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Abstract: This paper presents a practical framework for the integration of unmanned aerial 

vehicle (UAV) based photogrammetry and terrestrial laser scanning (TLS) with application to 

open-pit mine areas, which includes UAV image and TLS point cloud acquisition, image and 

cloud point processing and integration, object-oriented classification and three-dimensional 

(3D) mapping and monitoring of open-pit mine areas. The proposed framework was tested 

in three open-pit mine areas in southwestern China. (1) With respect to extracting the 

conjugate points of the stereo pair of UAV images and those points between TLS point 

clouds and UAV images, some feature points were first extracted by the scale-invariant 

feature transform (SIFT) operator and the outliers were identified and therefore eliminated 

by the RANdom SAmple Consensus (RANSAC) approach; (2) With respect to improving 

the accuracy of geo-positioning based on UAV imagery, the ground control points (GCPs) 

surveyed from global positioning systems (GPS) and the feature points extracted from TLS 

were integrated in the bundle adjustment, and three scenarios were designed and compared; 

(3) With respect to monitoring and mapping the mine areas for land reclamation, an object-based 

image analysis approach was used for the classification of the accuracy improved UAV 

ortho-image. The experimental results show that by introduction of TLS derived point clouds 
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as GCPs, the accuracy of geo-positioning based on UAV imagery can be improved. At the 

same time, the accuracy of geo-positioning based on GCPs form the TLS derived point 

clouds is close to that based on GCPs from the GPS survey. The results also show that the 

TLS derived point clouds can be used as GCPs in areas such as in mountainous or high-risk 

environments where it is difficult to conduct a GPS survey. The proposed framework 

achieved a decimeter-level accuracy for the generated digital surface model (DSM) and 

digital orthophoto map (DOM), and an overall accuracy of 90.67% for classification of the 

land covers in the open-pit mine. 

Keywords: unmanned aerial vehicle (UAV); photogrammetric processing; terrestrial laser 

scanning (TLS); geo-positioning; accuracy; open-pit mine areas 

 

1. Introduction 

With the advent and availability of accurate and miniature global navigation satellite systems (GNSS) 

and inertial measurement units (IMUs), together with the availability of quality consumer-grade digital 

cameras and other miniature sensors, the unmanned aerial vehicle (UAV) technique has been developing 

rapidly in the civilian community [1–3]. The term UAV is defined as “uninhabited and reusable 

motorized aerial vehicles” [4], which can be remotely controlled by means of autonomous, semi-autonomous 

or manual operations. The UAV systems, which are based on multiple low-cost and conventional 

platforms [5–8] and are equipped with multiple flexible and efficient sensors [9–11], are able to acquire 

high-resolution images for photogrammetric and remote sensing applications. 

In general, three types of space-borne and airborne remote sensing techniques are used for the 

acquisition of high-resolution images of large areas: satellites, manned aircraft, and UAVs. Satellites are 

often restricted by the running cycle, height orbit and cloud cover, and manned aircraft are affected by 

airspace limits and weather [12,13]. UAV-based remote sensing systems have both the common 

characteristics of aerial remote sensing and their own unique features. Compared to manned aircraft 

systems, UAVs, which need to obtain flight permission from the civilian aviation authority, can be 

deployed quickly and repeatedly and can be used to avoid windy days and to perform flight tasks in 

high-risk areas, but cover small areas due to battery duration [14]. Moreover, UAVs are able to operate 

close to the target objects and can acquire images with high resolution [15,16]. Therefore, UAV remote 

sensing is a flexible and efficient way of obtaining high-resolution images providing accurate 

information from low altitudes with less interference from clouds. 

With respect to the civilian applications of UAV-based low-altitude remote sensing, since the first 

geomatics test was carried out by Przybilla and Wester-Ebbinghaus (1979) [17], there has been an 

increasing amount of interest in many fields such as forestry and agricultural resource assessment and 

monitoring [18–20]; environmental and atmospheric surveying and monitoring [21–24]; disaster 

monitoring and assessment [25–27]; three-dimensional (3D) building reconstruction and landscape 

mapping [13,16,28]; and 3D documentation and mapping of sites and structures of archaeological and 

cultural heritage [7,29,30]. Several works have been done with respect to 3D mapping and monitoring 

of open-pit mine areas by the use of UAVs [31–33]. McLeod et al. [34] presented a method for measuring 
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fracture orientation in an open-pit mine by use of video images acquired from an UAV. By integrating 

with terrestrial laser scanning (TLS), Salvini et al. [31] proposed an approach for observing the 

structural-geological setting of a quarry wall and to identify the potentially unstable zones. The images 

acquired by UAV-based photogrammetric systems have the characteristics of large overlap areas, 

multiple viewing angles and high ground resolution [35], and, at the same time, small footprints [3], 

large overlap variations and large perspective distortions [16]. Therefore, with respect to the processing 

of UAV images, much effort has been made in the development of processing approaches and systems. 

Laliberte et al. [10] presented a workflow of using UAV for rangeland inventory, assessment and 

monitoring. Chiabrando et al. [7] described a technique for the acquisition and processing to provide 

digital surface models (DSMs) and large-scale maps to support archaeological studies. Zhang et al. [16] 

proposed an approach for the parallel processing of UAV images. Niethammer et al. [27] proposed an 

approach for the production of high-resolution ortho-mosaics and digital terrain models (DTMs) in 

landslide investigations. Harwin and Lucieer [35] assessed the accuracy of georeferenced point clouds 

generated via multi-view stereo (MVS) from UAV imagery. Rosnell and Honkavaara [36] proposed a 

method for point cloud generation by image matching using aerial image data collected by a light UAV 

quadrocopter system. Turner et al. [3] presented an approach for the geometric correction and mosaicking of 

UAV photography by the use of feature matching and structure-from-motion (SfM) techniques. 

Generally, there are two approaches for processing of UAV imagery. The first one is photogrammetric 

approach by the use of bundle adjustment, and the second is computer vision based approach by the use 

of MVS-SfM technique. The bundle adjustment usually needs more GCPs to provide a global 

homogeneous result over the entire area. However, it is difficult to introduce additional data to the MVS-

SfM, and it is not easily accessible because the images lack texture. In the existing studies, the UAV 

imagery is only used to aid GCPs surveyed by GPS. TLS can capture high-accuracy dense point cloud 

of the object surface at high rates in near real time. Therefore, we need to integrate feature points 

extracted from TLS supplement as GCPs in the bundle adjustment to improve the accuracy of UAV 

imagery geo-positioning. Furthermore, to our best knowledge, there is not a practical framework for the 

integration of UAV-based photogrammetry and TLS with applications in open-pit mine areas at present. 

