS data.

Sensors Wavelength/µm Spatial Resolution/m

GF-1 PMS

PAN 0.45–0.90 2

MS

B1-Blue: 0.45–0.52

8
B2-Green: 0.52–0.59
B3-Red: 0.63–0.69
B4-NIR: 0.77–0.89
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Remote sensing archaeologists interested in detecting, mapping and documenting AOIs are
increasingly employing very high-resolution commercial satellite optical imagery. The SPOT, IKONOS,
QuickBird, GeoEye and WorldView data have been widely used in previous studies [19,33,34,54,55],
and will continue to play a constructive role in the identification of archaeological features in the
future [29], lacking applications of the latest GF-1 optical data. Compare with above-mentioned
commercial satellite data, the unique advantage of GF-1 data is that it is free to access by the registered
users. Gaofen-1 Constellation is currently composed of four satellites (Gaofen-1 A, B, C, D), which jointly
construct the operational constellation of land resources survey and monitoring. It shortens the global
imaging period to 11 days and the revisit period to 1 day. In case of emergency, the target area can be
revisited for several hours.

Based on an analysis of the GF-1 PAN image, which has a spatial resolution of 2 m, it was easily
found that the linear traces between two adjacent beacon towers were almost linear and had clear
edges, and that the remnants of the GH on the ground produced obvious archaeological soil marks.
In view of these common features of linear traces, a method of automatically identifying linear traces
of the GH that included image segmentation using the Otsu threshold segmentation algorithm and the
extraction of linear traces based on the Hough Transform was developed.

At the landscape scale, the landform types in Dunhuang are diverse and complex (consisting of
steppe, Gobi, desert, yardang, etc.), resulting in different background environmental conditions where
the linear traces are located. Meanwhile, in order to fully understand the image characteristics for the
GH, 12 typical linear traces distributed across Dunhuang were selected for GF-1 PAN image analysis
(Table 3, Figure 6). They were divided into two categories: linear traces with wall remnants and those
with non-wall remnants. The background environment at the locations of these 12 GH fell into 6
classes: homogeneous desert-Gobi background (G1), heterogeneous desert-Gobi background (G8),
homogeneous Gobi background (G5, G9), heterogeneous Gobi background (G2), homogeneous gully
background (G3), heterogeneous gully background (G6, G11), homogeneous yardang background (G4,
G10) and heterogeneous yardang background (G7, G12).
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Table 3. Image characteristics of 12 typical linear traces in GF-1 PAN data.

Types GF-1 PAN Sub-Images of Linear Traces Walls? Field Photos

G1
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The GF-1 PAN and MS data were first radiometrically corrected before atmospheric correction was
performed. Subsequently, the MS data were atmospherically corrected with the aim of reducing the
errors or noises attributed to atmospheric conditions as these affect the ability to use spectral channels
to analyze features of interest analysis. In addition, the processed data were orthorectificated based
on the rational polynomial coefficient (RPC). Lastly, Each GF-1 image was geometrically corrected
using dozens of ground control points acquired using a hand-held portable DGPS system [62] with a
horizontal accuracy better than 1 m (equal to 0.5 pixels). This yielded an average root mean square error
of less than 0.4 pixels. All of the data pre-processing was carried out in ENVI5.4 [63]. Additionally,
the 10 corrected PAN images used in this paper were also enhanced using the joint morphological
transformation approach that was proposed in our previous study [61].

3.2. M-Statistic

In this study, we adopted the M-statistic [64], and the spectral separability index (SSI), to assess
the separability of linear traces and their surrounding backgrounds (e.g., sand dunes, yardang,
and paleochannels). The M-statistic can be defined as follows [65]:

M(λ) =
µ1(λ) − µ2(λ)

σ1(λ) + σ2(λ)
(1)

whereµ1(λ) andµ2(λ) are the means of two different classes (such as linear traces and their surroundings),
and σ1(λ) and σ2(λ) represent the corresponding standard deviations.