Open-pit mine areas are usually large and are located in remote mountainous areas. As a result, 

traditional techniques such as global positioning systems (GPS) and electronic total station (TS), which 

provide the point-based observations, might sometimes have difficulty in monitoring entire large areas. 

The cost of these ground monitoring techniques is also rather high. Therefore, this paper is concerned 

with conducting a UAV campaign for the photogrammetric mapping, monitoring and assessment of 

open-pit mine areas and their surrounding environment. In addition, the optimization of slope angle in 

open-pit mine areas plays an important role in making full use of recycling resources, reducing 

production costs and increasing mining efficiency [37]. However, the slope zones may result in its 

failure. Thus, it is essential for accurate 3D mapping and monitoring of the slope zones. TLS can be used 

to acquire 3D point clouds of the slopes rapidly and accurately. As a result, this paper is also concerned 

with integrating TLS derived point clouds and UAV images for 3D mapping of the slope zones. 

However, with respect to mine area inventory, assessment and monitoring by the use of UAVs, there 

are two critical issues that need to be further investigated. The first one is that mine areas are usually 

located in remote mountainous areas. Thus, it is crucial to design a specific workflow to conduct a UAV 

campaign for the photogrammetric mapping of open-pit mine areas and their surrounding environment. 
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The second is that the side slope in the open-pit mine area presents irregular shapes for land surfaces and 

can lack texture. In order to monitor the instability of the side slopes, high-accuracy dense clouds from 

TLS are acquired to build an accurate geometric model of the side slope, and high-resolution UAV 

images are used to build a texture model of the side slope. In addition, the other areas in the open-pit 

mine areas, high dense clouds from UAV photogrammetry are generated to build 3D modelling of these 

areas with the aid of the GCPs from both GPS and TLS. For these reasons, it is necessary to integrate 

the high-resolution UAV images and high-quality dense point clouds from TLS to create an accurate 3D 

model of the side slope, and at the same time to improve the accuracy of UAV imagery geo-positioning 

with the aid of GCPs from both GPS and TLS to generate accurate 3D modeling of the open-pit 

mine areas. 

The Kunyang, Jinning and Jianshan phosphate mines were founded in 1965, 1981 and 1999, 

respectively, and are some of the largest open-pit phosphate mines in China. Due to lengthy and 

extensive open-pit mining, the surrounding ecological environment has been seriously damaged, and a 

number of slope failures have occurred in the past decade. The water quality of Dianchi Lake near the 

mines has been particularly influenced. As a result, it is necessary to assess and monitor the mine areas, 

for the purpose of mine tailing, land reclamation, and planning the vegetation resources. 

The objective of this paper is to present a framework for the integration of UAV-based photogrammetry 

and TLS for the 3D mapping and monitoring of open-pit mine areas and for the accurate 3D modeling 

of the side slopes, in southwestern China. Specifically, the focus of the paper is: (1) to demonstrate the 

practical workflow for UAV-based photogrammetric operations, which consists of flight planning, 

ground observation, image and point cloud acquisition, image and point cloud processing and 

integration, and 3D mapping and land-cover classification of the mine areas; (2) to investigate a method 

for improving the geo-positioning accuracy of UAV imagery by the use of the bundle block adjustment, 

with the aid of ground control points (GCPs) from a GPS survey and high-quality dense 3D point clouds 

from TLS; and (3) to integrate the 3D ground points from UAV images and point clouds from the TLS, 

aiming to provide accurate 3D mapping of the slope areas. 

2. Methods 

The framework for the acquisition and processing of UAV images in the open-pit mine areas consists 

of four main parts, i.e., configuration of ground network and flight route design, image acquisition and 

matching, accuracy improvement of UAV imagery geo-positioning and classification of land covers in 

open-pit mine areas from UAV ortho-images. Figure 1 shows the entire technological framework of the 

study. In the first part, the configuration of the ground control network includes the number and 

distribution of GCPs that are surveyed by the real-time kinematic global positioning system (RTK-GPS). 

The flight route is designed with the specific factors for UAV-based photogrammetric and aerial image 

orientation. In the second part, both UAV images and the position and orientation system (POS) data are 

acquired during autonomous flight operations. The conjugate points of a stereo pair of images are 

extracted by the scale-invariant feature transform (SIFT) operator [38] and the outliers are identified and 

eliminated by the RANdom SAmple Consensus (RANSAC) approach [39]. In the third part, with the 

aid of GCPs and 3D point clouds from TLS, the accuracy of the geo-positioning of UAV imagery is 

improved by using bundle block adjustment. In addition, accurate 3D mapping of the side slopes is 



Remote Sens. 2015, 7 6639 

 

generated by integration of high-resolution UAV images and high-quality 3D point clouds. In the fourth 

part, a multi-resolution segmentation algorithm and a bottom-up region merging technique are used for 

the image segmentation, and an object-based image analysis approach is used for image classification. 

 

Figure 1. Entire workflow of the study. 

2.1. Materials and Data Acquisition 

2.1.1. The UAV System, Sensors and the TLS System Used in the Experiment 

The UAV system used in this study is an ISAR-II UAV manufactured by the Beijing Remote Sensing 

& Digital Earth Information Technology Company (http://www.uavrs.com/). The system consists of two 

main components: aerial and ground systems (Figure 2). The aerial systems consist of the remote sensing 

sensor suite, the automatic control system and the UAV platform. The main functions of the aerial 

systems are to upload the plan routes into the controller and to monitor the state of the UAV in flight. 

The ground components include a route planning system, a ground control system (GCS) and a data 

reception system. The main functions of the ground components are to design and schedule the flight 

routes, to receive real-time flight attitude data and to control the flight of the UAV. In the experiment, a 

GPS reference station was set within the distance of 30 km from the study area to navigate the UAV. In 

addition, a wireless transmission channel is used to transmit flight data between the aerial systems and 

the ground station with a maximum distance of 30 km to monitor the UAV flight routes, to change the 

flight plan or switch automatically to manual flight in case of emergency or landing. 

In this study, the UAV platform used was a fixed-wing miniature plane, which has a payload capacity 

of approximately 4 kg and a flight duration of approximately 1.4 h (limited by the 2.2-liter gas tank). 
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Table 1 shows the technical specifications of the UAV platform. The platform is equipped with  

a micro-autopilot unit, enabling automated navigation and real-time monitoring of the overlooked areas. 