A greater M value means a higher separability between the two classes since the intra-class variance
is minimized and the inter-class variance is maximized [61]. Based on our previous study [61], M < 1.0
and M > 1.0 represent poor and good class separation, respectively. In this study, the M-statistic was
used to compare the spectral separability of linear traces for multispectral imagery with panchromatic
data and the products derived from them (fused imagery, multispectral channels, panchromatic data,
the normalized difference vegetation index (NDVI), principal component analysis (PCA), etc.).
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3.3. Otsu Segmentation

At present, there are many image segmentation algorithms available, these can be divided into
the following categories: edge operator-based (Sobel, Laplacian, Prewitt, Canny, etc.), threshold-based
(2-Mode, Iteration, Otsu, Global Threshold, etc.), region-based (Region Growing, Splitting and
Merging, Watershed, etc.), graph theory-based (GraphCut, GrabCut, Random Walk, etc.), and energy
function-based (such as the Chan-Vese model). In pattern recognition and signal and digital image
processing, the Otsu segmentation method, designed and proposed by Nobuyuki Otsu [66] in 1979,
is applied to automatically perform clustering-based image thresholding, or, the reduction of a
gray-level image to a binary image [67]. Otsu segmentation has been widely used because of its
simplicity, stability and effectiveness. It assumes that the targeted image contains two groups of
pixels (the background and objects of interest) that follow the bi-modal histogram. It then calculates
the optimum threshold separating the two groups so that their within-class variance is minimal or,
equivalently, so that their between-class variance is maximal [68].

Otsu’s segmentation algorithm exhaustively searches for the threshold that minimizes the
within-class variance, defined as a weighted sum of the variances of the two groups:

σ2
ω(t) = ω0(t)σ2

0(t) +ω1(t)σ2
1(t) (2)

where weights ω0 and ω1 are the probabilities of the two groups separated by a threshold t, and σ2
0 and

σ2
1 are the variances of these two groups.

The class probabilityω0,1(t) is computed from the L bins of the histogram, L is 256 for the grayscale
level image:

ω0(t) =
t−1∑
i=0

p(i), ω1(t) =
L−1∑
i=t

p(i), p(i) =
Pi

M×N
(3)

where M×N indicates the size of the targeted original input image, and Pi is the total number of pixels
in each group separated by a threshold t.

Otsu shows that minimizing the within-class variance is the same as maximizing the between-class
variance σ2

b [68]:

σ2
b = σ2

− σ2
ω(t) = ω0(µ0 − µT)

2 +ω1(µ1 − µT)
2 = ω0(t)ω1(t)[µ0(t) − µ1(t)]

2 (4)

where the class means µ0,1,T(t) are given by:

µ0(t) =

∑t−1
i=0 ip(i)
ω0(t)

, µ1(t) =
∑L−1

i=t ip(i)
ω1(t)

, µT(t) =
L−1∑
i=0

ip(i) (5)

It is easy to find the following mathematical relations:

ω0µ0 +ω1µ1 = µT, ω0 +ω1 = 1 (6)

Because variance is an indicator that measures the uniformity of the gray-level distribution of the
image of interest, the greater the variance, the greater the difference between the two parts of the image.
From the point of view of pattern recognition, the best threshold in an Otsu algorithm is the one that
produces the best separation between foreground and background classes, which is represented by
category variance. For this reason, the within-class variance, between-class variance and total variance
are introduced. When the variance of the two groups is maximal, the threshold has been obtained.

3.4. Linear Hough Transform

The Linear Hough Transform (LHT), a linear feature detection algorithm, is popularly applied
in pattern recognition and computer vision [49,69–71]. It aims to detect potential linear features
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within a certain class of shapes by making it possible to perform groupings of edge points into object
candidates by performing an explicit voting procedure over a set of parameterized image objects [70].
Generally, in the parameter space (X, Y), a line y = ax + b can be represented as a point (a, b). However,
vertical lines pose a problem as they give rise to unbounded values of the slope parameter a. Thus,
for computational reasons, Duda and Hart [69] proposed the use of the Hesse normal form (Figure 7):

ρ = x cosθ + y sinθ (7)

where ρ is the distance from the coordinate origin O to the closest point C on the straight line y = ax + b,
and θ is the angle between the X axis and the line connecting the origin O with that closest point C.
It is therefore possible to associate with each line of the image a pair (ρ, θ). The (ρ, θ) parameter space
is also referred to as the Hough space for the set of straight lines in two dimensions. Given a single
point in the (ρ, θ) plane, then the set of all straight lines going through that point corresponds to a
sinusoidal curve in the (ρ, θ) plane, which is unique to that point. A set of two or more points that
form a straight line will produce sinusoids which cross at the (ρ, θ) for that line. Thus, the problem of
detecting collinear points can be converted to the problem of finding concurrent curves.
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The LHT uses a 2-D matrix, called an accumulator, to detect the existence of a line described by
ρ = x cos θ + y sin θ. The dimension of the accumulator equals the number of unknown parameters,
i.e., two, based on the quantized values of ρ and θ in the pair (ρ, θ). For each pixel at (x, y) and in its
neighborhood, the LHT algorithm determines whether there is enough evidence of a straight line at
that pixel. If so, it will calculate the parameters (ρ, θ) for that line, and then look for the accumulator’s
bin that the parameters fall into, and increment the value of that bin. By finding the bins with the
highest values, typically by looking for the local maximum in the accumulator space, the most likely
lines can be detected, and their geometric definitions read off.

3.5. Ground Verification Surveys

In 2013, 2015 and 2018, the senior authors of this paper took part in 10 expeditions to the Dunhuang
region and searched suspected sections of the GH from the prospective areas for ground verification.
The exploring team was going straight to the suspected sections, which were seen so obvious on the
GF-1 satellite imagery, but we took full advantage of the ancient road and the dried rivers’ channel
during the marches.
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4. Results and Discussion

4.1. M-Statistic of Linear Traces of GH

Table 4 gives the M-statistics obtained for the linear traces in Dunhuang. Unfortunately, all the M
values calculated from the spectral channels and their derived products were less than 1.0. This is
because linear traces do not have distinctive spectral signatures, being partially or completely covered
by layers of water-eroded or wind-weathered soils, gravels or sands (Figure 5).

Table 4. M-statistic for linear traces of GH in Dunhuang.

Bands µ1 − µ2 σ1 + σ2 M

B1-Blue 1.54 6.24 0.25
B2-Green 2.53 9.13 0.28
B3-Red 3.76 9.02 0.42
B4-NIR 3.92 10.88 0.36

PAN 2.86 5.55 0.52
NDVI 1.01 11.34 0.09
PCA1 3.45 8.57 0.40
PCA2 2.93 18.11 0.16
PCA3 3.38 14.96 0.23
PCA4 3.67 18.33 0.20

We also checked all four pansharpened GF-1 MS images individually over the study area.
Despite differences in how each pansharpened image accentuates surface characteristics, little difference
can be seen. However, the GH’s linear traces are clearly visible in GF-1 PAN image due to the obvious
texture characteristics. Image texture gives us information about the spatial arrangement of color or
intensities in an image or selected region of an image. Texture information has been an important factor
in visual image interpretation. To the GF-1 PAN imagery, it takes into consideration the distribution
and variation of neighborhood pixel values.

In this study, because the contrast between the linear traces and their surrounds was very large,
processing our previously proposed joint mathematical morphological method [61] was applied to
enhance the PAN data before image segmentation was performed.

4.2. Image Segmentation

Figure 8 shows the results of applying the 2-Mode (b) and Iteration methods (c); extra patches are
presented because these methods do not take the effect of noise into account. The Otsu approach (d),
in particular, had a positive effect on the noise, and was highly sensitive to linear traces of the GH.
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(b) original image after 2-Mode, (c) original image after Iteration and (d) original image after applying
Otsu’s method with geometric filtering. The white arrows in (a) indicate linear traces of GH.