The navigation system includes a GPS/DGPS unit, a three-axis gyroscope and accelerometer, and a 

relative airspeed probe. The UAV platform can fly automatically, according to the predefined flight 

routes, based on GPS and IMU navigation. Photos are taken during the flight at a set interval of time or 

distance. During the flight process, the flight parameters, such as the spatial location of the UAV, the 

three attitude angles and flight speed, are recorded. In addition, a Dagama SiRF3 SG-959 G-mouse 

module was mounted on the UAV having an update rate of 1 Hz. The IMU sensors include a three-axis 

rate gyroscope, accelerometer and magnetometer. The accuracy of the attitude data from the IMU is 

rated as ±2° for roll and pitch and ±5° for heading. Therefore, it is necessary to improve the accuracy of 

geo-positioning of UAV imagery by correcting the biases in the orientation parameters with aid of GCPs 

obtained from GPS survey and 3D point clouds obtained from the TLS. The detailed methods will be 

discussed in Section 2.3. 

 

Figure 2. The UAV system used in the experiment. 

In the experiment, the single lens reflex (SLR) digital camera equipped in the platform is a Canon 

EOS 5D Mark II camera, with a focal length of about 24 mm, image size of 5616 × 3744 pixels, and 

pixel size of 6.41 μm. The CCD size of the camera is 36 mm × 24 mm, with 21 million pixels, and the 

images acquired by the camera are true colour photo with 8-bit radiometric resolution. 

A Leica HDS8800 long-range TLS was used to acquire 3D point clouds of the side slopes in the mine 

areas. The position and orientation of the TLS used in the experiment will be discussed in Section 2.1.2. 

The main parameters of the TLS are presented in Table 2. 
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Table 1. Technical specifications of the UAV platform used in the experiment. 

Item Value 

Length (m) 1.8 

Wingspan (m) 2.6 

Payload (kg) 4 

Take-off weight (kg) 14 

Endurance (h) 1.8 

Flying height (m) 300–6000 

Flying speed (km/h) 80–120 

Capacity Fuel 

Flight mode Manual, semi-autonomous and autonomous 

Launch Catapult, runway 

Landing Sliding, parachute 

Sensor Digital camera, video camera 

Table 2. Technical specifications of the TLS used in the experiment. 

Item Value 

Range 

2.5–2000 m 

1400 m to 80% albedo (rock) 

500 m to 10% albedo (coal) 

Scan rate 8800 points per second 

Divergence +0.25 mrad 

Range accuracy 
10 mm to 200 m 

20 mm to 1000 m 

Angle accuracy ±0.01° 

Repeatability accuracy 8 mm 

2.1.2. Study Area and Data Acquisition 

The study area is located to the south-west of Kunming city in Yunnan province, China, and is 

adjacent to the southern border of Dianchi Lake (Figure 3). In the study area, there are three open-pit 

phosphate mines, Jianshan, Kunyang and Jinning, with areas of 7.8 km2, 18 km2 and 43 km2, 

respectively. The elevation in the study area ranges from 1888 m to 2485 m. 

Prior to the image acquisition, fight route planning is necessary for the aerial image orientation and 

the subsequent generation of the photogrammetric products [30]. The specific factors for photogrammetric 

UAV flight planning can be found in many publications [14,19,40]. In the experiment, Google Earth™ 

and the UAV ground station software (GSS) were used to design the flight route. After the coordinates 

of the flight areas were determined, the information was transferred to the GSS, and the flight lines were 

generated based on the desired flying heights and image overlap. 
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Figure 3. The study area in southwestern China. The UAV flight areas are delineated as red 

polygons, the side slope zones are delineated as blue polygons, the planimetric positions of 

the photo centres are delineated as red points, and the TLS positions are delineated as green 

points. (a) Jianshan open-pit mine area; (b) Kunyang open-pit mine area; and (c) Jinning 

open-pit mine area. 
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In the study area, during a flight time of approximately 143 minutes in May 2011, a total of 1688 

UAV images were collected over the study areas, among which there were 290 images in the Jianshan 

area, 618 images in the Kunyang area and 780 images in the Jinning area. Table 3 shows the particular 

information of the data acquisition. The spatial resolution of these UAV images is approximately 15 cm, 

with 75% forward lap and 55% side lap. In the experiment, the UAV images were acquired during the 

flight operations and were stored on the camera’s 16 GB memory card. For each image, a timestamp, 

GPS location, roll, pitch and heading were recorded by the onboard computer. The images and flight 

data were downloaded after landing. 

Table 3. Data acquisition achieved over the study areas. 

Area Strips Images GCPs Area (km2) Consumed Time (min) Average Flying Height (m) 

Jianshan 8 290 28 7.8 30 563.37 

Kunyang 8 618 40 18 49 476.23 

Jinning 8 780 29 43 64 563.37 

The SLR digital camera mounted on the UAV has a non-metric lens. Prior to processing the obtained 

images, a digital camera distortion model was performed, which includes radial distortion (i.e., k1, k2 and 

k3), asymmetric distortion (i.e., p1, and p2) and plane distortion (i.e., α and β) in the camera calibration 

([41]). Table 4 shows the result of the calibration parameters of the camera equipped on the UAV. 

Table 4. Result of the calibrated parameters of the digital camera mounted on the UAV. 

Item Value Deviation 

Focal Length (mm) 24.3704 0.0001 

Principal Point x0 (mm) 0.2014 0.0001 

Principal Point y0 (mm) 0.0638 0.0001 

Radial Distortion 
k1: 7.80246 e-09 

k2: −5.20000 e-16 

2.7 e-010 

−3.839 e-017 

Decentering Distortion 
p1: −1.10102 e-07 

p2: 9.25639 e-08 

8.6 e-008 

9.3 e-009 

Affinity and Nonorthogonality 
α: −5.24645 e-05 

β: −2.78373 e-06 

– 

– 

Image orthorectification and georegistration are related to aerial triangulation based on the presence 

of GCPs in the project area [3,42–45]. For UAV-based photogrammetry, GCPs are focused on obvious 

feature points on the images, such as road intersections and house corners. However, it is sometimes 

difficult to find obvious features in open-pit mine areas. Therefore, in the experiment, 97 man-made 

markers (Figure 4), which are designed as black and flat circles (with 60 cm diameter) printed on white 

cloth (with the size of 2 m × 2 m), were established as GCPs and were surveyed with the RTK-GPS in 

the national geodetic coordinate system, with an accuracy of 2–3 cm in the horizontal direction and up 

to 5 cm in the vertical direction. In addition, a total of eight GCPs were simultaneously measured by 

both GPS-RTK and TS in Jianshan area, with the aim of assessing the accuracy of GCPs surveyed by 

RTK-GPS through comparing the differences between the coordinates obtained from RTK-GPS and TS. 

Each GCP was measured three times, and the mean value was calculated as the coordinate of each GCP. 
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In the experiment, the root-mean-squared errors (RMSE) of the coordinate residuals between RTK-GPS 

and TS in the X-, Y- and Z-directions are 0.034 m, 0.0098 m and 0.0374 m, respectively. Therefore, the 

accuracy of the GCPs is much higher than the spatial resolution (approximately 0.15 m) of the UAV images 

used in the experiment. 

 

Figure 4. Distribution of GCPs in the study area. (a) configuration of the GCPs (delineated 

as red triangles) in the Jianshan area; (b) designed pattern of the GCPs; (c) example of a 

GCP in the UAV image; (d) configuration of the GCPs in the Kunyang area; 

(e) configuration of the GCPs in the Jinning area. 

Moreover, the surfaces of the side slopes in the mine areas were surveyed by TLS, which is a technique 

of direct 3D measurement, and a total of 10,826,832 points with intensity and RGB data were obtained, 

having an average point space of 5 cm. In the experiment, the position and orientation of TLS were 

determined by the direct georeferencing approach [46], in which the known control point was measured 

by TS, and the maximum distance between TLS and the object surface was 700 m; thus, the accuracy of 

point clouds was less than 122 mm, which is consistent with the result in [46,47]. Figure 3 shows the 

positions of TLS used in the experiment in the three study areas. The registration of TLS point clouds was 

processed in Leica Cyclone, and the accuracy was 8.7 mm, which is also similar to the result in [48–51]. 

2.2. Image Matching and Extraction of Feature Point Cloud 

Image matching is a very useful technique in any type of photogrammetry (aerial and terrestrial) and 

fundamental to the use of UAVs [16,52]. Traditionally, the feature-based matching operators (for 

example, Forstner and Harris operators) and area-based matching techniques (such as cross-correlation 

and least squared matching methods) are widely used in highly textured images. Furthermore, the images 
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acquired within open-pit phosphate mines often lack texture. Therefore, it might be difficult to obtain 

reliable results with these traditional matching operators. In our study, the SIFT operator was used for 

feature extraction and matching, which has the advantages of matching image between UAV-based  

low-altitude image pairs with large rotation angles [16,36,52]. The SIFT features are first extracted from 

each image of a stereo pair, and then the two images are matched by comparing each feature in one 

image with all the features in the other image, and lastly conjugate points are found within the predefined 

searching range [16]. It is likely that there would be some mismatched points in the matching result. 

Therefore, in order to identify and eliminate these outliers, an iterative RANSAC approach is used to 

estimate the fundamental matrix (detailed in [53], p. 279) and to select the maximum number of inliers. 

In the experiment, the adopted approach started by using a random subsample of points to estimate the 

parameters that define the model, and the other points were checked with the estimated model, within a 

predefined threshold tolerance (i.e., a threshold of three pixels in the experiment). Figure 5 shows the 

result of the matched conjugate points of a stereo pair of UAV images. 

 

Figure 5. Result of the matched points between two UAV images in the Jianshan area (Unit: 

pixel). (a,b) matched points by the use of SIFT operator (2901 matched point pairs from a 

total of 57,243 point pairs with a threshold of 0.3 pixels); (c,d) dense matched points based 

on the method of the optimal exterior orientation parameters (5517 matched point pairs with 

a searching size of 21 pixels, correlation size of 7 pixels and least squares size of 21 pixels). 

TLS and UAV photogrammetry can be complementary [54,55] because TLS can capture high-quality 

dense point clouds and provide accurate geometry information, and digital cameras can acquire  
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high-resolution images and supply additional surface colour. In this paper, the integration of UAV 

images and 3D point clouds of TLS are studied by the use of the bundle block adjustment. The 

operational procedure for matching conjugate points between the TLS point clouds and the UAV images 

consists of four steps, as follows. (1) The TLS point clouds are first converted into an intensity image. 

The generated intensity image has 5500 × 1760 pixels with the cell size of 250 mm. Prior to the 

conversion, the singular or gross points were removed; (2) The intensity image is matched with the UAV 

image. During the matching process, the SIFT operator was used in the feature extraction, and a total of 

141 conjugate points were extracted in the experiment; (3) The accuracy of the matched conjugate points 

is assessed. By the use of GCPs surveyed by RTK-GPS, the translation between the intensity image and 

UAV image is constructed. Thus, the image coordinates of the matched points from the UAV image is 

transformed into the ground coordinates, and the differences between the transformed coordinates and 

the coordinates of the TLS point clouds are calculated for evaluating the accuracy of the matched points; 

(4) The correctly matched conjugate points between the TLS point clouds and UAV images are selected 

based on the calculated root-mean-squared error of the residuals. In the experiment, the threshold was 

set as 2.35 pixels. 

2.3. Geo-Positioning Accuracy Improvement and 3D Textural Modelling 

The accuracy of geo-positioning of UAV images depends jointly on the camera orientation, 

configuration of the GCPs (i.e., accuracy, density and distribution), image quality, land cover and the 

topographic complexity of the scene [6]. The impact of the configuration of the GCPs on geo-positioning 

accuracy based on high-resolution satellite imagery has been studied [35,56–59]. In aerial triangulation, 

bundle block adjustment provides a global homogeneous result over the entire area [60]. In order to 

improve the accuracy of geo-positioning based on UAV imagery in the three mine areas, the extracted 

feature points in the 3D point clouds obtained from the TLS are used as a supplement to the GCPs in the 

bundle adjustment, and three scenarios for integration of both point clouds from 3D TLS and GCPs from 

a GPS survey were designed as follows. (1) Scenario one involves performing the bundle adjustment only 

with the support of the POS; (2) Scenario two involves performing the bundle adjustment with both the 

POS and the GCPs surveyed by the GPS; (3) Scenario three involves performing the bundle adjustment 

with the POS, GCPs and 3D point clouds from the TLS. As a result, both the 3D ground coordinates of the 

conjugate points and the exterior orientation parameters (EOPs) of the cameras are simultaneously 

estimated through bundle adjustment with the GCPs from the TLS point clouds and GPS control points. 

Based on the improved accuracy of geo-positioning based on UAV images in aerial triangulation, a DSM 

over the study area was produced by the use of the Delaunay triangles which were generated from the 

integration of 3D ground points of the entire area obtained from the aerial triangulation and 3D point clouds 

of the slope zone obtained from TLS, and the ortho-images were rectified from the original UAV images 

with the refined camera parameters and the generated DSM. In the study, UAV images covered the entire 

open-pit mine areas, where trees, grasses, vegetation and exposed rock/soil were present. In addition, the 

slope zone was covered by the point clouds from TLS, and the area had few trees and grasses. Moreover, 

a filtering operation in the creation of the DSM from UAV and DSM from TLS needs to be considered. 