A geometric filter was designed and then used to leave the objects that were not of interest out
of the patch segmentation based on the Otsu approach. The filtering procedure was based on the
area and aspect ratio of each object segmented in the sub-image. Because the GH appeared as linear
features in the GF-1 PAN image, we focused only on the approximately rectangular patches that had a
small length to width ratio (aspect ratio). Based on the results of field surveys, it was known that the
length of the linear trace is often in the range 1000 m to 1200 m—equivalent 500 to 600 pixels in the
sub-images—and that the width of the linear trace often ranges from 10 m to 12 m—i.e., equal to 5 to
6 pixels. Thus, the area and aspect ratio thresholds used to remove the objects that were not of interest
were set to 500 pixels and 0.01, respectively (Figure 8d). All of the filtered objects were extracted in the
LHT processing that followed.

4.3. Automatic Identification of Linear Traces

The final result of LHT processing is a 2-D array which can be understood as a voting accumulator.
One dimension of this array is θ and the other is ρ. Each element in the array has a value equal
to the sum of the points or pixels that are positioned on the line represented by the parameters (ρ,
θ). Therefore, the element with the highest number of votes represents the highest likelihood of the
presence of a line in the input data (Figure 9a). Figure 9b shows the automatic linear traces identification
results obtained using the image used in the experiment. The GF-1 PAN sub-image of the test site is
displayed with the extracted lines in color. It can be seen that the linear traces were extracted well.
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4.4. Performance Evaluation

In general, the evaluation of the performance of an archaeological feature extraction algorithm
needs an objective and quantitative standard. However, unfortunately, due to the complexity of
surroundings, multiple solutions and differences between archaeological sites themselves, it is difficult
to achieve accurate evaluation of segmentation and extraction results at the pixel scale. In addition,
the comparison of identification results based on statistical analysis is sensitive to the interpretation
of ground truth. Thus, drawing on the ideas for accuracy evaluation proposed by Tarantino and
Figorito [72], and based on the image characteristics of linear traces, the performance of our proposed
approach was qualitatively assessed by grouping linear traces on the basis of their integrity (high,
medium, or low), visibility (high, medium, or low) and background complexity (high, medium, or low)
(Table 5).

Table 5. Score categories used for the assessment of integrity, visibility and background complexity of
processed the linear traces in Dunhuang.

Integrity Visibility Background Complexity

High No gaps High contrast with background Homogeneous background

Medium Less than 2 gaps and gap lengths always
less than 3 m Intermediate conditions Heterogeneous Background

Low More than 2 gaps and gap lengths greater
than 3 m Poorly defined contour Heterogeneous Background
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Table 6 shows the integrity, visibility and background complexity together with the level of feature
identification for the 12 linear traces described in Table 3. At the same time, based on the automatically
identified results, the detected lines were converted into shapefiles, and the length of the automatically
extracted linear traces is calculated in ArcGIS 10.1. These were then compared with the manually
extracted length to assist in the quantitative evaluation of the accuracy and reliability of the proposed
approach. The two ratios: Length True (LT) to Length Manual (LM) and Length False (LF) to LM of were
used to assess the accuracy and applicability of the proposed method.

Table 6. Specific characteristics of the 12 typical linear traces of the GH and the results obtained using
the proposed identification method.