The bundle adjustment, ortho-rectification and mosaicking of the acquired images were produced by using 

the commercial software Leica Photogrammetry Suite (LPS, ERDAS 9.2, Leica Geosystems Geospatial 
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Imaging, Norcross, GA, USA). In the experiment, a quadratic optimal approach of aerial triangulation was 

used. Firstly, the matched conjugate points obtained by the SIFT operator with high accuracy were 

imported in the point measurement with the required data format, and a bundle block adjustment with the 

initial EOPs was then conducted to estimate the optimal EOPs. Afterwards, these dense matched points 

were extracted based on the estimated optimal EOPs (as shown in Figure 5), and the bundle block 

adjustment was performed once again. 

The UAV-based photogrammetric system can provide high forward lap and side lap of high-resolution 

images and even oblique photos. At the same time, the dense 3D point clouds from the TLS can be more 

appropriate to model the complicated and irregular side slopes in detail. Therefore, the integrated  

high-resolution images and high-quality dense point clouds can be used to generate accurately textured 

3D recordings and presentations [61]. In the experiment, a 3D representation of the side slopes was built 

by integrating the generated DSM in the commercial software ArcScene™ (ArcGIS 9.2), based on the 

point clouds from the TLS and the UAV ortho-images, with the aim of providing detailed information 

for assessment and planning of mine areas, even for monitoring with long time data collection. 

The correspondence between the two datasets was established by the GCPs from the TLS point clouds 

and GPS control points, and the two datasets can be registered into a common reference system. 

2.4. Classification of the Land Covers in the Mine Areas 

With respect to classification of land covers, an object-based image analysis (OBIA) approach is 

suitable for high-resolution imagery, and it has been demonstrated in many studies [5,15,62,63]. The 

accuracy improved UAV ortho-images have a high spatial resolution, however, both spectral and 

radiometric resolutions are highly correlated (i.e., red, green and blue bands) [64]. As a result, the 

intensity-hue-saturation (IHS) space, which is transformed from the RGB space, can increase the 

accuracy of classification [65]. In the experiment, the OBIA approach was developed in eCognition 8.64. 

The operational procedure for the OBIA approach consists of three steps, as follows. (1) Segmentation 

of the image by the use of a multi-resolution segmentation (MRS) algorithm [66]; (2) Selection of texture 

measures to separate the classes of interest, based on a decision tree; (3) Determination of the class 

separability and the accuracy of the classification of the land covers. In the MRS algorithm, a bottom-up 

region merging technique was used to combine the smaller segments into larger ones based on the 

relative homogeneity criteria such as scale, color and shape. Figure 6 shows the result of image 

segmentation at different scales. In the figure, the MRS is based on a local homogeneity criteria to 

describe the similarity of the adjacent image objects. 

The UAV images, which acquired in the open-pit phosphate mines that are located in the mountain 

areas, showed more trees and grasses. In the experiment, a combination of rule-based and nearest-neighbour 

classification methods was used to distinguish the classes. Three types, which are the vegetation 

(Woodland, Grassland and Arable land), exposed rock/soil (Building, Road, Active mine, Reclaimed 

mine and Rural area) and water, were first classified using the rule-based classification with the defined 

thresholds of intensity, and the detailed classification at the species level was conducted using the 

nearest-neighbour classification method. With respect to the vegetation, an experiential vegetation index 
(VI') was first calculated by )4.1()2( GRBRGIV  , where )/( BGRGG  , 

)/( BGRRR   and )/( BGRBB  , respectively. If the value of the calculated VI' is greater than 
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the threshold of −0.1, then the vegetation type can be determined. With respect to the water, a grey level 

co-occurrence matrix (GLCM) homogeneity [15,67] was further calculated. If the value of GLCM is 

greater than 0.37 and the value of the calculated VI' is not between −0.28 and −0.15, then the water type 

can be determined accordingly. The accuracy of the classification was assessed by error matrices, and 

thus, by calculating the overall user’s (errors of omission) and producer’s (error of commission) 

accuracies, overall accuracy, as well as Kappa statistics [68]. In the accuracy assessment of the 

classification of the land covers, at least 10 point samples for each class were manually labeled as the 

ground truths (details can be seen in [69]). In addition, more than 100 point samples were selected in the 

active areas, reclaimed mines, woodland and grassland, and these samples were distributed evenly across 

the entire study area. 

(a) (b)

(d)(c)

 

Figure 6. Comparison of image segmentation at the different levels used in the object-based 

classification. (a) UAV mosaic image from Jianshan; (b) Image segmentation with a MRS 

scale of 200; (c) Image segmentation with a MRS scale of 400; (d) Image segmentation with 

a MRS scale of 600. 

3. Results and Discussion 

3.1. Result of the Geo-Positioning and Accuracy Assessment 

With respect to the integration of UAV-based photogrammetry and TLS, Table 5 shows a comparison 

of the geo-positioning accuracy based on UAV images in the three scenarios, as discussed in Section 2.3, 

of the entire Jianshan area. In the test, 10 point clouds from the TLS (detailed see Section 2.2) and 28 GCPs 
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surveyed by the GPS, in the Jianshan area, were used in the bundle block adjustment (in which nine 

GCPs were used as checkpoints to assess the accuracy of the geo-positioning). There were six point 

clouds from the TLS and 32 GCPs (in which eight GCPs were used as checkpoints) surveyed by the 

GPS in the Kunyang area. While in the Jinning area, only 21 GCPs (in which eight GCPs were used as 

checkpoints) surveyed by the GPS were used in the bundle block adjustment. From the table, we can see 

that: (1) the geo-positioning accuracies in both scenario two and three are much better than that in 

scenario one. This result indicates that in the steep slope zone area, the accuracy of geo-positioning based 

on UAV images only with the support of the POS in scenario one is relatively low. However, with the 

aid of more GCPs from the GPS or TLS, the geo-positioning accuracy can be significantly improved; 

(2) Scenario three achieves the best accuracy of the geo-positioning. The reason for this is that some 

accurate 3D point clouds obtained from the TLS are used as a supplement to the GCPs in the bundle 

adjustment. In general, the decimeter-level accuracy achievable from UAV images meets the demand 

for the subsequent application of images in mine areas; (3) The accuracy in Z-direction with GCP 

demonstrated more improvement; it may be there were more errors in the initial value of POS in  

Z-direction than in the planimetric. However, there remain more errors in the Z-direction, which may be 

influenced by the steep slope, and the images may have larger perspective distortions. 

Table 5. Results of the geo-positioning accuracy with bundle block adjustment. 

Area Scenario 
Maximum Error Mean Error Root-Mean-Squared Error 

X/m Y/m Z/m |X|/m |Y|/m |Z|/m X/m Y/m Z/m 

Jianshan 

Scenario one −4.4216 2.1685 11.6474 3.8868 1.7411 8.0782 3.9091 1.7597 8.5113 

Scenario two −0.2586 0.1391 1.4753 0.1116 0.0842 0.4850 0.1407 0.0949 0.6380 

Scenario three −0.2477 −0.1488 1.6074 0.0974 0.0827 0.4183 0.1253 0.0933 0.6210 

Kunyang 

Scenario one −4.2221 −7.0257 −16.7015 1.4489 4.4386 6.6686 1.8331 4.6088 8.0069 

Scenario two −0.2529 0.2839 −1.4345 0.0990 0.1248 0.4875 0.1414 0.1447 0.7766 

Scenario three −0.2250 0.2284 −2.4785 0.1095 0.1262 0.5402 0.1378 0.1416 0.7080 

Jinning 
Scenario one 2.2202 2.3067 −5.0525 0.4131 1.2843 1.4831 0.7088 1.4342 1.9025 

Scenario two −0.3473 −0.8749 1.1805 0.1646 0.3344 0.6137 0.2153 0.4496 0.7813 

In addition, to compare the contribution of the 3D point clouds from the TLS in the accuracy 

improvement in the bundle block adjustment, three tests were further conducted in the side slope zone of 

the Jianshan area, where there are more 3D point clouds from the TLS that are used as control points in 

the bundle adjustment. (1) Test one involves performing the bundle adjustment only with the support of 

the POS; (2) Test two involves performing the bundle adjustment with both the POS and 3D point clouds 

from the TLS; (3) Test three involves performing the bundle adjustment with the POS and the GCPs 

surveyed by the GPS. Table 6 shows the results of the geo-positioning accuracy in the three scenarios. In 

the test, a total of 19 UAV images, 10 point clouds from the TLS and 16 GCPs surveyed by the GPS were 

used in the bundle block adjustment. Among which, six GCPs were used as checkpoints, and the accuracy 

of the geo-positioning was evaluated by the use of these check points through comparing the difference 

between their coordinates obtained from the bundle adjustment and those of surveyed by RTK-GPS. From 

the table, we can see that the geo-positioning accuracies in both Scenarios two and three are much better 

than that in Scenario one. This result shows that the introduction of 3D point clouds from the TLS as GCPs 

can improve the accuracy of geo-positioning based on UAV images. At the same time, the accuracy of 
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geo-positioning based on 3D point clouds from the TLS is closer to that based on GCPs from the GPS 

survey. This result shows the potential of using 3D point clouds from the TLS as GCPs in bundle 

adjustment, in the case where it is difficult to conduct a GPS survey in mountainous and remote mine areas, 

such as the slope body with steeper angle and other high-risk areas. 

Table 6. Results of the geo-positioning accuracy with bundle block adjustment in the side 

slope zone of the Jianshan area. 

Test 
Maximum Error Mean Error Root-Mean-Squared Error 

X/m Y/m Z/m |X|/m |Y|/m |Z|/m X/m Y/m Z/m 

Test one 0.563 0.741 1.760 0.4108 0.3647 1.4427 0.4234 0.4178 1.6589 

Test two 0.227 0.376 1.507 0.1540 0.1953 1.3078 0.1634 0.2260 1.5662 

Test three 0.163 0.372 1.472 0.1048 0.1448 1.0603 0.1108 0.1726 1.3209 

3.2. Results of the Digital Photogrammetric Products and the Accuracy Assessment 

3.2.1. Results of the DSMs and DOMs for the Mine Areas 

Once aerial triangulation is completed, a DSM can be generated from the 3D ground points by the 

methods of multi-image dense matching and forward intersection. After that, a digital orthophoto map 

(DOM) can be generated by orthorectification and mosaicking, based on the generated DSM and the 

known camera parameters. Figure 7 shows the results of the generated DSM (left) and ortho-image (right) 

in the Jianshan area, respectively. 

In the experiment, the accuracies of the generated DSMs and DOMs were assessed. The coordinates 

of the checkpoints were first manually measured from the generated DOMs and DSMs, and they were 

then compared with the corresponding ground coordinates of these checkpoints surveyed from the GPS. 

Thus, the root-mean-squared error was further calculated based on the difference between the measured 

coordinates from the generated DOMs and DSMs and the surveyed coordinates from the GPS. Table 7 

shows the results of the accuracy assessment of the generated DSMs and DOMs in the study areas. In 

the table, the accuracies of the generated DOMs in the X- and Y-directions are calculated, as well as the 

accuracies of the generated DSMs in the Z-direction. From the table, we can see that: (1) In all three 

areas, the accuracy in the X-direction is higher than those in both the Y- and Z-directions. In addition, 

the accuracy of the generated DSMs is two to three times higher than that of the generated DOMs; (2) 

In the horizontal direction, the accuracy of the generated DOM in the Jianshan area is the best and is 

close to the resolution of the UAV imagery. The reason for this result might be due to a better 

configuration of GCPs and a higher density of GCPs in this area; (3) In the Z-direction, the error in the 

value of Table 7 is higher than that of in Table 5, and the accuracy is lower than those of in both X- and 

Y-directions, in Jianshan area. The reason for this result may be some biases due to ortho-rectification, 

smoothing and the resampling introduced in the process of generating DSMs and DOMs, the accuracy 

of geo-positioning based on UAV images is related to topographic terrain. Because this test was 

conducted in the steep slope zone area, the accuracy in the Z-direction is lower than those of in both X- 

and Y-directions. For another, apart from active mines, the vegetation areas (occupied by woodlands) 

would have some impacts on the image matching and the creation of DSMs. However, the image 

matching algorithms in vegetated area were not addressed. 
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(a) 

(b) 

Figure 7. Result of the generated. (a) Hill-shaded DSM (with a cell size of 2 m) and (b) the 

generated DOM (with a spatial resolution of 0.15 m) in Jianshan area. 
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Table 7. Results of the accuracy assessment of the generated DSMs and DOMs in respect to 

GCPs from GPS in the study areas. 