Linear Trace of
GH Integrity Visibility Background

Complexity
Identification

Level LT/m LF/m Ml/m LT/LM × 100% LF/LM × 100%

G1 High High Low High 805 0 1000 80.5% 0
G2 Medium Medium High Medium 620 0 1000 62.0% 0
G3 Low Low Medium Low 350 720 1000 35.0% 72.0
G4 High High Low High 1080 0 1200 90.0% 0
G5 High High Low High 810 0 1000 81.0% 0
G6 Medium Medium High Medium 685 315 1000 68.5% 31.5
G7 Low Low High Low 790 2050 1000 79.0% 205.0
G8 Medium Medium High Medium 535 505 1000 53.5% 50.5
G9 Medium Medium High Medium 800 395 1000 76.5% 39.5

G10 Medium High Medium High 830 0 1000 83.0% 0
G11 Low Low High Low 300 605 1000 30.0% 60.5
G12 High High Low High 855 0 1000 85.5% 0

Figure 10 shows that the proposed approach obtained good results when the low background
complexity was low (G1, G4, G5 and G12). The low values of the identification level for linear traces G3,
G7 and G11 were influenced by the low integrity, high background complexity and textural similarity
with the sand dunes. The linear traces extracted manually but not detected automatically are basically
archaeological features in GF-1 PAN sub-images with low visibility and multiple breakpoints. As a
result, it was possible that linear traces may have been extracted from multiple line segments; that is,
the edge features of the linear traces were not effectively recognized. Because of the assumption that
linear traces of the GH approximated to straight lines, there was a slight deviation between the locations
identified in the results and the actual locations of the linear traces obtained from field surveys. In order
to demonstrate the general applicability of the proposed method, experiments were carried out on
VHR Google Earth images from other two generations of Great Wall of China. In Figure 11, we report
the results obtained by using the proposed approach to Ming Dynasty (1368 A.D.–1644 A.D.) and
Western Xia Dynasty (1038 A.D.–1227A.D.). The trace identification is perfect and very encouraging,
since wall intersections and deviations, different segments have been detected as a whole.
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Figure 11. Application of the proposed method to Google Earth very high-resolution (VHR) images
in order to identify linear traces of the Ming generation of the Great Wall in Heaton Corridor (a),
(105◦47′42” E, 38◦12′55” N)) and the Western Xia generation in Inner Mongolia (b), (106◦01′34” E,
41◦43′03” N)).

5. Conclusions

In this paper, an integrated approach to automatically identifying the linear traces of the GH
using Chinese GF-1 satellite RS data in Dunhuang, northwest China was proposed. The linear traces at
various stages of preservation were first categorized into 12 classes based on image feature analysis and
field investigation. An automatic approach, consisting of Otsu segmentation and LHT was then used
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to identify the linear traces in VHR GF-1 PAN data. The results indicated that the proposed approach
could help in automatic identification of linear traces of the GH in different environmental contexts.

For linear traces of the GH with simple or low background complexity, the proposed method
based on Otsu segmentation algorithm and LHT can realize automatically identified and extracted the
linear traces well. In areas of high background complexity, however, there are often objects similar to
or even identical to the linear texture features of the GH in GF-1 PAN images. Therefore, some noise
objects appeared in the segmentation results, which increased the background complexity to a certain
extent. At the same time, when linear traces are detected and extracted using the LHT, due to the
effects of the integrity and visibility of linear traces themselves, there will be a certain amount of false
identification. To improve the accuracy of the results this needs to be deleted manually in combination
with actual application in the later stages of comprehensive archaeological mapping.

Due to paleochannels, yardang landforms, and obscuring with sediments and sand dunes,
the visibility of the linear traces varies. In this study, most of the linear traces are clear (High and
Medium) from a satellite-view in light of the geometric and texture characteristics. The integrity of
the linear traces is mainly affected by the seasonal flooding and anthropogenic activities (such as
construction of power lines and roads). The use of remote sensing methods for the automated detection
of archaeological features and landscape patterns is still in its infancy. The quantitative evaluation
described here has shown that the automatic identification of linear traces of the GH can be successfully
performed in this study.

All of these problems need to be dealt with in future work. Additionally, the identification of
non-linear traces of the GH will pose a greater challenge to the proposed approach. The automatic
identification based on the Otsu segmentation method and LHT can recognize some linear noise or
linear background objects as linear traces. Because of the limited resolution of GF-1 PAN imagery,
linear traces in the imagery cannot truly and objectively reflect the actual characteristics of the GH.
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