Area 
Maximum Error Mean Error Root-Mean-Squared Error 

X/m Y/m Z/m |X|/m |Y|/m |Z|/m X/m Y/m Z/m 

Jianshan 0.2923 −0.2626 1.8293 0.1055 0.0773 0.5150 0.1334 0.1091 0.7245 

Kunyang 0.4344 −0.2529 −1.6676 0.1152 0.1364 0.5510 0.1484 0.1545 0.7112 

Jinning −0.8437 −1.0807 1.4439 0.2382 0.4277 0.7142 0.3034 0.5104 0.8161 

3.2.2. Results of the 3D Texture Models of the Side Slopes 

The 3D texture model is one of the most important photogrammetric products, and it provides useful 

information for the monitoring, assessment and planning of mine areas. Furthermore, 3D models with 

fine textures were generated by integrating the UAV images and the point clouds of the TLS. Figure 8 

shows the results of the 3D texture models of the side slopes in the study areas. 

 
(a) 

 
(b) 

Figure 8. Result of the 3D texture model of the side slopes in the study area. (a,b) sided 

views from the top-left viewpoint with approximately 45° of the side slopes in Jianshan and 

Jinning areas, respectively. 
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Figure 9. Result of the classification of land covers in the Jianshan area. 

 

Figure 10. Accuracy assessment of the classification of land covers in the Jianshan area. 

3.3. Results of the Image Classification and Accuracy Assessment 

The open-pit mine area of Jianshan will be the first area designated for land reclamation. Therefore, 

the paper is focusing on this area for monitoring and mapping its environment and vegetation changes. 
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Additionally, the OBIA approach was tested in this area. Figure 9 shows the result of the classification 

of land covers based on UAV images in the Jianshan area. Figure 10 shows the accuracy assessment of 

classification of the land covers in the Jianshan area. The producer accuracy for woodland is 75.65%, 

which is lower than any other classes. The user accuracy for grasslands is 50.26%, which is significantly 

lower than any other classes. This may be the grasslands confused with the woodland. The overall 

accuracy of the classification was 90.67% and the Kappa coefficient was 0.89, which is calculated with 

the confusion matrix of the classification. 

3.4. Discussion 

This study explored a photogrammetric approach for the joint use of UAV imagery and TLS point cloud 

by introducing additional input data from TLS in the bundle adjustment of UAV imagery, with the purpose 

of improving the geo-positioning accuracy of UAV images, particularly in the case where it is difficult to 

conduct a GPS survey in mountainous and high-risk areas. Based on the result of the aforementioned 

experiment in the open-pit mine areas, there are four issues that need to be discussed as follows. 

(1) By integration of 3D points extracted from the point clouds of TLS and ground points surveyed 

by GPS as GCPs in the bundle adjustment of UAV imagery, the geo-positioning accuracy of 

UAV images can be improved in open-pit mine areas. In our experiment, with the aid of POS 

equipped in UAV, the geo-positioning accuracies of UAV imagery are 4.29 m and 8.51 m in the 

planimetric and height directions, which are corresponding to 28.6 pixels and 56.7 pixels at the 

spatial resolution of 0.15 m of UAV imagery. Further, with the aid of POS, 19 GCPs from GPS 

survey and 10 3D points extracted from the point clouds of TLS, the accuracies can be improved 

to be 0.16 m and 0.62 m in the planimetric and height directions, which are corresponding to 

1.07 pixels and 4.13 pixels with respect to the spatial resolution of 0.15 m of UAV imagery. In the 

existing studies on the geo-positioning accuracy of UAV imagery, by the use of a total of 33 GCPs 

in urban areas, Zhang et al. [16] achieved an accuracy of 0.02 m in planimetric direction and an 

accuracy of 0.03 m in vertical direction, which are corresponding to 0.4 pixels and 0.6 pixels 

compared with the 0.05 m ground sampling distance (GSD) of UAV imagery. Another result 

showed that the RMSEs of both planimetric position and height were better than 0.2 m, which are 

corresponding to 1 pixels with the 0.2 m GSD. In rangeland areas, Laliberte et al. [10] obtained an 

accuracy of 1.5 to 2 pixels in both planimetric and height directions. Laliberte et al. [65] showed 

the results of geometric accuracy in a relatively flat area with the RMSE of 0.65 m (corresponding 

to 10.8 pixels) and in the greater elevation difference area with the RMSE of 1.14 m 

(corresponding to 19 pixels), with the 6 cm GSD. In archaeological areas, Chiabrando et al. [7] 

achieved the standard deviations of 0.04 m, −0.034 m and 0.038 m in the X-, Y- and Z-directions, 

respectively, which are corresponding to 1 pixels, 0.85 pixels and 0.95 pixels, respectively, 

compared with the 0.04 m GSD. Therefore, from results of the geo-positioning accuracy based 

on our proposed approach and the existing ones, we can see that (1) the planimetric accuracy 

obtained in mine areas is higher than that obtained in rangeland areas, while the height accuracy 

obtained in mine areas is lower than that obtained in rangeland areas. The reason for this result 

might be that by introducing additional GCPs from TLS cloud points in our proposed approach, 

the number of GCPs used in the bundle adjustment of UAV imagery in mine areas is more than 
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that in rangeland areas. However, due to the elevation change in open-pit mine areas, the vertical 

accuracy in mine areas is lower than that in rangeland areas with the flat topography. (2) Both 

planimetric and height accuracies obtained in mine areas are lower than those obtained in urban 

areas. The reason responsible for this result might be that there are more obvious ground features 

in urban areas than in open-pit mine areas, the topography is more flat in urban areas than in 

open-pit mine area, and it is easier to obtain more GCPs in urban areas than in open-pit mine 

areas. At the same time, the accuracy of geo-positioning achievable from UAV images based on 

our proposed approach meets the demand for the subsequent applications in open-pit mine areas. 

(2) The contribution of 3D point clouds from the TLS on the improvement of geo-positioning accuracy 

of UAV imagery shows the same level as that of GCPs surveyed by GPS. In our experiment in the 

side slope zone of the Jianshan area, with the aid of the POS and the GCPs surveyed by the GPS, 

the geo-positioning accuracies based on UAV imagery achieve 0.11 m, 0.17 m and 1.32 m in the 

X-, Y- and Z-directions, respectively. At the same time, the geo-positioning accuracies based on 

UAV imagery achieve 0.16 m, 0.23 m and 1.57 m in the X-, Y- and Z-directions, respectively, with 

the aid of the POS and 3D point clouds from the TLS. Therefore, the result shows that the accuracy 

of geo-positioning based on 3D point clouds from the TLS is closer to that based on GCPs from 

GPS survey. Further, this result shows the potential of using 3D point clouds from the TLS as GCPs 

in bundle adjustment, in the case where it is difficult to conduct a GPS survey in mountainous and 

remote mine areas. To the best of our knowledge, there is no similar report on the contribution of 

3D point clouds obtained from the TLS as a supplement to the GCPs on the improvement of  

geo-positioning accuracy of UAV imagery. 

(3) By the use of the improved geo-positioning accuracy of UAV images, the accuracies achieved of 

the generated DOMs and DSMs may be about 0.13 m, 0.11 m and 0.72 m in the X-, Y- and  

Z-directions, with respect to the image resolution of approximately 0.15 m/pixel. In addition, an 

overall accuracy of the classification of the land covers is 90.67%, by the use of an object-based 

image analysis approach in mine areas. Laliberte et al. [10] achieved an accuracy of 1.5 to 2 m 

for the image mosaics with respect to the spatial resolution of 15 cm of the orthophoto, and 

overall classification accuracies for the two image mosaics were 83% and 88% in the rangeland 

area. By the use of UAV imagery with a spatial resolution of 21.8 cm, Dunford et al. [70] obtained 

an overall accuracy of 63% for classification of the vegetation units in species mapping in 

Mediterranean riparian forest. In addition, with respect to the accuracy of the classification of 

land covers in the open-pit mine area, the vegetation and exposed rock/soil can be classified with 

high accuracy by the use of the rule-based classification method. However, the classification 

accuracy of grasslands and woodland is significantly lower than those of the other land cover 

types due to the confusion of grasslands with the woodland in the mine areas. 

(4) Our study demonstrates a practical framework for the integration of UAV-based photogrammetry 

and TLS with application to the open-pit mine areas, which includes UAV image and TLS cloud 

point acquisition, image and cloud point processing and integration, object-oriented classification 

and three-dimensional (3D) mapping and monitoring of open-pit mine areas. Actually,  

the UAV-based photogrammetry has been widely employed in many fields, and some work has 

been reported in mine areas [31–33]. From the results of our experiments, we can see that UAVs, 

which need the permission of flight regulation, can be deployed quickly and repeatedly, flying 
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with low altitude with less interference of clouds, and costing less than satellites and manned 

aircrafts. The novelty of the proposed framework is the joint use of UAV-based photogrammetry 

and TLS by introducing additional input data from TLS as GCPs can provide more accurate and 

detailed UAV images for monitoring of the mine areas. However, there are several limitations 

with respect to the proposed approach. The first one is that it is sometimes difficult to find ground 

characteristic features in the open-pit mine areas. As a result, some man-made markers need to 

be established as GCPs. The second one is that due to battery duration, UAV campaign needs 

more flight routes to cover a larger area. In addition, due to the limited payload capacity, only 

light and limit sensors can be equipped in UAVs. The third one is that due to the larger amount 

of UAV imagery and TLS point clouds, high performance parallel processing computation needs 

to be further developed. 

4. Conclusions 

This paper investigates a practical framework for the integration of unmanned aerial vehicle (UAV) 

imagery and terrestrial laser scanning (TLS) for the three-dimensional (3D) mapping and monitoring of 

open-pit mine areas, which includes flight planning, image acquisition, image processing, TLS point 

clouds and UAV images integration, and classification of land covers. The performance of the proposed 

approach is demonstrated in three open-pit phosphate mines in Yunnan province, China. In the proposed 

framework, (1) in order to extract the conjugate points of the stereo pair of UAV images and those points 

between TLS point clouds and UAV images, the feature points were first extracted by the scale-invariant 

feature transform (SIFT) operator and the outliers were identified and thus eliminated by the RANdom 

SAmple Consensus (RANSAC) approach; (2) In order to improve the accuracy of geo-positioning based 

on UAV imagery, the feature points extracted from TLS used as a supplement to ground control points 

(GCPs) and GCPs surveyed from global positioning systems (GPS) were integrated in the bundle 

adjustment, and three scenarios were designed and compared; (3) In order to monitor and map the mine 

areas for land reclamation, an object-based image analysis approach was used for the classification of 

the accuracy improved UAV ortho-image. The results showed that: 

(1) In the case of performing the bundle adjustment only with the support of the position and 

orientation system (POS) in the Jianshan area, the geo-positioning accuracies achieved based on 

UAV imagery are 3.91 m, 1.76 m and 8.51 m in the X-, Y- and Z-directions, respectively. In the 

case of performing the bundle adjustment with both the POS and the GCPs surveyed by the GPS, 

the geo-positioning accuracies achieved based on UAV imagery are 0.14 m, 0.09 m and 0.64 m 

in the X-, Y- and Z-directions, respectively. In the case of performing the bundle adjustment with 

POS, GCPs and 3D point clouds from the TLS, the geo-positioning accuracies based on UAV 

imagery achieved are 0.13 m, 0.09 m and 0.62 m in the X-, Y- and Z-directions, respectively. 

(2) For the test of the contribution of the 3D point clouds from the TLS in the accuracy improvement 

in the bundle block adjustment in the side slope zone of the Jianshan area, the geo-positioning 

accuracies achieved based on UAV imagery are 0.16 m, 0.23 m and 1.57 m in the X-, Y- and  

Z-directions, respectively, with the aid of the POS and 3D point clouds from the TLS. In addition, 

with the aid of the POS and the GCPs surveyed by the GPS, the geo-positioning accuracies achieved 

based on UAV imagery are 0.11 m, 0.17 m and 1.32 m in the X-, Y- and Z-directions, respectively.  
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(3) With the use of the improved geo-positioning based on UAV images in the bundle adjustment, 

an accuracy of the decimeter-level was achieved for the generated digital surface models 

(DSMs) and digital orthophoto maps (DOMs) in the study areas, and the overall accuracy of the 

classification of the land covers was 90.67%, based on an object-based image analysis approach 

in the mine areas. 

From the aforementioned experimental results with UAVs in the open-pit mines, we can discuss the 

following: (1) The proposed UAV-based photogtammetric system shows a flexible and efficient way of 

obtaining high-resolution images and of generating high accuracy of DSMs and DOMs. At the same 

time, the proposed UAV-based photogtammetric system costs less than those based on the satellites and 

manned aircrafts; (2) The experimental result shows the potential of using 3D point clouds from the TLS 

as GCPs in bundle adjustment for the improvement of geo-positioning accuracy based on UAV imagery, 

particularly in the case where it is difficult to conduct a GPS survey in mountainous and high-risk areas; 

(3) The proposed framework for the joint use of UAV-based photogrammetry and TLS, which is a 

photogrammetric approach with additional input data from TLS, can provide detailed information for 

monitoring, assessment, and planning of the mine areas with a high accuracy and frequent data 

acquisition. However, it is sometimes difficult to find obvious features in open-pit mine areas. As a 

result, some man-made markers need to be established as GCPs. In addition, some approaches for 

parallel processing of the large amount of TLS point clouds and UAV images need to be further 

developed in future work. 
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